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Abstract

Vision-Language Models (VLMs) have been widely used
in various visual recognition tasks due to their remarkable
generalization capabilities. As these models grow in size
and complexity, fine-tuning becomes costly, emphasizing the
need to reuse adaptation knowledge from ‘weaker’ mod-
els to efficiently enhance ‘stronger’ ones. However, exist-
ing adaptation transfer methods exhibit limited transferabil-
ity across models due to their model-specific design and
high computational demands. To tackle this, we propose
Transferable Model-agnostic adapter (TransMiter), a light-
weight adapter that improves vision-language models ‘with-
out backpropagation’. TransMiter captures the knowledge
gap between pre-trained and fine-tuned VLMs, in an ‘unsu-
pervised’ manner. Once trained, this knowledge can be seam-
lessly transferred across different models without the need
for backpropagation. Moreover, TransMiter consists of only
a few layers, inducing a negligible additional inference cost.
Notably, supplementing the process with a few labeled data
further yields additional performance gain, often surpassing
a fine-tuned stronger model, with a marginal training cost.
Experimental results and analyses demonstrate that Trans-
Miter effectively and efficiently transfers adaptation knowl-
edge while preserving generalization abilities across VLMs
of different sizes and architectures in visual recognition tasks.

1 Introduction
The rapid evolution of vision-language models (VLMs) (Jia
et al. 2021; Radford et al. 2021) has driven significant ad-
vancements in computer vision. These models are typically
built with two modality-specific encoders, one for image
and one for text, and are trained on large datasets of image-
text pairs using contrastive loss. Here, modality-specific en-
coders learn to map each modality input into a joint em-
bedding space, enabling zero-shot capabilities across a wide
range of visual recognition tasks. The broad and general-
ized knowledge embedded in VLMs enables efficient adap-
tation on downstream tasks with few labeled data, as ex-
plored in (Yang et al. 2025b; Wang et al. 2024; Zhou et al.
2022b,a; Khattak et al. 2023b,a; Li et al. 2024). However, as
VLMs are scaled (Chen et al. 2024; Cherti et al. 2023) or
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Figure 1: Comparison of adaptation knowledge transfer
methods. Performance is averaged over 11 visual recog-
nition tasks in a base-to-novel setting. TransMiter (ours)
outperforms other adaptation transfer approaches, including
Prompt Transfer (Su et al. 2022) and EFT (Mitchell et al.
2024), while maintaining inference speed nearly identical to
a zero-shot model (gray), which serves as the upper-bound.
With a small amount of labeled data, TransMiter+ (ours+)
surpasses its supervised counterpart (Khattak et al. 2023b),
e.g., Fine-tuning (red).

equipped with more complex architectures (Yu et al. 2022),
fine-tuning them requires massive memory and computa-
tional costs.

In this context, an important research question arises;
“How can the knowledge gained from adapting smaller,
weaker models, i.e., adaptation knowledge, be effectively
leveraged to improve larger and more advanced models?”
One common approach (Su et al. 2022; Han et al. 2024; Liu
et al. 2024; Mitchell et al. 2024) involves directly reusing
a subset of parameters from a weaker model to a stronger
one. However, due to semantic discrepancy or dimensional
mismatch between different models, additional training is
often necessary (Su et al. 2022; Han et al. 2024) to align
their internal representations properly. Some works (Lu et al.
2023; Liu et al. 2024; Mitchell et al. 2024; Lu et al. 2024)
mitigate this issue by enforcing semantic consistency (e.g.,
model prediction), reducing the need for re-training but at
the cost of slower inference due to multiple model usage. Al-
ternatively, knowledge distillation (Yuan et al. 2020; Nasser,
Gupte, and Sethi 2024; Burns et al. 2024; Li et al. 2024) has
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been demonstrated as an effective way for smaller models
to guide larger ones. Still, this approach requires expensive
retraining whenever a new model is introduced, limiting its
practicality for rapidly evolving models.

In this work, we aim to design an adaptation module to
efficiently transfer adaptation knowledge from the weaker
to stronger VLMs. Our design is guided by three key ob-
jectives: (1) model-agnostic compatibility, (2) computa-
tionally efficient transfer, and (3) minimal additional in-
ference cost. To this end, we propose Transferable Model-
agnostic adapter (TransMiter), a light-weight adapter that
efficiently transfers the adaptation knowledge across differ-
ent models ‘without backpropagation’. Instead of directly
transferring knowledge, we adopt a novel learning paradigm
“knowledge extraction and transfer”. TransMiter first
extracts adaptation knowledge by learning to capture the
knowledge gap through the differences in predicted logits
between pre-trained and fine-tuned weak models in an unsu-
pervised manner. Once extracted, TransMiter enables seam-
less transfer to any stronger models by leveraging the con-
sistent dimensionality and semantics of logits.

