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Abstract

Pretrained vision-language models (VLMs), such as CLIP,
achieve remarkable zero-shot performance, yet their down-
stream potential hinges on effective fine-tuning. Most adap-
tation methods typically focus on refining representation
from separate modalities (text or vision) but neglect the
critical role of their fused representations in the decision-
making process, i.e. rational matrix that drives the final
prediction [5]. To bridge the gap, we propose a simple
yet effective Rational Adaptaion (RAda) to explicitly exploit
the final fused representation during fine-tuning. RAda em-
ploys a learned mask, obtained from a lightweight attention
layer attached at the end of a VLM, to dynamically calibrate
the contribution of each element in the rational matrix, en-
abling targeted adjustments to the final cross-modal inter-
actions without incurring costly modifications to interme-
diate features. Experiments in different settings (i.e. updat-
ing, or freezing pretrained encoders in adaptation, and test-
time training that can only access the unlabeled test data)
show that RAda serves as a versatile fine-tuning technique,
improving the baseline with minimal code and performing
comparably against current arts in most settings. Code is
available at github.com/khufia/RAda.

1. Introduction

Recent foundation models trained on multiple modali-
ties (e.g. vision, language, audio) have demonstrated ex-
ceptional generalization across diverse tasks. Among
these, vision-language models (VLMs) like CLIP [30] and
ALIGN [19], pretrained on large-scale image-text pairs,
achieve remarkable zero-shot classification by aligning in-
put images with text prompts. This alignment is mea-
sured by the similarity between image and text represen-
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Figure 1. Comparisons between fine-tuning ideas for VLMs that
incorporate new parameters. Blue and green blocks denote fixed
encoders and learnable parameters. Unlike previous arts that focus
on intermediate features from separate modalities, we aim at the
fused representations in the final decision-making process, adjust-
ing the corresponding rational matrix [5] to achieve adaptation.

tations, with the closest match determining the prediction.
Thanks to the rich supervision provided by the diverse data
pairs, such “zero-shot” classifiers can reason about open-
vocabulary visual concepts and obtain impressive robust-
ness to many distribution shifts. Nevertheless, in many oc-
casions, it is still beneficial that pretrained VLMs can be
adapted to the given data distribution through fine-tuning.

There are several different fine-tuning strategies applica-
ble for VLMs when the source data is available. Besides
fine-tuning within the standard practice of transfer learn-
ing, which updates all parameters [15, 23] or only the clas-
sification head, some recent methods suggest altering the
original text or visual representations by tuning newly in-
troduced parameters. Ideas are achieved by either incorpo-
rating learnable prompts as an addition to alter the origi-
nal input embeddings [20, 33, 48, 54, 55] (i.e. prompt tun-
ing, as seen in Figure 1 (a)), or inserting lightweight learn-
able parameters within the encoders to modify their out-
puts [8, 12, 14, 26, 36, 51] (i.e. adapter tuning, as seen in
Figure 1 (b)). Despite their distinct settings, most meth-
ods treat the text or visual features in isolation, overlook-
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ing a fundamental aspect of the VLM decision-making: the
two features are not independently meaningful, as the final
prediction emerges from the interaction of both modalities.
This motivates the needs to explicitly emphasize the fused
representation in fine-tuning.

A recent art [21] attempts to address this issue by foster-
ing mutual synergy between the two modalities on the ba-
sis of combining vision [20] and text [55] prompt tunings.
While the art shows leading performance in specific scenar-
ios, it incurs relatively large computational overhead due to
its requirement for both encoders to actively participate in
the intermediate prompt updating steps. More critically, the
reliance on both encoders will restrict its applicability when
confronting non-ViT-based [11] architectures or in a stan-
dard transfer learning paradigm [23], diminishing its prac-
tical utility in diverse fine-tuning settings.

To address these challenges, we suggest leveraging
fused information from the final decision-making process to
achieve lightweight and encoder-agnostic adaptation. Un-
fortunately, in conventional VLMs like CLIP, fused repre-
sentation at the final stage will be buried within the similar-
ity calculation, rendering it difficult to be accessed directly.
To explicitly surface the buried information, we extend the
concept of rational matrix [5], which is originally developed
for the classical classifying system, to VLMs. In its classi-
cal form, the rational matrix is defined as the entry-wise
product between the feature vector and classifier weights,
aiming to describe associations between each feature ele-
ment and classifier weights during prediction. Extended to
VLMs, this concept depicts the fine-grained interaction be-
tween visual and textual representations, where the text en-
coder’s output (acting as classifier weights) interacts with
the image encoder’s output (the feature vector) to form a
fused representation that governs the final prediction, mak-
ing it inherently suited for capturing fused information at
the VLM decision-making stage. Through a rational matrix
adaptation (see Figure 1 (c)), we can thus learn complemen-
tary information from a cross-modal perspective, resulting
in a more holistic understanding of the data compared to
ideas that consider the different modalities in isolation (em-
pirical and theoretical supports are provided in Sec. 5.1 and
the supplementary material, respectively).

