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Abstract

Unsupervised Federated Learning (UFL) aims to collab-
oratively train a global model across distributed clients
without sharing data or accessing label information. Pre-
vious UFL works have predominantly focused on repre-
sentation learning and clustering tasks. Recently, vision
language models (e.g., CLIP) have gained significant at-
tention for their powerful zero-shot prediction capabilities.
Leveraging this advancement, classification problems that
were previously infeasible under the UFL paradigm now
present promising new opportunities, yet remain largely un-
explored. In this paper, we extend UFL to the classifi-
cation problem with CLIP for the first time and propose
a novel method, Federated Cooperative Pseudo Labeling
(FedCoPL). Specifically, clients estimate and upload their
pseudo label distribution, and the server adjusts and re-
distributes them to avoid global imbalance among classes.
Moreover, we introduce a partial prompt aggregation pro-
tocol for effective collaboration and personalization. In
particular, visual prompts containing general image fea-
tures are aggregated at the server, while text prompts en-
coding personalized knowledge are retained locally. Exten-
sive experiments demonstrate the superior performance of
our FedCoPL compared to baseline methods. Our code is
available at https://github.com/krumpguo/FedCoPL.

1. Introduction

Federated learning (FL) [24, 41] is a distributed machine
learning paradigm that facilitates collaboration among
clients while preserving data privacy by avoiding data shar-
ing [23, 43]. Conventional FL predominantly follows
a supervised learning paradigm [2, 8, 9, 53, 62], rely-
ing on well-annotated labels at the client side. However,
data annotation is often time-consuming and requires do-
main expertise [32, 40, 42, 59], posing challenges in real-
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world applications. Consequently, substantial research ef-
forts have been dedicated to unsupervised federated learn-
ing (UFL) [13, 17, 48, 54], which facilitates collaborative
model training among clients using unlabeled data. Exist-
ing UFL works [27, 37, 58] primarily focus on leveraging
unlabeled data for representation learning or clustering, en-
abling models to extract features that enhance generaliza-
tion and performance on downstream tasks. However, the
absence of labeled data prevents the direct application of
UFL to classification tasks.

Vision-language models (VLMs) [1, 22, 39], particularly
contrastive language-image pre-training (CLIP) [39], have
recently garnered significant attention for their remarkable
representation and generalization capabilities [7, 33, 50].
By pre-training on large-scale image-text pairs, CLIP ex-
tracts modality-specific features through two encoders, en-
abling powerful zero-shot classification. The impressive
zero-shot prediction capability of CLIP alleviates the de-
pendency on labeled data. This advancement presents new
opportunities for addressing previously intractable classifi-
cation tasks in UFL, yet remains largely unexplored.

In this paper, we are the first to extend UFL to clas-
sification tasks by leveraging CLIP. Each client is initial-
ized with the same pre-trained CLIP model and possesses
only unlabeled local data. Similar to standard federated
learning frameworks [51, 56], clients can periodically up-
load their non-data knowledge (e.g., statistical informa-
tion, model parameters) to the central server for aggrega-
tion and receive updated global knowledge in return. How-
ever, when directly applied within the UFL framework, the
inherent bias of CLIP and the unknown label distribution
among clients [14, 32, 35] can result in globally imbal-
anced training across categories. Moreover, the potential
label skew can introduce discrepancies in model update di-
rections among clients, rendering conventional aggregation
methods ineffective for collaboration among clients.

To address these challenges, we propose a novel method,
FedCoPL, which comprises two key components: cooper-
ative pseudo labeling and partial prompt aggregation. The



cooperative pseudo labeling mechanism aims to construct a
more representative pseudo label distribution while ensur-
ing balanced training across all classes. At the beginning of
federated training, each client leverages confidence-based
and entropy-based filtering methods to estimate its pseudo
label distribution, which is then transmitted to the server.
The server globally adjusts the distribution for each client
based on the proportion of pseudo labels in each category.
This process alleviates class bias caused by CLIP’s inher-
ent bias and the unknown data distribution among clients,
ultimately enhancing the quality of pseudo labels.