To effectively harness the adaptation knowledge, we uti-
lize auxiliary classes alongside task classes to increase the
dimensionality of logit vectors. It enhances the expressive
power of the logits, thereby boosting the acquisition of adap-
tation knowledge and transferability across models. Addi-
tionally, we propose a basis change to further align models
within the latent space. The basis for the transferred model is
derived through a closed-form solution, thus eliminating the
need for computation-intensive backpropagation. By incor-
porating the above two methodologies, TransMiter achieves
exceptional transferability. After the adaptation knowledge
transfer process, TransMiter itself becomes a strong ini-
tialization point, enabling a small amount of labeled data
to deliver substantial performance boosts, often surpassing
fine-tuned stronger counterparts, while incurring only mini-
mal additional training cost. Notably, its light-weight design,
consisting of simple projection matrices and a single MLP
layer, ensures minimal additional inference cost, making it
both efficient and scalable.

Extensive experiments demonstrate that TransMiter effec-
tively transfers adaptation knowledge across models of vary-
ing sizes and architectures, confirming its superior transfer-
ability in diverse visual recognition tasks. The contributions
of TransMiter can be summarized as:

• We propose Transferable Model-agnostic adapter
(TransMiter), a light-weight adapter for enhancing
vision-language models without backpropagation.

• We incorporate two key techniques, auxiliary class ex-
pansion and basis change, that significantly boost the
transferability of TransMiter, while the addition of a few
labeled data further unlocks its full potential.

• We demonstrate TransMiter’s effectiveness and effi-
ciency in transferring adaptation knowledge across a
wide range of datasets and models.

2 Related Works
Vision-Language Model Adaptation. Vision-language
models (VLMs), such as CLIP (Radford et al. 2021), have
demonstrated strong generalization abilities across various
visual recognition tasks. Leveraging this strength, numerous
studies have investigated fine-tuning VLMs on visual recog-
nition tasks, such as prompt learning (Yang et al. 2025b;
Wang et al. 2024; Zhou et al. 2022b,a; Zhu et al. 2023;
Lee et al. 2023; Cho, Kim, and Kim 2023; Khattak et al.
2023b,a; Li et al. 2024; Yang et al. 2025a), low-rank adapta-
tion (Zanella and Ayed 2024), linear probing (Ouali et al.
2023), and regularization (Park, Ko, and Kim 2024; Zhu
et al. 2023; Khattak et al. 2023b). However, existing VLM
adaptation methods often neglect the models’ rapid evolu-
tion in terms of size and complexity, resulting in the inconve-
nience of retraining (Su et al. 2022) whenever a new model
comes. To address this limitation, we focus on developing
a transferable adaptation module for VLMs, enabling the
efficient transfer of adaptation knowledge acquired during
fine-tuning across different VLMs, regardless of their size
or architectural design.
Weak-to-Strong Generalization. In an era of rapidly evolv-
ing VLMs, “weak-to-strong generalization”, where stronger
models leverage the knowledge of weaker models, is emerg-
ing as a new research challenge for enabling efficient model
adaptation. Previous methods try to transfer either a portion
of a model’s internal parameters (Su et al. 2022; Chijiwa
2024; Han et al. 2024) or the entire model itself (Lu et al.
2023; Liu et al. 2024; Mitchell et al. 2024) to other models.
However, differences in architecture often hinder parame-
ter reuse, and even when feasible, aligning representation
spaces requires costly retraining. While full-model transfer
alleviates the problem using predicted logits, it requires run-
ning multiple models, leading to significant inference cost.
Some other studies (Yuan et al. 2020; Nasser, Gupte, and
Sethi 2024; Burns et al. 2024; Li et al. 2024) have shown
that weaker models can effectively supervise stronger ones,
a concept known as reverse knowledge distillation (Nasser,
Gupte, and Sethi 2024). While these methods incur no addi-
tional inference cost, they still require expensive retraining
whenever a new model is introduced, making it impracti-
cal for frequent model updates. In our work, we design an
adaptation module for high cross-model transferability and
fast inference speed. Additionally, we employ “knowledge
extraction and transfer” approach, where adaptation knowl-
edge is extracted only “once” from a weaker model and ef-
ficiently transferred to a stronger model.

3 Preliminaries
Vision-Language Model. A pre-trained Vision-Language
Model (VLM), denoted as θpt = {Vpt, Tpt}, is trained
on large-scale image-text datasets using a contrastive loss,
where Vpt and Tpt denote the pre-trained image encoder and
text encoder, respectively. Given an input image x and task
classes Ctask are processed by the image and text encoders,
producing an image feature and a set of text features, one
for each class c ∈ Ctask. These text features serve as “an-
chors”, acting as reference points for classification. To de-
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termine the predicted class ŷ, the image feature is compared
to each class’s text feature using a similarity measure. The
class with the highest similarity to the image feature is se-
lected as the predicted class. This process is expressed as:

zpt(c;x) = sim (Vpt(x), Tpt(c)) ,∀c ∈ Ctask

ŷ = argmaxc∈Ctask
zpt(c;x),

(1)

where sim denotes the cosine similarity. We will omit the
(c;x) terms in logits for brevity.

