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Abstract

Cross-silo medical imaging federations must contend with
strict privacy, limited bandwidth, and non identically dis-
tributed (non-IID) data that destabilize training. Current fed-
erated learning (FL) architectures either carry the full model
(e.g., FedAvg/FedProx) or use naive client/layer pruning and
random sampling while ignoring both non-IID heterogene-
ity and per-layer utility. Based on these limitations, the paper
presents a data-aware, layer-wise protocol that aligns commu-
nication with expected loss descent while bounding per-round
client leverage. Each round, the server estimates per-layer in-
fluence from a tiny root set, and clients expose lightweight
metadata to form data-quality scores. A capacity-constrained
entropic transport matches high-influence layers to high-
quality clients under redundancy and temporal coverage.
Clients train all layers but upload exactly one with train-all,
send-one principle. The server then performs per-layer robust
aggregation on masked updates via secure aggregation. On
the three cross-silo imaging benchmarks of Pneumonia CXR,
Brain-Tumor MRI, and ISIC Skin Cancer, it demonstrates
a strong threshold free detection quality (AUROC/AUPRC:
0.925/0.935, 0.996/0.988, 0.834/0.852, respectively) while
also reducing the per round up-link by = 1/n with respect to
FedAvg (e.g., = 10x with 10 clients) by only receiving one
layer per client. Indicating its viability for deployment-grade
secure aggregation for hospital networks.

Introduction

Medical imaging is a leading application area for collabora-
tive model training, yet strict governance and localization
constraints often prevent centralized data pooling. Feder-
ated learning (FL) offers a principled alternative by enabling
multi-institutional training without raw data exchange, and
several comprehensive reviews and domain-specific stud-
ies have documented its feasibility across classification, de-
tection, and segmentation tasks in clinical contexts (Guan
et al. 2024; Sandhu et al. 2023; Rehman et al. 2023). How-
ever, cross-silo settings are inherently heterogeneous ow-
ing to challenges like differences in scanners, acquisition
protocols, populations, and labeling practices, which in-
duce strong non identically distributed (non-1ID) effects that
slows convergence and reduce out-of-distribution general-
ization when treated with uniform schedules (Alekseenko,
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Karargyris, and Padoy 2024; Rehman et al. 2023). These ob-
servations motivate designs that adapt to data heterogeneity
while remaining mindful of privacy, robustness, and opera-
tional constraints typical of hospital networks.

A second, practical challenge is bandwidth. In medical
imaging, high-resolution inputs drive large backbones, and
communication, not computation, often dominates the train-
ing wall clock. This has spurred partial-model synchro-
nization strategies that exchange only a subset of parame-
ters each round. Layer-wise adaptive aggregation, like Fed-
LAMA varies synchronization frequency at the layer level to
reduce bandwidth with minimal accuracy loss (Lee, Zhang,
and Avestimehr 2023). More recent results on partial net-
work updates indicate that restricting each round’s exchange
to selected layers can accelerate convergence and cut mes-
sage size, while preserving end accuracy (Wang et al. 2024).
A broad survey of aggregation techniques likewise con-
cludes that parameter importance is not uniform and that
prioritizing what to exchange can outperform monolithic
averaging (Qi et al. 2024; Guan et al. 2024). Formally,
for a model with P parameters partitioned into L logical
groups, exchanging a single group per round reduces uplink
from O(P) to O(P/L). This happens when low-influence
groups are deferred, and thus, the amortized cost can be
even smaller. This turns communication into a first-class op-
timization variable.

Orthogonal to efficiency, robustness and fairness are cen-
tral to clinically deployable FL. Byzantine-resilient ag-
gregation methods (for example: coordinate-wise median,
trimmed mean, and recent robust M-estimators) provide
non-asymptotic guarantees and favorable breakdown behav-
ior under adversarial clients. Although their performance de-
pends on the data regime and on limiting any single partic-
ipant’s per-round influence (Li, Ngai, and Voigt 2024; Bao,
Wu, and He 2024). Fairness-aware approaches have con-
currently addressed gradient-direction conflicts at the layer
level to avoid global updates that benefit only a subset of
clients. This improves per-client parity while retaining ac-
curacy (Pan et al. 2024). Empirical evidence from medical
segmentation and personalization shows that explicitly ac-
counting for cross-site distance and client drift yields better
generalization and personalization than uniform schedules
(Alekseenko, Karargyris, and Padoy 2024; Xie et al. 2024).
Collectively, these results argue that which layer is updated



and who updates it should be decided jointly, under explicit
fairness and robustness constraints.

