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Abstract. Federated learning (FL) lets institutions train a shared model
without exchanging data, and Low-Rank Adaptation (LoRA) makes this
practical at scale by communicating only compact low-rank updates.
Biomedical imaging is a compelling setting for this combination: pa-
tient data are archived behind privacy regulations, and institutions dif-
fer widely in scanners, protocols, and compute. Such heterogeneity raises
the question of how federated LoRA updates should be aggregated, in-
creasingly pressing as multimodal vision-language models become cen-
tral to medical image analysis. We benchmark federated Parameter-
efficient fine-tuning (PEFT) of BiomedCLIP for chest radiograph clas-
sification across four public cohorts on three continents (USA, Viet-
nam, Spain). Federated LoRA adaptation improves shared-class AUC
on all four cohorts over the unadapted BiomedCLIP backbone (mean
0.687 — 0.802), showing that the gains come from federated adapta-
tion rather than from the pretrained model’s zero-shot ability. Relative
to isolated single-cohort training, federation improves the weaker co-
horts while largely preserving the strongest and approaches a central-
ized reference (0.812) that pools all data. The singular value decompo-
sition (SVD)-based product-space aggregation introduced by FlexLoRA
is essential to this gain (naive factor averaging drops mean AUC by
0.097), whereas a drift-correcting optimizer (FedProx) shows no benefit
over FedAvg in our single-seed runs, consistent with LoRA’s low-rank
updates already limiting client drift. Biomedical vision-language models
can thus be adapted collaboratively across heterogeneous, geographically
distributed institutions without centralizing data.Code is available at:
github.com/GaireLaboratory /FedLoRA-Biomed CLIP
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1 Introduction

Medical imaging data are fragmented across institutions by privacy regulations,
so a model trained at any single site observes only a narrow slice of the patient
population. Federated learning (FL) offers a way forward, training a shared
model while raw images stay local and only model updates are exchanged [1].
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This avenue is especially compelling for biomedical foundation models: multi-
modal vision-language models (VLMs) such as BiomedCLIP [14] attain strong
performance by aligning images with text, yet adapting them to clinical tasks
benefits from large, diverse data that no single institution holds. Federating their
adaptation could combine cohorts across sites without moving data, making FL
a natural setting for multimodal biomedical analysis.

Fully fine-tuning such models in federation is impractical due to commu-
nication cost and overfitting on small institutional datasets. Parameter-efficient
fine-tuning (PEFT), in particular Low-Rank Adaptation (LoRA) [6], instead up-
dates only small low-rank matrices, cutting per-round communication by over
99% and making it well suited to FL. Each client’s LoRA update, however, is
stored as two small matrices whose product forms the actual weight update. Av-
eraging these matrices separately across clients does not give the average of their
products, so the aggregated update no longer represents what the clients actu-
ally learned. FlexLoRA [8] addresses this by reconstructing each client’s full-size
update, averaging the reconstructed weights, and redistributing low-rank factors
through singular value decomposition (SVD). We adopt this SVD-based aggre-
gation but hold the rank fixed across clients, isolating its aggregation-correctness
benefit; rank-heterogeneity handling is a direct avenue for future scaling.

These federated-LoRA schemes, however, have been validated almost exclu-
sively on natural-language tasks [8,9,10]; their behavior on biomedical VLMs
where the objective is image-text contrastive alignment and clients differ by
protocol, geography, and label vocabulary remains unexamined. Prior federated
chest radiograph studies use convolutional classifiers with fixed label heads [26,27],
motivating a systematic benchmark of federated PEFT for medical VLMs under
SVD-based aggregation.

We present a cross-continental study of federated PEFT of BiomedCLIP
for chest radiograph classification, federating LoRA adapters with FlexLLoRA’s
SVD-based aggregation across four public datasets on three continents: NIH
ChestX-ray14 and CheXpert (USA), VinDr-CXR (Vietnam), and PadChest (Spain).
Our contributions are:

— We provide, to our knowledge, the first systematic benchmark of federated
LoRA-based PEFT for a biomedical VLM across four real, geographically
distinct chest X-ray cohorts; the benchmark itself, rather than a new algo-
rithm, is our primary contribution.