To incorporate task knowledge into VLMs, the model can
be fine-tuned using contrastive loss between image and text
features, yielding a fine-tuned model θft = {Vft, Tft}.
Problem Setting. Suppose that we have a pre-trained source
model θpt-s (e.g., weak model) and its fine-tuned counter-
part θft-s. Our goal is to capture the knowledge gap, i.e.,
adaptation knowledge, between the pre-trained and fine-
tuned source models, then transfer this knowledge to the pre-
trained target model θpt-t (e.g., strong model) without using
any labeled data. Specifically, the extraction of adaptation
knowledge δs can be expressed as:

δs = E (θft-s, θpt-s) , (2)

where E is the adaptation knowledge extraction operation.
Once the adaptation knowledge is extracted, it is trans-

ferred to the pre-trained target model, resulting in a
knowledge-enhanced target model θ∗t as:

θ∗t = J (θpt-t, δs) , (3)

where J is the adaptation knowledge transfer operation.
The enhanced target model θ∗t is expected to obtain the

effects of fine-tuning in two perspectives: (1) preservation of
its pre-trained knowledge, and (2) superiority over the fine-
tuned source model for its usefulness. We can formalize our
objective as follows:

max (P(θpt-t),P(θft-s)) ⩽ P(θ∗t ) ≲ P(θft-t), (4)

where P(θ) refers to evaluation performance of model θ.
The target model fine-tuned with labeled data, P(θft-t),
serves as a theoretical upper bound (Burns et al. 2024).

4 Method
We introduce the TRANSferable Model-agnostIc adapTER
(TransMiter), a light-weight adapter which efficiently en-
hances stronger model by leveraging weaker model’s adap-
tation knowledge without backpropagation. We provide
TransMiter’s architectural design and the adaptation knowl-
edge extraction process E in Section 4.1. We then present
its forward-only adaptation knowledge transfer process J ,
which facilitates efficient adaptation transfer, in Section 4.2.

4.1 Transferable Model-Agnostic Adapter
Previous adaptation techniques (Zhou et al. 2022b; Khattak
et al. 2023a; Zhou et al. 2022a; Zhu et al. 2023; Khattak
et al. 2023b; Li et al. 2024; Ouali et al. 2023) rely on internal
model parameters that differ across VLMs, making direct
transfer across different VLMs challenging. To mitigate this
problem, our adapter uses the predicted logits from the VLM

as input. The logits exhibit two key properties: (1) a fixed
dimensionality that aligns with the number of classes, and
(2) semantic consistency for each logit element. These prop-
erties facilitate effective communication (Moschella et al.
2023) between different models, enabling seamless reuse of
our adapter. Moreover, our adapter does not require access to
the parameters of VLM, thereby achieving high efficiency.
Prediction-based Adapter. Given an image x, we start with
the input logits zpt-s ∈ RNtask obtained from the pre-trained
weak VLM θpt-s, where Ntask refers to the number of task
classes. These logits are projected into a D-dimensional la-
tent space by multiplying them with the projection matrix
Win ∈ RNtask×D, producing the input feature hs. Then the
input feature hs is passed through a transformation function
f : RD → RD, which consists of a single MLP layer with a
residual connection, yielding ĥs. Finally, the output feature
ĥs is projected back into the original logit space by multi-
plying them with a reconstruction matrix Wout ∈ RD×Ntask .
As a result, we can obtain refined logits of the weak VLM
ẑs, which can be written as:

zpt-s = [sim(Vpt-s(x), Tpt-s(c))]c∈Ctask ∈ RNtask ,

hs = zpt-sWin ∈ RD,

ĥs = f(hs) ∈ RD,

ẑs = ĥsWout ∈ RNtask ,

(5)

where f(h) = h+ MLP(h).
A key consideration is adapting to the task while preserv-

ing the generalized knowledge in the original model. Since
TransMiter employs simple 2D matrices to facilitate tran-
sitions between the logit and latent space, we enforce an
inverse relationship between the projection and reconstruc-
tion matrices. If the transformation function f operates as an
identity function (e.g., , f(h) = h), the output remains iden-
tical to the original logits, making an inverse relationship be-
tween the matrices reasonable. Here, we adopt orthogonality
for the two matrices, i.e., WinW

⊺
in = W ⊺

outWout = I , and set
the two matrices in a transposed relationship, i.e., Win =
W ⊺

out. These properties provide the projection and recon-
struction matrices with an implicit regularization effect (Liu
et al. 2021; Bansal, Chen, and Wang 2018; Qiu et al. 2023)
and establish an inverse relationship, i.e., WinWout = I , be-
tween them. For simplicity, we will denote Wout as Ws, rep-
resenting the transition matrix for the weak VLM. We can
rewrite (5) in a simplified form as follows:

