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Introduction
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Why Federated Learning?

[ []] [11]]
Sat.1
[ []] H 1] [ 111 [11]]
Sat.2 Sat.3
Hospital 1 Hos ltal2 Hospital 3
EEG data EEG data EEG data
Naive centralized approach:
( Pool data | Evaluate J
Distributed data Heterogeneous Partial participation Privacy constraints | No raw sharing

3/35



What is Federated Learning ?

Goal: 6* = arg mi”eeRd{F(e) = %ZI’,\’ZIFI(Q;D(I'))}_
Workflow: random init., T communication rounds

Broadcast. Server sends 0; to sampled subset S; C[N].

Server
O —0e41

Step 1: Broadcast 6,
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What is Federated Learning ?

Goal: 0* = arg mineeRd{F(H) = %Z;VZIF,-(Q;D(/))}_

Workflow: random init., T communication rounds

Local optimization. Each i € S; optimizes from 6;:
95')zarg mingege Fi(0, D)

Step 2: Local SGD on each client
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What is Federated Learning ?

Goal: 6" = argmi”eeRd{F(g) = %Zf\’lei(g;D(’))}-

Workflow: random init., T communication rounds

Server
0r—6t11

oﬁ") — server. ar
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What is Federated Learning ?

Goal: 0* = arg mineeRd{F(H) = %Z;VZIF,-(Q;D(/))}_

Workflow: random init., T communication rounds

[Aggregation. Or 1 AGG(6:, 99) ]

Step 4: Aggregation

4/35



What is Federated Learning ?

Goal: 0 = arg minycs{F(0) = A 1L4F(6: D) }.
Workflow: random init., T communication rounds

Broadcast. Server sends 0; to sampled subset S; C[N].

Local optimization. Each i € S; optimizes from 0;:
0" ~arg mingegs Fi(0, DY)

Hg') —> server.

Server
Ot —0r41
9

| Aggregation. 6.1 —Aaa(d:, 0" ]

Complete round: 0¢ — Or41
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Towards Riemannian FL: covariance-based learning

EEG data
I}_rzain

Channels (Acan)

X; € R7chan X T
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I
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5j € Snetian
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SPDnet!: shallow geometry-preserving network (SPD — SPD)

Nehan X Nchan

d dxd dxd
BiMap ReEig LogEig vech FC classes
— — — —
wewT max(X;, €) UlogA) U™
pd(d+1)/2 28 e
es; esy €84 K ! geL,..., K}

rest

Nchan

Learnable parameters: (W, ¢, )

St(d, p) = {X e R*P . XX = I}

1Zhiwu Huang and Van Gool, “A riemannian network for spd matrix learning”.
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Riemannian Federated Learning: What Needs to Change?

Goal: 6* =arg mingeM{F(G) = %Z,{VZIF;(G;D("))} 0 € M, not R?

Initialize 6 € M. For each round t =0,..., T—1:

Local optimization. Must stay on M!
9&') «— 7 Riemannian optim.

Aggregation. Geometrically meaningful average !
Ori1 <7 Riemannian aggregation

Al iterates must stay on M
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Riemannian optimization
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Riemannian geometry essentials

Riemannian metric
<-, ->9: Tg./\/l X Tg./\/l — R

<$a 77>9 = <£a 77>euc|

{

Retg(v)

ToM

M

Retraction map
Retyg: ToM — M
Examples:

expy(v), Ro(v) = N(6+ )

Lifting map
Ly: M — TyM

Examples:

logy(0), Projr, (6 —0)

ToM
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Riemannian FL: what needs to change?

Goal: 6* =arg mingeM{F(G) = %Z,{VZIF;(G;D("))} 0 € M, not R?

Initialize 6 € M. For each round t =0,..., T—1:

Local optimization. Must stay on M!
9§’) «—7? Riemannian optim.

All iterates must stay on M
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Riemannian local optimisation

Euclidean

Xnext <~ X—1) Vf,'(X; BJ) S Rpr

~1Vfi(x; B))
AL

TM

Riemannian

Xnext < N(x—1 P Vfi(x; Bj)) € M

Riemannian gradient

Unique vector grad £(0) € TyM such that
DL()[V] = (grad L(0), V)g, V € TyM
Embedded manifolds:

grad £(0) = Proj,(VL(6))
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Riemannian Federated Learning: What needs to change?

Goal: 6* =arg mingeM{F(G) = %Z,{VZIF;(G;D("))} 0 € M, not R?

Initialize 6 € M. For each round t =0,..., T—1:

Server
Or—0ri1
,

Aggregation. Geometrically meaningful average !
Or1 <7 Riemannian aggregation

All iterates must stay on M
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Riemannian FL aggregation strategies
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Existing approaches

FRECHET MEAN To, M
0

o1
Pror argmin - 3" loky, ()]
i o0 o '}@

Issue: No closed form in general = approximated by

KFAva
1 ) Issue: Exp/log maps often unknown or
Op114+ exp9t<k Z logy, (6&'))> expensive to compute
RETAVG '
Issue: Retraction and its inverse rarely
0 ! )% ilable simul |
t+1 Ry, X ZROI’ : available simultaneously
i
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Proposed approaches

RETAvVG
Ori1+ R9t<ll< Z Re_tl (9%;)) >

RLAvG
Idea: Replace R™! with a lifting-based

Or1 11 <9t + % > L, (99)) surrogate

PROJAVG Idea: Average directly in the ambient space,

then project back onto M

1 i
Or 1 <k29§ )>

15/ 35



RLAvg Step 1/4

0:: current global model at round t
9&'): locally updated client models

TwM
0¢

s 62 .
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RLAvg Step 2/4

Lifting map: project each 050 into the tangent space at 6;

To. M
Lo (6) .
’ ¢ e Lo(01))
1 Lo(6?)
| . !
. s
PO
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RLAvg Step 3/4

In the tangent space, Euclidean mean of the lifted vectors

Ler(egl))
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RLAvg Step 4/4
Retraction back to M

TwM
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ProjAvg

0r: current global model at round t
95'): locally updated client models

o )
2
1) e
0 e
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ProjAvg Step 2/3

Compute the Euclidean mean in the ambient space.