Security requirements further constrain design choices
(Banerjee et al. 2024), (Ahamed et al. 2025a), (Ahamed et al.
2025b). Secure aggregation, for example in SecAgg has be-
come the de-facto protocol to conceal individual client up-
dates while revealing only their sum to the server (Bonawitz
et al. 2017). Newer schemes improve verifiability and ef-
ficiency at scale, which is especially relevant for imag-
ing backbones and partial updates where large vectors are
masked and combined frequently (Behnia et al. 2024). In
parallel, end-to-end system studies and surveys in health-
care FL continue to emphasize that robustness, fairness, and
verifiability must co-exist with realistic scheduling and net-
working assumptions to be viable in practice (Qi et al. 2024;
Guan et al. 2024), (Ahamed et al. 2025¢). Encouragingly,
recent multi-institution evaluations comparing FL and cen-
tralized training (CL) under matched protocols report that
FL can meet or approach CL performance at substantially
lower data-sharing risk. In some tasks, FL even match CL
with fewer training epochs when using appropriate optimiz-
ers and clipping strategies (Kim et al. 2025).

The above discussions highlights the fact that communi-
cation reduction, robustness, and fairness, treated in isola-
tion, do not fully address the realities of cross-silo medical
imaging. Partial synchronization reduces bandwidth but usu-
ally ignores who should update which parts of the network
in a given round. Similarly, robust aggregation curbs outliers
but often operates at the full-model granularity, allowing any
single client to exert wide influence. Finally, fairness meth-
ods steer the global update direction but are rarely coupled to
communication budgets or to per-layer importance. To sum-
marize, the challenges that remain in practical deployments
are: (i) layers contribute unequally to loss descent, (ii) clients
differ markedly in data utility and sample size, and (iii) hos-
pitals require strict privacy with lightweight telemetry. A
workable solution must therefore couple layer importance
with client quality, explicitly bound per-round leverage, and
integrate robustness and secure aggregation. It needs to keep
the wire cost proportional to the selected layers rather than
the full model.

Motivation and Novelty

Prior works have addresses issues of partial synchronization,
robustness, and fairness in isolation. The schemes leaves a
gap where scheduling decisions are decoupled from the cur-
rent value of layers and the current utility of clients. In prac-
tice, layer relevance and client utility drift over rounds. Thus,
static or heuristic schedules misallocate bandwidth, starve
important layers, and induce oscillations in the global up-
date. A complete end-to-end umbrella that couples marginal
utility (per layer) with contributor quality (per client) en-
forces redundancy and coverage to smooth dynamics.
Motivated by aforementioned discussions, in this paper,
we introduce a data-aware scheduler that turns these require-
ments into a single assignment problem. Per-round influence
signals (per layer) and quality signals (per client) feed a
capacity-constrained, entropic transport that maximizes ex-
pected loss descent per communicated parameter. Then it
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rounds to a stable one-update-per-client plan. This design
explicitly bounds per-round leverage at the layer level and
pairs it with redundancy and per-layer robust aggregation
executed inside secure aggregation. This tightens breakdown
behavior without exposing individual updates.

Contributions and Layout
The contributions of the article are enumerated as follows.

* A per-round scheduling is formulated as a single as-
signment that couples layer influence (server-side, EMA
of gradient energy on a tiny root set) with client data
quality (lightweight accuracy and size metadata). A
capacity-constrained, entropic transport with redundancy
and sliding-window coverage yields a soft plan that
we discretize to one-layer-per-client, aligning bandwidth
with expected loss descent.

» Based on the assignment, a train-all, send-one protocol is
adopted so each client affects only one layer per round,
then perform per-layer robust aggregation under secure
aggregation.

* We provide a drop-in implementation, communi-
cation/compute profile, and ablations, The design
is framework-agnostic and compatible with standard
secure-aggregation backends used in cross-silo hospitals.

Section 2 formalizes the cross-silo setting and the schedul-
ing objective. Section 3 details the pipeline: the layer-
influence estimator, client data-quality scorer, and the
entropic-OT matcher with discretization. Section 4 presents
the evaluation details with discussions. Finally, section 5
concludes the article with future extension of the work.

System Model and Problem Formulation

The section discusses the system model and problem formu-
lation in the cross-silo setting.

