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Abstract

Prompt learning in pretrained visual-language mod-
els has shown remarkable flexibility across various down-
stream tasks. Leveraging its inherent lightweight nature, re-
cent research attempted to integrate the powerful pretrained
models into federated learning frameworks to simultane-
ously reduce communication costs and promote local train-
ing on insufficient data. Despite these efforts, current fed-
erated prompt learning methods lack specialized designs
to systematically address severe data heterogeneities, e.g.,
data distribution with both label and feature shifts involved.
To address this challenge, we present Federated Prompts
Cooperation via Optimal Transport (FedOTP), which intro-
duces efficient collaborative prompt learning strategies to
capture diverse category traits on a per-client basis. Specif-
ically, for each client, we learn a global prompt to extract
consensus knowledge among clients, and a local prompt
to capture client-specific category characteristics. Unbal-
anced Optimal Transport is then employed to align local vi-
sual features with these prompts, striking a balance between
global consensus and local personalization. By relaxing
one of the equality constraints, FedOTP enables prompts
to focus solely on the core regions of image patches. Exten-
sive experiments on datasets with various types of hetero-
geneities have demonstrated that our FedOTP outperforms
the state-of-the-art methods.

1. Introduction
Federated learning [52] is a distributed machine learning
framework that enables decentralized collaboration among
participants without sharing their training data. However,
current federated learning methods involve high training
and communication costs due to the need to update and
share model parameters with the server. This constraint has
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typically restricted these methods to modest backbone ar-
chitectures, hindering their feature capacity and resulting in
performance limitations and training instability [74].

Recently, vision-language pre-trained models like Con-
trastive Language-Image Pretraining (CLIP) [60] have
shown potential in learning robust and versatile representa-
tions suitable for various image distributions, aligning with
the objectives of federated learning. However, the substan-
tial communication overhead between the server and clients
renders training CLIP in federated learning frameworks.
Besides, overfitting concerns may arise when large-scale
models are trained with limited client data. Prompt learning
[46, 78] provides a flexible way to adapt pre-trained models
to downstream tasks by training only additional parameters.
This enables prompts to capture task-specific information
while guiding the fixed model’s performance. Leveraging
its lightweight nature, prior research [27, 76] has explored
the integration of prompt learning into federated learning to
overcome the problems outlined above.

In real-world scenarios, client data often exhibits varia-
tions in domain discrepancies (feature shift) [44] or imbal-
anced class distributions (label shift) [40]. Simply applying
the FedAvg [52] method on prompts [27] across all clients
tends to deviate from their local distribution, leading to un-
satisfactory performance. Hence, it’s crucial to develop spe-
cialized personalized federated prompt learning approaches
to effectively address data heterogeneity. pFedPrompt [26]
introduced personalization into federated prompt learning
by maintaining personalized attention modules to generate
spatial visual features locally while learning user consensus
through shared text prompts. However, in the presence of a
significant label shift or notable feature shift, merely learn-
ing a shared prompt in the language modality is inadequate.

To resolve these limitations, we propose simultaneously
learning both a shared global prompt and a personalized lo-
cal prompt for each client in the local training phase. After
local training, the local prompt remains on the client side,
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while the global prompt is transmitted to server to aggregate
with prompts from other clients. In this manner, the client
owns the capacity to acquire consensus knowledge among
clients from the global prompt, while also being able to dis-
cern client-specific user traits through the local prompt.

To further achieve a balance between global consensus
and local personalization, we introduce Federated Prompts
Cooperation via Optimal Transport (FedOTP). FedOTP uti-
lizes Optimal Transport (OT) [33] to align local visual fea-
tures with both global and local textual features through
an adaptive transport plan, promoting fine-grained match-
ing across vision and language modalities and strengthening
collaboration between the global and local prompts. The
adaptive OT transport plan can provide resilience to visual
misalignment and effective adaptation to feature shifts. It’s
worth noting that the standard OT imposes two hard equal-
ity constraints on the transport plan, leading to each im-
age patch being assigned to prompts. This may potentially
cause prompts to capture some class-irrelevant information
from the image and consequently influence the final results.
To mitigate this, we consider employing unbalanced OT by
relaxing one of the equality constraints, allowing prompts to
focus solely on the most relevant image patches rather than
the entire content of the image. For an efficient solution,
we apply a fast implementation of Dykstra’s algorithm [16]
in our FedOTP, enabling swift convergence and focusing on
the core area of the image during iterations.

