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Abstract

Existing federated prompt learning methods for vision-
language models like CLIP rely solely on text-based prompts
and final-layer visual features, missing crucial multiscale
visual details and client-specific style variations. This lim-
its generalization across non-IID distributions and novel
classes. We introduce FedCSAP (Federated Cross-Modal
Style-Aware Prompt Generation), which harnesses multiscale
features from CLIP’s vision encoder alongside domain-aware
style statistics from client data. By fusing these visual repre-
sentations with textual context, FedCSAP generates adaptive,
context-aware prompts that enhance robustness across seen
and unseen classes. Our privacy-preserving approach oper-
ates through local training and global aggregation, effectively
handling heterogeneous client distributions. Experiments on
multiple image classification datasets demonstrate that Fed-
CSAP significantly outperforms existing federated prompt
learning methods in both accuracy and generalization.

Code — https://github.com/Jarus77/FedCSAP.git

Introduction

The integration of vision-language models (VLMs) such as
CLIP into federated learning (FL) settings promises pow-
erful cross-modal understanding, yet is often bottlenecked
by computational and communication constraints that make
end-to-end training impractical. Prompt-based learning has
emerged as a compelling alternative, enabling the adaptation
of large pretrained VLMs to downstream tasks through min-
imal, efficient modifications. Techniques like Context Opti-
mization (CoOp) replace hand-engineered prompts with soft
learnable vectors, demonstrating remarkable efficiency and
task-specific performance within few-shot scenarios (Zhou
et al. 2022).

Recently, Federated Text-driven Prompt Generation
(FedTPG) (Qiu et al. 2024) advanced this paradigm by in-
troducing a text-conditioned unified prompt generation net-
work collaboratively learned across clients. FedTPG lever-
ages task-specific textual inputs to create context-aware
prompts, improving generalization beyond the fixed prompt
vectors of earlier methods. However, FedTPG primarily
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focuses on textual context without incorporating multi-
scale visual features or client-specific style variations. Simi-
larly, Federated Context Optimization (FedCoOp) extended
prompt learning to FL by learning a unified prompt vector
set collaboratively from decentralized, heterogeneous clients
but relied solely on textual information and features from
only the final layer of the vision encoder. This myopic focus
results in a fundamental limitation: the rich, multi-scale vi-
sual cues and domain-dependent style variations inherently
present in diverse client data remain underutilized. As a con-
sequence, these models often struggle to generalize to new
domains or unseen classes, especially in the presence of non-
[ID distributions and context shifts, ultimately limiting their
robustness in real-world federated environments.

To address this crucial gap, we introduce FedCSAP (Fed-
erated Cross-Modal Style-Aware Prompt Generation), a
framework that transcends prior boundaries by weaving to-
gether multi-scale visual features from various depths of
CLIP’s vision encoder with client-specific style statistics de-
rived from batch activations. By fusing these richer visual
signals with task-relevant textual cues, our system dynami-
cally generates context-aware prompts finely tuned to each
client’s domain, thereby improving generalization and ro-
bustness across heterogeneous federated data.

Methodology

Our framework, FedCSAP, learns context-aware prompt to-
kens by fusing multi-scale visual and domain-specific style
features with textual embeddings across federated clients as
shown in Fig. 1.

Problem Setup

Each federated client has local, non-IID data D; with unique
class subsets and style variations. Standard prompt learning
with CLIP ignores valuable intermediate visual signals and
domain statistics. We aim to generate prompt tokens that:

(i) integrate multi-scale CLIP visual features, (ii) encode
client-specific style via batch normalization, and (iii) aintain
diversity via redundancy penalization.

Prompt Generation
Given class names {c; }, textual context is embedded as:

T = {Eex(cj)}j=1 € R™



A learnable query matrix @Q € R™*< interacts via cross-
attention:
Kr=TWk, Vy=TWy

P = hy (CrossAttention(Q, K7, Vr))
To capture visual details at different levels, we extract fea-
tures from multiple layers as shown in Fig. 1 of CLIP’s vi-
sion encoder:
f111 (ZE) c RWL X HyxC
! (z) = GAP(f!(z)) € R
Combined, with style mean p,:

F(z) = [F(@); ]
Full multi-modal vector:
M(z) = [T; F ()]

Attention-Based Fusion

The injection block By fuses content via channel-wise at-
tention:
01 = F(a) © A1(F(x)) + F(x)

0y =04-10 Ag(Og-1) + Og_1
Aq(v) = o (Wad(Wrv))
Projecting to visual tokens:
Um = hm(0g),
Prompt tokens and visual tokens are merged:

m=1,...,.M

c;n = Cm + Um
Composite prompt for class j:
ti ={lvi +al,...,[vm +cm], [CLS,] }
Federated Training
Each client optimizes via total loss:
Lot = Lee + ALcrp
where
Li(0",¢";Ti) = —E(ay)~p, [y 1og por or (ylz, Ti)]
exp(cos(Eimage (%), Ereat (;))/T)

225 exp(cos(Eimage (), Etext(t:))/T)
and context redundancy penalization:

LCRP:Z|C;- o — 1|
J#l

po.o(y =jlz, T) =

Server aggregates client updates via FedAvg:

0r+1 _ 1 Z 9(‘«}17 ¢7‘+1 _ 1 Z ¢T_‘+1

|Sr| i€S, S| i€S,

Experiments

We evaluate FedCSAP on nine diverse image classifica-
tion datasets (Caltech101, OxfordPets, StanfordCars, Flow-
ers102, Food101, FGVC Aircraft, SUN397, UCF101, and
DTD) following standard federated learning protocols. Each
dataset is split into base classes for training and new classes
for generalization evaluation. Base classes are distributed
non-IID across clients, with each client receiving 20 distinct
classes and 8 labeled images per class.
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Figure 1: FedCSAP: A federated prompt generator that
fuses multi-scale visual features and local style cues with
CREP loss to create distinct, context-aware prompt tokens.

We measure performance using local accuracy (client-
specific tasks), base accuracy (aggregated base classes),
and new accuracy (unseen classes), combined via harmonic
mean. All results are averaged over three independent runs.

Results and Discussion

FedCSAP is compared against five baselines: CLIP, CoOp,
FedCoOp, FedCoCoOp,FedMaple and FedTPG. While
CoOp achieves strong local performance (83.41%), it strug-
gles with base classes (72.05%) and new classes (71.27%).
Federated methods improve base-class collaboration but of-
ten sacrifice generalization. FedCSAP achieves the high-
est harmonic mean (76.06%), outperforming the best base-
line by 0.84%. Notably, FedCSAP excels on new classes
(75.61%), demonstrating superior generalization. This val-
idates our core hypothesis: multi-scale visual features and
style-aware prompt generation enable better adaptation to
domain shifts and unseen categories. The integration of
batch-level style statistics and context redundancy penaliza-
tion loss effectively balances local specialization with global
generalization in heterogeneous federated environments.

Conclusion

We presented a federated learning framework for multi-
modal vision-language tasks using attention-based fusion
and adaptive prompt generation. Our approach combines
cross-attention mechanisms with multi-layer visual features
from CLIP, while context redundancy penalization prevents
prompt collapse across federated clients. The framework ef-
fectively handles heterogeneous data distribution while pre-
serving privacy. Future work could explore adaptive penalty
weighting and extensions to other vision-language tasks.
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