We adopt a streamlined implementation for RAda.
Specifically, we propose using a mask, obtained via a
lightweight attention layer at the end, to dynamically ad-
just the contribution of each rational elements for achiev-
ing adaptation1. In our design, a multi-query setting is em-
ployed for the attention layer to fully exploit all available in-
formation, where multiple queries (i.e., image features, text
features, and the rational matrix) are applied to the same key
and value (i.e. the rational matrix), with outputs averaged
across all queries. The initial prediction can then be adapted

1In the original CLIP, contributions are all 1 for different elements.

by taking the entry-wise product between the original ra-
tional matrix and the learned mask. Our method is easy
to implement, requiring minimal code upon the baseline
CLIP (see Algorithm 1). Unlike [21], RAda does not mod-
ify intermediate features or require encoder participation,
which not only reduces computational overhead but also
ensures broader applicability in various fine-tuning settings
(detailed comparisons with [21] are provided in Sec. 5.2).

To comprehensively evaluate RAda, besides the settings
with source data (i.e. (1) full fine-tuning (FFT) that updates
all parameters; (2) efficient fine-tuning (EFT) that updates
only the rational adapter with frozen encoders), we also
evaluate it in a setting when source data is unavailable (i.e.
(3) test-time training (TTT) that tunes the rational adapter
with unlabeled test data). We observe that RAda exhibits
consistent improvements over the baseline in all three set-
tings and perform favorably against existing arts in most
scenarios, demonstrating its versatileness and effectiveness
in the VLM fine-tuning task. Meanwhile, we also show that
existing fine-tuning ideas and RAda are not mutually exclu-
sive, rather, their integration shows further improvements.

Main contributions of this work are three-fold:
• We propose rational adaptation, a novel method that ex-

tends the concept of rational matrix from the classical
classifying system to VLMs, to favorably focus on the
fused text and visual representations at the final decision-
making process during fine-tuning.

• We offer a simple and lightweight implementation for
RAda, fulfilled by attaching a single attention layer at the
end to learn contributions for different rational elements.
This design can be seamlessly integrated into most train-
ing pipelines with minimal code.

• We conduct extensive experiments in three mainstream
fine-tuning settings to evaluate RAda. We observe that
RAda is a versatile fine-tuning idea that can consistently
benefit the baseline, and it can obtain comparable perfor-
mance against existing arts in most settings.

2. Related Work
Vision-Language models. Previous studies have demon-
strated the effectiveness of using text supervision for var-
ious vision tasks [19, 24, 30, 45, 46, 49, 52]. Attributed
to the large-scale training data from the web, current VLMs
can achieve astonishing results on a wide spectrum of vision
tasks without any fine-tuning [19, 30]. Similar to prevailing
fine-tuning methods [14, 15, 33, 54], our implementation
builds on the pretrained CLIP, aiming to enhance its perfor-
mance across various fine-tuning strategies.
Fine-tuning strategies. We briefly review some of the fine-
tuning arts by categorizing them into the following types.

The first common paradigm for fine-tuning is FFT. While
it can effectively adapt models to a new distribution, the
overfitting problem remains the primary concern in the liter-
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ature, causing compromised robustness in diverse tasks [4,
6, 7, 23]. Several ideas have been proposed lately to mit-
igate the issue, including LP-FT [23] that conducts linear
probing (LP) and fine tuning (FT) in a sequential manner,
and weight ensemble [40] that combines weights of both the
fine-tuned and pretrained models. We extend the sequential
training strategy in LP-FT for RAda, where we first train the
rational adapter as initialization and then finetune all param-
eters. Our experiments indicate that RAda can better help
ease the overfitting problem than previous arts while main-
taining comparable effectiveness in the training distribution.

The second idea that has been widely explored is EFT,
which fixes encoders during updating. The key in EFT is to
introduce new learnable parameters for adaptation. Inspired
by CoOp [55], a wide range of nascent studies use learn-
able prompts in the vision or text encoders as additional in-
puts [20, 21, 33, 48, 54]. Adapter tuning also shows its ef-
fectiveness in fine-tuning [8, 12, 14, 26, 32, 36, 51], aiming
to modify the original model by inserting layers to act on
the input representations, unlike prompt tuning which mod-
ifies the inputs themselves. RAda can be extended to EFT
by tuning only the rational adapter. Unlike previous ideas,
it specifically focuses on the fused representations, aiming
for a more holistic understanding of the new data.

The last is the emerging TTT that updates the model in
the test phase. The idea is to leverage a self-supervised task
to update the model with test samples on the fly [25, 35, 38].
The concept has been explored in some recent studies to
fully uncover the zero-shot potential of CLIP [1, 33, 47, 53],
with most approaches focusing on updating newly intro-
duced parameters (i.e. prompts) for CLIP using the com-
binations of a basic entropy minimization task [38] and
other hand-crafted objectiveness, such as distribution align-
ment [1] or advanced feedback from a larger model [53]. In
line with these efforts, we update the rational adapter during
test using the same entropy minimization objective.

To the best of our knowledge, this work represents a pi-
oneering effort to explore and adapt a fine-tuning idea that
can contribute effectively in all three fine-tuning settings.