Our main contributions are summarized as follows:
• We are the first to explore the mechanism of prompts’ co-

operation in federated learning where severe data hetero-
geneity is present. More precisely, we train both a global
prompt for consensus across clients and a local prompt to
capture client-specific category traits simultaneously.

• We propose FedOTP, a federated learning framework uti-
lizing unbalanced OT to enhance the cooperation between
global and local prompts. Through unbalanced OT, we
align local visual features with textual prompts while en-
able prompts to focus solely on the critical image patches.

• We conducted extensive experiments on widely adopted
datasets in various data heterogeneity with feature shifs
and label shifts, and significant result improvement ver-
ifies the superiority of our FedOTP. In addition, we
demonstrated the ability of FedOTP to balance consensus
and local personalization through visualizations.

2. Related Work

2.1. Personalized Federated Learning

Personalized federated learning (PFL) is a highly regarded
research field because of its potential to address statisti-
cal and systemic heterogeneity across clients. Various ap-
proaches have been proposed in prior research to achieve
PFL. The most common method involves the inclusion

of regularization terms in the loss function [42, 43, 66],
and fine-tuning the global model on clients’ local datasets
[17, 35, 50, 72]. Additionally, some works focus on explic-
itly seeking a trade-off between the global model and the
local models [8, 28, 45, 51]. To enhance adaptability to di-
verse data distributions, certain techniques have delved into
clustering methods for client grouping [32, 61, 70]. Lever-
aging the relationships and data distribution among clients,
methods like FedPAC [73], and FedDisco [75] introduce
novel weighted aggregation techniques to promote intensive
collaboration among similar clients. Furthermore, some re-
searchers have explored the decomposition of model param-
eters into base layers and personalized layers. For instance,
FedPer [1], FedRep [12], and FedBABU [55] learn person-
alized classifier heads locally while sharing the base layers,
and FedTP [39] learns personalized self-attention layers for
each client. The importance of PFL was pointed out theo-
retically by [31].

The methods mentioned above primarily target label
shift data heterogeneity. However, they may not per-
form well when substantial domain differences exist among
clients. In dealing with these feature shifts, FedBN [44]
employs local batch normalization to mitigate the feature
shift before model averaging, while PartialFed [65] extends
this strategy by selecting personalized parameters according
to distinct feature traits of different clients. Besides, Fed-
PCL [67] enhances each client’s ability to utilize pre-trained
models by extracting client-specific and class-relevant in-
formation. Our FedOTP explores the cooperation between
global and local prompts to effectively address both label
shift and feature shift data heterogeneity.

2.2. Prompt-based Federated Learning

Prompt learning, originating from NLP models, has ex-
panded to Vision Language Models. Initial methods like
CLIP [60] involved manually crafted templates, while re-
cent approaches concentrate on learning prompts in a con-
tinuous embedding space. CoOp [78] fine-tunes CLIP with
continuous prompt vectors. Based on this, plenty of stud-
ies [7, 30, 34, 47, 49, 77] have been introduced to en-
hance the effectiveness of prompt learning. To accelerate
the global aggregation and handle situations with insuffi-
cient user data, FedPrompt [76] and PromptFL [27] have
introduced prompt learning into Federated Learning. Based
on these two works, several methods have made substantial
progress in various domains. For instance, FedPR [22] fo-
cuses on learning federated visual prompts within the null
space of the global prompt for MRI reconstruction. Based
on CLIP, FedAPT [64] introduces a federated adaptive
prompt tuning algorithm for cross-domain federated image
classification, and FedCLIP [48] utilizes an attention-based
adapter to optimize the utilization of pre-trained model in-
formation. To tackle statistical heterogeneity among clients,
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pFedprompt [26] maintains a non-parametric personalized
attention module for each client to generate locally person-
alized spatial visual features, and pFedPG [74] designs a
client-specific prompt generator at the server to create per-
sonalized prompts. While these works show the potential of
prompt learning in Federated Learning, there remains a de-
ficiency in technical enhancements tailored to PFL scenar-
ios. Compared with these methods, our FedOTP employs
OT to balance the global consensus and local personaliza-
tion from the collaboration of global and local prompts.

