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Summary

This report details the development and implementation of federated fine-tuning and dis-
tillation algorithms for foundational models, specifically for detecting prostate cancer using
image-based data. Following recommendations from D9.1, we investigate additive model
fine-tuning and model compression methods, including quantization and distillation, as op-
timal strategies for integrating privacy-enhancing technologies within FLUTE. Experiments
conducted on a custom dataset from Siemens, using both organ-level and task-specific foun-
dational models, yield key insights. Federated Adam, used as an aggregator, demonstrated
superior performance for pre-trained models, highlighting the importance of diverse aggre-
gation techniques. Federated additive fine-tuning with adapters in the final stage and Low-
Rank Adaptation showed competitive performance, suggesting their potential for integration
into FLUTE and offering flexibility based on federated learning communication constraints.
Hybrid approaches, such as quantizing LoRA parameters, significantly improved commu-
nication efficiency with minimal performance impact. Additionally, federated additive fine-
tuning outperformed full-model fine-tuning by preserving pre-trained embeddings, under-
scoring its effectiveness in scenarios where the data is heterogeneous.
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1 Introduction
WP9 extends the FLUTE platform by integrating Federated learning (FL) algorithms that
leverage unlabeled data through techniques such as pre-training, fine-tuning, and more gen-
eral use of foundational models (FMs) in FL. This extension aims to improve the platform’s
scalability, allowing it to manage larger data volumes and model sizes more efficiently. By
doing so, WP9 seeks to narrow the cost gap between new privacy-preserving machine learn-
ing algorithms and more traditional methods, which often overlook the trade-offs associated
with cost and scalability.

To evaluate the algorithms developed in WP9, we build upon the existing work in FLUTE for
prostate cancer detection. Initially centered on human-engineered features (WP2 and WP5),
WP9 transitions to an approach that relies only on image-based data and aims to leverage
unlabeled data to overcome potential limitations and improve performance. This involves
using pre-trained FMs models on unlabeled data, followed by fine-tuning these models with
FLUTE data.

This report builds upon D9.1, which reviewed and classified algorithms for training and us-
ing FMs in FL. It presents the results and insights derived from developing federated fine-
tuning and distillation algorithms for FMs, specifically applied to the prostate cancer use-case
within the FLUTE project.

In summary, D9.1 recommended that for the collaborative training of FMs using FL, partial
model pre-training with additive methods as an optimal choice for future integration with
Privacy-Enhancing Technologies (PET), as will be done in FLUTE [2]. These methods offer
lower complexity and higher efficiency, making them more adaptable to the increased over-
head from technologies like encryption for shared parameters. In contrast, methods for entire
model pre-training remain challenging to implement, even without PET.

Furthermore, customizing FMs using FL was recommended as the most compelling method
for practical applications, such as the FLUTE case study. Fine-tuning, hybrid fine-tuning, and
contraction methods such as distillation, compression or quantization offer significant bene-
fits in terms of efficiency and scalability. These methods also facilitate the integration of PET
technologies. From the fine-tuning methods, adaptive methods through low-rank adapta-
tion (LoRA) or final stage tuning were found to be the most suitable, as besides scalability
and efficiency, they enable a suite of customization options such as client-based resource bal-
ancing or personalization [4, 22]. Among the contraction methods explored, distillation and
quantization were identified as providing the most significant benefits in reducing commu-
nication costs.

Given these initial conclusions, we prioritize the development of additive fine-tuning meth-
ods using adapters in the final stage and LoRA, as well as compression methods through
quantization and distillation. We presents these experiences together with trade-offs associ-
ated with their implementation. All experiments were performed on a custom dataset avail-
able at Siemens, retrieved from 17 internal collections distributed across 3 geographical re-
gions and consisting of approximately 1393 patients for which a biopsy was performed.

The use-case involves classifying prostate cancer patients using only image-based data. We
explore two paths for tackling this use-case: one that classifies prostate cancer using organ-
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level imaging, which includes image sequences of the entire prostate, and another that uses
lesion-based imaging, which focuses on cropped image sequences around each lesion. Over-
all, the lesion-based approach yields better performance, scalability, and efficiency in FL. This
is because the algorithm processes more targeted data, reducing input size and model param-
eters, thereby enhancing scalability and efficiency, especially in FL settings.

We also find that federated fine-tuning of FMs outperforms fine-tuning the entire models
in FL. When combined with compression mechanisms such as quantization, it can reduce
communication costs by up to 99%. Although there remains a slight performance gap when
running the algorithms in FL compared to centralized fine-tuning, the gap is not significant
and can likely be mitigated using more complex models or hyper-parameter tuning.

The remainder of this document is organised as follows. We first discuss background infor-
mation for the methods used in this report, including FMs and FL (Section 2) followed by
a detailed description of the dataset used for experimentation (Section 3). Next, we discuss
experimental settings (Section 4) and results (Section 5). We end with a discussion about the
findings in the context of FLUTE (Section 6) and conclusions (Section 7).