3. Methodology

3.1. Preliminary

Our method is built upon a representative VLM, CLIP,
which includes two parallel encoders for mapping the text
and visual inputs into feature vectors. We denote the text
and visual encoders as Ft and Fv and their pretrained pa-
rameters as θt and θv , respectively. Considering a K-
class classification task in the fine-tuning process, the vi-
sual representation f ∈ RD for a given input image I ∈
RC×H×W can be simply obtained via f = Fv(I, θv),
and the text representations h ∈ RK×D are decided upon
shared prefixed text prompts p for different predictions.

A photo of 
a    dog

text
Encoder

f1h{1,1} f1h{2,1} ... f1h{K,1}

f2h{1,2} f2h{2,2} ... f2h{K,2}

... ... ...

fDh{1,�} fDh{2,D} ... fDh{K,D}

h1 h2 ... hK

image
Encoder f

...

Figure 2. Rational matrix [5] in the CLIP decision-making process
for a given image, where predictions (i.e. logits) are computed by
summing each column. It fuses text and visual features and pro-
vides a fine-grained characterization of different predictions.

For instance, a commonly-used p =“a photo of a” can be
adopted as the prefix prompts, and each text representation
hi ∈ RD is then obtained via hi = Ft([p,Yi], θt), given
Y = {Y1,Y2, ...,YK} the category-specific texts for all K
classes, and [p,Yi] = “a photo of a [class]” being a direct
concatenate of p and Yi.

Similar to that in pretraining CLIP, the objective in fine-
tuning is still contrastive learning. Take the updating of θv
as an example, the goal is to align the input f with its corre-
sponding text description h∗ while away from others, which
can be formulated as minimizing the following,

Lmain = − log
exp(< f , h∗ >)∑K
i=1 exp(< f , hi >)

, (1)

where f and h are the l2 normalized f and h, <, > returns
the inner product for two vectors. In evaluation, the class
k that with the largest logit < f , hk > is considered the
true prediction. Note that in the pretraining process, Lmain

should be considered with another contrastive case where
each text representation would correspond to different vi-
sual features, and the alignment is to ensure they are paired
with the correct visual targets, same as that in Eq. (1).

3.2. Rational Matrix in CLIP
The default design in Eq. (1) cannot characterize fine-
grained associations between f and h as it leads directly
to the coarse final result. To surface the fused information
from the two modalities, we suggest extending the concept
of rational matrix [5] to CLIP. The rational matrix is re-
garded as a fine-grained characterization of the decision-
making process in [5]. The concept is originally introduced
within the classical classification system, where a linear
classifier is involved for computing logits from the obtained
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image feature f : given the classifier W ∈ RD×K and ratio-
nal matrix R̂ ∈ RK×D, the logit value for the i-th class is
oi =< f , W{,i} >=

∑D
j=1 fjW{j,i} =

∑D
j=1 R̂{i,j}.

In CLIP, the text feature h plays the same role as the
“classifier” W when calculating the similarity (i.e. the log-
its computation process). When studying the decision-
making process in CLIP (with the same f ), we can corre-
spondingly depict it with a rational matrix R ∈ RK×D as,

R⊤ =


f1h{1,1} f1h{2,1} . . . f1h{K,1}
f2h{1,2} f2h{2,2} . . . f2h{K,2}

...
...

. . .
...

fDh{1,D} fDh{2,D} . . . fDh{K,D}

 . (2)

Similarly, the i-th logit in the CLIP result can be represented
as

∑D
j=1 R{i,j}. An example of obtaining R for an image

is provided in Figure 2. R encodes the interactions between
the visual and textual features in the final decision-making
process of CLIP, manifesting the fine-grained fused infor-
mation at the final stage. Compared to the isolated f and h,
it offers a more holistic understanding of the data by inte-
grating information from both modalities.

By depicting the final-decision making process with the
rational matrix, objective in Eq. (1) can be rewritten as,

Lmain ≜ − log
exp(< 1D,R∗ >)∑K
i=1 exp(< 1D,Ri >)

, (3)

where 1D is a D-dimensional all-one vector. Note that re-
formulating Eq. (1) to Eq. (3) does not introduce any addi-
tional parameters. We show in the following that the new
formulation in Eq. (3) can provide a new perspective for
adaptation in the fine-tuning process with minimum cost.

3.3. Rational Adaptation in Fine-Tuning CLIP
Unlike previous methods [14, 20, 26, 54] that use various
forms to extract complementary text or visual information
from the new data while processing them in isolation, we
suggest a new fine-tuning idea by adapting the correspond-
ing rational matrix, which can specifically leverage fused
representations from different modalities. Specifically, we
adopt a learned mask M, which is with continuous values
and with the same shape as R, to dynamically calibrate con-
tributions of each rational element in making the final pre-
dictions. Formally, with the adaptive M, the contrastive
objective in Eq. (3) is evolved into,

Ladapt = − log
exp(< 1D, (M ◦R)∗ >)∑K
i=1 exp(< 1D, (M ◦R)i >)

, (4)

where ◦ denotes the Hadamard product.
Eq. (4) can be seamlessly extended to the entropy min-

imization task in test-time fine-tuning [38] as well, where

Algorithm 1 PyTorch-style pseudocode for RAda in EFT.