2.3. Optimal Transport

Initially developed as a solution to optimize the cost of mov-
ing multiple items concurrently, Optimal Transport (OT)
[33] has gained significant attention in the machine learning
and computer vision community. To accelerate the conver-
gence and efficiently deal with large-scale problems, [13]
introduced Sinkorn’s algorithm [63] for computing an ap-
proximate transport coupling with entropic regularization.
Unbalanced OT relaxes the equality constraint of classical
OT, allowing for partial displacement in the transport plan.
It can be efficiently solved using the generalized Sinkhorn’s
algorithm [10] by incorporating soft penalties based on
Kullback-Leibler divergence [23] or parallel algorithm [37].
Given its remarkable ability in distribution matching, OT
has been applied in various theoretical and practical tasks,
including domain adaptation [5, 14, 19, 38], learning with
noisy labels [6, 21], causal discovery [41, 68, 69], federated
learning [9, 18], outlier detection [59] and so on. In prompt
learning field, PLOT [7] proposes to learn multiple prompt
sets for diverse contextual representations and use OT to
align the features of vision and language modalities. Dif-
ferent from PLOT, we employ unbalanced OT to enhance
the cooperation between global and local prompts by relax-
ing one of the equality constraints, which allows prompts to
concentrate exclusively on the most relevant image patches.

3. Preliminaries
3.1. Prompt Learning

To adapt pre-trained models like CLIP [60] to downstream
tasks, prompt learning methods [77, 78] provide an ef-
ficient way by training a few parameters in the prompt.
Within the CLIP model, the textual prompts are manually
crafted using class labels y ∈ {1, 2, · · · ,K} (e.g., “a photo
of a ⟨classname⟩”) representing K classes. These textual
prompts are then tokenized and projected into word embed-
dings W = {w1, w2, · · · , wL} ∈ RL×dl where L is the
number of word embeddings and dl denotes its dimension.
To learn the context prompts, we interpose s(≤ L) learn-
able vectors {pi ∈ Rdl}si=1 in the language branch. Con-
sequently, the textual prompt can be formulated as Pk =
{w1, p1, · · · , ps, ws+2 · · · , wL} ∈ RL×dl , where we use

{p1, · · · , ps} in place of {w2, · · · , ws+1} to be consistent
with previous works. Denote the fixed text encoder as h(·)
and image encoder as g(·), and the prediction probabilities
for each category are computed with the input prompt Pk of
class k and image x through matching scores:

q(y = k|x) = exp(sim(g(x), h(Pk))/τ)∑K
c=1 exp(sim(g(x), h(Pc))/τ)

, (1)

where sim(·, ·) denotes a metric function such as cosine
similarity, and τ represents the temperature of Softmax.
Next, we optimize the learnable parameters {pi}si=1 by
minimizing the cross-entropy loss

ℓCE = − 1

|X |
∑
x∈X

K∑
k=1

yx,kq(y = k|x), (2)

where yx is a a one-hot label vector.

3.2. Optimal Transport

Optimal Transport is a constrained optimization problem
aiming to efficiently transfer probability mass between two
distributions. Here we briefly recall its formulation of the
discrete situation. Given two probability simplex vectors
α and β and a cost matrix C ∈ R|α|×|β|, OT aims to find
the optimal transport plan T by minimizing the following
objective:

dC(α, β) = min
T∈U(α,β)

⟨C, T ⟩ ,

U(α, β) =
{
T ∈ R|α|×|β|

+ | T1|β|= α, T⊤1|α|= β
}
,

(3)

where ⟨·, ·⟩ is Frobenius dot-product, U(α, β) denotes
the solution space of T , and 1d is a d-dimensional
vector of ones. Directly optimizing the OT problem
would be time-consuming. Sinkhorn algorithm [13] in-
troduces an entropic regularization term for fast optimiza-
tion. The regularized OT formulation can be expressed
as: min

T∈U(α,β)
⟨C, T ⟩ + λ ⟨T, log T ⟩, where λ ≥ 0 is a

hyper-parameter. In light of this, the optimal transport plan
T ∗ has been shown to be unique with the form T ∗ =
diag(u(t̃)) exp(−C/λ)diag(v(t̃)), where t̃ represents the it-
eration and in each iteration u(t̃) = u/(exp(−C/λ)v(t̃−1))

and v(t̃) = v/(exp(−C/λ)⊤u(t̃)).

4. Methodology
In this section, we present the design of our FedOTP frame-
work, illustrated in Figure 1. To achieve a balance between
global consensus and local personalization, FedOTP utilizes
unbalanced Optimal Transport to strengthen the collabora-
tion between global and local prompts, effectively address-
ing both label shift and feature shift data heterogeneity.
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Figure 1. Overview of our FedOTP. On the left, clients transmit global prompts to the server for aggregation while retaining local prompts
locally. The right shows the workflow of Global-Local prompt cooperation mechanism, which employs unbalanced Optimal Transport to
align visual feature maps with each prompt.