ẑs = f(zpt-sW
⊺
s )Ws ∈ RNtask . (6)

The training objective for TransMiter is to ensure that our
refined prediction ẑs closely mimics the prediction of the
fine-tuned weak VLM, zft-s. By doing so, we can obtain the
adaptation knowledge δs from the fine-tuned model in an un-
supervised manner, leveraging unlabeled data Du. With the
KL divergence loss, the training objective can be written as:

zft-s = [sim(Vft-s(x), Tft-s(c))]c∈Ctask ∈ RNtask ,

L = KL (σ(zft-s/τft-s), σ(ẑs/τpt-s)) ,
(7)
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Figure 2: Overall pipeline. (a) Adaptation Knowledge Extraction. Given pre-trained θpt-s and fine-tuned weak VLMs θft-s,
TransMiter captures the adaptation knowledge δs, by minimizing the distance between the refined logits ẑs and the fine-tuned
weak VLM logits zft-s. The adapter takes the zero-shot model logits as input and incorporates both task classes Ctask and
auxiliary classes Caux. (b) Adaptation Knowledge Transfer. Once the strong VLM θpt-t is available, the mapping matrix Ŵ
is computed using a closed-form solution to align the input features between the weak (Hs) and strong (Ht) VLMs, replacing
the original transition matrix Ws with Wt = Ŵ ⊺Ws. (c) Model Enhancement. During the inference with the target VLM
using TransMiter θ∗t , the pre-trained target VLM logits zpt-t are passed through the adapter, resulting in enhanced predictions.
Subsequently, as TransMiter offers a strong initial point, it can be fine-tuned with labeled data to maximize its capability.

where σ and τ denote the softmax function and temperature
scaling factor, respectively.
Auxiliary Class Expansion. As described in Section 3, the
text features for each class serve as anchors. Here, logits
can be viewed as a relative representation (Moschella et al.
2023) of the image, where each logit element represents
the relative distance between the image feature and the text
features of corresponding anchor classes. As emphasized in
(Moschella et al. 2023), employing a sufficiently large num-
ber of anchors is crucial to facilitate effective transfer.

Building on this insight, we incorporate additional aux-
iliary classes Caux alongside the task classes Ctask to con-
struct the input logits. We collect the candidates of aux-
iliary classes from OpenImages (Kuznetsova et al. 2018),
which includes a broad range of real-world objects. With
the dimensionality of the logit space M , where M > Ntask,
we randomly sample auxiliary classes in a total number of
Naux = M −Ntask. We compute logits that include auxiliary
classes and pass them through the prediction adapter, which
is written as:

zpt-s = [sim(Vpt-s(x), Tpt-s(c))]c∈Ctask∪Caux ∈ RM . (8)

Note that the transition matrix Ws is re-shaped to RD×M ,
where D refers to the dimensionality of the latent space.
With the reshaped transition matrix Ws, the output logits will

have a dimensionality of M . Here, only the output logits cor-
responding to the task classes are used.

4.2 Forward-only Adapter Transfer
The primary goal of TransMiter is to transfer adaptation
knowledge acquired from weaker to stronger models with-
out fine-tuning it directly. A straightforward transfer is di-
rectly using the logits from the pre-trained strong VLM zpt-t
as TransMiter’s input, which can be written as:

zpt-t = [sim(Vpt-t(x), Tpt-t(c))]c∈Ctask∪Caux ∈ RM ,

ẑt = f(zpt-tW
⊺
s )Ws ∈ RM ,

ẑt := [ẑt(c)]c∈Ctask ∈ RNtask ,

(9)

where Vpt-t and Tpt-t denote the image and text encoder of
pre-trained strong VLM, respectively. To maintain semantic
consistency, the same classes (Ctask ∪ Caux) must be used to
compute the logits for the pre-trained strong VLM as those
used for weak VLM.

However, since our adapter is initially trained on the dis-
tribution of weak VLM’s logits, discrepancies between the
logit distributions of weak and strong VLMs lead to subop-
timal transferability. To address this, we focus on aligning
the input features hs and ht from weak and strong VLMs,
resulting in strong VLM’s transition matrix, i.e., basis.
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Source → Target Model Method FLOPs Avg. Image Caltech Pets Cars Flowers Food Air SUN DTD Euro UCF(Strategy) (G) Net craft SAT

RN50 → ViT-B/16
(CoOP)

Source Fine-tuning 0 73.39 62.91 91.56 86.25 73.20 94.74 74.57 32.05 68.96 63.44 83.33 76.32

Target Zero-shot 0 65.33 66.72 93.31 89.10 65.54 70.77 85.88 24.81 62.57 44.09 48.38 67.46
Prompt Transfer 0 62.74 64.27 90.63 86.43 59.03 63.37 85.00 4.13 55.63 38.10 78.40 65.10

