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Abstract

Federated Prompt Learning (FPL) has recently attracted
increasing attention for its ability to leverage large-scale
vision-language models such as CLIP within federated
learning frameworks. While existing studies have advanced
FPL through personalization strategies to enhance client-
specific performance, personalized models often suffer se-
vere degradation when deployed across unseen domains
due to distribution shifts. In this paper, we take the first
step toward exploring Test-Time FPL (TTFPL), aiming to
bridge the cross-domain performance gap with minimal ef-
fort, requiring only unlabeled target-domain data. We pro-
pose COTE, a tri-prompt controllable TTFPL framework
that dynamically balances three complementary prompts:
the global prompt from standard FPL, the local prompt from
personalized FPL, and the frozen CLIP prompt. Specifi-
cally, we introduce a novel confidence-guided Model-Data
Alignment (MoDA) metric in COTE that quantifies align-
ment at both macro and micro levels, capturing the con-
sistency between model predictions and data distributions.
By integrating MoDA with model confidence, COTE adap-
tively adjusts the contribution of each prompt at test time,
enabling robust generalization across heterogeneous clients
and unseen domains without requiring labeled data. Exten-
sive experiments on multiple benchmark datasets demon-
strate that our method consistently improves target-domain
performance, setting a new direction for adaptive FPL.

1. Introduction

Federated Learning (FL) [34] has recently gained promi-
nence as a scalable and privacy-preserving solution for
training models across decentralized edge devices. Unlike
conventional centralized learning that requires aggregating
raw data to a single server, FL enables local devices to col-
laboratively optimize a global model while keeping data on-
device. This paradigm is particularly valuable in IoT-driven
scenarios such as smart cameras, autonomous vehicles, and
industrial sensing [10, 35, 49], where data is sensitive. By
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Figure 1. Illustration of three federated learning paradigms —
Federated Prompt Learning (FPL), Personalized Federated Prompt
Learning (PFPL), and Test-Time Federated Prompt Learning
(TTFPL) — all centered on local data adaptation. FPL leverages
the strong generalization of Vision-Language Models (VLMs),
while PFPL utilizes local training data to fine-tune prompts prior to
deployment. TTFPL focuses on enabling models to adapt to each
client’s test data distribution while preserving cross-client global
knowledge.

leveraging distributed computation and reducing reliance on
data transfer, FL offers a practical path toward deploying in-
telligent systems at scale.

However, a fundamental limitation remains: once de-
ployed, FL models are typically static and struggle to
adapt to distribution shifts [17, 20, 28] in local data, even
when the task and label space remain unchanged. Such
shifts frequently occur in real-world visual domains [24,
29, 39, 54], where factors like lighting, background, or
viewpoint changes alter data characteristics over time. To
address FL’s rigidity, recent efforts have turned to vision-
language models (VLMs) [23, 25, 30, 31, 40, 51, 52],
such as CLIP [40], whose strong generalization and mod-
ular prompt-based adaptation provide a new foundation un-
der federated settings, named Federated Prompt Learning
(FPL). While FPL methods [1, 4, 26] deliver robust cross-
client generalization for global model, they still struggle to
adapt to client-specific local data distributions. To mitigate
this shortcoming, Personalized Federated Prompt Learning
(PFPL) [14, 22] has emerged, aiming to tailor prompt-based
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models to individual client data distributions in the post-
training phase before deployment. Despite effectively miti-
gating inter-client heterogeneity, PFPL relies solely on his-
torical training data, lacking the ability to adapt to emerg-
ing, unseen domain variations during inference. Therefore,
existing FPL and PFPL approaches [5, 19, 44, 48] remain
limited in handling domain shifts at test time, highlighting
the need for federated prompt learning frameworks capable
of dynamic, post-deployment adaptation.