2 Background
FMs are pre-trained on unlabeled data by creating pretext tasks, thereby eliminating the need
for annotated data and significantly expanding the datasets available for learning. These
models have demonstrated improved performance and robustness across a wide range of
image-based machine learning (ML) tasks, reducing the reliance on large, labeled datasets
for each specific task [1, 10, 24]. This reduction lowers the costs and efforts associated with
data annotation and model training. As FMs continue to demonstrate superior performance
and versatility, they are increasingly becoming standard in ML engineering, where starting
from an already available pre-trained model is a common practice.

In medical image analysis, the spectrum of FM can be categorized based on the data used
for pre-training [23]. This ranges from more general medical FMs, which are trained on mul-
tiple modalities and organs, to more specific foundational models. The latter are trained on
modality-specific data (e.g., MRIs with multiple organs), organ-specific data (e.g., prostate
MRIs), and even task-specific data (e.g., lesion-based Federated Models). An illustration of
this classification is provided in Figure 1.

Given that unlabeled data is available for pre-training, more specific FMs such as organ or
task-specific models are expected to perform better for a particular task [23], as is the case in
FLUTE. This is because these models are tailored to the specific characteristics and require-
ments of the data that will be also used in the downstream task.

Furthermore, these models are typically smaller in terms of the number of parameters, as
they have to learn less data variations and nuances compared to more general models. This
reduction in complexity is beneficial for FL settings, where communication costs must be
optimized.

Therefore, in this report we experiment with organ and task-specific FMs.

To customize FMs for the FLUTE use-case, we use two classes of algorithms detailed in D9.1:
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Figure 1: The spectrum of foundational models for medical images, as classified by [23].

additive fine-tuning and knowledge distillation. An overview of additive fine-tuning meth-
ods is illustrated in Figure 2. Specifically, we explore additive fine-tuning with adapters in
the final stage (Figure 2a) and additive fine-tuning using layer-based LoRA adapters (Fig-
ure 2b). These methods are further enhanced with quantization techniques to create hybrid
approaches.
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Figure 2: Overview of additive fine-tuning methods, where the grey boxes mean that the
added parameters can be heterogeneous between clients.

For the first method, at the start of training, the FM and the newly initialized last layer adapter
is distributed to all clients. The FM remains frozen throughout the training process, and only
the final layer is involved in FL. During each training epoch, each client performs a forward
pass through its data and shares the parameters from the final layer with the server. The
server aggregates these parameters and sends them back to the clients, repeating this process
until convergence.

In the second method, at the beginning of training, the FM and a set of low-rank adapters,
chosen for each layer of the FM, are distributed to all clients. During each training epoch,
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Figure 3: Overview of knowledge distillation methods.

each client performs a forward pass through its data and shares the parameters of the LoRA
adapters with the server, which then aggregates the results. While this method increases the
number of parameters, it allows for more adaptive and nuanced fine-tuning of the model.

The low-rank adapters are defined by two trainable matrices Wx = BAx, where A encodes
the input to a lower dimensional rank and B recovers the output dimension of the original
W0. During the forward pass, each model layer processes the input through the frozen origi-
nal weights Wox and the low-rank adapters. The outputs from these paths are summed and
passed to the next layer as W0x+∆Wx. The ∆ parameter serves as a constant scale coefficient.

In the context of transformer-based architectures, which are used in the experiments pre-
sented in the report, LoRA is applied specifically to the attention weight matrices, while the
MLP modules remain frozen.

An overview of the knowledge distillation methods identified in D9.1 is presented in Fig-
ure 3. We observe that for the first two types of distillation methods – ensemble distillation
(Figure 3a) and generative distillation (Figure 3b) – a shared dataset, real or synthetically gen-
erated, is required. These classes of algorithms rely on supervised learning for the distillation
process.

In contrast, the third class of methods, known as pre-distillation, does not require a shared
dataset. This process occurs outside the FL network and can be applied to either supervised
or unsupervised datasets. Given that a shared dataset is not envisioned for FLUTE, this report
focuses on experimenting with unsupervised pre-distillation.

In this approach, a larger model, referred to as the Teacher, transfers its knowledge to a
smaller model, known as the Student. The Student model is designed to operate efficiently
on limited infrastructure, such as within the FL network. The primary objective is to transfer
the knowledge from a model that is too large to be practical into a smaller, more versatile
model that can function effectively within resource constraints.

For unsupervised knowledge transfer, both the teacher and student models perform inference
on two augmented versions of the same input sample. The difference between the embed-
dings produced by the two models is then minimized, thereby aligning their representations.
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Figure 4: Distribution of patients across vendor collections.

3 Dataset
The experiments detailed in this report used an internal dataset sourced from 17 internal col-
lections (representing independent clinics) spread across North America, Europe, and Asia,
consisting of T2 MRI acquisitions together with associated ADC and DWI. We illustrate the
distribution of patients per collection in Figure 4. The dataset comprised a total of 2,040 pa-
tients. Among these, 1,393 patients had a biopsy (Gleason score), and all 2,040 patients had
an associated PI-RADS score. As will be discussed in this section, the patients with PI-RADS
score are mainly used to balance the collections for non-cancerous patients (i.e.,PI-RADS less
than three). We note that the datasets across vendors is unbalanced, with one collection (Col-
lection 4) having significantly more patients than the others. This is in line with the distribu-
tions expected in FLUTE, and trade-offs stemming from this imbalance will be discussed in
this report.

