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Abstract

Efficient and lightweight adaptation of pre-trained Vision-
Language Models (VLMs) to downstream tasks through col-
laborative interactions between local clients and a central
server is a rapidly emerging research topic in federated learn-
ing. Existing adaptation algorithms are typically trained it-
eratively, which incur significant communication costs and
increase the susceptibility to potential attacks. Motivated by
the one-shot federated training techniques that reduce client-
server exchanges to a single round, developing a lightweight
one-shot federated VLM adaptation method to alleviate these
issues is particularly attractive. However, current one-shot ap-
proaches face certain challenges in adapting VLMs within
federated settings: (1) insufficient exploitation of the rich mul-
timodal information inherent in VLMs; (2) lack of special-
ized adaptation strategies to systematically handle the severe
data heterogeneity; and (3) requiring additional training re-
source of clients or server. To bridge these gaps, we propose
a novel Training-free One-shot Federated Adaptation frame-
work for VLMs, named TOFA. To fully leverage the gen-
eralizable multimodal features in pre-trained VLMs, TOFA
employs both visual and textual pipelines to extract task-
relevant representations. In the visual pipeline, a hierarchi-
cal Bayesian model learns personalized, class-specific pro-
totype distributions. For the textual pipeline, TOFA evaluates
and globally aligns the generated local text prompts for ro-
bustness. An adaptive weight calibration mechanism is also
introduced to combine predictions from both modalities, bal-
ancing personalization and robustness to handle data hetero-
geneity. Our method is training-free, not relying on additional
training resources on either the client or server side. Extensive
experiments across 9 datasets in various federated settings
demonstrate the effectiveness of the proposed TOFA method.

1 Introduction
Federated learning (FL) (McMahan et al. 2017), a dis-
tributed machine learning paradigm, enables multiple clients
to collaboratively refine a shared model while preserv-
ing their data privacy. Recent advancements in large-scale
pre-trained models, especially Vision-Language Models
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(VLMs) such as CLIP (Radford et al. 2021) and ALIGN (Jia
et al. 2021), have gained widespread attention within FL,
driven by their impressive capability to learn transferable
representations. An increasing body of research focuses on
adapting VLMs to improve performance in downstream
tasks, particularly through fine-tuning and prompt learn-
ing (Zhang et al. 2025a; Lu, Tong, and Ye 2025; Lu and Yin
2025; Pan, Huang, and Shi 2024; Li et al. 2025a,b; Wang
et al. 2025a,b; Cui et al. 2024; Xu et al. 2025; Zeng et al.
2025; Zhang et al. 2025b; Feng et al. 2025; Qiu et al. 2024).

However, the large parameter sizes inherent to VLMs re-
sult in substantial communication and computation over-
head, significantly hindering their practical applicability in
FL scenarios. Most federated VLM adaptation methods,
whether fine-tuning or prompt learning, heavily rely on
multi-round interactions between the server and clients, in-
creasing communication burdens and requiring sustained
system robustness and reliability (Kairouz et al. 2021; Liu
et al. 2024). Moreover, a large number of clients and servers
(e.g., most mobile devices and capability-limited servers)
lack the computational resources necessary for model train-
ing (Abreha, Hayajneh, and Serhani 2022; Bonawitz et al.
2019; Mammen 2021), thereby impeding the deployment
of VLMs in distributed settings. Recently, the one-shot FL
technique emerges as an effective method to minimize com-
munication overhead by consolidating client-server interac-
tions into a single round (Liu et al. 2024; Allouah et al.
2024a; Tang et al. 2024; Zhang, Liu, and Wang 2024), sig-
nificantly reducing communication overhead while preserv-
ing privacy. Motivated by this, it is compelling to formulate
a lightweight one-shot federated adaptation framework
for VLMs to address the aforementioned issues.