# CLIP_encoder: Include vision and text encoders
# Attn: Attention layer
# I[BxHxWxC]: Batch of visual inputs
# T[KxL]: Text inputs in forms of "a photo of a []"

# extract and normalize features of each modality
f, h = CLIP_encoder(I, T) #BxD, KxD
f_n, h_n = l2_norm(f, 1), l2_norm(h, 1)

# compute the rational matrix and the mask
f_e = f_n.unsqueeze(1).repeat(1,K,1) #BxKxD
h_e = h_n.unsqueeze(0).repeat(B,1,1) #BxKxD
R = f_e * h_e
M = Attn(query=[f_e, h_e, R], key=R, value=R) #BxKxD

# obtain adapted results, baseline CLIP is with M=1
logits = torch.sum(M * R, -1) #BxK

# compute the loss
L_main = cross_entropy_loss(logits, label)
L_reg = mse_loss(M, 1)

the ground-truth h∗ is unavailable. By tuning M, we can
formulate the main objective in TTT as,

Lttt = −
K∑

j=1

pj log pj , s.t. pj =
exp(< 1D, (M ◦R)j >)∑K
i=1 exp(< 1D, (M ◦R)i >)

.

(5)
Adaptively Learning M. To adapt R w.r.t different in-
puts, we suggest obtaining M through a learnable function
Fm, with θm denoted as its parameter. Considering that
the original “classifier”, i.e. the text embeddings h, does
not account for the presence of other to-be-distinguished
classes when making a prediction, we suggest incorporating
an attention mechanism [37] for implementing Fm, with the
original R as the input query, key, and value, enabling inter-
actions between rationale elements from different classes.
Meanwhile, to account for the original information embed-
ded in different modalities, we suggest also using the image
and text features {f , h} as additional queries for Fm, help-
ing it to learn more nuanced relationships and dependencies
across the different rational elements. In our implementa-
tion, we use different projectors for the different queries
{f ,h,R}. The result is then computed from the average
attention weight of these queries,

M′ = Fm({f ,h,R}, θm)

= (sfm(
QfK

⊤
√
dK

) + sfm(
QhK

⊤
√
dK

) + sfm(
QRK⊤
√
dK

))
V

3

s.t. Qx = W⊤
x x, K = W⊤

k R, V = W⊤
v R,

(6)

where sfm(·) denotes the softmax function, Wx is the linear
projector for the corresponding query x; Wk and Wv are
the key and value projectors. We omit the last projection
layer in Fm, which are zero-initialized in all three settings,
and we use M = M′ + 1K×D for implementation. These
designs ensure M = 1K×D in the first updating step, and it
does not affect the initial predictions of CLIP.
Regularization for M. Although fine-tuning can improve
the in-domain (ID) accuracy, it inevitably diminishes the
strong zero-shot capabilities of the original CLIP model. As
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Table 1. Evaluations in the FFT setting. Results with † are
reevaluated in our device, others are from FLYP [15] 2.

Training in Imagenet
Methods ID Im-V2 Im-R Im-A Im-S Object OOD Avg.

CLIP 68.3 61.9 77.7 50.0 48.3 55.4 58.7
LP 79.9 69.8 70.8 46.4 46.9 52.1 57.2
FT 81.3 70.9 65.6 36.7 46.3 49.6 53.8

L2-SP 81.7 71.8 70.0 42.5 48.5 56.2 57.8
LP-FT 81.7 72.1 73.5 47.6 50.3 58.2 60.3
FLYP 82.6 73.0 71.4 48.1 49.6 58.7 60.2
CLIP† 68.3 61.9 77.7 49.9 48.2 54.2 58.4
FLYP† 82.6 72.6 71.8 48.5 49.8 54.6 59.5
RAda 78.1 68.3 72.8 47.3 46.9 53.8 57.8

RAda-FT 81.4 71.9 75.5 51.7 50.4 56.8 61.3

such, we suggest using a regularization for M to explicitly
maintain the zero-shot performance. Specifically, we in-
troduce a smoothness constraint on the mask, designed to
prevent significant deviations from its original setting (i.e.
ensuring each element in R contributes equally in the ini-
tial decision-making process), which formally gives,

Lreg = ∥M− 1K×D∥2. (7)

Notably, Lreg is applied only when the pretrained encoders
are frozen during fine-tuning. Since in other situations, R
will be different from its initial state, and the pretrained in-
formation cannot be retained even with M = 1K×D.
Overall Algorithm. Objectives in three different fine-
tuning settings are summarized as, 1) in FFT, we minimize
Ladapt regarding all learnable parameters; 2) in EFT, we
minimize Ladapt + Lreg w.r.t θm; 3) in TTT, the objective
is to minimize Lttt+Lreg regarding θm. Pseudo code for a
representative fine-tuning setting EFT is illustrated in Algo-
rithm 1. As seen, the proposed method is extremely simple,
as it only adds a few lines on the baseline CLIP.

4. Experiments

We conduct experiments in three fine-tuning strategies to
evaluate RAda on a same NVIDIA A100 (40GB RAM).
The CLIP ViT-B/16 from OpenAI is used as backbone.

