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Abstract

Federated Learning with LoRA fine-tuning offers
an efficient and privacy-aware solution for institu-
tions to collaboratively leverage their large datasets
to train VLLMs. However, participating institu-
tions often possess heterogeneous computational
resources, resulting in imbalanced LoRA ranks,
which pose a major challenge for effective col-
laboration. In addition, real-world applications in
domains such as healthcare and transportation fre-
quently suffer from missing modalities due to user
mistakes or device failures, which significantly de-
grade global model performance in federated set-
tings. To the best of our knowledge, no prior work
has addressed these two challenges simultaneously
in federated VLLMs. To tackle these issues, we
propose FediLoRA, a lightweight federated LoRA
aggregation framework that effectively mitigates
the impact of missing modalities in heterogeneous
environment. FediLoRA is explicitly motivated by
the observation that simple averaging and struc-
tured editing can jointly benefit both global and per-
sonalized models. Our approach achieves strong
performance across multiple general-domain and
medical-domain benchmark datasets. Additional
experiments on healthcare data further demonstrate
that FediLoRA is well-suited for practical, real-
world deployment scenarios. Our code is released
at https://github.com/gotobcn8/FediLoRA.

1 Introduction

Foundation Models (FMs) have demonstrated remarkable ca-
pacity to absorb such large-scale, heterogeneous data and
exhibit extraordinary generalization abilities. Consequently,
FMs have been deployed in various applications, including
education [Wen et al., 2024], finance [De Zarza et al., 2023],
healthcare [Wang et al., 2022; Chu et al., 2025] and so on.
Reliable decision-making systems generally depend on mul-
timodal inputs, for instance, medical applications may com-
bine diagnostic text reports with CT or X-ray images. How-
ever, constructing powerful real-world multimodal models
faces two major challenges due to strict privacy regulations.
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Figure 1: Two challenges for current Federated VLLMs. (1) Left:
Inconsistencies in clients’ local model configuration (heterogeneous
rank), causing unstable and suboptimal aggregation. (2) Right:
Missing modalities in different clients leads to poor multimodal rep-
resentation learning and generalization.

First, institution data are inherently isolated across hospi-
tals, which possess distinct patient populations and private
data distributions. Federated Learning (FL) [McMahan et
al., 2017; Yang et al., 2024a] provides a promising solution
by enabling collaborative training across institutions without
sharing raw data. Due to differences in local training envi-
ronments, model inconsistency is commonly present in fed-
erated learning architectures. Second, multimodal data in the
real world are often incomplete; certain modalities may be
missing due to equipment constraints, inconsistent collection
protocols, or human oversight [Cismondi ef al., 2013]. Such
modality incompleteness can substantially degrade the per-
formance and reliability of multimodal models, posing seri-
ous risks to the users, especially in clinical applications.

The heterogeneity of LoRA in VLLMs. Federated Learn-
ing consists of a global model and multiple clients (e.g.,
hospitals). Fine-tuning personalized Vision—Large Language
Models becomes increasingly popular and stable in the spe-
cific domains [Savage et al., 2025; Wang et al., 2023],
clients often have many fine-tuning options to choose from
when adapting models to their own data and computing re-
sources. Parameter-Efficient Fine-Tuning (PEFT) methods
such as adapters [Houlsby et al., 2019; Sun et al., 2024a;
Wu et al., 2024], prefix-tuning [Li and Liang, 2021; Liu et al.,
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2022], and Low-Rank Adaptation (LoRA) [Hu et al., 2022a]
have received growing attention. LoRA introduces train-
able low-rank matrices to approximate gradient updates while
keeping pretrained weights frozen. In practice, clients may
choose different LoRA configurations to better fit their per-
sonalized data, training resources, or efficiency requirements.
This naturally leads to heterogeneous LoRA settings, making
it difficult for Multimodal FL to aggregate these structurally
different client models. Existing works [Zhang et al., 2024;
Liu et al., 2025; Kuang et al., 2024; Sun et al., 2024b;
Yang et al., 2024b] do not consider heterogeneous ranks. Al-
though recent methods such as HetLoRA [Cho et al., 2024],
FLoRA [Wang er al., 2024a], and FlexLoRA [Bai et al.,
2024] explore heterogeneous LoRA, they still lack effective
mechanisms for handling our next challenge in multimodal
data: missing modalities.