Despite the promising advancements of one-shot tech-
niques, developing both training-free and one-shot federated
VLMs adaptation methods still faces certain challenges: (1)
Insufficient exploitation of the rich multimodal information
inherent in VLMs. Most one-shot training frameworks are
designed for traditional federated model training (Liu et al.
2024; Allouah et al. 2024a; Tang et al. 2024; Zhang, Liu,
and Wang 2024), primarily underlining the visual modality
and lacking the capacity to leverage the rich multimodal in-
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formation from VLMs. These methods are ill-suited for effi-
ciently adapting pre-trained VLMs to the FL setting, as they
fail to capture the critical interactions between visual and
textual modalities. (2) Lack of tailored adaptation strategies
to effectively handle severe data heterogeneity. The data het-
erogeneity within decentralized training frameworks further
impedes the development of lightweight adaptation methods
for VLMs in FL, where the data distributions among clients
are non-identically and non-independently distributed (non-
IID) (Li et al. 2020, 2021b; Liu et al. 2025a,b). Such non-
IID nature causes distributional shifts from client data to the
global data, leading to discrepancies in local and global op-
timization objectives, which prevent existing VLM adapta-
tion methods from meeting clients’ personalized demands,
underscoring the necessity for adaptation strategies tailored
to federated settings. (3) Additional training resource re-
quirements for the clients or server. Existing VLMs adap-
tation methods within FL typically depend on additional
model training resources on the client or server side (Yang
et al. 2024; Luo, Chen, and Wu 2025; Tran et al. 2025).
These methods are incompatible in the ubiquitous resource-
constrained distributed environments (Mammen 2021).

In this paper, we introduce a novel training-free one-shot
federated adaptation approach for VLMs to bridge these
gaps, named TOFA. To fully leverage the generalizable
multimodal features within VLMs, our approach employs
both visual and textual pipelines to extract task-relevant
representations for downstream classification. For the vi-
sual pipeline, we utilize a hierarchical Bayesian model to
model the heterogeneous feature representations of class-
specific prototypes derived from the visual encoder, with
the global information serving as the prior for the inference
of local feature distributions. The classification probability
for downstream tasks is derived using Gaussian Discrimi-
nant Analysis (GDA) on the posterior prompt distributions
of class prototypes. For the textual pipeline, TOFA aims
to extract robust and generalizable augmented textual in-
puts from the textual modality. The raw text inputs in the
original CLIP-based classification are first augmented using
Large Language Models. These inputs are then evaluated for
quality on each client and globally aligned to select robust
text prompts that consistently show high importance scores
across diverse local environments. To address the impact of
data heterogeneity, our approach fuses personalized visual
representations with robust text augmentations to integrate
both global and local information, learning locally adaptive
features while preventing the model from overfitting. Specif-
ically, TOFA introduces an adaptive weight calibration tech-
nique that adjusts the sample-wise contributions of the tex-
tual and visual modalities based on their prediction confi-
dence to strike a balance between personalization and gener-
alization. Furthermore, throughout the training process, our
approach operates without relying on training resources
on either the server or client side, thereby enhancing its
practicality and flexibility.

We demonstrate the effectiveness of TOFA by conducting
experiments across nine datasets containing vision datasets
and domain datasets within various data heterogeneous en-
vironments. TOFA has a consistent and significant improve-

ment over existing one-shot baselines, and even surpasses
several training-based federated VLM adaptation methods.
Our main contributions can be summarized as follows:
• To our best of knowledge, we are the first to propose

an effective training-free one-shot adaptation method for
VLMs in the FL setting.

• We propose an one-shot visual pipeline learn the person-
alized class-specific prompt distribution over visual rep-
resentation and a textual pipeline to extract robust text
augmentations though global text alignment.

• We propose a sample-adaptive modality weight calibra-
tion method to integrate personalized visual representa-
tions and robust text representations, allowing the model
to handle data heterogeneity within FL.

• We conducted extensive experiments on widely adopted
datasets in various data heterogeneity, and significant re-
sult improvement verifies the superiority of TOFA.

2 Preliminary
In this section, we focus on the background of VLMs and
FL. Detailed related work is presented in Appendix A.
Contrastive Language-Image Pretraining (CLIP). CLIP
(Radford et al. 2021) consists of a visual encoder ΦV(x)
and text encoder ΦT(t), each producing a normalized d-
dimensional embedding from an arbitrary image x, and
word embeddings t. Once trained, CLIP enables zero-shot
C-class image classification by generating each of the c
classifier weights wc as the d-dimensional text encoding
ΦT (tc). Here tc results from adding the class-specific word
embedding ec to a pre-defined prompt p, i.e., wc = ΦT (tc)
with tc = {p, ec}. The prompt p is manually crafted to
capture the semantic meaning of the downstream task, e.g.,
tc = ”A photo of a {class}”. Given the image embedding
z = ΦV(x), the probability of the image x being classified
as y ∈ {1, . . . , C} := [C] is thus defined as