4.1. RAda in FFT
We extend the training paradigm in LP-PT [23] for RAda
in this setting, where we first train θm (i.e. referred to as
RAda) and then jointly updates all parameters (i.e. referred
to as RAda-FT). Note in FFT, a linear classifier is used to re-
place the text encoder, and its weight, initialized by the text
features, can then be regarded as the evolving text informa-
tion. We compare with several different FFT ideas, namely
LP that only updates the new classifier, FT that updates both

2Results are diverse in the ObjectNet dataset for CLIP is mainly be-
cause FLYP uses a different version of the original dataset, as also noted
in their official project https://github.com/locuslab/FLYP.

the image encoder and the new classifier, LP-FT [23], L2-
SP [42] that ensures similarity between pretrained and fine-
tuned models, and FLYP [15] that mimics the pretraining
pipeline of CLIP in FFT. Cross-entropy loss is utilized, ex-
cept for FLYP where the original contrastive loss is adopted.
Datasets and implementation details. We use 6 datasets
for evaluations: ImageNet [10] is considered the ID dataset
for fine-tuning the model, and 5 standard out-of-distribution
(OOD) datasets (i.e., ImageNetV2 [31], ImageNet-R [17],
ImageNet-A [18], ImageNet-Sketch [39], and Object-
Net [2]) are used for evaluations. Following [15, 40], we
use a batch size of 512 and train for 10 epochs. For RAda,
we report results after 10 epochs; for RAda-FT, we initial-
ize the model with the pretrained weights of RAda after 5
epochs and then perform RAda-FT for another 5 epochs.
Similar to [23], we use diverse learning rates for RAda and
RAda-FT (i.e. 0.004 and 0.000004). Other settings, such as
optimizers, weight decay, etc. are inherited from [40], same
as [15]. Please see our supplementary material for details.
Experimental results. We list the results in Table 1. Sim-
ilar to LP, RAda underperforms FT on ID data but shows
better results across most OOD datasets, except for Ima-
geNetV2 which is close to ID. This aligns with prior the-
ory [23] that training later layers enhances generalization
by preserving pretrained features, especially when ID and
OOD distributions are substantially distinct. Since RAda
operates in even later layers than the classifier, the feature-
preserving theory can be further validated when comparing
RAda and LP. Moreover, we notice that RAda-FT improves
performance in all OOD datasets for FT and outperforms
prior arts [15, 23]. This is because RAda-FT can better bal-
ance the tradeoff between overfitting and retaining both pre-
trained text and visual features, a benefit cannot be achieved
by focusing different modalities in isolation. These findings
underscore the effectiveness of prioritizing final decision-
making process in VLMs as a targeted FFT strategy.

4.2. RAda in EFT

This experiment aims to evaluate whether the adapted ra-
tional matrix can contribute when the encoders are fixed
during fine-tuning. Besides the baseline CLIP model, we
compare our idea with some recent arts that specifically
designed for EFT: CLIP-Adapter [14], CoOp [55], Co-
CoOp [54], ProGrad [56], KgCoOp [44], MaPLe [21],
DePT [50] on the basis of MaPLe, and MMA [43]. Results
are directly cited from the paper except for [14], which is
reimplemented in our device using the provided code.
Datasets and implementation details. We test the methods
with the base-to-novel generalization setting. A total of 11
datasets are utilized, including, 2 used for classification on
generic objects, i.e. ImageNet and Caltech101 [13]; 5 used
for fine-grained classification, i.e. OxfordPets [29], Stan-
fordCars [22], Flowers102 [28], Food101 [3], and FGV-
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Table 2. Comparison with EFT methods in the base-to-new setting. All methods are learned from the base classes with 16 shots. RAda +
Prompt indicates combining RAda with vision and text prompt tunings [20, 55], which are also utilized in [21]. RAda + Adapter indicates
combining RAda with adapters within both encoders (the foundation skill also adopted in [43]). ’HM’ denotes harmonic mean.

Methods
Average ImageNet Caltech101 OxfordPets

Base New HM Base New HM Base New HM Base New HM
CLIP [30] 69.34 74.22 71.70 72.43 68.14 70.22 96.84 94.00 95.40 91.17 97.26 94.12
CoOp [55] 82.69 63.22 71.66 76.47 67.88 71.92 98.00 89.81 93.73 93.67 95.29 94.47

CoCoOp [54] 80.47 71.69 75.83 75.98 70.43 73.10 97.96 93.81 95.84 95.20 97.69 96.43
ProGrad [56] 82.48 70.75 76.16 77.02 66.66 71.46 98.02 93.89 95.91 95.07 97.63 96.33

CLIP-Adapter [14] 80.83 72.93 76.67 75.78 67.60 71.45 98.32 93.56 95.88 93.73 95.97 94.84
KgCoOp [44] 80.73 73.60 77.00 75.83 69.96 72.78 97.72 94.39 96.03 94.65 97.76 96.18
MaPLe [21] 82.28 75.14 78.55 76.66 70.54 73.47 97.74 94.36 96.02 95.43 97.76 96.58