System Model
We are considering a cross-silo federated environment with
a server and clients C = {1,...,C} jointly training a deep

model with parameters § = {0y }¢c, where £ denotes log-
ical layers/groups (e.g., residual blocks). Time proceeds in
rounds ¢t = 0,1,.... Each round, every selected client ¢
initializes from the current global model &%, performs lo-
cal training on its own private data D, updating all lay-
ers, and uploads only one assigned layer’s model delta. Let
L(e,t) € L denote the assigned layer for client ¢ at round ¢,
and S} = {c € C : L(c,t) = £} the set of clients assigned
to layer £. The layer-wise client delta and server update are

AGE = 070 0}, (M
0t =0f+ nAggé({Aeéc’t) i c€e Sé}) ., (@

where ) > 0 is a server step size and Agg,(-) is a robust per-
layer aggregator (e.g. coordinate-median or trimmed-mean).
The untouched layers (with S} = @) will be pulled forward,
with potentially some momentum decay implemented.

To curb poisoning and decrease variance, we use redun-
dancy r > 2. Thus, |S}| > r for critical layers and also




enforce coverage ensuring each ¢ is updated at least once
in any block of H rounds. Communication uses secure ag-
gregation (over the transmitted layer vectors) so individual

Aﬁéc’t) are masked exposing the server to the aggregate

Z (Aﬁéc’t) + maskgz), Z maskgé =0, 3)

ceS} ceS}

m® —

after which Agg, in (2) is applied to the recovered (un-
masked) updates.

Problem Formulation

The goal is to determine who publishes which layer each
round so we can maximize global loss descent while pro-
tecting against bad clients. We introduce (i) layer influence
I} calculated server-side (e.g., EMA of per-layer gradient
energy on tiny root data set) and (ii) client data-quality Q.
(e.g., validation utility with shrinkage/EMA plus a sample-
size term). Let }, € {0,1} be assignment (z}, = 1 <
L(c,t) = £). We view scheduling as an influence x quality
match with redundancy and coverage.

max Y Y I Qr g
{zel ISt ecc
2
— )\1 Z [7‘ - Zcec Z‘EC}J’_
el
t
uxle > oval e
el T=t—H+1 ceC +
st Y oap, <1, VeeC,  ap,€{0,1}. (5

LeLl

where [-]; = max(0, -); the first penalty promotes per-layer
redundancy > r and the second enforces coverage over a
sliding window H. By matching high-influence layers with
high-quality clients, the effective gradient signal is concen-
trated and variance is reduced, thus leading to faster conver-
gence.

Security and robustness are strengthened by limiting
leverage in each round to a single layer (leveraging both
reweighting and overlapping multiple clients through redun-
dancy via robust M-estimation). Writing U} = {Aﬁéc’t) :
¢ € S}} and a robust loss py, the per-layer aggregate
solves which bounds the influence of a Byzantine fraction
0 < B < % per layer (per layer henceforth referring to
as the breakdown point of py), but preserves the learning
progress, guaranteed by the assignment program (4)—(5).

Proposed Approach

In this section, we first present our data-aware layer-wise
federated training pipeline. We then present the train-all,
send-one with per-layer robust aggregation and redundancy,
and finish with communication, compute, and complexity
analysis.

Overview

Our data-aware layered federated training consists of three
embeddings: (i) layer-influence estimator, (ii) data-quality
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scorer, and (iii) layer—client matcher with robust aggrega-
tion, as shown in Fig. 1. On the server, the layer influence
estimator computes the influence of a layer based on the
level of influence and a small root set, and maintains expo-
nentially smoothed influence scores. At the client, the data-
quality scorer condenses a local validation performance and
sample-size into a single scalar without revealing any raw
data. Based on these signals and some protocol parameters
(e.g., redundancy r and coverage window length H), the
layer-client matcher gives a next-round list of (client, layer)
pairs, one layer per client, via an influence x quality assign-
ment; clients train all layers, but only upload the delta from
their assigned layer using secure aggregation, and the server
applies a robust per-layer or client-level reducer to modify
the global model.

Influence
Estimator

Global Model

Data Quality
Scorer

D)

Uploads
assigned
layer /

Uploads
assigned
layer /

Layers Assigner
= Broadcast GM
Send layer grad

BEA

Hospital n

= Send Metadata

Hospital 2

Figure 1: Schematic illustration: the server estimates per-
layer influence (on a small root set) and client data quality,
assigns one layer per client, then aggregates per-layer up-
dates to refresh the global model.

