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Summary

This report details the development and implementation of efficient federated fine-tuning
algorithms for foundational models, specifically for detecting prostate cancer using image-
based data. It also introduces a new novel FL algorithm that leverages gradient projections
onto subspaces spanned by historical descent directions — known to both clients and the
server — to enable efficient information communication in federated learning with minimal
overhead.

Therefore, this report is divided in two parts.

In the first part of the report, following recommendations from D9.1 and D9.2, we investi-
gate multiple methods to decrease the communication costs for additive model fine-tuning,
including top-k sparsification, update frequency reduction, delta encoding, and others.

Experiments conducted on a custom dataset from Siemens, using task-specific foundational
models, yield key insights for federated learning for prostate cancer detection. Top-k sparsifi-
cation emerges as the most effective communication optimization strategy, achieving up to
70% parameter reduction with minimal performance degradation by preserving temporal con-
sistency in federated learning. Update frequency reduction introduces significant performance
penalties, particularly affecting parameter-efficient methods like LoRA, while delta encoding
provides adaptive advantages with natural communication overhead reduction as training pro-
gresses. Critical findings include the absence of universally optimal hyper-parameters across
optimization techniques, requiring method-specific tuning, and the irreplaceable nature of
comprehensive client participation, as even 50% participation rates result in 10% performance
loss. Hybrid approaches combining top-k sparsification and delta encoding demonstrate
superior efficiency (85% parameter reduction), though with increased implementation com-
plexity. The robustness of 4-bit quantization across all techniques enables practical deployment
on resource-constrained edge devices, while practical challenges include method selection
complexity, hyperparameter management scalability, and the need for adaptive optimization
strategies in heterogeneous federated environments.

In the second part of the report, we present the ProjFL algorithm — a novel approach that
projects gradients onto a shared client-server subspace, achieving significant convergence
speed improvements while transmitting only one additional scalar per iteration, with an Error
Feedback extension for enhanced performance under biased compression.

Theoretical analysis establishes linear convergence to a noise ball for stochastic gradient
descent and O(1/T) convergence rate for gradient descent under standard assumptions.

Empirical validation on neural networks (LeNet-5, ResNet-20) demonstrates superior perfor-
mance over state-of-the-art baselines in final accuracy and stability, with rapid convergence
requiring minimal hyperparameter tuning and achieving up to 8x reduction in communi-
cation cost compared to existing methods. These improvements remain to be tested on the
prostate use-case, where larger foundation-style backbones, multi-modal inputs, and higher
class imbalance prevail.
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Part I

Efficient Federated Fine-tuning for Prostate
Cancer Detection

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
general 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 learning
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. While WP2 and WP5 combinet the MRI data with human-engineered
features, 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 on unlabeled data, followed by fine-tuning these models with
FLUTE data.

This part of the report builds upon D9.1, which reviewed and classified algorithms for training
and using FMs in FL, and upon D9.2, which developed fine-tuning and distillation algorithms
of FMs in FL. It presents the results and insights derived from reducing the communication
costs of federated fine-tuning algorithms for FMs, specifically applied to the prostate cancer
use-case within the FLUTE project, as well the results of an independent study on reducing
the communication costs of training models in FL.

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 [!]. These methods offer
lower complexity and higher efficiency, making them more adaptable to the increased overhead
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 benefits
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 adaptation
(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 balancing
or personalization [2, 3].
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Given these initial conclusions, D9.2 developed and applied these algorithms on the prostate
use-case and presented the results, and indicated that federated fine-tuning through adaptive
methods using LoRA or adapters in the final stage are the best performing and most efficient
in terms of communication costs. In this report, we benchmark several techniques for reducing
the communication overhead are on top of adaptive fine-tuning models developed in D9.2.
We presents these experiences together with trade-offs associated with their implementation.
All experiments were performed on a custom dataset available at Siemens, retrieved from 17
internal collections distributed across 3 geographical regions 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. Follow-
ing D9.2, we explore several paths to make the communication more efficient on the prostate
detection use-case, namely top-k sparsification, update frequency reduction, delta encoding,
client sampling, as well as hybrid methods.

We find that that top-k sparsification achieves the most effective communication optimization
(70% parameter reduction with minimal performance loss), while update frequency reduction
significantly penalizes parameter-efficient methods like LoRA. Key findings demonstrate
that no universally optimal hyperparameters exist across techniques, comprehensive client
participation remains irreplaceable (50% participation causes 10% performance loss), and
hybrid approaches can achieve 85% parameter reduction at the cost of increased complexity.

The remainder of this part of the report is organised as follows. We first discuss background
information for the methods used in this report, including FMs and FL and communication
efficient methods (Section ”) followed by a summary of the main findings from D9.2 (Section 3),
an overview of the methodology (Section 4) and the main empirical results (Section 5) We end
with a discussion about the findings in the context of FLUTE and conclusions (Section ©).

2 Background

We present a concise introduction to FMs and FL, along with the core techniques employed in
D9.2 that form the foundation of this report (Section 2.1). Additionally, we provide background
information on the optimization techniques used in this report to further reduce communi-
cation costs in federated fine-tuning scenarios (Section 2.2). Comprehensive methodological
details and experimental settings are further discussed in Section .

2.1 Foundational Models and Federated Learning

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 [4, 5, 6]. 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.

D9.3 Efficient Federated Fine-tuning | 9
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Figure 1: The spectrum of foundational models for medical images, as classified by [/].

In medical image analysis, the spectrum of FM can be categorized based on the data used for
pre-training [7]. This ranges from more general medical FMs, which are trained on multiple
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

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 [/], as is the case in FLUTE.
This is because these models are tailored to the specific characteristics and requirements 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.

To customize FMs for the FLUTE use-case, additive fine-tuning algorithms demonstrated
superior performance compared to alternative approaches, as presented in D9.2, establishing
them as the optimal strategy for our federated learning setting, and serving as the foundation
for the communication optimization experiments presented in this report.

An overview of additive fine-tuning methods is illustrated in Figure 2. Specifically, we explore
additive fine-tuning with adapters in the final stage (Figure 22) and additive fine-tuning using
layer-based LoRA adapters (Figure 2b). These methods are further enhanced with quantization
techniques to create hybrid approaches.

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
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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.

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,
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 .
During the forward pass, each model layer processes the input through the frozen original
weights W,z and the low-rank adapters. The outputs from these paths are summed and passed
to the next layer as Wyz + AWzx. The A parameter serves as a constant scale coefficient.

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

2.2 Optimizing Communication Costs of Federated Fine-tuning

Given the outcomes of D9.2 (discussed in more details in Section ), we employ several
methods to further optimize the communication costs in our FL network.

First, we begin by employing top-k sparsification [, V] to the shared adapter parameters —a
technique that selects only the k largest parameters from the update vectors and communicates
exclusively these parameters with the server. In this configuration, all remaining parameters
are set to zero, creating a sparse update vector where only the indices and values of the k non-
zero parameters are transmitted. This approach can significantly reduce the communication
payload while preserving the most influential parameter updates.

Second, we employ update frequency reduction [10] —a communication optimization strategy
that decreases the number of communication rounds between clients and the central server

D9.3 Efficient Federated Fine-tuning | 11


https://www.fluteproject.eu/

(ule 52

uuuuuuuu

by allowing clients to perform multiple local training epochs before transmitting their model
updates. Rather than the conventional approach where clients send updates after each local
epoch, this technique enables clients to execute several local optimization steps or complete
training epochs on their local datasets before participating in the global aggregation process.
While this method can reduce communication overhead, it also introduces a trade-off: im-
proved communication efficiency comes at the cost of increased client drift, where local models
diverge more substantially from the global model due to extended local training on hetero-
geneous data distributions. The effectiveness of this strategy depends on data heterogeneity
across clients, local learning rates, and the number of local epochs performed.

Third, we employ delta encoding [11, 12] —a compression technique that transmits only the
differences (deltas) between consecutive parameter states rather than sending complete model
parameters. Clients maintain a reference model state (typically the last global model received
from the server) and compute parameter differences between their locally trained model and
this reference point, transmitting only these delta values during communication rounds. This
method exploits the observation that model updates are often sparse and incremental, with
many parameters changing only slightly between rounds, making delta encoding particularly
effective for bandwidth reduction.

Fourth, we investigate client sampling — where only a subset of available clients participates
in each communication round, rather than requiring universal client participation. The central
server selects a fraction of clients at each round using various sampling strategies: uniform
random sampling, importance-based sampling that prioritizes clients with larger datasets or
superior connectivity, or stratified sampling that ensures representation across different data
distributions or geographical regions. While advanced sampling techniques can incorporate
factors such as client reliability, data quality, and computational capacity to optimize training
efficiency, client sampling introduces variance in the aggregation process and can exacerbate
data heterogeneity effects, requiring careful tuning of learning rates and aggregation weights
to maintain stable convergence.

Last, we experiment with hybrid approaches that combine the aforementioned methods with
quantization techniques, leveraging the principle that orthogonal compression strategies
can yield multiplicative gains in communication efficiency. These hybrid methods exploit the
complementary nature of distinct compression techniques, such as pairing delta encoding with
client sampling to transmit parameter differences from selected participants, or integrating
sparsification with quantization to reduce both the number of transmitted parameters and
their bit representation. Such combinations can achieve substantial compression ratios while
requiring sophisticated error correction mechanisms to maintain model performance.

All experimental details and implementation specifics are provided in Section

3 Results from D9.2

We introduce the key findings from D9.2 that serve as the foundation for this report and
provide the necessary context for the communication optimization experiments. This includes
comprehensive details about the dataset employed in our studies (Section >.1), the models
(Section 5.7) and the main experimental results that inform our subsequent optimization
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Figure 3: Distribution of patients across vendor collections.

strategies (Section 5.3).

3.1 Dataset

The experiments detailed in this report used an internal dataset sourced from 17 internal
collections (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 5. The dataset comprised a total of 2,040
patients. 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 (Collection 4) having significantly more patients than the others. This is in line with
the distributions 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 4, which are used to classify
patients with benign and malignant tumors. A Gleason score of zero indicates normal tissue
architecture (non-cancerous). Score one represents tumors with preserved glandular archi-
tecture (well-differentiated), score two shows partially disrupted architecture (moderately
differentiated), and score three exhibits severely disrupted architecture with infiltration (poorly
differentiated). 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
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Figure 4: The Gleason grading score distribution in the dataset described in Figure

undergo a biopsy are first screened by a clinician who recommends the procedure based on the
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 5. 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.

