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Abstract

This paper introduces a generalized federated prompt-
tuning framework for practical scenarios where local
datasets are multi-modal and exhibit different distributional
patterns of missing features at the input level. The pro-
posed framework bridges the gap between federated learn-
ing and multi-modal prompt-tuning which have tradition-
ally focused on either uni-modal or centralized data. A key
challenge in this setting arises from the lack of semantic
alignment between prompt instructions that encode simi-
lar distributional patterns of missing data across different
clients. To address this, our framework introduces special-
ized client-tuning and server-aggregation designs that si-
multaneously optimize, align, and aggregate prompt-tuning
instructions across clients and data modalities. This allows
prompt instructions to complement one another and be com-
bined effectively. Extensive evaluations on diverse multi-
modal benchmark datasets demonstrate that our work con-
sistently outperforms state-of-the-art (SOTA) baselines.

1. Introduction
The recent emergence of exceedingly large models [3] with
immense scale and versatility due to being pre-trained on
large swaths of generic data has resulted in a paradigm shift
in machine learning (ML). Most task-specific models are
now fine-tuned versions of those large models instead of be-
ing created from de novo learning processes. For example,
most state-of-the-art (SOTA) models solving specific NLP
tasks are fine-tuned versions of existing large pre-trained
or foundation models such as BERT [12], GPT [5], and
T5 [40]. Likewise, SOTA models for various computer vi-
sion tasks have also been derived from foundation models
such as the vision transformer [13] pre-trained on extensive
datasets like ImageNet [11]. The standard fine-tuning ap-
proach, however, assumes centralized data which is not al-
ways possible in practical scenarios where fine-tuning data
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are scattered across multiple private siloed systems.
To overcome this siloed data challenge, federated fine-

tuning has recently been considered to aggregate the fine-
tuned updates across private devices running their own (lo-
cal) fine-tuning processes [9, 32, 47]. This approach can
be further combined with an existing parameter-efficient
tuning method called prompt tuning [25]. This method fo-
cuses on creating lightweight signals such as additional
tokens that are prepended to the input of the pre-trained
models [41, 44, 59, 60], providing them valuable con-
textual information to perform specific tasks more effec-
tively. Local sets of prompts can then be aggregated us-
ing the conventional parameter aggregation procedure in
FL [16, 29, 47, 50, 58].

However, such federated prompt-tuning techniques are
restricted to learning with uni-modal data. In more prac-
tical scenarios, advances in sensor and device manufactur-
ing increasingly enable the capture of multiple data modal-
ities (e.g., text, images), leading to richer datasets for
fine-tuning [6]. Leveraging such diverse multi-modal in-
formation can significantly enhance model performance,
as demonstrated by the success of multi-modal founda-
tion models like CLIP [39] and ViLT [21]. This has fur-
ther motivated research on multi-modal federated learn-
ing [8, 33, 37, 52] and fine-tuning pre-trained multi-modal
LLMs, i.e., multi-modal federated fine-tuning [56].

Despite these advances, multi-modal federated learning
research often adopts specific local architectures which can-
not be learned via fine-tuning existing pre-trained multi-
modal foundation models [8, 33, 37, 52]. Existing multi-
modal federated fine-tuning research on the other hand as-
sumes that all local datasets have the same set of modali-
ties [56]. As such, these approaches are not suitable for sit-
uations where different clients might collect data using dif-
ferent types of sensors. Furthermore, the multi-modal sen-
sor data across clients might even have different missing
patterns of data entries. This leads to local datasets with
both intra- and inter-heterogeneities. Intra-heterogeneity
occurs when individual samples within a single dataset
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have missing entries for different subsets of features. Inter-
heterogeneity arises when different clients have different
distributions over their data-missing patterns.

There also exists recent work in prompt-tuning that
learns a specific prompt for each subset of missing modal-
ities [24]. Input samples having the same set of missing
modalities are then augmented with the same (learnable)
prompt during training, specializing it to complement for
the corresponding missing modalities. This approach is,
however, restricted to centralized data setting (i.e., no inter-
heterogeneities) and does not generalize well to federated
settings where different sets of local prompts might be
biased towards different distributional patterns of missing
data. A naive aggregation of these prompts might therefore
collapse them into less informative prompts which are ig-
norant of the heterogeneities in missing-data patterns across
clients, resulting in poor performance (see Fig. 1).

To bridge this gap between multi-modal prompt-tuning
and federated learning, we propose a multimodal feder-
ated prompt-tuning approach that optimizes and aggregates
two distinct sets of (local) prompts for each client: inter-
client and intra-client prompts. Inter-client prompts break-
down and encode prototypical distribution patterns of miss-
ing input data, which can be aligned and aggregated across
clients to represent shared distributional information. In
contrast, intra-client prompts encode information tailored
to support specific local subsets of missing modalities, in-
dependent of the distributional patterns of missing data at
each client. This is achieved via the following contributions:

1. We develop a local input-adaptive fine-tuning algorithm
which identifies and updates a subset of inter- and intra-
client prompts that are most relevant to each individual sam-
ple. This is formulated as prompt-retrieval task which fo-
cuses on learning mapping functions that push an input to-
wards its relevant prompts on an embedding space while
pulling away from irrelevant prompts on an embedding
space. This helps decompose and distill local fine-tuning
knowledge into different parts of the prompt set, preventing
learned instructions for different fine-tuning patterns from
being overloaded on the same prompts (Section 3.2).

