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Summary of highlights CVPR4

Algorithm 1: Generalization Adjustment (GA)

Source Domains for DG . _Source Domains for FedDG New Global Ob]ec“"e with Fairness Regularizer Input: Global model § = @° M clients D =
of HA®.0 o QA @ min £(0) = a1&1(61) + 02E2(0) + as€s (6s) e e oo cpoch 2,
YN AN A. % 0,a1,a2,a3 (37: 300 ,!\7).' ( Hyperparameters: l‘ocal epoch E,
[ | [ LK) [ | i \ I i : total communication round R and step size d for GA. )
[ [ A .. 9 e B B i + ﬂVar{G(Gl), G( ), G(93)} Output: Global model 67
A T @ A | Client 2 Client 3 3 1: Server: initialize the local models 69 by the global
o ; SN v e e ) - v ‘ model: 69 = 6°.
AQHOA! 0@ HNE AA Unseen Domain /"~ T 2 forallrin0--- R —1do

_ tocapture the / Training the local model 67 on domain 5,':
invariant patterns 3 2 Hn?ui: a 91 -+ + (13703 o7 — AZ!?(ﬁf'«,f)z-, 1E)
g Get the empirical loss on local model £5 (6;").

Aggregation - f
Generalization clientorrr]mdels 4:  Server:
madel Update a” by a"~! and {G 5 (0")},:
i v :

p \ p A "= GAa™ !, {Gp (")}, dn).
OO @® | UsenTest (@O @ & (@™ {Gp,(07)}i2,d")

SOTA DG requires T Minegaen / r ¢ S Generalization | ¥ Ol ; - )
access multi-domains| Training I. \\\ erver Adjustment /\ Compute G51(0 ) for 6" on each client.

. i i . . . +1 1 " M
R X X 3 Domain R X X = Domain 1 Domain 2 Domain 3 /-\ggregate+ Glf ggl a” to ge/tanew global model:
___________________ ' ; ort =M arpr,

DG FedDG (b) Generalization Adjustment s: Broadcast 7! 1o all clients 6771 = g7+,
6: end for

Introduce a novel global optimization objective for FedDG with a new variance reduction
regularizer that can constrain the fairness of the global model.

Design an FL-friendly method named Generalization Adjustment (GA) to optimize the
above objective by reweighting the aggregation weights among training clients.

Conduct extensive experiments on four benchmark datasets, demonstrating consistent
improvement when combining GA with different federated learning algorithms.
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Domain Generalization (DG)
e Learn a model under domain shifts to unseen domains.

Federated Domain Generalization (FedDQG) o, B AgluL 5 1 b i, i
+ Learn a global model in a federated learning system  —— Dy p— p—
with domain shifts across clients to generalize on AGHOA /‘ O HE A
clients with unseen domains. SOTA DG requires \MTm._Bgtch / /
et o | "MEa |
Problems of existing studies : Vg Z
« Data heterogeneity in the form of domain shift is very ‘ Ge“;“jgj““ Glentmosis
common in federated learning and needs to be P . | JE— a8
addressed. QL Ui ‘0‘ : 3
¢ Most current DG methods cannot be applied on FedDG DG FedDG

scenarios.
FedDG disallows direct data sharing

among clients!

Introduction 4
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Objective of FedAvg: min Ep (0

p; + data distribution!

Observation:
« Above objective cannot describe the generalizable goal under domain shifts.
» the flatness (fair performance) of each domain can be reflected by the
generalization gaps.
Gp,(0) = Gp, (3, a;85) = Ep, (3 a;60;) — Ep,(67)

T T K

Assume that a global model with fair performance among all clients may lead to better generalization performance.

Motivation 5
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Objective with fairness: 4 '} Zaz )+ BVar({Gp, (0)}i=1)

'79M7

M
s.t.Zai = 1, 6 = Zai °t9i, and‘v’z', a; 2 0.

1=1 =1

Considering the variance of generalization gaps among local
clients to guarantee the flatness of the optimal global model

on all domains.

How to optimize it under federated learning?