3.1.1 Preprocessing and Normalization

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. For this task we define the positive class as “any histologically confirmed prostate
adenocarcinoma” (i.e., Gleason score / Grade Group one or higher), and the negative class as
benign/non-cancer tissue. Although clinically significant prostate cancer is typically restricted
to cases with Gleason score two or more, we deliberately broaden the positive label to include
lower-grade disease. This choice prioritizes sensitivity to any malignant process rather than
only those already meeting csPCa criteria, enabling the model to distinguish cancer (regardless
of clinical significance) from non-cancer.

To further balance the Gleason score distribution, we also categorize patients with PI-RADS
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Figure 5: The distribution for the mean values of T2 volumes per collection.

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

To normalize the T2 volumes, given the distributions illustrated in Figures 5, we use per
volume min-max normalization [13], scaling intensities between 0 and 1. Using per volume
normalization helps standardize the final distributions across different scanner vendors and
clinics.

ADC and DWI require distinct preprocessing because they differ in biophysical meaning and
in sources of variability. ADC values are quantitative, expressed in mm?/s, and their absolute
scale carries diagnostic significance (e.g., markedly reduced ADC in highly cellular, aggressive
tumors). Applying per-volume min-max normalization would (i) compress clinically relevant
low ranges if outliers inflate the max, (ii) introduce sensitivity to noise spikes or susceptibility
artifacts, and (iii) destroy cross-patient comparability of threshold-based biomarkers and
absolute radiomic descriptors. We therefore adopt a simple division by a fixed constant (as
used in prior work [14]) to place values into a numerically stable range while preserving the
physical diffusion scale.

In contrast, raw high-b-value DWI signal intensities are not intrinsically standardized: they
vary with coil sensitivity, vendor gain settings, TE/TR, gradient performance, and receive
profile. Rather than enforcing an arbitrary global min—-max, we normalize the high b-value
image by the median intensity of the corresponding b=0 image, producing a robust relative
attenuation measure that is less affected by localized outliers. A further division by a constant
coarsely harmonizes distributions across vendors without erasing lesion-specific contrast.
This two-step approach reduces domain shift while retaining diffusion-related hyperintensity
patterns essential for malignancy characterization.

Overall, our divergent preprocessing strategies reflect a deliberate choice: preserve absolute
quantitative information for ADC (supporting established clinical thresholds) and derive a
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Figure 7: Illustration of training paradigms for pre-traning and supervised fine-tuning.

stable, relative contrast representation for DWI to mitigate acquisition variability.

3.2 Models

The models employed were based on SwinVIT architectures, initially pre-trained as lesion-
specific FMs and subsequently fine-tuned in a federated learning network using the techniques
outlined in Section 2.

For pre-training, we employed Masked Image Modelling (MIM), a self-supervised learning
technique that reconstructs masked portions of input images. During pre-training, approxi-
mately 50% of each input sample was masked, with the model trained to reconstruct the miss-
ing information. MIM is recognized as one of the top-performing image-based self-supervised
algorithms[15, 16], establishing it as a robust pre-training baseline.

By randomly masking image portions and requiring reconstruction, the model learns con-
textual relationships between different image regions, developing understanding of visual
patterns, textures, object shapes, and spatial positioning that transfers effectively to down-
stream classification tasks. This approach exploits natural image correlations, enabling strong
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Centralized FL
Method AUROC (%) | 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 1: 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 3 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.

generalization from unlabeled data.

Pre-training employed over 4,000 prostate lesion samples, consistent with current literature
where [17] demonstrated significant performance improvements using approxi-
mately 4,400 samples for pre-training. The input data comprised three frames per imaging
view (T2, ADC, DWI/B2000), stacked to create nine-channel input images. The first frame
is the middle frame in a lesion, taken together with the frames before and after the mid one.
Images were cropped around the lesions using existing segmentation masks to focus model
attention on the region of interest, then standardized to the same resolution across all vendors
through padding and cropping (if the lesion is smaller we apply padding and if it is larger we
apply center cropping), as illustrated in Figure 7.

For the fine-tuning stage, the dataset was partitioned using stratified sampling into 80%
training, 10% validation, and 10% testing to ensure representative collection distribution.
Model performance was assessed using AUROC [ 1], which effectively balances sensitivity and
specificity for binary classification tasks. We employed weighted binary cross-entropy loss [19]
with the AdamW optimizer at a learning rate of 10~ [20]. These standard configurations
were deliberately selected to ensure reproducibility and enable focus on model performance
evaluation without hyperparameter tuning variability.

3.3 Results from D9.2

D9.2 achieved optimal results using federated additive fine-tuning, comparing final-stage
optimization against LoRA adapters across all transformer layers. It employed the lesion-
based pre-trained model, fine-tuning it with final-stage fine-tuning and various LoRA ranks
(16, 32, 64) against centralized baselines. The best results from D9.2 are summarized in Table
using AUROC with Newcombe’s Wald Method confidence intervals [21].

Furthermore, D9.2 showed thast LoRA rank scaling presented inconsistent federated learn-
ing behavior compared to centralized training. While centralized fine-tuning demonstrated
consistent improvement from rank 16—32—64 (nearly matching full fine-tuning), federated
learning peaked at rank 16 with unpredictable performance at higher ranks. Final-stage
additive parameters exhibited greater consistency across centralized and federated settings,
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achieving comparable performance to LoORA-16 while requiring significantly fewer parameters,
indicating superior efficiency for federated deployment.

25.00M
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25

20
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Number of Parameters (

1.33M

0.20M 0.48M O.76LVI (94.7%)
(99.2%) (98.1%) (97.0%)
—_— —— ]
Classic Model Final-stage LoRA Rank 16 LoRA Rank 32 LoRA Rank 64
Method

Figure 8: 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.

Fine-tuning the entire model in FL also 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.

Additive federated fine-tuning significantly reduces model parameter sizes and communica-
tion overhead, as illustrated in Figure . The analysis from D9.2 reveals that LoRA achieves up
to 98.1% parameter reduction while final-stage fine-tuning reaches 99.2% reduction. Although
tinal-stage adapters provide maximum parameter efficiency, they don’t deliver optimal ac-
curacy improvements. Parameter reduction directly translates to lower federated learning
communication costs, with total data transfer ranging from approximately 0.8-7 MB per client
per epoch, depending on precision (e.g., float16 vs. float32). This demonstrated the practical
advantage of additive fine-tuning for bandwidth-constrained federated deployments.

4 Methods

This section presents the methodological framework and experimental implementation of
the communication optimization techniques introduced in Section 2. We provide detailed
descriptions of our experimental approaches for top-k sparsification (Section 4.1), update
frequency reduction (Section 4.7), delta encoding (Section 4.5), client sampling (Section 4.4),
and hybrid method combinations (Section 4.5).
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4.1 Top-k Sparsification

Top-k sparsification selects the £ largest parameters from the update vectors and communicates
exclusively these parameters with the server. All remaining parameters are set to zero, creating
a sparse update vector where only the indices and values of the k non-zero parameters are
transmitted. For a gradient vector g with dimension d, the top-k sparsification operator Sj(¢)
can be defined as:

Su(g) = -gi if |¢g;| is among the k largest values
H977 10 otherwise

We select the £ largest parameters by retaining a specified percentage of original parameters,
with the optimal percentage varying based on application requirements, performance targets,
and acceptable communication reduction levels.

Common sparsification strategies include:
* Aggressive sparsification: 0.1%-1% (maximum communication reduction)
* Moderate sparsification: 1%-10% (balanced trade-off)
* Conservative sparsification: 10%-30% (highest accuracy preservation)

The key influencing factors for selecting k are based on the model characteristics — as larger
models typically tolerate aggressive sparsification due to inherent parameter redundancy; the
accuracy-communication trade-off — where lower £ values reduce communication overhead
but may cause convergence instability or accuracy degradation; optimization compatibil-
ity — where some optimizers demonstrate greater sparsification robustness (e.g., SGD often
outperforms adaptive methods like Adam under sparse conditions) and infrastructure con-
straints — where network bandwidth and latency limitations determine practical communica-
tion budgets, directly influencing feasible sparsification levels for real-world deployments.

Since the choice is application dependent, we experiment with £ values, ranging from 1% to
30%. Furthermore, to maintain convergence guarantees, we also implement error feedback
mechanisms where the dropped parameters are accumulated locally and added to future
updates.

4.2 Update Frequency Reduction

Update frequency reduction [10] reduces communication rounds by enabling clients to perform
multiple local training epochs before transmitting updates, effectively accumulating gradients
locally and synchronizing globally every n epochs.

The optimal epoch count n depends on several factors: data heterogeneity (non-IID data
increases client drift risk with excessive local steps), computational capacity (powerful clients
support more local computation), network constraints (poor bandwidth incentivizes reduced
frequency), model complexity (complex models require frequent synchronization), and perfor-
mance requirements (excessive reduction slows convergence).
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In this report we determine optimal update frequency through experimentation across n =
2 — 10, monitoring: (i) gradient staleness from outdated global model versions, and (ii) model
drift by comparing local versus global performance metrics.

4.3 Delta Encoding

Delta encoding [11, 12] transmits only the differences (deltas) between consecutive parameter
states rather than sending complete model parameters. At each training round the central
server sends the current global model W; to the clients. The clients perform local training on
the local datasets for a number of steps, resulting in an updated local model W, joc1. Instead of
sending W} joca1 directly, each client calculates the difference between its locally trained model
and the global model it started with: AW, gient = Witocat — Wi This AW, gient is the model
update (model delta) that the client intends to contribute. This vector is often much sparser.

The effectiveness is measured by the sparsity of the delta vector (i.e., how many elements in
the delta vector are zero or near-zero) and the magnitude of the non-zero delta values (i.e., how
small are the actual changes).

4.4 Client Sampling

Client sampling refers to the process of selecting a subset of available clients to participate in a
given round of federated training. Instead of involving all clients, the server chooses a smaller
group to perform local training and send updates at each epoch.

The most common approach to client sampling is random sampling. Let NV be the total number
of available clients in the system. In each communication round ¢, the server aims to select
a subset of K clients to participate. This selection can be defined by a sampling fraction C,
where K = C - N.