2. We develop a server-side model for aggregating and
aligning inter-client prompts across clients. Both genera-
tion and alignment are framed as part of a clustering task,
where inter-client prompts encoding similar input-level dis-
tribution patterns of missing data are identified and merged
into more comprehensive and versatile prompt instructions.
The empirical effectiveness of these combined prompts in
reducing local training losses is used as a learning feedback
to optimize this clustering model (Section 3.3).

3. We evaluate and demonstrate the effectiveness of our
proposed approach through extensive experiments on two
benchmark datasets, MM-IMDB [1] and UPMC Food-
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Figure 1. Our approach with prompt alignment outperforms Fe-
dAvg prompt-tuning (w/o alignment) across settings with different
data missing rates.

101 [46], comparing its performance against a variety of
existing multimodal federated learning methods as well
as repurposed prompt-tuning baselines for federated set-
tings. The reported results show that our method consis-
tently and significantly outperforms the baselines across
various modality-missing scenarios, achieving new SOTA
performance for multi-modal federated learning (Sec-
tion 4).
A bird-view of our proposed framework, Federated Prompt-
Tuning with Heterogeneous and Incomplete Multimodal
Client Data (FED-PRIME), is also provided in Figure 2.

2. Related Works
Multi-Modal Federated Learning. Federated learning
(FL) [17, 31, 53, 54] is a collaborative learning paradigm
that enables multiple devices to train a shared model while
keeping local data private. This design addresses con-
cerns over privacy, security, and inefficiency in transferring
large datasets [45, 57]. While FL has been widely stud-
ied [10, 14, 15, 18, 26, 27, 30, 34–36, 42, 43], most exist-
ing methods focus on uni-modal data (e.g., image or text).
However, with the rapid advancement of mobile phones and
IoT devices [6], local data increasingly comes from multi-
ple modalities. Integrating such heterogeneous signals en-
ables richer, more robust representations [19, 48], motivat-
ing growing interest in multi-modal FL. Yet many current
approaches rely on custom architectures that cannot exploit
pre-trained multi-modal models. More recent studies ex-
plore federated fine-tuning of pre-trained multi-modal mod-
els, but they typically assume each client holds the same set
of modalities [56], limiting applicability in realistic hetero-
geneous environments.
Missing Data in Multi-Modal FL. In real-world settings,
local devices collect data from different types of sen-
sors, leading to datasets with varying feature modalities
(inter-heterogeneity). Moreover, sensor malfunctions or
data corruption can cause missing features, with devices
exhibiting distinct missing patterns (intra-heterogeneity).
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Existing solutions either treat each modality indepen-
dently [55, 61] or are restricted to centralized learn-
ing [7, 38, 51], both overlooking inter-modal dependen-
cies. Recent FL methods address inter-heterogeneity [8, 37]
but not intra-heterogeneity, while approaches like Fed-
InMM [52] and FedMAC [33] tackle intra-client missing
data but ignore cross-client alignment, limiting effective-
ness. A related line of work, including FedMSplit [8] and
CACMRN [49], handles modality-incomplete data under a
personalized FL framework, where each client retains its
model. This paradigm differs from standard FL, which aims
to improve a single shared model, making these methods
not directly comparable.
Addressing Missing Data with Prompt-Tuning.
Prompt-tuning [41, 44, 59, 60] provides an effective
way to adapt pre-trained models by learning prompts
that add contextual information to input embeddings.
Recent work has extended this idea to missing-modality
scenarios by learning a prompt for each subset of missing
features [20, 24], so that inputs with similar missing
patterns are augmented with suitable prompts. However,
these methods are developed for centralized training and
do not address the additional heterogeneity introduced in
FL, where prompts must be aligned and aggregated across
clients. Designing effective alignment and aggregation
strategies for such prompts is therefore a key challenge, as
demonstrated in our framework.

3. Multi-Modal Federated Prompt-Tuning
Multimodal federated learning faces significant challenges
due to missing data modalities, leading to both inter-client
and intra-client heterogeneities that complicate knowledge
aggregation and degrade overall model performance – see
Fig. 1. To address this challenge (Section 3.1), we present
a federated prompt-tuning framework based on the pre-
trained Vision and Language Transformer (ViLT) model,
which comprises a prompt-based client design and a server-
side prompt-aggregation algorithm. The client design fea-
tures a fine-tuning algorithm that learns and decomposes the
fine-tuned knowledge into separate sets of inter-client and
intra-client prompts specialized for fine-tuning at different
input-level patterns of missing data and input-agnostic pat-
terns of missing modalities (Section 3.2). The server-side al-
gorithm then learns alignment between inter-client prompts
specializing for similar input-level patterns of missing data
and aggregates them to create more versatile prompts. This
is also combined with a standard FEDAVG-based aggre-
gation of intra-prompts specializing for input-agnostic pat-
terns of missing modalities (Section 3.3) – see Fig. 2.