Data Aware Layer Assignment

This module decides which client uploads the gradient of
which layer in round ¢ so that the server receives exactly one
layer update per participating client while prioritizing layers
that most influence the loss and clients whose data is most
informative.

Server side layer influence: Let g,(z,y;6%)
Vo, L(for(x),y) be the gradient of the loss w.r.t. layer ¢ at
the current global model. Using a tiny server root minibatch
B, C Dy, we estimate and smooth the per-layer influence
and then normalize across layers as shown in Equation 6.

~ 1
Izt = ﬁ Z ||g£($7y;9t)’|27
el B
z,y)EB,
If=(—-p) I 4o,
e —Jd ®)
‘ €+ D ker e



Server side client data quality: Each client ¢ returns
only lightweight metadata m! = (a!, n.,u!) consisting of
validation accuracy a! on a small challenge set (or local
hold-out), local sample count n., and an optional utility sig-
nal u! (e.g., recent loss drop per unit time). The server forms
a stabilized, size-aware score and applies EMA,

IC\Z% =1 =XNal+ra’, ()
jec
Ne t ~t t
Se = —————» g =0, +asc+ pug, (8)
man Uz
Qe=01-0)Q " +oq;, Qi+ clip(Q,0,1).

©))

We henceforth use I/ and Q! as the normalized influence
and quality scores inside the assignment.

The server decides who uploads which layer at round t
using layer influence and client data quality. Given per-layer
scores [ 5 > 0 and per-client scores Qz > 0, we form a
weight matrix W' € RIF*IC with entries W, = It Q!
and encode coverage and fairness via time-aware modifiers
ub =1 +Bmin{1, Hp }and ol =1 —WXC’ where t,
is the last round layer ¢ was updated and x’ counts recent
critical-layer assignments of client c. We then compute a soft
assignment X by solving an entropic, capacity-constrained
transport that respects per-layer redundancy a, = r and per-
client capacity b, = 1:

Xt—argmax<log(€+(u o e)) >

upd

Wt
— TZX(C(IOngC — 1)
l,c
X =X (10)
st. X1=a, XT1=h.

Here ¢ > 0 stabilizes logs, 7 > 0 is the entropic tem-
T
(r,...

perature, A > 0 smooths via Ytil, a
and b = (1,...,1)T. With kernel K =
Sinkhorn form is
X" = diag(p) K diag(q),
p—a®(Kq), q«bo (K p).
We discretize via maximum-weight b matching (or random-

ized Birkhoff rounding). Let M be {0,1} matrices with
>oxee=rand ), xp < 1;then

i)
exp(W?t/7), the

(1)

X WX E[XL. ]~ X!, (12
disc € g )IPE%<W s >a [ dlsc] ’ ( )
and L(c,t) = {¢: Xj.. o = 1}. This couples what to up-
date with who should update it, while enforcing redundancy
and one-layer per client capacity.

Client Update and Per-Layer Aggregation
Given the discrete assignment X, . from the previous sub-

section, each selected client c¢ receives the current global
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Algorithm 1 Data Aware Layer Assignment

0, layers L, clients C, root set Doy, metadata {mc
(al,ne,ul)}, last-updated {¢P*}, fairness counts {x!}, params
T, H p7)‘ T, € Q, W, 0, B ’demC?{SZ} L(C t)

> Layer inﬂuence (EMA, norm on root minibatch) Sam-
ple B, CDy; I}« ﬁz(x,y)e& Vo, L(for (), y)|l2, V¥,
I —p) IV plts 1 (e + 3, 1Y)

> Client quality (shrinkage + EMA) a' «+ ﬁZJ af,
Smax ¢ max;n;; ¢ € Cal + (1 —Nal + Aa'; s+
Ne/Smaxs 4f < al+asc+puls QL (1-0)Ql " +oqks
Q¢ +clip(Q¢,0,1);

> Transport weights and capacities u} <+ 1+ S min{1, (t—
PN HY, vl e~ 1—yxt; Whelog(et(u'al) (v'eQ!)T);
K+exp(W?t/7); a<(r,...,7), b (1,...,1);

> Sinkhorn scaling (entropic OT) p<—1, q < 1; marginals

not met p + a @ (Kq); ¢ « bo (KTp); X' «
diag(p) K diag(q);

