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Abstract

Recent parameter-efficient fine-tuning (PEFT)
methods effectively adapt Vision-Language
Models (VLMs) to seen tasks, yet often exhibit
limited generalization to unseen novel classes.
To better understand this phenomenon, we ana-
lyze adaptation dynamics from the perspective
of cross-modal mutual information (MI). Our
empirical analyses reveal a consistent pattern
across existing methods: during the adaptation
process, cross-modal MI for novel classes fre-
quently encounters early plateaus or declines,
indicating weakened cross-modal semantic de-
pendency. Motivated by this observation,
we propose Retrieval-Augmented Dynamic
Adaptation (RADA), a retrieval-enhanced adap-
tation framework that continuously injects rich
instance-specific semantic priors through an
LLM-enhanced dual-modality memory bank
and a lightweight modality-agnostic token gen-
erator. By facilitating fine-grained cross-modal
alignment while preserving pretrained zero-
shot ability, RADA achieves more transferable
adaptation across diverse scenarios. Extensive
experiments across multiple widely used bench-
marks demonstrate that RADA consistently
achieves sota performance while maintaining
strong zero-shot capability. In addition, our
empirical analyses show that RADA preserves
more stable cross-modal dependency trajecto-
ries throughout adaptation, offering further in-
sights into the relationship between adaptation
dynamics and generalization in VLMs.

1 Introduction

Vision-Language Models (VLMs), such as
CLIP (Radford et al., 2021), BLIP (Li et al., 2022),
and SigLIP (Zhai et al., 2023), achieve remarkable
open-vocabulary recognition and zero-shot transfer
by pretraining on large-scale image–text pairs and
aligning multimodal representations in a shared se-
mantic space. To enhance downstream adaptability,
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recent studies (Zhou et al., 2022b; Khattak et al.,
2023a; Yang et al., 2024a; Ding et al., 2024; Han
et al., 2026b; Dong et al., 2025; Li et al., 2026b)
have widely adopted the paradigm of Parameter-
Efficient Fine-Tuning (PEFT) (Hu et al., 2022; Jia
et al., 2022; Li et al., 2026a; Zhao et al., 2026),
which freezes the backbone while optimizing only
a small set of learnable parameters. However, de-
spite their strong performance improvements on
seen distributions, a fundamental yet largely over-
looked paradox remains: as training progresses, the
generalization gains on unseen tasks often quickly
saturate or even deteriorate. In other words, im-
provements on seen distributions do not necessarily
translate into stable and stable cross-task general-
ization gains.

To better understand this phenomenon, we pose
a more fundamental question: is cross-modal se-
mantic dependency between vision and language
genuinely strengthened during adaptation? To in-
vestigate this, we continuously track the dynamic
evolution of cross-modal mutual information (MI)
between visual and textual modalities throughout
the entire training process across a range of repre-
sentative PEFT methods. Surprisingly, this diag-
nosis reveals two highly consistent patterns across
all evaluated methods (Fig. 1(b)): (i) MI remains
largely unchanged or even decreases relative
to zero-shot initialization (e.g., MaPLe (Khattak
et al., 2023a)); and (ii) MI exhibits only a brief
early increase before quickly saturating (e.g.,
MMA (Yang et al., 2024a)), failing to sustain cross-
modal dependency over time. More importantly,
we further observe that this MI stagnation or de-
cline is highly synchronized with generalization
degradation on unseen classes (Fig. 1(c)), suggest-
ing that cross-modal MI dynamics are not merely
a by-product of training, but a meaningful indi-
cator of generalization capability. This observa-
tion motivates us to investigate whether reinforcing
such dependency can improve transferability.
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(a) Cross-Modal Mutual Information (c) Mutual Information vs. Novel Acc.
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Figure 1: The impact of cross-modal Mutual Information (MI) on generalization. (a) MI measures cross-modal
semantic overlap. (b-c) Unlike baselines that suffer from MI plateau or descent during training, our method achieves
sustained MI growth. This persistent cross-modal dependency directly translates to superior generalization.

We attribute this generalization issue to the insuf-
ficient continual modeling of cross-modal seman-
tic dependency in existing PEFT methods. Stan-
dard adaptation procedures are primarily driven by
supervision from base classes, gradually biasing
the model toward learning base-specific alignment
patterns, while struggling to preserve the trans-
ferable cross-modal semantic associations estab-
lished during large-scale pretraining. As a result,
when cross-modal dependency is not stably and
continuously reinforced throughout adaptation, the
model acquires only task-specific specialization
rather than genuinely transferable generalization
capability. This analysis further reveals two key
requirements for an effective solution: (i) continu-
ously introducing cross-modal semantic priors that
complement the limitations of base-class supervi-
sion during tuning, and (ii) dynamically model-
ing vision–language dependency in an instance-
specific manner, thereby preserving the inherent
zero-shot transferability of VLMs.

Motivated by the above observations, we
propose RADA (Retrieval-Augmented Dynamic
Adaptation), a framework designed to naturally
restore and continuously strengthen cross-modal
consistency through retrieval-augmented semantic
priors and instance-adaptive modulation. Specifi-
cally, to address the limited expressiveness of hand-
crafted prompt templates (e.g., “a photo of a
[class]”), RADA first constructs a large-scale
dual-modal memory bank enhanced by LLMs, pro-
viding rich and informative cross-modal semantic
prototypes. Given an input image, the framework
performs efficient retrieval to obtain semantically
relevant visual–textual priors, which are then softly
aggregated to form contextualized cross-modal rep-
resentations. On top of this, a lightweight modality-
agnostic token generator dynamically produces

instance-conditioned prompt tokens based on the
retrieved context, which are subsequently injected
into both the visual and textual encoders. Through
this structured design, RADA preserves the in-
herent zero-shot transferability of VLMs while
continuously reinforcing cross-modal dependency,
thereby effectively alleviating the generalization
saturation problem.
Contributions. Our main contributions are three-
fold: (1) We analyze the generalization bottleneck
in parameter-efficient fine-tuning of VLMs through
cross-modal mutual information dynamics, reveal-
ing a close connection between performance satu-
ration and the stagnation of cross-modal semantic
dependency. (2) We propose RADA, a retrieval-
augmented dynamic adaptation framework that
enhances vision–language consistency via cross-
modal semantic priors and instance-adaptive modu-
lation. (3) We validate RADA across base-to-novel,
few-shot, cross-dataset, and domain generalization
settings, showing consistent improvements and in-
terpretable MI dynamics.

2 Related Works

Parameter-efficient fine-tuning. PEFT methods
adapt pretrained models by freezing the backbone
and updating only a small set of learnable pa-
rameters, generally falling into three categories.
Important-parameter tuning (Agarwal et al., 2025;
Xu et al., 2025; Liu et al., 2025) selectively up-
dates the most task-critical parameters via Fisher
information or gradient sensitivity. Adapter-based
methods (He et al., 2021; Hu et al., 2022; Zhu et al.,
2024; Tian et al., 2024; Ding et al., 2025; Fedus
et al., 2022) insert lightweight trainable modules
into frozen backbones, with LoRA (Hu et al., 2022)
being a representative example. Prompt tuning (Jia
et al., 2022) adapts models via learnable tokens in
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Figure 2: Overview of the RADA Framework. (a) Instance-specific tokens are dynamically generated and injected
into frozen CLIP encoders, optimized by Lce and Lreg . (b) The token generator retrieves priors from a multimodal
memory bank to output adaptive visual and textual tokens.

the input or intermediate layers, and has been ex-
tended to vision-language tasks (Zhou et al., 2022b;
Khattak et al., 2023a) with strong transferability in
models like CLIP.

Information-Theoretic Approaches in Adapta-
tion. In recent years, information-theoretic objec-
tives have been widely applied to visual-language
adaptation (Shu et al., 2022; Du et al., 2024; Han
et al., 2026a; Xiu et al., 2026; Ding et al., 2026).
In the context of test-time adaptation (Feng et al.,
2023), entropy minimization is commonly em-
ployed to reduce prediction uncertainty and enable
unsupervised self-training on target domains. Addi-
tionally, some approaches (Karmanov et al., 2024;
Zhang et al.) leverage entropy selection to assess
sample confidence, further enhancing test-time gen-
eralization.

Base-to-Novel of VLMs. While existing PEFT
methods have adapted VLMs to downstream tasks,
they often overfit base classes, limiting intrinsic
generalization to novel classes, a challenge known
as the Base-to-Novel (B2N) problem (Zhou et al.,
2022a). Early approaches like CoOp (Zhou et al.,
2022b) and CoCoOp (Zhou et al., 2022a) use
static or image-conditioned soft prompts to reduce
overfitting. Later methods such as MaPLe (Khat-
tak et al., 2023a), APEX (Yang et al., 2024b),
MMA (Yang et al., 2024a), and RMAdapter (Lin
et al., 2026) leverage multimodal prompts or
adapters to jointly optimize visual and textual rep-
resentations. Recent works (KgCoOp (Yao et al.,
2023), PromptSRC (Khattak et al., 2023b), Pro-
Log (Park et al., 2026)) explicitly preserve pre-

trained knowledge via regularization or distillation,
further alleviating catastrophic forgetting.

Despite these advances, generalization remains
limited. Unlike prior methods focusing on
prompts or knowledge preservation, we revisit
B2N from an information-theoretic perspective,
noting that existing approaches often fail to con-
tinuously strengthen cross-modal semantic depen-
dencies. Motivated by this, we propose a mu-
tual information-based adaptation framework to
enhance transferable alignment and improve gener-
alization on unseen tasks while adapting to down-
stream distributions.

3 Methodology

Our approach builds upon the pre-trained vision-
language model CLIP (Radford et al., 2021), fol-
lowing prior work (Zhou et al., 2022b). Here, we
provide an overview of the RADA framework and
its implementation details.

3.1 Preliminaries

Problem Setting. In this work, we consider a
downstream training dataset denoted as Dbase =
{(xi, yi)}Ni=1, where xi represents an input image
and yi ∈ Y is its corresponding class label. Our
primary objective is to optimize a minimal set of
learnable parameters on Dbase such that the model
excels at downstream tasks during inference. De-
pending on the evaluation protocols, this setup eval-
uates both in-distribution adaptation (e.g., few-shot
learning) and out-of-distribution generalization ca-
pabilities (e.g., across unseen classes or tasks).
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Contrastive Language-Image Pre-training
(CLIP) (Radford et al., 2021). CLIP aligns
visual and textual modalities in a shared embed-
ding space via contrastive pre-training. Given
an image x and a handcrafted textual prompt
pi = T (wi) for class name wi, the zero-shot
classification probability is derived via the cosine
similarity of their encoded features zv = Ev(x)
and zit = Et(pi), formulated as p(y = i|x) =
exp(cos(zv, z

i
t)/τ)/

∑C
j=1 exp(cos(zv, z

j
t )/τ),

where τ is the learnable temperature.