EFT 12.27 75.78 66.55 94.32 88.51 74.64 94.07 81.63 33.90 70.60 64.30 85.82 79.19
TransMiter (ours) 0.01 77.16 69.68 95.21 91.60 75.92 95.13 84.52 33.69 72.76 67.38 82.62 80.30

Fine-tuning 0 79.92 71.86 95.48 91.94 82.65 97.37 84.22 43.46 74.86 68.68 85.44 83.12

RN50→ ViT-L/14
(CoOP)

Source Fine-tuning 0 73.39 62.91 91.56 86.25 73.20 94.74 74.57 32.05 68.96 63.44 83.33 76.32

Target Zero-shot 0 72.54 73.46 95.13 93.49 76.88 79.46 90.91 32.55 67.66 53.07 60.33 74.99
Prompt Transfer 0 77.28 75.00 96.07 94.00 75.83 85.70 90.97 32.17 72.60 61.20 87.03 79.50

EFT 12.27 80.27 73.99 96.05 91.31 82.12 95.70 87.91 40.01 73.99 68.75 89.24 83.89
TransMiter (ours) 0.01 80.39 75.60 96.52 93.42 81.39 96.06 89.50 39.52 75.21 69.90 83.77 83.36

Fine-tuning 0 84.57 78.24 97.00 94.41 88.88 98.98 89.79 56.28 77.76 72.97 88.57 87.39

ViT-B/16→ViT-L/14
(CoOP)

Source Fine-tuning 0 79.92 71.86 95.48 91.94 82.65 97.37 84.22 43.46 74.86 68.68 85.44 83.12

Target Zero-shot 0 72.54 73.46 95.13 93.49 76.88 79.46 90.91 32.55 67.66 53.07 60.33 74.99
Prompt Transfer 0 78.50 76.77 96.27 94.83 78.27 86.37 91.30 36.33 73.73 62.40 87.27 80.00

EFT 35.16 81.04 74.90 96.59 93.20 84.47 96.14 88.49 41.93 75.01 69.98 86.17 84.51
TransMiter (ours) 0.01 82.05 76.78 96.96 94.24 84.27 97.25 90.15 44.38 76.72 72.04 84.72 85.01

Fine-tuning 0 84.57 78.24 97.00 94.41 88.88 98.98 89.79 56.28 77.76 72.97 88.57 87.39

ViT-B/16 → ViT-L/14
(PromptSRC)

Source Fine-tuning 0.37 81.74 72.81 95.77 93.85 80.89 97.04 87.50 45.20 76.73 73.31 91.02 85.05

Target Zero-shot 0 72.54 73.46 95.13 93.49 76.88 79.46 90.91 32.55 67.66 53.07 60.33 74.99
Prompt Transfer 1.34 73.41 73.23 92.73 91.43 75.03 80.57 90.00 30.37 68.77 54.27 75.90 75.20

EFT 36.84 81.34 75.98 96.09 94.22 82.80 95.51 90.85 41.56 75.20 72.58 85.64 84.26
TransMiter (ours) 0.01 82.51 77.11 97.03 94.93 83.11 97.39 91.66 42.71 77.14 74.09 86.95 85.52

Fine-tuning 1.31 85.17 79.05 97.38 95.07 86.85 98.66 91.96 53.07 79.97 75.73 90.92 88.23

Table 1: Performance on base-to-base adaptation transfer. We combine source and target models among RN50, ViT-B/16,
and ViT-L/14. Gray-colored rows represent the performance of the target model when fine-tuned, serving as the upper bound.

Basis Change. After training TransMiter, unlabeled images
x ∈ Du are used to extract the input feature of weak VLM hs
by multiplying zpt-s with W ⊺

s . The same images are used to
compute strong VLM logits zpt-t and obtain the input feature
of strong VLM ht by also multiplying zpt-t with W ⊺

s . Our
goal is to find Ŵ , a mapping between the input feature of
weak and strong VLMs, by minimizing the distance between
hs and ht of all the images. With a regularization term, the
objective can be written as:

Hs = [zpt-s (Ctask ∪ Caux;x)W
⊺
s ]x∈Du ∈ R|Du|×D,

Ht = [zpt-t (Ctask ∪ Caux;x)W
⊺
s ]x∈Du ∈ R|Du|×D,

Ŵ = argmin
W∈O

||HtW −Hs||22 + β||W − I||22,
(10)

where O = {W ∈ RD×D,W ⊺W = ID} denotes the or-
thogonality constraint. The mapping matrix Ŵ can be de-
rived as the solution to the Orthogonal Procrustes prob-
lem (Schönemann 1966) via singular value decomposition,
making backpropagation unnecessary. The solution can be
written as:

U, S, V = SVD(H⊺
t Hs + βI),

Ŵ = UV ⊺,
(11)

where β refers to the regularization weight.
Here, the projection matrix for strong VLM is updated

to W ⊺
s Ŵ . Likewise, the reconstruction matrix for strong

VLM is updated to Ŵ ⊺Ws. By doing so, the inverse rela-
tionship between the projection and reconstruction matrices

and their orthogonality are preserved. This process ensures
that strong VLM retains its pre-trained knowledge while ab-
sorbing adaptation knowledge from weak VLM. The final
outputs of the enhanced strong VLM can be written as:

ẑt = f(zpt-tW
⊺
t )Wt ∈ RM ,

ẑt := [ẑt(c)]c∈Ctask ∈ RNtask .
(12)

5 Experiments
5.1 Experimental setup
Settings. During the adaptation knowledge transfer, we need
a fine-tuned weak VLM. Based on how this model was fine-
tuned, we set up two main evaluation setups: (1) Base-to-
base adaptation transfer, where the weak model is trained
on all the task classes, and (2) Base-to-novel adaptation
transfer, where the weak model is fine-tuned on a subset of
classes (i.e., seen classes), and tested on both seen and the
remaining classes (i.e., unseen classes). Through these con-
figurations, we aim to evaluate how effectively the methods
transfer task-specific adaptation knowledge from weaker to
stronger models while preserving their generalized knowl-
edge. We evaluate our method on 11 visual recognition
datasets for both settings. See Supplement for more details.
Baselines. We adopt CLIP (Radford et al. 2021) for
VLMs, varying with architecture and size, e.g., ResNet-
50 (RN50), ViT-B/16, and ViT-L/14. We assume that the
target model has stronger generalization capabilities than
the source model in terms of its size and architecture. For
fine-tuning the source model, we apply CoOp (Zhou et al.
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2022b) and PromptSRC (Khattak et al. 2023b). In each set-
ting, we evaluate three methods within our framework: (1)
Source Fine-tuning θft-s, where the source model is fine-
tuned; (2) Target Zero-shot θpt-t, the zero-shot performance
of the pre-trained target model; and (3) Target Trans-
Miter θ∗t , where TransMiter is applied to the pre-trained
target model. As described in Section 3, our objective is
to improve the strong model beyond the performance of
the fine-tuned weak model (Source Fine-tuning) and pre-
trained strong model (Target Zero-shot). Additionally, we
report the performance of Target Fine-tuning θft-t, where
the strong model is fine-tuned. It serves as the ‘upper bound’.

To compare with transferable adaptation methods, we em-
ploy the following baselines: EFT (Mitchell et al. 2024; Liu
et al. 2024) and Prompt Transfer (Su et al. 2022). Prompt
Transfer transfers learned soft prompts from weaker to
stronger models. This approach requires resource-intensive
training to align the representation spaces between weak and
strong models. To achieve this, we adopt a naive knowl-
edge distillation method (Li et al. 2024; Hinton, Vinyals,
and Dean 2015). In contrast, EFT operates in a training-
free manner but relies on multiple weak models to assist
the strong model during inference, leading to high inference
costs. Additional details are provided in the Supplement.

5.2 Experimental Results
Base-to-base adaptation transfer. Table 1 reports the
performance of our method and baselines across 11 vi-
sual recognition datasets under the base-to-base adapta-
tion transfer setting. To evaluate the inference efficiency of
each method, we also reported the additionally introduced
GFLOPs compared to the base model.

In all source-target combinations, TransMiter outper-
forms Target Zero-shot and Source Fine-tuning in average
performance across 11 tasks. With ResNet-50 as the source
and ViT-B/16 as the target, TransMiter surpasses Target
Zero-shot and source Fine-tuning by a margin of 11.77%
and 3.77%. As the target model advances, for instance from
ViT-B/16 to ViT-L/14 with ResNet-50 as the source, the per-
formance increases further, from 77.16% to 80.39%. This
result is not surprising, as stronger zero-shot performance
generally corresponds to enhanced fine-tuning capabilities.

Interestingly, using a stronger source model ViT-B/16
with ViT-L/14 as the target further improves the perfor-
mance of the target model from 80.39% to 82.05%. Fur-
thermore, when a more advanced fine-tuning approach is ap-
plied to the source model, CoOp to PromptSRC, the perfor-
mance of the target model with TransMiter increases from
82.05% to 82.51%. These results demonstrate that more gen-
eralized and well-adapted models possess strong capabilities
for transferring adaptation knowledge.