p (y | x) =
exp

(
z⊤wy/τ

)∑C
i=1 exp (z

⊤wi/τ)
(1)

where τ is a temperature parameter.
Federated Learning (FL). Consider a federated learning
scenario involving K clients and a central server, and each

client k holds a local dataset Dk =
{
(xk

i , y
k
i )
}Nk

i=1
, k =

1, · · · ,K containing Nk samples. Let D =
⋃K

k=1 D
k rep-

resent the total datasets where each dataset is derived from a
distinct data distribution Dk. Generally, federated learning is
defined as an optimization problem (McMahan et al. 2017;
Kairouz et al. 2021) for maximizing a global objective func-
tion F(θ), which is a mixture of local objective functions
Fk(θ,Dk), namely F(θ) =

∑K
k=1 Fk (θ, Dk), where θ is

the parameter vector of the global model.
Notations. In this paper, vectors are denoted by bold low-
ercase letters, and matrices by bold uppercase letters. In the
context of federated dataset, a superscript k denotes data be-
longing to client k, a subscript c denotes class-c samples.
For example, the data belonging to c-th class in total dataset
is denoted as Dc, with its cardinality Nc. Similarly, the data
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Figure 1: Overall Framework of TOFA

of the k-th client belonging to class c is denoted as Dk
c , and

its cardinality as Nk
c . The visual representation of i-th data

xk
c,i from Dk

c can be computed as zkc,i = ΦV(xk
c,i).

3 Methodology
3.1 Overview
In this section, we present the design of our TOFA frame-
work, as illustrated in Figure 1, consisting of a visual
pipeline, a textual pipeline, and an adaptive multimodal
fusion module. To fully exploit the rich modal infor-
mation in pre-trained VLMs and strike a balance be-
tween global generalization and local personalization,
TOFA utilizes prompt distribution learning to extract per-
sonalized visual representations, enhances the robustness of
LLM-based text augmentation through global alignment of
importance scores, and integrates these components with an
adaptive multimodal fusion mechanism. To reduce commu-
nication costs and address data heterogeneity, without loss
of generality, each client adopts a pre-trained CLIP model
as the backbone model and has access to an LLM with
consistent versions and synchronized parameters. TOFA is
a training-free, one-shot federated framework that com-
pletes VLM adaptation in a single round without relying on
gradient-based model optimization, thereby bolstering both
flexibility and implementation simplicity.

3.2 Collaborative Prompt Distribution Learning
To capture the diverse visual variations, our method seeks to
model the distribution of class prototypes in feature space.
Prior research (Wang et al. 2024b; Lu et al. 2022; Zhu et al.
2024a) have shown that Gaussian distributions effectively
model the distribution of CLIP features, resulting in signifi-
cant performance improvements. Motivated by these obser-
vations, we assume N (w1:C ,Σ) with identical covariance is

the underlying class-specific prompt distribution over global
and each client’s local visual representations, where wc ∈
Rd presents the mean of the embedding distribution for the
c-th class, Σ ∈ Rd×d denotes the shared covariance, and the
density N (z;wc,Σ) is

1√
(2π)d|Σ|

exp

{
−1

2
(z−wc)

⊤
Σ−1 (z−wc)

}
.

For global dataset, the prompt distribution over visual repre-
sentation p(z | y = c) approximated by N (wc,Σ). To ob-
tain personalized representations for each client, the visual
feature embeddings p(z | y = c,Dk) for c ∈ [C] are mod-
eled as N (wk

1:C ,Σ
k), adopting the same distribution form

as the global one.
Our goal is to extract personalized visual representations

from the global features that are better adapted to the client’s
local objectives. We first derive the parameters of the global
prompt distribution θ = (w1:C ,Σ) using the Bayes’ for-
mula. Given a prior distribution π(θ) on the parameters
of the Gaussian distribution, the prompt prototypes of the
global visual representation are derived from the posterior
probability q(θ) = π(θ | D). By Bayes’ formula,

π(θ | D) ∝ L(D | θ)π(θ), (2)

where L(D | θ) :=
∏

c∈[C]

∏Nc

i=1 N (zc,i;wc,Σ) presents
the global likelihood function given the parameter θ.
Then, hierarchically, the personalized presentation extrac-
tion problem aims to deduce the local posterior distribution,
with the global prompt distribution serving as the informa-
tive prior. Denoting the local parameter as θk = (wk

1:C ,Σ
k),

Bayesian inference suggests that the posterior

q(θk) ∝ L(Dk | θk)π(θk) ∝ L(Dk | θk)L(D | θ)π(θ),
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where we plug in prior π(θk) = q(θ), and L(Dk | θk)
presents the local likelihood.