We also provide an illustration of the Gleason scores in Figure 5, which are used to clas-
sify patients with benign and malignant tumors. A Gleason score of zero indicates the least
differentiated tumors, considered non-cancerous. A Gleason score of one represents a well-
differentiated tumor pattern, two indicates a fairly well-circumscribed nodule, and three de-
notes a clearly infiltrative neoplasm extending into adjacent healthy prostate tissue. A score
of four signifies non-separated glands, while a score of five indicates no glandular differenti-
ation, bearing no resemblance to normal prostate tissue. Clinically significant prostate cancer
is considered any score equal or above two, while one is considered to be a malignant nodule
that looks similar to normal prostate tissue and is not clinically significant.

We observe that the majority of patients have Gleason scores of one or higher, indicating the
presence of a malignant tumor. This imbalanced distribution is expected, as patients who un-
dergo a biopsy are first screened by a clinician who recommends the procedure based on the
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Figure 5: The Gleason grading score distribution in the dataset described in Figure 4.

suspicion of a malignant tumor. To address this imbalance, as mentioned above and detailed
in the following sections, we will include patients where the absence of a malignant tumor is
almost certain, given their low PI-RADS score and the recommendation to not undertake a
biopsy.

The data was collected using three different scanner manufacturers with varying scanner
models. Additionally, due to regional differences and varying acquisition protocols across
clinics, we anticipate some variability in the final samples. To examine this, we present the
distribution of mean values in the T2 in Figure 6, along with the distributions of minimum
and maximum values, which are included in the Appendix, Figures 12 and 13. We notice
that certain collections, such as Collection 7 and Collection 15, exhibit distinctly different
distributions in terms of both mean and spread. Upon closer examination, we found that
these collections are from the same geographical region and use the same scanner vendor. It
is probable that these clinics employ a different configuration for their acquisition protocol.
Such details will become important when normalizing the data and for experimenting with
grouping multiple clinics across FL nodes.

3.1 Preprocessing and Normalization
As mentioned in Section 1, our goal is to predict the presence of a potentially malignant tumor
in a patient using only imaging data, specifically T2, ADC, and DWI, which corresponds to
a Gleason score of at least one. Although clinically significant prostate cancer is defined by a
Gleason score of two or higher, our model focuses on identifying any potential anomaly. This
approach increases the difficulty of the task because it requires the model to detect subtle
variations that may not be as pronounced as those in higher Gleason score cases.

For this task, we classify patients with Gleason scores of one or higher as positive (cancer),
while those with Gleason scores of zero are classified as negative (non-cancer). To further
balance the Gleason score distribution, we also categorize patients with PI-RADS scores of
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Figure 6: The distribution for the mean values of T2 volumes per collection.

one and two (who do not have a Gleason score) as negative. An illustration of this distribution
is provided in Figure 7.

To normalize the data, given the distributions illustrated in Figures 6, 12, and 13, we use per
volume min-max normalization [18], scaling intensities between 0 and 1. Using per volume
normalization helps standardize the final distributions across different scanner vendors and
clinics.

For ADC, min-max normalization can distort clinically relevant intensity information. In-
stead, we divide the entire volume by a constant, as commonly done in literature [19]. This
approach preserves the absolute diffusion values and retains the diagnostic significance of
ADC intensities.

For DWI, normalization was performed using the median intensity of the corresponding
baseline image acquired without any diffusion weighting (b-value 0). The high level diffu-
sion weighting (b-value 2000) image was divided by this median, and further divided by a
constant to standardize distributions across all vendors.

4 Methods
We experiment with several methods, which we detail in this section. First, we describe the
methodology used for pre-training the models that are used throughout all experiments.
Next, we introduce the prostate cancer classification use-cases and the data pre-processing
involved. Here, we explore two methods for classifying prostate cancer: (i) at the prostate
level, where the models analyze the entire prostate and decides whether prostate cancer ex-
ists, and (ii) at the lesion level, which focuses on classifying whether a lesion is malignant or
benign.
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Figure 7: The distribution of ground truth labels based on Gleason score grading (GGG) and
PI-RADS.

Subsequently, we present the methodology used to develop the fine-tuning and distillation
algorithms in a FL network. This includes federated fine-tuning of the entire model (for
benchmarks), federated additive fine-tuning (with adapters in the final stage or using LoRA),
hybrid methods that combine federated fine-tuning with quantization, and distillation meth-
ods. All use-case related experiments start with the pre-trained model and adapt it through
different methods.

4.1 Pre-Training Foundational Models
We experiment with two types of FMs: an organ-based FM focused on the prostate and a
lesion-based FM trained exclusively on prostate lesions. For pre-training, we employ Masked
Image Modelling (MIM), a self-supervised learning technique that reconstructs masked por-
tions of an input. This process is illustrated in Figure 8. During pre-training, approximately
50% of the input sample is masked, and the model is trained to reconstruct the missing infor-
mation. MIM is recognized as one of the top-performing image-based self-supervised algo-
rithms [21, 3], making it a strong baseline for pre-training.