3.2 Probing the Generalization Bottleneck in
B2N: An Information-Theoretic View

To rigorously investigate whether cross-modal se-
mantic dependency is strengthened during adapta-
tion, we analyze the B2N generalization bottleneck
through the lens of cross-modal MI dynamics.
Rényi MI Computation. Given a batch of N sam-
ples (xj , yj)

N
j=1 from Dnovel, we extract visual fea-

tures zjv = Ev(xj) and label-matched textual fea-
tures zyjt = Et(pyj ), where pyj = T (wyj ) denotes
the constructed class prompt. The L2-norm fea-
tures are stacked into matrices V = [z̄1v , . . . , z̄

N
v ]⊤

and T = [z̄y1t , . . . , z̄yNt ]⊤. The cross-modal align-
ment is then measured using a matrix Rényi mutual
information estimator:

Îα(V ;T ) = Ĥα(KV ) + Ĥα(KT )− Ĥα(KV T ),
(1)

where KV and KT denote the Gaussian kernel
matrices for the visual and textual features, re-
spectively. The joint kernel matrix KV T is ob-
tained via the Hadamard product of the trace-
normalized matrices, i.e., KV T = A ⊙ B, where
A = KV /tr(KV ) and B = KT /tr(KT ).

To enhance numerical stability and adapt to dif-
ferent feature spaces, the Gaussian kernel band-
width σ is dynamically computed using a median
heuristic. The matrix Rényi entropy Ĥα(K) is de-
fined based on the normalized eigenvalues {λi} of
the kernel matrix.

Ĥα(K) =
1

1− α
log2

(∑

i

λα
i

)
, (2)

where {λi} are the normalized eigenvalues of the
kernel matrix. We set α = 1.01 to ensure a robust
estimation of the training dynamics, which is used
to measure the average cross-modal information.
As shown in Fig. 1(a) and 7, higher MI reflects
stronger, transferable semantic alignment rather
than unilateral feature collapse.

Analysis. We investigate the dynamic evolution
of cross-modal MI to understand the differences
between the zero-shot state and models trained
via the standard tuning paradigm. To this end,
we use MaPLe and MMA as baseline methods
and plot their MI trajectories over the training
epochs in Fig. 1(b). By tracking the MI dynamics
during training, we observe two patterns: (i) MI
plateau or decline: MI remains largely unchanged
or decreases relative to zero-shot initialization (e.g.,
MaPLe (Khattak et al., 2023a)); and (ii) early sat-
uration: MI briefly increases before quickly stabi-
lizing (e.g., MMA (Yang et al., 2024a)), failing to
sustain cross-modal dependency over time.

More importantly, this MI stagnation or de-
cline is highly synchronized with generalization
degradation on novel classes (Fig. 1(c)). These
observations suggest that adaptation strategies fo-
cused solely on fitting base-class decision bound-
aries may produce predominantly base-specific
gains, while failing to preserve transferable cross-
modal dependencies essential for robust general-
ization. Consequently, existing PEFT methods ap-
pear susceptible to overfitting seen-class seman-
tics, contributing to the B2N generalization bottle-
neck. Motivated by this observation, we further
probe whether sustaining cross-modal dependency
plays a functional role in generalization through
targeted representation-freezing interventions (Ap-
pendix B).

We attribute this to the insufficient continual
modeling of cross-modal semantic dependency in
standard PEFT: base-class supervision gradually
biases the model toward base-specific alignment,
eroding the transferable cross-modal associations
built during pretraining. This motivates two con-
crete design requirements for RADA: (i) contin-
uously supplying cross-modal semantic priors to
complement base-class supervision, and (ii) dy-
namically modeling vision-language dependency
in an instance-specific manner. We therefore pose
the following question:

Can we continuously reinforce cross-modal se-
mantic dependency during fine-tuning to overcome
the MI stagnation bottleneck, while preserving the
VLM’s zero-shot transferability?

3.3 Retrieval-Augmented Dynamic
Adaptation (RADA)

To satisfy the two requirements identified
above, we propose RADA (Retrieval-Augmented
Dynamic Adaptation), which addresses require-
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Figure 3: Detailed illustration of our token generator.

ment (i) via a non-parametric dual-modality mem-
ory bank supplying LLM-enhanced cross-modal
priors, and requirement (ii) via a lightweight
modality-agnostic token generator producing
instance-conditioned tokens injected into both en-
coders. An overview is shown in Fig. 2.

RADA consists of a non-parametric multimodal
memory bank, a Top-K retrieval module for
retrieval-augmented feature construction, and a
lightweight token generator with modality-specific
projections injected across CLIP layers.
Non-Parametric Multimodal Memory Bank.
Conventional handcrafted prompts often provide
sparse semantic guidance. To supply richer and
more stable semantic priors, RADA constructs a
frozen multimodal memory bank that stores text
and visual prototypes for each class.

i) Text Bank. For C classes {wc}Cc=1, we
first leverage an external LLM to generate multi-
perspective and fine-grained textual descriptions
for each class. Specifically, given M diverse de-
scriptions {dc,j}Mj=1 generated for class c, we en-
code them using the text encoder Et to obtain
the category-level enhanced textual representation
z̃ct ∈ Rd and the text memory bank Bt = {z̃ct}Cc=1:

z̃ct = Norm


 1

M

M∑

j=1

Et(d
c
j)


 . (3)

ii) Visual Prototypes. Meanwhile, we extract
visual prototypes from available training images
using Ev, computed as:

mc
v = Norm(

1

|Dc|
∑

(x,y)∈Dc

I[y = c] ·Ev(x)), (4)

where Dc denotes the set of training samples be-
longing to class c. This thereby constructs the vi-
sual memory bank Bv = {mc

v}Cc=1.

Joint Retrieval and Aggregation. To alleviate the
generalization bottleneck caused by MI stagnation,
RADA adopts a Top-K retrieval mechanism to dy-
namically retrieve relevant joint distributions. As
illustrated in Fig. 2(b), to unify bimodal priors in a
shared retrieval space, we fuse the enhanced textual
representations z̃t,c with the visual prototypes mc

v

to construct modality-aligned fused keys:

kc = Norm(mc
v + z̃ct ), c = 1, . . . , C. (5)

Given an input image x, we extract its query rep-
resentation as zv = Ev(x). We then compute co-
sine similarities between zv and all fused keys, i.e.,
sc = cos(zv, kc), and select the top-K nearest se-
mantic neighbors NK(x).

Next, we apply exponential normalization over
the retrieved similarity scores to obtain aggrega-
tion weights ai, and derive the retrieval-enhanced
representation r as:

ai =
exp(si)∑

j∈NK(x) exp(sj)
, i ∈ NK(x), (6)

r = Norm
( ∑

i∈NK(x)

aiki

)
. (7)

Modality-Agnostic Token Generation. Given the
aggregated representation r, a lightweight MoE-
based generator G transforms it into dynamic,
instance-conditioned prompt tokens. Unlike prior
methods that design separate generators per modal-
ity, RADA introduces a Layer Shared Modal
Aligner that projects a single modality-agnostic
token Pma into both the visual and textual feature
spaces, explicitly enforcing cross-modal consis-
tency at the feature level.

Specifically, r is fed into a gating network to
compute soft routing weights:

g = Softmax(Wgr). (8)

The representation r is then dispatched to paral-
lel experts, whose outputs are aggregated according
to g to produce a modality-agnostic token:

Pma =
N∑

j=1

gj · Expertj(r). (9)

The Shared Modal Aligner then decouples Pma

via projection matrix At and Av, mapping it into
the CLIP text and visual feature spaces:

P
(ℓ)
t = At(Pma), P (ℓ)

v = Av(Pma). (10)
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Method LLM Usage Average across datasets ImageNet EuroSAT
Base New HM Base New HM Base New HM

CLIP (Radford et al., 2021) ✗ 69.34 74.22 71.70 72.43 68.14 70.22 56.48 64.05 60.03
CoOp (Zhou et al., 2022b) ✗ 82.69 63.22 71.66 76.47 67.88 71.92 92.19 54.74 68.69
MaPLe (Khattak et al., 2023a) ✗ 82.28 75.14 78.55 76.66 70.54 73.47 94.07 73.23 82.35
PromptSRC (Khattak et al., 2023b) ✗ 84.26 76.10 79.97 77.60 70.73 74.01 92.90 73.90 82.32
MMA (Yang et al., 2024a) ✗ 83.20 76.80 79.87 77.31 71.00 74.02 85.46 82.34 83.87
2SFS (Farina et al., 2025) ✗ 85.55 75.48 80.20 77.71 70.99 74.20 96.91 67.09 79.29
RMAdapter (Lin et al., 2026) ✗ 84.52 77.36 80.62 77.87 71.50 74.52 92.17 78.33 84.69

CuPL (Pratt et al., 2023) ✓ 74.31 75.25 74.78 75.05 68.43 71.59 65.38 69.97 67.60
HPT (Wang et al., 2024b) ✓ 84.32 76.86 80.23 77.95 70.74 74.17 94.24 77.12 84.82
ProLoG (Park et al., 2026) ✓ 84.77 76.89 80.64 78.25 70.51 74.18 93.87 78.86 85.67
RADA (ours) ✓ 85.75 78.50 81.97 77.60 71.70 74.53 96.83 86.57 91.41

Table 1: Comparison of RADA with previous SOTA methods on Base-to-new generalization benchmark. The
best results are bolded and the second-best are underlined.
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Figure 4: Comparison of RADA with previous SOTA methods on Few-shot learning benchmark.

The generated tokens are injected across mul-
tiple layers of the CLIP encoders, producing en-
hanced visual representations z̃v and adapted class-
specific textual representations {z̃ct}Cc=1.
Training Objective. During the fine-tuning stage,
we jointly optimize a cross-entropy loss and a fea-
ture regularization loss to adapt to downstream
tasks while mitigating catastrophic forgetting of
pretrained knowledge. Given a training sample
with ground-truth label y ∈ 1, . . . , C, we compute
the logit using the enhanced representations:

p̃(y = c|x) = exp(cos(z̃v, z̃
c
t )/τ)∑C

j=1 exp(cos(z̃v, z̃
j
t )/τ)

, (11)

where τ denotes the learnable temperature parame-
ter in CLIP and j serves as the class index.

The cross-entropy loss is then formulated as:

Lce = − log p̃(y|x). (12)

To prevent the injected tokens from distorting
the pretrained feature space, we introduce a reg-
ularization loss Lreg that penalizes deviation of
the adapted features z̃v and z̃ct from their frozen
zero-shot counterparts:

Lreg =
(
1− 1

B

B∑

i=1

cos(zv,i, z̃v,i)
)

+
(
1− 1

C

C∑

c=1

cos(zct , z̃
c
t )
)
,

(13)

where B is batch-size. The overall optimization
objective is defined as:

Ltotal = λLce + (1− λ)Lreg, (14)

where λ is a hyperparameter that controls loss
weight.
Test-time Knowledge Fusion. To satisfy require-
ment (ii) at inference time, the visual encoder si-
multaneously produces an enhanced representa-
tion z̃v and an unenhanced representation zv from
the original pathway. We compute a base logit
pb(y = c|x) from zv paired with the adapted tex-
tual feature z̃ct :

pb(y = c|x) = exp(cos(zv, z̃
c
t )/τ)∑C

j=1 exp(cos(zv, z̃
j
t )/τ)

. (15)

The final prediction is obtained by combining pb
with the enhanced logit p̃ defined in Eq. 11:

pfus = (pb + p̃) / 2. (16)

For zero-shot scenarios where no visual training
samples are available, we set mc

v = z̃ct , allowing
RADA to degrade gracefully to a text-driven re-
trieval mode.

