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UCSF-PDGM, and MSD under strong heterogeneity.
FSF3A: Methodology

e 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.
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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.

Table 4: Ablation results of different components of FSF3A.

Approach Dats Dice T loU T Prec. T Sens. T
ASWA UCSF PDGM 0.77:0.03 0.62:0.06 0.30£0.02 0.7210.02
UPenn GBM 0.75:0.01 0.62:£0.03 0.76£0.03 0.7710.02
MSD 0.79£0.01 0.65£0.02 0.79£0.04 0.83110.03
CLSL UCSF PDGM 0572001 0.48:0.04 0.62:0.02 0.6810.01
UPenn GBM 0.53:0.02 0412002 0.59:0.03 0.5210.02
MSD 0.56:£0.03 0.51:0.03 0.62:0.02 0.6210.03
FSF3A UCSF PDGM 0.8620.03 0.7720.04 0.8610.04 0.8510.04
UPenn GBM 0.92:0.03 0.82:0.03 0.901£0.01 0.8840.02
MSD 0.9120.01 0.8420.05 0.9320.02 0.9040.03

More Empirical Analysis

Client Localized Structural Loss (CLSL):

Table A2: Different segmentation models within FSF3A.
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where y are coefficients that determine the relative contributions of
contrastive terms. This balance ensures that the local model learns

Table A4: Sensitivity analysis of FSF3A
Parameter Value UCSFPDGM UPenn-GBM
0.1 0.84
0.3 0.86
0.5 0.89
0.87

MSD
0.85
0.87
0.91
0.88

0.83
0.85
0.87

Dataset Details

T (temperature)

Table A3: Same dataset across all clients within FSEF3A.
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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) .
e Expert-annotated tumor substructures.

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

We simulate a 3-client FL setting: Client 1: UCSF-PDGM,
Client 2: UPenn-GBM, Client 3: MSD (BraTS subset).
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- Client 1 provides multi-parametric pre-op gliomas (grades
[-1V).

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

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