— Federated LoRA adaptation improves shared-class AUC over the frozen
BiomedCLIP backbone on all four cohorts (mean 0.687 — 0.802), confirming
the adaptation not the pretrained backbone alone drives the gains.

— Relative to each cohort’s strongest single-client baseline, federation improves
the weaker cohorts (CheXpert +0.038, VinDr +0.016), ties NIH, and slightly
reduces the strongest (PadChest), raising mean shared-5 test area under the
curve (AUC) from 0.776 to 0.802 (FedAvg) and approaching a centralized
reference (0.812) without pooling data.
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— We show SVD-based aggregation is essential in one-shot merging: naive fac-
tor averaging drops mean shared-5 AUC by 0.097, to the level of the frozen
backbone.

— We compare FedAvg and FedProx under LoRA and observe no meaning-
ful benefit from the proximal term (0.802 vs. 0.799), consistent with LoRA
already limiting client drift.

2 Related Work

Federated Learning in Medical Imaging: FL enables collaborative training with-
out sharing patient data. FedAvg [1], FedProx [2], SCAFFOLD |[4], and Fed BN |[3]
address optimization under heterogeneous data [5]. FL has been applied to chest
radiograph analysis, including with differential privacy [26,27,28,30], but most
studies use convolutional networks rather than multimodal foundation models.

Parameter-Efficient Fine-Tuning: PEFT updates only a small subset of param-
eters. LoRA [6] is the most widely adopted, with demonstrated effectiveness in
medical imaging [12]. FedIT [7] first combined LoRA with federated averaging,
and later work refined aggregation of low-rank updates under heterogeneous
clients [8,9,10,11].

Vision-Language Models in Medical Imaging: VLMs learn aligned image-text
representations through contrastive pretraining. Following CLIP [13], medical
variants such as MedCLIP [15], CheXzero [16], BioViL [17], and Biomed CLIP [14]
perform strongly. Federated VLMs have been explored with adapters and founda-
tion models [19,20,18], but federated PEFT of biomedical VLMs remains largely
unexplored the gap we address.

3 Methods

3.1 Overview

We study federated PEFT of a biomedical vision-language model across four
chest radiograph cohorts through three experiments of increasing collaboration:
(i) single-client baselines, where each cohort trains in isolation; (ii) one-shot
aggregation, where the four locally trained adapters are merged once; and (iii)
multi-round federation, where clients iteratively train and aggregate over five
rounds. Raw images never leave their source cohort; only adapter weights are
exchanged (Fig. 1).

3.2 Model Architecture and LoRA Fine-Tuning

We use BiomedCLIP (frozen PubMedBERT text encoder, ViT-B/16 image en-
coder pretrained on 15M biomedical figure-caption pairs). LoRA adapters [6] on
the fused query-key-value (qkv) projection of each transformer block (rank r = 8,
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Fig. 1. Overview of the federated pipeline.

scaling factor & = 16, dropout 0.1) yield ~0.25% trainable parameters, reducing
the per-round payload to ~1.13MB per client (>99% smaller than full-model
exchange). Each client locally optimizes its LoRA adapters using an image—text
contrastive loss:

Lovwp = 3 [Limt(TT 22 ) + Lomi(r7 242))] (1)

where Z;, Z; are normalized image and text embeddings, 7 = 0.07 is the tem-
perature, a fixed scaling constant standard in contrastive vision-language train-
ing [13|, which sharpens the softmax over cosine similarities (equivalent to a
logit scale of 1/7 &~ 14.3), and L;;, L£;—,; are symmetric cross-entropy losses.
Prompts list up to three of each image’s present findings: “Chest radiograph
showing {finding;, findings, findings}”, or “Chest radiograph showing no find-
ings” for negatives.