> Discretization — and  schedule Xl —
MAXWEIGHTBMATCHING(W *;a = 7 b = 1) or
RANDOMIZEDBIRKHOFF(X!); Sf —{c: Xisene = 1}

v Lie,t) {01 Xbipo =1}, ¥e;

{8}, Lie,t)

dlsc7

model §* and performs local training on its private shard for
E epochs (Adam, step size 10~*, cross-entropy), updating
all layers to produce #(©!). After training, client ¢ evaluates
a held-out split to obtain validation accuracy a, and reports
metadata (a’, n.). The server then computes a size-aware
quality score as a convex blend of accuracy and normalized
sample mass,

e

13)

Se¢ = )
maxi;ec 1;

Ql=(1-w) w € [0,1]. (14)

(optionally clipped to [0, 1]) to stabilize noisy estimates from
small shards while rewarding data coverage.

On the server, layers are grouped by parameter-name pre-
fixes (e.g., convl,bnl, layerl.0.,...).Per-round layer
influence is computed by averaging the ¢ norm of gradients
over a few server-side batches:

B 2 2 lver

(z,y)€B; peL
where B; C Dy and | By| < Mips.

Here M;,¢ is a small cap on the number of server batches
used for influence estimation (e.g., Min¢ € [5, 10]) to control
compute and stabilize variance.

Groups are sorted by I} (descending). Iterating in this or-
der, the server selects for each group ¢ the best available
client by data quality,

¢*(0) € arg max Q, (16)

t
a,+ wSe,

(for (z 5)

), 9],

assigns that client to £ (one layer per client until the pool is
exhausted, then the pool is reset), and updates the group’s
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Figure 2: Top-k per-layer influence trajectories (EMA of /5 gradient norms per logical layer) across federated rounds under
our data-aware layer scheduler: (a) Brain Tumor MRI, (b) Pneumonia CXR, (c¢) Skin Cancer (ISIC). The curves illustrate
an early superiority of shallow layers that is then overtaken by mid/deep layers as the representations stabilize; the sporadic
spikes illustrate when layers are reassigned critical to quality clients, and the overall decay and reduction in variance indicate

convergence.

parameters by a convex blend of global and client weights:

0,7 = (1-a)0f + at" DY, ae(0,1) (aLPEA).

(a7

All other groups use their previous values (carry-forward).
This realizes the implemented “train-all, send-one (server-
chosen)” protocol with one client per group and blended
per-group aggregation rather than explicit delta averaging
or redundancy.

Experimental Evaluation
Experimental Setup

Dataset Description and model We evaluate on three
medical image classification benchmarks: (1) Pediatric
Chest X-ray (AP) from Guangzhou Women and Children’s
Medical Center (Kermany, Zhang, and Goldbaum 2018); (2)
ISIC Skin Lesion (benign vs. malignant) with 1,440 benign
and 1,197 malignant dermoscopic images (Rotemberg et al.
2021); and (3) Brain Tumor MRI with four classes namely
glioma (1,321), meningioma (1,339), no-tumor (1,595), and
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pituitary (1,457) (Nickparvar 2021). All images are resized
to 224x224; grayscale modalities are replicated to three
channels and normalized with ImageNet statistics. Unless
noted otherwise, we federate 10 clients via an uneven, class-
skewed partitioner (each client eats between 2—15% of the
corpus) and utilize an 80/20 train/validation split locally.
The backbone is ResNet-18 tenured from scratch with cross-
entropy (He et al. 2016).

Analysis w.r.t per-layer influence Across all three
datasets as shown in Fig. 2, the top-k layer-influence trajec-
tories start off with relatively high influence in the stem and
early blocks and incrementally transition mid/deep blocks
and the classifier head later in the experiment, as features
stabilize. Brain Tumor MRI traverses the influence space
sooner, suffering larger amplitude oscillation while Pneu-
monia CXR travels a more gradual path with smaller dy-
namic range, both consistent with the potential visual sig-
nals. Impulses intermittently indicate rounds when the in-
fluence of the influential layers is reassigned to stronger
clients by the scheduler. After these rounds, both magnitude
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Figure 3: Layer—client assignment heat maps for (a) Skin Cancer (ISIC) , (b) Brain Tumor MRI, and (c) Pneumonia CXR,
where each pixel displays which client uploaded the gradient of a given layer (conv. and batch normalization) at round ¢ (x-
axis), color-coded by client ID. The patterns rotate, rather than lock in, indicating selection driven by influence with fairness,
when critical layers repeatedly align to high-quality clients, while updates are not being monopolized by a single client.

and cross-layer variance dissipate, implying convergence in
later rounds. These trajectories afford evidence to our design
goal: to learn which layers matter when, and assign to whom
can best improve them.