Q_Z%Zi

.
5
et,E

0 generally leaves the manifold.
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Proposed algorithm and convergence guarantees
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Algorithm

Input: n clients, k clients/round, stepsize 1), local steps 7, batch size B

1: Initialize xg € M

2: fort=0,...,T —1do

3 Sample S; C [n], |S¢]| = k

4: for each client / € S; in parallel do
5

6

7

i
vag — Xt

x{)  LocaLOPT(f, Dj, 7, B) > RSGD, RAdam

Send xg'l to server

Server aggregation
RLAvVg: x: 1 I'I(Xt + 2 Yics, Px (xt('l = xt)>

ProjAvg: x:i1 + ”(% D ies, Xt(ll)

8: return xr
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Convergence guarantees

At client level, LocaALOPT=RSGD:

Xt(B — X, xt(,'j)+1 «~n (Xt(:,) - ngradf;(xt("j))> 7 j=0,...,7—1

Theorem

Under reasonable geometric and stochastic gradient assumptions, both ProjAvg and RLAvg

achieve .
1 — 5 1 1(n—k , o3
T;_OEngadF(xt)] _O<ﬁ <1+k<n—la +TB

Prior work? exp / log maps are nonlinear = hard to handle 7 > 1 with k > 1

2Li and Ma, “Federated learning on Riemannian manifolds”; Zhenwei Huang et al., “Federated learning on
Riemannian manifolds with differential privacy”.
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Numerical experiments
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EEG data and datasets

Nchan

Brain
Cz X; € Rfchan X 7T

C3@

Q
LHRH F R

\an)

Channels (n,
m
m
(9]
2
o
-+
b

time

From MOABB benchmark?

Dataset Subjects  Channels  Classes

Weibo2014 10 60 7 = Block 1 Block 2
PhysionetMl 103 6t 4 ({2 [ —

?Chevallier et al., “The largest EEG-based BCI
reproducibility study for open science: the
MOABB benchmark”. 27 /35

Flatten — Lmear y

Classification Head Output ]




Experimental Setup

Centralized baseline Federated — subject-based clients
s s e S(ns) s 5@ e} 5@ S Slns-1) S0
D—U, D [ —
cm c@ o i

Pool a//fubjaczs

Weibo: 5 clients, PhysionetMI: 53 clients,

Train 75% Val 10%Test 15% o .
e ‘ 150 rounds, 2 local epochs, half/full participation

Stratified split

early
stop

Model F1
EEGNet / SPDnet (test)

300 epochs, patience 75
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esults3

F1 score (%), mean =+ std over 10 seeds

FedEEGNet 100% —=— ProjAvg100% —&— RLAvg100%

EEGNet SPDnet FedEEGNet50% - =- ProjAvg50% - -4- RLAvg50%
Dataset (FedAvg) (FedSPDnet) I I I I I I I
# params 5303 4715 ”\; RS Y e
. Centr. 50.7+15 51.7 + 0.8 N
Weibo2014  "ciil” 300424 433+1.0
Half  364+41 41.2+0.8 Y+
o _
# params 3284 2452 é
PhvsionetMI Centr. 50.8 £ 0.7 43.1+0.5 |
Y Full 383+18 395+ 0.6 5 |
Half 38.0+27 39.5+0.9 e}
K3}
; 10 |- _
I I I I I I I
0 20 40 60 80 100 120 140

Round
3Pautrel et al., “FedSPDnet: geometry-aware federated deep learning with SPDnet".
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Differentially Private Riemannian Federated Learning
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Privacy model: record-level differential privacy

Full dataset: D = (D4,...,D,) € Z"™" D o

Record-level adjacency
record 1 record 1

D ~ D' iff they differ in exactly one record of one

record 2 = one record differs | record 2

H Pk
client / record 3
record 4 record 4

(e, 6)-Differential Privacy
record 57 “<——record 5
Ais (¢,0)-DPif YD~ D', VS C Y:
+ noise

< /
Pr(.A(D)GS) <e PV<A(D)€5)+5 W)

nearly indistinguishable
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DP-RFedProj
@ ) clip + N (0, 02C21)

Xt

Server
Xt —> Xt+1

Algorithm

For T rounds, each selected client / € S;:

1. X < Xt

2: forj=0,...,7—1do

Bt Sample Bj C D;, BJ‘ =B

4 B 5 Ypep clipc(PVF(x; 2))
5 <+ &+ P& E~N(0,03,0)
6: x < M(x —n Py(&))

7: return X)) = x

Server: x;11 = AGG(x, {¥0}ics,)

Az = supp.p [18b — Eoll2
Ay /21In(1.25/6)

= Odp = < (e,0)-DP

€

2
%(3) @

blue: broadcast x¢

red: noisy upload (/)
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Main convergence result

For T large enough, under reasonable geometric and stochastic gradient assumptions, both
ProjAvg and RLAvg achieve

T-1
1 ] . )
T Z (|l grad F(Xt)Hz] = O(ﬁ [1 + E(Z:’{ - noise + Bizf
t=0

2
+M)} -+ clipping bias floor>
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Thank you for your attention

Summary Perspectives
@ Riemannian FL via projection © Tighter privacy accounting (GDP)
® ProJAVG & RLAvG @ Personalization
© FedSPDnet © Convergence on general manifolds

https://thibault-pautrel.github.io/
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