To promote effective collaboration and personalization,
we introduce a partial prompt aggregation strategy. Specif-
ically, for efficient computation and communication, we
only optimize the visual and textual prompts instead of
the entire model parameters. Previous studies [52] have
shown that visual prompts tend to capture general repre-
sentations of the feature space, whereas textual prompts
are more focused on category-specific information. Aggre-
gating prompts from both modalities simultaneously may
lead to parameter conflicts, especially in the presence of la-
bel skew. Therefore, we propose transmitting only visual
prompts to the server for aggregation, while retaining tex-
tual prompts locally. This strategy enhances global collab-
oration through aggregated visual prompts while enabling
clients to benefit from personalized textual prompts, which
better align with their local label distributions. Experimen-
tal results on standard federated prompt learning bench-
marks, with both Dirichlet-based and quantity-based label
skews, demonstrate the effectiveness of the proposed Fed-
CoPL compared to baseline methods. Our main contribu-
tions are summarized as follows:

e This paper extends the unsupervised federated learning
paradigm to classification tasks with CLIP, which remains
largely unexplored in previous works.

We propose FedCoPL to mitigate label skew and the in-
herent bias of CLIP. FedCoPL primarily incorporates a
cooperative pseudo labeling strategy to construct more
representative and accurate pseudo labels.

FedCoPL further integrates a partial prompt aggregation
protocol to facilitate effective collaboration while pre-
serving client personalization.

Extensive experiments across six commonly used datasets
with Dirichlet-based and quantity-based label skews
demonstrate the effectiveness of FedCoPL.

2. Related Work

2.1. Unsupervised Federated Learning

Unsupervised federated learning aims to collaboratively
train a global model across distributed clients with unla-
beled data while preserving data privacy by avoiding data
sharing. Due to the lack of prior label knowledge, exist-
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ing unsupervised federated methods primarily concentrate
on representation learning and clustering tasks. Specifi-
cally, both FedU [65] and FedEMA [66] enhance the aware-
ness of heterogeneity in unsupervised federated learning
by divergence-aware predictor update rule, and adaptive
global knowledge interpolation, respectively. Additionally,
FedUL [28] introduces federated learning with only un-
labeled data but requires knowledge of precise label fre-
quencies for each client. L-DAWA [40] proposes proto-
typical representation distillation to learn a representation
from unlabeled data. FedUU [27] uses flexible uniform
regularize to obtain uniform and unified representation and
FedGaLA [37] performs gradient alignment at the client
level to encourage clients to learn domain-invariant fea-
tures. Moreover, Orchestra [30] utilizes local-global clus-
tering to guide self-supervised learning. In contrast, we
propose leveraging CLIP’s zero-shot capability to generate
pseudo labels for model training, enabling the handling of
more complex tasks like image classification.

2.2. Federated Learning for VLMs

The fine-tuning of vision-language models recently has
been extended to the federated framework to alleviate the
computational load while addressing challenges in feder-
ated learning, such as robustness in cross-domain scenar-
ios and non-IID data distributions [12, 25, 38, 46]. For
example, FedCLIP [29] and PromptFL [11] directly ex-
tend the standard fine-tuning of CLIP to the federated set-
ting to achieve strong performance. pFedprompt [10] com-
bines a federated prompt learning scheme with personal-
ized spatial visual features. Additionally, pFedPG [55] gen-
erates personalized prompts for each client based on their
visual prompts to better align with their data distribution.
FedOPT [21] utilizes knowledge from both personal and
global textual prompts for prediction through unbalanced
optimal transport. pFedMoAP [31] personalizes the prompt
learning process through the lens of Mixture of Experts.
However, previous methods have primarily focused on su-
pervised federated learning with VLMs. In this paper, we
explore leveraging VLMs for unsupervised federated clas-
sification, capitalizing on their zero-shot capabilities.

2.3. Unsupervised Learning for VLMs

In real-world applications, high annotation costs are often
required to ensure that each data source has labeled data.
This necessity drives us to develop effective methods for
utilizing unlabeled data in downstream tasks. Pseudo la-
beling strategy [14, 16, 35, 47, 60] and entropy minimiza-
tion [26] have been widely studied in this context. For
instance, UPL [14] and FPL [35] select an equal number
of pseudo labels for each category, while CPL [60] gen-
erates multiple candidate labels per instance to improve
labeling accuracy. POUF [47] fine-tunes the model or
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Figure 1. The overview of our FedCoPL. For pseudo labeling, FedCoPL begins by filtering the initial unlabeled samples to estimate the
local distributions, which are uploaded to the server. Then, the server globally selects M pseudo labels for each category and allocates them
to clients based on local estimated distributions. To handle label skews during training, we aggregate only visual prompts on the server to
enhance global performance because the differences in textual prompts are significantly greater than those found in visual prompts.

