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Abstract

Parameter-efficient adaptation methods, such as
adapters and prompt learning, have become pop-
ular for transferring pre-trained vision-language
models (VLMs) to downstream tasks. How-
ever, under limited supervision during adaptation,
overly aggressive cross-modal alignment can dis-
tort the intrinsic structure of modality-specific rep-
resentations, leading to degraded generalization.
In this paper, we propose Co-adaptive Dual-path
Alignment (CoDA), a new adaptation framework
that explicitly disentangles and coordinates cross-
modal semantic alignment and intra-modal struc-
tural consistency. In CoDA, we also propose a
parent class labeling strategy that injects hierar-
chical semantic priors into textual prompts, fur-
ther stabilizing alignment under limited supervi-
sion. Extensive experiments on eleven benchmark
datasets show that CoDA outperforms state-of-the-
art parameter-efficient methods, particularly un-
der few-shot learning and distribution-shift scenar-
ios. Our code is available at https://github.com/
yizhang-ac/CoDA.

1 Introduction

Vision-language models (VLMs), modeling visual and tex-
tual information jointly, have enabled unified vision-language
understanding. By contrastively training on large-scale
image-text pairs, VLMSs like CLIP [Radford et al., 2021]
learn a shared embedding space, where semantically related
image-text pairs are pulled closer while unrelated ones are
pushed apart. Trained on over 400 million image-text pairs,
CLIP shows remarkable zero-shot generalization across di-
verse downstream tasks.

Despite their strong generalization ability, the massive
amount of parameters of VLMs makes full fine-tuning com-
putationally expensive and prone to overfitting, especially
in low-data regimes such as few-shot learning. To address
this issue, adaptation strategies that freeze the backbone and
introduce a small set of task-specific parameters, including
adapter-based methods [Gao et al., 2024; Yu et al., 2023; Li et

al., 2023] and prompt-learning methods [Zhou et al., 2022a;
Khattak et al., 2023a; Ouali et-al., 2023], have become the
dominant choice under limited supervision.

During adaptation, the importance of explicitly model-
ing cross-modal alignment has been stressed by recent stud-
ies. For shared representation of modalities, representative
works like MMA [Yang et al., 2024] introduce a multi-
modal adapter that shares weights between the image and text
branches. However, under limited supervision during adapta-
tion, overly aggressive cross-modal alignment can distort the
intrinsic structure of intra-modal representations, leading to
degraded generalization.

We argue that robust VLM adaptation requires coordi-
nately addressing two coupled yet distinct objectives: (i)
cross-modal alignment, which governs how semantic infor-
mation should be adequately exchanged between modali-
ties, and (ii) intra-modal consistency, which governs how the
intra-modal structure learned from large-scale pre-training
should be preserved. Neglecting either objective may result in
over-coupled representations or structurally degenerate fea-
tures, particularly in few-shot and distribution-shift settings.

To this end, we propose Co-adaptive Dual-path Alignment
(CoDA), a new adaptation framework that explicitly disen-
tangles and coordinates cross-modal semantic alignment and
intra-modal structural consistency. Rather than collapsing the
two objectives into a single one during adaptation, CoDA si-
multaneously promotes cross-modal semantic interaction and
calibrates intra-modal feature structure.

Specifically, we first introduce a channel-wise module, De-
coupled Squeeze-and-Excitation (dcSE), that reduces modal-
ity discrepancy prior to our proposed dual-path alignment.
dcSE aggregates token features into global channel statistics
and projects them to a shared semantic space, enabling cross-
modal interaction at the level of semantic responses rather
than explicit token or instance alignment. This design avoids
fragile one-to-one token-level alignments under ambiguity
and domain shift.

Then building on dcSE, we propose a dual-path module,
Distribution-Structure Co-adaptation (DiSCo), to refine in-
termediate representations. Concretely, a S-path computes
a distribution-aware cross-modal bias (an additive semantic
offset) via entropy-regularized optimal transport, enabling
soft cross-modal semantic emphasis without enforcing hard
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Figure 1: An overview of CoDA. Given an image-text pair, we insert dcSE and DiSCo into the frozen CLIP encoders to coordinate cross-
modal semantic alignment and intra-modal structural consistency during adaptation. dcSE performs channel-wise squeeze-excitation in a
shared semantic subspace to reduce modality discrepancy via distributed channel modulation. DiSCo then refines intermediate features with
two complementary signals: the S-path computes an OT-based soft semantic emphasis over tokens from the other modality and injects it as
an additive bias, while the v-path extracts intra-modal principal components and applies channel-wise multiplicative calibration to preserve
intra-modal structure. PCG augments text prompts with hierarchical priors for stable alighment under limited supervision.

token alignment. In parallel, a y-path summarizes dominant
intra-modal structure using principal component analysis and
converts it into channel-wise calibration signals, preserving
intra-modal structure during adaptation.