The most common methodologies for selecting the K clients are:

¢ Uniform Random Sampling: The server randomly selects K clients from NNV available
clients each round with equal probability, providing simple, unbiased implementation
and guaranteed long-term participation, though proving inefficient under highly non-IID
data distributions or varying client data informativeness

e Stratified Sampling: Clients are divided into strata based on characteristics (e.g., location,
data distribution, device capabilities, network conditions), then sampled proportionally
or disproportionately from each stratum, ensuring diverse representation and improved
robustness in non-IID settings, though requiring prior client categorization knowledge
and increased implementation complexity.

 Utility-Based Sampling: Clients are selected based on calculated utility scores (e.g., local
loss, data diversity, prediction uncertainty) to prioritize those expected to contribute
most to global model improvement, potentially accelerating convergence and enhancing
model quality, though introducing computational overhead, potential bias from flawed
metrics, and privacy concerns if client characteristics are exposed during scoring.
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The primary factors governing client sampling include sampling rate, data distribution char-
acteristics (sampling method selection significantly impacts performance under non-IID data
conditions), participation fairness (long-term participation equity ensures all eligible clients
contribute to global model development), and privacy preservation (sophisticated sampling
strategies may inadvertently expose client characteristics, requiring careful privacy-preserving
design).

Since the sampling rate depends on the application and context, we experiment with different
sample rates, ranging from 10 — 50%, and implement both uniform and stratified sampling
based on regional properties.

4.5 Hybrid Methods

We experiment with multiple hybrid approaches to optimize the communication efficiency.
First, we integrate top-performing methods with quantization to reduce communication
package sizes between server and clients. Second, we combine delta encoding with top-k
sparsification by computing parameter deltas and applying sparsification to retain only the
most significant changes, transmitting merely 0.1% to 5% of potential updates for maximum
efficiency. These hybrid strategies collectively address multiple FL bottlenecks with minimal
model performance loss.

5 Results

This section presents the empirical results obtained from testing the techniques described in
Section 4. We provide detailed descriptions of our experimental results for top-k sparsification
(Section 5.1), update frequency reduction (Section 5.7), delta encoding (Section 5.3), client
sampling (Section 5.4), and hybrid method combinations (Section 5.5).

5.1 Top-k Sparsification

Figure 9 presents top-k sparsification results across k values ranging from 1% to 30% for all
methods evaluated in D9.2 and detailed in Table 1. A consistent performance improvement
emerges as k increases, aligning with expectations that model performance correlates with
parameter count. At k=30%, we observe minimal performance degradation compared to
full-parameter federated learning fine-tuning, establishing this as an effective upper thresh-
old. While full model fine-tuning demonstrates the most consistent results, it remains the
most computationally expensive approach. Notably, LoORA rank 16 maintains its position as
the best-performing method, consistent with our original findings from D9.2. These results
confirm that using only a subset of parameters per communication round — with dynamic pa-
rameter selection — can significantly reduce communication overhead while preserving model
performance, offering an optimal trade-off between efficiency and accuracy in FL scenarios.
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Figure 9: Performance comparison of federated fine-tuning methods across various top-k
sparsification parameters applied to pre-trained foundation models for different fine-tuning

strategies.
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Figure 10: Performance comparison of federated fine-tuning methods across update frequen-
cies applied to pre-trained foundation models for different fine-tuning strategies.

5.2 Update Frequency Reduction

Figure

illustrates update frequency reduction performance across intervals ranging from 2 to

10, with baseline results (frequency of 1) detailed in Table 1. Consistent with top-k sparsification
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tindings, full model fine-tuning exhibits the most stable performance, aligning with the
expectation that higher parameter counts improves model robustness against communication
constraints. However, unlike top-k sparsification, update frequency reduction produces more
pronounced performance degradation across all methods, with particularly significant drops
observed in the best-performing approaches. This deterioration stems from client drift, where
reduced communication frequency allows local model updates to diverge substantially from
the global model, compromising convergence quality and overall FL effectiveness.

The contrasting behavior between top-k sparsification and update frequency reduction reveals
fundamental differences in their impact on FL dynamics. While top-k methods preserve
communication timing but reduce information density, frequency reduction maintains full
information exchange but disrupts synchronization patterns. This suggests that temporal
consistency in FL for prostate cancer detection is more critical than parameter completeness
for maintaining model convergence.

The disproportionate performance loss in high-performing methods (such as LoRA rank
16) indicates that these parameter-efficient techniques are more sensitive to communication
disruptions. This phenomenon likely arises from their reliance on precise gradient alignment
and coordinated low-rank updates across clients.

5.3 Delta Encoding

—e— Entire model
—eo— Lora-64
Lora-32
—e— Lora-16
—e— Final stage

0.8

0.6

0.4

0.2

0 10 20 30 40 50

Training Epoch
Figure 11: Ratio of non-zero (sparse) parameters over 50 training epochs.

For delta encoding, we illustrate the ratio of non-zero (sparse) parameters over 50 training
epochs in Figure 11, which illustrates that the number of communicated parameters decreases
progressively over time as the model specializes and converges toward optimal parameter
values. This temporal sparsification occurs because parameter updates become increasingly
localized and refined as training advances, with fewer parameters requiring significant modi-
tications in later epochs.
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Again, full model fine-tuning exhibits the most consistent behavior, maintaining the highest
absolute number of parameters while achieving the smallest sparsity ratio due to its compre-
hensive parameter space. For parameter-efficient methods, we observe a more pronounced
and consistent decrease in non-zero parameters, with final-stage fine-tuning displaying more
dramatic sparsification patterns given its inherently smaller parameter count. This enhanced
sparsity in parameter-efficient approaches reflects their concentrated optimization focus, where
updates become highly targeted as the model approaches convergence.

90

85.7 85.2 240 85.1
85
82.99
80
75
70

Entire Model Lora-64 Lora-32 Lora-16 Final Layer
Method

Value

Figure 12: Performance comparison for 50 epochs training with delta encoding.

Figure 12 illustrates the final performance for all methods tested with delta encoding imple-
mentation. We observe that for certain parameter-efficient methods, such as LoRA-64 and
LoRA-32, delta encoding acts as an effective regularization mechanism, improving perfor-
mance beyond baseline configurations. This regularization effect emerges from the selective
communication of only significant parameter changes, which filters out noise and minor
fluctuations that might otherwise destabilize training, while overall maintaining competitive
performance levels across all evaluated approaches.

The regularization benefits observed in higher-rank LoRA configurations suggest that delta
encoding serves as an implicit gradient filtering mechanism. By transmitting only parameters
that exceed the delta threshold, the method naturally suppresses small, potentially noisy
updates that could lead to overfitting or unstable convergence. This effect is particularly
pronounced in LoRA-64 and LoRA-32, where the larger parameter spaces are more susceptible
to such noise accumulation.

Conversely, lower-rank methods (LoRA-16) show more modest changes, indicating that their
inherently constrained parameter spaces already provide sufficient regularization.
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Figure 13: Performance comparison of federated fine-tuning methods under uniform client
sampling strategies with varying participation rates, evaluated across pre-trained foundation
models for different fine-tuning strategies.

5.4 Client Sampling

We evaluate two distinct sampling strategies: uniform sampling with varying percentages of
patient collections per round, and stratified sampling employing proportionate selection from
regionally-grouped collections to ensure geographical representation.

Figure 13 presents the performance outcomes for uniformly sampled collections. In contrast to
previously examined communication optimization techniques, client sampling introduces the
most substantial performance degradation, with even generous sample sizes of 50% resulting
in performance decreases of at least 10% across all evaluated methods.

This pronounced sensitivity to client sampling reveals that the performance for the running
use-case is dependent on comprehensive client participation rather than communication
efficiency alone. The substantial degradation even at moderate sampling rates suggests that
the heterogeneity and unique data distributions across clients cannot be adequately captured
through subset sampling, regardless of the underlying parameter-efficient method employed.

Figure 14 presents the performance outcomes for stratified sampling collections based on
regional groupings. We observe that the patterns identified in uniform sampling scenarios are
preserved under stratified sampling, with performance degradation remaining substantial
despite the improved representativeness of geographical distribution. This consistency indi-
cates that sampling strategy refinements cannot compensate for the inherent information loss
associated with reduced client participation.

These findings establish client sampling as a least suitable optimization strategy and should
only be considered when computational or coordination constraints absolutely prevent full
client participation. The results emphasize the importance of maximizing client inclusion in
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Figure 14: Performance comparison of federated fine-tuning methods under stratified client
sampling strategies with varying participation rates, evaluated across pre-trained foundation
models for different fine-tuning strategies.

the FL network, even at the cost of increased communication overhead or extended training
duration.

5.5 Hybrid Methods

32b 4b
Method AUROC (%) | AUROC (%)
Top-k (LoRA-16) 86.24 (0.023) | 85.12 (0.025)
Freq. Reduction (LoRA-16) 84.24 (0.024) | 84.1(0.024)
Delta Encoding (LoRA-64) 85.7 (0.024) | 85.09 (0.026)
Client Sampling (Uniform, LoRA-16) | 81.24 (0.025) | 79.14 (0.025)

Table 2: Performance and confidence intervals comparison of best performing compression
techniques and their quantized counterparts.

Table 2 presents the performance evaluation of the best-performing efficient fine-tuning
methods when implemented with 4-bit quantized model variants. Consistent with the findings
from D9.2, the performance degradation introduced by quantization remains small, bringing
evidence that the federated fine-tuning approaches can be robust to precision reduction.

These results establish quantization as a viable optimization strategy.

Table 5 presents the performance of combining top-k sparsification with delta encoding
techniques, achieving a substantial 85% reduction in parameter count while maintaining near-
optimal performance levels. This hybrid approach leverages the complementary strengths
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Method AUROC (%) | % Parameters
Top-k (LoRA-16) 86.24 (0.023) 30%
Delta Encoding (LoRA-64) | 85.7 (0.024) 15%
Combined (LoRA-16) 85.24 (0.025) 9%

Table 3: Performance, confidence intervals, and parameter efficiency comparison between
hybrid top-k and delta encoding implementation versus independent application of individual
compression techniques.

of both compression methods, where top-k selection identifies the most critical parameter
updates and delta encoding efficiently represents the magnitude differences.