Missing Modality in Federated Learning. In real-world
settings, missing modalities arise easily and are often un-
avoidable. For example, hospitals possess multimodal pa-
tient data, yet certain modalities are often missing due to pri-
vacy constraints, equipment limitations, or data collection is-
sues. Traditional multimodal FL methods mainly focus on
model aggregation or label distribution [Zong er al., 2021;
Chen and Li, 2022; Zeng et al., 2024], but they do not
address challenges for distributed missing modality. Prior
approaches such as modality reconstruction [Xiong et al.,
2023], contrastive learning [Yu er al., 2023], and proto-
type exchange [Bao er al., 2024] attempt to mitigate miss-
ing modalities. However, when applied to foundation mod-
els, these methods often incur substantial computational over-
head. As a result, they are impractical for real-world appli-
cation. Therefore, there is a clear need for a lightweight yet
effective solution to handle missing modalities in federated
multimodal settings.

In summary, the research effort of addressing missing
modality in heterogeneous Federated LoRA, a common sce-
nario in the era of large foundation models, is missing.
To this end, we propose FediLoRA to fill this gap. Our
method is motivated by the observation that the global model
achieves comparable performance when trained on either
full-modality or missing-modality settings (Section 2). We
attribute this robustness to the averaging effect of FedAvg ag-
gregation [Collins er al., 2022], the de facto standard aggre-
gation method in federated learning, which aggregates client
updates using a weighted average based on local data size. To
extend its benefit to heterogeneous settings, we retain the core
idea of FedAvg and adapt it to fit the heterogeneous LoRA
and propose a dimension-wise reweighting mechanism.

Despite the global model’s stability, we observe that client
models suffer from a notable performance gap, particularly
under missing-modality scenarios. This is due to both local
data sparsity and FedAvg’s emphasis on optimizing global
performance. Given our success in handling missing modali-
ties on the global model, we further explore whether aligning
local models to the global model could improve both global
and clients’ performance. This leads us to adopt a simple yet
effective solution: repairing local LoRA layers using their
global counterparts. This layer-wise model editing strategy
efficiently transfers useful global knowledge to clients with-

out introducing additional training overhead (Appendix D).
Our contributions are summarized as follows:

* We introduce a layer-wise model editing technique that
leverages global LoRA parameters to correct local com-
ponents, thereby enhancing client model performance
without incurring additional computational cost, and we
provide theoretical guarantees for its effectiveness.

* We propose a dimension-wise weighted aggregation and
strategy that enables effective heterogeneous federated
LoRA while preserving model robustness to missing
modalities.

* We conduct comprehensive experiments on three VLLM
benchmarks to validate our approach. In addition,
we further demonstrate its capability on one medical-
domain dataset.

2 Motivation

Averaging aggregation mitigates the effect of missing
modality. While the global model and client models often
exhibit significant performance gaps when using FedAvg (or
its variants), due to FedAvg’s focus on global optimization,
this observation motivates us to investigate whether averag-
ing may help mitigate the adverse effects of missing modal-
ities on the global server. Specifically, we hypothesize that
the noise introduced by missing modalities can be diluted
through the averaging nature of FedAvg aggregation.