3.3 Federated Aggregation with SVD-based LoRA

After each communication round, only LoRA tensors are exchanged. Each client
k learns a pair of low-rank LoRA matrices a down-projection Ay € R"™*¢ and
an up-projection By, € R3?*" with rank r < d whose scaled product AW}, =
(a/r) B Ay, forms the update to the fused gkv target weight W € R34*? (the
projection maps the d-dimensional token to stacked query, key, and value).
Since averaging factors independently is not equivalent to averaging products
(% Xk Br) (% Xk Ak) # % >k BrAy), we follow FlexLoRA [8] and aggregate
in product space: we average the reconstructed updates By Ay across clients and
project the result back to rank r via truncated SVD. Because the average of N
rank-r updates can have rank up to Nr, this rank-r projection is an approxima-
tion, not an exact reconstruction:

N
AW = Zwk B Ay, U,S5, VT = SVD(AW) (2)
k=1
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B =U. ., diag(/S1.r), A = diag(v/S1.r) Vi (3)

Here AW € R3?%4 is the weight-averaged update (wy, = 1/N) and U, S,V T
its SVD; keeping the top r components gives B A ~ AW at rank r. Although
the rank-r projection is lossy in principle, in practice it is nearly information-
preserving here: across the twelve adapted blocks the top-r components retain
on average 94.6% of the averaged update’s singular-value energy (range 92.9 -
95.4%), so the truncation discards only a small fraction of the aggregated update.

3.4 Federation Configurations

We compare two algorithms with otherwise identical hyperparameters. Fed Avg [1]
uses SVD-based LoRA aggregation with equal client weights (wy = 1/N) rather
than the data-size weighting of the original formulation; our one-shot ablation
(Table 3) shows equal weighting outperforms size weighting (0.781 vs. 0.743), as
size weighting lets the largest cohort (CheXpert) dominate. Each client trains
the contrastive loss locally. FedProx [2] adds a proximal term 4|6k — Ogional||* to
the local objective, where 6, are client k’s current LoORA parameters, fgiobal the
global LoRA parameters from the previous round, and g = 0.01 the proximal
coeflicient regularizing each client toward the global state. All experiments use
seed 42 for reproducible splits and initialization.

4 Experiments

4.1 Datasets and Preprocessing

We use four public chest radiograph datasets (Table 1): NIH ChestX-ray14 [21],
CheXpert [22], VinDr-CXR [23], and PadChest [24], from the USA, Vietnam,
and Spain. As native label vocabularies differ, we use the NIH and CheXpert
14-label sets, the 14-class VinDr mapping, and the 30 most frequent PadChest
findings.

Images are resized to 224 x 224 and normalized using BiomedCLIP prepro-
cessing. PadChest 16-bit images are converted to 8-bit using 1st-99th percentile
normalization. CheXpert is restricted to frontal images and uncertain labels (—1)
are treated as positive (U-Ones [22]), applied uniformly for simplicity though
per-class policies can be preferable. PadChest is restricted to frontal adult ra-
diographs (PA, AP, AP _horizontal; > 18 years), consistent with prior work [26].
We use each dataset’s official test split where available; for NIH we use the offi-
cial patient-disjoint train/test lists, and for CheXpert and PadChest we split by
patient (80/10/10). As VinDr-CXR’s official test labels are not public, we split
its official training set 80/10/10 at the image level, since patient identifiers are
unavailable.

4.2 Training and Evaluation Protocol

Multi-round federation uses 5 communication rounds with 1 local epoch per
round, optimized with Adam (7 = 2 x 10, batch size 32). After each round,



6 Poudel et al.

Table 1. Dataset partitions. Splits use seed 42. Patient-level splits are used where
patient identifiers are available (CheXpert, PadChest).

Client (region) Train Val Test Split type

NIH (USA) 77,872 8,652 25,596 Patient-level (official)
CheXpert (USA) 153,182 18,958 18,729 Patient-level
VinDr-CXR (Vietnam) 12,000 1,500 1,500 Image-level
PadChest (Spain) 65,173 8,078 8,147 Patient-level

client LoRA states are aggregated via SVD-based averaging and redistributed.
Single-client baselines train 5 epochs with early stopping on validation AUC,
matching federation’s total local data passes.

