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1-1. Federated Learning

Federated Learning (FL) is a Distributed Learning paradigm in which multiple clients
collaboratively learn a machine learning model while preserving their Data Privacy.

Client 1 Server Client 2

Exchange Model Exchange Model

= Broadcast Model

No direct access

" Aggregate Model to client data
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1-1. Federated Learning

Local Update Aggregation

Server
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1-1. Federated Learning

Client Selection Broadcast Local Update Aggregation

Server Model Aggregatlon

o Enr B Bl PR

FedAvg (McMahan et al., 2018)

1
Wt = Ez piWit‘l Weighted Average of Local Models
i=1

Konecny, Jakub, et al. "Federated learning: Strategies for improving communication efficiency.” arXiv preprint arXiv:1610.05492 (2016).

Konecny, Jakub, et al. "Federated optimization: Distributed machine learning for on-device intelligence." arXiv preprint arXiv:1610.02527 (2016).
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1-2. Data Heterogeneity

When client data is heterogeneous, FL suffers from “Client Drift".

- How to accumulate knowledge from heterogeneous clients in a single Global Model?

a IID Data b Non-IID Data
®. "
t+1
" g1t+1 . wi Wi i
|
o w @
P @,
t+1 . t+1
> r@OWwitl A W W w I
Wi o .o
wi S wi o TwEt I wg
@ Local model Local optima  —» Client update
@ Global model A Global optima ——» Server update

Tan, Alysa Ziying, et al. "Towards personalized federated learning." IEEE Transactions on Neural Networks and Learning Systems (2022).
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1-2. Data Heterogeneity

k) Background

= Sharding: Uniform Size, Different Distributions
(Higher Heterogeneity at lower s)

= Latent Dirichlet Allocation (LDA): Varying Size & Distributions
(Higher Heterogeneity at lower a)

Classes
O 2P T S 629

(a) Sharding (s=2) (b) LDA (a=0.1) (c) IID
@ e - - o  oOlleooeeoeoee0e0 o0 e
D e - 0@ e e 000000000
) D - 00 O@ ¢ e 0000000000
S o - T @ - +|0 0000000 OEO
D ) © 000000000
® 00 L @ 0@ cccccccooce
S O 000000000
S ° o - ‘ - @ leoeoeoeeooooe
S, o 000000000
P ® & - 000000000
ONTY P2 X9 0A039 ON1LH2HHO0ADD ON1LD XH 6A DO
Client ID Client ID Client ID

Figure 2. CIFAR-10 partition examples across 10 clients.
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2. Motivation - Conflicting Objectives

Typical Local Objective:

LF(wi) = L (W) + 8 - Lo (wi; wy)

Original Objective Proximal Objective
(e.g., CE Loss) (e.g., FedProx, SCAFFOLD, FedKD...)

However, those two losses conflicts each other.

Knowledge ... . iccccccccnncncssssnnnnnnnannnnnnnnnnnnnnss » Knowledge
Acquisition Preservation
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2. Motivation - proximal Objectives

Examples of Proximal Objectives:

FedGKT (NeurIPS 2020)
FedProx (ICML 2019)
SCAFFOLD (1cMmL 2020)
FedDyn (ICLR 2021)

MOON (CVPR 2021)

LF(wi) = L (W) + 8- Lo (wi; wy)

L. = Lcg + Dy (ps|1pr)

Few) +E{lw — w2

yvi < yvi —m(gi(y) +¢ —¢)

N
O x)

i local gradient

[ correction

| client update

£(0) - (V£ (657%),0) + 116 — 65|12

fsup (Wit; (x, Y)) + #fcon(wit; Wit_l; We; X)

N\

Original Objective
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2. Motivation - Global vs Local Knowledge

FL must navigate the balance between those two conflicting objectives.

-~

Global

kProximal Objective

s Local 1

\
@

Local 2

/

(a) Global Knowledge Preservation

Global Knowledge

\Local Objective

(b) Local Knowledge Acquisition

\ Stabilized

~

————
~.
S,

Local

Knowledg/e

(c) FedSOL (Ours)

“How should the local learning acquire local knowledge
while minimizing its conflicts with global knowledge?”
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2. Motivation - oOrthogonal Learning

Orthogonal Learning in CL

Find update direction that is
orthogonal to the previous task.

~ 7Original

update direction ‘ ‘ ‘

Challenges to implement to FL

e

Orthogonal
update direction \*

Gradient
subspace of

BIE s Tt = Cannot retain past data or gradients
for reference for global knowledge.