prompt through the alignment of discrete label distribu-
tions between the source prompts and the unlabeled target
data. UEO [26] adopts a confidence-aware strategy, min-
imizing the conditional entropy of high-confidence sam-
ples while simultaneously maximizing the marginal entropy
of low-confidence ones Despite their effectiveness, these
pseudo labeling strategies face substantial challenges when
directly applied to decentralized unsupervised federated set-
tings [14]. To address this challenge, we propose a novel co-
operative pseudo-labeling strategy that mitigates the inher-
ent biases of pre-trained VLMs and significantly improves
the quality of pseudo labels.

3. Method

In this section, we provide a detailed formulation of un-
supervised federated learning for classification tasks with
CLIP and introduce our proposed method. First, in Sec. 3.1,
we review key principles underlying CLIP [39] and prompt
tuning. Next, Sec. 3.2 outlines the framework of unsuper-
vised federated learning with CLIP and presents its associ-
ated challenges. We then introduce our proposed method,
FedCoPL, which is built upon two key strategies: the coop-
erative pseudo labeling strategy discussed in Sec. 3.3, and
the partial prompt aggregation protocol covered in Sec. 3.4.
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3.1. Preliminary

We employ CLIP [39] as the foundational model for our
framework. CLIP utilizes a dual-branch architecture con-
sisting of an image encoder, f“(-), and a text encoder,
J*(+), where each encoder processes data from its respective
modality. For zero-shot predictions in downstream tasks,
CLIP utilizes a human-designed prompt (e.g., “a photo of
a [CLASS]”) for each class. Consider a C-way classifica-
tion task as an example, textual embeddings of all classes
{f3¢_ | and the visual embedding of the test image fv(z)
are derived from the text and image encoders, respectively.
The probability that image x belongs to the c-th category is
calculated by applying the softmax operation as follows:

exp(sim(f* (), f1))/7)
S exp(sim(fo(x), £1))/7)

pe(z) = 6]

where 7 is a temperature parameter. To enhance per-
formance in downstream tasks, prompt tuning is widely
adopted as a parameter-efficient fine-tuning method [63].
This involves introducing additional learnable textual to-
kens P? and visual tokens P [15, 52] (referred to as tex-
tual and visual prompts) into the corresponding encoders, to
adapt the original CLIP model to specific downstream tasks.



3.2. Unsupervised Federated Learning with CLIP

The powerful zero-shot classification capability of CLIP
reduces reliance on labeled data, enabling the solution of
previously intractable classification tasks in the context of
UFL. Therefore, we extend the UFL paradigm to classifica-
tion tasks by leveraging CLIP. In this setting, each client is
initialized with the same pre-trained CLIP model and pos-
sesses an unlabeled local dataset Dj, with a capacity of ny.
Additionally, each client is provided with the full set of class
names for the classification task. Similar to standard feder-
ated learning frameworks, clients periodically upload non-
data knowledge (e.g., statistical information, model param-
eters) to the server for aggregation and download global up-
dates in return. To avoid ambiguity, we clarify that the label
distribution and label skew referenced in this paper refer to
the ground-truth labels of clients’ datasets, which remain
unknown during training.

The primary challenge arises from the inherent bias
of CLIP and the data heterogeneity, particularly the label
skew across clients. Specifically, while the union of all
client datasets | J, . - Dx encompasses samples from all cat-
egories, each individual dataset Dy may contain only a sub-
set of these samples. Therefore, the direct application of
CLIP within the UFL framework can result in an imbal-
anced training process across different categories. Addi-
tionally, the label skew among clients can lead to discrep-
ancies in the model update directions across clients, which
can hinder effective collaboration.

3.3. Cooperative Pseudo Labeling

To address the complex challenges inherent in unsupervised
heterogeneous federated learning, we propose an effective
and robust framework, FedCoPL. Our method incorporates
two core strategies: a cooperative pseudo labeling (CoPL)
strategy and a partial prompt aggregation protocol. A visual
overview of the framework is provided in Fig. 1, with de-
tailed pseudocode presented in the supplemental material.