3.1. Problem Formulation
In multimodal federated learning (MMFL), we assume
there are n clients and r data modalities (e.g., text, image).

Each client t → [n]1 has access to a private dataset Dt ↭
{x(Mt,s), zt,s}ms=1, where x(Mt,s) denote the observed
features for the set of modalities, Mt,s ↑ [r] recorded for
the s-th data point of the t-th client, and zt,s denotes the cor-
responding target label. The goal is to learn a multimodal
model w→ using all the private datasets {Dt}nt=1 without
centralizing them. That is,

w→ = argmin
w

{
L(w) ↭ 1

n

n∑

t=1

Lt(w)

}
with

Lt(w) ↭ 1

n

m∑

s=1

ω
(
F
(
x
(
Mt,s

)
;w

)
, zt,s

)
(1)

where F (x
(
Mt,s

)
;w) denotes the multimodal prediction

model with parameter w and ω(F (x
(
Mt,s

)
;w), zt,s) de-

notes the individual loss of w on the s-th data point. Pre-
vious work [8, 33, 37, 52] in MMFL has largely focused
on designing F (x

(
Mt,s

)
;w) without leveraging existing

knowledge in pre-trained foundation model. Instead, we let
F (x

(
Mt,s

)
;w) be a prompt-tuned version of a pre-trained

transformer-based model,

F
(
x(M);w

)
↭ Fc

(
Fp

(
Fe

(
x(M)

)
↓ wp

)
;wc

)
(2)

where Fc(.;wc) is the prediction head parameterized with
wc, Fe(x(M)) = Fe(x1) ↓ . . . ↓ Fe(x|M |) where Fe(xi)
denote the tokenized input sequence of each unimodal fea-
ture xi in x(M) ↭ (x1,x2, . . . ,x|M |), Fp(.) denotes the
frozen multimodal pre-trained model – e.g., ViLT [21] – and
wp denotes the set of (learnable) prompts. Here, ↓ denotes
the set concatenation operator and w = (wc,wp) denotes
the full set of tuning parameters. Due to the decentralized
and private nature of the local datasets {Dt}nt=1, solving
Eq. (1) directly is not possible. Instead, following the feder-
ated learning [31] paradigm, its optimal solution w→ is ap-
proximated via a number of iterations over two interleaving
client- and server-side steps:

w(h+1)
t = update

(
Lt,w

(h)
→

)
↔t → [n] , (3)

w(h+1)
→ = aggregate

(
w(h+1)

1 , . . . ,w(h+1)
n

)
, (4)

where w(h)
t denote the estimation of the local tuning pa-

rameter wt of client t after h iterations. For example, the
update step can be a vanilla gradient descent (GD) opti-
mization of the prompt ω and the aggregate step denotes
the average of the locally optimized prompts. Such vanilla
approach however does not account for both the inter- and
intra-heterogeneities among local prompts (see Section 1)
which ultimately risks aggregating incompatible prompts
and degrade the overall performance (see Section 4). To
avoid this, we will introduce novel designs for client- and
server-prompts as detailed in the followings.

1[n] ↭ {1, 2, . . . , n}.
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Figure 2. Overview of the proposed multi-modal federated prompt-tuning framework – see Alg. 3. Each client maintains two (learnable)
sets of intra- and inter-client prompts. At the beginning of each iteration, each client performs local training via Eq. (7) and Eq. (8). Local
sets of intra- and inter-client prompts are then sent to the server for aggregation – see Eq. (10)–Eq. (14).

3.2. Client Design
To enable effective prompt-aggregation across heteroge-
neous clients, we need to separate the fine-tuning treatment
for input-level patterns of missing data and input-agnostic
patterns of missing modalities. This can be achieved via fur-
ther parameterizing wp = (winter

p ,wintra
p ) with two dis-

tinct subsets of ε inter- and intra-client prompts:

winter
p ↭

{
pinter
1 , pinter

2 , . . . , pinter
ω

}
, (5)

wintra
p ↭

{
pintra
1 , pintra

2 , . . . , pintra
ω

}
, (6)

which are learned separately. The learned inter-client
prompts winter

p across clients will be sent to the server
which clusters them into different groups based on their spe-
cialization for similar input-level patterns of missing data –
Section 3.3. Local sets of intra-client prompts wintra

p can
be averaged via FEDAVG [31] since their specialization is
for input-agnostic patterns of missing modalities. Intu-
itively, the aggregation mechanisms will determine how dif-
ferent aspects of fine-tuning knowledge are encoded across
the prompt sets. For example, if knowledge regarding dif-
ferent input-level patterns of missing data is (incorrectly)
incorporated into

{
pintra
i

}ω

i=1
, they will be averaged out

and collapsed into less informative prompts due to the non-
clustering aggregation mechanism of

{
pintra
i

}ω

i=1
.