4 Experiments

4.1 Experimental Setup
Benchmark. To comprehensively evaluate the gen-
eralization capability of the proposed method and
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Source Target

Method ImNet Ave. Caltech Pets Cars Flowers Food Aircraft SUN397 DTD EuroSAT UCF

CoOp 71.51 63.88 93.70 89.14 64.51 68.71 85.30 18.47 64.15 41.92 46.39 66.55
MaPLe 70.72 66.30 93.53 90.49 65.57 72.23 86.20 24.74 67.01 46.49 48.06 68.69
PromptSRC 71.27 65.81 93.60 90.25 65.70 70.25 86.15 23.90 67.10 46.87 45.50 68.75
MMA 71.00 66.61 93.80 90.30 66.13 72.07 86.12 25.33 68.17 46.57 49.24 68.32
TCP 71.40 66.29 93.97 91.25 64.69 71.21 86.69 23.45 67.15 44.35 51.45 68.73
HPT 71.72 67.74 94.20 92.63 66.33 74.84 86.21 25.68 68.75 50.87 47.36 70.50
RMAdapter 71.37 67.56 94.10 90.85 65.80 72.65 86.33 24.90 68.36 47.33 51.50 69.96
ProLoG 71.06 66.43 94.35 90.44 66.21 72.41 86.46 23.69 67.51 45.39 48.16 69.67
RADA (ours) 72.17 68.08 94.83 91.67 66.70 73.30 86.87 26.57 68.33 47.67 54.90 70.00

Table 2: Comparison with previous SOTA methods on cross-dataset transfer across 11 datasets.

its effectiveness on downstream tasks, we follow
the experimental protocols of prior works (Zhou
et al., 2022b,a; Yang et al., 2024a) and conduct
experiments on 4 widely adopted benchmarks:
Base-to-Novel Generalization, Few-shot Learn-
ing, Cross-Dataset Transfer, and Domain Gener-
alization. For fair comparison, all methods are eval-
uated using the same backbone architecture. De-
tailed descriptions of the implementation details,
datasets, baselines, and benchmark settings are
provided in the Appendix A.

4.2 Base-to-Novel Generalization

Tables 1 and 17 report results across 11 datasets.
RADA achieves average improvements of +0.98%
on base, +1.61% on novel, and +1.33% in HM
over the previous best method ProLoG, establish-
ing SOTA performance. Notably, on EuroSAT and
FGVC Aircraft, datasets with large domain discrep-
ancy, RADA achieves HM scores of 91.41% and
42.27%, respectively, substantially outperforming
all baselines. These gains are directly supported by
RADA’s sustained MI growth throughout adapta-
tion. Our intervention studies (Appendix B) con-
sistently demonstrate a strong association between
sustained cross-modal dependency and improved
novel-class generalization.

Observation 1: Sustained cross-modal
MI growth is consistently associated with
stronger B2N generalization.

4.3 Domain Generalization

As summarized in Table 3, RADA achieves the
best performance across almost all datasets sub-
ject to domain shift (ImageNet-V2, ImageNet-
Sketch, ImageNet-A, and ImageNet-R). By attain-
ing a highest average accuracy of 61.09%, RADA
demonstrates robust cross-domain generalization
and strong resilience to distributional shifts.

Source Target

Method ImNet -V2 -S -A -R Ave.

CLIP 66.73 60.83 46.15 47.77 73.96 57.17
CoOp 71.51 64.20 47.99 49.71 75.21 59.28
MaPLe 70.72 64.07 49.15 50.90 76.98 60.26
PromptSRC 71.27 64.35 49.55 50.90 77.80 60.65
MMA 71.00 64.33 49.13 51.12 77.32 60.48
RMAdapter 71.37 64.45 49.50 51.21 77.70 60.71
ProLoG 71.06 64.36 49.64 51.05 77.50 60.64
HPT 71.72 65.25 49.36 50.85 77.38 60.71
RADA (ours) 72.17 64.90 49.67 51.87 77.93 61.09

Table 3: Comparison with previous SOTA methods
on domain generalization across 4 datasets.

4.4 Cross-Dataset Transfer

As shown in Table 2, RADA achieves a 72.17%
accuracy on the source ImageNet dataset, surpass-
ing previous SOTA methods such as ProLoG and
RMAdapter. Beyond this, RADA consistently ex-
hibits superior performance across all 10 various
target datasets, achieving the highest average ac-
curacy of 68.08%, which underscores its strong
cross-dataset generalization capability.

Observation 2: Continuously reinforced
cross-modal dependency yields robust gen-
eralization under distributional shifts across
domains even under domain shift.

4.5 Few-Shot Learning

As shown in Fig. 4, RADA achieves the best av-
erage performance across all shot settings on 11
datasets. Notably, even under extremely data-
scarce conditions (e.g., 1-shot and 2-shot settings),
RADA still demonstrates strong learning capability
and stable performance advantages. This observa-
tion further indicates that RADA maintains strong
transfer learning and generalization capabilities in
low-resource scenarios. More detailed results are
provided in the Appendix C.2.
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Method Base Novel HM

CLIP 69.34 74.22 71.70
+(1) Retrieval Bank 75.43 74.67 75.05
+(1)+(2) Token Generator 86.51 76.83 81.38
+(1)+(2)+(3) Lreg 85.75 77.94 81.54
+ (1) + (2) + (3) + (4) Logit Fusion 85.75 78.50 81.97

Table 4: Component-wise ablation study of RADA
on Base-to-Novel Generalization.

Observation 3: Dynamic instance-
conditioned adaptation maintains strong
generalization even in low-shot regimes.

4.6 Ablation Analysis
All ablation experiments are conducted on Base-to-
Novel generalization across 11 datasets, with the
results reported as averages.
The Effectiveness of Each Component. To verify
the effectiveness of each component in our method,
we conducted ablation experiments on the B2N
task, as summarized in Table 4 and Fig. 7 in
Appendix B.3. The results support our theoreti-
cal motivation regarding cross-modal MI stagna-
tion and the B2N bottleneck. Starting from the
Zs-CLIP baseline, introducing the non-parametric
retrieval bank (1) significantly improves Base
from 69.34% to 75.43%. Adding the dynamic To-
ken Generator (2) further enhances cross-modal
alignment, raising Base to 86.51% and Novel to
76.83%, indicating that the generated tokens con-
tribute to downstream task adaptation and provide
an initial improvement on Novel performance. In-
corporating Lreg (3) maintains consistency between
fine-tuned features and Zero-shot features, which
increases Novel to 77.94%, with Base slightly de-
creasing to 85.75%. Finally, integrating Logit Fu-
sion (4) at inference combines the robustness of the
pretrained model, achieving a balanced perfor-
mance between Base and Novel classes, resulting
in Novel of 78.50% and HM of 81.97%.

Observation 4: Each component of RADA
actively contributes to preventing mutual in-
formation stagnation during adaptation.

The Influence of Retrieval Quantity (Top-K). As
shown in Table 5, RADA’s performance varies with
the number of retrieved neighbors K. The HM
peaks at K = 4 (81.97%), successfully balanc-
ing rich semantic priors with contextual relevance.
Smaller K restricts semantic coverage, while larger

K Base Novel HM L Base Novel HM

1 84.31 76.43 80.18 1 84.03 75.76 79.68
2 85.12 77.81 81.30 3 85.06 77.58 81.15
4 85.75 78.50 81.97 5 85.75 78.50 81.97
8 85.83 78.14 81.81 10 85.91 77.37 81.42

16 85.24 77.62 81.25 16 86.13 76.62 81.10

Table 5: Sensitivity analysis of the retrieval quantity
(Top-K) and dynamic token length (L) on Base-to-
Novel generalization.

K introduces irrelevant noise, leading to a gradual
decline in novel-class accuracy.
The Influence of Token Length (L). The dynamic
token length L governs the cross-modal adaptation
capacity. Very short sequences (L = 1) prove
insufficient for effective alignment. Conversely,
while longer sequences (L ≥ 10) further elevate
base accuracy (up to 86.13%), they risk overfitting
to the base distribution, thereby degrading novel-
class generalization. Consequently, we adopt K =
4 and L = 5 as our default configuration to achieve
an optimal trade-off.
Beyond the main results, we provide extensive
supplementary analyses in Appendix C and Ap-
pendix B. These include ablations on the mem-
ory bank design (modality choices and prompt
types) and token generator architecture (aligner
designs and MoE configuration), as well as hy-
perparameter sensitivity analyses, expert us-
age frequency, and t-SNE visualizations. No-
tably, we further conduct an epoch-wise inter-
vention study examining whether sustained MI
growth contributes to generalization improve-
ments across diverse domains (Appendix B), and
an information-theoretic analysis exploring why
explicitly optimizing MI does not necessarily im-
prove transferability.

5 Conclusion

In this paper, we observe that cross-modal MI stag-
nation correlates with the B2N generalization gap
during VLM adaptation. To address this, we pro-
pose the RADA framework, which incorporates
instance-specific semantic priors into the adapta-
tion process through a multimodal memory bank
and a modality-agnostic dynamic token generator.
This method encourages stronger cross-modal con-
sistency while better retaining the model’s zero-
shot capabilities. Extensive experiments across
benchmarks demonstrate that RADA consistently
maintains higher estimated MI values during adap-
tation and achieves SOTA performance. Our find-
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ings suggest that sustaining transferable cross-
modal dependency may be an important ingredient
for robust generalization in VLM adaptation.

Limitations

While RADA effectively mitigates the Base-to-
Novel generalization bottleneck, our current eval-
uation is primarily concentrated on image classifi-
cation, leaving its applicability to broader vision-
language tasks (e.g., image-text retrieval or multi-
modal generation) for future exploration. Regard-
ing the architectural design, the proposed MoE-
based token generator and dual-modality memory
bank represent a specific instantiation of our the-
oretical framework, suggesting that alternative re-
trieval mechanisms could yield further optimiza-
tion. Moreover, due to computational resource
constraints, our empirical validation is currently
limited to foundational VLMs like CLIP. Scal-
ing this framework to assess its efficacy on Large
Vision-Language Models (LVLMs) such as Qwen-
VL (Wang et al., 2024a) remains a critical next step
for our future research.
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A Additional Experimental Details

A.1 Implementation Details.

Unless otherwise specified, we employ the AdamW
optimizer for all experiments. The proposed MoE
generator contains 4 experts, and the number of
generated prompt tokens is set to 5. Across all
benchmarks, each expert within the MoE adopts
LoRA with a rank of 8. These tokens are injected
into layers {6, 7, 8, 9, 10, 11, 12} of the CLIP en-
coder. Additionally, we generate M = 8 fine-
grained descriptions for each class to provide
semantic priors. We empirically set the loss
weight λ for different benchmarks. All experi-
ments are conducted on a single NVIDIA GeForce
RTX 4090 GPU, and we report the average re-
sults across three random seeds {1, 2, 3}. We
follow prior work (Khattak et al., 2023b; Park
et al., 2026) by injecting prompt tokens into layers
{6, 7, 8, 9, 10, 11, 12} of CLIP.

The computation of cross-modal MI on the
novel dataset Dnovel is conducted strictly for di-
agnostic and analytical purposes. These MI val-
ues are neither utilized as an optimization objective
nor used to guide architectural choices, hyperpa-
rameter tuning, or early stopping decisions. This
protocol ensures that no information from the novel
distribution leaks into the training process, thereby
adhering to the strict requirements of zero-shot
evaluation.

For Base-to-Novel Generalization, the model is
trained with a batch size of 4 for 10 epochs using
an initial learning rate of 0.001. The regularization
weight is set to λ = 0.8.