To test this hypothesis, we conduct a preliminary experi-
ment in the Federated LoRA setting. The evaluation is carried
out under a homogeneous-rank configuration to align with
the standard FedAvg aggregation strategy, following the setup
of FedIT [Zhang et al., 2024]. Experiments are performed
on the image captioning dataset SAM-LLaVA [Chen et al.,
2023], considering both full-modality and missing-modality
(60% missing) training scenarios. Figure 2a presents the
global model’s performance under this setting. We observe
that while the global model initially shows instability in
the missing-modality setting, it gradually recovers and ap-
proaches the full-modality performance after sufficient com-
munication rounds. However, under identical conditions, the
evaluation of client performance with missing versus com-
plete modalities revealed pronounced percentage discrepan-
cies (97% vs 85%), while this stands in contrast to their ini-
tial performance differences were relatively small and both
exceeded 95%. The averaging effect of FedAvg probably
contributes to this stabilization - the averaging process inher-
ently reinforces common patterns shared across clients while
smoothing out individual client-specific noise. [Collins et
al., 2022]. Consequently, even if some clients lack specific
modalities or produce noisier updates, the aggregation pro-
cess effectively pulls the global model back toward a stable,
generalizable representation.

Simple model editing is effective. Inspired by
PFedEdit [Yuan et al., 2024]', we test the effectiveness of
the simple model editing to preserve the model’s robustness.

'"PFedEdit aims at personalization (i.e., focus on client perfor-
mances) and its iterative method is on small deep learning models,
which is computationally expensive for large foundation models.
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Figure 2: (a) The performance gap among global models and per-
sonalized models. The bidirectional arrow represents the percentage
of the smaller value relative to the larger one. (b) The experiment
investigates the impact of different LoRA editing strategies on lo-
cal client performance. The blue curve represents the global perfor-
mance used as a reference while there is a huge gap compared with
None editing. G: Global, C: Client.

We first identify the layer with the lowest cosine similarity
between the global and local models. Based on this, we ap-
ply two simple editing strategies: Half-editing, where the se-
lected client layer parameters are updated as a weighted av-
erage of the last round global layer parameter of the current
local layer, and Full-editing, where the entire local layer is re-
placed by the corresponding global layer. Figure 2b shows the
edited client model performances under 60% missing modal-
ity training compared to the global model performance. We
computed the weighted average of each client’s local perfor-
mance to obtain the client’s performance in this evaluation.

It is evident that missing modalities significantly degrade
the performance of client models and the editing could help
improve the client performance. This result demonstrates that
direct model editing, i.e., replacing the degraded client pa-
rameters with their stable global counterparts, can effectively
compensate for modality sparsity at the client level. By selec-
tively overriding parts of local models (e.g., LoRA adapters)
with globally aggregated parameters, shared capabilities can
be recovered without full retraining.

Motivated by these observations, we propose FediLoRA, a
federated LoRA editing framework that combines dimension-
wise averaging aggregation. Our approach aims to retain the
inherent strength of FedAvg in mitigating the adverse effects
of missing modalities and extends its applicability to hetero-
geneous LoRA ranks by reorganizing rank-specific dimen-
sion weights during aggregation. In addition, we introduce a
lightweight editing strategy that selectively replaces degraded
local parameters with their global counterparts at the layer
level. This correction enables clients to better recover from
modality sparsity without full retraining.

3 FediLoRA

In federated LoRA learning, the central server aggregates the
LoRA updates submitted by participating clients. For a given
LoRA layer with update matrix AW = BT A, collected from
K clients, the standard homogeneous aggregation strategy
adopted in FedIT [Zhang et al., 2024] computes the global
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Figure 3: Visualization of the Aggregation Process for HetLoRA
and Dimension-wise re-weighting of FediLoRA. p; = zflpik\‘n\
j=1 J

denotes the weights in FedAvg. ’

low-rank matrix as Agopa; = Zszo pi A, where p;, denotes
the proportion of data.-owned by client k relative to the total
data across all clients.

3.1 Dimension-wise Reweighting

To handle heterogeneous LoRA ranks, HetLoRA [Cho et al.,
2024] zero-pads each client’s LoORA matrices to match the
highest rank across all clients (also the same as the global
rank). However, this zero-padding can significantly dilute the
contributions of clients with higher ranks during the averag-
ing step in FedAvg-based aggregation. Figure 3 illustrates
the difference between our aggregation method and that of
HetLoRA. In the following section, we present the detailed
formulation of our aggregation process.

To mitigate information dilution in the FedAvg setting, we
propose a dimension-wise weighted aggregation which ex-
cludes zero-padded dimensions and reweights non-zero ones
proportionally based on the client’s rank and data size.