Finally, inspired by hierarchical human perception, we in-
troduce a Parent Class Generation (PCG) strategy that aug-
ments labels with LLM-generated parent concepts. This hier-
archical prompt design injects coarse-to-fine semantic priors
into textual representations and improves alignment stability
under limited supervision.

Our contributions are summarized as follows:

* We propose CoDA, a new vision-language adaptation
framework achieving both cross-modal semantic align-
ment and intra-modal structural consistency.

* We introduce dcSE-and DiSCo, two complementary
modules that operate at channel and feature levels, re-
spectively, enabling controlled semantic exchange and
structure-aware representation refinement.

e We further propose a PCG mechanism that injects hi-
erarchical semantic priors via LLMs, improving robust-
ness under few-shot and distribution-shift scenarios.

2 Related Work
2.1 Vision-Language Models

Large-scale VLMs pre-trained on web-scale image-text pairs
have become a cornerstone for multi-modal understanding.
A representative example is CLIP [Radford et al., 2021],
which learns a shared image-text embedding space via con-
trastive learning, exhibiting strong zero-shot generalization

across diverse downstream tasks. Building upon CLIP, sub-
sequent models such as ALIGN [Jia et al., 2021], FILIP [Yao
et al., 2021], and SigLIP [Zhai et al., 2023] further improve
vision-language representations by scaling training data and
model capacity, refining contrastive objectives, or enhancing
token-level interactions. Despite these advances, fine-tuning
large VLMs to downstream tasks remains challenging due to
their scale and sensitivity to limited supervision, motivating
parameter-efficient adaptation strategies.

2.2 Parameter-efficient Adaptation of VLMs

Parameter-efficient adaptation techniques originally devel-
oped in NLP have been extended to VLMs [Zhou et al.,
2022a; Khattak er al., 2023a; Gao et al., 2024]. Prompt-
learning methods adapt VLMs by optimizing learnable con-
text tokens in the text encoder. CoOp [Zhou et al., 2022b]
replaces handcrafted prompts with continuous learnable vec-
tors, while CoCoOp [Zhou er al., 2022a] further conditions
prompts on image features to improve generalization. Sub-
sequent works explore multi-modal prompts [Khattak er al.,
2023a] and regularization strategies to mitigate overfitting un-
der limited supervision. Adapter-based methods instead in-
troduce lightweight trainable modules into frozen backbones.
CLIP-Adapter [Gao et al., 2024] and Tip-Adapter [Zhang et
al., 2021] focus on refining visual representations, whereas
more recent approaches inject adapters into both visual and
textual branches to enable multi-modal adaptation [Jiang er
al., 2022; Yang et al., 2024]. However, most of these meth-
ods focus merely on final embedding alignment, without ex-
plicitly regulating cross-modal distribution discrepancies or
intra-modal representation structure.
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2.3 Modality Alignment for Adaptation of VLMs

Recent studies have highlighted the importance of explicitly
modeling modality alignment during VLM adaptation. Rep-
resentative methods such as MMA [Yang er al., 2024] enforce
mutual alignment between visual and textual representations
by encouraging consistency across modalities during adap-
tation. Multi-modal prompt learning approaches [Khattak
et al., 2023a] also improve alignment by jointly optimizing
prompts in both visual and textual branches. Other works im-
plicitly promote alignment through instance-level condition-
ing or shared embedding supervision. Despite their effective-
ness, existing alignment-based methods predominantly as-
sume that the internal structure of each modality remains sta-
ble during adaptation. Such assumptions may be fragile un-
der few-shot or distribution-shifted settings, where aggressive
cross-modal coupling can distort intra-modal representations.
In contrast, our method disentangles cross-modal alignment
from intra-modal structural calibration and coordinates them,
enabling controlled semantic interaction while preserving the
intrinsic intra-modal structure during adaptation.