Hence, we adopt the power prior to ensure that the pos-
terior is not overly impacted by global information, which
introduces a scalar prior parameter α ∈ [0, 1] that weights
the prior distribution relative to the global likelihood. The
posterior distribution of θk can be written as

q(θk) ∝ p(Dk | θk)[L(D | θ)]απ(θ). (3)

The above personalized prompt distribution learning
problem is equivalent to solving the local visual representa-
tion q(θk). To ensure computational efficiency and facilitate
one-shot adaptation, we design a conjugate prior to construct
the hierarchical Bayesian framework with an explicit poste-
rior formulation, as presented in the following lemma.

Lemma 1 Assume that the mean of each prompt prototype
wc is independent given shared covariance Σ, the hierar-
chical Bayesian model characterized in (2) and (3) exists a
conjugate prior π(θ) over parameter (w1:C ,Σ):

Σ ∼ IW(Σ;S0, ν0), wc|Σ ∼ N (z;m0,c,
1

κ0,c
Σ),

where c ∈ [C] and IW(·) denote the Inverse-Wishart dis-
tribution. Specifically, denoting the sample number count for
class c as Nc and the embedding for the i-th sample in class
c as zc,i, the posterior distribution can be formulated as
N (z;w∗

1:C ,Σ
∗), and for c ∈ [C],

Σ∗ ∼ IW(Σ;Sq, νq), w∗
c |Σ∗ ∼ N (z;mq,c,

1

κq,c
Σ∗).

The parameters are specified as

κq,c = κ0,c +Nc, mq,c =
κ0,cm0,c +Ncz̄c

Nc + κ0,c

νq = ν0 +
∑
c∈[C]

Nc (4)

Sq = S0 +
∑
c∈[C]

Sc +
∑
c∈[C]

(
κ0.cm0,cm

⊤
0,c − κq,cmq,cmq,c

)
,

where Sc :=
∑Nc

i=1 zc,iz
⊤
c,i and z̄c :=

1
Nc

∑Nc

i=1 z̄c,i.

For the above hierarchical Bayesian model, an uninfor-
mative prior has the form S0 = s0I,mc,0 = 0, ν0 = 0 and
s0 ≈ κc,0 ≈ 0 to some small positive number. We now pro-
vide a detailed description of each step in the visual pipeline:

Step 1: Clients transmit local statistics to the server, which
computes the posterior under uninformative prior
via Lemma 1, as global class-specific prototypes
characterized by Sg, νg,mg,c, κg,c for c ∈ [C].

Step 2: The server sends global prototypes to each client.
Step 3: Each client k derives personalized, class-specific

prototypes, parameterized by Sk
l , ν

k
l ,m

k
l,c, κ

k
l,c, for

c ∈ [C], using the global prototypes distribution as
the prior via Lemma 1.

The proof of Lemma 1 and the detailed expressions for the
global and personalized prompt prototype parameters are
provided in Appendix B.1 with the computation and pri-
vacy analysis.

Furthermore, we utilize the maximum a posteriori (MAP)
estimation of the local prompt distribution for the hierarchi-
cal model presented above,

argmax
m,Σ

fp(wk
l,c,Σ

k)(m,Σ|D,Dk) = (mk
l,c,

Sk
l

νkl + d+ 2
).

If Σ̂k
l = Sk

l /(ν
k
l + d + 2)) is positive definite, (3.2) indi-

cates that N (z;mk
l,c, Σ̂

k
l ) is the most probable distribution

within the Gaussian family. By applying Gaussian Discrim-
inant Analysis (GDA), the personalized classification prob-
ability fk

V (z) can be formulated as

p(y = c | z, Dk) =
p(z | y = c,Dk)p(y = c | Dk)∑C
i=1 p(z | y = i,Dk)p(y = i | Dk)

=
exp

(
(mk

l,c)
⊤Gkz− 1

2
(mk

l,c)
⊤Gkmk

l,c + log pkc
)∑C

i=1 exp
(
(mk

l,i)
⊤Gkz− 1

2
(mk

l,i)
⊤Gkmk

l,i + log pki

) ,
where Gk :=

(
Σ̂k

l

)−1

, and pkc = p(y = c | Dk) := 1/C is
the class-wise prior probability for c ∈ [C], which is set to
be uniform during the prediction phase.