4.1. Federated Learning with Global and Local
Prompts

Consider a federated learning scenario involving N clients
and a central server, and each client i holds a local dataset
Di = {(xj

i , y
j
i )}

mi
j=1(i = 1, · · · , N) containing mi sam-

ples. Let D = {D1, D2, · · · , DN} represent the total
datasets where each dataset is derived from a distinct data
distribution Di, and let Ct represent the set of selected
clients participating at communication round t.

Aiming to reduce communication costs and address data
heterogeneity, each client is equipped with a pre-trained
CLIP model and a prompt learner in our federated learning
setup. Through the prompt learner, every client learns both
a shared global prompt and a personalized local prompt, al-
lowing clients to extract more individualized insights while
maintaining a degree of consensus among them. Specifi-
cally, for each client i, the prompt Pi comprises a global
prompt Pg and a personalized prompt Pl,i, denoted as Pi =
[Pg, Pl,i]. During each communication round t, client i ini-
tializes the prompt with P t,0

i = [P t−1
g , P t−1

l,i ]. Then the
global and local prompts are jointly updated through gradi-
ent descent P t,r

i = P t,r−1
i − η∇LDi

(P t,r−1
i ) for R itera-

tions locally. After local training, only the updated global
prompt P t,R

g,i is transmitted to the server for aggregation to
learn global consensus among clients, while the personal-
ized prompt is retained locally to capture client-specific cat-
egory characteristics. The process of aggregation can be
expressed as:

P t
g =

∑
i∈Ct

mi∑
j∈Ct

mj
P t,R
g,i . (4)

Then the objective function of our FedOTP can be formu-

lated as:

min
Pg,{Pl,i}N

i=1

N∑
i=1

mi∑
j∈Ct

mj
LDi

(Pg, Pl,i), (5)

with LDi(Pg, Pl,i) = E(xj
i ,y

j
i )∈Di

ℓ(f(Pg, Pl,i;x
j
i ), y

j
i ),

where f(Pg, Pl,i; ·) represents the personalized model for
client i, and ℓ(·, ·) denotes the cross-entropy loss function
as introduced in Eq. (2).

4.2. Global-Local Prompt Cooperation by Unbal-
anced Optimal Transport

In this subsection, we introduce the details of the prompt
learning process for each client, which leverages unbal-
anced OT to integrate insights learned from both global and
local prompts. To be specific, as shown in Figure 1, we
initialize prompts Pg and Pl,i as {w1, p1, · · · , ps, · · · , wL}
where wi represents the word embedding and pi signifies
learnable vectors. With the text encoder h(·), we obtain a
global textual feature Hk,g = h(Pg,k) ∈ Rdf and a local
textual feature Hk,l = h(Pl,i,k) ∈ Rdf for each class k,
and the combination of these two features is represented as
Hk = [Hk,g, Hk,l] for convenience. Uploading an image x
to the image encoder g(·), we derive a set of visual features
G = g(x) ∈ R(V+1)×df , which consists of a class token
Gc ∈ Rdf and a feature map Gm ∈ RV×df .

We consider learning an optimal transport plan T that
aligns both global and local textual features Hk with vi-
sual feature map Gm. By representing features as sam-
ples from discrete distributions, the cost matrix can be rep-
resented by the cosine distance between Hk and Gm as
C = 1 − G⊤

mHk ∈ RV×2, then the optimization objective
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of unbalanced optimal transport is formulated as:

dC,k(α, β) = min
T∈U(α,β)

⟨C, T ⟩ ,

U(α, β) =
{
T ∈ RV×2

+ | T12 ≤ α, T⊤1V = β
}
,

(6)

where α ∈ RV and β ∈ R2 are essentially marginal proba-
bility vectors which satisfy ∥α∥1 ≥ ∥β∥1 = γ (γ ∈ [0, 1]).
The difference between Eq. (6) and formulation in PLOT
[7] lies in their use of classical OT with two hard equal-
ity constraints as Eq. (3). This forces prompts to map to
each image patch, potentially causing them to capture some
class-irrelevant information from the image and thereby in-
fluencing the final results. In contrast, our FedOTP relaxes
one of the equality constraints, allowing prompts to concen-
trate solely on the most relevant image patches rather than
the entire content of the image. Additionally, by controlling
γ, FedOTP owns the ability to regulate the mapping size of
prompts on the feature map.