In this paper, we address the largely unexplored problem
of Test-Time Federated Prompt Learning (TTFPL), a
novel paradigm for dynamic adaptation of federated prompt
learners to distribution shifts using only unlabeled test data,
as shown in Figure 1. Unlike PFPL, which tunes prompts
with local training data, TTFPL enables edge devices to
adapt prompts during inference, which is a key require-
ment for IoT vision scenarios where post-deployment la-
beling is infeasible. This overlooked task introduces two
non-trivial challenges inherent to the federated VLM de-
ployment: (i) how to adapt locally personalized prompts
to shifted visual distributions in unlabeled test data, with-
out accessing historical training samples; (ii)) How to pre-
serve the global cross-client knowledge encoded in feder-
ated prompts, ensuring adaptation does not degrade gener-
alization across diverse clients. These dual challenges cre-
ate a key dilemma: how to strategically leverage distinct
prompt types during adaptation to balance local distribution
alignment and global knowledge retention, an issue unad-
dressed by existing prompt learning or test-time adaptation
(TTA) frameworks.

To tackle these issues, we propose COtrollable TEst-
time federated prompt learning (COTE), a framework
that leverages a tri-prompt design and a novel Model-
Data Alignment (MoDA) metric to enable controllable,
data-aware adaptation. The tri-prompt design integrates
three complementary prompt types, each addressing a dis-
tinct knowledge level: (1) the original prompt (from pre-
trained VLMs) for data-agnostic generalization; (2) the
global prompt (aggregated across federated clients) for
task-specific, cross-domain shared semantics; (3) the local
prompt (personalized to each client) for fine-grained sensi-
tivity to local visual patterns. Rather than statically com-
bining prompts, COTE dynamically adjusts their utilization
based on real-time data characteristics, embodying the core
of controllable adaptation and marking a novel direction for
prompt-based test-time adaptation in federated settings.

To effectively govern the tri-prompt usage, we introduce
the novel Model-Data Alignment (MoDA) metric, a uni-
fied measure that quantifies the consistency between model
predictions and the underlying data distribution on each
client, laying the foundation for our controllable adapta-
tion. MoDA captures both macro-level and micro-level
alignment: the macro-level assesses how a model organizes

its predictions across the global semantic space, reflecting

overall sparsity and diversity, while the micro-level mea-

sures local stability and balance among activated classes.

Unlike conventional single-faceted metrics, MoDA pro-

vides a stable and sensitive estimation of client distribution

heterogeneity, enabling dynamic and data-aware prompt se-
lection during test-time adaptation. Specifically, MoDA
is integrated with pseudo-label confidence to enable con-
trollable prompt selection. Confidence scores from the lo-
cal prompt-based model are first used to separate samples
into high-confidence and low-confidence groups. Within
each group, MoDA evaluates the alignment between model
priors and local data structures to guide decision-making.

For highly aligned samples, the global prompt is used in

the high-confidence group to leverage shared cross-client

knowledge, while the original prompt is adopted in the low-
confidence group to enhance generalization under uncer-
tainty. Conversely, for imbalanced or weakly aligned distri-
butions, the local prompt is chosen by default to better cap-
ture domain-specific nuances. This data-aware, controllable
prompt selection mechanism enables each client to perform
robust, self-supervised adaptation without external labels,
achieving a controllable balance between local personaliza-
tion and global generalization.

In summary, our main contributions are as follows:

* We are the first to explore Test-Time Federated Prompt
Learning (TTFPL), addressing domain shift and general-
ization challenges in federated vision—language systems.

* We propose a tri-prompt controllable TTFPL framework
(COTE) that integrates original, global, and local prompts
based on their complementary strengths, enabling adap-
tive knowledge utilization across general, shared, and per-
sonalized levels.

* We introduce the Model-Data Alignment (MoDA) met-
ric, a unified measure that quantifies the consistency be-
tween model predictions and local data distributions on
each client, enabling dynamic and data-aware prompt and
sample selection during adaptation.

» Extensive experiments on multiple benchmark datasets
demonstrate that our method consistently enhances
target-domain performance, establishing a new paradigm
for adaptive and generalizable federated prompt learning.

2. Related Work

2.1. Federated Prompt Learning

Federated Learning (FL) [34] enables decentralized model
training without sharing raw data, offering a privacy-
preserving paradigm for collaborative learning. Prompt
learning has emerged as an effective way to adapt large
Vision-Language Models (VLMs), such as CLIP [40], to
downstream tasks. The idea has been extended to de-
centralized settings, giving rise to federated prompt learn-
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ing (FPL), which allows clients to exchange and optimize
prompts instead of full model weights. PromptFL [14]
first demonstrates this formulation, and FedAPT [22] en-
hances global consistency via a class-aware prompt genera-
tor guided by a global label embedding. Despite leveraging
well-trained prompt initializations for strong generalization
across diverse clients, existing FPL methods still struggle to
adapt to dynamic local data characteristics.