When comparing TransMiter with other transferable
adaptation methods, it shows the best average accuracy
across all source-target combinations. This is especially no-
table given that Prompt Transfer requires substantial retrain-
ing efforts whenever the new model comes, while Trans-
Miter uses a simple forward-only algorithm to update the
adapter. Additionally, TransMiter achieves efficient adapta-

Dataset Set
Source Target

Fine- Zero- Prompt- EFT TransMiter Fine-
tuning shot transfer (ours) tuning

Average on
11 datasets

Base 84.19 76.71 76.07 84.32 85.27 87.15
Novel 75.35 80.85 77.84 80.24 81.07 81.59
HM 79.53 78.73 76.94 82.23 83.12 84.28

ImageNet
Base 77.73 79.19 78.03 80.83 81.73 83.05
Novel 70.42 74.03 73.83 74.43 75.84 76.97
HM 73.89 76.52 75.87 77.50 78.67 79.90

Caltech
Base 98.19 95.61 92.97 96.82 98.58 98.47
Novel 94.21 97.71 95.47 96.72 96.29 97.42
HM 96.16 96.65 94.20 96.77 97.42 97.94

Pets
Base 95.39 95.16 92.93 94.52 95.80 96.01
Novel 95.41 98.10 97.37 97.13 97.20 98.68
HM 95.40 96.61 95.10 95.81 96.50 97.33

Cars
Base 78.29 74.51 71.60 79.47 79.78 84.06
Novel 75.13 84.67 83.77 83.88 84.01 84.79
HM 76.68 79.27 77.21 81.62 81.84 84.42

Flowers
Base 97.94 82.72 81.10 95.16 97.28 98.73
Novel 76.93 82.98 78.77 81.61 82.01 82.48
HM 86.17 82.85 79.92 87.86 88.99 89.88

Food101
Base 90.68 93.75 92.90 93.71 94.18 94.29
Novel 91.20 94.92 93.33 93.97 94.63 95.04
HM 90.94 94.33 93.11 93.84 94.40 94.66

Aircraft
Base 42.84 37.21 34.47 44.68 44.78 52.32
Novel 38.11 44.33 39.07 44.01 43.39 43.55
HM 40.34 40.46 36.63 44.34 44.07 47.54

SUN397
Base 82.67 73.52 74.20 81.42 82.69 85.05
Novel 78.54 77.72 77.50 78.44 80.85 81.42
HM 80.55 75.56 75.81 79.90 81.76 83.19

DTD
Base 83.37 61.23 57.63 82.02 83.37 84.57
Novel 58.53 70.89 59.10 68.68 69.08 70.41
HM 68.78 65.71 58.36 74.76 75.56 76.84

EuroSAT
Base 92.26 70.93 83.13 92.19 92.94 93.29
Novel 71.71 83.44 77.80 82.69 85.82 83.71
HM 80.70 76.68 80.38 87.18 89.24 88.24

UCF
Base 86.73 79.94 77.83 86.66 86.88 88.81
Novel 78.64 80.58 80.27 81.11 82.64 83.07
HM 82.48 80.26 79.03 83.79 84.71 85.85

Table 2: Performance on base-to-novel adaptation trans-
fer. Source and target models are ViT-B/16 and ViT-L/14,
respectively. We adopt PromptSRC as a fine-tuning strategy.

Strategy Method Base Novel HM FPS

CLIP Zero-shot 76.71 80.85 78.73 286
CLIP TransMiter+ 86.00 80.77 83.30 285

MaPLe Fine-tuning 85.58 79.35 82.35 261
MaPLe TransMiter+ 87.41 81.54 84.37 285

PromptSRC Fine-tuning 87.15 81.59 84.28 258
PromptSRC TransMiter+ 87.59 81.97 84.69 285

HPT Fine-tuning 87.98 82.13 84.95 250
HPT TransMiter+ 87.53 82.65 85.02 285

LwEIB Fine-tuning 86.86 82.74 84.75 148
LwEIB TransMiter+ 87.55 82.52 84.96 285

Table 3: Performance on supervised fine-tuning. All the
methods use ViT-L/14 as a base model. TransMiter+ uses
ViT-B/16 with each specified strategy for adaptation knowl-
edge extraction.

tion with minimal computational overhead, requiring only
0.01 GFLOPs, while EFT incurs a significantly higher infer-
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Model Method Base-to-novel Base-to-base
PA ACE BC Base Novel HM

Source

(a) Zero-shot 69.51 74.29 71.72 65.33
(b) ✓ 82.45 75.90 78.86 79.30
(c) ✓ ✓ 83.83 76.21 79.62 81.39
(d) Fine-tuning 84.19 75.35 79.28 81.74

Target

(e) Zero-shot 76.71 80.85 78.63 72.54
(f) ✓ 80.82 79.64 80.09 76.25
(g) ✓ ✓ 82.90 79.80 81.24 78.98
(h) ✓ ✓ 81.60 80.24 80.80 77.65
(i) ✓ ✓ ✓ 85.27 81.07 83.12 82.51

Table 4: Ablation study of TransMiter. PA, ACE, and
BC refer to “Prediction-based Adapter”, “Auxiliary Class
Expansion”, and “Basis Change”, respectively.

ence cost. This indicates that TransMiter is not only effective
in transferring adaptation knowledge but also efficient.
Base-to-novel adaptation transfer. Table 2 presents an ex-
periment under the base-to-novel adaptation transfer setting
to verify whether the transferable adaptation methods can
maintain generalization ability in transferred models. On av-
erage performance across all datasets, TransMiter outper-
forms all baseline methods in all metrics: Base, Novel, and
HM. Notably, TransMiter is the only method that maintains
its Novel performance without any degradation compared to
Target Zero-shot. These results underscore TransMiter’s su-
perior ability to transfer specialized knowledge while main-
taining strong generalization capabilities.

