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Overview

Task: classify EEG trials (motor imagery), e.g. left/right hand, tongue, feet, rest.

Models: two architectures, two geometries:

EEGnet [1]

Euclidean architecture

on raw signals

vs

SPDnet [2]

Riemannian architecture

on covariance matrices [3]

Challenge: EEG recordings cannot be centralised (confidentiality)

−→ federated learning.

Proposal: Geometry-preserving FedSPDnet vs FedEEGnet.

Why Riemannian geometry for EEG?
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SPDnet: a Riemannian network that classifies SPD matrices

Input

Σ0

BiMap

W

ReEig

(ε) LogEig
softmax

ξ, β
Output

ŷ
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BiMap: Σ←W>ΣW , W ∈ Std0,d1 orthogonal (d1 < d0) (reduction)

ReEig: Σ← U max(εI, Λ)U> (non-linearity)

LogEig: lift to the tangent space at the identity, then softmax. (classif)

Parameters θ = (W, ξ, β) live on a product manifold M = Std0,d1 × RK×d1(d1+1)/2 × RK.

Federated learning: where the geometry breaks
Goal: find

θ? ∈ arg min
θ∈M

{
F (θ) = 1

N

∑N
i=1 Fi

(
θ;D(i))}

At each round t = 0, . . . , T − 1:
1. Sample St ⊂ {1, . . . , N}, |St| = k, uniformly at

random w.o.r. (green).

2. Broadcast θt to every client i ∈ St.

3. Local Riemannian optimisation: E epochs,

staying onM
4. Return θ

(i)
t ∈M — raw data never moves.

5. Aggregation: form θt+1 ∈M.

FedAvg [4]: θt+1 = 1
k

∑
i∈St

θ
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t
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An arithmetic mean of orthogonal

matrices is not orthogonal.

The Riemannian mean W̄
R
has no

closed form, only an iterative

solve.
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Local Riemannian optimisation
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Gradient-based descent

Euclidean:

θ ← θ − η∇Fi(θ)
Riemannian:

θ ← Rθ

(
− η grad Fi(θ)

)
∈M

Proposed closed-form Stiefel aggregations

Following [5], we approximate the Riemannian mean. For every BiMap weight:

ProjAvg — average in the ambient space, project back:

W t+1 = Π
(

1
M

∑
i∈St

W
(i)
t

)
RLAvg — lift, average in the tangent space, retract:

W t+1 = RW t

(
1

M

∑
i∈St

LW t

(
W

(i)
t

))
Closed-form: one polar decomposition per layer per round, cost O(Mnchand + nchand

2).
Orthogonality preserved.

Optimizer-agnostic: clients may use any manifold-aware solver.

Experiments and results

Two MOABB motor-imagery datasets [6], one population-level model per dataset.

Weibo2014

Subjects / channels / classes 10 / 60 / 7

Clients N (2 subj. each) 5

SPDnet d1 / ε 22 / 10−1

PhysionetMI

Subjects / channels / classes 103 / 64 / 4

Clients N (2 subj. each) 53

SPDnet d1 / ε 18 / 10−2

Band-pass [8, 32]Hz; local split 75/10/15; Adam (lr 10−3, batch 64); 300 centralised epochs, T=150 rounds
×E=2 local epochs; full and half participation (M = bN/2c); 10 seeds.

Baseline: EEGnet [1] operating on raw signals + FedAvg.
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Full participation; shaded bands: ±1 std over 10 seeds.

Weibo2014

FedEEGnet FedSPDnet ∆

# params 5303 4715 −11%
Centralised 50.7± 1.5 51.7± 0.8
Federated, full 39.9± 2.4 43.3± 1.0 +3.4
Federated, half 36.4± 4.1 41.2± 0.8 +4.8

PhysionetMI

FedEEGnet FedSPDnet ∆

# params 3284 2452 −25%
Centralised 50.8± 0.7 43.1± 0.5
Federated, full 38.3± 1.8 39.5± 0.6 +1.2
Federated, half 38.0± 2.7 39.5± 0.9 +1.5

Test F1 (%), mean ± std over 10 seeds. FedSPDnet uses ProjAvg.

ProjAvg ≈ RLAvg. Both markers sit on the same curve; ProjAvg is preferred, it stores no previous

iterate.

Less is lost to federation. FedSPDnet gives up 8.4 / 3.6 F1 points from its centralised score, against

10.8 / 12.5 for FedEEGnet — on PhysionetMI it loses centrally yet wins once federated.

Robust. Half participation costs FedSPDnet ≤ 2 points against 3.5 for FedEEGnet, with lower variance.

Conclusion

FedSPDnet: two closed-form, geometry-preserving aggregations — ProjAvg is

computationally cheaper.

FedSPDnet beats FedEEGnet on two EEG benchmarks: less lost to federation,

faster convergence, robust to partial participation, fewer parameters per round.
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Riemannian toolbox on Stiefel
Stp,k = {W ∈ Rp×k : W>W = Ik}, with the ambient Frobenius metric
〈ξ, η〉 = tr(ξ>η).

Riemannian gradient: grad F (W ) = ∇F (W )−W
(
W>∇F (W )

)
sym

Projection-based retraction: RW (X) = Π(W + X) (Π = polar

projection)

Lifting: LW (W ′) = W ′ −W
(
W>W ′)
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