Given the inherent bias of CLIP and the presence of la-
bel skews in the unlabeled data across clients, the direct ap-
plication of conventional pseudo labeling methods can re-
sult in globally unbalanced and weak representative pseudo
labels. Specifically, conventional pseudo labeling meth-
ods tend to select pseudo labels from categories favored by
CLIP, even when these pseudo labels are incorrect [35, 60].
To address this, we introduce a cooperative pseudo labeling
strategy to select a more representative pseudo label distri-
bution and ensure a balanced distribution across all classes.

Specifically, for each client k, we filter samples from
the original unlabeled set D}, according to model prediction
confidence and entropy [14, 44] to construct the estimated
set Dg5t as follows:

Ditt = {(,9)|maxpe(x) > 71, Ent(p(z)) < 2}, (2)
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where §j = argmax p.(z) represents the predicted pseudo
p

label, and Ent(-) denotes the Shannon Entropy operator.
Here, 71 and 75 represent the medians of the pseudo label
confidences and the entropies of the training set, respec-
tively. Due to the bias in CLIP, D,"ft tends to contain pseudo
labels from categories favored by CLIP, even when these
pseudo labels are incorrect [35, 60]. For example, suppose
the true label distribution of Dy, is [0.1, 0.1, 0.8], while the
pseudo label distribution of D;St maybe [0.6, 0.05, 0.35],
which has low accuracy and fails to represent the true label
distribution. To address this issue, we propose a global allo-
cation strategy that redistributes adjusted pseudo label dis-
tributions to clients in proportion to their locally estimated
label distributions.

To make clients’ pseudo label distributions more rep-
resentative, we compute category-wise statistics on the
filtered pseudo labels, yielding the estimated distribution
U,jSt, a C'-dimensional vector where the c-th element uy, . =
>, 1(g; = c) indicates the number of samples associated
with class c in client k according to the pseudo labels. Then,
clients upload their estimated distribution U£*" to the server
for the collaborative allocation. Following [57, 60], we as-
sume a uniform joint label distribution across all clients.
To ensure adequate training for all classes, the server glob-
ally selects M pseudo labels for each category and allocates
them to clients based on estimated distributions, as follows:

ﬁk = (ak,17ak,27 '~'7ak,c)7
.MW ,

where M = M is the global number of
pseudo labels per class and %y . denotes the amount of
pseudo labels of category c assigned to client k.

Finally, client k constructs its training set D), based on
the adjusted capacity Uj. Specifically, for each class c, the
Uy, samples with the highest prediction probabilities in the
original dataset Dy, are selected and incorporated into Bk
As described in Eq. (3), the overall sample budget M is
allocated proportionally according to the clients’ estimated
distributions within each category, rather than relying on the
absolute values of these estimates. This allocation strategy
guarantees that, even when the estimated distributions are
noisy or fail to fully capture the client’s true local label dis-
tribution, the pseudo labels selected by our method remain
both representative and accurate, thereby preserving the es-
sential characteristics of the client’s data and supporting ro-
bust collaborative learning.

As federated training progresses, we will periodically
repeat these steps to generate, estimate, assign, and select
pseudo labels. This iterative procedure ensures that the

Uk,

’VZZ‘EK Ui, c

ﬂk:,c = (3)
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Figure 2. Drift diversity and cosine distance of prompts among
clients during training in CIFAR10 [19] dataset. The differences
observed in textual prompts are significantly greater than those ob-
served in visual prompts.

pseudo-labeled training data Dy, is regularly updated, main-
taining a globally balanced and high-accuracy dataset.

3.4. Partial Prompt Aggregation

For each client, we select both textual prompt P,ﬁ and vi-
sual prompt P to be optimized using the local training set
Dy, Since each client’s training set pertains to the same
task, effective knowledge aggregation can enhance the over-
all framework’s performance. A straightforward approach
is to aggregate the prompts using a simple averaging opera-
tion. However, due to label skews among clients, this may
lead to suboptimal or even detrimental performance.