As this potential loss of information will decrease the
overall performance, the (learnable) prompt parameters will
be updated to prevent this from happening. Otherwise,
if (common) knowledge patterns regarding input-agnostic
patterns of missing modalities are (incorrectly) incorporated

into
{
pinter
i

}ω

i=1
, their modeling bandwidth for inter-client

heterogeneities will be reduced, which will also hamper the
performance. This will, in turn, generate a prompt update
signal to avoid this as well. Furthermore, within each set of
inter- and intra-client prompts, there might also be differ-
ent patterns that need to be separated and internalized into
different subset of prompts.

To enable this, we develop an input-adaptive learn-
ing mechanism for both sets of prompts which identi-
fies and updates the most relevant subset of prompts for
each (multimodal) input sample. This is formulated as an
information-retrieval task, learning a pair of key and query
functions, k (p) and q(x(M)), which transform the prompt
p and input x with the set M observed modalities, re-
spectively, into a shared metric space. We can then de-
fine a geometric input-prompt distance, e.g., d(x(M),p) =
cos(q(x(M)), k (p)) which can be used to measure their
contextual relevance. To avoid loading diverse fine-tuning
knowledge into a single prompt, we regularize the (local)
loss function to penalize it when a less relevant prompt is
selected as fine-tuning instruction for an input x(M):

wt ↭ argmin
w

L↑
t(w) where (7)

L↑
t

(
w
)

↭
m∑

s=1

{
ω
(
F
(
x
(
Mt,s

)
;w↑

)
, zt,s

)}

+
m∑

s=1

{
r
(
x(Mt,s),w

↑
p

)}
, (8)

where ω(w↑) is defined in Eq. (1) and w↑ = (wc,w↑
p)

denote the customized set of tuning instructions for each
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Figure 3. Workflow of the prompt-alignment algorithm. At each
iteration, each client samples a subset of summarizing prompts us-
ing its query and key functions. The client then performs a local
update, resulting in heterogeneous prompt sets, which are subse-
quently sent to the server to be clustered and summarized into new
summarizing prompt sets for the next iteration.

input x(Mt,s) where w↑
p = (winter→

p ,wintra→

p ) such that
winter→

p ↑ winter
p and wintra→

p ↑ wintra
p are the sets

of ϑ most relevant prompts to x(Mt,s) in winter
p and

wintra
p . The regularizer r(x(M),w↑

p) is then defined as

r
(
x
(
M

)
,w↑

p

)
↭

∑

p↓w→
p

{
d
(
x
(
M

)
, p

)}
. (9)

Intuitively, the regularizer penalizes the total distance be-
tween the (multimodal) input x(M) and the ϑ closest
prompts according to the aforementioned distance metric
d(x(M),p). Minimizing both the original local loss and
this regularizer allows the local model to simultaneously
learn to (1) internalize fine-tuning patterns of inter- and
intra-heterogeneities to minimize the original loss Lt(w);
and (2) ensure that selected prompts for a given input will
be close to it to reduce the penalty r(x(M),w↑

p). A pseu-
docode of this client design is detailed in Suppl. A.

3.3. Server Aggregation
We will now establish a principled algorithm to align and
aggregate inter-client prompts specializing in similar input-
level patterns of missing data2. This is not straight-forward
since inter-client prompts at the same position in the prompt
sets across different clients might not specialize for similar
patterns of missing data due to client heterogeneities: cer-
tain missing-data patterns are not observed at certain clients.

To find the correct alignment, we formulate it as a clus-
tering optimization task. Suppose each client t communi-
cates a set of inter-client prompts winter

t = (pi
t)

ω
i=1. Each

2This section only describes the aggregation algorithm for inter-client
prompts since intra-client prompts are specialized for input-agnostic pat-
terns of missing modalities and can be aggregated via FEDAVG [31].

potential clustering of these prompts thus defines a candi-
date alignment, i.e., prompts in the same cluster are con-
sidered aligned and can be aggregated. A (learnable) cluster
center can then be associated with the aggregated prompt
– see Fig. 3. Both the cluster assignment and centers can
be found via solving the following optimization task with
discrete alignment variables ϖpq

t → {0, 1} and continuous
center variables εq for each cluster q → [n↗ ε ]:

min
ω,ε,ε

G
(
ϑ,ε, ϱ

)
↭

n∑

t=1

ω∑

p=1

n↔ω∑

q=1

ϖpq
t · c

(
pp
t ,εq, ; ϱ

)
(10)

s.t.ϖp,1
t + . . .+ ϖp,n↔ω

t = 1 , (11)