3 Methodology

As illustrated in Figure 1, we propose CoDA, a new unified
vision-language adaptation framework that explicitly coordi-
nates both cross-modal semantic alignment and intra-modal
structural consistency. Coordinating these two objectives is
critical for robust adaptation under limited supervision.

3.1 Decoupled Squeeze-and-Excitation (dcSE)

In multi-modal adaptation, naive feature fusion or tightly cou-
pled attention often leads to over-coupling between modali-
ties, where modality-specific representations are suppressed.
While conventional Squeeze-and-Excitation (SE) layers [Hu
et al., 2018] effectively recalibrate channel responses within
a single modality, they neither support semantic exchange
across modalities nor preserve intra-modal structure during
adaptation.

To address these limitations, we propose Decoupled Cross-
modal Squeeze-and-Excitation (dcSE), a channel-wise mod-
ule that enables controlled semantic exchange between visual
and textual representations while avoiding aggressive cross-
modal alignment. As illustrated in Fig. 1, dcSE consists of
two stages. First, a decoupled squeeze that summarizes intra-
modal channel statistics and projects them into a shared fea-
ture space, making their representations more comparable.
Then, a decoupled excitation that transforms this shared rep-
resentation back into modality-specific channel responses.

Let X0 ¢ RBXTXC denote the intermediate features
from the [-th Transformer block, where B is the batch size,
T is the number of tokens, and C' is the channel dimension.
dcSE first aggregates token-level features into a global chan-
nel descriptor by average pooling over the token dimension:

T
1
o _ - ) BxC
= ;X e RBXC, (1)
The descriptor is then projected into a shared semantic sub-
space of dimension dcommon:

D = q® W;r c RBXdcomrﬂon’ W, € R%commonXC )

Within the shared semantic subspace, dcSE applies two
consecutive SE-style transformations to balance modality-
specific adaptation and cross-modal semantic consistency.
Both PrivateSE and SharedSE adopt the standard two-layer
bottleneck structure of SE blocks. Specifically, W1, W, €
Rér*deommon and Wyo, Wyy € RcommonXdr are Jearnable
projection matrices, where d,. denotes the reduced chan-
nel dimension. PrivateSE uses modality-specific parameters,
whereas SharedSE shares parameters across modalities to en-
force semantic consistency.

The PrivateSE operation uses modality-specific parame-
ters and is defined as

p© = PrivateSE(c) = ¢><c<l>WpT1) Wh, Q)

where ¢(-) denotes the ReLU activation and p) €
RB X dcommon .

The subsequent SharedSE operation shares parameters
across modalities to enforce semantic consistency:

¢V = SharedSE(p") = J(¢(p(l)W;) WsE) ;@

where o(-) denotes the sigmoid function and ¢() ¢
RBXdcommon _

Finally, the shared semantic signal is mapped back to the
original channel space through a modality-specific excitation:

w(l) 3 U(q(l)WJ) c RBXC’ W, e chvicommon7 (5)
which is broadcast to all tokens and applied channel-wise:

X =x\) 0w, well,B],vie[l,T. ()

By decoupling semantic aggregation and channel excita-
tion, dcSE enables soft cross-modal semantic interaction at
the level of global channel statistics, rather than enforcing
explicit token- or instance-level alignment, while preserving

intra-modal feature modulation.

3.2 Distribution-Structure Co-adaptation (DiSCo)

To further refine intermediate representations after dcSE, we
introduce Distribution-Structure Co-adaptation (DiSCo), a
dual-path module that operates directly in the feature space.
Rather than explicitly fusing visual and textual features,
DiSCo produces complementary features from two paral-
lel paths: (i) a (-path that captures cross-modal semantic
bias through distribution-aware aggregation; and (ii) a y-path
that performs structure-aware channel calibration to preserve
intra-modal structure. These features are subsequently in-
jected back into the original representations.