A, € R™*™ denotes the local LoORA-A matrix of client
k. The global rank is ry=max{ri,rs, ... ,TK }. Ay is zero-
padded to size r, x n. Specifically, for each row index d €
{1,2,...,r4}, we define a binary mask:

1 ifd<
mask,&d) = { Ha=Tk

1
0 ifrp<d<ry M

Given each client’s aggregation weight p; (e.g., based on
local data size as introduced in Section FedAvg [McMahan et
al., 2017]), the normalized dimension-wise weight for client
k at dimension d is:

mask,(cd) - Dk
K d
> e mask§ ) - Dj

Using this reweighting, the aggregated global LORA-A ma-
trix A, € R"9*™ is computed row-wise as:

~(d
O =

2

K

Aéd,:) _ Zﬁgcd) . Al(cd7:) 3)
k=1
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Figure 4: Layer-wise model editing. Ag , represents the ¢ — 1-th
epoch, y-th global LoORA A matrix. LoRA- Edltlng happens at each
ending of local fine-tuning and before aggregation.

The same strategy applies to the aggregation of the LoORA-
B matrices. This method ensures that each dimension is ag-
gregated only across the clients that contribute meaningful
(non-zero) information to that dimension, while still respect-
ing their overall weight in the federated system.

3.2 Layer-wise LoRA Editing

As shown in Figure 2, local clients are more adversely af-
fected by missing modalities compared to the global model.
Existing federated learning approaches typically address this
issue by either reconstructing the missing modalities or em-
ploying contrastive learning techniques (Section 5.2). How-
ever, these solutions can be computationally expensive, par-
ticularly when applied to large foundation models (Refer to
Appendix D.2 for computational analysis). This motivates us
to explore alternative strategies that are both computationally
efficient and capable of preserving the performance of both
global and local client models under missing modality condi-
tions.

Building on our preliminary findings in Section 2, which
demonstrate the effectiveness of simple model editing in ad-
dressing missing modalities, we propose a lightweight editing
strategy that identifies and incorporates informative parame-
ters from the global model into local models based on param-
eter similarity. Specifically, for a local'model 6; that has been
fine-tuned, there are Y LoRA layers in total that have been
updated, each comprising a pair of low-rank matrices Ay and
By To assess which layer is most affected by the missing
modality, we compute the cosine similarity v between the ¢-
th round LoRA parameters of the local model and the corre-
sponding global LoRA parameters from round {—1. We take
the A matrix as an illustrative example. For each LoRA layer
y € {1,2,...,Y} in the local model, we compute the cosine
similarity between the local and global A matrices as follows:

<A§‘i,t’ Ag,t—1>

y = Y Y (4)
HAk,t g,t—1 H
We then identify the layer with the lowest similarity score:
y* :argmyin{71>’727---77Y} (5)

To edit this least-similar LoRA layer, we apply an interpola-

tion that softly blends the local and global updates:
AZ,t « 'Vy*AZ,t +(1- %;*)Ag,tq (6)
The whole federated editing process can be shown in Fig-
ure 4. As suggested by prior work [Guo et al., 2024] and fur-
ther evidenced by our empirical analysis in Section 4.2, the
local LoRA matrix A tends to retain more information from
the global model, whereas the matrix B captures more client-
specific, personalized features. Based on this observation, to
align the overall LoRA module with the global model while
reducing computational complexity, we propose to compute
similarity based solely on the A matrix. Under the consid-
eration of minimal resource consumption, editing the fewest
number of layers can achieve excellent, or even the best, per-
formance (refer to Appendix C for details).

3.3 Theoretical Analysis

In this section, we conduct an analysis for the layer-wise
LoRA Editing in FediLoRA. The whole proof details are
in the Appendix A. According to the common Assump-
tions (1-3) from [Li et al.; 2019; Karimireddy et al., 2020;
Reddi et al., 20211, shown in Appendix A.