Motivation 6
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Objective with fairness: glmler]; Z ai€p, (0) + BVar({Gp (0)}i21)
StZaz—l H—Za@- 0;, and Vi, a; > 0.
=1 =1

Mechanism of relationship between a; and Gg; (6,)

0 =0 + Af, where A0 = (1 — ag)0k + >, 4, aibi

a T= A0 1= Gp, (0y) !

ap L = A0 1= Gp, (0) T
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 New Global Objective with Fairness Regularizer

mgmé'(@) =mé&r (91) —I—pggg( ) —|—p383(93)§ egnina 5(9) =a1& (91) + 82( ) + a383(03)

Global Objective

A : A
"*mg ) R + pVar{G(6:),G(".),G(65)}
el ! I
' ‘I?"::.‘J E . ‘“"::.“_7
Unseen Domain Unseen Domain /

Generalization
Server [ Adjustment

— £
Onew =a 91 + + a303

+ p30s
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(a) FedAvg (b) Generalization Adjustment
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Algorithm 1: Generalization Adjustment (GA) CVP

Input: Global model § = 60, M clients D =

{Dl,Dz,- DM} the initial weights a® =

(L, L, ( Hyperparameters: local epoch FE, . . .
toﬂgal é\f)mmunfggtion round R and step size d for GA.) Client-side:
Output: Global model 6%, calculate the generalization gap

1: Server: initialize the local models 69 by the global
model: 09 = 6°. . . .

2: forall7in0--- R —1do ~ (") =E=~ (") = E~ (7). 1 =

3. Client: GDZ(H )_gDZ((g ) gDz(Hz ), Z—].,Q,...,M.

Compute G55 (0") for 6" on each client.

&

oo

1

i y
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VANCOUVER CANADA

Training the local model ] on domain D;:

9" = Alg(07, D;, E). .
( ) o). Server-side:

Get the empirical loss on local model £ 5.

4 Server: Z adjust the aggregation weights aj by Gp.(0")
Update a” by a" ' and {G'5 (6")}};: !
T r
a” = GA(a™™!, {Gp, (07)}1,, d"). . (Gp(07)—p)xd 1 al’
: a. = a': a, — ———
Aggregate 0] 1 with a” to get a new global model: 2 ) R r\ 7 s} M ,’
gr+1 — wal al er/ maX] (GD.7 (0 ) ,LL) Zi:]_ a’;_"

5. Broadcast " to all clients 0:“ =g+l
6: end for
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PACS OfficeHome Terralnc

Method Avg.
P A C S Avg. P A C R Avg. L38 L100 L43 L46 | Avg.

ARFL 92.10 76.25 75779 80.47 | 81.15 || 73.80 56.98 53.18 73.16 | 64.30 || 56.83 40.04 41.58 30.81 | 42.32 | 62.59
FedAvg 9277 7129 7797 81.03 | 8226 || 72.72 57.60 5228 73.88 | 64.12 | 52.66 40.56 41.56 3691 | 4292 | 63.10
+GA | 9397 81.28 76.73 82.57 | 83.64 || 73.39 5857 5439 7473 | 65.27 | 5436 41.66 48.68 40.43 | 46.28 | 65.06
FedCSA | 91.88 77.00 76.79 80.84 | 81.63 || 72.96 56.08 5251 7279 | 63.58 || 54.33 41.08 41.52 33.51 | 42.61 | 62.61
+GA | 94.12 7930 77.69 81.62 | 83.18 || 72.96 57.58 53.99 7398 | 64.63 | 5491 4474 4690 3853 | 46.27 | 64.69
FedNova | 94.03 7993 76.39 79.26 | 82.40 || 73.72 58.81 49.89 7333 | 63.94 || 56.80 3896 4249 3199 | 42.56 | 62.97
+GA | 94.13 81.30 77.73 80.30 | 83.37 | 72.58 57.89 5425 73.86 | 64.65 | 55.15 41.55 47.05 3525 | 4475 | 64.26
FedProx | 93.15 77.72 77.73 80.77 | 82.34 || 73.37 58776 52.67 73.88 | 64.67 || 54.00 39.84 4390 38.31 | 44.01 | 63.67
FLSOTA S +GA | 9491 80.24 7720 81.48 | 83.46 || 73.81 5828 54.03 74.80 | 65.23 | 54.03 4093 49.28 38.84 | 45.77 | 64.82
FedSAM | 91.20 74.45 77.77 8335 | 81.69 || 73.58 5534 5475 73774 | 6435 || 57.21 3824 4021 31.24 | 41.73 | 62.59
+GA | 9287 77.76 77.86 85.16 | 83.41 | 7329 5521 56.82 7449 | 6495 | 60.04 38.95 4839 3743 | 46.20 | 64.85
HarmoFL | 90.99 7451 7743 81.73 | 81.16 || 73.89 57.44 5342 7495 | 6493 | 60.04 3857 39.21 33.87 | 42.92 | 63.01
+GA | 9383 77.39 77.07 8251 | 82.70 | 73.76 58.14 54.44 7574 | 6553 | 61.81 38.53 46.65 37.96 | 46.24 | 64.82
L Scaffold | 9250 78.09 77.23 80.67 | 82.12 | 72.16 59.00 52.78 73.22 | 64.29 || 54.10 37.28 45.09 38.38 | 43.71 | 63.37
+GA | 9479 80.14 7691 82.12 | 83.49 || 7345 5793 5442 7462 | 65.10 | 5540 39.74 50.08 39.68 | 46.22 | 64.94