2.2. Personalized Federated Prompt Learning

To enable FL. models to prioritize and adapt to local data
characteristics, personalized federated learning (PFL) [1]
adapts shared global knowledge to individual clients. Prior
works address this from different perspectives: parameter
decoupling for independent local optimization [, 4, 26],
knowledge distillation for cross-client information trans-
fer [2, 27, 55], and adaptive model interpolation to bal-
ance global generalization and local specialization [8, 33].
To further enhance generalization while retaining person-
alization, recent PFL works have integrated prompt learn-
ing, giving rise to personalized federated prompt learning
(PFPL) methods. For instance, pFedPrompt [13] learns
linguistic consensus while adapting to client-specific vi-
sual distributions; pFedPG [50] generates personalized vi-
sual prompts on the server; FedOTP [22] jointly learns
global and local prompts with optimal-transport alignment;
and pFedMoAP [32] refines personalization using attention-
based gating over multiple prompt experts. Despite ad-
vancing training-time generalization to heterogeneous local
data, existing PFPL methods remain limited in deployment
scenarios: they fail to adapt to unseen domain shifts when
only unlabeled test data is available.

2.3. Test-time Adaptation (TTA)

TTA improves robustness under distribution shifts by adapt-
ing models to unlabeled target data during inference. Early
approaches such as TENT [46] minimize prediction en-
tropy, while CoTTA [47], MEMO [53], and EATA [37]
enhance stability via consistency or selective regulariza-
tion. More recent methods expand this paradigm through
contrastive self-regularization (SAR [38], AdaContrast [6]),
prompt-based tuning for VLMs (TPT [42]), and continual
or energy-based adaptation (TTAC [45], ECoTTA [43]).
While effective in centralized settings, these approaches
assume full data access and a single shared model-
assumptions incompatible with federated constraints on pri-
vacy, communication, and heterogeneity. Extending TTA
to FL therefore demands lightweight, modular adaptation
strategies, where prompt-based representations offer a nat-
ural and privacy-preserving interface. To our knowledge,
only FedTHE [18] explores test-time personalization in FL.
by tuning or ensembling classifier heads using unlabeled
client data. However, this approach modifies backbone

models, rendering it incompatible with well-optimized FL
models during deployment. Besides, the method relies on
explicit classification heads and batch-based updates, which
are incompatible with VLMs like CLIP that operate via
image-text alignment with frozen backbones. These weak-
nesses highlight the need for head-free, prompt-level adap-
tation at deployment, motivating our TTFPL framework.

3. Test-time Federated Prompt Learning

Problem setup. We consider a federated prompt learning
system built upon a pretrained vision-language model with
frozen image and text encoders f(-) and g(-). After the fed-
erated training process, each client ¢ € {1,..., N} holds
three pretrained prompts: a global prompt P9 aggregated
across clients to capture shared semantics, a personalized
prompt P! initialized from P¢ and refined on local data,
and a model-agnostic prompt P¢ inherited from the orig-
inal VLM as a domain-neutral prior. During deployment,
client i receives an unlabeled test set D°** drawn from an
unknown distribution that may differ from its training data
Df’“‘””. Note that training datasets, test data labels, and
cross-client communication are not available at this stage.

Definition. Given a set of pretrained prompts II; =
{P9, PL, P°} for each client i € {1,..., N} and its un-
labeled test data DI°**, TTFPL aims to obtain a test-time
adapted prompt P¢ through a local adaptation operator .4;:

P} = A;(IL;, D). (1)

Without test labels, .4; is optimized using a general un-
supervised test-time objective U applied to the prediction
distribution:

min B, e | U(p( | 4 PE)) | @

where x denotes an input sample and ¢ is the model’s
predicted label. To obtain this distribution, we follow
a similarity-based vision-language matching formulation.
For each class k € {1,...,C}, the text input t;(P?) is
formed by concatenating the adapted prompt P¢ with the
class name. The logit and prediction probability for class k
are then defined as:

logit™ = sim(f (), g(tx(P}))) )

exp(logit™ /7)
Z]C:l exp(logit(j)/T) ’

where 7 is a temperature parameter.