Assumption 4 (Client Missing Modality Heterogeneity). For
allw, £ "7 W E(w) — Vf(w)|® < o2

Assumptlon 5 (Block Hessian (layer-coupling) bound).
There exists a nonnegative matrix H € Rf_XL such that for

all w and all layer indices {,r, ||V3, f(w) H < Hy,.
op

Lemma 1 (Exact layer-wise shrinkage induced by FediLoRA
Editing). Fix client i and round t, and let (* := (%, s ==~} €
[0,1] as the finetuning parameters remain relatively stable

2
within a limited range [Hu etal,, 2022b]: | AL|* — HAf =

175 HAM*

Lemma 2 (Cross-layer smoothness inequality). Under As-
sumption 5, for any w and any block perturbation A =

(A1, AL, f(w+A) < flw) + X0, (Vef(w), Ag) +

L L
3 201 2y Her 18] 1A
Lemma 3 (Editing reduces

coupling penalty). De-

fine the quadratic coupling functional Q(A) =
L L
% Z@:l Er:l HET
~ 1
QAY) < Q(Aﬁ)—ga—s%HN* Al
1—8 ZH[* HAlZ* HA;TH

r#£L*
Theorem 1 (FediLoRA convergence with explicit coupling).
Gather Assumptions 1-5 and let f* = inf, f(w) >
—00. Choose client stepsize 1, sufficiently small (e.g. n; =

O(1/(LK~T))). Then after T rounds,
2 fw®) —f*
I = O( KTnT )

Z CRt>

t=0

min EHVf

0<t<T—-1

+O(mi(of + KU (
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where the coupling reduction ferm CR' > 0 aggregates
the per-client decrease in coupling penalty induced by the
FedilLoRA edit:

2

m 4 2

1|1
CR':= — Z [(1 - (%)?) Hyep B HA;Q

+ (=99 > He E|al,
r;ﬁé:

El|AL,|

In particular, since CR! > 0, FedILoRA preserves the stan-
dard O(1/+/T) stationarity rate, and the edit step can only
improve the bound through explicit reduction of cross-layer
coupling terms.

4 Experiment

Dataset. Our evaluation spans three multimodal bench-
marks: Recaps-118K [LMMs-Lab, 2024], a dialogue sum-
marization dataset; SAM-LLaVA [Chen et al, 2023], a
multimodal image-text captioning benchmark; and Next-
Preference [Mishra, 2024], a VQA task. We also conduct
experiments on the Medical VQA dataset Slake [Liu er al.,
2021] using the same experimental setup in Section 4.5). The
dataset contains over 14,000 pairs of knowledge-based and
vision-grounded QA. Each dataset is partitioned into 11 sub-
sets with randomly assigned sizes (one for global test set),
and each subset is mutually exclusive and inaccessible to the
others. We further split each subset into training and testing
sets with ratio of 8:2 for each client. Following FedMulti-
modal [Feng er al., 2023], we generate a certain sample of
missing data for each dataset, simulating a certain missing
modality scenario where text inputs are set to None or image
inputs are zeros (corresponding input shape).

Evaluation Metrics. We evaluate our proposed framework
using natural language generation evaluation metrics. We use
ROUGE-LSum [Lin, 2004] (RSUM) to compute the longest
common subsequence overlap between generated text and
reference text, and BLEU score [Papineni et al., 2002] to
evaluate token-level generation accuracy.

Baselines. = We employ the pre-trained LLaVA-1.5-7B
model [Liu et al., 2023] as the large multimodal foundation
model in our benchmarks. We compare FediLoRA with two
SOTA FL algorithms that support heterogeneous LoRA: (1)
HetLoRA [Cho et al;; 2024]: a method that aggregates lo-
cal updates through a sparsity-weighted scheme and demon-
strates superior efficiency and performance. (2) FLoRA
[Wang er al., 2024b]: a method that aggregates LoRA pa-
rameters via a stacking strategy. We follow client and learn-
ing rate settings from [Wang et al., 2024b]. All comparative
baselines are trained under the same federated setting to en-
sure fair evaluation. All experiments are conducted on four
NVIDIA RTX 4090 GPUs.