For fast optimization, we add an entropic regularization
term to Eq. (6), and the objective function is formulated as
follows:

dC,k(α, β) = min
T∈U(α,β)

⟨C, T ⟩+ λ ⟨T, log T ⟩ . (7)

In line with [2], we can further reformulate Eq. (7) as a
Kullback-Leibler (KL) projection, and the solution space
U(α, β) is then defined as the intersection of two convex
but not affine sets:

dC,k(α, β) = min
T∈U(α,β)

λKL(T | e−C/λ),

C1 ≜
{
T ∈ RV×2

+ | T12 ≤ α
}
,

C2 ≜
{
T ∈ RV×2

+ | T⊤1V = β
}
.

(8)

To solve Eq. (8), we employ a rapid implementation of
Dykstra’s algorithm [16] as introduced in [6], which effi-
cient scales iterative KL projection between C1 and C2 by
leveraging matrix-vector multiplications exclusively. Ini-
tializing Q = exp(−C/λ) and v(0) = 12, a fast optimiza-
tion solution is achieved within a few iterations as:

T ∗ = diag(u(t̃))Qdiag(v(t̃)), (9)

where t̃ is the iteration, and in each iteration u(t̃) =
min(1V /Qαv

(t̃−1),1V ) and v(t̃) = 12/Q
⊤
β u

(t̃) with Qα =

Q/diag(α)1V×2 and Q⊤
β = Q⊤/diag(β)1V×2. The details

of this algorithm are shown in Appendix Section A.1.
By Eq. (9), we obtain the optimal transport plan T ∗

and the final Wasserstein distance dC,k, then the matching
scores in Eq. (1) is replaced by the following prediction
probability:

q(y = k|x) = exp((1− dC,k)/τ)∑K
c=1 exp((1− dC,c)/τ)

. (10)

After obtaining q(y = k|x), we fix the transport plan T ∗

and optimize learnable vectors {pa}sa=1 in both global and
local prompts simultaneously for client i through cross en-
tropy as described in Eq. (2). Then the global prompt Pg,i

is sent to the server for aggregation utilizing Eq. (4) with
the local prompt retained locally. During local training via
OT, the final prediction probability of FedOTP is a synthe-
sis of information derived from both the global and the lo-
cal prompts. This avoids a straightforward addition of the
outcomes from the two prompts, fostering a comprehensive
and collaborative learning process. Due to page limitation,
the algorithm box is deferred to the Appendix Section A.2.

4.3. Generalization Bound

We analyze the generalization bound of our FedOTP in this
section. Before starting the analysis, we first introduce
some assumptions as follows.

Assumption 1 (Lipschitz Conditions) Let D1, · · · ,DN

denote the real data distribution of each client and
LDi

(Pg, Pl,i) = E(xj
i ,y

j
i )∈Di

ℓ(f(Pg, Pl,i;x
j
i ), y

j
i ) be the

expected loss. We assume the following Lipschitz conditions
hold:

|ℓ(f((P ;x), y)− ℓ(f((P ′;x), y)|
≤ L∥f((P ;x), y)− f((P ′;x), y)∥,

(11a)

∥f(Pg, Pl,i)− f(P ′
g, Pl,i)∥ ≤ Lg∥Pg − P ′

g∥, (11b)

∥f(Pg, Pl,i)− f(Pg, P
′
l,i)∥ ≤ Ll,i∥Pl,i − P ′

l,i∥. (11c)

Assumption 2 Since the convergence of global prompt has
been proved in [27], we assume ∥P̂g − P ∗

g ∥2 ≤ Ag

for convenience. And we assume local prompts Pl,i are
bounded in a ball of radius Al,i, which can be denoted as
∥P̂l,i − P ∗

l,i∥2 ≤ Al,i.

Leveraging above assumptions, we can derive the fol-
lowing theorem:

Theorem 1 (Generalization Bound of FedOTP)
Suppose D̂1, · · · , D̂N denote empirical data distribu-
tion of N clients with learned parameters P̂g and P̂l,i, and
P ∗
g and P ∗

l,i are optimal parameters for the real distribution
D1, · · · ,DN . Let H represent the personalized hypothesis
and d denote the VC-dimension of H. Suppose all the
clients participate at every communication round and
Assumptions 1 and 2 hold, with probability at least 1 − δ,
we have∣∣∣∣∣

N∑
i=1

mi

M

(
LD̂i

(P̂g, P̂l,i)− LDi
(P ∗

g , P
∗
l,i)

)∣∣∣∣∣
≤
√

M

2
log

N

δ
+

√
dN

M
log

eM

d
+L(LgAg+LlAl),

(12)
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Table 1. The results of our FedOTP and the benchmark methods on the Pathological Non-IID setting with non-overlapping over 10 clients.