By randomly masking portions of an input image and tasking the model with filling in these
gaps, the model learns to understand the contextual relationships between different parts of
the image. This process encourages the model to develop a robust understanding of visual
patterns, textures, object shapes and positions, which can then be transferred to downstream
tasks such as image classification. The effectiveness of masked image modeling lies in its
ability to exploit the natural correlations within images, enabling the model to generalize
well from unlabeled data.

Hybrid approaches, combining MIM with other objectives such as contrastive learning, could
improve performance and are worth exploring in future research [17]. For FLUTE, we antic-
ipate that platform users will use readily available, open-source FMs from repositories such
as Huggingface1.

1https://huggingface.co
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Figure 8: Sample input for MIM pre-training.

For pre-training, a collection of more than 4,000 samples was used for the prostate-based
model, and a similar number of lesions for the lesion-based FM. This is in line with current
literature. For example Lee et al. [11] used approximately 4,400 samples for pretraining and
observed a significant improve in performance.

We also experiment with both convolution-based (CNN) and transformer-based architec-
tures. While CNN based architectures are known to require less pre-training, transformer-
based architectures reach similar and improved performance only with pre-training [9]. Con-
cretely, we pre-train a ResNet based architecture, a Vision Transformer (ViT) [8] and a Shifted
Window Transformer (SWIN) transformer [13].

4.2 Prostate Cancer Classification
This task was designed as a supervised binary classification task, where the model predicts
either zero (non-cancer) or one (cancer) for each patient. The inputs consisted of three frames
for each view (T2, ADC, DWI/B2000), stacked to form a nine-channel input image. For each
view, the images were cropped around the prostate using existing segmentation masks avail-
able for the dataset, guiding the model to focus on the prostate as the region of interest.
The spacing was standardized on the width and height dimension for all vendors and were
padded or cropped at a standard resolution of 164x164. All architectures mentioned in the
section above were trained, using pre-training or not. A visual illustration of this approach is
shown in Figure 9.

The dataset was divided into 80% for training, 10% for validation, and 10% for testing using
stratified sampling to ensure each collection is represented in the final test set. To evaluate
model performance, we computed the AUROC [14], which balances sensitivity and speci-
ficity. We employed a weighted binary cross entropy loss [20] and used the AdamW opti-
mizer with a learning rate of 10−4 [25]. These settings are quite standard, and were intention-
ally chosen to ensure easy reproducibility, allowing us to focus on evaluating the model’s
performance without introducing variability from hyperparameter tuning.

4.3 Lesion Based Cancer Classification
We also explore lesion-based classification, which involves classifying individual lesions as
either benign or malignant. This approach offers several advantages. First, it reduces the in-
put data size and the number of parameters, thereby optimizing communication costs in FL.
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Figure 9: Illustration of training paradigms for pre-traning and supervised fine-tuning.

Moreover, lesion-based classification aligns more closely with clinical practice, as clinicians
typically evaluate individual lesions to determine their malignancy. By focusing on specific
lesions rather than the entire prostate, the model can provide more targeted and clinically
relevant insights.

Using the lesion segmentations available in our dataset, we follow a similar procedure as
above, where we consider the slice of the lesion with the highest density and crop it with
an additional margin of 10 pixels. Multiple patient-level lesions are identified and cropped
using connected components [6]. Additional ±1 slices are selected, and a similar procedure
as illustrated in Figure 9 is used for training and testing.

This approach maintains the same number of channels but narrows the input along the width
and height dimensions, making it more focused on one lesion. Stacking the images along the
channel dimension doesn’t introduce bias, since the different views are spatially aligned.
Furthermore, we use the same data split, loss function, and optimizers as in the prostate-
based experiments to ensure direct comparison.

4.4 Federated Fine-Tuning
To benchmark the fine-tuning and distillation algorithms, we initially conduct fine-tuning on
the entire model for each client. Each collection in Figure 4 is treated as a node participating
in the FL process. Given the stratified sampling used in the supervised learning experiments,
for this step we just distribute the training and validation data specific to each collection to
the respective nodes, with final testing performed on the server node.

In this setup, each client receives the pre-trained model and fine-tunes it on their local dataset.
At each epoch, the clients send their updated models back to the server, which aggregates
the results. We experiment with both Federated Average (FedAvg) [16] and Federated Adam
(FedAdam) [5] because the data is imbalanced and adaptive aggregation algorithms such as
FedAvg are expected to work better. After aggregation, the global model is returned to each
client for evaluation on their corresponding validation dataset. Following this evaluation, a
new round of local training commences.

To simulate the FL environment, and considering that the FLUTE platform is not yet de-
ployed, we utilize FLSim [12]. This versatile simulation framework replicates all the expected
features of the FLUTE platform, mimicking FL settings without the need for multiple physical
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computational nodes for each collection.

4.5 Federated Additive Fine-Tuning
As discussed in Section 2, we explore two classes of FL additive fine-tuning algorithms.