4.1 Main Results

We compare the global and personalized performances under
the missing modality setting. As shown in Table 1, FediLoRA
outperforms the baselines HetLoRA and FLoRA across the
considered datasets and missing ratios.
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Figure 5: Comparing editing methods. (a), (b) and (c) present
the performance comparison between full-editing and FediLoRA on
three datasets respectively. (d) shows the comparison of half-editing
and FediLoRA.

In the global evaluation, FediLoRA achieves the high-
est performance across all settings, except for a slight lag
in the 30% missing SAM-LLaVA setting. For instance,
on the Recaps-118K dataset with 30% missing ratio (mr),
FediLoRA achieves the highest BLEU and RSUM scores,
outperforming FLoRA by +2.08 BLEU and +2.93 RSUM.
Under the 60% mr setting, FediLoRA (BLEU 15.53, RSUM
25.47) still maintains the best performance among all meth-
ods. On the SAM-LLaVA dataset, where HetLoRA perfor-
mance drops significantly under high mr, FediLoRA demon-
strates strong robustness. It improves over FLoRA by at
least +0.18 BLEU and +0.47 RSUM across the mrs. The
largest absolute advantage is observed on the Next-Preference
dataset, where FediLoRA surpasses FLoRA by +1.25 BLEU
and +0.82 RSUM under 30% mr, and maintains a pass over
1.6 in two metrics lead under 60% mr.

In the personalized evaluation (i.e., client performance
evaluation), FediLoRA remains competitive under both miss-
ing conditions. For example, on Recaps-118K with 30% mr,
it achieves +2.28 BLEU and +0.8 RSUM over the best base-
line. On SAM-LLaVA, it leads with up to +1.39 BLEU and
+0.33 RSUM under 30% mr, and maintains a consistent ad-
vantage under 60% mr. Although FediLoRA performs best
in most cases, we note that on the Next-Preference dataset
with 60% mr, FLoRA achieves a slightly higher RSUM score
(29.48 vs. 28.64), indicating its potential advantage in cer-
tain personalized settings. Across all datasets and conditions,
FediLoRA achieves the most stable and highest overall per-
formance.

4.2 [Editing Different LoORA Matrices

This experiment investigates the impact of editing different
LoRA components, specifically the A matrix, B matrix, both,
or none, and the results are summarized in Table 2. The miss-
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Global Evaluation Recaps-118K t SAM-LLaVA 1 Next-preference 1
Missing(30%) Missing(60%) Missing(30%) Missing(60%) Missing(30%) Missing(60%)
BLEU RSUM BLEU RSUM | BLEU RSUM BLEU RSUM | BLEU RSUM BLEU RSUM
HetLoRA 9.97 21.60 1536  25.14 13.16 25.39 2.01 7.37 10.29 32.96 2.33 9.34
FLoRA 9.21 30.91 13.81 25.13 13.16  24.57 12.41 24.47 9.96 32.70 10.13 28.40
FediLoRA 11.29 33.84 1553 2547 13.34 25.15 12.64 2494 11.21 33.52 11.85  30.07
Personalized Evaluation
HetLoRA 8.74 19.98 9.22 15.08 12.91 2491 2.69 6.31 11.15 29.94 2.02 7.86
FLoRA 12.67 3544 1433 2479 13.24  25.18 9.89 22.10 10.30 24.69 9.92 29.48
FediLoRA 14.95  35.08 14.86 25.59 | 13.74 25.51 11.28  22.33 13.86  33.65 10.52 28.64

Table 1: Global and personalized performance comparisons. Bold font indicates the best performance. Higher values mean better results.

ing modality ratio is fixed at 60%.