= The global distribution overlaps with
individual local distributions.
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2. Motivation - Gradient Projection

Proximal Gradient Projection

T
Proj __ 9gi gp
w — Y917 7
9p 9p

g, if g/ g,<0

Experiment: CIFAR-10 (a« = 0.1)

d:: Gradient on Original Local Loss

Jp: Gradient on Proximal Loss

gy, Gradient for Parameter Update

Directly negating the

proximal gradient (g,,)
rather undermines the

KL-Divergence 60.31.5 o7

Proximal Loss Usage o

Base Projection
None (FedAvg) 56.1340.78
L2 Distance 59.804 1 12 56.3542.85 (- 3.45)

50.88+3.55 (- 9.43)

local learning.
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3. Main Approach - preliminary: SAM E)} FedsSOL

Sharpness-Aware Minimization (SAM)

Perturb & Update (using same L)
Wt +1 .
* min max L(w + €)
we D ey w lell,<p
"\@*-ba /
Waav —NVE(Waay) Use single gradient step.
®
S \ VwL(w)
(= —
P IVu LI,
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3. Main Approach - stabilized Orthogonal Learning E) FedSOL

[Main Idea]: Perturb using “Global Knowledge” & Update to acquire “Local Knowledge”

Step 1: Weight Perturbation
g Adversarial perturb using
€ = argmax L (w+ew,) ~ p—b . K
P i<, P A 19,2 Proximal Loss L,,
|

Perturbation Strength

Step 2: Parameter Update

Update the model with the

k

Wp < Wg — 7 - vwkﬁfcocal(wk + E;)) local:

Original Local Loss L
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3. Main Approach - stabilized Orthogonal Learning E) FedSOL

[Main Idea]: Reqgularize Local Loss Surface using “Global Perspective”

Local gradient and its direction Proximal gradient and its direction
~ gi \ _ k _— Ip
[ gi = local(Wk) gi = [ Ip = VW‘CP(W") Ip =

lgul2 lawll,
4 N )
k * k *
gu*HM =Yy Ligeq (Wi + €7) 9u° % =V Lioear (Wi + €p)
~gr+p V local(Wk) gdi ~grtp V local(Wk) 9p
4 A
- -/ \ y,
Reqularize Loss Surface w.r.t. “Local Loss” Regularize Loss Surface w.r.t. “Proximal Loss”
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3. Main Approach - stabilized Orthogonal Learning E) FedSOL

[Main Idea]: Identify the local gradient is minimally affected by proximal
gradient finds the orthogonal direction of local knowledge acquisition.

Experiment: CIFAR-10 (¢ = 0.1)

FedSOL .
a) Cos ; b) Proximal Loss (£
---- + 1. Weight Perturbation ( ) (gu gp) 0.5 ( ) X ( P)

Proximal Loss wy + € 0.1
; — 2. Parameter Update 0.0 1//)6%%/ 0.4
€ E 5 ! Local Loss Ll n 0.3
. ¢ . 0.3 —0.2
o 0.4 0.1
05 0.0

“0 100 200 300 0 100 200 300
Comm. Rounds Comm. Rounds

cos(0)
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3. Main Approach - Toy Example (2-dimensional) E) FedSOL

Optimization Path for FedProx and FedSOL
w

Optimal
O Initial
=== (FedSOL) p=0.01
-8 (FedSOL) p=0.1
g (FedSOL) p=0.3
(FedSOL) p= 0.5
(FedSOL) p=0.7
(FedSOL) p=0.9
= @ = (FedProx) u=0.01
= @ = (FedProx) u=0.1
- @ = (FedProx) u=0.3
0.61]- e - (FedProx) u=0.5
> (FedProx) u=0.7
(FedProx) p=0.9

1.0 *

Local Optima A

0.8 -

0.4 -

0.2 -

—-—
—-____l

0.0 -

Global Model (0, 0)

-0.56

-0.48

0.40

0.08

0.00

Distribution/coefficient

=

Local Loss

1 , 6
*Clocal(u» ‘U) — E (u - ul) + E (U - vl)

Proximal Loss

L,(uwv) = g(u2 + v?)

= FedProx results in skewed update
that influenced by local distribution.

= FedSOL aligns parallel to the local
optima regardless of §.

18
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3. Main Approach - C. partial Perturbation

performance reaches as high as full-model perturbation.

Experiment: CIFAR-10 (a« = 0.1)

Sampled Clients
©®NOUHWNHO

Deviation: ||wy, — w,|

0.25

0.2

-0.15

B | o1

Convl Conv2 Linear Classifier — 005

Layers

p .