p(J=k|xP}) = “4)

4. Methodology

As illustrated in Figure 2, we propose Controllable Feder-
ated Learning at Test Time (COTE), a framework designed
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Figure 2. Overview of the Controllable Federated Learning at Test Time (COTE) method. The process begins with visual and text
inputs encoded by the (a) CLIP model to predict domain-neutral labels, whose distribution is then analyzed using the (b) MoDA score
and compared with a client-specific ideal reference to compute the alignment score. This guides the controllable test-time adaptation
workflow, where the model adapts its prompts in two branches with samples (c) partitioned by CLIP confidence: for high-confidence
samples, (d) batch-wise adaptation is performed, refining prompts with high-confidence pseudo labels; for low-confidence samples, (e)
sample-wise adaptation is applied by selecting high-entropy augmented views for prompt refinement.

to adapt models to shifted unlabeled data. The approach
consists of two main modules: the Model-Data Alignment
(MoDA) metric and the controllable test-time adaptation
workflow. MoDA quantifies the consistency between model
predictions and the observed data distribution, while the
adaptation workflow adjusts model prompts based on align-
ment score. The two modules work together to dynamically
balance global generalization and local specialization, en-
suring effective adaptation to real-world data shifts.

4.1. MoDA Metric

4.1.1. Components of MoDA

For each client, we analyze the distribution of pseudo-labels
predicted on its unlabeled test set D*. Let the global label
space be S, and let Sy € S denote the subset of classes
actually predicted by the deployed model on this client. The
empirical class-frequency vector is defined as

Pk = Lv ke Sv (5)
Ejesnj

where ny is the number of samples assigned to class k.

Macro-level statistics. We first extract macro-level statis-
tics that describe how the model’s predictions are dis-
tributed with respect to the entire label space S, including
unobserved categories. These statistics measure how glob-
ally balanced or sparse the prediction pattern is:

1= Zkespi

G =
1

)

_ L
[S]

1
=——25 ) Dprlogpg.
log |S]| ,;

(6)

The normalized Gini index G emphasizes concentration
on dominant classes, while the normalized entropy FE re-
wards dispersion across tail classes. Normalization by |S]
accounts for unobserved categories, allowing G and F to
reflect global coverage of the semantic space.

Micro-level statistics. We compute micro-level statistics
restricted to the actually active subset S,ps, Which captures
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how evenly the model distributes its predictions among the
classes that are effectively used on this client. Define the
deviation from local uniformity as

D= 71 ’ 7
= > (pk—sobs> : 7

k€ Sobs
and the local regularity index as

D 1
Rzlfia Dmax: To (8)
D max |SObS|
A low R indicates concentration on a few active classes,
suggesting bias or instability, while a high R reflects
smoother adaptation within the local support.

4.1.2. Unified MoDA Formulation

We integrate the macro- and micro-level statistics into a
unified Model-Data Alignment (MoDA) score that quanti-
fies the coherence between the model’s predictions and the
client’s local data structure.

M=G'?EI=?R?, 9)

where the weighting factor ¢ adaptively controls the contri-
bution of macro- and micro-level evidence:
|Sobs|
¢ |Sobs|+|s" (10)
Intuitively, ¢ reflects the confidence in the observed pre-
diction structure. When few classes are activated (|Sops| <
|S]), M relies on global regularities, while as more classes
are observed, it emphasizes local regularity R. This allows a
smooth transition between global calibration and local spe-
cialization. Empirically, higher M values indicate stable,
general-domain predictions, while lower values suggest di-
vergence, signaling a need for stronger personalization.

4.1.3. Client-specific Ideal Reference

To interpret the MoDA score relative to an ideal configu-
ration, we introduce a client-specific reference where the
model distributes predictions uniformly over the observed
label subset Sgps, reflecting maximal alignment with the
available data.