6 Discussion and Conclusions

The empirical results presented in Section 5 reveal insights into the effectiveness and trade-offs
of distinct communication optimization strategies for federated fine-tuning in medical imaging
applications. In this section we examine the key findings, their implications, and the practical
considerations for deploying these techniques in real-world FL scenarios.

Performance-Efficiency Trade-offs The experimental results demonstrate a clear hierarchy
in the effectiveness of communication optimization strategies. Top-k sparsification emerges
as the most promising approach, achieving substantial communication reduction (up to 70%
parameter reduction at k=30%) with minimal performance degradation. This technique’s
success stems from its ability to preserve temporal consistency in federated communication
while selectively transmitting only the most significant parameter updates.

In contrast, update frequency reduction introduces more pronounced performance penalties,
particularly affecting parameter-efficient methods like LoRA. The disproportionate impact
on high-performing methods reveals a fundamental trade-off: while frequency reduction
offers straightforward implementation and guaranteed bandwidth savings, it disrupts the
synchronization patterns for federated convergence. This suggests that temporal consistency
in FL is more valuable than parameter completeness for maintaining model quality.

Delta encoding provides unique advantages through its adaptive nature, with communication
overhead naturally decreasing as training progresses. The observed regularization effects in
higher-rank LoRA configurations (LoRA-64, LoRA-32) indicate that delta encoding serves
as an implicit gradient filtering mechanism, potentially improving model generalization.
However, this benefit comes at the cost of method-specific threshold tuning requirements,
reducing the technique’s generalizability across different model architectures and datasets.

Method-Specific Optimization Challenges A critical limitation revealed by the analysis is
the absence of universally optimal hyper-parameters across optimization techniques. Each
method requires tuning of specific parameters: sparsification thresholds for top-k, frequency
intervals for update reduction, and delta thresholds for encoding approaches. This creates
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deployment complexity in heterogeneous federated environments where multiple model
architectures or diverse client capabilities necessitate distinct optimization strategies.

Furthermore, the parameter-efficient methods exhibit varying sensitivity to different opti-
mization approaches. While LoRA-16 consistently performs well with top-k sparsification,
higher-rank LoRA configurations benefit more from delta encoding’s regularization effects. T
his heterogeneity suggests that FL. deployments may require adaptive optimization strategies
that dynamically select techniques based on model architecture and training progress.

Client Participation Criticality The substantial performance degradation observed with
client sampling ( 10% performance loss even at 50% participation rates) leads to a conclusion
for the running use-case: comprehensive client participation is irreplaceable in FL. Neither
uniform nor stratified sampling strategies can adequately compensate for the loss of client-
specific data distributions, indicating that the value of FL lies in capturing the full spectrum of
data heterogeneity rather than representative subsets.

This finding can impact FL deployment strategies. Organizations may prioritize maximizing
client participation over communication efficiency, suggesting that client sampling should
only be considered when computational or coordination constraints absolutely prevent full
participation.

Hybrid Approach Viability The successful combination of top-k sparsification and delta
encoding (achieving 85% parameter reduction with minimal performance loss) demonstrates
the potential for hybrid optimization strategies. However, this success comes with increased
implementation complexity and hyperparameter tuning requirements. Each component tech-
nique requires independent optimization, potentially leading to multiplicative complexity in
parameter space exploration.

The hybrid approach’s effectiveness suggests that complementary compression techniques can
achieve superior efficiency compared to individual methods. However, the practical deploy-
ment of such systems requires sophisticated parameter management and potentially adaptive
tuning mechanisms to maintain optimal performance across diverse federated scenarios.

Quantization Robustness The minimal performance impact of 4-bit quantization across all
optimization techniques provides encouraging evidence for memory-efficient federated learn-
ing deployments. This robustness enables practical implementation on resource-constrained
edge devices without compromising learning effectiveness. The preservation of performance
under quantization suggests that critical information for federated adaptation is maintained
even with reduced numerical precision.

Practical Deployment and Integration Considerations The results highlight several practical
challenges for real-world medical FL deployments:

* Method Selection Complexity: The absence of universally optimal techniques necessi-
tates evaluation of specific use case requirements, client capabilities, and performance
priorities.

D9.3 Efficient Federated Fine-tuning | 28


https://www.fluteproject.eu/

(ule 52

uuuuuuuu

* Hyperparameter Management: Each optimization technique requires method-specific
tuning, creating potential scalability challenges in large-scale federated networks.

* Client Heterogeneity: The varying sensitivity of different model architectures to op-
timization techniques suggests the need for adaptive or client-specific (personalized)
optimization strategies.

¢ Communication Infrastructure: The trade-offs between communication frequency and

information density must be carefully balanced based on network capabilities and
constraints.

Future Research Directions These findings suggest several promising research directions:
adaptive optimization frameworks that dynamically select techniques based on training
progress and client characteristics, automated hyperparameter tuning for federated environ-
ments, and unified compression approaches that combine multiple techniques while minimiz-
ing configuration complexity. Additionally, investigating the generalizability of these findings
across different medical imaging tasks and exploring client-aware optimization strategies
could further advance FL effectiveness.
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Part I1

Communication-Efficient Federated
learning: New algorithms for Gradient
Projection onto Historical Descent
Directions

1 Introduction

In recent years, Federated Learning (FL) [ ] has emerged as a promising paradigm for
training Machine Learning (ML) models across distributed data owners, without requiring
direct access to the underlying data. This framework is particularly attractive in a landscape
where organizations are increasingly concerned about data privacy, regulatory constraints
(GDPR, AI Act), and the rising costs of centralized data infrastructure. FL is a setting where
multiple entities, called clients, collaborate in solving a ML problem, under the coordination
of a central server. Mathematically, various ML tasks can be formulated as the optimization
problem:

M
Minimize f(w) = % Zfi(w) over R¢, (1)
i=1

where the vector w represents the parameters of a statistical model and f; : R? — R is the local
objective function associated with client ¢ € [A]. Typically, in ML, the functions f; take the
form

fiw) = B yyum, [L(y: huo(2))] (2)
where, in a supervised learning task, h,, : X — R is the prediction function (e.g., a neural
network), and L : R x R — R a loss function. The data distribution 7; is the underlying
data distribution of client 7, and is typically unknown. In practice, 7; may be defined as a
discrete distribution over the local dataset of client ¢, leading to empirical risk minimization.
This motivates the use of either deterministic gradient descent (GD) or, more commonly, to
stochastic gradient descent (SGD), which is preferred for its computational efficiency.

The communication cost is a major bottleneck in FL, especially for optimization of models
with many parameters. Two main strategies have been explored to mitigate this issue:

1. Update frequency reduction (Part 1), which consists of reducing the communication
frequency. Clients perform multiple local updates before sending their weights to the
server for averaging.

2. Gradient compression, where compressed information is sent instead of full-dimensional
gradients, similar to hybrid methods based on quantization, as tested in Part 1.

The first strategy involves performing multiple local updates (e.g., several SGD steps) before
each communication round with the server, thereby reducing communication frequency. This
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classical approach, known as FedAvg [ ], has inspired several extensions, such as
SCAFFOLD [ ] and FedPAGE [ ]. The second strategy can be broadly divided into
two subcategories. The first focuses on designing and analyzing various types of compression
operators (see, e.g., [ , Table 1] and [ ]). The second aims to develop algorithms
that remain effective under general compression schemes-or at least under broad classes
of them. For example, several methods incorporate mechanisms to track and correct the
compression error [ , ]. In this work, we focus on the second strategy and propose
a new algorithmic approach for gradient compression in FL.

The contributions of the second part of the report can be summarized as follows:

* Algorithm Design: We propose Pro jFL (Algorithm 1), a novel FL method that projects
gradients onto a shared client-server subspace. This significantly improves the conver-
gence speed at the cost of transmitting only one additional scalar per iteration. We also
propose an Error Feedback extension (Algorithm 2) for improved performance under
biased compression.

* Theoretical Guarantees: Under standard assumptions, we establish: (i) Linear conver-
gence to a noise ball for SGD (Theorem 4.3); and (ii) a O(1/T") rate for GD (Theorem 4 .4).

* Empirical Validation: We evaluate our method on large-scale neural networks (LeNet-5,
ResNet-20), representative of highly non-convex optimization problems. Our approach
outperforms state-of-the-art baselines in terms of final accuracy and stability: it converges
quickly without requiring careful hyperparameter tuning. Furthermore, it achieves up to
a 8x reduction in communication cost compared to existing methods.

Outline. The remainder of this part of the report is organized as follows. Section ” intro-
duces the formal problem setting and reviews related work. Section 3 presents our proposed
methods, which are theoretically analyzed in Section 4. Numerical experiments are reported
in Section 5. We discuss the limitations of our work in Section 6, and conclude with future
research directions in Section 7.

2 Setting and State of the Art

To solve the optimization problem (1) under communication constraints, a classical algorithm
is FedAvg with compression (see Algorithm 3 in Appendix /), which can be written as:

M
Wiyl = Wy — % 2(3(9@7 3)
i=1

where g is the stochastic gradient computed by client 7 at iteration ¢t € N, and C : R? — R%is a
compression operator. Each g; is assumed to be an unbiased estimator of the true gradient, i.e.,
Elg; | wi] =V fi(wy).

For ease of exposition and analysis, we treat C as a mapping from R? to R?, although in
practical implementations: (i) the model parameters are typically updated layer-wise; (ii)
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several compression techniques require adaptations to the standard update rule (3). We now
review commonly used classes of compressors.

2.1 Compressors

Quantization-based Compressors. These methods reduce communication by lowering the
bit precision of the transmitted gradient values. Two common approaches are:

* Precision reduction: Directly reducing the bitwidth of floating-point values. For instance,
8-bit quantization [ ] or even 1-bit representations [ ] are commonly used.

* Dictionary-based methods: Gradients are quantized via a shared codebook. For example,
QSGD [ ] defines the compressed vector C(g) componentwise as:

C(9); = llgllz - sen(g;) - §;(g,5), J € [d], (4)

where s is the number of quantization levels, and the random variable ¢;(g, s) satisfies

L with probability 1+ ¢ — %L,
&0 =11, o

S

otherwise,

with £ € N chosen so that 1%L ¢ [£, &1,

llgll2 s s

In this scheme, clients send the tuple (||g||2, o, (), where o contains the signs of g and ¢
the quantized coefficients.

For additional examples, including low-rank quantization methods, we refer the reader to

[ , 1.