As for CLIP, updates to the visual branch primarily en-
hance image representation knowledge, while the textual
branch focuses on determining the classification boundaries
by leveraging category information [52]. Consequently, un-
der heterogeneous data distributions among clients, where
clients share the same task but different label distributions,
the visual prompts { PP} are more likely to be similar,
while the textual prompts { P}, exhibit greater variabil-
ity. To validate this conjecture, we measure the differences
in both visual and textual prompts across all clients using
drift diversity [20] and cosine distance, which capture the
magnitude and directional differences in prompt updates,
respectively. As illustrated in Fig. 2, the differences in tex-
tual prompts are significantly greater than those in visual
prompts, which confirms our hypothesis.

To avoid conflicts when aggregating widely different tex-
tual prompts and to promote cooperation among clients, we
propose a partial prompt aggregation protocol. In this pro-
tocol, all clients upload their visual prompts { P? }H<_| to the
server for aggregation while keeping their textual prompts
{P!}E | locally for personalization. For the server, we de-
sign the visual prompt aggregation strategy that utilizes a
weighted average approach following [34] as follows:

K ~
P = s

= By, “4)

k=1 ZiGK L
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where 1, = Y Uy, . represents the total number of samples

assigned to clfent k. The aggregated visual prompts PV are
then distributed back to the clients as initialization for their
local models for the next training round. The overall objec-
tive function of FedCoPL is formulated as follows:

min

K
Pv {P}}K ZE(I,Q)GEkECQ (Q(PU,P]i;l‘),g:/), (5)
g

k=1 =1

where g(P?, Pf;-) is the model output, § denotes pseudo
labels, and £ (-, -) is the cross-entropy loss function.

This approach enhances global performance by aggre-
gating visual prompts while allowing clients to utilize per-
sonalized textual prompts that align better with their spe-
cific data distributions. Moreover, in comparison to meth-
ods that aggregate prompts from both modalities, our ap-
proach can reduce communication overhead by aggregating
only textual prompts, making it more practical for environ-
ments where communication resources are constrained.

Remark. The proposed FedCoPL framework preserves
client privacy by ensuring that the uploaded estimated dis-
tributions are derived solely from CLIP’s predictions, mak-
ing it infeasible to inversely infer the clients’ exact label dis-
tributions. This highlights the enhanced privacy-preserving
nature of our method, especially when compared with sev-
eral existing approaches [18, 61] that require the transmis-
sion of exact category distributions, potentially exposing
sensitive client-specific information.

4. Experiments
4.1. Setups

Datasets. We evaluated the performance of our method
on six public benchmark datasets characterized by vary-
ing types of label skew. Following previous research [5,
10, 21], we employed four representative visual classifi-
cation datasets: DTD [4], RESISC45 [3], UCF101 [45],
and CUB [49], along with two standard federated classifi-
cation benchmark datasets: CIFAR10 and CIFAR100 [19].
We partitioned each dataset into distinct training and test
sets and further split them into non-overlapping subsets
for different clients. Specifically, we followed the settings
outlined in [23] and employed two prevalent forms of la-
bel skew: quantity-based and Dirichlet-based label skews.
In the quantity-based label skew, all training data is first
grouped by label and then partitioned into shards of varying
sizes. In the Dirichlet-based label skew, clients receive sam-
ples for each class based on the Dirichlet distribution [64].
Here, the parameter 3 controls the degree of label skew,
with lower values indicating severe label skew.

Baseline methods. In our experiments, we compare
FedCoPL, with two popular pseudo label selection methods
in central unsupervised learning and four supervised fed-



Table 1. Accuracy (%) of different methods under Dirichlet-based label skews with ViT/B-32 as the backbone. FPL [35] and CPL [60] are
adopted as baseline pseudo labeling (PL) method. Bold and underline represent the best and second-best results.

Method L DTD RESISC45 CUB UCF101 CIFARI0 CIFAR100 Average
B=018=0058=01p=0055=018=0058=018=0058=018=005=0.18=0058=018=005

