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Introduction

● Federated medical segmentation operates on siloed MRIs; 
severe non-IID client distributions and unequal data scales 
induce local drift and aggregation bias in the global model.

● Prior remedies (FedProx, SCAFFOLD, MOON) largely target 
classification and are not scale-aware nor spatially structured, 
which limits effectiveness for dense prediction (lesion 
segmentation).

● FSF3A: CLSL (modified Dice + localized contrastive alignment 
to the global model, repelling the prior local state) + ASWA 
(adaptive scale-aware weighting) stabilizes optimization under 
heterogeneity and improves robustness on heterogeneous 
brain tumor data such as UPenn-GBM, UCSF-PDGM, MSD.

   Motivation
● Federated brain-tumor segmentation (dense prediction) is 

challenged by non-IID client distributions 
(scanner/protocol/population shifts), data-scale imbalance, 
causing client drift, and unstable global convergence compared 
with classification settings.

● Prior FL remedies do not explicitly enforce spatial structure or 
voxel-wise alignment, leaving segmentation vulnerable to 
boundary errors, class imbalance, and representation 
mismatch across sites.

● We target local drift with client localized structural loss (CLSL), 
which couples a modified Dice term for spatial localization with 
a localized contrastive penalty that aligns the client’s current 
features to the server (global) encoder while pushing away the 
client’s previous state, improving cross-site representation 
consistency.

● The contrastive component operates spatially (region/voxel 
neighborhoods as positives) to preserve anatomical locality; 
negatives include historical local embeddings, stabilizing 
optimization without requiring raw data sharing.

● We address aggregation bias with Adaptive Scale-aware 
Weighted Aggregation (ASWA), assigning client weights 
proportional to effective data scale which improves fairness 
and round-to-round stability.

● Together, CLSL + ASWA reduce feature drift and aggregation 
variance, yielding consistent gains on UPenn-GBM, 
UCSF-PDGM, and MSD under strong heterogeneity.

 FSF3A: Methodology

● Each round: Server broadcasts global model → Clients train 
locally with CLSL → Clients return updates → Server aggregates 
with ASWA → New global model redistributed.

● Backbone: 3D U-Net for segmentation. Improvements come from 
the loss (CLSL) and aggregation (ASWA), not architecture 
changes.

Fig. 1:Architecture of the proposed FSF3A Framework
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Client Localized Structural Loss (CLSL):
It balances precise mask boundaries with global feature alignment 
by combining a spatial structure term and a localized contrastive 
term.

- Spatial Structure Consistency Loss enforce volumetric 
overlap and sharp, anatomically aligned boundaries by 
combining a soft Dice term with a 3D gradient-alignment penalty.

- Localized Contrastive Penalty Loss is patch-level InfoNCE 
that pulls the current local features toward the global 
model and pushes them away from the previous local 
state, promoting alignment without losing locality:
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Adaptive Scale-aware Weighted Aggregation (ASWA):

A server-side aggregation rule that minimizes update variance 
under client size heterogeneity by weighting each client’s 
contribution by its effective data scale, with optional tempering 
and smoothing to prevent dominance and improve stability.

where γ are coefficients that determine the relative contributions of 
contrastive terms. This balance ensures that the local model learns 
spatially consistent segmentations while preserving alignment with 
the global model.

- Modified Dice Loss: An ε-smoothed 3D soft-Dice objective that 
computes voxel-wise overlap across ((i,j,k)) between (y_true) and 
probabilistic (y_(pred), mitigating class imbalance and stabilizing 
gradients when overlap is small: it replaces hard intersections with 
summed products and adds (\epsilon) to avoid division by zero.

with symmetric/zero padding at borders. The per-axis gradient 
consistency losses use voxelwise MSE:

The overall penalty averages the axes:

● sim_(pos) (pres ↔ serv): Exponentiated cosine similarity 
between the current local and global patch; higher 
values promote alignment of client features with 
cross-client aggregates.

● sim_(neg) (prev ↔ pres): Exponentiated cosine similarity 
between previous and current local patches; higher 
values penalize temporal inertia, encouraging meaningful 
updates.

UCSF-PDGM (Client-1):

● 500 subjects; WHO grade 2–4 diffuse gliomas.
● Standardized 3T pre-op mpMRI (T1/T1ce/T2/FLAIR).
● Diffusion & perfusion MRI.
● Multi-compartment tumor segmentations.
● Tumor genetics, treatment, and survival metadata.

UPenn-GBM (Client-2):

● 630 patients with de novo GBM.
● mpMRI + demographics, outcomes, genomics.
● Longitudinal progression data.
● Computer-aided + expert-refined labels for multiple tumor 

sub-regions.

MSD (Client-3):

●  It consists of BraTS 2016–2017 subset, 750 brain-tumor 
mpMRI volumes (GBM & LGG) .

● Expert-annotated tumor substructures.

Dataset Details

- Gradient Alignment Penalty: To complement Dice overlap with 
sharper boundaries, we penalize mismatches between the spatial 
gradients of the prediction and ground truth. Let forward finite 
differences define voxel-wise gradients along each axis:

Data Distribution: 

We simulate a 3-client FL setting: Client 1: UCSF-PDGM, 
Client 2: UPenn-GBM, Client 3: MSD (BraTS subset). 

- Client 1 provides multi-parametric pre-op gliomas (grades 
II–IV). 

- Client 2 focuses on de novo GBM with diverse 
demographics.  

- Client 3 mixes GBM + lower-grade gliomas across 
scanners yielding realistic non-IID distributions.