Sparsification-based Compressors. These methods reduce communication by enforcing
sparsity, i.e., zeroing out a large fraction of the gradient coordinates:

* Rand-k: Uniformly selects k coordinates to retain:
d
Clg) =7 95
jes
where S is a random subset of [d] with cardinality %, and {e;}7_, is the canonical basis of
R?. The scaling factor d/k ensures unbiasedness.

In practice, sparsification is typically applied layer-wise, and k£ may be set as a fixed
proportion of non-zero coordinates.

¢ Top-k: Retains the k largest-magnitude components:

d

Clg) = Z 9(i)€(i)>

i=d—k+1
where coordinates are sorted by absolute value: |gq)| < --- < |g(q)|. Variants such as
Threshold-v [ ] retain all components exceeding a fixed threshold.
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At the implementation level, a sparse vector is typically represented using two components:
one vector containing the values of the selected elements of g, and another containing the
ordered indices of the nonzero elements of C(g). Quantization and sparsification methods can
be combined: for example, one can first apply a Top-k compressor and then quantize the k
nonzero components to reduce their precision.

In the context of analyzing the convergence of (3), it is useful to distinguish compressors based
on their bias properties. A compressor C : RY — R? is said to be unbiased if for all g € R,
E[C(g)] = g (see Assumption A1 for details); otherwise, it is biased. Examples of unbiased
compressors include the dictionary-based method defined in (4) and Rand-£, whereas Top-£
is biased. We refer to [ , ] for comprehensive discussions on unbiased compressors.

Unbiased compressors enjoy appealing theoretical guarantees: for example, in gradient descent,
one can establish convergence to a neighborhood of the optimum under unbiased compression
when optimizing convex objectives [ ]. In contrast, analyzing biased compressors is
more challenging. In fact, it has been shown that no general convergence guarantees can be
obtained for biased compression, even in the strongly convex setting [ , Section 5.2].
Nevertheless, in practice, biased compressors such as Top-k or its variants often outperform
unbiased, randomized alternatives [ , ]. To better understand and stabilize
these biased methods, several new algorithmic frameworks have been proposed, which we
now review.

2.2 Algorithm Design

A widely adopted mechanism in communication-efficient optimization is Error Feedback (EF),
where each client stores the accumulated compression error and reinjects it in the next update
[ , ]. This approach enables convergence guarantees even when using biased
compressors, particularly for strongly convex objectives [ , , ]. Moreover,
EF can also be applied on the server side, especially in cross-device FL scenarios [ I

To improve theoretical guarantees and stability, the EF21 method was proposed in [ I
Rather than applying compression directly to gradients, EF21 compresses the difference
between the current stochastic gradient and the previous descent direction. This design has
inspired a series of extensions [ , , , ].

Another influential approach is DIANA [ ], which introduces a shared memory vector
maintained by both clients and the server. Compression is applied to the deviation between
this memory and the local stochastic gradient. While the original method includes a proximal
step to address regularized problems, a simplified version without this step can be used in the
absence of regularization. Further developments and analyses around DIANA can be found in

[ , , 1.

3 Two New Algorithms

In this section, we introduce the algorithms evaluated in this work, specifically designed for
FL under gradient compression.
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3.1 Our Main Algorithm: ProijFL

Our first contribution is the Pro jFL algorithm, which we now describe in detail. This algo-
rithm leverages the fact that both the server and each client i have access to the local descent
direction D! at iteration ¢. At the next iteration, instead of compressing the full stochastic
gradient g/, client ¢ projects this gradient onto the one-dimensional subspace generated
by D, the average of the previous descent directions Di. This yields the decomposition
giy = ai Dl + (gi,1)%, where (¢gi,,)* is orthogonal to D, i.e., Di - (¢¢,;)> = 0 (see line 6
of Algorithm 1). The scalar o}, thus captures the entire component of the gradient in the
known direction, enabling a highly compact representation. Instead of compressing the full
gradient, the client compresses only the orthogonal component (g;, ;)" and transmits the pair
(a1, M7, ) to the server, where M, is the compressed version of (g;, )"

Two extreme cases help illustrate the benefits of this approach:

e If gi , is nearly aligned with D}, then of_, captures nearly all the gradient information,
and the compressed component is negligible.

e Conversely, if ¢/, is orthogonal to D}, then ai,, = 0, and only the orthogonal part is
transmitted, avoiding any misleading bias from projecting in the wrong direction.

Figure 15 illustrates the key differences between Algorithm | and EF21.

Algorithm 1 ProjFL

1: Initialization: wy € R? D = 0. Number of previous directions of descent to consider
K e N*.

2: fort=20,...,Tdo

3 for Each client 7 do

4: Receive w;.

5: Compute Stochastic Gradient g}, ;.

6 D; =+ f 01 L > with obvious adaptation whent < K — 1

7 oy = gﬁgillg such that g, = o}, ,D} + (g;,,)" satisfying D; - (¢{,,)*" = 0.

8 Miﬂ C((gtH)J_)

9: Di,, = aj, D} + M, > Update the descent direction
10: Send (af,, M, ) to the Central Server.
11: Central Server:
12: D; =~ K 1 D: , > Same computation as line
13: Di ., = at HD’ + Mt 41 > Update the descent direction
14: Wiyl = Wy — 37 Zi:l 41

3.2 Integration of Error Feedback Mechanism

We now present an extension of Algorithm | that incorporates the Error Feedback mechanism.
In Algorithm 2, we modify Algorithm ! to explicitly account for the compression error. More

Ift < K — 1, then D} is defined as D} = -5 3™} Di_,.
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i
Jt+1

Figure 15: Comparison between EF21 and ProjFL: In EF21, client ¢ sends the compressed
difference C(g;., — D;), while in ProjFL, the message is C((g;)").

precisely, after computing the decomposition ¢!, = i, ,Di + (gi,,)*, each client adds the
previous compression error € to the orthogonal component. The message sent to the server is
then (a1, C((gi:1)" + €1))-

Algorithm 2 ProjFL + EF

1: Initialization: wy € RY, D) = ¢! =0, K € N*.
2: fort=20,...,7 do

3: for each client : do
4: Receive w;.
5: Compute Stochastic Gradient g ;.
6: D; = + fgol Di , > with obvious adaptation when ¢t < K — 1 (see Alg. 1)
7: = gﬁgagi such that ¢/, , = o, D} + (¢,,)" satisfying D} - (gi.;)* = 0.
8: Giy =i Di+(gi )t +el > Add the previous compression error
9: Mi,, = C((gh1)" +ef)
10: Dip1 =Dy + My > Update the descent direction
11: €1 = (i) e — Miy, > Update compression error
12: Send (o, M}, ) to the Central Server.
13: Central Server:
14 Di=Ly0'Di, > Same computation as line
15: Di 1 = a; Dy + Mg ,. > Update the descent direction
16: Wyy1 = Wy — SV, D

4 Theoretical convergence results

We give below convergence results on ProJFL (Algorithm 1). We first introduce some defin-
tions.

Definition 4.1 (u-strongly convex functions). A function f : R — R is called strongly convex if
there exists > 0 such that for all z,y € R?,

Fy) > F@) + (V().y =) + Slle =yl
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Definition 4.2 (L-smooth functions). A function f : R — R is called L-smooth if V f is L-Lipschitz
continuous, i.e., for all x,y € RY,

IVf(z) = VIl < Lz -yl

We make the following assumptions:

A1. There exists ani.i.d. sequence of compressors (C;);e[u+>1 Where forany i € [M]and t > 0,
Ci,, : R? — R is the compressors employed by client i at iteration ¢. For convenience, we
simply write C. We assume that for all w € R?, E[C(w)] = w and E[||C(w)|*] < B||w]?
for some 3 > 1.

A2. There exists a,b > 0 such that for all w € R%, - S"M |V f;(w)||? < a + bV f(w)]|>.

A3. There exists an i.i.d. sequence of random vector fields (&});epu>1 such that for any
i€ [Mlandt > 0, giy = Vfi(w) + &, (we) and for any w € R, E[¢/(w)] = 0 and
E[[|& (w)|]?] < o? for some o > 0. Moreover, the sequences (&;);cu)+>1 and (C;) e, i>1
are independent.

We now discuss the role and implications of these assumptions.

e Assumption A1 restricts our analysis to unbiased compression operators. Crucially, since
Algorithm 1 lacks an error feedback mechanism, convergence guarantees cannot be
extended to biased compressors in this framework.

¢ Assumption A2 formalizes the bounded gradient dissimilarity condition, which quantifies
data heterogeneity across clients by controlling the deviation between local gradients
V fi(w) and their global average V f(w).

¢ Assumption A3 bounds the variance of stochastic gradient noise arising from mini-batch
sampling. Notably, this noise intensity may vary both across clients (due to differences
in local loss landscapes) and across parameter regions (e.g., near optima versus high-
curvature regions).

In the following theorem - whose proof is given in Appendix I - we prove a linear convergence

rate for Algorithm | towards a neighborhood of the optimal point.

Theorem 4.3. Assume A1-A2-A3 and that each f; is p-strongly convex and L-smooth (see Definitions
and 4.7). Then, for any learning rate 0 < n < (1 + b%)‘lﬁ, the sequence (w;)¢>o generated by

Algorithm 1 satisfies, forany t € N,

w+ L
2uL M

Bl 0[] < (1= 20577 ) Bllwn - w7+ 020 - D +60), 6

where w* = arg minga f.

The first term on the right-hand side of (©) reflects the initial distance to the optimum. The
second term is a variance term corresponding to the (squared) radius of the neighborhood
around the optimal point to which the algorithm converges. This result also provides theo-
retical support for the common practice of decreasing the learning rate during training. A
useful heuristic is as follows: at initialization, when the term E[|w, — w*|?] typically dominates,

ZNote that since E[|| X —E[X]|13] = E[|| X ||3] - ||[E[X]||3, Assumption A1 implies E[||C(w) —w]|3] < (8—1)|lw]|3.
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a relatively large learning rate should be used so that the influence of this term is quickly
reduced thanks to the linear convergence rate. As training progresses and the second term on
the right-hand side of (5) becomes dominant, the effective "starting point" is now closer to the
optimum, and using a smaller step size becomes beneficial to reduce variance and improve
stability.