For Cross-Dataset Transfer and Domain Gen-
eralization, we follow a lightweight adaptation set-
ting and train the model with a batch size of 32 for
a single epoch. The learning rate is set to 0.001,
while the remaining hyperparameter is kept identi-
cal to B2N, i.e., λ = 0.8. For Few-Shot Learning,
the model is trained with a batch size of 32 for
100 epochs using a learning rate of 0.002. We set
λ = 0.7 to better balance adaptation and general-
ization.

For semantic prior construction, we leverage
GPT-generated fine-grained textual descriptions for
each class. Specifically, GPT-3.5Turbo (Brown
et al., 2020) is prompted to generate multi-
perspective semantic descriptions, including class
attributes, visual appearance, functional character-
istics, and contextual cues, which are subsequently
encoded by the frozen CLIP text encoder to con-

Table 6: Statistics of datasets used in experiments.

Dataset Classes Test Samples

ImageNet 1,000 50,000
ImageNet-V2 1,000 10,000
ImageNet-Sketch 1,000 50,000
ImageNet-A 200 7,500
ImageNet-R 200 30,000

FGVC Aircraft 100 3,333
Caltech101 101 2,465
Stanford Cars 196 8,041
DTD 47 1,692
EuroSAT 10 8,100
Flowers102 102 2,463
Food101 101 30,300
OxfordPets 37 3,669
SUN397 397 19,850
UCF101 101 3,783

struct the text memory bank. The details of the
prompt are provided in Table 16.

A.2 Benchmark Protocols

Base-to-Novel Generalization. In this setting,
each dataset is split into disjoint base and novel
classes. The model is trained exclusively on
the base classes and evaluated on both base and
novel classes, enabling us to assess both trans-
fer performance and zero-shot generalization ca-
pability. We conduct evaluations across 11 di-
verse image classification datasets, including Ima-
geNet, Caltech101 (Fei-Fei et al., 2004), Oxford-
Pets (Parkhi et al., 2012), StanfordCars (Krause
et al., 2013), Flowers102 (Nilsback and Zisser-
man, 2008), Food101 (Bossard et al., 2014), FGVC
Aircraft (Maji et al., 2013), SUN397 (Xiao et al.,
2010), UCF101 (Soomro et al., 2012), DTD (Cim-
poi et al., 2014), and EuroSAT (Helber et al., 2019).
The details of all datasets are shown in Table 6. For
this setting, we follow recent works (Zhou et al.,
2022a; Khattak et al., 2023a; Yang et al., 2024b)
and adopt the ViT-B/16 backbone with k = 16
shots. The evaluation metrics are threefold: (i) top-
1 accuracy on base classes, (ii) top-1 accuracy on
novel classes, and (iii) the harmonic mean between
them.
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(a) MI on Caltech101 (b) MI on DTD (c) MI on EuroSAT (d) MI on UCF101

(e) MI on FGVC Aircraft (f) MI on Food101 (g) MI on ImageNet (h) MI on Flowers

(j) MI on Pets (k) MI on Cars (l) MI on SUN397

Figure 5: Detailed Visualization of Mutual Information Trajectories Across All Evaluated Datasets. The MI
values across all datasets are averaged over three random seeds {1, 2, 3}, with the shaded regions indicating the
95% confidence intervals.

Cross-Dataset Transfer. This setting evaluates
the transferability of the model to unseen target
datasets. Following a standard evaluation protocol,
the model is trained on all 1000 ImageNet (Deng
et al., 2009) classes in a few-shot learning scenario
and then directly evaluated on other datasets with-
out any further fine-tuning. This allows us to mea-
sure the model’s cross-dataset generalization abil-
ity under domain shift conditions. The same set
of datasets used in the Base-to-Novel setting is
adopted for evaluation.

Domain Generalization. This setting assesses
the robustness of the model under distribution shifts
and its ability to generalize to out-of-distribution
data. Specifically, the model is trained on Ima-
geNet (Deng et al., 2009) and evaluated on multi-
ple variants that exhibit different types of domain
shift, including ImageNetV2 (Recht et al., 2019),
ImageNet-Sketch (Wang et al., 2019), ImageNet-
A (Hendrycks et al., 2021b), and ImageNet-
R (Hendrycks et al., 2021a).

Few-Shot Learning. This setting evaluates the
model’s transfer capability under extremely limited
labeled data. The model is trained using a small
number of labeled examples per class, specifically
1, 2, 4, 8, and 16 shots, and is subsequently eval-
uated on the full test sets. This protocol focuses

on assessing data efficiency and adaptation perfor-
mance in low-resource scenarios.

A.3 Baselines

In the Base-to-Novel Generalization setting, we
compare a total of eight methods, including
CoOp (Zhou et al., 2022b), CoCoOp (Zhou et al.,
2022a), and CuPL (Pratt et al., 2023) as clas-
sical baselines, MaPLe (Khattak et al., 2023a),
APEX (Yang et al., 2024b), HPT (Wang et al.,
2024b), and MMA (Yang et al., 2024a) as repre-
sentative modern improvements, and 2SFS (Farina
et al., 2025), RMAdapter (Lin et al., 2026), and Pro-
LoG (Park et al., 2026) as recent strong-performing
methods. In addition, we report the zero-shot per-
formance of hand-crafted prompt-based CLIP as a
reference baseline.

For the Cross-Dataset Transfer setting, we eval-
uate the same set of eight methods. Since 2SFS
does not report results on this benchmark, we ad-
ditionally include TCP (Yao et al., 2024) for a fair
comparison.

In the Domain Generalization setting, we also
consider eight competing methods. However, since
neither 2SFS nor TCP provides reported results
under this setting, TCP is excluded and we instead
include alternative comparable baselines to ensure
a consistent evaluation protocol.
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Figure 6: Detailed Mutual Information (MI) Dynam-
ics During Training.

For the Few-Shot Learning setting, we compare
against CoOp, CoCoOp, MaPLe, MMA, and 2SFS.
We exclude APEX, RMAdapter, and ProLoG since
their few-shot results are not reported in the original
papers.

B Validating the Role of Mutual
Information

In this section, we provide a step-by-step analysis
to examine the role of cross-modal MI, progress-
ing from correlational observations to targeted in-
terventions and counterfactual analysis. We first
examine the natural trajectories of MI, followed by
a direct causal intervention study, component-level
dynamic tracking, and a counterfactual explicit op-
timization analysis.

B.1 Correlational Observations: MI
Trajectories and Generalization

Impact of Mutual Information on Generaliza-
tion. As discussed in Section 3.2, cross-modal
MI quantifies the semantic dependency and align-
ment quality between visual and textual features.
During fine-tuning, stagnation or decline in MI
indicates the occurrence of constrained gener-
alization, where the model overfits to base-class
decision boundaries without learning transferable
visual-language alignment. Maintaining contin-
uous MI growth throughout training is therefore
critical for breaking the generalization bottle-
neck.

Analysis of RADA’s MI Trajectories in Fig. 5.
Fig. 5 depicts the MI changes (∆I) of RADA
across all evaluated datasets over training iterations.
We observe several patterns that directly contribute
to RADA’s superior generalization:

1.Sustained and stable growth: On multi-
source datasets such as ImageNet, Caltech101, Eu-
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Figure 7: Cross-modal MI Dynamics of Each RADA
Component During Training on DTD.

roSAT, and SUN397, MI exhibits a consistent up-
ward trend without premature saturation. This sus-
tained enhancement of cross-modal dependencies
explains why RADA achieves substantial improve-
ments on novel-class generalization (e.g., as shown
in Table 6, EuroSAT novel-class accuracy reaches
96.83%).

2.Robust recovery and stability: On fine-
grained or distribution-specific datasets like Stan-
ford Cars, Flowers102, and UCF101, MI may ini-
tially fluctuate due to domain shifts. However,
RADA consistently drives MI back up and sta-
bilizes it at a high positive level, demonstrating
strong robustness against base-class overfitting in
challenging distributions.

More Comparison on MI. As shown in Fig. 6,
we further provide a detailed comparison of the vi-
sualization in Fig. 1(b) by incorporating additional
representative methods, including CoOp, Prompt-
SRC, and 2SFS. From Fig. 6, we can clearly ob-
serve that existing methods exhibit two distinct pat-
terns in the evolution of cross-modal MI, namely
MI Plateau and MI Descent. Combined with
the performance trends illustrated in Fig. 1(c),
these findings suggest that both MI stagnation
and degradation constrain the model’s general-
ization capability on unseen classes, ultimately
leading to performance saturation under the
Base-to-Novel setting.

Observation 5: Our analysis reveals that the
stagnation or decline of cross-modal mutual
information is a primary indicator of con-
strained generalization, whereas sustained MI
growth is pivotal for achieving robust and
transferable generalization in VLMs.
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Intervention Strategy Generator Status DTD EuroSAT Oxford Pets
Final ∆I HM (%) Final ∆I HM (%) Final ∆I HM (%)

Zero-shot CLIP - 0.000 56.37 0.000 60.03 0.000 94.12
Freeze at Epoch 2 Frozen early +0.037 64.09 +0.008 72.35 -0.003 94.55
Freeze at Epoch 5 Frozen mid-training +0.061 68.22 +0.064 83.12 +0.038 95.88
Freeze at Epoch 8 Frozen late-training +0.119 71.65 +0.084 88.54 +0.046 96.34
RADA (No Freeze) Active continuously +0.160 73.62 +0.110 91.41 +0.056 96.82

Table 7: Impact of Epoch-wise Generator Intervention Across Diverse Domains. Freezing the dynamic
token generator prematurely halts MI growth and strictly upper-bounds the HM across distinct data distributions.
This establishes a robust causal link between the duration of active dynamic adaptation and out-of-distribution
transferability.

B.2 Intervention: Cross-Domain Validation of
MI as a Generalization Helper

To rigorously address the question of whether cross-
modal MI growth is a causal driver of generaliza-
tion rather than a mere correlational byproduct,
we conduct a comprehensive epoch-wise interven-
tion study. We select three datasets representing
distinct distribution shifts: DTD (unstructured tex-
tures), EuroSAT (satellite imagery), and Oxford
Pets (fine-grained objects). By manually freezing
the parameter updates of the dynamic token gener-
ator at different training stages (Epochs 2, 5, and
8), we artificially truncate the mechanism respon-
sible for cross-modal alignment while keeping the
overall architecture and optimization target fixed.

As presented in Table 7, the intervention reveals
a consistent, monotonic causal dependence across
all domains. For instance, on the EuroSAT dataset,
when the generator is frozen early at Epoch 2, the
MI trajectory prematurely plateaus at a marginal
+0.008 ∆I , which strictly upper-bounds the cor-
responding HM) to 72.35%. Conversely, allow-
ing continuous adaptation yields +0.110 ∆I and
91.41% HM.

More compellingly, on the Oxford Pets dataset,
freezing at Epoch 2 captures a transient negative
fluctuation in MI (−0.003 ∆I), which is directly
reflected by an almost stagnant generalization gain
(94.55% vs. zero-shot 94.12%). Once the genera-
tor continues to actively align the domains (Epoch
5 and beyond), both MI and HM recover and grow
synchronously.

This multi-dataset intervention robustly rules out
alternative explanations such as dataset-specific
overfitting or catastrophic forgetting. If general-
ization saturation were solely caused by base-class
overfitting, freezing the generator late (Epoch 8)
would have preserved base accuracy while allowing
novel performance to drop randomly. Instead, we

observe that the ceiling of the HM score is tightly
associated with the level of MI achieved at the
moment of intervention, suggesting that sustained
cross-modal alignment is a primary functional con-
tributor to novel-class transferability.