[B-path. For each sample, we extract a global semantic de-
scriptor from the current modality using the [CLS] token,

denoted as hgfl)f € R b € {1,...,B}. From the other
modality, we collect the token-level features as a set of se-

mantic bases H, (Elbh)er = {h(()fhgr) ]T:p where T' denotes the
number of tokens and j indexes tokens in the other modality.
These bases are taken from the intermediate token features of

the other modality at the same block after dcSE.
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Although dcSE brings visual and textual features into a
shared semantic space, correspondence between individual
tokens across modalities remains inherently ambiguous. Dif-
ferent modalities may emphasize different attributes or com-
ponents of the same concept, and spurious correlations un-
der domain shift further undermine the reliability of one-to-
one token matching. As a result, enforcing explicit or hard
alignment risks amplifying early mismatches and destabiliz-

ing adaptation. Moreover, since hg:l)f summarizes global se-
mantics, collapsing it onto a single token basis is unneces-
sarily restrictive; a distributed association better reflects that
multiple tokens may jointly represent the same concept.

The B-path models cross-modal interaction at the level of
semantic emphasis. Specifically, we treat the global descrip-

tor hgfl)f as distributing its semantic contribution over the to-
ken bases {h(b’j )} from the other modality, yielding a soft

other
and distributed form of alignment.
To this end, we first measure semantic discrepancy using
cosine distance:
My; =1— cos(h(b) h(b’j)),

self? '“other

belL,B], je[LLT], (D

where smaller values indicate higher semantic affinity. We
then formulate semantic emphasis alignment as a mass redis-
tribution problem, in which a unit amount of semantic con-
tribution from hg:l)f is softly allocated over the token bases
according to Mp;.

This formulation naturally leads to entropy-regularized op-
timal transport (OT) [Cuturi, 2013], which yields a smooth
and normalized transport plan under a mass-conservation
constraint, preventing degenerate concentration on a single
token and providing an interpretable distribution of semantic
emphasis. For each sample b, we solve

*®) = arg min <1“(b)7 M(b)> —eH(I®) st.7®1 =1,
F(b)eRixT
®)
where M) € R™T is the b-th row of M, 1 € R is an all-
ones vector, and H(T(®) = — Z;F:l ng) log (F§b)) is the
entropy regularizer with ¢ > 0 controlling the smoothness.
The resulting transport weights T*(*) encode how strongly
each token basis contributes to cross-modal adaptation. We
aggregate them into a distribution-aware semantic bias:

B={B)L, e RFXC.

€))
Injected as an additive bias, 5 encourages the two modalities
to emphasize consistent semantic content without enforcing
hard alignment.

other

T
ﬂ(b) _ ZF;‘(}’) h(b’j) c RC,
j=1

~v-path. While the 8-path encourages cross-modal seman-
tic alignment, adaptation may still distort the intrinsic intra-
modal structure learned from pre-training, especially under
domain shift. The ~y-path therefore derives a structure-aware
calibration signal from token statistics to stabilize channel re-
sponses within each modality.

Let X € RBXTXC denote the intermediate token fea-
tures of the current modality. For each sample b, we view

X® = X;,.. € RT*C as T observations in a C-dimensional
channel space and compute a covariance statistic ©(®) =

%(X(b))TX(b) € REXC, where X = X® — 1(z(®")T
and 7(®) = =+ ZiTzl be) We obtain the dominant struc-

tural direction u(®) € R as the leading eigenvector of $(*),
approximated by a few steps of power iteration [Golub and
Van Loan, 2013]. Its strength is measured by the Rayleigh
quotient A(?) = (u(®)Tx®)y(®) and the channel-wise cali-
bration vector is defined as

O = ADy®) e RC 4 =y} e RBXC. (10)

The resulting ~ is broadcast over tokens and applied as
a multiplicative modulation signal, highlighting structurally
salient channels and reducing intra-modal structural drift dur-
ing adaptation.
Feature Integration. Finally, the outputs of the two paths
are injected into the original token-level features X :

Xpin = Xpi.©(147O)4 89" Wb e [1, B], Vi € [1,T).

1D

Through the complementary effects of 5 and -, DiSCo re-

fines representations by coordinately leveraging cross-modal

semantic distributions and intra-modal structural cues, with-
out enforcing hard feature alignment.

3.3 Parent Class Generation

To further enhance textual semantics with hierarchical knowl-
edge, we propose a parent class generation strategy based on
LLMs. This design is motivated by human hierarchical cog-
nition: when recognizing unfamiliar objects, humans often
reason from coarse categories to fine-grained concepts.

Given a label set C = {c1,...,cn}, we employ
DeepSeek [Liu er al., 2024] to infer a semantically mean-
ingful parent concept for each class using carefully de-
signed prompts, e.g., “Based on function or form, assign
{class_name} to a broad object category.” For each class ¢,
the LLM generates a concise parent label p,,, such as

samoyed — Canidae, ant — insect.