Among all configurations, editing only the LoORA-A matrix
consistently yields the best performance across all datasets,
suggesting that the A matrix plays a more critical role in
preserving global knowledge [Guo et al., 2024]. Notably,
editing both A and B matrices offers no additional benefit
and, in some cases, even leads to performance degradation.
This is likely due to the over-editing or disruption of client-
specific adaptations. While FediLoRA modifies the LoRA
B matrix, it still shows behavior similar to Both editing,
and in the SAM-LLaVA dataset it even performs worse than
None editing. As expected, models without any editing per-
form the worst in most scenarios, except on the SAM-LLaVA
dataset. The experiment results highlight the effectiveness of
the model editing strategy of FediLoRA in mitigating degra-
dation caused by missing modalities. These results demon-
strate that FediLoRA attains the strongest performance even
with editing restricted to the LORA-A module.

Edited Matrix Recaps-118K 1 | SAM-LLaVA 1 | Next-Preference 1

LoRA-A 30.91 21.77 28.24
LoRA-B 29.03 18.06 26.84
Both 30.22 16.94 26.11
None 28.45 19.87 24.68

Table 2: Comparison of editing different LoORA matrices in three
datasets. We set the missing ratio as 60%. All results are evaluated
at the global model using the RSUM metric.

4.3 Full-Parameter Editing vs FediLoRA Editing

Figure 5 presents the personalized performance comparison
between FediLoRA and full-layer editing under a 60% miss-
ing ratio on three datasets. In FediLoRA, let v denote the
similarity between the local LoRA and the global LoRA. Full
editing corresponds to setting v = 0, while half editing sets
~ = 0.5. Unlike the experiments in the Section 2, this experi-
ment evaluates the personalized performance under heteroge-
neous rank configurations.

Across all three datasets, Recaps-118K (Figure 5a), Next-
Preference (Figure 5b), and SAM-LLaVA (Figure 5c),
FediLoRA consistently outperforms full-layer editing. No-
tably, the gap is particularly evident in the SAM dataset,

where the performance of full-layer editing stagnates while
FediLoRA continues to improve steadily with each epoch.
Specifically, Figure 5b witnesses degradation after the 6-th
epoch while using full-layer editing. The results show that
when the model edits only half of its layers, its personalized
performance becomes somewhat close to FediLoRA’s perfor-
mance.

These results highlight a critical insight: increasing the
proportion of edited parameters does not necessarily yield
better performance. In contrast, FediLoRA’s selective editing
strategy demonstrates superior effectiveness and robustness
under challenging learning conditions.

4.4 Comparative Study of Information

Preservance
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30 30
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Figure 6: Comparison of the Global Adapter L2 Norm between Het-
LoRA and FediLoRA under 30% and 60% missing ratios.

In this experiment, we examine the amount of informa-
tion retained in LoRA parameters during training, compar-
ing FediLoRA with HetLoRA. Specifically, we track the Lo
norm of the aggregated global LoRA for each epoch, where
the 0-th round is the norm of the initialized parameters. This
experiment is performed on SAM-LLaVA dataset. FediLoRA
and HetLoRA are initialized with the same parameters. From
Figure 6, after the first epoch of aggregation, a notable differ-
ence emerges in their Ly norms: HetLoRA drops to around 10
under both missing modality ratios, while FediLoRA main-
tains a level above 20. This showcases that compared to
HetLoRA, FediLoRA is able to keep the information away
from being diluted. As mentioned in HetLoRA [Cho er al.,
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Figure 7: Performance of FediLoRA and baseline methods on the
SLAKE dataset. The two bar clusters on the left show the global
model accuracy, while the two clusters on the right present the client-
side model accuracy.

2024], their aggregation strategy aims to balance high data
complexity (abundant training data) with low-rank LoRA and
low data complexity with high-rank LoRA. Important in-
formation from high-rank clients may be diluted during ag-
gregation across heterogeneous ranks, especially when these
clients possess highly complex training data.

4.5 Experiments in Medical Domain

This experiment compares FediLoRA, HetLoRA, and FloRA
under two missing-modality settings (Figure 7), with all con-
figurations consistent with the three benchmarks used in the
main experiments. Under the 30% missing ratio. The global
model accuracy of HetLoRA reaches approximately 20% but
drops sharply when the missing ratio increases to 60%. Its
client-side accuracy remains below 15%, indicating that it is
not suitable as a medical foundation model for simple fine-
tuning. FIoRA exhibits similar behavior to HetLoRA in terms
of global accuracy, although its client model reaches over
35% accuracy at the 30% missing ratio.