3.3 Text Augmentation with Global Alignment
The textual pipeline produces globally robust text prompts to
complement personalized prompt distributions and mitigate
data heterogeneity. Each client uses a local LLM to gener-
ate augmented descriptions, evaluates their reliability, and
assigns weights. A global alignment procedure then aggre-
gates these weighted descriptions into a robust, dataset-wide
text augmentation.

To enhance the textual modality, we adopt the two-step
prompt augmentation from (Zhu et al. 2024b), using LLMs
to generate dataset-aware class descriptions. LLMs produce
probing questions from dataset-level summaries. These are
then combined with class names to form tailored descrip-
tions, ensuring both diversity and visual relevance. For each
class c, the augmented text set is {tmc }Mm=1, supplemented
by the manual prompt “A photo of a class” denoted as t0c .

Subsequently, we propose a global text prompt alignment
method within FL environments, designed to extract text
augmentations that exhibit both generalization and robust-
ness at the global level. To determine the importance of text
description for the j-th class, each client calculates the clas-
sification probability with the text input t:

pkc (t) =
exp

(
1

Nk
c

∑Nc
j

i=1 ΦT(t)
⊤zkc,i

)
∑C

c′=1 exp

(
1

Nk
c′

∑Nk
c′

i=1 ΦT(t)⊤zkc′,i

) . (5)

With augmented texts tmc , pkj (t
m
c ) represents the signifi-

cance of the text prompt tmc for class j, as evaluated from the
visual feature embeddings. For the robust text augmentation
of c-th class, the most important property is its capability
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to distinguish the c-th class’s image features from those of
other classes. Therefore, on the server side, we introduce a
significance scoring criterion based on the manually defined
prompts t0c ,

r(tmc ) =
1

K

K∑
k=1

uk(t0c) log

(
uk(tmc )

uk(t0c)

)
, (6)

where uk(tmc ) := pkc (t
m
c ) − maxj ̸=c p

k
j (t

m
c ) indicates the

confidence of the text input tmc in local classification tasks.
Since manually designed inputs t0c , c ∈ [C] are consid-
ered the most robust text inputs across various environments,
the score function (7), which is analogous to the KL diver-
gence, assigns a higher importance score to text prompts
with stronger robustness, approaching or exceeding that of
t0c , in federated downstream tasks. We then weight the de-
scriptions within the c-th class based on the importance
scores as follows:

b(tmc ) =
exp (r(tmc )/τt)∑M

m=0 exp (r(t
m
c )/τt)

, m = 0, . . . ,M, (7)

where τt is the temperature parameter. Here we set τt = 0.5
to assign a higher weight to robust text prompts. During the
classification phase, denoting z = ΦV(x), the prediction
probability of image x being classified as class c can be com-
puted as

fT (z) =
exp

(∑M
m=0 b(t

m
c )z⊤ΦT(t

m
c )

)
∑C

j=1 exp
(∑M

m=0 b(t
m
c )z⊤ΦT(tmj )

) . (8)

3.4 Adaptive Multimodals Fusion
As a general rule within FL, combining the global robust
model with locally personalized models can further improve
performance under data heterogeneity (Li et al. 2021a, 2020;
Guo, Guo, and Wang 2023; Wang et al. 2024a; Zhu et al.
2024a). To further enhance the effectiveness of our method
in data heterogeneous environments, we propose a sample-
wise ensembling technique that adaptively calibrates inter-
modal weights to fuse the personalized visual representa-
tions and robust language modalities.

The key in our prediction fusion lies in introducing a
sample-wise mixing coefficient η(z) to balance the contri-
butions of both modalities, namely

fk
M (z) = η(z)fk

V (z) + (1− η(z))fT (z).