Each class is paired with its parent concept to construct a
hierarchical textual prompt:
Prompt(c,) = [SOS a photo of c,,, a type of

12
vl...vanEOS], (12)

where {vy, } are learnable context tokens.

4 Experiments

To evaluate our method, we follow the experiment setup es-
tablished in previous works such as MaPLe [Khattak et al.,
2023a] and HPT [Wang et al., 2024]. We compare the perfor-
mance of CoDA with the baseline zero-shot CLIP [Radford
et al., 2021] and state-of-the-art (SOTA) fine-tuning meth-
ods, including Co-CoOp [Zhou et al., 2022a], MaPLe [Khat-
tak et al., 2023al, promptSRC [Khattak er al., 2023b],
MetaPrompt [Zhao et al., 2024], HPT [Wang et al., 2024],
2SFS [Farina et al., 2025] and FCPrompt-G [Liu et al., 2025].
Comprehensive ablation studies are also conducted to demon-
strate the effectiveness of each component in CoDA.
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Method ImageNet Caltech Flowers Pets Cars Foodl01 Aircraft SUN397 DTD EuroSAT UCFIOl Avg.
B 7243 9684 7208 91.17 6337 90.10 27.19 6936 5324 5648 7053 69.34

CLIP N 6814 9400 77.80 9726 7489 9122 3629 7535 5990 64.05 7385 74.22

H 7022 9540 7483 94.12 68.65 90.66 31.09 7223 5637 6003 7385 71.70

CoCoO B 7598 9796 9487 9520 7049 9070 3341 7974 77.01 8749 8233 8047
(CV(I;Rozor;Z) N 7043 9381 7175 97.69 73.59 9129 2371 7686 5600 60.04 7345 71.69
H 7310 9584 8171 9643 7201 90.99 27.74 7827 6485 7121  77.64 7583

MaPLe B 7666 9774 9592 9543 7294 9071 3744  80.82 8036 9407  83.00 8228
(CVPR 2023) N 7054 9436 7246 9776 7400 92.05 3561 7870 59.18 7323  78.66 75.14
H 7347 9602 8256 9658 7347 9138 3650 7975 68.16 8235 8077 78.55

PrompiSRC B 7760  98.10 98.07 9533 7827 90.67 4273 8267 8337 9290  87.10 84.26
(IC"C\}’ZOB) N 7073 9403 7650 9730 7497 91.53  37.87 7847 6297 7390  78.80 76.10
H 7401 9602 8595 9630 7658 91.10  40.15 8052 7175 8232 8274 79.97

MetaPromot B 7739 9828 9753 9571 7543 9076 3938  82.10 8252 9337 8470 83.38
(Tlpz(ml; N 7106 9458 7454 9698 7443 9177 3759 7901 60.10 7834 7856 76.09
H 7409 9639 8450 9634 7493 91.26 3846 8053 7279 8520  81.51 79.57

HPT B 7795 9837 9817 9578 7695 9046  42.68 8257 83.84 9424 -~ 8652 84.32
(AAAL 2024) N 7074 9498 7837 97.65 7423 9157 3813 7820 6333 77.12 . 80.06 76.86
H 7417 9642 8716 9671 7557 91.01 4028 8035 6825 8482 8316 80.42

SSES B 7771 9871 9829 9532 8250 89.11 4748 8259 84.60 9691  87.85 85.55
(CVER 2025) N 7099 9443 7617 97.82 7480 9134 3551 7891 6501 67.09  78.19 7548
H 7420 9652 8583 9655 7846 9021  40.63 8070 73.52 7929 8274  80.20

FCPromot.G B 7733 9841 9832 9640 80.87 90.76 4368 82937 84.61 9680  87.99 8528
(TPAMI;O-ZS) N 7L11 9407 7482 97.89 73.03 9219 3697 7926 6031 7521 7828 7572
H 7409 9619 8498 97.14 7675 9147 4005 80.88 7042 84.65  82.85 80.22

B 7887 9847 9843 9573 82.80 9047 4470 8297 8327 9427  87.17 85.20

CoDA N 7030 9360 77.80 97.13 7489 9123 3953 7797 6647 8227  80.63 77.44
H 7411 9597 8691 9642 78.64 90.85 4196 8039 7393 87.86 8377 8113

Table 1: Comparison with SOTA methods on 11 datasets under base-to-new generalization setting. B denotes the results on the base set, N
denotes those on the novel set, and H denotes their harmonic means. The average performances are shown in the last column. Best results are

labeled by bold fonts.