where ϑ ↭ (ϖp,q
t ) and ϖp,q

t → {0, 1} ↔(t, p, q) indicates
whether the p-th inter-client prompt of client t is matched to
the q-th cluster. The corresponding cluster center is then op-
timized to have minimum total distance to all cluster mem-
bers according to a (learnable) cost function c(pp

t ,εq). The
optimized cluster center can then be used as the aggregated
or summarizing prompt. Minimizing Eq. (10) thus allows us
to align and summarize/aggregate the inter-client prompts
across clients simultaneously. Note that Eq. (11) enforces
a constraint that intuitively indicates two prompts from the
same clients should not be matched to the same cluster and
get aggregated. This is because local prompts from the same
client have already been learned to encode different fine-
tuning aspects. Aggregating them will therefore collapse
them into less informative ones.

In addition, some summarizing/aggregated prompts
might be more generic than others and can be used to pro-
vide fine-tuning instructions to a wider range of (multi-
modal) inputs. The update of such prompts should be prior-
itized during training and to achieve that, we need a mecha-
nism to capture this prompt popularity. To achieve this, we
augment the optimization task in Eq. (10) above with a reg-
ularizer that penalizes alignment to less popular prompts,

R
(
ϑ, ς

)
↭

n∑

t=1

ω∑

p=1

n↔ω∑

q=1

(
ϖp,q
t · logU(εq; ς)

)
(12)

+
n∑

t=1

ω∑

p=1

n↔ω∑

q=1

(
1↘ ϖp,q

t

)
·log

(
1↘ U(εq; ς)

)
,

where U(εq; ς) is the popularity function of εq , which
is parameterized by learnable parameter ς. For example,
U(εq; ς) = φ(g(εq; ς)) → (0, 1)3 where g(εq; ς) is a
deep neural net parameterized with ς. Putting Eq. (13) and
Eq. (10) together, we arrive at our final loss function,

minimize
ω,ε,ε,ϑ

{
G
(
ϑ,ε, ϱ

)
+ R

(
ϑ, ς

)}
, (13)

3ω(.) denotes the sigmoid function.
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which can be optimized via alternating between (1) op-
timizing (ε, ς, ϱ) while fixing ϑ; and (2) optimizing ϑ
while fixing (ε, ς, ϱ). The first optimization sub-task is
straight-forward while the latter is less trivial due to the con-
straint as well as the discrete nature of the optimizing vari-
ables. To sidestep the technical challenge in solving for ϑ
while fixing (ε, ς, ϱ), we approximate it by optimizing for
ϑt = {ϖp,q

t }p,q while also fixing ϑ↗t = {ϖp,q
↗t }p,q . This

results in a minimum weighted linear sum task,

min
ωt

L(ϑt) ↭
ω∑

p=1

n↔ω∑

q=1

(
ϖp,q
t · v(p, q)

)
where (14)

v(p, q) ↭



log

{
U
(
εq; ς

)

1↘ U
(
εq; ς

)
}

+ c
(
pp
t ,εq; ϱ

)


 ,

which can be solved effectively in polynomial time us-
ing the Hungarian algorithm [23]. An overview and pseu-
docode of the server-side aggregation algorithm are pre-
sented in Fig. 3 and Suppl. A. A thorough evaluation of this
framework is detailed next in Section 4.

4. Empirical Evaluation
This section provides a detailed empirical evaluation of
our proposed framework, FED-PRIME. 4 Our evaluation is
conducted on two datasets UPMC Food-101 [46] and MM-
IMDB [1] and several baselines adapting existing works in
federated fine-tuning (for unimodal data) and multi-modal
prompt-tuning (for centralized data) to our novel setting on
decentralized multi-modal data with missing modalities and
features. Detailed description of the datasets and baselines
are provided in Section 4.1. Our main results and ablation
studies are reported in Section 4.2.

4.1. Experiment Settings
A. Datasets. Following the experiment protocol in [24], we
evaluate FED-PRIME on two multimodal datasets:
1. UPMC Food-101 [46] is an image-text classification
dataset consisting of noisy image-text pairs collected from
Google Image Search. Its classes are aligned with those in
the larger, publicly available ETHZ Food-101 dataset [4].
For the federated setting, we select only eight most frequent
classes from the original UPMC Food-101.
2. MM-IMDB [1] is a movie genre classification dataset
with both image and text modalities. Since each movie can
belong to multiple genres, the task is originally a multi-label
classification problem, where genres are predicted using im-
age, text, or both. For the federated setting, we use only
single-label instances and select eight most frequent classes
only from the original MM-IMDB.

4Our implementation is available at https://github.com/

hangpt01/FedPrime.