; 1
= —— k€ Sops- (11
Pi |Sobs| b

Based on this definition, the associated macro- and
micro-level statistics become

1—- Zkes‘(p(l?i)2

Gcsi _ ; ,
L= 17

Ec%i 1 Z cqil csi

V= ) i logpf,

log |S| &, k k (12)
. 1 2
csi_

RS =1 — ZkGSObS (pk ‘Sobsl) =1.

Dmax

This reflects a perfectly calibrated model-data relation,
with no overconfidence or bias toward any class subset. The
corresponding ideal MoDA score is defined as

M = (@) () T (r)Ta3)

4.1.4. Alignment Signal

To measure how far a client’s predictions deviate from the
ideal state, we compute an alignment signal:

sz—AMCSizMCSi( M. —)\), (14)
Mcs1

where A € (0, 1) is a stability coefficient. A higher ) in-
dicates that the model’s predictions align more closely with
a model trained on a diverse range of data, suggesting that
the data distribution is more compatible with such a model’s
characteristics. Conversely, a lower ) implies that the data
distribution is more aligned with a model that may exhibit a
stronger bias towards certain data characteristics, signaling
the need for further adaptation. Therefore, 1/ thus serves as
a soft guidance term for the controllable adaptation work-
flow (Section 4.2), enabling the model to adjust its strategy
based on the alignment with the underlying data structure.

4.2. Controllable Test-time Adaptation Workflow

To operationalize the alignment signal i, we design a
controllable test-time adaptation framework that adjusts
model behavior based on client-specific alignment. Guided
by 1, the framework adapts prompts through three steps:
confidence-based sample partition, high-confidence adapta-
tion, and low-confidence prompt tuning.

4.2.1. Confidence-based Sample Partition.

For each client, we obtain pseudo-labels and confidence
scores from the CLIP model, which serves as a frozen
domain-neutral reference for assessing prediction reliabil-
ity. Following the definitions in Equation 3 and 4, the pre-
diction confidence for a sample x is computed as

= 15
o(x) = maxp(y | z), (15)
where p(y | x) denotes the normalized probability predicted
by the model.
Samples are partitioned into two subsets according to a
confidence threshold 7.:

phigh — {z | c(z) > 7.},

Dlow — {Jj | C(J)) < Tc}. (16)

High-confidence samples provide reliable pseudo super-
vision for prompt refinement, while low-confidence ones
are reserved for uncertainty-aware adaptation in the subse-
quent process.
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4.2.2. Adaptation of High-confidence Samples

For high-confidence samples, we refine the most reliable
prompt using pseudo-label supervision guided by the align-
ment score 1. Let the selected prompt be

P9, >0,
p*{ v

= (17)
P, ¢ <0,

where a positive 1) indicates global-aligned behavior and fa-
vors the global prompt, while a negative ¢ corresponds to
locally skewed behavior and thus relies on the local prompt.
The prediction probability for class k£ under the selected
prompt follows Equation 4, and the pseudo-label is defined
as

§(z) = argmaxp(k | z). (18)

The prompt is then refined using high-confidence sam-
ples DMeh with the loss

1 )
Lih = = m] > logp(g(x) [2).  (19)

zEDhish

This update reinforces the prompt consistent with the
client’s alignment condition, ensuring stable adaptation
with reliable pseudo supervision.

4.2.3. Adaptation of Low-confidence Samples

For low-confidence samples, direct pseudo-label refinement
is unreliable. We therefore employ a sample-wise test-time
prompt tuning (TPT) [42] strategy guided by . The initial-
ization of the adaptive prompt is selected as

Pe, ¢ >0,
Pinie = . (20)
P, ¢ <0,

where P¢ denotes the CLIP-derived prompt providing
a domain-neutral initialization, and Pﬁ captures client-
specific priors. For each uncertain sample x, we generate
K, augmented views {xk}kK:‘Ll and compute their predic-
tion entropies:

Hwr) = — > p(k | z)logp(k | z). (21
keS

The top-5 fraction of high-entropy views is denoted as
Vs(x), and the prompt is optimized by maximizing their
average entropy:

1
Liow = — > Hlaw). (22)
Ve@l 5

This procedure enables each uncertain sample to ad-
just its representation toward the most suitable initializa-
tion (CLIP or local), enhancing robustness under distribu-
tion shifts during inference.