Our second convergence result concerns deterministic gradient descent (see the update scheme
(8) in Appendix C for details). Note that in this setting, the functions f; model different objects:
they no longer represent the population loss (2), but rather the empirical loss. Consequently,
training is performed using full-batch updates, which corresponds to a setting where clients
hold only a small amount of data.

Theorem 4.4. Assume Al and that each f; is convex and L-smooth (see Definition 4.2). Then, for any
learning rate 0 < n < BLL, the sequence (w;):>o generated by Algorithm 1 with deterministic gradients
satisfies, for any T' € N¥,

1 o — w*||?
il _ fr o N0
f(Tti;wt)] T

where w* € argminga f is any optimal point.

E

M
Vz’ * 2’
1) ; IV fi(w?)]]

Note that in many applications, even if f is not globally (strongly) convex, it is so in the
neighborhood of local minimizers, meaning that our results can represent the behavior of the
algorithm in such regions of the search space [ ]. In the following section, we evaluate
our methods on highly non-convex objectives.

5 Numerical experiments

In this section, we numerically evaluate the benefits of Algorithms | and ” to reduce the
communication cost in FL, for classification tasks using neural networks.

Datasets, models and preprocessing. We conduct experiments on MNIST and CIFAR-10
datasets . MNIST contains 70,000 grayscale images of handwritten digits (28x28, 1 channel),
split into 60,000 training and 10,000 test samples. CIFAR-10 comprises 60,000 color images
(32x32, 3 channels), with 50,000 for training and 10,000 for testing, across 10 classes. We use
LeNet-5 [ ] for MNIST: two convolutional blocks (with 5x5 kernels, ReLU activations,
and 2x2 max pooling), followed by two fully connected layers with ReLU. For CIFAR-10, we
adopt ResNet-20 [ ] implemented in [!cle]. These models are standard architectures for
their respective tasks. In all settings, 20% of the training set is used for validation. Images are
normalized to [—1, 1], data is shuffled, and samples are evenly distributed across clients, with
slight variation due to indivisibility.

Hardware and software. All experiments were conducted on an internal cluster machine
equipped with an Intel Xeon Gold 5320 CPU (104 cores, 2.20 GHz), 500 GB of RAM, and a
single NVIDIA A30 GPU with 24 GB of memory (driver version 545.23.08, CUDA version 12.3).

3
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The software environment consisted of Python 3.9.19 and PyTorch 2.3, running on Debian
GNU/Linux 12 (Bookworm). Experimental run took approximately 1 hour on average with
3 clients on 10 processes, with the most computationally intensive run requiring up to 28
hours. All experiments were performed on our institutional infrastructure on CPU; no cloud
computing resources were used. Reproducing the CIFAR-10 experiments with 3 clients and a
batch size of 128 requires 24 GB of RAM.

Experimental methodology. To evaluate our algorithms’ ability to solve the tasks effi-
ciently while keeping communication costs reasonable, we track convergence-related metrics-
specifically the loss (cross entropy in our case), accuracy, or norm of the gradient of the loss
as a function of the number of bits communicated. This part reports results based on total
communication cost (uplink and downlink), while Appendix / includes extra experiments
with also uplink-only evaluations and additional metrics. We focus on sparsification-based
compressors and consider either M = 3 or M = 10 clients (in this part we focus on Top-k and
consider also Rand-£ in Appendix /).

Hyperparameter Selection. We tune the hyperparameters (early stopping criteria, batch size,
and learning rate scheduler) using the update rule (3) without compression (i.e., C = Id). The
goal is to reach state-of-the-art performance in terms of test cross-entropy loss. For reference,
we consider values of 0.05 for MNIST and 1.4 for CIFAR-10 as representative of state-of-the-
art performance for comparable architectures. Following this tuning procedure, we set the
following hyperparameters:

* Early stopping: patience of 10 epochs and a minimum delta of 0.001.
* Batch size: 128 per client.

* Learning rate scheduler: PyTorch’s ReduceLROnPlateau starting from 0.1, with a
patience of 2 epochs, a decay factor of 0.5, and a minimum learning rate of 0.001.

These hyperparameters are used consistently across all algorithms evaluated in our experi-
ments.

Algorithm Parameter selection. Before comparing Algorithm | and Algorithm ” to existing
methods, we first need to select the parameters £ (used in the Top-k compressor) and K (see
Algorithm 1). The corresponding results are reported in Figure 16 (we use log-scale for MNIST).
We also include comparisons involving EF, recalled in Algorithm 4 (see Appendix /).

Based on the observed trade-offs between convergence speed, communication cost, and
stability across both datasets, the values k = 0.01 and K = 3 appear to offer a good compromise.
These settings strike a strong balance between training efficiency and robustness. We note that
although the algorithms differ in efficiency, they all converge to reasonable minima. Moreover,
incorporating the Error Feedback mechanism consistently improves performance-an expected
outcome given the use of biased compressors, as previously discussed. On the CIFAR-10
experiments for selecting K (see the two rightmost plots in Figure 16), one might be surprised
by the increase in test loss at the end of training for Algorithm 2. This rise is due to overfitting,

4
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Figure 16: Selection of k (Top-k) and K for Algorithms | and 2, for M = 3 clients.
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as the training loss continues to decrease monotonically (see Appendix /). The reason the
algorithm was not stopped earlier lies in the early stopping criterion (specifically the patience),
which was tuned based on the behavior of the baseline FedAvg, as discussed in the previous
paragraph. Naturally, had we optimized early stopping specifically for Algorithm 2, more
favorable stopping conditions would have been chosen. Note that the curves start at different
points, as the x-axis value of the first point corresponds to the communication cost after the
tirst epoch.

Evaluation of Algorithms 1 and 2. We compare our methods to the baselines FedAvg with
compression, EF, EF21, and DIANA (see Algorithms 3, 4, 5, and 7 in Appendix A).

All algorithms are run using the same hyperparameter settings. Under our experimental
setup, we found that, without further tuning, EF21 and DIANA underperformed. A similar
behavior was already observed in [ , Section 2.2]. To address this, we introduced an
additional parameter v into both methods, which significantly improved their performance
(see Algorithms 5 and 7 for details). A thorough discussion is provided in Appendix A. The
results are presented in Figure 17 (with further comparisons using different metrics and
parameters in Appendix /).

On MNIST, Algorithm | outperforms both EF21 and DIANA. When error feedback is used,
the EF algorithm remains competitive, but Algorithm 7 achieves even better performance.
Notably, for similar accuracy as EF, it requires up to 8x lower communication cost.

On CIFAR-10, ProjFL alone does not outperform FedAvg with compression. However, when
combined with error feedback (Algorithm 2), it shows a clear advantage. Remarkably, both
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Figure 17: Comparison of Algorithms | and ? with FedAvg with compression, EF, EF21, and
DIANA for M = 3 clients.
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DIANA and EF21 yield very low accuracy under the same experimental conditions. To reach
the same loss level as Algorithm 2, these methods require at least 3x more communication
cost.

We also emphasize that Algorithm 2 reaches its performance using fewer epochs, thereby
reducing local computation time.

Variability across runs. To assess the stability of our method, we report the test cross-
entropy loss over 10 independent runs with different random seeds, measured at the end of
training. These values are provided in Appendix /. For example, for Algorithm 1, the standard
deviation of the test loss is 0.0046 on MNIST and 0.016 on CIFAR-10.

6 Limitations

We outline here several limitations of our work:

e As discussed at the end of Section 4, our theoretical results are restricted to convex
settings.

¢ Providing convergence guarantees for Algorithm ? remains an open question, requiring
technical developments that fall beyond the scope of this deliverable.

* Our approach could be combined with acceleration techniques, such as those developed
in [ , I, to further improve convergence. For this reason, we did not
include accelerated variants such as ADTANA | ] in our comparisons.

* We evaluate our methods on only two classification datasets. While many related works
focus on synthetic or simple convex tasks, we chose instead to emphasize performance
on more realistic and large-scale models.

* Our experiments are conducted with a relatively small number of clients. When con-
sidering uplink communication only, this does not affect the conclusions. However, if
total communication is taken into account and many clients are involved, the aggregated
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updates may no longer be sparse. In such cases, compression should also be applied at
the server side, as in [ ]. Such modifications are out the scope of this work.

7 Conclusion and Discussion

In this second part of the report, we introduced two new algorithms to address the communica-
tion bottleneck in FL, in combination with gradient compression techniques. These algorithms
provably improve convergence speed, while requiring only one additional scalar to be trans-
mitted per iteration. We established convergence guarantees in both convex and strongly
convex settings, under the assumption of unbiased compressors. Furthermore, we conducted
extensive experiments on large-scale neural networks to assess the empirical performance
of our methods beyond the theoretical setting. These algorithms consistently outperform
state-of-the-art baselines. We conclude by outlining two promising directions for future work.
First, our approach could be combined with acceleration techniques, such as those developed
in [ , ], to further improve convergence. Second, instead of projecting onto the
one-dimensional subspace spanned by the average of the last K" descent directions, one could
consider projections onto the full K-dimensional subspace generated by these directions.

This appendix is organized as follows. In Section /, we provide implementation details
and additional numerical evaluations. In Section 5, we present the proof of Theorem 4.5. In
Section , we prove Theorem

A Experimental details and Additional experi-
ments

In this section we start by giving implementation details in Subsection and then in the
following subsections provide further experiments.

A.1 Experimental details

In this subsection, we provide detailed descriptions of the algorithms evaluated in our experi-
ments.

Algorithm 3 corresponds to the standard FedAvg algorithm with gradient compression.
Algorithm 4 is a variant that incorporates the compression error using the well-known Error
Feedback mechanism. All our experiments are done setting ¢ = 0.75. Algorithm 5 implements
the EF21 algorithm from [ ]. In our experiments, we observed that EF21 performs poorly
on large models (see the analysis provided in Subsection /\.6). To address this limitation, we
introduce a forgetting parameter v € (0, 1), which improves the robustness of the method (see
Algorithm 6).

Table 4 shows the first descent directions for Algorithms 5 and 6. This illustrates that in classical
EF21, the compressed version of the initial gradients—and their propagation—persist across

D9.3 Efficient Federated Fine-tuning | 43


https://www.fluteproject.eu/

(ule

uuuuuuuu

all descent directions D}, whereas in our modified version, their influence gradually vanishes
at a rate governed by 7.