The following theorem provides the theoretical motivation
for this module’s design.
Theorem 1 Let f(z) := η(z)f1(z)+(1−η(z))f2(z), where
f1, f2 ∈ H are two prediction functions, and H : X →
{−1,+1} is a hypothesis set. Denoting the empirical pre-
dictive errors on Dtrain = {zi, yi}Ni=1 as R̂ (fi) , i = 1, 2,
and the VC dimension of H as dV C(H), then with probabil-
ity at least 1− δ over the samples,

R(f) ≤ B

√
dV C(H) + log 1/δ

N
+

∑
i=1,2

R̂(fi)

+ Cov (η(z), ℓ1(z)− ℓ2(z)) ,

where R(f) = E(z,y)∼D[ℓ(f(z), y)], ℓ is the cross-entropy
loss, Cov denotes the covariance and B is a constant.
The proof is detailed in Appendix B.2. According to the
above expression, minimizing the generalization error re-
quires η to be proportional to ℓ2−ℓ1, while ℓ := − log ptrue.

Kumar et al. (2022) have shown that a well-calibrated
classifier’s confidence serves as a reasonable surrogate for its
true accuracy ptrue. Formally, the average confidence over
the dataset {xi}Ni=1 scaled by a temperature τ > 0 is given
by the average of the model’s probability for its prediction:

conf(f, τ) =
1

N

N∑
i=1

max
j

[softmax (f (xi) /τ)]j .

To approximate a well-calibrated classifier, the average con-
fidence of model f should reflect the predicted accuracy,
i.e., conf(f, τ) ≈ Acc(f). This can be implemented by bi-
nary search of τ , which works since the confidence increases
when τ decreases. Aiming to ensure that the fused classifier
minimizes the generalization error, the weight η(z) can be
designed as η(z) = 1

1+e−L(z) , where

L(z) := log

(
maxj [softmax(fk

V (z))]j
maxj [softmax(fT (z))]j

)
.

Thus, the fused classifier naturally favors the modality with
higher predictive accuracy for given regions, thereby en-
hancing overall performance.

4 Experiment
4.1 Setup
Due to space limitations, the detailed information in this sec-
tion is provided in Appendix C.
Datasets. We assess the effectiveness of the proposed
TOFA across nine publicly available benchmark datasets
under various federated configurations to simulate dif-
ferent types of data heterogeneity: (1) Five representa-
tive visual classification datasets commonly employed to
test few-shot performance in the CLIP benchmark (Rad-
ford et al. 2021): OxfordPets, Flowers102, DTD, Cal-
tech101, and Food101, hereafter referred to collectively
as the CLIP datasets. (2) Two standard image bench-
marks, CIFAR-10 and CIFAR-100 (Gong et al. 2012).
(3) Two multi-domain datasets with feature shift (Li et al.
2021b): DomainNet (Peng et al. 2019) (six domains), and
Office-Caltech10 (Gong et al. 2012) (four domains).
Baselines. Since no previous work was found that inves-
tigates training-free and one-shot distributed adaptation
method for VLMs within a FL framework, we compare
the performance of TOFA with four categories of base-
lines: (1) Four existing prompt learning federated learning
methods: PromptFolio (Pan, Huang, and Shi 2024), DP-
PFL (Tran et al. 2025), PromptFL (Guo et al. 2023); pFed-
Prompt (Guo, Guo, and Wang 2023). (2) Three local adapt-
ing methods: Zero-shot CLIP (Radford et al. 2021) with
hand-crafted text prompt templates; CLIP-GDA (Wang
et al. 2024b); CoOp (Zhou et al. 2022). (3) Three adapted
methods derived from advanced one-shot techniques that op-
erate solely with client-side training resources, combined
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Method Training-free One-shot OxfordPets Flowers102 Food101 Caltech101 DTD

CoOp % % 89.18 69.03 82.54 90.62 63.97
PromptFolio % % 92.08 74.61 86.50 93.59 65.04
DP-PFL % % 96.91 85.75 86.08 96.76 86.23
PromptFL % % 90.79 92.26 88.17 87.90 50.46
pFedPromp % % 91.84 96.46 92.26 96.54 77.14
Zero-Shot CLIP ! ! 85.77 66.14 77.31 86.29 42.32
CLIP-GDA ! ! 88.81 91.23 79.05 92.55 60.64
FedLPA+PromptFL % ! 83.42 78.60 74.74 88.69 52.75
FENS+PromptFL % ! 90.51 81.19 80.80 84.37 68.43
FedBEns+PromptFL % ! 79.84 86.27 78.45 86.58 65.82
TOFA (Ours) ! ! 91.23 95.78 85.49 94.58 71.68