In contrast, FediLoRA consistently achieves the highest ac-
curacy across all settings. Notably, it reaches 39.2% accuracy
under the 30% missing-modality ratio. These results demon-
strate that FediLoRA can be effectively applied to real-world
domain specific scenarios: regardless of the extent of missing
modality ratio, both small medical institutions and large hos-
pitals can obtain strong diagnostic models through federated
fine-tuning.

5 Related Work

5.1 Heterogeneous LoRA for FL

Given the homogeneous LoRA constraints the FL capability
of capturing the full diversity of client contributions, a line
of works using heterogeneous LoRA emerges. FlexLoRA
[Bai et al., 2024] aggregates the full LoORA matrix AW from
clients on the global server followed by a Singular Value
Decomposition (SVD) to each client to select their singular
vectors. This method uploads the complete training parame-
ters before performing aggregation and decomposition, which
makes it difficult to apply in real-world scenarios. In Het-
LoRA [Cho et al., 2024], during local training, the clients
apply the rank self-pruning according to local resources.
The global server aggregates the heterogeneous LoRA from

clients by a simple zero-padding and weighted sparcity ag-
gregation. The global LoRA is then truncated to distribute
to the clients. The work in [Byun and Lee, 2025] replaces
the zero-padding in HetLoRA with a strategy that replicates
rows and columns from the high-quality clients’ matrices to
match the required dimensions, preserving the important in-
formation in high-priority clients and further improving the
convergence speed. FLoRA [Wang et al., 2024a] proposes a
noise-free stacking-based aggregation method for heteroge-
neous LoRA without distributing the LoRA parameters back
to the clients. LoRA-FAIR [Bian et al., 2025] introduce ad-
ditional module to keep fair in different clients LoRA. None
of these works address multimodal or missing modalities.

5.2 Federated Learning for Missing Modality

CACMRN [Xiong et al., 2023] is the first FL framework to
tackle the missing modalities issue by performing modality
reconstruction. Yu et al. [Yu et al., 2023] aim to address the
issue of missing modalities in cross-modal retrieval. Clients,
each with distinct modalities, learn the representation infor-
mation of specific modalities and upload it to the server for
contrastive learning. Fed-Multimodal [Feng e al., 2023] is
a multimodal benchmark built upon the FL algorithm. The
work presented a range of models and datasets and proposed
a method to initialize the missing modal vector as zero. Pm-
cmFL [Bao et al., 2024] applied the common prototype ex-
change method against Non-IID to the missing modality, and
they store prototypes of all modalities for all classes from
each client on the server. When encountering the missing
modalities, it utilizes the corresponding class-specific proto-
types to fill in the representations. MMIC [Yang er al., 2025]
employs three techniques to mitigate the issue of missing
modalities; they offer a potential solution without introduc-
ing additional modules; however, their reliance on frequent
parameter exchanges limits their applicability to large-scale
models. The aforementioned methods remain limited to tra-
ditional small-scale model architectures, rendering them im-
practical for medical or other VLLM-based application sce-
narios. In contrast, our approach does not impose restrictions
on the types of multimodal tasks, meaning that we do not re-
quire the use of specific models.

6 Conclusion

In this paper, we presented FediLoRA, a simple yet effective
framework for federated multimodal fine-tuning under het-
erogeneous LoRA ranks and missing modalities. By com-
bining dimension-wise aggregation with lightweight layer-
wise model editing, FediLoRA improves both global and per-
sonalized performance under missing-modality conditions.
Experiments across multiple benchmark datasets, together
with convergence analysis, confirm its robustness under se-
vere modality incompleteness. Moreover, experiments on
the medical dataset further demonstrate its effectiveness in
domain-specific scenarios, highlighting its potential for real-
world applications. In the future, we will focus on extending
FediLoRA to more heterogeneous settings, such as scenar-
ios involving different modality types and varying numbers
of modalities.
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