4.1 Datasets

We report results on 11 datasets used in CoOp [Zhou et
al., 2022b]: ImageNet [Deng et al., 2009], Caltech [Fei-
Fei et al., 2004], OxfordPets [Parkhi et al., 2012], Stan-
fordCars [Krause et al., 2013], Flowers [Nilsback and Zis-
serman, 2008], Food101 [Bossard et al., 2014], FGVCAir-
craft [Maji er al., 20131, EuroSAT [Helber et al., 20191,
UCF101 [Soomro et al., 2012], DTD [Cimpoi et al., 2014]
and SUN397 [Xiao et al., 2010].

4.2 Implementation Details

We use ViT-B/16 as the vision backbone and perform prompt
tuning on the pre-trained CLIP model. For base-to-new gen-
eralization, we optimize the model using SGD with an ini-
tial learning rate of 0.017 for 10 epochs and a batch size of
32. Following prior work, we compute image-text similar-
ity scores using the CLIP logit scale and apply a softmax to
obtain class probabilities, and train with cross-entropy loss.
In accordance with CoOp, we use 16 shots for training and
evaluate on the full test set.

4.3 Quantitative Performance on Various Tasks

Base-to-novel generalization. Similar to existing CoOp-
based methods, an important evaluation of fine-tuning in-
volves a base-to-new generalization setting composed of two
disjoint subsets: base classes and novel classes. The train-
able parameters are obtained by using labeled base classes
and evaluated on both base classes and unseen novel classes.

Table 1 reports the base-to-new generalization results across
11 datasets. CoDA consistently improves performance on
novel classes while maintaining competitive accuracy on base
classes, leading to a superior harmonic mean compared with
existing methods.

Few-shot learning. Table 2 presents the few-shot learning
results under 1, 4 and 16-shot settings. It shows that as the
number of shots increases, our method achieves a higher av-
erage accuracy across 11 datasets. While our method does not
always achieve the highest accuracy on every dataset, it gen-
erally ranks among the top performers, demonstrating strong
overall performance. These results show that CoDA performs
robustly in low-shot settings. By leveraging distribution-
aware semantic cues and structure-aware calibration, the pro-
posed method mitigates overfitting under limited supervision,
and exhibits steady performance gains as more training sam-
ples become available.

Domain generalization. In Table 3, we compare the per-
formances on the domain generalization task following prior
benchmarks [Roy and Etemad, 2023; Park er al., 2024].
CoDA achieves the best average accuracy of 60.97%, demon-
strating its generalization capability across different domain
shifts.

4.4 Ablation Study

Effects of DiSCo, dcSE, and PCG. We conduct ablation
studies to examine the individual and combined effects of
the proposed components including DiSCo, dcSE, and PCG.



PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

Shots Method ImageNet Caltech Pets Cars Flowers Foodl01 —Aircraft SUN397 DTD EuroSAT UCFI0l Avg.
CoOp 65.7 925 902 675 783 84.3 20.8 67.0 50.1 564 71.2 67.6
MaPLe 69.7 93.6 914 67.6 74.9 85.4 28.1 69.3 50.0 29.1 71.1 66.4
1-shot PLOT 66.5 94.3 91.9 68.0 80.5 86.2 28.6 66.8 54.6 65.4 74.3 70.7
CLIP-LoRA 70.4 93.7 92.3 70.1 83.2 84.3 30.2 70.4 54.3 72.3 76.3 72.5
Ours 69.1 93.7 90.8 719 84.6 85.4 31.3 69.7 53.2 72.4 74.8 72.5
CoOp 68.8 94.5 925 744 92.2 84.5 30.9 69.7 59.5 69.7 77.6 74.0
MaPLe 70.6 95.0 93.3 70.1 84.9 86.7 30.1 71.4 59.0 69.9 77.1 73.5
4-shot PLOT 70.4 95.1 926 763 92.9 86.5 35.3 71.7 62.4 83.2 79.8 76.9
CLIP-LoRA 71.4 95.2 91.0 774 93.7 82.7 37.9 72.8 63.8 84.9 81.1 77.4
Ours 71.2 95.2 93.3 788 94.0 86.3 38.9 73.9 64.7 78.8 82.1 719
CoOp 71.9 95.8 92.0 829 96.8 84.2 43.2 74.9 69.7 85.0 83.1 80.0
MaPLe 71.9 95.4 932 743 94.2 87.4 36.8 74.5 68.4 87.5 81.4 78.6
16-shot PLOT 72.6 96.0 93.6 84.6 97.6 87.1 46.7 76.0 71.4 92.0 85.3 82.1
CLIP-LoRA 73.6 96.4 924 86.3 98.0 84.2 54.7 76.1 72.0 92.1 86.7 83.0
Ours 74.4 964 94.0 864 984 87.6 514 77.6 74.2 90.2 87.0 83.4
Table 2: Performance comparison on few-shot setting on the ViT-B/16 backbone.
Source Target | Base .. New HM
Method ImageNet -V2  -Sketch -A -R Avg. Text-only 8034 7432 7721
CoOp 71.51 64.20 4799 4971 75.21 59.28 ..
MaPLe 7072 6407 4915 5090 7698  60.26 Vision-only@ 88,2+ 71.71  77.05
PromptSRC 7127 6435 49.55 5090 77.80  60.65 CoDA 8520 77.44 81.13
CoPrompt 70.80 64.25 4943 5050 77.51 60.42
ProMetaR 7129 6439 4955 51.25 77.89 60.77 Table 5: The effect of cross-modal interaction.
CoDA 73.43 66.17 5040 4983 7747 60.97

Table 3: Performance comparison on domain generalization.

DiSCo dcSE PCG \ Base New HM
83.35 67.14 74.37

v 85.07 7093 77.36

v 85.25 71.35 77.68

v 84.99 68.56 75.90

v v 85.14 73.59 78.94

v v 82.96 75.11 78.84

v v 83.33 75.80° 79.39

v v v 85.20 7744 81.13

Table 4: The effects of DiSCo, dcSE, and PCG.

As shown in Table 4, each component contributes positively
to overall performance, demonstrating their effectiveness.
When all components are jointly enabled, CoDA achieves
the best harmonic mean. In particular, DiSCo and dcSE
yield substantial improvements on novel classes, indicating
enhanced robustness under distribution shift.

Notably, PCG provides moderate gains when used alone,
but becomes significantly more effective when combined
with DiSCo or dcSE, suggesting that hierarchical semantics
are best leveraged under explicit cross-modal interaction.

Effect of cross-modal interaction. To further examine the
role of cross-modal interaction, we evaluate two additional
variants that restrict adaptation to a single modality: fext-only,
where only the textual branch is adapted, and vision-only,
where adaptation is applied exclusively to the visual branch.
Both variants remove explicit cross-modal interaction while
preserving comparable parameter budgets.

As reported in Table 5, single-modality adaptation con-

sistently underperforms the full CoDA model. In particu-
lar, vision-only adaptation suffers from noticeable degrada-
tion on novel classes, highlighting the difficulty of general-
ization without textual guidance. Text-only performs better
than vision-only on novel classes, suggesting textual adapta-
tion is particularly important for generalizing to unseen cate-
gories. In contrast, jointly adapting both modalities leads to
the best overall performance, confirming that CoDA’s gains
stem from coordinated vision-language co-adaptation rather
than stronger uni-modal tuning.

Effect of the depth of tuning layers. We further study how
the depth of applying CoDA affects base-to-new generaliza-
tion. Table 6 reports results from the baseline model (with-
out CoDA) to progressively deeper adaptation ranges, where
“12” denotes adapting only the last Transformer block and
“10—12” (resp. “7—127, “2—12”) denotes adapting the last
three (resp. six, eleven) blocks in both branches.

Without CoDA, the model achieves strong base accuracy
but generalizes poorly to novel classes. Adapting only the
last block substantially improves novel accuracy, but causes a
notable drop on base classes, indicating that shallow adapta-
tion can overly perturb the decision boundary learned for base
classes. As the adaptation depth increases (10—12, 7—12,
2—12), base accuracy steadily recovers while novel accuracy
continues to improve, yielding consistent gains in harmonic
mean. Applying CoDA to all layers achieves the best overall
results, suggesting that CoDA benefits from stable and cumu-
lative refinement across depth rather than relying on a single-
layer correction.