DePT [50] + MaPLe 84.85 74.82 79.52 77.87 70.23 73.85 98.53 95.03 96.75 95.03 97.83 96.41
MMA [43] 83.20 76.80 79.87 77.31 71.00 74.02 98.40 94.00 96.15 95.40 98.07 96.72

RAda 82.16 74.14 77.94 75.50 68.41 71.78 98.39 94.32 96.31 94.31 96.03 95.16
RAda + Prompt 84.18 75.61 79.67 77.11 68.29 72.44 98.01 94.65 96.31 96.16 97.87 97.01
RAda + Adapter 84.32 76.25 80.08 77.96 70.23 73.89 98.06 93.56 95.76 95.43 97.99 96.69

Methods
StanfordCars Flowers102 Food101 FGVCAircraft

Base New HM Base New HM Base New HM Base New HM
CLIP [30] 63.37 74.89 68.65 72.08 77.80 74.83 90.10 91.22 90.66 27.19 36.29 31.09
CoOp [55] 78.12 60.40 68.13 97.60 59.67 74.06 88.33 82.26 85.19 40.44 22.30 28.75

CoCoOp [54] 70.49 73.59 72.01 94.87 71.75 81.71 90.70 91.29 90.99 33.41 23.71 27.74
ProGrad [56] 77.68 68.63 72.88 95.54 71.87 82.03 90.37 89.59 89.98 40.54 27.57 32.82

CLIP-Adapter [14] 73.64 71.50 72.55 96.77 71.56 82.28 90.16 90.96 90.56 35.65 32.27 33.87
KgCoOp [44] 71.76 75.04 73.36 95.00 74.73 83.65 90.50 91.70 91.09 36.21 33.55 34.83
MaPLe [21] 72.94 74.00 73.47 95.92 72.46 82.56 90.71 92.05 91.38 37.44 35.61 36.50

DePT [50] + MaPLe 80.93 71.73 76.06 98.03 73.17 83.79 90.33 91.53 90.93 44.53 32.80 37.78
MMA [43] 78.50 73.10 75.70 97.77 75.93 85.48 90.13 91.30 90.71 40.57 36.33 38.33

RAda 76.29 73.73 74.99 95.63 72.77 82.65 90.01 90.55 90.28 38.90 33.65 36.09
RAda + Prompt 79.15 73.93 76.45 97.25 69.86 81.31 90.33 91.17 90.75 41.83 35.03 38.13
RAda + Adapter 79.36 73.16 76.13 97.74 75.32 85.08 90.35 91.49 90.92 41.72 38.09 39.82

Methods
SUN397 DTD EuroSAT UCF101

Base New HM Base New HM Base New HM Base New HM
CLIP [30] 69.36 75.35 72.23 53.24 59.90 56.37 56.48 64.05 60.03 70.53 77.50 73.85
CoOp [55] 81.16 75.08 78.00 80.32 56.52 66.35 79.43 74.26 76.76 84.13 72.96 78.15

CoCoOp [54] 79.74 76.86 78.27 77.01 56.00 64.85 87.49 60.04 71.21 82.33 73.45 77.64
ProGrad [56] 81.26 74.17 77.55 77.35 52.35 62.45 90.11 60.89 72.67 84.33 74.94 79.35

CLIP-Adapter [14] 81.16 75.08 78.00 80.32 56.52 66.35 79.43 74.26 76.76 84.13 72.96 78.15
KgCoOp [44] 80.29 76.53 78.36 77.55 54.99 64.35 85.64 64.34 73.48 82.89 76.67 79.65
MaPLe [21] 80.82 78.70 79.75 80.36 59.18 68.16 94.07 73.23 82.35 83.00 78.66 80.77

DePT [50] + MaPLe 82.90 76.40 79.52 83.87 59.93 69.91 94.43 76.23 84.36 86.87 78.10 82.25
MMA [43] 82.27 78.57 80.38 83.20 65.63 73.38 85.46 82.34 83.87 86.23 80.03 82.20

RAda 80.38 75.97 78.11 79.17 58.70 67.42 90.40 74.72 81.82 84.80 76.74 80.57
RAda + Prompt 82.38 77.30 79.76 83.28 60.87 70.33 94.27 84.69 89.22 86.21 78.15 81.98
RAda + Adapter 82.58 78.77 80.63 82.06 67.15 73.86 96.48 74.69 84.20 85.78 78.26 81.85

CAircraft [27]; an scene recognition dataset SUN397 [41];
a action recognition dataset UCF101 [34]; a texture classifi-
cation dataset DTD [9]; and a satellite imagery recognition
EuroSAT [16]. Batch size, learning rate, and epoch are fixed
as 1, 0.0009, and 13 for all datasets, and we use 16 shots per
class for the source data, same as [54].

Experimental results. Results in Table 2 show that RAda
increases the average base accuracy by nearly 13pp for
the baseline CLIP without compromising its performance
in unseen classes-a tradeoff observed in many other meth-
ods [14, 44, 54–56] where base accuracies are improved at

the cost of novel class performances. These results vali-
date the effectiveness of RAda in fast adaptation to new data
while preserving the generalizability of the original CLIP.