Methods Food101 DTD Caltech101 Flowers102 OxfordPets
Local Training
Zero-Shot CLIP [60] 75.27±0.05 40.21±0.12 85.14±0.24 62.17±0.12 84.47±0.10
CoOp [78] 82.54±2.42 82.69±0.63 90.41±0.44 88.23±0.76 94.52±1.30
Prompt-based Federated Learning
PromptFL [27] 74.81±0.64 50.46±0.54 87.90±0.54 73.68±1.58 88.17±1.18
PromptFL+FT [24] 77.16±1.56 53.74±1.36 89.70±0.25 72.31±0.91 91.23±0.50
PromptFL+FedProx [42] 73.96±0.75 50.89±0.71 87.80±1.10 74.14±0.65 87.25±1.48
PromptFL+FedPer [1] 71.29±1.87 50.23±0.82 86.72±1.45 72.11±1.35 89.50±1.62
PromptFL+FedAMP [32] 74.48±1.71 47.16±0.92 87.31±1.60 69.10±0.13 80.21±0.44
pFedPrompt [26] 92.26±1.34 77.14±0.09 96.54±1.31 86.46±0.15 91.84±0.41
FedOTP (Ours) 92.73±0.15 87.67±0.70 97.02±0.36 96.23±0.44 98.82±0.11

where M =
∑N

i=1 mi, and we denote Ll =
√∑N

i=1 L
2
l,i

and Al =
√∑N

i=1 A
2
l,i for simplicity. Theorem 1 indicates

that the performance of FedOTP trained on the empirical
distribution relates to the model complexity and Lipschitz
assumptions. More details and proof of Theorem 1 are pro-
vided in the Appendix Section E.

5. Experiments
In this section, we conducted comprehensive experiments
to numerically evaluate our FedOTP in the scenarios of het-
erogeneous data distribution.

5.1. Experimental Setup

Datasets and Data Heterogeneity. We evaluated the per-
formance of FedOTP on nine public benchmark datasets
with different types of heterogeneity, including label shift
and feature shift. To investigate label shift, we selected two
types of datasets. Following previous research [26, 27],
we utilized five visual classification datasets to simulate
datasets with limited samples: Food101 [3], DTD [11], Cal-
tech101 [20], Flowers102 [54], and OxfordPets [56]. Refer-
ring to these datasets as the CLIP dataset for convenience,
we utilized a Pathological setting by randomly allocating a
distinct number of non-overlapping classes to each client.
We also employed two image benchmark datasets: CIFAR-
10, and CIFAR-100 [36]. We considered the Dirichlet dis-
tribution as introduced in [4, 39, 62] where datasets are par-
titioned randomly among clients using a symmetric Dirich-
let distribution with α = 0.3. For feature shift, we utilized
two datasets with multiple domains: DomainNet [58] with
6 domains, and Office-Caltech10 [25] with 4 domains. In
line with prior studies [44, 67], each client participating in
the federated learning system is assigned data from one of
these distinct domains. The details of these dataset setup
can be found in the Appendix Section B.1.
Baselines. We compared FedOTP with three kinds of base-

lines: (1) Local training methods: (i) Zero-shot CLIP [60]
with hand-crafted text prompt templates; (ii) CoOp [78]
with learnable prompt vectors trained on each client locally.
(2) Existing prompt-based federated learning methods: (i)
PromptFL [27] learning a unified prompt across clients; (ii)
pFedPrompt [26] learning a shared prompt with personal-
ized visual attention modules. (3) Four adapted methods de-
rived from traditional PFL techniques, including PromptFL
+ FT [24], PromptFL+FedProx [42], PromptFL+FedPer [1]
and PromptFL+FedAMP [32], as introduced in [26].
Implementation Details. To simulate federated learning in
various scenarios, we consider the following two settings:
(1) n = 10 clients with a full 100% partition, (2) n = 100
clients with a 10% partition. We employ SGD optimizer
with a learning rate lr = 0.001 and local epoch R = 5
for CLIP datasets while R = 1 for other cases. The com-
munication round is set to T = 10 for CLIP datasets with
10 clients and T = 150 for CIFAR-10/CIFAR-100 datasets
with 100 clients. We present the results using two repre-
sentative backbones, ResNet50 [29] and ViT B16 [15], de-
faulting to ViT B16 if not explicitly specified. More im-
plementation details can be found in the Appendix Section
B.2.