5. Experiments
5.1. Setup

Datasets. We evaluate our method on five popular bench-
marks: CIFAR100 [12], ImageNet [7] and its variants
(ImageNet-A [16] ImageNet-V2 [41], ImageNet-R [15]),
Flowers-102 [36], Caltech-101 [11], and Food-101 [3].
These datasets span diverse domains and granularities, cov-
ering general object and fine-grained recognition tasks.
Following the benchmark protocol of BRFL [18], we
simulate various test-time distribution shifts to assess model
robustness. For CIFAR100, Flowers-102, Caltech-101, and
Food-101, we construct four test settings: (1) Ori (original
local test set), (2) Corr (corrupted data with common per-
turbations), (3) QoC (out-of-client data from other users),
and (4) Mix (a combination of all the above to simulate re-
alistic deployment). For ImageNet, we use ImageNet-A,
ImageNet-V2, and ImageNet-R to represent real-world do-
main shift. Further details of the dataset construction and
shift simulation are provided in Appendix Section A.1.

Setting. To simulate practical scenarios driven by the In-
ternet of Things, we construct a strongly non-IID federated
environment using a Dirichlet partition with concentration
parameter « = 0.01, which induces extreme label hetero-
geneity across clients. All other details of the federated
setup, training process, and evaluation protocol are included
in the Appendix Section A.2.

Baselines. We compare our method with two groups of
representative approaches, covering both federated prompt
learning (FPL) and test-time adaptation (TTA) paradigms.
(1) FPL methods include PromptFL [14], PromptFL [14]
+ FT, pFedMoAP [32], and FedOTP [22]. PromptFL
learns a global prompt collaboratively across clients, while
PromptFL + FT fine-tunes local data for personalization.
pFedMoAP and FedOTP further improve personalization
and robustness within federated systems. (2) TTA meth-
ods include PL [21], TENT [46], and TPT [42]. These are
adapted to the federated setting by applying test-time opti-
mization on the PromptFL + FT personalized model to as-
sess adaptability under distribution shifts.

Implementation Details. All methods are implemented in
PyTorch with a frozen CLIP ViT-B/16 backbone [9], op-
timizing only the prompt parameters, where each prompt
consists of 16 learnable context tokens. Local prompt train-
ing uses SGD for one local epoch per round with FedAvg
aggregation, after which we retain the global prompt P9, lo-
cal prompts P!, and the CLIP prompt P for test-time adap-
tation. During inference, prompts remain the only learn-
able components: samples are partitioned using a confi-
dence threshold 7. = 0.7, low-confidence adaptation uses
K, = 64 augmented views with the top-3 = 0.1 entropy
samples, optimized with one SGD step, and the stability co-
efficient in Equation 14 is set to A = 0.9. Additional imple-

39460



Table 1. Test accuracy on CIFAR100 and ImageNet datasets under heterogeneous client data partitioning across different test distributions.
The best and second-best results for each column are highlighted in bold and underlined, respectively.

Methods CIFAR100 ImageNet
Ori Corr  OoC  Mix Avg Ori A V2 R OoC  Mix Avg

Federated Prompt Learning

PromptFL [14] 62.49 31.58 6230 52.12 52.12 37.08 30.71 71.83 57.85 37.13 49.05 47.28
Personalized Federated Prompt Learning

PromptFL [14] + FT 95.68 77.36 22.07 65.04 65.04 89.42 7748 97.02 88.62 560 8723 7423

FedOTP [22] 9490 76.62 9.89 6021 60.41 87.44 66.75 9530 8443 278 8272 69.90

pFedMOoAP [32] 9422 7274 11.07 59.24 59.32 8741 6843 9352 8214 396 8144 69.48
Test-time Adaptation

PL [21] 95.68 77.08 2159 64.83 64.80 89.35 7948 97.68 9039 477 8820 7498

TENT [46] 94.88 5047 939 5323 51.99 8791 81.59 97.73 9299 248 8732 75.00

TPT [42] 96.15 7725 1924 64.05 64.17 90.06 7942 9724 8937 687 8832 7521

COTE (Ours) 96.16 79.13 4234 66.67 71.08 93.10 8192 97.69 89.27 36.60 90.05 81.44