More effect of PCG. We further analyze PCG to verify
that its gains come from meaningful semantic guidance rather
than a superficial prompt change. Table 7 compares three
variants: (i) removing PCG (w/o PCQG), (ii) using “xxx” as
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Layer | Baseline 12 10—12 7—12 2—12 | CoDA
Base 83.35 7931  82.36 84.28 85.09 | 85.20
Novel 67.14 73.80  75.87 76.96 7740 | 77.44
HM 74.37 76.46  78.98 80.45 81.06 | 81.13

Table 6: Comparison of CoDA with the baseline by fine-tuning the
last few layers on 11 datasets under the base-to-novel generalization
setting.

Setting | Base New HM
w/o PCG 85.14 73.59 7894
Incorrect PCG | 85.18 75.15 79.85
CoDA 8520 7744 81.13

Table 7: The effect of PCG with correct and incorrect hierarchical
semantics. To create the incorrect setting, we set all parent classes
to “xxx”.

the incorrect parent token for all classes (Incorrect PCG), and
(iii) the full CoDA with semantically correct PCG.

Introducing an incorrect PCG already improves over w/o
PCG, suggesting that a hierarchical prompt scaffold can act
as a useful inductive bias. Replacing incorrect PCGs with se-
mantically meaningful ones consistently yields further gains
on novel classes and the harmonic mean, indicating that se-
mantic correctness is crucial for robust generalization. We
further visualize class-center embeddings with t-SNE in Fig-
ure 2, in which correct PCG produces more compact clus-
ters, supporting the quantitative improvements observed in
Table 7.

4.5 Visualization of Saliency Consistency

To further analyze how CoDA adapts vision-language rep-
resentations at the perceptual level, we visualize saliency
heatmaps produced by the visual encoder under CoDA. Fig-
ure 3 presents representative examples across four datasets.

Despite notable variations in pose, background and ap-
pearance, CoDA exhibits highly consistent saliency patterns
within each category. For instance, in OxfordPets-Beagle, the
attention is consistently concentrated on the head and facial
regions, while in Caltechl101-Face and ImageNet-Tench, the
model focuses on the most discriminative semantic regions
across different instances. Similarly, for OxfordFlowers-
Wallflower, saliency maps highlight characteristic petal and
floral structures rather than background textures.

These observations suggest that CoDA does not rely on
spurious visual cues, but instead learns category-level seman-
tic features that are stable across samples. Such intra-class
saliency consistency complements the quantitative gains re-
ported earlier, indicating that CoDA improves generalization
by encouraging structured and semantically grounded feature
adaptation, rather than instance-specific memorization.

5 Conclusion

We proposed CoDA, a new dual-path adaptation framework
that effectively coordinates cross-modal semantic alignment
and intra-modal structural consistency for adapting VLMs.
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Figure 2: Class-center ¢t-SNE visualization with PCG (left) and
without PCG (right). Each point represents a class prototype ob-
tained by averaging image features of the corresponding class. In-
corporating PCG leads to more compact and semantically structured
class-level clustering.

Caltech101 OxfordFlowers OxfordPets

ImageNet

Original
HPT |

CoPrompt

Ours

Figure 3: Visual comparison of saliency maps. Columns correspond
to dataset-category pairs (Caltech101, OxfordFlowers, ImageNet,
and OxfordPets), and rows show the original image and saliency
maps produced by HPT, CoPrompt and our CoDA, respectively.
CoDA yields more consistent and category-relevant activation pat-
terns across samples under appearance and background variations.

CoDA consists of three components: dcSE performs de-
coupled squeeze-excitation to enable controlled semantic ex-
change via global channel modulation; DiSCo refines inter-
mediate representations with distribution-aware cross-modal
semantic bias and structure-aware intra-modal calibration;
and PCG injects hierarchical semantic priors into textual
prompts.

Extensive experiments show that CoDA achieves consis-
tent improvements over SOTA methods on base-to-new gen-
eralization and few-shot learning across multiple datasets.
Ablation studies validate the contribution of each component
and their complementary effects. Overall, our results suggest
that coordinately modeling cross-modal alignment and intra-
modal structure is key to robust and transferable adaptation
of VLMs.
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