While RAda alone does not achieve state-of-the-art
performance, it remains highly competitive: among the
compared arts, RAda is outperformed only by arts that
specifically modify intermediate representations [21, 43,
50]. When also interfering the intermediate representa-
tions within RAda, we show its performance can be further
boosted. For instance, adopting prompt tuning for RAda
(RAda + Prompt) achieves better performance than that uti-
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Table 3. Comparisons with representative TTT methods regarding DG performance in four distribution shifts. Here “pretrained”
denotes whether the model is pretrained in ImageNet. RAda shows comparable effectiveness against arts specialized in the TTT task.

pretrained ImageNet V2 ImageNet Sketch ImageNet A ImageNet R OOD Avg.

CLIP ✗ 60.86 46.09 47.87 73.98 57.20
TPT [33] ✗ 64.35 47.94 54.77 77.06 60.81
CoOp [55]+TPT ✓ 66.83 49.29 57.95 77.27 62.84
CoCoOp [54]+TPT ✓ 64.85 48.27 58.47 78.65 62.61
MaPLe [21]+TPT ✓ 64.87 48.16 58.08 78.12 62.31
PromptAlign [1] ✓ 65.29 50.23 59.37 79.33 63.55
RAda ✗ 64.10 49.36 61.17 79.35 63.50
RAda† ✓ 65.10 49.45 62.72 79.75 64.26

lized in MaPLe, while combining adapter tuning for RAda
(RAda + Adapter) yields best average accuracy. This syn-
ergy with complementary strategies highlights RAda is or-
thogonal to existing EFT paradigms (e.g. prompt or adapter
tuning). Collectively, these results affirm RAda’s potential
as a competitive approach in the EFT setting.

4.3. RAda in TTT
Different from other strategies, TTT can only access the
unlabeled test data in updating. We compare RAda with
two recent methods, i.e. TPT [33] and PromptAlign [1],
within this setting. Both these two methods are developed
based on the prompt tuning paradigm. Specifically, TPT
extends CoOp by updating the text prompts with the en-
tropy minimization objective, and PromptAlign extends the
idea in [21] by including an additional distribution align-
ment regularization to refine both text and visual prompts.
Datasets and implementation details. Same as previous
works [1, 33], we use the 4 OOD datasets (i.e. ImageNetV2,
ImageNet-R, ImageNet-A, and ImageNet-Sketch) for eval-
uation. For every test sample, we obtain 63 of its augmented
view using the same augmentation strategies in [1] to form
a batch of 64 samples, among which, we select the top 10%
confident predictions with the lowest entropy and compute
the entropy loss in Eq. (5) for the sub-batch. The offline
TTT updating strategy [35] is adopted where the weights
are initialized to the original state for each sample, so that
the order of the arrived data does not affect the result. The
learning rate is fixed as 0.0008 for all datasets, and we per-
form three updating steps for each of the test sample.
Experimental results. As shown in Table 3 3, RAda en-
hances the baseline CLIP across all evaluated datasets, out-
performing the naive TPT in 3 datasets and leading the av-
erage accuracy by 2.7pp. These observations validate the
effectiveness of focusing the final decision-making process
for adaptation in test-time. When compared to the recent
PromptAlign, RAda demonstrates strengths on half of the
evaluated datasets with comparable average results, which
is achieved without leveraging pretrained information in

3Results for some datasets are different for CLIP in Table 1 and 3 is
due to the different prefixed text prompts p used in these two settings.

ImageNet. When using the same pretrained information,
we observe that the performance of RAda can be further en-
hanced, leading all compared arts in average performance.
Combined with the demonstrated efficiency of RAda in Ta-
ble 5, these results validate RAda as a strong competitor for
the TTT application, even against task-specific methods.

5. Analysis

5.1. Ablation Studies

We evaluate the effectiveness of our designs using the base-
to-new generalization setting in EFT, where the settings are
the same as that detailed in Sec. 4.2. Please refer to our
supplementary material for more ablation studies.
Effectiveness of the regularization term. To assess the
impact of the regularization term on the model performance,
we evaluate RAda with and without adding Lreg in the over-
all objective. As shown in the 2nd row in Table 4, the base
accuracy for the baseline CLIP can be improved across both
settings, indicating that the the regularization term does
not degrade performance on familiar classes. Meanwhile,
we observe the inclusion of Lreg significantly improves
the generalization performance, i.e. the accuracy on novel
classes, achieving an improvement of 2.5pp. These results
highlight the importance of the regularization term in main-
taining the training effectiveness of RAda without compro-
mising the superior zero-shot capability of CLIP.
Different settings for implementing Fm. We use a multi
query attention layer for implementing Fm. In this sec-
tion, we assess the impact of adopting different settings for
Fm. Namely, we first try using an MLP layer to replace
the attention-based rational adapter (i.e. MLP for Fm), and
then use the following query settings in the final attention
layer: rational matrix R, and its combination with either
the image features f or text features h.