A similar effect is observed for DIANA (Algorithm /) and its modified counterpart with
forgetting (Algorithm 5). Our experiments are done with hyperparemeters o = 0.9 and 3 = 0.1
(see evaluation for different values of o and 3 in Subsection A .6).

Algorithm 3 FedAvg with compression

1: Initialization: w, € R%.
2: fort=20,...,7T do

3:

for Each client i do
Receive w;.
Compute Stochastic Gradient g; , ;.
Send C(g;,,) to the Central Server.

Central Server:
M i
Wiyl = W — % Zi:l C<9t+1)-

Algorithm 4 FedAvg with Error Feedback

1: Initialization: wy € R, e} = 0 € R%, Vi € [M]. ¢ € (0, 1].
2: fort=20,...,7T do

3: for each client z do
4. Receive w;
5 Compute Stochastic Gradient gi 11
6: Gii1 = G111 + Cel. > Add the previous compression error
7 eir =ai1 —C(gi41) > Update the compression error
8: Send C(g;,,) to the Central Server
9 Central Server:
M ~i
10: Wiy = Wy — % Y i1 C(9t+1)
Algorithm 5 EF21 [ |

1: Initialization: D) = 0 € R?
2: fort=20,...,7T do

3:

10:
11:

for Each client : € [M] do
Receive w;
Compute Stochastic Gradient g;,
Miy = C(9§+1 - D})
Dl = Dé +Mip
Send M; , to the Central Server
Central Server:
Dii1 = Di+Mi,

_ _ M i
Wiyl = Wy — 37 21‘:1 Dt+1

> Update local direction of descent
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Algorithm 6 EF21 with parameter v € (0, 1).

1: Initialization: D} = 0 € R?
2: fort=20,...,7 do

3: for Each client : € [M] do
4: Receive w;,
5: Compute Stochastic Gradient gii1
: M1 = C(gt1 — VDY)
7: D;,, =D + M, > Update local direction of descent
8: Send M¢_ , to the Central Server
9: Central Server:
10: Diy1 =Di + Mi, '
11: W41 = Wy — % sz\il D%—&—l
Table 4: Comparison of the first descent direction between Algorithms 5 and 6.
Iteration k Dj. (Alg. 5) D: (Alg. )
1 _ Cl9) ‘ _ Clg) ,
2 Clg1) +C(g, — C(g1)) 1C(91) +Clgy —C(91))
5 Clg1) +Clgs —Clg1)) 72C(gi) +1C(gs —1C(g1))
+Clg5 — Clg1) — Clgs = C(91))) | +C(g5 —7*Clg1) —1C(gs —1C(91)))
Algorithm 7 DIANA [ ]

1: Initialization: hi = hg = Dy = 0 € R?
2: fort=20,...,7T do

3:

10:
11:
12:
13:

for Each client : € [M] do
Receive w;,
Compute Stochastic Gradient g;_
M1+1 = C(gzltﬂ - ht)
hipa = hi +aMi, > Update memory
Send M¢_ , to the Central Server

Central Server:

Mt+1 = ﬁ ZZAL Mi+1

Dit1 = D¢ + hy + M4y > Compute the descent direction with momentum when 3 > 0
hit1 = hy + aMyy > Update memory
Wiy = wy — Dy
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Algorithm 8 DIANA with parameter v € (0, 1).

1: Initialization: h{ = hy = Dy = 0 € R?
2: fort=20,...,7 do
3: for Each client : € [M] do

4: Receive w;

5: Compute Stochastic Gradient g; 1

6: M1 = C(gt1 — 7hi)

7: hi 1 =~vhi +aMi > Update memory

8: Send M¢_, to the Central Server

9: Central Server:
10: My =530 M,
11: Dit1 = D¢ + vhy + Myyq > Compute the descent direction with momentum when 5 > 0
12: hir1 = vhy + aMyiq > Update memory
13: Wiy = wy — Dy

A.2 Overfitting on the Training Set for CIFAR-10

As noticed in the main paper, in Figure 16 and 17, we can see a rising loss on the test set. This
behavior is a sign of overfitting. In Figure 15 (resp. Figure 1), we reproduce the rightmost
plot from Figure 16 (resp. Figure 17), but using the training dataset instead of the test dataset.
As can be seen, the training loss decreases monotonically, confirming that the model continues
to fit the training data while generalization performance degrades.

Figure 18: Selection of K for Algorithms | and 2, for M = 3 clients on train set.
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A.3 Experiments with M = 10 Clients

In this subsection, we present in Figure 20 the same experiments as in Figure 17, but with
M = 10 clients instead of 3. Both training and test losses are reported.
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Figure 19: Comparison of Algorithms | and ? with FedAvg with compression, EF, EF21, and
DIANA for M = 3 clients on train set.
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Figure 20: Comparison of Algorithms | and ” with FedAvg with compression, EF, EF21, and
DIANA for M = 10 clients.

MNIST c=Top-k with k=0.01 MNIST c=Top-k with k=0.01
0.6 0.6
@ ¢ 45epochs @ ¢ 45 epochs
—k— C & EF -- 68 epochs —— C & EF -- 68 epochs
0.5 - C &EF21 -- 70 epochs 0.5 1 —f- C & EF21 -- 70 epochs
—¢~ ¢ & Diana -- 30 epochs —>¢ ¢ & Diana -- 30 epochs
C & ProjFL, K= 3 -- 55 epochs C & ProjFL, K= 3 -- 55 epochs
0.4 —— C &ProjFL, K=3 & EF -- 35 epochs 0.4 4 —r— € &ProjFL, K=3 & EF -- 35 epochs
" —— no compression -- 43 epochs " —— no compression -- 43 epochs
8 8
c 034 =03
H 7
0.24 0.2
0.14 0.1
0.0 T T T T T T T 0.0 T T T T T T T
0.0 0.5 1.0 15 2.0 25 3.0 3.5 4.0 0.0 0.5 1.0 15 2.0 25 3.0 3.5 4.0
communication costs (bytes) 1e9 communication costs (bytes) 1e9
CIFAR10 c=Top-k with k=0.01 CIFAR10 c=Top-k with k=0.01
@ c--82epochs @ ¢-82epochs
—k— C & EF - 41 epochs 21y —k— C & EF -- 41 epochs
s C & EF21 -- 87 epochs N -d- C & EF21 -- 87 epochs
—>¢~ ( & Diana -- 34 epochs 2.0 1 —>¢ ¢ & Diana -- 34 epochs
C & ProjFL, K= 3 -- 119 epochs C & ProjFL, K=3 -- 119 epochs
—=r— C & ProjFL, K=3 & EF -- 19 epochs 19 —r— C & ProjFL, K=3 & EF -- 19 epochs
" —— no compression -- 21 epochs " | —— no compression -- 21 epochs
8 g1e
£ 7
[ 817
1.6
15
081 1.4
0.0 0.5 1.0 1.5 2.0 25 0.0 0.5 1.0 15 2.0 25

communication costs (bytes) 1lel0 communication costs (bytes) lel0

A.4 Additional Experiments with Uplink and Downlink Communi-
cation Costs

In this subsection, we present the same experiments as in Figure 17, but considering only the
uplink communication cost (Figure 21) or only the downlink communication cost (Figure 27).

Regarding the downlink communication cost, note that the central server only sends the
difference w;;; — w; (that is, only the values and indices of w,; that differ from w;).
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Figure 21: Uplink communication cost with M = 3 clients. The x-axis represents the total
communication cost of the clients (i.e., 3 times the communication cost per client).
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A.5 Accuracy

In Figure 25 (resp. Figure 24), we report both training and test accuracy for the MNIST (resp.
CIFAR-10) dataset.

A.6 Evaluation of EF21 and DIANA under different hyperparame-
ters

As already mentioned in Section 5, it was observed in [ ] that Algorithm 5 is particularly
sensitive to the batch size. However, on our models, none of the considered batch sizes yielded
favorable results, as shown in Figure 25. For this reason, all comparisons involving the EF21
method in our experiments use Algorithm ¢ instead of Algorithm 5.

For DIANA, a similar observation holds. However, we also tuned the relevant hyperparameters
of this algorithm, as shown in Figures 25 and

A.7 Variability Across Runs

Following the same experimental conditions as described in Section 5, we report the variability
of the test loss over 10 runs with different random seeds.

Table 5: Standard deviation of the test loss where C=Top-0.01.

Algorithm MNIST CIFAR-10
no compression  0.0039 0.0423
Algorithm 0.0257 0.0284
Algorithm 0.0045 0.0149
Algorithm 0.0201 0.0211
Algorithm 0.0074 0.0143
Algorithm 0.0138 0.0221
Algorithm 0.0140 0.0358

We observe that Algorithm ” has a lower standard deviation compared to the other algorithms.

B Proof of Theorem

This section is devoted to the proof of Theorem 4.3, restated below.

Theorem B.1 (Theorem 4.3). Assume A1-A2-A3 and that each f; is u-strongly convex and L-smooth
(see Definitions 4.1 and 4.2). Then, for any learning rate 0 < n < (1 + bﬁ—]&l)‘lﬁ, the sequence
(wy )0 generated by Algorithm 1 satisfies, for any t > 0,

nw+ L
2uL M

) pL N\ )
Efllwy —w* 7] < (1= 20222 ) Elllwo — w7 + 7

,U/+L (a(ﬁ_ 1) +60—2)7

where w* = arg minga f.
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Figure 23: Accuracy on MNIST dataset with M = 3 clients. First line: Total communication
cost. Second line: Uplink communication cost only. Third line: Donwlink communication
cost only.
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Figure 24: Accuracy on CIFAR-10 dataset with M = 3 clients. First line: Total communication
cost. Second line: Uplink communication cost only. Third line: Donwlink communication

cost only.
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Figure 25: EF21 (Alg. 5) under different batch sizes B with M = 3 clients.
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Figure 26: DIANA (Alg. 7) on MNIST under different batch sizes B and hyperparameters, with

M = 3 clients.
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no compression -- 36 epochs

|o+t4 %44

108 10° 10
communication costs (bytes)
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Figure 27: DIANA (Alg. 7) on MNIST under different batch sizes B and hyperparameters, with

M = 3 clients.