Each dataset is first partitioned into train and test sets with
the 80:20 ratio. The (heterogeneous) missing patterns on the
train/test data are simulated using the following protocols.
B. Training Data Simulation. Following [24], we simulate
missing data phenomenon within a dataset using a missing
rate ↼ → (0, 1) as detailed in 3 simulation cases below:
1. Missing Image. We drop the image features in ↼ percent
of the data and keep the remaining (1↘↼) percent complete.
2. Missing Text. We drop the text features in ↼ percent of
the data and keep the remaining (1↘ ↼) percent complete.
3. Missing Both. We drop the image component in ↼/2 per-
cent of the data, and the text component in the other ↼/2
percent, leaving the remaining (1↘ ↼) percent complete.
The missing-simulated train set is then partitioned into n
subsets for n clients via random sampling. The resulting
client datasets will therefore have heterogeneous distribu-
tions over missing-data patterns.
C. Test Data Simulation. There are 5 test scenarios, which
include: (1) Full Modal (no missing data); (2) Image Only
(drop all text features); (3) Text Only (drop all image fea-
tures); (4) Miss Both (run Missing Both on test data); and
(5) ≃Train (same simulation as the training data).
D. Metrics. Following prior protocol in [24], we use F1-
macro and classification accuracy to evaluate the following
baseline methods on MM-IMDB and UPMC Food-101.
E. Baseline Methods. Following [24], we adopt the pre-
trained multimodal transformer ViLT [21] as the backbone
of our client design. Each client model is a fine-tuned ver-
sion of this backbone which is generated based on its own
local dataset. As no prior work has addressed modality
missing in multimodal fine-tuning within federated learning
settings, our comparison baselines mostly feature adapted
versions of existing work in federated learning and multi-
modal prompt-tuning. This includes adaptations of the latest
missing prompt-tuning SOTA method in [24] into the con-
text of the classical FedAvg method as well as that of a more
recent FL approach, FedMSplit [8]. These are referred to
as FEDAVG-P and FEDMSPLIT-P, respectively. In addi-
tion, to underscore the importance of separating fine-tuning
knowledge across intra- and inter-client prompt sets, we
also include two simplified variants of FED-PRIME utiliz-
ing either inter-client prompt pooling or intra-client prompt
pooling, along with their respective aggregations. We refer
to these variants as FED-INTER and FED-INTRA, respec-
tively (see more details in Supplementary B).

4.2. Experimental Results
This section provide extensive performance comparison be-
tween FED-PRIME and other baseline methods across var-
ious settings of missing data in the train and test sets, as pre-
viously stated in Section 4.1. In addition, we also provide
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Table 1. Performance achieved by the baselines on the Food-101 (left) and MM-IMDB (right) datasets under various missing-data settings
in the train and test sets. This includes all combinations of the 3 train scenarios and 5 test scenarios (i.e., 15 experiments) per dataset, as
previously stated in Section 4.1. The best and second-best results are highlighted in bold red, and blue, respectively. Note that in the Miss
Both training scenarios, Test (→Train) and Test (Miss Both) represent the same test scenario according to the definition of →Train. The
reported result for Test (Miss Both) in this case is the same as that for Test (→Train), as indicated by a dash (-).

Datasets UPMC Food-101 MM-IMDB

Train Method
Test

(≃ Train)
Test

(Miss Both)
Test

(Full Modal)
Test

(Text only)
Test

(Image only)
Test

(≃ Train)
Test

(Miss Both)
Test

(Full Modal)
Test

(Text only)
Test

(Image only)

Miss
Text

FEDAVG-P 15.71 ± 2.27 14.90 ± 1.57 21.56 ± 7.81 16.91 ± 0.69 15.36 ± 0.43 22.42 ± 2.27 21.89 ± 1.34 30.78 ± 1.65 18.40 ± 0.06 14.53 ± 4.56
FEDMSPLIT-P 15.62 ± 1.51 17.50 ± 1.97 25.27 ± 8.22 18.78 ± 0.64 17.50 ± 1.97 21.02 ± 1.89 19.97 ± 0.74 24.39 ± 6.08 14.38 ± 2.76 18.09 ± 6.13
FED-INTER 54.82 ± 19.01 48.87 ± 24.64 59.17 ± 27.06 35.13 ± 26.78 56.59 ± 15.12 18.25 ± 3.50 16.95 ± 3.57 18.67 ± 7.63 15.03 ± 4.66 18.01 ± 1.95
FED-INTRA 61.71 ± 17.22 48.09 ± 19.12 62.06 ± 26.98 22.51 ± 5.92 62.64 ± 11.83 13.38 ± 1.73 12.77 ± 0.85 12.55 ± 1.67 11.31 ± 0.38 14.33 ± 1.80
FED-PRIME 78.88 ± 0.90 80.38 ± 0.65 92.12 ± 0.40 73.01 ± 4.25 76.83 ± 1.22 31.92 ± 0.20 31.48 ± 0.30 37.67 ± 0.04 30.60 ± 1.41 30.69 ± 1.41
Improv. (%) 27.82 ⇐ 64.48 ⇐ 48.44 ⇐ 107.83 ⇐ 22.65 ⇐ 42.37 ⇐ 43.81 ⇐ 22.35 ⇐ 66.30 ⇐ 69.65 ⇐