* Blue denotes the highest results of multi-round methods. Bold denotes the highest results of one-shot methods.
Table 1: Few-shot Performance on CLIP Datasets over 10 Clients.

with the backbone prompt learning method (Guo et al. 2023)
in FL: FedLPA (Liu et al. 2024), FENS (Allouah et al.
2024b), FedBEns (Talpini, Savi, and Neglia 2025). (4) Fe-
dAvg (McMahan et al. 2017) is included as a traditional
baseline in experiments on image datasets.
Implementation details. (1) CLIP datasets. Each dataset
in CLIP datasets is partitioned into N = 10 clients, de-
faulting if not explicitly specified, each with a disjoint set
of classes evenly and randomly assigned to the clients. (2)
CIFAR10 and CIFAR100. We split N = 100 clients re-
sulting from Dir(β = 0.3) partition. (3) DomainNet and
Office-Caltech10. Each client in the federated system is as-
signed data from a single unique domain, Consistent with
prior work (Li et al. 2021b; Cui et al. 2024). We present the
results using ViT-B16 (Dosovitskiy et al. 2020) backbones.
For other hyperparameters, such as learning rate and local
epochs in the aforementioned baselines, we adhere to the
original configurations from these studies. Given that the re-
sults of our model are deterministic due to its training-free
nature, we do not present results with statistical variations,
which is typical in zero-shot or training-free studies (Zhu
et al. 2024a,b; Wang et al. 2024b).

4.2 Overall Comparison
Model evaluation on label shifts. We began by assessing
performance of TOFA against baselines on datasets with la-
bel shift. We conducted few-shot experiments on the CLIP
datasets and standard training experiments on the CIFAR
datasets. In Table 1, we present the numerical results of
the training-required/training-free and multi-round/single-
round baselines under the 16-shot setting. Results show that
TOFA consistently exceeds the performance of one-shot
baselines on all five datasets, even exceeds many muti-round
prompt learning methods, owing to full exploration of modal
interaction information from pre-trained VLMs. For exam-
ple, our method consistently outperforms CoOp, Prompt-
Folio, and PromptFL across five vision datasets, except for
Food101. Notably, on the DTD dataset, where training-free
methods struggle to perform well, TOFA still outperforms
all one-shot baselines and shows only a slight performance

gap compared to multi-round methods like PromptFolio
and PromptFL. Demonstrating TOFA’s remarkable ability to
adapt to resource-constrained scenarios in few-shot settings.
Table 2 presents the comparison results on CIFAR datasets,
which are partitioned under Dirichlet setting β = 0.3 over
100 clients. This result further corroborates the efficacy of
our method in handling extreme data heterogeneity. It also
empirically demonstrates the scalability of TOFA with re-
spect to the number of clients.

Method Cifair10 Cifair100

FedAvg 75.10 42.52
Zero-Shot CLIP 87.71 64.92
CoOp 93.11 74.83
PromptFL 92.30 73.67

TOFA (Ours) 93.18 76.63

Table 2: Results on CIFAR10 & CIFAR100

Model evaluation on feature shifts. To assess the per-
formance of our method in scenarios more closely resem-
bling real-world FL applications, we examine TOFA on real-
world data with feature shift (Li et al. 2021b) using Domain-
Net and Office-Caltech10, where each client is assigned with
single domain dataset, resulting in 6 clients for DomainNet
and 4 clients for Office-Caltech10. In Table 3, we report
the performance of our method against other baselines on
these two domain datasets. We present the maximum accu-
racy of these methods combining one-shot techniques with
prompt-based FL (Oneshot+PromptFL). The experimental
results show that training-free methods, such as Zero-Shot
CLIP and CLIP-GDA, struggle to benefit the clients, par-
ticularly on the DomainNet dataset. However, our method
achieved the highest average accuracies 93.05% and 98.69%
on Office-Caltech10 and DomainNet, respectively. This re-
sult surpasses most methods requiring multiple rounds of
training and achieves a performance within 2% of the op-
timal prompt-based FL baseline. This validates the effec-
tiveness and robustness of TOFA in scenarios closer to real-
world federated settings.
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Datasets DomainNet Office-Caltech10

Domains C I P Q R S Avg. A C D W Avg.