Table 2. Test accuracy on Caltech101, Flowers102,
test distributions.

and Food101 datasets under heterogeneous

client data partitioning across different

Caltech101 Flowers102 Food101

Methods

Ori Corr OoC Mix Avg Ori Corr OoC Mix Avg Ori Corr OoC Mix Avg
Federated Prompt Learning
PromptFL [14] 90.76 88.68 92.76 90.71 90.73 88.59 76.27 88.23 84.37 84.36 74.47 6142 74.80 70.23 70.23
Personalized Federated Prompt Learning
PromptFL [14] + FT 98.98 98.28 83.85 93.70 93.70 99.68 97.93 54.87 84.19 84.17 97.88 94.65 34.60 75.71 75.71
FedOTP [22] 98.97 98.38 28.89 75.85 75.52 99.24 9749 298 6598 66.42 96.00 92.17 7.78 65.17 65.28
pFedMoAP [32] 99.30 98.86 76.02 91.66 91.46 99.56 98.69 13.40 70.23 70.47 99.61 98.46 10.92 68.97 69.49
Test-time Adaptation
PL [21] 98.95 98.56 86.26 94.19 94.49 99.65 97.96 56.62 84.25 84.62 98.00 95.25 35.15 75.95 76.09
TENT [46] 99.05 98.37 88.67 94.10 95.05 99.59 98.09 51.30 81.23 82.55 98.25 94.62 29.40 72.33 73.65
TPT [42] 99.05 98.50 81.23 92.98 92.94 99.85 98.12 46.55 81.74 81.56 97.88 95.10 28.70 73.67 73.84
COTE (Ours) 99.05 98.38 88.99 94.14 95.14 99.77 98.33 62.27 85.60 86.49 97.97 94.62 58.50 75.86 81.74

mentation details and hyperparameters are provided in the
Appendix Section A.3.

5.2. Main Results

Results on CIFAR100 and ImageNet. Table 1 presents
results on CIFAR100 and ImageNet under heterogeneous
client partitions. Our method achieves the highest aver-
age accuracy on both benchmarks, obtaining 71.08% on
CIFAR100 and 81.44% on ImageNet, outperforming the
strongest baseline (TPT) by over 6% on average. The im-
provement is particularly pronounced under the most chal-
lenging OoC and Mix settings, where existing fine-tuning
or pseudo-labeling strategies fail to maintain robustness.
Specifically, our method raises OoC accuracy from 19.2%
to 42.3% on CIFAR100 and from 6.9% to 36.6% on Im-
ageNet, demonstrating a substantial enhancement in gen-
eralization across unseen client distributions. Meanwhile,
the performance on in-distribution and natural-shift variants

(ImageNet-A, V2, and R) remains comparable or superior
to all baselines, confirming that the proposed alignment-
guided mechanism achieves both stability and adaptability
under diverse distributional shifts. Notably, representative
PFPL methods achieve suboptimal performance, as their
personalization mechanisms heavily align prompts with the
biased local training distribution that poorly matches the
test data distribution in our setting.

Results on Caltech101, Flowers102, and Food101. Ta-
ble 2 reports results on fine-grained recognition datasets.
Across all three benchmarks, our approach consistently at-
tains the best overall performance. The advantages are most
evident under the OoC configuration, where data distribu-
tions deviate significantly from those seen during training.
Compared with the strongest baseline, our method achieves
absolute accuracy gains of 2.7%, 5.7%, and 23.4% on the
three datasets, respectively. These results highlight the ef-
ficacy of our COTE in facilitating stable prompt refinement
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Table 3. Performance comparison of different alignment metrics
on CIFAR100 dataset.