Miss
Image

FEDAVG-P 17.35 ± 4.77 15.12 ± 1.48 16.84 ± 2.37 18.12 ± 6.49 14.81 ± 0.24 27.69 ± 5.97 22.55 ± 3.06 31.94 ± 0.98 23.76 ± 11.72 12.29 ± 0.47
FEDMSPLIT-P 74.16 ± 10.56 48.88 ± 10.26 45.64 ± 32.43 88.65 ± 2.17 14.81 ± 0.90 19.11 ± 11.33 16.61 ± 7.22 18.19 ± 12.55 18.12 ± 12.30 12.81 ± 1.25
FED-INTER 77.96 ± 11.62 64.62 ± 10.22 82.08 ± 7.75 77.69 ± 12.35 37.56 ± 6.49 18.79 ± 5.23 17.93 ± 3.60 20.56 ± 3.56 17.67 ± 6.79 15.47 ± 2.51
FED-INTRA 22.84 ± 3.52 20.13 ± 1.72 23.48 ± 1.86 24.46 ± 2.99 16.66 ± 1.32 15.75 ± 4.34 14.06 ± 3.16 15.68 ± 4.77 14.53 ± 3.65 11.71 ± 0.42
FED-PRIME 90.55 ± 0.22 79.12 ± 0.49 92.89 ± 0.21 90.18 ± 0.29 54.14 ± 2.50 36.08 ± 0.35 31.35 ± 0.61 38.49 ± 0.56 36.91 ± 0.59 18.15 ± 0.66
Improv. (%) 16.15 ⇐ 22.44 ⇐ 13.17 ⇐ 1.73 ⇐ 44.14 ⇐ 30.30 ⇐ 39.02 ⇐ 20.51 ⇐ 55.35 ⇐ 17.32 ⇐

Miss
Both

FEDAVG-P 14.57 ± 1.50 - 17.17 ± 4.37 16.40 ± 4.05 13.24 ± 0.32 26.45 ± 2.63 - 33.03 ± 2.56 24.12 ± 11.30 20.21 ± 1.98
FEDMSPLIT-P 49.15 ± 24.76 - 64.78 ± 36.62 64.62 ± 36.51 21.49 ± 7.19 24.25 ± 5.02 - 26.05 ± 11.17 26.02 ± 9.64 19.79 ± 6.20
FED-INTER 56.32 ± 21.77 - 69.57 ± 19.41 45.15 ± 34.09 59.30 ± 10.84 26.53 ± 0.90 - 31.97 ± 2.22 29.69 ± 2.21 21.63 ± 0.77
FED-INTRA 49.28 ± 32.87 - 56.70 ± 37.90 43.24 ± 34.19 49.85 ± 25.44 11.90 ± 0.37 - 12.47 ± 0.45 11.46 ± 0.33 12.83 ± 0.92
FED-PRIME 84.44 ± 2.65 - 93.64 ± 0.58 87.95 ± 0.91 72.41 ± 3.88 32.01 ± 2.51 - 38.68 ± 0.65 31.00 ± 2.97 26.01 ± 0.12
Improv. (%) 49.93 ⇐ - 34.60 ⇐ 36.10 ⇐ 22.11 ⇐ 20.66 ⇐ - 17.11 ⇐ 4.41 ⇐ 20.25 ⇐

(*) Improv. shows the relative performance improvement between our proposal and the second-best. (in percentage).

ablation studies on (1) performance robustness against var-
ious missing rate ↼; (2) the ablated impact of having inter-
and intra-client prompt sets; and (3) training convergence.

4.2.1. Main Results
We compare the performance of FED-PRIME against the
other baselines on an extensive set of experiments across
all datasets. This includes all combinations of the 3 missing
simulation scenarios on train data and 5 test scenarios (with
both missing and no missing data) as previously detailed
in parts B and C of Section 4.1. All results are reported
in Table 1 which show that FED-PRIME consistently out-
performs all baselines in all train/test scenarios with vari-
ous missing-data patterns. The performance on the UPMC
Food-101 and MM-IMDB datasets is measured in terms of
classification accuracy and F1-macro, respectively. The F1-
macro performance on MM-IMDB is relatively low across
all settings due to the class imbalance nature of the dataset.
In each experiment, the relative performance improvement
of FED-PRIME over the second best baseline is reported,
which ranges between 1.73% and 107.83% for the UPMC
Food-101 dataset and between 4.41% to 69.65% for the
MM-IMDB dataset. Notably, FED-PRIME significantly
outperforms both of its simplified variants FED-INTRA

and FED-INTER, which either handle intra- or inter-
heterogeneities, in all settings. This highlights the remark-
able synergies and essential of handling both types of het-
erogeneities in multi-modal federated learning with miss-
ing data. In addition, it can also be observed that in more
than half of the experiment settings, the second best base-

line is either FED-INTRA or FED-INTER which signifi-
cantly outperform both FEDAVG-P and FEDMSPLIT-P in
those cases. These observations complement our findings
of the isolated impact of these components in our ablation
studies in Section 4.2.4.