CoOp 98.32 83.01 98.18 82.37 98.21 97.70 92.97 96.38 97.24 100 98.31 97.98
PromptFolio 98.38 83.07 98.24 82.43 98.27 97.84 93.04 95.64 96.50 99.26 97.57 97.24
DP-PFL 98.93 84.52 98.89 87.87 98.64 98.02 94.48 97.92 97.68 100 100 98.90
PromptFL 98.23 79.91 97.89 66.52 96.83 97.31 89.45 96.41 96.39 96.90 100 97.43
pFedPromp 98.14 82.43 98.26 86.52 96.98 98.42 93.46 97.12 98.18 96.85 100 98.04

Zero-Shot CLIP 72.32 47.15 53.63 31.30 48.40 50.18 50.50 19.30 18.20 21.90 18.60 19.50
CLIP-GDA 71.72 60.75 64.39 67.70 66.48 69.19 66.71 96.08 98.20 98.30 100 98.15
Oneshot+PromptFL 85.42 75.68 86.97 73.96 84.74 89.61 82.73 94.93 96.21 96.89 99.20 96.81
TOFA (Ours) 98.86 82.69 97.45 83.37 98.12 97.83 93.05 96.94 97.81 100 100 98.69

* Blue denotes the highest results of multi-round training methods. Bold denotes the highest results of one-shot methods.
Table 3: Experimental Results on Office-Caltech10 and DomainNet Datasets with Feature Shift.
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Figure 2: Comparisons on CLIP datasets across varying shot numbers and parameter α in TOFA over 10 clients.

4.3 Ablation Experiments
Impact of number of α. In TOFA, α ∈ [0, 1] is the coef-
ficient for adjusting the contribution of global information
in local distribution posterior inference. Figure 2 displays
the results for α values ranging from 0 to 1 across the CLIP
datasets. The trends reveal that although the optimal α value
varies across datasets, assigning a higher weight to global
information (e.g. α ≥ 0.75) can achieve near-optimal per-
formance. Based on this observation, we adopt α = 1 for
experiments in this section.
Impact of number of shot. We also investigate the im-
pact of shots in the few-shot learning for TOFA. Figure 2
also presents the impact of shots in the few-shot learning
for TOFAacross the CLIP datasets. The number of shots
varies from [1, 2, 4, 8, 16]. The result shows an explicit im-
provement in test accuracy with an increase in the number of
shots. Based on the accuracy shown in the figure, our method
achieves stable results starting from the 8-shot classification.
Inter-modality ablation experiments. We conducted an
inter-modality ablation study to analyze the impact of dif-
ferent modalities on the overall performance of TOFA, as
presented in Figure 3. The results indicate that the accuracy
of both the visual and textual modalities before fusion is
lower than that of the fused TOFA model. This demonstrates
that combining personalized visual information with robust
textual prompts effectively prevents overfitting in the fused
model, thereby improving accuracy. It further validates the
importance of multimodal information fusion within down-
stream tasks of VLMs, which, compared to single-modal ap-
proaches, enables models to capture more precise and gen-
eralizable representations.

Pets Flower Food Cal DTD Domain Office
0.2

0.4

0.6

0.8

1.0

A
cc

Text modal Fusion (TOFA) Visual modal

Figure 3: Results on Inter-Modality Ablation Experiments.

5 Conclusion
We propose TOFA, a novel Training-free One-shot Feder-
ated Adaptation framework for VLMs in federated learning.
To our knowledge, it is the first approach to realize training-
free VLM adaptation with a single communication round.
TOFA leverages both visual and textual pipelines to extract
task-specific, generalizable multimodal representations. In
the visual pipeline, a hierarchical Bayesian model learns per-
sonalized, class-specific prototype distributions over visual
features. In the textual pipeline, TOFA evaluates and glob-
ally aligns generated descriptions to ensure robustness. An
adaptive weight calibration mechanism then fuses predic-
tions from both modalities, trading off personalization and
robustness to mitigate data heterogeneity. The method re-
quires no additional model training on either clients or the
server. Extensive experiments on nine datasets under diverse
federated settings demonstrate the effectiveness of TOFA.
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