Threshold-free detection quality We report AUROC (area
under the ROC, i.e. TPR-FPR trade-off across thresh-
olds) and AUPRC (area under the Precision—Recall curve,
more informative under class imbalance). Pneumonia CXR
achieves AUROC = 0.9249, AUPRC = 0.9347; Brain Tu-
mor MRI is near-perfect with AUROC = 0.9955, AUPRC
= 0.9881; Skin Cancer (ISIC) is moderate at AUROC =
0.8344, AUPRC = 0.8515. The tighter AUROC/AUPRC
pairing on the CXR/BRAIN MRI suggests strong ranking
and precision under skew, while dermatology remains now
significantly harder (fine-grained classes, variable imaging)
and opportunities this continues to leave open for attribution
to additional richer augmentations or domain priors. Over-
all, the figures imply strong discrimination without thresh-
old tuning across tasks.

Communication comparison with FedAvg Let ||¢|| denote
the model size (in bytes) and n be the number of clients. In
FedAvg, the per-round uplink is

Cleanve = 1 101I- (18)

In our scheme, each client uploads exactly one disjoint layer
so the server receives about one model in total:

Caus ~ 1101 (19)

T
Cours

1

cl . . .
Hence, = =~ -, i.e.,a relative reduction of 1 —

FedAvg

"T_l in per-round uplink compared to FedAvg.
Assignment Entropy & Fairness We see a significant
amount of assignment entropy in Fig. 3, that is, in most lay-
ers the participants assigned for layers shift across rounds
frequently, which indicates that it was predominantly dy-
namic scheduled, not a static partition. For the early rounds
we see short dwell times for shallow layers, while medium
and deeper layers show short 2-3 round streaks after that, in-
dicating temporal coherence in that the influence/staleness

~ ~
~ ~

FedAvg
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is at its peak. The color pattern across rows/columns are
typically evenly allocated, indicating relatively uniform lev-
els of participation and abiding by considered fairness con-
straints. The short vertical bands indicate that participants
are never committing to many rounds in sequence, and we
have a reasonably reliable defense against a potential “lock-
in” of clients with minimal threats of single poisoning.

Global Model Accuracy Across Datasets

0.9 A
o
© 0.8 A
S
O
(9}
< 0.7
= Skin Cancer
=== Brain Tumor
0.6 = Ppneumonia
0 10 20 30 40 50
Round

Figure 4: Global model accuracy vs. federated rounds on
three datasets: Skin Cancer (ISIC), Brain Tumor MRI, and
Pneumonia (Chest X-ray).

Conclusion

We presented a data-aware, layer-wise federated learning
framework in this paper specifically designed for cross-silo,
medical imaging. Our scheduler combines per-layer influ-
ence (expected mean absolute value of energy during train-
ing on a tiny server root set) with per-client data quality
and solves a capacity-constrained continuous entropic as-
signment problem to decide every round who will upload
which layer; clients can train-all, then send-one, and the



server facilitates a robust per-layer aggregation under se-
cure aggregation with bounded leverage per round. Across
Pneumonia CXR, Brain Tumor MRI, and ISIC Skin Can-
cer with AUROC = 0.925, 0.9955, 0.8344 respectively, the
method demonstrated effectiveness, all while forming a de-
crease, and taking per round uplink a capability-over-time,
and increasing parity and stability of assignments. These re-
sults encompass alignment of extrapolated expected loss de-
scent and contribute to deployment-friendly efficiency, ro-
bustness, and fairness for hospital networks. Future research
will assess budgeted considerations for multi-layer assign-
ments and personalization heads, along with the application
of formal convergence and robustness guarantees under se-
cure aggregation.

Appendix

The complete source code for our proposed data-aware
layer assignment framework, along with all experimental
configurations, dataset preprocessing scripts, and hyper-
parameter settings, has been made publicly available. The
repository includes the necessary instructions to replicate
the results presented in this paper for all three medical
imaging benchmarks. The implementation can be accessed
at our GitHub repository: https://github.com/gsai21/Data-
Aware-Layer-Assignment-for-Federated-Learning-for-
Medical-Image-Analysis.
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