CLIP - 4324 4324 5451 5451 5128 5128 6100 61.00 8693 8693 6417 6417 60.19  60.19
PromptFL [11] FPL 4579 44.62 59.76 58.05 4729 46.16 6439 6296 8751 8502 6326 6256 61.33 59.90
PromptFL [11] CPL 44.84 4632 6252 6099 4872 4886 63.86 6497 8890 89.14 6604 6514 6248 6257
Promptprox [24] FPL 45.15 4388 59.36 5859 47.04 4701 6291 6127 87.13 8562 6277 6412 6073  60.08
Promptprox [24] CPL 4351 4585 59.99 6235 4925 4865 6455 6394 9044 9007 6586 66.15 6227 62.84
pFedPrompt [10] FPL 44.56  46.19 6595 60.52 4848 4442 6437 64.18 8745 9072 6508 6583 6265 61.98
pFedPrompt [10] CPL 4422 4759 6176 6679 4723 5097 6559 6544 9026 89.10 65.63 67.86 6245 64.63
FedOPT [21]  FPL 5197 4871 5776 5562 4799 47.05 61.83 6456 9132 9073 6751 6650 63.06 62.20
FedOPT [21]  CPL 3743 3933 5110 4847 4661 4507 5893 5712 91.08 9136 57.87 5981 57.17 56.86
FedCoPL CoPL 60.89 6637 7576 80.26 56.09 5480 7320 7497 9538 9511 7359 7284 7249 74.06

Table 2. Accuracy (%) of different methods under quantity-based label skews with ViT/B-32 as the backbone. FPL [35] and CPL [60] are
adopted as baseline pseudo labeling (PL) method. Bold and underline represent the best and second-best results.

Method PL DITD RESISC45 CUB UCFI0l CIFARI0O CIFARIO0  Average
CLIP - 4324 54.51 5128  61.00 86.93 64.17 60.19
PromptFL [11] FPL 4353 57.53 46.66 6235 88.29 63.94 60.38
PromptFL [11] CPL  43.82 61.11 4731 6423 88.70 67.23 62.07
Promptprox [24] ~ FPL  44.89 56.71 4874 61.80 85.69 64.01 60.31
Promptprox [24] ~ CPL 4553 60.77 4761 63.86 89.21 66.49 62.25
pFedPrompt [10] ~ FPL  45.09 60.46 4771 65.39 87.54 62.82 61.50
pFedPrompt [10] ~ CPL  45.14 66.68 5045  65.57 87.98 65.45 63.55
FedOPT [21] FPL  47.65 56.04 4661  62.95 90.74 66.76 61.79
FedOPT [21] CPL 4024 47.09 4400 5724 89.21 57.98 55.96
FedCoPL CoPL  56.18 81.06 5631  72.03 94.86 73.39 72.31

erated learning methods. Regarding pseudo labeling strat-
egy, FPL [35] selects the most reliable samples based on
confidence for each class, while CPL [60] generates mul-
tiple pseudo labels for each sample through selection at
both the sample and category levels. Zero-shot predic-
tion involves utilizing the pre-trained CLIP model with a
hand-crafted textual prompt template, such as “a photo of
a [CLASS],” to predict the test data. For federated training
methods, PromptFL [11] employs shared prompts learned
across clients via FedAvg [34]. Promptprox, introduced
in [11], is derived from the traditional federated learning
technique FedProx [24], which employs the proximal term
to constrain the update direction of the local model. pFed-
Prompt [10] learns a unified textual prompt with person-
alized attention modules for local visual embeddings. Fi-
nally, FedOPT [21] performs conditional optimal transport
between the global and local textual prompts to effectively
fuse global and local knowledge.

Implementation details. All results in this paper are
based on a frozen CLIP using two backbones, ViT-B/16 [6]
and ViT-B32 [6], with ViT-B/32 as the default unless other-
wise specified. We set the number of clients, K, to 5 for the
CUB [49] and UCF101 [45] datasets, and to 10 for the other
datasets, with full client participation as the default setting.
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We conduct 20 communication rounds for all experimental
datasets, where pseudo labels are updated every 5 rounds
using the latest local model. Within each communication
round, each client performs 10 epochs of local training. We
optimize the prompts using mini-batch Stochastic Gradient
Descent (SGD) with a learning rate of 0.1, a momentum
of 0.9, and decay following the cosine annealing rule. We
conduct three trials for each experimental setting and report
the mean accuracy. All experiments are conducted using
PyTorch [36] on NVIDIA 3090 GPUs. More details on the
implementation can be found in the supplementary material.