Target Position erturbation (p) FLOPs
00 05 1.0 1.5 2.0

All (full) 61.17 64.16 64.38 63.94 2x +¢

Body (partial) 56.13 60.98 62.95 63.94 63.80 1.96x +9

Head (partial) 62.65 63.62 64.13 63.25 1.33x +0

= §: Computation for the proximal loss.

= FLOPs shows relative computation w.r.t. FedAvg.
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E} FedSOL

[Main Idea]: Perturbing only the last classifier layer is sufficient for FedSOL. The




4. Main Experiment - Data Heterogeneity

] Results

Experiment: Test Accuracy @1 (%). The values in ( ) are the standard deviations.

Non-IID Partition Strategy : LDA

CIFAR-10

Method MNIST SVHN CINIC-10 PathMNIST TissueMNIST
a = 0.05 a=0.1 a=0.73 a=0.5

FedAvg [46]  96.11(g.19) 42.27(1.32) 356.13(0.78)y 67.32(0.904) 73.900.66) 35.36(a.85) 36.494.37) 65.984.76) 42.78(2.03)
FedProx [38] 96.05(0.13) | 50.58(0.57) T 59.80(1.12) 1 68.39(0.81) 1 72.87(0.55) 1 72.40(3.15) 1 40.09(3.97) 1 70.44(1. 92y T 52.25(1.40) T
FedNova [64] 88.24(1.37) | 10.00(Fuiteay | 10.00(Fuiteay L 64.670.77) 1 70.04(0.45) L 53.07(3.30) | 21.89(1.71) | 38.94(2.32) 1 15.03(3.74) |
Scaffold [28]  94.18¢.32) | 10.00(fuiteay L 10.00(rgiteay | 7192017 T 75.49(0.21) T 21.46(1.75) | 16.89(2.05) | 18.070.04) | 32.04(g.07) |
FedNTD [33] 96.97 9.27) T 58.08(0.48) T 63.16(1 02y T 71.56(0.26) T 74.91(0.33) 1 79.25(0.61) 1 50.22(3.71) 1 74.261. 25) T 44.55(1.95) 1
FedSAM [55] 95.72(9.43) 1 36.14(1.21) | 52.14(g.94) | 64.83(0.56) | 70.74(0.40) L 13.27(2.78) 1 36.70(4.28) T+ 66.64 3 7¢) 44.07 3.02) T
FedASAM [6] 96.60(0.10) T 43.12(1 95y 1 57.00(0.30) 1 67.45(0.92) 1 73.91(9.51) 1 60.25(4.56) 1 36.93(4.60) T 69.45(3.19y 1 42.73(2.35) 1

FedSOL (Ours) 97.44(0_11) T 60.01(0.30) T 64.13(0.46) T 71.94(0‘07) T 75.60((].32) T 83.92(02(}) T 55'07(1.48) T 78.88(0‘46) T

53-40(0.85) T

FedSOL achieves best results in most cases,
showing its robustness against data heterogeneity.

20
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4. Main Experiment - Analysis

] Results

FedAvg

A =652
Ay JAs= 232

Smoothness of Global Model

FedASAM

Ay =543

W A [As=2.20
| 80

FedSOL (Ours)

A =419

A1 /As=1.58

|‘ 80
| 60
= } a0

80

60

40

20

Weight Divergence

(a) Global vs Local

FedSOL stabilizes federated learning
In various perspectives.

(b) Local vs Local

2.5
= 2.0 — 2.0
X =
2 1.5 = 15

gl.o i“ 1.0
= 0.5 0.5

0 100

200

Comm. Rounds

— FedAvg
—— FedSOL

300 0

200
Comm. Rounds

100

300

Knowledge Preservation

(a) Learning Curves

Test Accuracy
(o] o o =]
w > 0 o

o
(N}

o
[

100 150
Comm. Rounds

0 50

(b) Class-wise Accuracy
FedAvg Server

o ll ||”|I:|||I I ‘H;I hFEFI ||| Mtﬂ I'II 4

II'I

150
Comm. Rounds
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5. Conclusion 5 RELGEWEY

* FL must strike the balance between global knowledge preservation
(Proximal Loss) and local knowledge acquisition (Original Local Loss).

= We suggest that orthogonal learning in CL could be an effective strategy
in FL, by resolving conflicts of local knowledge on global knowledge.

= We propose FedSOL, which aims to obtain the local gradient which is
orthogonal to the proximal gradient.

= FedSOL acquire local knowledge during local learning that less conflicts
with the global knowledge.
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Thank You!
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