We report macro-averaged AUC on each client’s held-out test set in two
modes: full-class, over each dataset’s native findings (14 for NIH/CheXpert/VinDr,
30 for PadChest), and shared-5, over five findings common to all four datasets
(Atelectasis, Cardiomegaly, Consolidation, Effusion, Pneumothorax), with each
dataset’s native label name mapped to the canonical shared name.

This prompt construction is used only during training. At test time, each
shared finding is scored by the cosine similarity between the image embedding
and a single per-class text prompt (“Chest radiograph showing {label}”), and
macro-AUC is computed directly from these per-class similarity scores. Boot-
strap 95% confidence intervals (CIs) are computed from 300 test-set resamples
and reflect test-set, not training, variability.

5 Results

5.1 Single-Client Baselines

In the single-client setting, each cohort trains independently on its local data,
providing a baseline without federation. Table 2 reports shared-5 test macro
AUC across all four test sets. Performance is dominated by per-dataset difficulty:
PadChest is the easiest test set (most models score highest on it) and CheXpert
the hardest. Only the PadChest-trained model peaks on its own test set; the
NIH-trained model even beats the CheXpert-trained model on CheXpert (0.694
vs. 0.636), which is weakest overall (mean 0.618). We do not attribute this to a
single cause. Identical captions (e.g., “no findings”) can create contrastive false
negatives within a batch, but a per-batch collision analysis argues against this
as the explanation for CheXpert: of the four cohorts, CheXpert has the lowest
caption-collision rate (0.33), whereas NIH and VinDr have the highest (> 0.77)
yet yield stronger models (Table 2); if collisions were dominant, this ordering
would be reversed. CheXpert’s difficulty more plausibly reflects its uncertain-
label policy and known label-quality issues [22,29].

5.2 Aggregation Strategy Comparison

One-shot aggregation merges the four independently trained adapters once, with-
out further communication rounds, isolating the aggregation method’s effect.
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Table 2. Single-client baselines: test-set shared-5 macro AUC. Rows are models trained
on a single cohort; columns are held-out test sets; diagonal entries in bold.

Model NIH CheXpert VinDr PadChest Mean
NIH-trained 0.771 0.694 0.794 0.845 0.776
CheXpert-trained 0.642 0.636 0.613 0.580 0.618
VinDr-trained 0.645 0.644 0.831 0.841 0.740
PadChest-trained 0.722 0.673 0.812 0.887 0.774

Naive FedAvg averaging the A and B factors independently performs poorly
(mean 0.684), confirming this algebraically inexact aggregation degrades the
merged model. SVD-based aggregation recovers substantially, reaching 0.781
(40.097; Table 3). Equal weighting (wy = 1/N) outperforms size weighting
(wg = nk/ > ;m;; 0.781 vs. 0.743), which lets the largest cohort dominate. We
compare aggregation strategies in the one-shot setting only; verifying the naive—
SVD gap in multi-round federation is left to future work.

Table 3. One-shot aggregation: test-set shared-5 macro AUC. SVD-based aggregation
reconstructs and re-factorizes the update; the size-weighted variant reaches 0.743.

Aggregation NIH CheXpert VinDr PadChest Mean
Naive FedAvg 0.684 0.666 0.660 0.726 0.684
SVD (equal-weighted) 0.744 0.702 0.824 0.852 0.781

5.3 Multi-Round Federation

In multi-round federation, clients alternate between local training and SVD-
based aggregation for five communication rounds. Table 4 shows the shared-5 test
macro AUC after training. FedAvg achieves a mean AUC of 0.802, outperforming
both the best single-client baseline (0.776) and one-shot aggregation (0.781). In
our single-seed runs, FedProx performs similarly (0.799), with overlapping boot-
strap Cls across all cohorts, indicating no clear benefit from the proximal term
under LoRA federation. Relative to zero-shot BiomedCLIP (frozen backbone,
no adaptation; mean 0.687), federated adaptation improves every cohort +0.095
(NIH), +0.080 (CheXpert), +0.170 (VinDr), 40.115 (PadChest) for a mean gain
of 40.115, confirming that the adaptation, not the pretrained backbone alone,
drives performance.