4.2. Experimental Results

Results under Dirichlet-based label skews with various
datasets. Table | reports the performance of different meth-
ods under Dirichlet-based label skews (3 € 0.1,0.05).
Our method significantly outperforms state-of-the-art al-
gorithms across all datasets, demonstrating the effective-
ness of our cooperative pseudo labeling strategy and par-
tial prompt aggregation protocol. Notably, FedOPT [21],
the latest personalized supervised federated prompt tuning
method, shows that integrating it with baseline pseudo label
selection methods leads to worse performance than zero-
shot learning. This is attributed to the low accuracy of the
pseudo labels chosen by each client, which fail to capture



Table 3. Accuracies (%) of combining our pseudo labeling strategy CoPL with existing federated training methods under Dirichlet-based
label skews (5 = 0.1). FPL [35] is adopted as baseline pseudo labeling (PL) method. (The values) represent the performance gains.

Method PL DTD RESISC45 CUB UCF101 CIFAR10
PromptFL [11] FPL 45.79 59.76 47.29 64.39 87.51
PromptFL [11] CoPL  47.34 (+1.55) 61.68 (+1.92) 49.08 (+1.79) 64.97 (+0.58) 90.20 (+2.69)
pFedPrompt [10] FPL 44.56 65.95 48.48 64.37 87.45
pFedPrompt [10] CoPL  49.25 (+4.69) 67.97 (+2.02) 52.77 (+2.29) 67.93 (+3.56) 91.13 (+3.68)
FedOPT [21] FPL 51.97 57.76 47.99 61.83 91.32
FedOPT [21] CoPL 57.93 (+5.96) 74.85 (+17.09) 55.72 (+7.73) 69.21 (+7.38) 94.02 (+2.70)
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Figure 3. Results of experiments with various client numbers and different client joining rates under Dirichlet-based label skews (5 = 0.1).

FPL [35] is adopted as the baseline pseudo labeling method.

the true local data distribution, and this issue is further ex-
acerbated by personalized training. A more detailed discus-
sion is provided in the following sections. In the CUB [49]
dataset, all baseline methods perform worse than zero-shot
prediction owing to the worse representativeness of selected
pseudo labels. In contrast, our method consistently achieves
superior performance on all datasets, underscoring the im-
portance of the cooperative pseudo labeling strategy and the
partial prompt aggregation protocol.

Results under quantity-based label skews with vari-
ous datasets. We present the performance of all methods
under quantity-based label distribution skews in Table 2,
where the parameter is set as s = C'x 0.2 across all datasets,
with C representing the number of classes in each dataset.
In this setting, each client possesses samples from only a
few classes, which poses challenges for pseudo labeling and
model training. Owing to this, many baseline results are
outperformed by the zero-shot approach. For example, Fe-
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dOPT with CPL performs 7.42% and 7.28% worse than the
zero-shot accuracy on the RESISC45 and CUB datasets, re-
spectively . In contrast, our method maintains strong perfor-
mance, similar to that observed with Dirichlet-based distri-
butions, further highlighting the effectiveness of FedCoPL.

4.3. Analysis

Comparation of different pseudo labeling methods. We
compare our pseudo labeling method with two baseline
methods, FPL [35] and CPL [60]. As shown in Table 1 and
Table 2, for the same federated training method, CPL out-
performs FPL on datasets such as DTD [4] and CUB [49],
whereas the opposite is true for the CIFAR datasets. In
contrast, our proposed cooperative pseudo labeling strat-
egy consistently outperforms both baseline methods across
all datasets. To further demonstrate the effectiveness of
our approach, we integrate our pseudo labeling method into
various state-of-the-art supervised federated training frame-



Table 4. Experimental results (%) using CLIP ViT-B/16 as back-
bone under Dirichlet-based label skew (8 = 0.1). FPL [35] is
adopted as the baseline pseudo labeling (PL) method.

Method PL DTD RESISC45 CUB UCF101
Zero-shot CLIP - 42.87 56.61 55.16 65.13
PromptFL [11] FPL  44.36 61.36 5195  64.60
PromptProx [24]  FPL  47.12 61.01 49.44 6531
pFedPrompt [10] FPL  47.65 63.18 50.19 65.19
FedOPT [21] FPL  46.52 58.94 49.67  65.68
FedCoPL CoPL 56.83 77.50 59.78  78.29

works. As shown in Table 3, our method significantly en-
hances the performance of baseline pseudo label selection
methods across different datasets, with a notable increase of
up to 17.09% on the RESISC45 dataset. The results clearly
validate the effectiveness of our pseudo labeling method
compared to baseline methods.