Metrics Ori Corr  OoC Mix Avg
Gini 92.89 66.19 4234 67.14 67.14
Entropy 96.16 79.00 42.34 66.04 70.89
Regularity 93.00 66.15 4234 67.12 67.15

MoDA (Ours) 96.16 79.13 42.34 66.67 71.08

Table 4. Effect of sample partition strategy on CIFAR100 and
ImageNet datasets

. Methods
Datasets  Variations
High-conf Low-conf COTE (Ours)
Ori 95.68 96.15 96.16
Corr 77.36 77.25 79.13
CIFARI00  QoC 22.07 19.24 42.34
Mix 65.04 64.05 66.67
Avg 65.04 64.17 71.08
Ori 89.42 90.06 93.10
A 77.48 79.42 81.92
V2 97.02 97.24 97.69
ImageNet g 88.62  89.37 89.27
0OoC 5.60 6.87 36.60
Mix 87.23 88.32 90.05
Avg 74.23 75.21 81.44

for clients with distinct or long-tailed data distributions,
while preserving strong performance on in-distribution and
corrupted settings.

5.3. Ablation Results

Impact of alignment metric. Table 3 compares the pro-
posed MoDA score with single-factor metrics (Gini, en-
tropy, and the local regularity index) within the same
adaptation pipeline on CIFAR100. Among the alignment
choices, MoDA attains the best overall average (71.08% on
CIFAR100) while entropy is the second best. This suggests
that pure uncertainty cues (entropy) are strong on large-
scale, high-cardinality label spaces, whereas MoDA’s inte-
gration of macro (G, E) and micro (R) statistics yields more
reliable behavior across heterogeneous settings, including
smaller or more imbalanced client distributions.

Effect of sample partition strategy. Table 4 presents the
contribution of confidence-based sample partitioning within
the adaptation procedure. When all samples are processed
exclusively by high- or low-confidence method, the over-
all performance decreases markedly, particularly under the
OoC and Mix distribution shifts. On CIFAR100, omitting
the partitioning mechanism lowers accuracy from 71.08%
to 65.04%, and on ImageNet from 81.44% to 75.21%.
These observations indicate that distinguishing between
high- and low-confidence samples is essential. The par-
titioning facilitates accurate pseudo-label adaptation for

Fixed ¢ on Cifar100
Fixed ¢ on ImageNet
Auto ¢ on Cifar1 00

Auto ¢ on ImageNet

95 Cifar100 95
90 ImageNet 90

85 > 85

2 2

S 80 S 80

3 3

3 3

<75 <75
70 70
65 65

0.7 0.8 0.9 1.0

0.00 025 050 0.75 1.00
A é

(a) Average accuracy of different A (b) Average accuracy of different ¢

Figure 3. Further analysis of coefficient A and ¢

confident predictions, while enabling more conservative
entropy-based updates for uncertain cases, thereby improv-
ing both stability and generalization.

5.4. Further Analysis

Effect of the stability coefficient \. Figure 3a evalu-
ates the effect of the stability coefficient A, which con-
trols the influence of the ideal alignment reference in com-
puting the alignment signal v in Equation 14. Increasing
A from 0.7 to 0.9 yields steady gains on both CIFAR100
and ImageNet, with the best average accuracy at A = 0.9
(71.08% and 81.44%). A moderate A achieves a good bal-
ance between sensitivity to client-specific shifts and stabil-
ity against noise.

Effect of the weighting factor ¢. Figure 3b reports the ef-
fect of the weighting factor ¢, which balances global and
local statistics in the MoDA metric in Equation 10. Ex-
treme settings (¢ =0 or 1) lead to clear performance drops,
indicating that relying solely on global or local evidence
causes over-generalization or overfitting. Mid-range values
(¢ € [0.25,0.50]) deliver the strongest results, highlighting
the importance of jointly leveraging global calibration and
local consistency. The adaptive strategy (auto), which ad-
justs (¢) based on the number of observed classes per client,
performs on par with or slightly better than the best fixed
value. This demonstrates that the adaptive mechanism ef-
fectively balances generality and specificity, ensuring stable
performance under diverse client distributions.

6. Conclusion

We introduced Test-Time Federated Prompt Learning
(TTFPL) setting, a new problem setting that targets post-
deployment domain shifts in federated vision-language sys-
tems using only unlabeled target data. To address this
setting, we proposed Controllable Federated Learning at
Test Time (COTE), a tri-prompt controllable framework that
adaptively balances the global prompt, local prompt, and
frozen CLIP prompt during deployment. Extensive exper-
iments on five benchmarks demonstrate that COTE consis-
tently improves performance across diverse and challenging
federated scenarios, establishing a new direction for adap-
tive and generalizable FPL.
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