A single model trained on the pooled datasets (3 epochs) reached 0.812.
Federation outperformed it on CheXpert (0.732 vs. 0.685) and approached it
overall while keeping data local, though the differing training budgets make the
two not directly comparable.

Full-class evaluation over each cohort’s native label set (Table 5) shows the
same pattern at lower absolute values (FedAvg mean 0.734 vs. 0.802 shared-5),
as the native sets include rarer and harder findings; FedAvg and FedProx again
perform near-identically.
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Table 4. Multi-round federation (5 rounds) vs. a centralized reference: test-set shared-
5 macro AUC (bootstrap 95% Cls in brackets). Zero-shot is the frozen BiomedCLIP
backbone; the centralized model pools all data under a different schedule and is a
reference, not a strict upper bound.

Method NIH CheXpert VinDr PadChest Mean
Zero-shot 0.676 0.652 0.677 0.744 0.687
FedAvg 0.77110.77,0.78] 0.732[0.73,0.74] 0.84710.81,0.88] 0.8590.82,0.89] 0.802
FedProx 0.765(0.76,0.77] 0.7270.72,0.73] 0.845(0.81,0.88] 0.861(0.82,0.89] 0.799
Centralized 0.790 0.685 0.885 0.888 0.812

Table 5. Full-class evaluation: test-set macro AUC over each cohort’s native label set
(14 classes for NIH/CheXpert/VinDr, 30 for PadChest) for the multi-round federated
models.

Method NIH CheXpert VinDr PadChest Mean
FedAvg 0.722 0.713 0.754 0.747 0.734
FedProx 0.715 0.707 0.750 0.748 0.730

5.4 Federation versus Single-Client, and Round Dynamics

Relative to each cohort’s strongest single-client baseline, Fed Avg improved CheX-
pert (+0.038) and VinDr (+0.016), matched NIH, and reduced PadChest (—0.028);
the federated mean (0.802) exceeded the best single model’s average (0.776) by
+0.026. As all results derive from a single seed, small differences (the VinDr
gain, the FedProx—FedAvg gap) should be read as indicative. Validation curves
(Fig. 2) show stable convergence, with FedAvg and FedProx nearly identical and
VinDr peaking early.

6 Discussion

BiomedCLIP federates effectively across diverse chest radiograph cohorts with
parameter-efficient LoRA; two findings stand out.

Federation improves weaker cohorts. Gains concentrate on CheXpert and
VinDr while the strongest cohort (PadChest) is largely preserved, extending
prior multi-site findings to vision-language PEFT [26].

FedProx provides little benefit. In our single-seed runs, FedProx performed
similarly to FedAvg. Two factors plausibly limit client drift: LoRA’s low-rank
updates constrain the update subspace, and, with the text encoder frozen, all
clients align to identical fixed prompt embeddings, reducing the divergence a
proximal term would correct. As the penalty acts on the factors rather than
their product, we read this as empirical, not mechanistic [2,8,9,10].
Limitations. Results use a single seed on one accelerator, so Cls reflect test-set
not training variance and comparative gaps (FedProx vs. Fed Avg) should be read
cautiously. We evaluate five shared findings via macro-AUC without calibration;
FL localizes but does not guarantee privacy; and the image-level VinDr split
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Validation Macro-AUC Across Federated Rounds
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Fig. 2. Validation macro AUC (shared-5) per cohort across five rounds: (a) FedAvg,
(b) FedProx. The two behave near-identically.

cannot exclude within-patient leakage. Future work includes multiple seeds, per-
finding evaluation, more cohorts/backbones, and differential privacy.

7 Conclusion

We studied federated PEFT of BiomedCLIP for chest radiograph classification
across four cohorts on three continents. Federated LoRA adaptation improves
over the frozen backbone on all cohorts (mean 0.687 — 0.802) and approaches
a centralized reference (0.812) without pooling data; SVD-based aggregation is
essential, while FedProx adds no measurable benefit in our single-seed setting.
These results support data-localizing adaptation of biomedical VLMs.
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