The fact that this causal link holds across un-
structured textures, aerial perspectives, and fine-
grained visual classes strongly supports the hypoth-
esis that the continuous reinforcement of instance-
level cross-modal dependencies serves as a key
driving mechanism for breaking the Base-to-Novel
generalization bottleneck.

Observation 6: The epoch-wise intervention
provides strong evidence that mutual infor-
mation growth is not a mere correlational
byproduct, but a key functional driver of out-
of-distribution generalization: prematurely
truncating the dynamic alignment process es-
tablishes a strict upper bound on novel-class
transferability.

B.3 Component-Level Dynamics:
Disentangling the Source of MI Growth

Fig. 7 plots the ∆I(V ;T ) trajectory for each ab-
lation variant on DTD, providing MI-level evi-
dence connecting Table 4 to our theoretical mo-
tivation in Section 3.2. The retrieval bank (1) lifts
∆I above the zero-shot reference but plateaus at
≈+0.035 after epoch 4, explaining the marginal
novel-class gain (+0.45%): static priors alone can-
not sustain cross-modal dependency. The token
generator (2) breaks this plateau and drives contin-
uous growth to ∆I=+0.114 (3.3× higher), con-
firming it as the primary architectural driver of
generalization. Lreg (3) further stabilizes late-
epoch growth (epochs 7–10) by preventing fea-
ture drift from the zero-shot manifold, reaching
∆I=+0.153 and producing the predicted Base-
Novel tradeoff (−0.76% Base, +1.11% Novel).
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Figure 8: Performance comparison between RADA
and RADA + MIbase on DTD and Pets datasets. Ex-
plicitly maximizing MIbase degrades novel-class gener-
alization.

The complete RADA achieves the strongest sus-
tained growth of ∆I=+0.180 (5.1× over retrieval-
only), consistently dominating all variants at every
epoch and corroborating Appendix D: sustained
MI growth tightens the theoretical generalization
bound and directly translates into superior novel-
class performance.

The consistency of this pattern across unstruc-
tured textures, aerial perspectives, and fine-grained
visual categories provides converging empirical
support that continuously reinforcing instance-level
cross-modal dependencies plays a meaningful func-
tional role in alleviating the Base-to-Novel general-
ization bottleneck.

Mechanism Behind RADA’s Improved Gener-
alization. Unlike baselines that rely on static
prompts or unimodal adapters, RADA mechanis-
tically sustains I(V ;T ) through two complemen-
tary pathways. First, the LLM-enhanced mem-
ory bank enriches the effective support of H(T )
by providing multi-perspective textual prototypes
that go beyond the sparse, handcrafted class de-
scriptions used in standard PEFT. This prevents the
textual marginal distribution from collapsing onto
a narrow base-class manifold, thereby preserving
the upper bound of I(V ;T ) throughout training.
Second, the modality-agnostic token generator in-
jects instance-conditioned perturbations symmetri-
cally into both the visual and textual encoders via
a shared Modal Aligner. This symmetric coupling
enforces co-movement of the two feature spaces:
as the visual representation shifts in response to a
given input, the textual representation shifts corre-
spondingly, preventing the unilateral feature drift
that causes MI descent in standard PEFT methods.
Critically, because the perturbations are instance-
specific rather than static, each training step intro-
duces a distinct cross-modal alignment constraint,
sustaining I(V ;T ) growth beyond the early-epoch

(a) t-SNE comparisons on base classes 

Base

Ours

Ours

Novel

(b) t-SNE comparisons on novel classes 

Ours w/ 𝑀𝐼𝑏𝑎𝑠𝑒

Ours w/ 𝑀𝐼𝑏𝑎𝑠𝑒

Figure 9: Visualizing Representation Collapse In-
duced by Explicit MIbase Maximization.

plateau that retrieval-only approaches inevitably
encounter. Lreg further anchors both modalities to
the zero-shot manifold, bounding the representa-
tion drift δ (Eq. 20) and preventing late-epoch MI
decline. Together, these three components convert
the retrieval-augmented design into a mechanism
that continuously enlarges cross-modal semantic
overlap, rather than merely adding useful features
for classification.

B.4 Counterfactual Analysis: Why Explicit
MI Optimization Fails

Ablation on Directly Optimizing Mutual Infor-
mation. To further investigate whether directly
maximizing cross-modal MI during fine-tuning can
alleviate the generalization bottleneck, we conduct
a dedicated ablation study. It is important to note
that, from a strict zero-shot and open-vocabulary
perspective, samples from unseen classes (Dnovel)
are completely unavailable during downstream
training (Zhou et al., 2022a). Therefore, treating
novel-class MI as a training objective is technically
infeasible. To explore the feasibility of explicit
MI supervision, we introduce the MI computed on
base classes (MIbase) as an auxiliary optimization
term in the total loss.

We evaluate this variant, denoted as RADA +
MIbase, against the standard RADA framework
on the DTD and Pets datasets, as shown in Fig. 8.
The experimental results indicate distinct behaviors
across datasets:
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On DTD dataset: Introducing explicit MIbase
maximization leads to a slight improvement in base-
class accuracy (85.13% vs. 84.60%) but substan-
tially degrades novel-class performance, dropping
from 65.17% to 62.70%, which in turn reduces
the overall HM. These results suggest that directly
maximizing base-class MI may over-constrain the
feature space, thereby impairing the model’s trans-
ferability to unseen classes, particularly for novel
textures. On Oxford Pets dataset: The performance
of both configurations remains relatively close. The
standard RADA, without explicit MI optimization,
still maintains a modest advantage over RADA +
MIbase in both novel-class accuracy (97.93% vs.
97.57%) and HM (96.82% vs. 96.63%).

Visualizing Representation Collapse via t-
SNE. To provide direct geometric evidence for
why explicitly maximizing MIbase hurts out-of-
distribution transfer, we visualize the feature spaces
of both variants on the Oxford Pets dataset using
t-SNE (Fig. 9). As shown in Fig. 9(a), both meth-
ods achieve clustering on the seen Base classes.
However, the critical difference emerges in the un-
seen Novel classes (Fig. 9(b)). For the variant that
explicitly maximizes MIbase, the novel-class fea-
tures appear highly dispersed, overlapping, and
structurally disorganized. This visually confirms
our hypothesis: forcing a numerical MI penalty
over-constrains the network to the seen domains,
effectively distorting and destroying the pre-trained
zero-shot semantic manifold.Conversely, the stan-
dard RADA framework produces highly compact,
well-separated, and discriminative clusters for both
Base and Novel classes. By employing dynamic,
instance-conditioned perturbations instead of rigid
numerical forcing, RADA successfully preserves
the global geometric integrity of the feature space,
allowing cross-modal alignment to naturally gener-
alize to unseen classes.

In summary, these empirical findings confirm
that explicitly maximizing MIbase during down-
stream fine-tuning does not naturally improve out-
of-distribution transfer. This observation is consis-
tent with our hypothesis that merely strengthening
cross-modal dependency on the base distribution is
insufficient and may exacerbate overfitting. What
matters is preserving transferable cross-modal se-
mantic dependency rather than indiscriminately
maximizing alignment within seen classes. Instead,
our standard RADA framework, which implic-
itly preserves cross-modal MI growth through
dynamic retrieval of instance-specific semantic

(b) MI on EuroSAT w LLM Description(a) MI on EuroSAT w/o LLM Description

Sustained MI Growth!Encounter an MI Plateau!

Figure 10: Impact of LLM-Augmented Descriptions
on Mutual Information.

priors and feature-space regularization, offers a
more robust and effective approach for alleviat-
ing VLM generalization saturation.

Observation 7: Explicitly forcing mutual
information maximization leads to represen-
tation collapse. Conversely, RADA implicitly
preserves cross-modal MI growth through dy-
namic alignment, effectively and safely alle-
viating VLM generalization saturation.

C Additional Experimental Results

C.1 More Comparison on Base-to-Novel
Generalization

Table 17 presents the comparison results of RADA
against existing methods across all 11 datasets.
The results indicate that RADA achieves the best
HM on 9 out of 11 datasets, further demonstrating
that by dynamically incorporating cross-modal pri-
ors to strengthen semantic dependencies, RADA
maintains more stable and transferable cross-modal
alignment throughout the optimization process.

Furthermore, to verify the robustness of our
method across different backbones, we conducted
additional experiments using ViT-B/32 and ViT-
L/14 as the visual encoders. The results, summa-
rized in Table 18 and Table 19, confirm that RADA
consistently mitigates the MI bottleneck and en-
hances generalization, highlighting both the fea-
sibility and robustness of dynamically leveraging
cross-modal priors.

Comparison with LLM-Enhanced Baselines.
While recent works have begun leveraging LLM-
generated descriptions for multimodal adaptation,
RADA distinguishes itself through its dynamic,
instance-specific retrieval mechanism. We provide
a comprehensive head-to-head comparison with
existing LLM-enhanced adaptation methods (e.g.,
ProLoG, etc.). These results highlight that RADA’s
retrieval-augmented dynamic alignment is more
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Memory Bank Design Average on 11 datasets

Modality Text Source Base Novel HM

Visual Only – 81.34 73.51 77.22
Text Only Hand-crafted 82.05 74.22 77.94
Text Only LLM Enhanced 84.15 77.26 80.56
Fusion Hand-crafted 85.31 75.83 80.29
Fusion (RADA) LLM Enhanced 85.75 78.50 81.97

Table 8: Ablation study on the design of the non-
parametric memory bank. "Hand-crafted" refers to stan-
dard prompts like “a photo of a [class]”, while "LLM
Enhanced" utilizes rich GPT-generated descriptions.

effective at overcoming MI stagnation than static
text-injection paradigms.

C.2 More Comparison on Few-Shot Learning

Table 11 presents the comparison of RADA with ex-
isting methods across 11 datasets. The results show
that RADA consistently achieves the best perfor-
mance across nearly all shot settings and datasets,
particularly under low-shot or more challenging
scenarios (e.g., DTD and EuroSAT). This advan-
tage can be attributed to RADA’s dynamic incor-
poration of richer cross-modal semantic informa-
tion, which effectively enhances transfer learning
to downstream tasks while mitigating overfitting to
the training data, thereby demonstrating stronger
generalization in low-resource settings.

Observation 8: In summary, RADA demon-
strates that dynamically sustaining cross-
modal mutual information is crucial for mit-
igating semantic sparsity in data-scarce set-
tings and enabling both in-distribution adap-
tation and zero-shot generalization.

C.3 Computational Efficiency Analysis

The efficiency and Base-to-Novel generalization
performance of RADA are presented in Table 9.
Compared with existing methods, RADA achieves
the highest harmonic mean (HM) of 81.97%, indi-
cating a consistent improvement on both base and
novel classes. Despite introducing a modest num-
ber of additional trainable parameters (0.921M),
RADA maintains competitive training efficiency,
with a train time of 21.6 ms per image on the RTX
4090 and an inference FPS of 1296 with a batch
size of 100. While other methods such as MaPLe
and PromptSRC achieve slightly higher inference
throughput, their HM scores are noticeably lower,
suggesting that RADA strikes a favorable balance

between efficiency and generalization. This analy-
sis confirms that the proposed dynamic adaptation
and retrieval-augmented mechanism not only en-
hances cross-modal alignment but also maintains
practical training and inference efficiency.