test loss

CIFAR10 Cc=Top-k with k=0.01 and B=128

‘- ¢ & Diana, a=0.25, B=0.25 -- 13 epochs
—k— C & Diana, @=0.25, f=0.5 -- 14 epochs
-~ ¢ & Diana, @=0.25, B=0.75 -- 16 epochs
—>¢ ¢ & Diana, a=0.5, 25 -- 14 epochs
107 4 € & Diana, a=0.5, 5 -- 12 epochs
== ¢ & Diana, a=0.5, B=0.75 -- 14 epochs
—e— ¢ & Diana, @=0.75, =0.25 -- 12 epochs
§ —— ¢ & Diana, @=0.75, =0.5 -- 12 epochs
I -@- c & Diana, @=0.75, =0.75 - 12 epochs
1 —— no compression -- 21 epochs
10! 4
\/_/
100 100 10%
communication costs (bytes)
o CIFAR10 c=Top-k with k=0.01 and B=512
@ c&Diana, @=0.25, f=0.25 - 42 epochs
—%— C & Diana, @=0.25, B=0.5 -- 21 epochs
-~ C & Diana, @=0.25, B=0.75 -- 20 epochs
—¢ ¢ & Diana, @=0.5, B=0.25 -- 21 epochs
6x10° ¢ & Diana, a=0.5, 5 -- 17 epochs
= ¢ & Diana, a=0.5, B=0.75 -- 26 epochs
—e— ¢ &Diana, @=0.75, B=0.25 -- 19 epochs
4% 10° —— ¢ &Diana, @=0.75, B=0.5 -- 15 epochs
-@- ¢ & Diana, a=0.75, =0.75 -- 16 epochs
3% 100 —— no compression -- 21 epochs
2x10°
107 10° 10° 10%
communication costs (bytes)
CIFAR10 ¢=Top-k with k=0.01 and B3=1024
- c&Diana, @=0.25, f=0.25 -- 11 epochs
—%— C & Diana, @=0.25, B=0.5 -- 29 epochs
-~ C & Diana, a=0.25, B=0.75 -- 44 epochs
—¢ ¢ &Diana, a=0.5, B=0.25 -- 27 epochs
¢ & Diana, a=0.5, B=0.5 -- 31 epochs
—¢— C & Diana, =0.5, 75 -- 18 epochs
10* 4 —e— ¢ & Diana, a=0.75, B=0.25 -- 22 epochs
g —— ¢ & Diana, a=0.75, B=0.5 -- 17 epochs
7 -@- C &Diana, a=0.75, B=0.75 -- 22 epochs
2 —— no compression -- 21 epochs

107 108 10° 10t
communication costs (bytes)
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We first recall the following property satisfied p-strongly convex and L-smooth functions.
Proposition B.2 ([ , Theorem 2.1.12]). For any p-strongly convex and L-smooth function
f:R* = R (see Definitions and 4.2), it holds, for any z,y € R,

(Vf(x) =V [f(y),r—y) >

e =yl + = IV @) = V)

nw+ L
Proof of Theorem 4.5. Lett € N and w* = arg min f be the unique minimizer (by strong convex-
ity). We have
s = w |2 = o = w2 = 29w — w ZDH1> ZDH

By Assumptions and A3, we have

EC((g1+1)7)] = El(g:11)"].

Therefore, using Assumption A3 again, it follows that
E[Di-i-l] = E[QZ-;—l] = E[V fi(w)].
Conditioning on w,, we obtain, using A3,
2
E [lhwees — ' [P) = E [Jlwn — " [?) — 208 G — ", V7 (u))] + [ 17 Z D] .
Using Proposition B.2 (since V f(w*) = 0), it becomes

E [Jwisn - w[’] < (1 - 2nﬂ—LL) E [llwr = wIP] = 2RIV S (w0

2] . 6)

* UQE[H M Z Din

Using again A3 and the fact that E[D; ;] = E[V f;(w;)], we have

[HMZDf+1

]

E[||V f (w)]I’] ZE D1 = V filw)”]- 7)

] = B9 @l +E[HMZDM v filw)

Using Al and A3,
E[|Dyyy — Viw)|’]

E[[ID; 1 1") = E[IV fi(we) |1’

[
= E[l|at;1D% + C((g:1) D)I?] — ElIV fi(wo) |17
= Efl|at 1 DiII”] + ElIC((g7:0)D)IP) = EIIV fi(wo) 1]
< Ellla41 Dill*] + BE(ll (g242) "] = E[IV filwe) |1
< BE[lls 1 D4l) + BE[l(gi ) 1) — B[V fi(wo) [P (8> 1)
= BE[llgilI*] = E[IV fi(w) "] < (8 = DE[|V fiw)|*] + Bo*.
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Going back to (7), we have

f-1y fo’
MM§jmﬂ]<mwvman o Y BV fiwn)|]+ S
i=1
By AZ,
p— B—1 po?
H“4§:DH1] (1 + 05 DRIV fw)) + o+ 2
Going back to (6) we have
st = wlP] < (1= 20-257 ) Bl - wrf?
B—1 2
#n(n(140557) = — BNV )
s B—1 , B0
+na i +1 i
Since n(l + b%) < m, we obtain
L b — , 302
%12 < ,u_ ok 2 [
Bl - 0] < (1= 20257 ) Bl - 0P+ o + S
Hence, noticing’ that n < ’;LLL , we have
pL .2 p+L
— 1—-2n—— ) E -1
= ) < (1= 2052 Bl = w 2] 4+ 0 S (05 = 1) + 0°)
The proof is complete. O

C Proof of Theorem

This section is devoted to the proof of Theorem 4.4, restated below:

Theorem C.1. Assume and that each f; is convex and L-smooth (see Definition 4.2). Then, for any
learning rate 0 < n < B —, the sequence (w,)>o generated by Algorithm 1 with deterministic gradients
satisfies, forany T > 1,

1 e o = w0t 1 )
E\f (g st >Z!|sz I,
t=0

where w* € argminga f is any optimal point.

>Note that our assumption n < (1 + b%)’lﬁ implies < ’;TL assoonas b(f —1) > 0or L > p.
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We consider deterministic gradient descent for Algorithm 1, i.e., we consider the following
scheme: fort > 0 and i € [M],

Di =0, wy€ R¢
Di = LS ' D (see the comment line ¢ of Alg. 1),

gt+1 = sz(lft) = a§+1Di + (9§+1)La with Di 1 (9§+1)La (8)
Diyy = a; Di + C((ngrl)L)
Wi = wy — &S Dy, t>0.

To prove Theorem 4.4, we first recall the following result.
Proposition C.2 ([ , Theorem 2.1.5]). A function f : R? — R is a convex, differentiable and
L-smooth (see Definition 4.7) if and only if it satisfies:

0< f4)~ f@) ~ (VS @)y —a) < Slhe—ylP, VayeR" ©
which is equivalent to
IVF(@) = VIWI* < L{Vf(z) = Vi), z —y), Vr.yeR" (10)

Our proof is inspired by the proof of | , Theorem 5.3].

Proof of Theorem 4.4. Lett € N. Denote by w* any optimal point (i.e., f(w*) = +; M filw*) =
/* = minga f). We have, by (8) and convexity,
2 A
lweer = w|]* = [lwr = w"||* - 2— (w —w’ Z D1) + M2 51> Dl
i=1
M

2
Ui Ui
< oy = w|? = 27 (wy = w’ ZDM MZHDHW

By Assumption A1,
M
Efllwe1 = w* %] < Efllwy — w|?) - 2B [ (wy -t VA )]+ —ZE DLl (D

Let i € [M]. By orthogonality and A1, it holds E[||Di,[|?] = E[||ai,,Di||> + [|IC((gi1)")|]*] and
E[IC((gi1)*) 2] < BE[]l(gi1,)* ] Hence, since 3 > 1,
E[[IDy41[1°] < BE[llat 1 Dill* + 1 (geya) 7] = BE[IV fi(wn) ] (12)

Using that ||z]|? = ||z — y||*> + ||y||> + 2(x — y,y) for any z,y € R?, together with Young’s
inequality, it holds, for any € > 0,

IV fi(w)|* = IV fi(wr) = Vfilw) P + IV fiw)|* + 2(V fi(wr) = V fi(w"), V fi(w"))
< IV filwe) = VIi(w)|* + IV fiw) |* + el V fi(we) = VFi(w")|* + %Hvﬁ(w*)ll2

= (14 IV Aiw) — V@) + (14 2) IV )P
< L+ QLT A = Vi), we—w) + (14 D) VL)

D9.3 Efficient Federated Fine-tuning | 56


https://www.fluteproject.eu/

(ule 52

nnnnnnnn

Hence, we have
E[ID 1) < B+ OLE[(VAi(wy) — Vi(w), we —w)] + B(1+ ) |VA@ (13)

Plugging (13) into (11), we obtain, using also that V f(w*) = 5; 22:1 Vfi(w*) =0,
LM
Efllwes — w7 < Elllw, — w2 - 20 [ (w — w*, = > V) - f))]
+ B(1+¢) Ln2E[< ZVfZ wy) Vfi(w*),wt—w*>]

L1+ h)EE an; ol

E[[lw; — w*[|*] + 77(5(1 +6)Ln = 2E[(V f(w) = Vf(w"), wy — w")]

L1+ DB anz e

Since n < ﬂ 7, there exists € > 0 such that n = ( 7. With this value, the last inequality reads
Eflwess = w*] < EfJlwe — w*|*] = nEKVf(wt) = Vi(w),wy —w")]

2 14

+51+6L2 Zum ). (14)

By convexity of f, —nE[(V f(w;) — V f(w*), w; — w*)] < —nE[f(w;) — f*]. Hence, from (14), we
obtain

nE[f (w) = ] < Efflw, — w*|*] = ElfJwes — w*|*] + B+ oL Z IV fi(w™) 1%

Introducing, for T' € N*, wp = =1 wy, we obtain, using the last inequality together with
& T “t= 0 & 9 y tog

the convexity inequality f(wr) < 7+ ZtT:Ol f(wy),

1 T-1
E[f(wr) — f] < T E[f(w:) — f7]
t=0
<y [l — w ) = Ellwsr — w|?] + . 19 fiw")I]
=T £ Wy —w Wiy1 — W /3 11 E)LQEM £ i

E[]|wy — w*|’] 7 )
nT + nB(1+ ¢€) L2 z:: IV £

VAN

Efflwo —w|I’]

where we used the non-negativity of the norm and the fact that 3(1 + ¢) L = 1. The proof is
complete. O
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