First, we employ additive fine-tuning with an adapter in the final stage. In this approach, the
FM remains frozen, and only the final layer is involved in FL. Initially, the FM is distributed
to all clients. During each epoch, clients perform a forward pass over the data, and only
the parameters of the final layer are transmitted to the server. The server aggregates these
parameters and sends them back to the clients, initiating a new training round.

Second, we use additive fine-tuning with LoRA, experimenting with different sizes of added
parameters: 16, 32, and 64. This settings is similar to the one above, just that at each training
round the clients share all LoRA parameters with the server.

Considering the significant data imbalance, we also explore potential grouping strategies
for clients. For instance, clients could be grouped by region or based on data distribution
characteristics.

4.6 Hybrid Federated Additive Fine-tuning and Quantization
To further reduce communication costs in FL, we investigate adding quantization to the
previously described federated algorithms. These methods are defined in D9.1 as hybrid
methods. Quantization involves reducing the precision of the model parameters to lower the
amount of data transmitted during training. While standard experiments use float32, float16,
or mixed-precision formats, we quantize the parameters used in FL to 4-bits for our use-case.
This approach reduces communication costs by up to eight times compared to float32 and
twice compared to float16 training. In all our experiments, we use float32 and then apply
4-bit quantization.

4.7 Federated Distillation
The federated distillation methods discussed in D9.1 require a public dataset for supervised
distillation in FL. However, since a public dataset is unavailable for the FLUTE use-case, we
developed an alternative which involves initially distilling a larger model into a smaller one
using unsupervised distillation before distributing the model to all nodes in FL.

For this purpose, we employ SEED, a technique that uses a larger network (acting as the
Teacher) to transfer its representational knowledge to a smaller network (acting as the Stu-
dent) in a self-supervised manner. In SEED, the student encoder is trained to replicate the
similarity score distribution inferred by the teacher across a set of instances and their aug-
mentations [7].

We begin with a pre-trained Swin model having 180M parameters and distill its knowledge
into a smaller model with 25M parameters, which is used for subsequent experiments.
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Figure 10: Comparison of validation performance for non-pretrained model versus fine-
tuning the pre-trained model with weighting and fine-tuning the pre-trained model with
dataset resampling. Experiments ran for 140 steps, batch size 128. We observe faster conver-
gence for the pre-trained models.

5 Results
This section presents the empirical results of conducting the experiments based on the method-
ologies outlined in Section 4. Briefly, we start by testing the impact of using FMs versus train-
ing a model with normal initialization, and compare the prostate and lesion-based use-cases
(Section 5.1).

Subsequently, we evaluate the FM in the FL exclusively on the lesion-based use case, as it
demonstrated superior performance and scalability. These experiments include full model
fine-tuning (Section 5.2), fine-tuning of additive components (Section 5.3), as well as com-
bining additive fine-tuning with quantization (Section 5.4), and end with distillation (Sec-
tion 5.5). All experiments are independent but are directly comparable, as they follow the
same pipeline and use identical data splits.

5.1 Supervised Learning using Foundational Models
We first investigate the impact of pre-training on the prostate cancer classification task. In
this context, we fine-tune a CNN-based ResNet50 model and compare its performance with
a model trained from scratch using normal initialization. To address class imbalance, we em-
ploy two strategies: assigning a higher weight to underrepresented samples and resampling
these samples multiple times.

We present the validation AUROC for the initial 140 steps in Figure 10. As noted in the litera-
ture, pre-training facilitates faster convergence. Additionally, we summarize the final results
on the test dataset in Table 10 (Appendix), which shows superior performance for the pre-
trained model, particularly when using loss weighting.

Furthermore, we employ this strategy to compare the three architectures initially proposed.
The final results on the test set are summarized in Table 1 using AUROC and confidence inter-
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Method AUROC
VIT Prostate 79.67 (0.028)
ResNet50 Prostate 83.54 (0.026)
Swin Prostate 85.29 (0.025)

Table 1: Performance and confidence in-
tervals for initial fine-tuning of three pre-
trained models with distinct architectures
on the prostate-based use-case. We ob-
serve the Swin transformer performs best

Method AUROC
Swin Prostate 85.29 (0.025)
Swin Lesion 88.17 (0.023)

Table 2: Performance and confidence
intervals for lesion vs. prostate based
supervised fine-tuning using the Swin
transformer architecture. We observe the
lesion-based model performs best.

vals estimated using the Newcombe’s Wald Method [15]. We observe the Swin Transformer
demonstrates superior performance over the other architectures. Consequently, we will use
this architecture for further experimentation.

To establish a benchmark for the initial supervised tasks, we also evaluate the Swin Trans-
former on the lesion-based classification task, with results summarized in Table 2 using AU-
ROC and confidence intervals estimated using the Newcombe’s Wald Method [15]. These
findings indicate a significant improvement in performance when using the lesion-based al-
gorithm. This outcome is expected because the lesion-based approach focuses on specific
areas of interest, allowing the model to better distinguish between benign and malignant
lesions.