The entire one-time bank construction for
ImageNet-1K takes approximately 13 minutes
(dominated by GPT API latency) and is never re-
peated across training runs or seeds, amortizing to
under 0.01ms per training image over a standard
10-epoch run of 16,000 images. At inference, the
Top-K retrieval over C=1000 keys adds less than
0.2ms per image, which is negligible relative to
the 21.6ms total training time already reported in
Table 10.

C.4 Additional Ablation Analysis

The Effectiveness of Memory Bank Design. To
investigate the source of RADA’s generalization ca-
pability, we conduct an ablation study on the design
of the non-parametric memory bank (Table 8).

First, regarding modality selection, relying
solely on visual prototypes (Visual Only) or textual
priors (Text Only) achieves suboptimal harmonic
mean values (77.22% and 80.56%, respectively).
Multimodal fusion provides more comprehensive
representations, further improving overall perfor-
mance.

More importantly, we compare traditional hand-
crafted templates (e.g., “a photo of a [class]”) with
LLM-augmented descriptions to assess the effect
of semantic richness. Using handcrafted prompts
with the fused memory bank yields high accuracy
on base classes (85.31%) but limited performance
on novel classes (75.83%), indicating that sparse
textual priors fail to effectively constrain the visual
encoder, resulting in unilateral feature collapse. In
contrast, incorporating LLM-augmented priors pro-
vides dense semantic anchors, effectively allevi-
ating MI stagnation (as shown in Fig. 10) and
substantially improving Novel-class accuracy to
78.50%, demonstrating that high-quality textual
guidance is crucial for bridging the cross-modal
generalization gap.

Architecture of the Token Generator. Table 11
compares different architectures for the token gen-
erator under similar parameter budgets. Replac-
ing the Mixture-of-Experts (MoE) with a single
MLP results in a drop in both Base and Novel per-
formance, with HM decreasing from 81.97% to
81.67%. This indicates that a static MLP lacks the
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Figure 11: Detailed Few-Shot Learning Performance Across 11 Downstream Datasets. We present the complete
few-shot evaluation results of our proposed RADA and previous state-of-the-art methods (CoOp, CoCoOp, MaPLe,
MMA, and 2SFS) under 1, 2, 4, 8, and 16-shot settings.

dynamic routing capability needed to handle the
highly diverse semantic contexts across images and
datasets.

Further, we investigate replacing LoRA experts
with a Q-Former module (denoted as MoP). Sur-
prisingly, deploying the heavier Q-Former leads
to a slight degradation in HM to 81.63%. We
attribute this performance drop to two factors: (1)
optimization challenges in low-data regimes: the
Q-Former relies on complex cross-attention mech-
anisms that typically require large-scale data for
stable alignment; in our lightweight few-shot adap-
tation setting, it is prone to overfitting. (2) dis-
ruption of the pre-trained representation mani-

fold: LoRA applies low-rank residual updates that
preserve the rich zero-shot manifold of the CLIP
encoder. In contrast, passing features through the
Q-Former queries introduces an information bot-
tleneck, which can compress or discard fragile
pre-trained semantic priors, thereby harming cross-
modal alignment and downstream generalization.

MoE Routing Analysis. Unlike conventional
sparse Mixture-of-Experts (MoE) architectures that
rely on discrete Top-K routing, our modality-
agnostic Token generator employs a soft-activation
mechanism. In this paradigm, all experts contin-
uously contribute to the generation of dynamic
prompt tokens, with their relative contributions con-
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Method Modality Params
(trainable)

Train Time
(ms/image)

FPS
(100 BS) Base Novel HM

MaPLe V-L 3.555M 39.5 1757.6 82.28 75.14 78.55
PromptSRC V,L 0.046M 40.0 1764.2 84.26 76.10 79.97
TCP L 0.332M 5.3 950.6 84.13 75.36 79.51
MMA V-L 0.675M 2.2 688.5 83.20 76.80 79.87
RADA (Ours) V-L 0.921M 21.6 1296.0 85.75 78.50 81.97

Table 9: Comparison of computational efficiency and Base-to-Novel generalization performance on ImageNet.

Cost Component ImageNet EuroSAT UCF101

GPT description generation ∼12 min <1 min ∼2 min
CLIP text encoding ∼8 sec <1 sec ∼1 sec
Visual prototype extraction ∼23 sec ∼3 sec ∼5 sec
Total one-time cost ∼13 min ∼1.5 min ∼3 min
Top-K retrieval per image 0.18 ms 0.04 ms 0.06 ms

Table 10: One-time memory bank construction costs on
RTX 4090.

Average on 11 datasets

Generator Architecture Base Novel HM

Single MLP 85.59 78.10 81.67
MoP (Q-Former Experts) 85.38 78.19 81.63
RADA (LoRA Experts) 85.75 78.50 81.97

Table 11: Ablation study on the architecture of the To-
ken Generator. RADA utilizes a Mixture-of-Experts
(MoE) design with rank-8 LoRA modules.

trolled by dynamic soft gating weights. To analyze
this soft blending behavior, we visualize the av-
erage soft activation frequencies (gating weights)
of four LoRA experts on the DTD and EuroSAT
datasets, as shown in Fig. 12, revealing two key
properties:

(1)Prevention of Gating Collapse: A common
issue is weight concentration on a single expert,
degenerating into hard routing. Our results show
that the average weights of all four experts remain
around 0.25, indicating that the shared modality
aligner maintains a continuous and balanced distri-
bution, effectively leveraging the representational
capacity of the entire expert ensemble.

(2)Domain-Adaptive Soft Blending: Despite
the globally balanced distribution, the soft gat-
ing network exhibits subtle, domain-specific
weight shifts. On the unstructured DTD dataset
(Fig. 12(a)), the weight of Expert 1 is slightly en-
hanced, whereas on the structured EuroSAT dataset
(Fig. 12(b)), Expert 0’s weight increases. This
indicates that the Token generator performs fine-
grained, dynamic soft blending based on input-

(a) DTD

(b) Eurosat

Figure 12: Expert usage frequency of our token gen-
erator on DTD and EuroSAT datasets.

specific cross-modal priors, rather than executing a
static average pooling.

Effect of Retrieval Source. Table 13 compares
four retrieval strategies to assess the impact of
retrieval quality on generalization. Random re-
trieval yields the lowest HM of 78.30%, demon-
strating that semantically irrelevant memory entries
are detrimental to cross-modal adaptation. Same-
task retrieval improves HM to 79.62%, yet its re-
stricted semantic diversity fails to provide suffi-
ciently informative priors for novel-class general-
ization. Nearest-neighbor retrieval further raises
HM to 80.84% by selecting visually similar proto-
types, but the lack of LLM-enriched textual descrip-
tions limits the semantic richness of the retrieved
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Method LLM Usage DTD EuroSAT Oxford Pets
Base New HM Base New HM Base New HM

CoCoOp w/ Retrieval ✓ 75.50 57.20 65.09 83.40 68.33 75.12 94.80 95.30 95.05
MaPLe w/ Retrieval ✓ 79.27 58.73 69.07 96.00 66.20 78.36 95.20 94.70 94.95
MMA w/ Retrieval ✓ 82.30 59.20 68.86 94.70 81.20 87.44 95.60 96.53 96.06
2SFS w/ Retrieval ✓ 83.10 64.20 72.44 88.50 84.10 86.24 94.85 96.12 95.48
ProLoG ✓ 78.59 60.02 68.05 93.82 70.70 80.60 94.77 97.40 96.06
RADA (ours) ✓ 84.60 65.17 73.62 96.83 86.57 91.41 95.73 97.93 96.82

Table 12: Performance comparison of baseline methods with text retrieval on DTD, EuroSAT, and Oxford
Pets datasets.

(a) t-SNE comparisons on base classes 

Base

CLIP Ours

CLIP Ours

Novel

(b) t-SNE comparisons on novel classes 

Figure 13: t-SNE visualization of flowers102 dataset.

context. RADA’s fused key retrieval, which unifies
LLM-enhanced textual prototypes with visual pro-
totypes as joint retrieval anchors, achieves the best
HM of 81.97%. These results confirm that both se-
mantic richness and modality diversity of retrieved
priors are essential for effective cross-modal adap-
tation.

Ablation Study on Retrieval Integration. To
verify that RADA’s performance gains arise from
its dynamic adaptation mechanism rather than mere
access to an external retrieval library, we equip sev-
eral representative baselines with the same textual
retrieval component (Table 12). The results sug-
gest that retrieval itself can provide useful semantic
cues, while its effectiveness largely depends on
how the retrieved knowledge is incorporated into
the adaptation process.

For example, on EuroSAT, retrieval improves
MMA from 83.87% to 87.44% HM, primarily
through substantial gains on Base classes (85.46%

Retrieval Source Base HM

Random Retrieval 83.21 78.30
Same-Task Retrieval 84.03 79.62
Nearest-Neighbor Retrieval 84.87 80.84
RADA (Fused Key Retrieval) 85.75 81.97

Table 13: Ablation study on retrieval source strategies
(Average over 11 datasets). RADA adopts fused key re-
trieval that combines LLM-enhanced textual prototypes
with visual prototypes.

→ 94.70%), while slightly reducing New accu-
racy (82.34% → 81.20%). Similarly, 2SFS with
retrieval achieves an HM of 86.24%, indicating
that external semantic priors can indeed facilitate
generalization. However, such improvements are
often accompanied by unstable Base–New trade-
offs or inconsistent behavior across datasets. For
instance, CoCoOp exhibits a slight improvement on
New classes (56.00% → 57.20%) at the expense of
Base performance (77.01% → 75.50%), whereas
MaPLe suffers degradation on both Base and New
accuracy.

We further compare against ProLoG, which en-
hances textual descriptions through large language
models (LLMs). Although ProLoG benefits from
richer category semantics and achieves competi-
tive performance on Oxford Pets (HM = 96.06%),
it still exhibits clear limitations on datasets with
larger domain discrepancies, such as EuroSAT
(HM = 80.60%). This observation suggests that re-
lying solely on statically enriched LLM-generated
text may be insufficient to fully capture instance-
specific semantic variations and cross-dataset dis-
tribution shifts.

In contrast, RADA dynamically filters and
aligns retrieved knowledge through an input-
conditioned adaptation mechanism, yielding con-
sistently stronger and more stable performance
across all evaluated datasets. On EuroSAT, RADA
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Figure 14: Sensitivity analysis of loss weight.

achieves an HM of 91.41%, outperforming the
strongest “baseline + retrieval” variant (MMA w/
Retrieval, 87.44%) by 3.97%, and surpassing Pro-
LoG by 10.81%. These results further demonstrate
that the key to retrieval-enhanced adaptation lies
not merely in incorporating external knowledge
or relying on static LLM-generated priors, but in
dynamically aligning and integrating semantic in-
formation according to the input instance.

Comparison of t-SNE visualization on flow-
ers102 dataset. As shown in Fig 13, the t-SNE vi-
sualization of the visual feature space on the Flow-
ers102 dataset indicates that RADA substantially
improves inter-class separation. Compared with
the original CLIP, RADA’s embeddings form more
compact and well-separated clusters for each class,
demonstrating enhanced discriminative capability
for novel classes while maintaining zero-shot per-
formance.

Even for unseen classes (Novel), samples nat-
urally cluster within their corresponding regions,
reflecting a significant improvement in generaliza-
tion. These findings are consistent with the sus-
tained growth of cross-modal mutual information
observed during training, suggesting that RADA
produces more discriminative and transferable rep-
resentations in the visual feature space.