4.2.2. Impact of Missing Modalities.
Across different testing scenarios, we observe that the high-
est test performance is always achieved when there is no
missing data in the test set as expected. Another interest-
ing observation is that in the Miss Text training scenario,
where approximately 70% of the text features are lost on
the training data, the proposed model still performs surpris-
ingly well on the Text Only test scenarios. This suggests
that the multi-modal prompt alignment is effective in recov-
ering text information, highlighting the proposed design’s
adaptability. However, in the Miss Image training scenario,
the test performance on the Image Only case suffers instead
a significant performance drop. Upon investigation, we be-
lieve this is likely due to the VILT backbone’s lightweight
image processing module, which was optimized to work in
tandem with text for competitive performance, hinting at a
potential text-centered nature of VILT during pre-training.
This is in fact well-aligned with existing observations that
co-training with text often leads to improved performance.

4.2.3. Robustness Against Various Missing Rates.
To demonstrate the robustness of FED-PRIME against dif-
ferent missing rates ↼, we run multiple comparisons of
FED-PRIME , FEDAVG-P, and its centralized variant [24]
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tween aggregated prompt centroids on the UPMC
Food-101 under Miss Image scenario.

across a wide range of ↼ → {0.00, 0.25, 0.50, 0.75, 1.00}
under the Miss Both training scenarios. The reported re-
sults in Fig. 1 and Fig. 4 show that our model signifi-
cantly outperforms FEDAVG-P and its centralized coun-
terpart Centralized-P. As the missing rate increases,
our approach consistently maintains a competitive accuracy
above 80%, closely approaching the upper-bound perfor-
mance of FEDAVG-P in the centralized setting, which ben-
efits from a centralized dataset with better-aligned modali-
ties. These results demonstrate the robustness of our model
across varying missing rates and highlight the effectiveness
of our federated prompt-tuning approach, achieving perfor-
mance comparable to a centralized prompt-tuning model
despite having access only to decentralized local datasets
with heterogeneous missing patterns.

4.2.4. Ablation Study
As explained previously in Section 4.1, FED-INTER and
FED-INTRA are in variants of FED-PRIME when we drop
the intra- and inter-client prompt sets from the client de-
sign, respectively. Table 1 shows that FED-PRIME con-
sistently outperforms both FED-INTER and FED-INTRA
in all test conditions with substantial gap. The lack of
intra-client prompts causes FED-INTER to underperform
FED-PRIME suggests that having a dedicated prompt set
to capture the common and highly generalizable input-
agnostic aspect of fine-tuning is essential to improve per-
formance. Likewise, FED-INTRA, which omits the inter-
client prompt set, also shows a significant performance
drop. This highlights the importance of capturing and
correctly aggregating input-level patterns of missing data
through prompt alignment.

4.2.5. Convergence Analysis
Model Convergence. Fig. 5 shows that FED-PRIME has
superior performance, achieving faster convergence and
significantly lower final loss values in both training and
testing compared to FED-INTER and FED-INTRA. This
indicates better learning efficiency and robustness. Both
FED-INTER and FED-INTRA converge more slowly, with

consistently higher loss values, especially in the early
rounds. Additionally, our method is more stable across
server-aggregation rounds, with minimal fluctuations. In
contrast, FED-INTER and FED-INTRA exhibit signifi-
cantly more variability, particularly toward the end. This
highlights the effectiveness of FED-PRIME, with faster
convergence and improved stability across rounds.

Prompt Convergence. Fig. 6 shows that FED-PRIME re-
duces the distance between the aggregated prompt centroids
much faster than FEDAVG-P, which highlights the faster
convergence rate of FED-PRIME over FEDAVG-P, indi-
cating faster convergence and better prompt alignment. In
contrast, FEDAVG-P converges more slowly and unstably,
likely due to incorrect default prompt alignment. This again
underscores the necessity of having a learnable prompt clus-
tering mechanism to prevent incorrect prompt alignment.

5. Conclusion

Fine-tuning large pre-trained models for specific tasks has
become an increasingly effective solution paradigm in ma-
chine learning. However, existing fine-tuning frameworks
struggle in practical, multimodal settings where data is dis-
tributed across private silos with heterogeneous patterns
of missing modalities and features. To address these chal-
lenges, this paper introduces a novel federated prompt-
tuning approach that optimizes, aligns, and aggregates
prompt instructions, compensating for gaps in data modali-
ties and distributional patterns across a number of diverse
and private local datasets. Rigorous evaluation on multi-
modal benchmark datasets demonstrates the effectiveness
and robustness of our approach against various patterns of
missing data in local datasets. We view this work as an
initial step toward developing resilient, adaptable federated
models that can fully leverage the diversity of multimodal
data in real-world environments.
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