5.2. Performance Evaluation

Evaluation Protocol. We evaluated the models on each
client’s private test data whose distribution is consistent
with its training set. The reported results are the average
test accuracy across all clients from three different seeds.
Model Evaluation on Label Shifts. We first measured
the performance of FedOTP against baselines on datasets
with label shifts. The experimental results on CLIP datasets
and CIFAR-10/CIFAR-100 datasets are summarized in Ta-
ble 1 and Table 3. For easy comparison, Table 1 re-
ports results utilizing ResNet50 as the backbone, main-
taining consistency with [26]. As shown in Table 1, our
FedOTP outperforms state-of-the-art algorithms by a large
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Table 2. Experimental results on DomainNet dataset with feature & label shifts.

Datasets DomainNet
Domains Clipart Infograph Painting Quickdraw Real Sketch Avg.
Local Training
Zero-Shot CLIP [60] 8.72±1.73 12.48±3.78 8.53±4.32 9.31±0.69 9.13±2.55 11.96±2.80 10.02±2.65
CoOp [78] 44.40±14.89 45.68±16.53 47.21±18.20 41.13±20.62 48.02±24.49 39.47±5.68 44.32±16.74
Prompt-based Federated Learning
PromptFL [27] 9.31±6.53 12.58±9.91 8.23± 8.47 14.79±12.07 9.37±10.82 7.48±11.32 10.29±10.35
PromptFL+FedProx [42] 9.84±6.60 11.16±11.17 10.64±6.79 13.40±16.09 9.39±7.69 6.78±11.76 10.20±10.99
FedOTP (Ours) 46.14±6.53 60.14±18.23 45.2±16.86 38.66±7.60 49.30±17.80 49.02±24.22 48.08±15.21

Birman

PromptFL Local

FedOTP-G FedOTP-L

Egyptian Mau

PromptFL Local

FedOTP-G FedOTP-L

Basset Hound
American Pit 
Bull Terrier

PromptFL Local

FedOTP-G FedOTP-L

PromptFL Local

FedOTP-G FedOTP-L

Figure 2. Heatmaps of similarity between text features and image feature maps for different methods on 4 categories in OxfordPets dataset.
“FedOTP-G” denotes the results from the global prompt and “FedOTP-L” refers to the local prompt.

Table 3. The results of our FedOTP and the benchmark methods on
Dirichlet settings in CIFAR-10 and CIFAR-100 over 100 clients.

Methods CIFAR-10 CIFAR-100
Local Training
Zero-Shot CLIP [60] 87.71±0.68 64.92±0.53
CoOp [78] 93.11±0.39 74.83±0.45
Prompt-based Federated Learning
PromptFL [27] 92.30±0.87 73.67±0.56
PromptFL+FedProx [42] 91.83±0.47 71.11±0.91
FedOTP (Ours) 96.05±0.12 78.03±0.08

margin across all datasets, which confirms the effective-
ness of our Global-Local prompt cooperation mechanism
to handle label shift scenarios. Remarkably, while both
PromptFL+FedPer (which splits the learnable prompt vec-
tor into “base+personalized” vectors) and pFedPrompt
(utilizing a shared prompt with a personalized attention
module in the vision modal) experience significant declines
when datasets are altered, FedOTP exhibits slight fluctua-
tions. This verifies the robustness of our method across
diverse scenarios. Table 3 shows the results of our Fe-
dOTP and benchmark methods on CIFAR-10/CIFAR-100
datasets under Dirichlet setting over 100 clients with 10%
partition. Even in this scenario with Dirichlet settings and a
large number of clients, FedOTP consistently outperforms
the baseline methods, further highlighting the superiority of
our approach.
Model Evaluation on Feature & Label Shifts. In this

set of experiments, we explored scenarios involving both
feature shifts and label shifts by partitioning data within
a domain into five clients based on the Dirichlet distribu-
tion with α = 0.1. We analyzed the mean and variance of
clients in the same domain, and the outcomes for the Do-
mainNet dataset are summarized in Table 2. In the presence
of two types of data heterogeneity, our method performs
favorably against baselines. We observe that, with signifi-
cant data heterogeneity across clients, traditional federated
learning methods experience a pronounced performance de-
cline compared to local training. In contrast, our FedOTP
exhibits superior performance, achieving a 3.7% increase in
average accuracy on each domain. Additional experimental
results on feature shifts and in the Office-Caltech10 dataset
are available in the Appendix Section C.1 and C.2.