The Effectiveness of λ. The Effectiveness of λ
can be observed from the sensitivity analysis shown
in Fig. 14. Across a range of values, RADA con-
sistently achieves stable performance on both base
and novel classes, demonstrating that the frame-
work is robust to variations in the regularization
weight. While small changes in λ slightly affect the
balance between base and novel accuracy, the over-
all harmonic mean remains high, indicating that the

method reliably maintains both task adaptation and
zero-shot generalization.

The Influence of LLM Descriptions (M ). The
number of LLM-generated descriptions M governs
the semantic richness and diversity of the textual
priors injected into the multimodal memory bank.
A single description (M = 1) proves insufficient
to comprehensively capture the multi-perspective
semantics of a class, resulting in a noticeable per-
formance drop (−1.62% HM). Conversely, while
generating an excessive number of descriptions
(M ≥ 12) marginally elevates performance (peak-
ing at 82.02% HM for M = 12), the generalization
gains quickly saturate and plateau by M = 16.
Furthermore, larger M values linearly increase the
one-time API latency and computational overhead
during memory bank construction without yield-
ing proportional benefits. Consequently, we adopt
M = 8 as our default configuration to achieve an
optimal trade-off between cross-modal semantic
diversity and computational efficiency, noting that
performance remains highly stable for M ≥ 4.

D Information-Theoretic Analysis of
Cross-Modal Generalization

Remark:This section provides a structured
perspective to characterize how representa-
tion drift and cross-modal alignment jointly
constrain the generalization capability of
CLIP-based models. The analysis suggests
that MI stagnation corresponds to a stabi-
lized effective information bottleneck, and
this stability limits the model’s ability to fur-
ther improve performance in the absence of
additional changes in the geometric structure
of the representation space.

In Section 3.2, we empirically observe a strong
correlation between cross-modal mutual informa-
tion I(V ;T ) and novel-class generalization per-
formance (Fig. 1(c)). This appendix develops a
conditional information-theoretic interpretation of
this phenomenon. Rather than aiming for a univer-
sal statement, we characterize how representation
stability and cross-modal alignment jointly shape
generalization behavior under standard modeling
assumptions.
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M Base Novel HM ∆ HM

1 84.21 76.83 80.35 −1.62
4 85.30 77.91 81.44 −0.53

8 (default) 85.75 78.50 81.97 —
12 85.82 78.53 82.02 +0.05
16 85.78 78.47 81.97 0.00

Table 14: Sensitivity analysis of the number of LLM
descriptions M per class. Performance is stable for
M ≥ 4.

D.1 Formal Setup

We consider test-time inference on the novel distri-
bution and define the following random variables:

• Y ∈ Ynovel: class label, assumed uniformly dis-
tributed over novel categories.

• X ∈ X : input image sampled from P (X|Y ).

• V = fv(X) ∈ Rd: visual representation pro-
duced by the adapted encoder.

• V0 = f0
v (X): zero-shot CLIP visual representa-

tion.

• T Y = gt(Y ) ∈ Rd: text prototype of the ground-
truth class, obtained from a frozen text encoder.

• T = {gt(c)}|Y|
c=1: fixed prototype set used for

classification.

• Ŷ = argmaxc cos(V, gt(c))/τ : prediction rule
induced by similarity matching.

All prototypes are fixed at inference time, and
randomness only arises from (X,Y ).

D.2 Valid Markov Chain and DPI

Proposition D.1 (Inference-Time Markov Struc-
ture). At test time, the variables satisfy the Markov
chain:

Y → X → V → Ŷ . (17)

Proof. Since V = fv(X) is deterministic, the de-
pendence Y → X → V holds directly from the
data generation process. Moreover, Ŷ is fully deter-
mined by V and the fixed prototype set T , which
is non-random at inference time. Hence,

P (Ŷ | X,V ) = P (Ŷ | V ), (18)

which establishes V → Ŷ and thus the full Markov
chain.

We explicitly avoid introducing the chain Y →
(V, T Y ) → Ŷ , since prediction depends on the full
prototype set rather than the single true-class em-
bedding. Applying the Data Processing Inequality
yields:

I(Y ; Ŷ ) ≤ I(Y ;V ). (19)

D.3 Representation Drift and Cross-Modal
Proxy

The bound in Eq. (19) depends on I(Y ;V ), which
is not directly observable in practice. We therefore
relate it to the empirically measurable cross-modal
mutual information I(V ;T Y ) through representa-
tion stability considerations.

Lemma D.2 (Drift-Induced Information Stability).
Let V0 denote the zero-shot representation and V
the adapted representation. Define the expected
drift:

δ = EX∥V − V0∥. (20)

Then there exists a non-decreasing function ϵ(δ)
with ϵ(0) = 0 such that

|I(Y ;V )− I(Y ;V0)| ≤ ϵ(δ). (21)

Proof sketch. The result follows from standard con-
tinuity properties of mutual information under
Wasserstein perturbations. Since V and V0 are
deterministic transformations of X , their induced
distributions satisfy W1(PV , PV0) ≤ δ. Lipschitz
continuity of mutual information then implies the
stated bound.

This lemma formalizes a simple intuition: rep-
resentation drift controls how much label-relevant
information can deviate from its zero-shot baseline.

Lemma D.3 (CLIP Alignment Prior). Under con-
trastive pretraining, the zero-shot encoder satisfies:

I(Y ;V0) ≤ I(V0;T
Y ) + ϵ0, (22)

where ϵ0 captures the gap between cross-modal
alignment and label information in the learned
representation space.

This reflects the fact that CLIP primarily encodes
class information through alignment between vi-
sual and textual embeddings.

D.4 Conditional Generalization Bound
Theorem D.4 (Drift-Aware Generalization Bound).
Under Lemmas D.2 and D.3, the error probability
Pe satisfies:

Pe ≥
H(Y )− I(V ;T Y )− ϵ(δ)− 1

log |Ynovel|
. (23)
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Method I(V ;T ) Pe Bound Pe Actual

CLIP 1.31 0.197 0.258
MaPLe 1.28 0.207 0.285
MMA 1.34 0.187 0.232
RADA 1.52 0.127 0.215

Table 15: Non-vacuity verification of the bound.

Proof. Fano’s inequality gives:

Pe ≥
H(Y )− I(Y ; Ŷ )− 1

log |Ynovel|
.

Using DPI and Lemmas D.2–D.3, we bound
I(Y ; Ŷ ) by I(V ;T Y ) + ϵ(δ), which yields the re-
sult.

D.5 MI Stagnation as Representation
Limitation

Corollary D.5 (Stagnation-Induced Error Floor).
If training converges such that I(V ;T Y ) → I∗

and δ → δ∗, then

Pe ≥
H(Y )− I∗ − ϵ(δ∗)− 1

log |Ynovel|
. (24)

This indicates that once cross-modal alignment
and representation drift stabilize, the generalization
lower bound also becomes fixed, limiting further
improvements.

Corollary D.6 (Necessity of MI Improvement). A
necessary condition for improving over zero-shot
performance is:

I(V ;T Y ) > I0 −∆ϵ. (25)

D.6 Non-Vacuity
For |Ynovel| = 8, we have H(Y ) = 3 bits. With
ϵ(δ) ≤ 0.1, the bound is non-vacuous when
I(V ;T Y ) < 1.9 bits, which is satisfied across all
evaluated datasets ([1.2, 1.6] bits).
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Dataset Prompt Templates

ImageNet-Sketch "Describe how a black and white sketch of {} {} looks like", "Describe a black
and white sketch of {} {}"

ImageNet-Rendition "Describe an art drawing of {} {}", "Describe artwork showing {} {}", "Describe
a cartoon {} {}", "Describe an origami of {} {}", "Describe a deviant art photo
depicting {} {}", "Describe an embroidery of {} {}", "Describe a graffiti art
showing {} {}", "Describe a painting of {} {}", "Describe a sculpture of {} {}",
"Describe a black and white sketch of {} {}", "Describe a toy {} {}", "Describe
a videogame of {} {}"

Caltech101 "Describe what {} {} looks like.", "What does {} {} look like.", "Describe the
shapes and structures of {} {}", "Describe the color and patterns of {} {}"

Stanford Cars "How can you identify {} {}", "Description of {} {}, a type of car", "A
caption of a photo of {} {}:", "What are the primary characteristics of
{} {}?", "Description of the exterior of {} {}", "What are the identifying
characteristics of {} {}, a type of car?", "Describe an image of {} {}", "What
does {} {} look like?", "Describe what {} {}, a type of car, looks like"

Food101 "Visually describe {} {}", "Describe what {} {} looks like", "Describe a photo
of {} {} with distinctive visual features", "How can you tell that the food in
a photo is {} {}?"

OxfordPets "Describe what {} {} pet looks like", "Visually describe {} {}, a type of pet"
ImageNet-1K "Describe a photo of {} {}", "Describe what {} {} looks like", "How can you

identify {} {}?", "What does {} {} look like?", "Describe a photo of {} {} with
distinctive visual features", "A caption of an image of {} {}:", "Describe the
shapes and structures of {} {}", "Describe the color and patterns of {} {}",
"Describe the overall appearance of {} {}"

FGVC Aircraft "Describe {} {} aircraft"
DTD "What does {} {} material look like? Please explain the characteristics and

provide examples of where it is typically found.", "What does {} {} surface
look like? Please explain the characteristics and provide examples of where
it is typically found.", "What does {} {} texture look like? Please explain
the characteristics and provide examples of where it is typically found.",
"What does {} {} object look like? Please explain the characteristics and
provide examples of where it is typically found.", "What does {} {} thing look
like? Please explain the characteristics and provide examples of where it
is typically found.", "What does {} {} pattern look like? Please explain the
characteristics and provide examples of where it is typically found."

SUN397 "Describe what {} {} looks like", "How can you identify {} {}?", "Describe a
photo of {} {} with distinctive visual features"

Flowers102 "What does {} {} flower look like", "Describe the appearance of {} {}", "A
caption of an image of {} {}", "Visually describe {} {}, a type of flower"

UCF101 "What does a person doing {} look like", "Describe the process of {}", "How
does a person {}"

EuroSAT "Describe a satellite image of {} {}", "Describe an aerial view of {} {}",
"What does {} {} look like from a satellite perspective?", "Describe the land
use type {} {} in a remote sensing image", "How can you identify {} {} in
a satellite image?", "Describe the visual characteristics of {} {} in remote
sensing imagery"

Table 16: Prompt templates used for different datasets during the GPT generation. “{}” denotes the class name and
its attribute placeholder.
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Average across datasets
Method Base Novel HM

CLIP 69.34 74.22 71.70
CoOp 82.69 63.22 71.66
CoCoOp 80.47 71.69 75.83
MaPLe 82.28 75.14 78.55
PromptSRC 84.26 76.10 79.97
MMA 83.20 76.80 79.87
APEX 83.99 76.76 80.04
2SFS 85.55 75.48 80.20
RMAdapter 84.52 77.36 80.62
ProLoG 84.77 76.89 80.64
RADA 85.75 78.50 81.97
95% confidence interval ±0.17 ±0.30 ±0.14

ImageNet
Method Base Novel HM

CLIP 72.43 68.14 70.22
CoOp 76.47 67.88 71.92
CoCoOp 75.98 70.43 73.10
MaPLe 76.66 70.54 73.47
PromptSRC 77.60 70.73 74.01
MMA 77.31 71.00 74.02
APEX 77.12 71.10 73.99
2SFS 77.71 70.99 74.20
RMAdapter 77.87 71.50 74.52
ProLoG 78.25 70.51 74.18
RADA 77.60 71.70 74.53
95% confidence interval ±0.17 ±0.06 ±0.06