In addition to the unsupervised adaptation transfer setting,
we further fine-tune TransMiter with labeled data (Trans-
Miter+) to fully assess its capability, and compare it against
recent state-of-the-art supervised fine-tuning approaches in
Table 3. We integrate additional adaptation strategies, such
as MaPLe (Khattak et al. 2023a), HPT (Wang et al. 2024),
and LwEIB (Yang et al. 2025b), into TransMiter for a
weaker model (e.g., ViT-B/16) adaptation, which serves as
a ‘fine-tuned weak VLM’ during the adaptation knowledge
extraction process. Even without the adaptation knowledge
extraction phase (row 2), TransMiter+ leads to a substantial
improvement over the zero-shot baseline. Moreover, since
TransMiter’s knowledge extraction and transfer provide a
strong initialization, fine-tuning TransMiter with supervi-
sion after the adaptation knowledge transfer consistently
yields improved performance across various strategies. Im-
portantly, combining any fine-tuning strategy with Trans-
Miter not only surpasses the performance of its fine-tuning
counterpart but also lowers inference cost, demonstrating
both high effectiveness and efficiency.

5.3 Ablation study
In this section, we evaluate the effectiveness of TransMiter
through ablations. Unless otherwise stated, we use ViT-B/16
and ViT-L/14 as the source and target VLMs, respectively,
and PromptSRC (Khattak et al. 2023b) for fine-tuning.
Component analysis in TransMiter. Table 4 provides a
comparison of TransMiter components when applying to
both source and target models, with results reported as
the average accuracy of all tasks. When the prediction-

Method Labels Transfer Inference HMTime (s) Mem. (Mb) FPS

EFT ✗ 0 0 169 81.62
Prompt Transfer ✗ 480 33188 258 77.21

TransMiter ✗ 24 3784 285 81.84

PromptSRC ✓ 321 31014 258 84.42
TransMiter+ ✓ 52 2996 285 85.16

Table 5: Efficiency analysis. Computation costs are mea-
sured using a single A6000 GPU on StanfordCars dataset.

based adapter (PA) is applied naively to the source model
((a)→(b)), it significantly improves the source model’s zero-
shot performance, but still lags behind the performance of
the fine-tuned source model ((b) vs. (d)). With the addition
of auxiliary classes ((b)→(c)), the prediction adapter better
approximates or even surpasses the fine-tuned source model
in certain cases ((c) vs. (d)), such as the performance of
Novel and HM in the base-to-novel setting. These results in-
dicate that TransMiter can effectively capture the adaptation
knowledge from the source model.

Also, naively applying the adapter to the target model
((e)→(f)) leads to an improvement over the zero-shot tar-
get model. When auxiliary classes (ACE) are introduced
((f)→(g)), the target model is further enhanced. Addition-
ally, incorporating basis change (BC) with the adapter
((f)→(h)) also contributes to better transferability. When
both methods are applied together in the target model ((i)),
it achieves the highest performance among the tested con-
figurations. These results demonstrate that using auxiliary
classes and basis change methodology has strong comple-
mentarity and serves as a highly effective method for en-
hancing the transferability of TransMiter.
Efficiency analysis. In Table 5, we evaluate the computa-
tional costs of TransMiter on StanfordCars dataset. Among
unsupervised transfer methods, TransMiter achieves strong
performance and fast inference, while its backpropagation-
free design significantly reduces transfer time and memory.
With a few labeled data, TransMiter+ surpasses the per-
formance and inference speed of the fine-tuning strategy
(PromptSRC) used in its development. This improvement
takes less than a minute of extra training, as it updates only
the adapter on top of the VLM, whereas PromptSRC re-
quires almost full-model gradient computation, highlighting
TransMiter’s superior efficiency.

6 Conclusion
We present TransMiter, a transferable model-agnostic
adapter that enhances vision-language models without back-
propagation. TransMiter utilizes the model’s prediction to
capture adaptation knowledge, enabling seamless knowl-
edge transfer from weaker to stronger models, regardless of
architecture or size. With its simple structure and forward-
only transfer, TransMiter ensures high computational ef-
ficiency. Experimental results demonstrate its exceptional
transferability across various models, offering a practical so-
lution for scalable and efficient adaptation.
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