Visualization. We first investigated the interplay between
global and local prompts by representing the similarity be-
tween text features and image feature maps as a heatmap on
OxfordPets [56] dataset. To be specific, we compared the
heatmaps of our FedOTP with PromptFL and Local Train-
ing using CoOp, and the original images and correspond-
ing heatmaps are illustrated in Figure 2. We observed that
global prompts of FedOTP might concentrate more on com-
mon features, like limbs and facial characteristics, while lo-
cal prompts tended to capture client-specific details such
as the special tail of “Birman”, unique patterns of “Egyp-
tian Mau” and “Basset Hound”, and the distinct dent on the
head of “Terrier”. This demonstrates the effectiveness of
FedOTP in balancing global consensus and local personal-
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Figure 3. Performance with the different number of shots.

Table 4. Quantitative comparisons on the Pathological Non-IID setting across different numbers of shots over 10 clients.

Datasets Food101 DTD Caltech101 Flowers102 OxfordPets
Number of shots 2 8 2 8 2 8 2 8 2 8
FedOTP (Similarity Averaging) 83.38±0.54 87.59±1.05 81.01±0.23 88.17±0.73 92.68±0.44 96.73±0.29 91.73±0.68 97.09±0.18 96.23±0.25 98.34±0.15
FedOTP (Classical OT) 88.07±0.63 89.77±0.62 81.42±0.99 88.43±0.45 93.17±0.68 96.80±0.23 92.84±1.34 97.07±0.25 96.55±0.26 98.51±0.27
FedOTP (Unbalanced OT) 89.12±0.28 92.94±0.18 85.50±0.35 90.25±0.74 95.05±0.49 97.34±0.18 93.96±0.48 98.23±0.32 97.73±0.57 99.02±0.38

ization. More visualization results on transport plans of our
FedOTP will be given in the Appendix Section D.1.

5.3. Ablation Study

Impact of Number of Shots. Following the few-shot eval-
uation setting adopted in [26, 27], we further investigated
the impact of the number of shots in FedOTP. To analyze
this, we varied the number of shots during the training pro-
cess within the range of [1, 2, 4, 8, 16]. Results are sum-
marized in Figure 3, where the horizontal axis denotes the
number of shots and the vertical axis represents the aver-
age test accuracy. We observe that as the number of shots
increases, the corresponding performance of each method
gradually improves. However, our FedOTP consistently ex-
hibits a dominant edge over methods with a shared global
prompt in all scenarios.
Effectiveness of the Unbalanced OT. In this subsection,
we explored the effectiveness of OT on two variants of Fe-
dOTP briefly described below: (1) FedOTP (Similarity Av-
eraging): removing OT in FedOTP and matching global
and local prompts with visual feature maps by averaging
similarities of each visual-textual pair; (2) FedOTP (Classi-
cal OT): employing classical OT during the matching pro-
cess. The results in Table 4 demonstrate the effectiveness
of utilizing OT to align feature maps with global and local
prompts compared to FedOTP (Similarity Averaging) in al-
most all cases, particularly on the Food101 dataset. This is
because the absence of OT leads to the feature map’s dis-
tance from prompts reverting to the mean distance of each
feature-prompt pair, highlighting the crucial role of OT in
providing resilience to visual misalignment. In addition,
the persistent superiority of unbalanced OT over classical
OT across all scenarios serves as a compelling testament to
the effectiveness of our approach.

6. Conclusion

In this paper, we proposed Federated Prompts Cooperation
via Optimal Transport (FedOTP), a novel framework de-
signed to facilitate efficient model personalization across
heterogeneous clients. In our approach, each client is
equipped with both a global prompt and a local prompt, and
then unbalanced Optimal Transport is utilized to align lo-
cal visual features with these prompts, fostering enhanced
collaboration between global and local prompts. With fine-
grained matching facilitated by OT, FedOTP effectively ad-
dresses data heterogeneity characterized by domain discrep-
ancy and imbalanced class distributions. Our extensive ex-
periments across diverse datasets consistently demonstrate
the superior performance of FedOTP in tackling both la-
bel shifts and feature shifts, which verifies the effectiveness
of our Global-Local prompt cooperation mechanism via
OT. Through visualization results, we confirmed that global
prompts learned by FedOTP concentrated on common fea-
tures among all clients, while local prompts captured in-
dividual client-specific details. In future work, we aim to
investigate the generalization capabilities of our method on
novel clients unseen during the training process.
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