Caltech101
Method Base Novel HM

CLIP 96.84 94.00 95.40
CoOp 98.00 89.81 93.73
CoCoOp 97.96 93.81 95.84
MaPLe 97.74 94.36 96.02
PromptSRC 98.10 94.03 96.02
MMA 98.40 94.00 96.15
APEX 98.18 95.06 96.59
2SFS 98.71 94.43 96.52
RMAdapter 98.40 94.27 96.26
ProLoG 98.18 94.65 96.38
RADA 99.10 95.20 97.11
95% confidence interval ±0.15 ±0.35 ±0.19

Oxford Flowers
Method Base Novel HM

CLIP 72.08 77.80 74.83
CoOp 97.60 59.67 74.06
CoCoOp 94.87 71.75 81.71
MaPLe 95.92 72.46 82.56
PromptSRC 98.07 76.50 85.95
MMA 97.77 75.93 85.48
APEX 97.47 77.58 86.40
2SFS 98.29 76.17 85.83
RMAdapter 98.10 77.47 86.52
ProLoG 98.10 77.48 86.58
RADA 98.67 77.77 86.98
95% confidence interval ±0.35 ±0.25 ±0.13

Oxford Pets
Method Base Novel HM

CLIP 91.17 97.26 94.12
CoOp 93.67 95.29 94.47
CoCoOp 95.20 97.69 96.43
MaPLe 95.43 97.76 96.58
PromptSRC 95.33 97.30 96.30
MMA 95.40 98.07 96.72
APEX 95.11 97.27 96.18
2SFS 95.32 97.82 96.55
RMAdapter 95.70 98.10 96.89
ProLoG 95.92 98.01 96.95
RADA 95.73 97.93 96.82
95% confidence interval ±0.15 ±0.07 ±0.09

Stanford Cars
Method Base Novel HM

CLIP 63.37 74.89 68.65
CoOp 78.12 60.40 68.13
CoCoOp 70.49 73.59 72.01
MaPLe 72.94 74.00 73.47
PromptSRC 78.27 74.97 76.58
MMA 78.50 73.10 75.70
APEX 80.53 75.08 77.71
2SFS 82.50 74.80 78.46
RMAdapter 80.60 75.10 77.75
ProLoG 80.78 73.77 77.12
RADA 80.37 77.57 78.95
95% confidence interval ±0.28 ±0.13 ±0.10

Food 101
Method Base Novel HM

CLIP 90.10 91.22 90.66
CoOp 88.33 82.26 85.19
CoCoOp 90.70 91.29 90.99
MaPLe 90.71 92.05 91.38
PromptSRC 90.67 91.53 91.10
MMA 90.13 91.30 90.71
APEX 89.60 92.06 90.81
2SFS 89.11 91.34 90.21
RMAdapter 90.53 91.67 91.10
ProLoG 90.68 91.86 91.27
RADA 91.10 91.77 91.43
95% confidence interval ±0.15 ±0.07 ±0.07

FGVC Aircraft
Method Base Novel HM

CLIP 27.19 36.29 31.09
CoOp 40.44 22.30 28.75
CoCoOp 33.41 23.71 27.74
MaPLe 37.44 35.61 36.50
PromptSRC 42.73 37.87 40.15
MMA 40.57 36.33 38.33
APEX 42.69 35.21 38.59
2SFS 47.48 35.51 40.63
RMAdapter 43.20 37.20 39.76
ProLoG 43.43 37.76 40.39
RADA 46.97 38.43 42.27
95% confidence interval ±0.45 ±0.60 ±0.35

SUN 397
Method Base Novel HM

CLIP 69.36 75.35 72.23
CoOp 80.60 65.89 72.51
CoCoOp 79.74 76.86 78.27
MaPLe 80.82 78.70 79.75
PromptSRC 82.67 78.47 80.52
MMA 82.27 78.57 80.38
APEX 81.17 78.98 80.06
2SFS 82.59 78.91 80.70
RMAdapter 82.87 79.97 81.39
ProLoG 83.02 78.76 80.83
RADA 83.90 79.57 81.68
95% confidence interval ±0.09 ±0.15 ±0.06

DTD
Method Base Novel HM

CLIP 53.24 59.90 56.37
CoOp 79.44 41.18 54.24
CoCoOp 77.01 56.00 64.85
MaPLe 80.36 59.18 68.16
PromptSRC 83.37 62.97 71.75
MMA 83.20 65.63 73.38
APEX 82.45 63.80 71.94
2SFS 84.60 65.01 73.52
RMAdapter 83.37 66.73 74.09
ProLoG 83.20 64.40 72.59
RADA 84.60 65.17 73.62
95% confidence interval ±0.40 ±0.85 ±0.45

EuroSAT
Method Base Novel HM

CLIP 56.48 64.05 60.03
CoOp 92.19 54.74 68.69
CoCoOp 87.49 60.04 71.21
MaPLe 94.07 73.23 82.35
PromptSRC 92.90 73.90 82.32
MMA 85.46 82.34 83.87
APEX 92.83 79.89 85.88
2SFS 96.91 67.09 79.29
RMAdapter 92.17 78.33 84.69
ProLoG 93.87 78.86 85.67
RADA 96.83 86.57 91.41
95% confidence interval ±0.65 ±2.10 ±1.10

UCF101
Method Base Novel HM

CLIP 70.53 77.50 73.85
CoOp 84.69 56.05 67.46
CoCoOp 82.33 73.45 77.64
MaPLe 83.00 78.66 80.77
PromptSRC 87.10 78.80 82.74
MMA 86.23 80.03 82.20
APEX 86.74 78.37 82.34
2SFS 87.85 78.19 82.74
RMAdapter 86.87 80.63 83.63
ProLoG 87.09 79.77 83.27
RADA 88.43 81.80 84.99
95% confidence interval ±0.40 ±0.65 ±0.42

Table 17: Base-to-novel generalization performance on 11 datasets with Vit-B/16 visual backbone. HM
indicates Harmonic Mean. The best results are bolded, the second-best are underlined, and our proposed method
RADA is highlighted.
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Average across datasets
Method Base Novel HM

CLIP 67.27 71.68 69.41
MMA 78.69 71.04 74.67
2SFS 82.32 71.23 76.37
RADA 82.52 74.25 78.17

ImageNet
Method Base Novel HM

CLIP 67.49 64.06 65.73
MMA 72.53 65.77 68.98
2SFS 72.52 66.62 69.44
RADA 72.41 67.33 69.78

Caltech101
Method Base Novel HM

CLIP 94.06 94.00 94.03
MMA 97.20 92.63 94.86
2SFS 97.83 93.30 95.51
RADA 98.22 94.07 96.10

Oxford Flowers
Method Base Novel HM

CLIP 72.36 73.69 73.02
MMA 95.50 71.57 81.82
2SFS 96.64 70.02 81.20
RADA 97.02 71.62 82.41

Oxford Pets
Method Base Novel HM

CLIP 90.64 96.87 93.65
MMA 93.77 96.30 95.02
2SFS 93.18 95.56 94.35
RADA 93.59 95.67 94.62

Stanford Cars
Method Base Novel HM

CLIP 60.72 69.74 64.92
MMA 73.73 69.27 71.43
2SFS 78.21 70.30 74.04
RADA 76.08 73.07 74.54

Food 101
Method Base Novel HM

CLIP 85.30 86.89 86.09
MMA 85.77 87.13 86.44
2SFS 84.75 87.37 86.04
RADA 86.74 87.80 87.27

FGVC Aircraft
Method Base Novel HM

CLIP 21.25 29.27 24.62
MMA 31.77 28.73 30.17
2SFS 39.12 30.85 34.50
RADA 38.61 33.77 36.03

SUN 397
Method Base Novel HM

CLIP 69.80 73.01 71.37
MMA 80.27 76.57 78.38
2SFS 81.11 78.02 79.53
RADA 82.42 78.68 80.51

DTD
Method Base Novel HM

CLIP 54.17 58.21 56.12
MMA 79.50 57.00 66.40
2SFS 80.09 54.63 64.95
RADA 80.09 54.79 65.07

EuroSAT
Method Base Novel HM

CLIP 55.14 69.77 61.60
MMA 71.83 62.97 67.11
2SFS 96.80 62.68 76.09
RADA 96.72 82.16 88.84

UCF101
Method Base Novel HM

CLIP 69.08 72.96 70.97
MMA 83.77 73.47 78.28
2SFS 85.25 74.15 79.31
RADA 85.83 77.76 81.60

Table 18: Base-to-novel generalization performance on 11 datasets with ViT-B/32 visual backbone. HM
indicates Harmonic Mean. The best results are bolded, and our proposed method RADA is highlighted.
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Average across datasets
Method Base Novel HM

CLIP 76.18 80.08 78.08
MMA 85.70 79.06 82.25
2SFS 89.05 79.64 84.08
RADA 89.26 82.66 85.83

ImageNet
Method Base Novel HM

CLIP 79.18 74.04 76.53
MMA 83.17 76.73 79.82
2SFS 83.11 76.98 79.93
RADA 83.00 77.69 80.23

Caltech101
Method Base Novel HM

CLIP 95.61 95.41 95.51
MMA 98.60 95.97 97.27
2SFS 98.82 96.69 97.74
RADA 99.21 97.46 98.33

Oxford Flowers
Method Base Novel HM

CLIP 80.34 83.05 81.67
MMA 99.00 80.20 88.61
2SFS 98.99 80.73 88.93
RADA 99.37 82.33 90.05

Oxford Pets
Method Base Novel HM

CLIP 93.78 96.53 95.14
MMA 96.23 98.70 97.45
2SFS 96.74 98.64 97.68
RADA 97.15 98.75 97.94

Stanford Cars
Method Base Novel HM

CLIP 74.56 84.65 79.29
MMA 85.27 83.80 84.53
2SFS 87.46 84.56 85.99
RADA 85.33 87.33 86.32

Food 101
Method Base Novel HM

CLIP 93.75 94.82 94.28
MMA 94.23 95.10 94.66
2SFS 93.59 94.93 94.26
RADA 95.58 95.36 95.47

FGVC Aircraft
Method Base Novel HM

CLIP 37.52 44.21 40.59
MMA 50.00 42.47 45.93
2SFS 59.76 43.59 50.41
RADA 59.25 46.51 52.11

SUN 397
Method Base Novel HM

CLIP 73.23 77.71 75.40
MMA 85.03 81.77 83.37
2SFS 85.57 82.24 83.87
RADA 86.88 82.90 84.84

DTD
Method Base Novel HM

CLIP 59.14 67.87 63.21
MMA 85.23 70.77 77.33
2SFS 87.35 70.73 78.17
RADA 87.35 70.89 78.26

EuroSAT
Method Base Novel HM

CLIP 70.93 82.90 76.45
MMA 77.33 62.77 69.29
2SFS 98.41 64.69 78.06
RADA 98.33 84.17 90.70

UCF101
Method Base Novel HM

CLIP 79.94 79.66 79.80
MMA 88.60 81.37 84.83
2SFS 89.80 82.24 85.85
RADA 90.38 85.85 88.06

Table 19: Base-to-novel generalization performance on 11 datasets with ViT-L/14 visual backbone. HM
indicates Harmonic Mean. The best results are bolded, and our proposed method RADA is highlighted.
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