As listed in 3rd-6th rows from Table 4, although using an
MLP for Fm can improve the baseline, it performs inferior
to using the attention-based design. This is mainly because
the attention layer encourages the interactions of different
to-be-distinguished classes, while the MLP layer can only
process different classes independently. These results jus-
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Table 4. Comparisons of RAda with its different variants.

Variants Base acc. New acc. HM

Baseline 69.34 74.22 71.70
W/O Lreg 81.38 71.58 76.16

MLP for Fm 77.51 73.18 75.28
query={R} 81.99 73.89 77.72

query={h,R} 81.93 74.07 77.80
query={f ,R} 82.03 73.93 77.76
(a) Ft + attn 82.56 69.62 75.53
(b) Fv + attn 81.96 71.18 76.19

(a) + (b) 82.09 72.46 76.97
RAda (query={h, f ,R}) 82.16 74.14 77.94

tify our motivation of using an attention layer to implement
Fm. Meanwhile, we note that incorporating additional in-
formation from either text or visual modality improves the
performance than rely solely on the rational matrix to act as
query, key, and value. This is because fusing f and h may
obscure their specific patterns, resulting R to not include all
information. In comparison, our multi query setting offers
best results in both base and novel class accuracies, under-
scoring the importance of leveraging all available informa-
tion in the rational matrix calibration process.
Effectiveness of the fused information. To verify if lever-
aging fused information is superior to ideas that consider
the different modalities in isolation, we compare RAda with
variants that attach attention layers to encoders, which mod-
ify the original image or text features through a learned
mask from the the attached attention layer. Specifically,
three variants are compared: “Ft + attn” and “Fv + attn”,
where an attention layer is attached at the end of the text
and visual encoders, respectively; and a combined variant
that applies separate attention layers to each encoder.

As seen in 7th-9th rows in Table 4, adding an atten-
tion layer enhances adaptation to the training distribution,
whether attached to the vision or text encoder, as the base-
line accuracies increase across all three variants. Notably,
the variant with attention layers attached to both the text and
visual encoders performs the best, likely due to the incorpo-
ration of adapted information from both modalities. How-
ever, despite using the same mask regularization, attaching
attention layers solely to the encoders does not preserve the
superior zero-shot ability of the original CLIP, as all these
variants show marked declines in novel class accuracy com-
pared to RAda. These results verifies the superiority of us-
ing the final fused information in fine-tuning compared with
these variants that process different modalities in isolation.
In the supplementary material, we further provide theoreti-
cal explanations for this observation.

5.2. Comparisons with MaPLe [21]
The closest conceptual counterpart to RAda is MaPLe [21],
which similarly seeks to leverage fused information during
fine-tuning. Key differences between these two methods are

Table 5. Efficiency comparisons with MaPLe [21] for a single
updating step in fine-tuning CLIP with a batch size of 1.

Setting Method FPS(↑) Memory(↓) GFLOPs(↓)

EFT MaPLe 27.20 1.09GB 206.19
RAda 50.11 0.49GB 17.67

TTT MaPLe 34.51 1.31GB 191.75
RAda 68.39 0.61GB 17.26

as follows. (1) Efficiency. MaPLe updates intermediate
prompts across layers, incurring high memory and compu-
tational costs. In contrast, RAda’s adaptation is confined to
the final output stage, requiring minimal memory and com-
putational resources. Efficiency comparisons in Table 5 so-
lidifying its lightweight advantage over MaPLe. (2) Effec-
tiveness. The two methods exhibit divergent performance
across the three mainstream fine-tuning settings. Specif-
ically, while MaPLe achieves a 0.6pp average advantage
over RAda in EFT (78.55 vs. 77.94), it is not applicable in
the FFT setting, where RAda achieves leading performance,
and it underperforms RAda by nearly 2pp in the TTT setting
(62.31 vs. 64.26). These results highlight that the strengths
of each method vary depending on the fine-tuning scenario
and that RAda exhibits greater versatility, delivering con-
sistently competitive results in most settings. (3) Appli-
cability. Inheriting limitations from vision prompt tuning
[20], MaPLe is restricted to the transformer-based image
encoders. In contrast, RAda thrives with arbitrary encoder
structures (see results in the supplementary material), fur-
ther demonstrating its encoder-agnostic advantage.

6. Discussion and Conclusion

Future works. While RAda has demonstrated its effective-
ness in different fine-tuning settings,a promising extension
is to apply it in the pretraining phase,where a richer fused
representation from massive data can be utilized. Mean-
while, besides the classification task, the literature could
also consider exploring RAda on other downstream appli-
cations within the VLM contexts, such as image captioning
and visual question answering, where a fine-grained under-
standing of relationships between different modalities is es-
sential for improving the performance.
Conclusion. This paper proposes a new rational adaptation
method to effectively focus on the final decision-making
process of CLIP, aiming to explicitly leverage fused rep-
resentations from different modalities for improved perfor-
mance. The idea is achieved by a simple implementation
that attaches an additional attention layer at the end to learn
a mask that can adaptively decide contributions for differ-
ent rational elements. Through comprehensive experiments
across various settings, we find the proposed idea can serve
as a versatile fine-tuning strategy, consistently benefiting
the baseline and competing favorably against existing arts.
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