5.2 Federated Fine-tuning
Given the superior performance of the Swin Transformer, we conduct a first benchmark for
federated fine-tuning using the configuration outlined in Section 4.4. In this setup, each col-
lection in Figure 4 is treated as a node in the FL network.

We compare the performance of two aggregation methods: FedAvg, a straightforward algo-
rithm that averages model parameters and uses a constant learning rate, and FedAdam, a
more sophisticated approach that employs adaptive learning rates based on momentum esti-
mates. FedAdam is particularly effective in scenarios where the data distribution is non-IID,
often outperforming simpler methods like FedAvg in such settings.

The results are summarized in Table 3 for tasks trained with prostate-based crops using AU-
ROC and confidence intervals estimated using the Newcombe’s Wald Method [15]. We find
that FedAdam achieves a higher AUROC, confirming our initial hypothesis. Previous obser-
vations from D9.1 noted that most algorithms in the literature use FedAvg instead of more
advanced aggregation methods. Our current findings suggest that exploring more sophis-
ticated aggregation algorithms, such as FedAdam, presents a promising avenue for future
research in federated learning.

5.3 Federated Additive Fine-tuning
For federated additive fine-tuning, we analyzed the impact of optimizing only the final stage
in FL, or adding LoRA adapters for all transformer layers of the model.
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Model Aggregator AUROC
Swin Prostate FedAdam 83.41 (0.026)
Swin Prostate FedAVG 81.10 (0.028)

Table 3: Performance and confidence intervals for federated fine-tuning of the entire model
using different aggregators. We observe a drop of performance when running the models in
a FL network compared to Table 2.

In this scenario, we rely on the lesion-based data as it provides better results, and train Swin-
based models using fine-tuning in the final stage and various LoRA ranks (16, 32 and 64), and
compare it the centralized fine-tuning. The results are summarized in Table 4 using AUROC
and confidence intervals estimated using the Newcombe’s Wald Method [15].

Method Centralized
AUROC (%)

FL
AUROC (%)

LoRA Rank 16 84.74 (0.025) 86.24 (0.024)
LoRA Rank 32 86.02 (0.024) 82.36 (0.027)
LoRA Rank 64 87.09 (0.024) 83.83 (0.026)

Final-stage 85.22 (0.025) 85.13 (0.025)
Entire model fine-tuning 88.17 (0.023) 83.01 (0.026)

Table 4: Performance and confidence intervals for the lesion-based Swin model fine-tuned in
a FL network and centralized. In the centralized setting, all training data is combined into a
single collection and node, while in FL, each dataset from Figure 4 is assigned to a separate
node in the network. We observe a consistent decrease in performance when running the
model in FL, for both fine-tuning with LoRA and with final-stage adapters.

We observe that increasing the size of the LoRA has inconsistent effects on FL, potentially
introducing some instability. For example, in centralized fine-tuning with LoRA adapters,
increasing the size from 16 to 32 and then to 64 improves performance consistently, nearly
matching that of full model fine-tuning. However, in FL, LoRA’s behavior is less predictable,
with the best performance achieved at rank 16. Using additive parameters in the final stage
shows more consistency between centralized and FL settings. Although the performance is
comparable to using LoRA adapters, the final stage’s parameter count is way smaller that of
LoRA 16, suggesting greater efficiency.

Moreover, fine-tuning the entire model in FL leads to a more significant drop in performance.
This behavior aligns with existing literature summarized in D9.1, as averaging the entire
model across datasets with distinct distributions can result in diminished performance.

To understand how additive federated fine-tuning affects model parameter sizes and, conse-
quently, communication overhead in FL, we illustrate the final model dimensions in Figure
11. We find that, based on the configuration, LoRA can reduce the number of trainable pa-
rameters by up to 98.1% and the final stage fine-tuning with up to 99.2%2. While additive
fine-tuning with adapters in the final stage is the most parameter-efficient, it does not yield
the best accuracy improvements. The reduction in parameters directly translates to lower
communication costs in FL. Depending on the data type used for training (float16 or float32),
the total data transfer ranges from approximately 0.8 to 7 MB per client per epoch.
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Figure 11: The effect of additive fine-tuning on the model parameters communicated across
the network in FL. Fine-tuning with adapters in the final stage proves to be the most efficient,
whereas LoRA-64 is the least efficient, as it introduces a larger number of parameters to the
model.

For the FLUTE platform and, more broadly, for FL with additive fine-tuning, tailored ex-
perimentation is essential for each use-case. This is because performance outcomes do not
consistently align with increases in model size, highlighting the need for case-specific inves-
tigations to optimize results.

5.3.1 Exploring Distinct Collection Grouping

To assess the impact of using imbalanced data across multiple collections, especially with
a large number of collections, we conducted experiments by assigning multiple collections
to a single computational node within the FL network. This setup involves multiple nodes
performing inference on distinct data using the same model and communicating the results
to the server.

First, we grouped the collections based on data distribution parameters (as shown in Fig-
ures 6, and Figures 13, and 12 from the Appendix) to approximately balance the data distri-
butions across patients. We used three clients, aligning with the initial use-case configuration
of the FLUTE platform. Additionally, we experimented with grouping the data collections
by region, assigning them to nodes based on the available geographical data for all collec-
tions. As more data was available from Europe, we distribute Northern Europe to a region
and Southern Europe to another region, resulting in four rather than three regions. This also
ensures a more even distribution of data across nodes.