baseline

- AM 9329 80.86 77.62 81.05 | 83.20 || 73.24 58.76 51.87 73.84 | 64.42 | 57.36 3743 45.00 33.60 | 43.35 | 63.66

+GA | 94.03 83.19 76.85 8293 | 84.25 || 73.67 58.80 54.28 74.72 | 65.37 | 56.30 40.55 4942 38.08 | 46.08 | 65.23

DG SOTA A RSC 92.67 7798 77.80 8290 | 82091 7326 5744 5031 7342 | 63.61 5425 41.61 4394 3555 | 43.84 | 63.45
- +GA | 93.79 81.69 77.23 8275 | 83.87 | 7235 58.55 5142 75.01 | 64.33 | 54.87 4393 50.08 39.04 | 46.98 | 65.06

GA achieves consistent improvements on top of SOTA
methods on four benchmarks!

Experimental Results 10
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DomainNet

Method C I P Q R S Avg.
ARFL | 69.93 3132 60.68 5745 67.76 60.62 | 57.96 Method PACS OfficeHome
FedAvg | 67.92 3277 6027 5290 68.72 61.15 | 57.29 p A C S Ag | P A C R Avg

+GA | 71.86 3440 63.25 5750 6726 67.15 | 60.24 DSBN |96.26 82.23 80.99 77.50 84.25|73.34 56.49 53.64 73.03 64.13
FedCSA | 6894 3367 6166 5825 6725 61.15 | 58.49 +GA|96.56 83.18 81.21 80.11 85.26|72.91 57.50 54.99 73.85 64.81
. dN+GA Zgi‘s‘ i;;; 2‘]‘% 2232 232? 2?23 ?315 Tent |96.92 85.94 83.06 91.39 86.83|74.63 57.95 56.48 74.67 65.92
&l ova . . . . . . R

+GA | 7329 3400 6438 5705 68.08 6525 | 6036 +GA|97.16 86.77 83.98 83.28 87.80/74.53 59.79 56.61 75.36 66.57
FedProx | 68.55 32.12 6079 5563 68.17 61.20 | 57.75 .

+GA | 6939 3326 6325 57.15 67.50 6579 | 59.39 GA also shows Improvements on top of test-
FedSAM | 6647 3497 5690 51.11 6628 55.82 | 55.26 time adaptation methods.

+GA | 7262 3630 6462 5775 6935 6543 | 61.01
HarmoFL | 71.39 3470 61.23 5750 67.01 5677 | 58.10 Table 1. Results with more clients & with more advanced SOTAs.
Seoe | G0r 330 g0 S 613 Goss | Sra1 Dataser | "7 cliens suggested SOTAs
caffo . . X . . . . 1 %

+GA | 71.67 3493 6220 5770 6746 6697 | 60.16 FedAvg Best || ELCFS FedSR FedASAM* CCST
AM 7191 3254 6370 56.87 67.80 69.42 | 60.37 PACS 80.33 81.62) 84.07 83.70 8204 8348

+GA | 7433 3531 6454 5855 6861 7202 | 6223 with GA| 81.99 82.72|| 84.88 84.66  83.57  84.35
RSC 7096 3425 6031 5520 6691 63.84 | 58.58 OfficeHome | 63.38 64.08| 62.88 6429 6432  64.25

+GA | 7196 3562 6252 5695 67.13 64.98 | 59.86 with GA| 64.40 65.04| 64.60 64.65  64.80  65.42

GA achieves consistent improvements on top GA also shows improvements with SOTA
FedDG methods.

of SOTA methods on four benchmarks!

Experimental Results

11
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GA can effectively reduce the variance of the generalization gap!

Experimental Results 12
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GA will lead the global model to converge on more flatness

minima of unseen domain’s loss surface.

Experimental Results 13
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Thanks for your watching!

Github repo
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