Results under different client numbers. We analyze
the performance of our proposed method compared to base-
line methods under varying clients numbers. Unless stated
otherwise, our experiments are conducted under Dirichlet-
based skews with § = 0.1. We partition the DTD, RE-
SISC45 and CIFAR datasets among 5, 10, 30, and 50 clients
and report their final accuracy in the first row of Figure 3.
Notably, as the number of clients increases, the perfor-
mance of baseline methods declines significantly, whereas
our method consistently maintains high accuracy. This un-
derscores the robustness of our approach, demonstrating its
capability to maintain effective learning performance even
under varying numbers of participating clients.

Impact of client joining rates. In this analysis, we
investigate the impact of variations in client participation
rates, considering values from 0.5, 0.8, 1.0. As illustrated in
the second row of Figure 3, our approach consistently out-
performs competing methods across all participation rates.
As the client participation rate decreases, the performance
of all methods deteriorates significantly. This instability is
anticipated, as a lower participation rate exacerbates the di-
vergence between randomly selected clients and the global
model, resulting in unstable convergence. Nevertheless, our
approach maintains superior performance, demonstrating
its robustness to fluctuations in client participation rates.

Results under different image encoder backbone. We
further conduct experiments to evaluate the effect of differ-
ent image encoders. The comparison results using ViT-B/16
are presented in Table 4. Our approach consistently outper-
forms previous methods, highlighting the effectiveness of
our strategy in improving the performance of smaller im-
age encoders. Additional results using RN50 as the image
encoder backbone can be found in the supplementary ma-
terial. These experiments emphasize the robustness of Fed-
CoPL in real-world FL scenarios, particularly when clients
have limited computational resources.
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Table 5. Ablation study. Accuracies (%) under Dirichlet-based
label skews. Conf. and Ent. denote confidence-based and entropy-
based filters. G.A. is the global allocation of pseudo labels.

Conf. Ent. G.A. DTD RESISC45 CUB UCFI101l
- - - 45.79 59.76 4729 6439
- - v 46.35 69.60 51.98 65.31
- v v 58.83 72.28 5491 70.23
v - v 55.59 73.66 50.38 69.13
v v v 60.89 75.76 56.09  73.20

Table 6. Ablation results (%) comparing the effects of aggregating
textual prompts (T.P.) only, visual prompts (V.P.) only, both, or
none under Dirichlet-based label skew (5 = 0.1).

T.P. VP. DTD RESISC45 CUB UCF101
- - 50.45 61.72 49.08  66.02
4 v 4734 61.68 49.08  64.97
4 - 55.31 67.12 51.76  69.53
- v 60.89 75.76 56.09  73.20

Effectiveness of each component. Our approach con-
sists of two key modules: a cooperative pseudo labeling
strategy and a partial prompt aggregation protocol. The re-
sults presented in Table 5 demonstrate the effectiveness of
the two filtering criteria and global allocation. To further
validate the effectiveness of our partial prompt aggregation,
we conduct an additional experiment, as shown in Table 6.
Compared to aggregating two modal prompts, aggregating
textual prompts only, or retaining two modal prompts lo-
cally, the partial prompt aggregation yields the optimal re-
sults, demonstrating its effectiveness.

5. Conclusion

In this paper, we extend unsupervised federated learning to
classification tasks using CLIP for the first time. In this set-
ting, clients with pre-trained CLIP models and unlabeled
data collaborate in training to enhance performance without
data sharing. To address the challenge of CLIP’s internet
bias and potential label skew among clients, we propose
FedCoPL, which includes a cooperative pseudo labeling
strategy and a partial prompt aggregation protocol. Specif-
ically, each client estimates and uploads its pseudo label
distribution, and the server adjusts and redistributes them
to mitigate global imbalance across categories. Moreover,
the aggregation protocol aggregates only visual prompts on
the server to improve global performance, while textual
prompts are kept locally for better personalization by each
client. Extensive experimental results demonstrate that our
FedCoPL outperforms baseline methods across various de-
grees of label skew. In future work, we will conduct a the-
oretical analysis of FedCoPL, including convergence, pri-
vacy, fairness, and other pertinent considerations.
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