The results are summarized in Tables 5 and 6 using AUROC and confidence intervals esti-
mated using the Newcombe’s Wald Method [15]. We find that the outcomes are consistent
across different data distributions and align with the initial grouping per collection for addi-
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Method FL AUROC (%)
LoRA Rank 16 85.13 (0.025)
LoRA Rank 32 86.38 (0.024)
LoRA Rank 64 84.75 (0.025)

Final-stage 85.48 (0.025)
Entire model fine-tuning 83.91 (0.026)

Table 5: Performance and confidence inter-
vals for the lesion-based Swin model in a 3-
node FL fine-tuning setup, where the data
is distributed across the nodes in the net-
work by using the mean, maximum, and
minimum values of T2 images as proxies
to balance the collections (described in Sec-
tion 5.2). We observe the performance is sim-
ilar to distributing the data to a larger group
of nodes, as summarized in Table 4.

Method FL AUROC (%)
LoRA Rank 16 86.28 (0.024)
LoRA Rank 32 86.62 (0.024)
LoRA Rank 64 85.21 (0.025)

Final-stage 85.5 (0.025)
Entire model fine-tuning 84.56 (0.025)

Table 6: Performance and confidence inter-
vals for the lesion-based Swin model in a 4-
node FL fine-tuning setup, where the data
is distributed across the nodes in the net-
work using the geographical distribution
(described in Section 5.2). We observe the
performance is similar to distributing the
data to a larger group of nodes (Table 4) or
to distributing it based on imaging charac-
teristics (Table 5).

tive fine-tuning methods. However, for the entire model fine-tuning we observe an increase
in performance when using the grouping using geographical distributions. This suggests
that federated fine-tuning remains robust even with unevenly distributed collections, as both
LoRA and additive fine-tuning in the final stages demonstrate robustness to such variations.

5.4 Hybrid Federated Additive Fine-tuning and Quantization
We further investigate quantizing the model parameters to 4-bits. For this experiment, we use
the initial setup where all collections are distributed across nodes. The results are summarized
in Table 7 using AUROC and confidence intervals estimated using the Newcombe’s Wald
Method [15] (and are comparable to non-quantized results in Table 4).

We observe that the decrease in performance is relatively minor compared to the significant
gains in communication efficiency. Quantizing to 4-bits reduces the communication costs by
eight times, making it a viable strategy for optimizing FL systems in the FLUTE use-case.
This approach highlights the potential for achieving a favorable trade-off between model
performance and communication overhead, especially in scenarios where bandwidth and
resource constraints are critical.

5.5 Distillation
After distilling a larger Swin model (180M parameters) into a smaller model (25M parame-
ters), equivalent to the model used for the previous experiments, we employed the distilled
model in a FL scenario. This setup mirrors the experiments discussed above, where each
collection represents a node in a FL network, receiving the distilled model.

The results are summarized in Table 8 using AUROC confidence intervals estimated using
the Newcombe’s Wald Method [15]. We observe that the performance is comparable to using
the pre-trained model directly, with only a slight increase that is not conclusive in these ex-
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Method FL AUROC (%)
QLoRA Rank 16 84.54 (0.025)
QLoRA Rank 32 85.9 (0.024)
QLoRA Rank 64 85.65 (0.025)

QFinal-stage 85.1 (0.025)
QEntire model fine-tuning 83.64 (0.026)

Table 7: Performance and confidence inter-
vals for the lesion-based model for FL using
quantized parameters to 4bit, reducing the
communication costs from 32b to 4b per pa-
rameters. We observe only a small decrease
in performance when comparing with 32b
training (Table 4).

Method FL AUROC (%)
LoRA Rank 16 86.02 (0.024)
LoRA Rank 32 86.4 (0.024)
LoRA Rank 64 85.7 (0.025)

Final-stage 84.34 (0.026)
Entire model fine-tuning 83.34 (0.026)

Table 8: Performance and confidence inter-
vals for the lesion-based model in FL when
using a distilled model for pre-training, fol-
lowing the method outlined in Section 4.7.
We observe a very small increase in perfor-
mance when using the distilled model com-
pared to using the pre-trained model (Ta-
ble 4).

periments. We anticipate more significant results once additional data is incorporated or the
FLUTE use-case is fully implemented.

6 Discussion
This report presents the results of developing and running federated fine-tuning and distilla-
tion algorithms on an internal dataset for the FLUTE use-case of detecting prostate cancer. In
this section, we discuss general observations and specific insights related to the use-cases

First, we observe that using FedAdam as an aggregator yields better results. This aligns
with the conclusions of D9.1, where most articles used federated average, and it was rec-
ommended to explore more aggregation techniques. For FLUTE, this suggests the need to
implement more aggregator algorithms within the platform. It also indicates that exploring
custom aggregators could enhance performance, making this a promising area for future re-
search.

Second, we notice a slight decrease in performance in FL settings, with an approximately
2% drop in AUROC. This aligns with related work and the findings of D9.1. Although we
attempted to mitigate this by addressing data imbalance and distribution shifts – for exam-
ple, by grouping collections into fewer nodes – the performance drop persisted. It is likely
that better aggregators or custom averaging techniques, which use different momentum es-
timates based on the collections (similar to federated personalization), could alleviate this
issue. Additionally, further fine-tuning of hyper-parameters might help bridge this gap, as
we aimed to maintain standard training settings across all experiments to ensure consistency
and reproducibility.

Third, we observe that for the FLUTE use-case, the performance differences between using
federated fine-tuning in the final stage and using LoRA (which introduces additional pa-
rameters) are not substantial. Since both techniques significantly reduce the number of pa-
rameters and improve communication costs, we recommend incorporating both options into
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the FLUTE platform. This flexibility allows users with stricter communication constraints to
prioritize lower communication costs, even if it means accepting a slight reduction in perfor-
mance (therefore prioritizing federated fine-tuning with adapters in the final stage).

Fourth, we find that hybrid approaches, such as applying quantization to LoRA parame-
ters, significantly reduce communication costs with only a minimal drop in performance.
This aligns with the findings of D9.1. Consequently, we recommend integrating quantization
techniques into the FLUTE platform to optimize communication efficiency.

Fifth, we observe that federated additive fine-tuning for FMs yields better results than full-
model fine-tuning. This is expected, as pre-trained models already provide high-quality em-
beddings. Therefore, altering the pre-trained parameters on a small subset of data can de-
grade the embeddings, causing them to lose essential properties. By focusing on fine-tuning
a limited number of parameters, federated additive fine-tuning leverages the benefits of pre-
training while preserving the integrity of the embeddings.

Lastly, we observe that performing distillation prior to FL does not yield a significant increase
in performance. This outcome may be attributed to the relatively small datasets used in these
experiments. We anticipate more conclusive results once larger datasets are incorporated or
additional iterations of the FLUTE use-case are conducted.

7 Conclusions
The development and implementation of federated fine-tuning and distillation algorithms
for the FLUTE use-case of detecting prostate cancer have yielded several key insights. The
use of FedAdam as an aggregator demonstrates superior performance, highlighting the need
for further exploration and implementation of diverse aggregation techniques within the
FLUTE platform. The slight performance decrease observed in FL settings suggests that im-
proved aggregators or custom averaging techniques could mitigate this issue, alongside more
nuanced hyper-parameter tuning. The comparable performance of federated fine-tuning in
the final stage and LoRA indicates that both methods should be integrated into FLUTE, of-
fering users flexibility based on their communication constraints. Hybrid approaches, such
as quantization of LoRA parameters, significantly improve communication efficiency with
minimal performance loss, underscoring their value in optimizing FL systems. Furthermore,
federated additive fine-tuning outperforms full-model fine-tuning by preserving the qual-
ity of pre-trained embeddings, reinforcing its effectiveness in leveraging pre-trained models.
Last, while distillation did not provide a significant performance advantage, it successfully
reduced the model size considerably while preserving competitive performance.
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A Appendix
A.1 Appendix
For the T2 volumes, we additionally computed the distribution for the minimum value (see
Figure 12) and the maximum value (see Figure 13) across all collections. The minimum inten-
sity distribution show a consistent lower bound across collections (beside Collection seven)
while the maximum intensity distribution show a broader spread of values which reflect the
differences in scanner or acquisition protocols across different collections. For all the distri-
butions computed (minimum, maximum and mean intensity value) across the T2 volumes,
the Collection seven deviates from the others, suggesting it may be an outlier.
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Figure 12: The distribution for the minimum value of T2 volumes per collection.

In Table 9 we summarized the results for the prostate-based model in different scenarios:
without LoRA (Classic) and with LoRA rank 16, 32 and 64 in both centralized and FL scenar-
ios. The prostate-based model is inferior to the lesion-based model in both centralized and
FL settings, suggesting that a lesion-based model is more suitable.

Table 10 summarizes the results from running the ResNet-50 experiments on the prostate-
based data with and without pre-training, with different data balance strategies.
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Figure 13: The distribution for the maximum value of T2 volumes per collection.

Method Centralized AUROC (%) FL AUROC (%)
LoRA Rank 16 74.51 (0.031) 66.22 (0.033)
LoRA Rank 32 80.95 (0.028) 73.12 (0.031)
LoRA Rank 64 86.26 (0.024) 83.83 (0.026)

Final-stage 73.14 (0.031) 72.48 (0.031)
Entire model fine-tuning 85.29 (0.025) 76.95 (0.03)

Table 9: Performance and confidence intervals for the prostate-based Swin model for FL and
centralized training.

Method AUROC (%)
No pre-training 73.41 (0.031)
Pre-trained using resampling 77.65 (0.029)
Pre-trained using loss weights 83.54 (0.026)

Table 10: Performance and confidence intervals on the test set when comparing training a
ResNet-50 architecture with normal initialization and with using the pre-trained model on
the prostate-based task. Two strategies to overcome data imbalance are also explored.
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