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Abstract  Federated learning protects data privacy by exchanging model parameters rather than
raw data between clients and a central server. However, as the number of clients and the volume
of data grow, it still faces increasing communication overhead and task complexity. Existing
methods typically normalize aggregation weights based on each client’s local data size to reduce
communication cost, but they often overlook data heterogeneity, which can lead to overfitting,
slower convergence, and greater overall communication burden. To address these issues, we pro-
pose Learnable Aggregation Weights and Analytic Federated Learning ( LAW-AFL). First,
LAW-AFL introduces a learnable shrinkage factor and relative weights to refine the aggregation

process, and employs a closed-form training paradigm to guide neural network optimization,
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thereby enhancing model stability and generalization under heterogeneous data. Second. by deri-

ving an absolute aggregation rule, it further improves aggregation efficiency and accuracy, ena-

bles single-pass local training., and simplifies the overall training pipeline through closed-form up-

dates. Extensive experiments on multiple datasets and model architectures show that LAW-AFL

significantly improves global model accuracy and generalization. On large-scale, non-1ID data, it

achieves a 10% increase in accuracy compared to existing methods and exceeds 90 % accuracy un-

der specific experimental settings, while reducing per-round training time by 69. 82 seconds rela-

tive to FedAVG. These results demonstrate that LAW-AFL offers clear advantages in accuracy,

robustness, and communication efficiency.

Keywords

federated learning; learnable aggregation weights; closed-form training paradigm;

automated analytical techniques; generalization capability; communication cost

1 35

i3

B4 >J (Federated Learning, FL)M ™ 4k —
it 25 v Al B ML 27 2T HE B2, DR 8K ) 250 40 B A
PRYRRPE T2 B . AR T A% g i B b I
R DR AR I Sl B e 2 i B &
% 7 v A A b 5030 1 AT B RN 2 (S0 B Y B
A RS AR AT R G LR 2 R AR A X A
AV E—E P Rl TG by I HERT
AR T B A0 HCHRE i B AU o IR 2 2] B 1A R
TR RO B AL PR A A A b A B TR R [ I RE %
R 2 07 B, 42 v 7 B3 32 e ok il =R,
YR 2 o il 3ok il AN T 5 5 A A AL i v B R
e ARG AR LG 5 2T HE SR R AE 1Y B AL £ R
AR,

SR S B5E I 27 2 78 S B 07 1 4TS T8 e 3 22 Pk
6 H A BcE 2 BAE A 57 [W] 43 7 (Non Independent
and Identically Distributed, Non-1ID) Fl K KA & 5
Ui S 5T PR e RN E {F AR AR AR A2 BIAR K
S, IR 7R 2 B T I E iR RS R Fe-
dAVG R FL i i RA T2 — R A
TR 7 i AR M E A R A B AL 2 S < IR 55
Ui S LGS — BV K 25 4% 7 i s 2 P S A AR
Mo BRI 55T b A% BT IR 55 i 1 4% 2 P i EHE AR
AR BT 1) 3 8 S0 4 R S | |-
TR VEAR B vt 04 E A B e A0 O3 A 24 A L B AE S
bR 37 5t b nT BEAF A BUHE 20 A A 1 B 22 S A6 S T
P [R] R, DA IR k Fof i] 7E 2R 5 SR oK BE 58 00 % I B
[Fi) A il A 28 DR HSCHIE 3 A1 A 3490 5 R 199 5T R R 2% S
FE ARz AR T R

Sk 7 B I S 5 ) A, Kong 48 A5 2 —
o 5 R P ZE 08 ) B S 2 o E 4 I HE SR 0 IR 55
Ui 388 ) 4 Jeg 2 R K A R i 04 SR 3 A, A R i
T Non-TID ZUHE % 55 78 14 B 1) 52 Wi, AH X 2 4K
It A 0 A L S ZE AR I o 3 hn T A0 38 A T4
N T FEAGE {5 R A L Lin 2 AN 3 i 8 i 23
G 2 ) (45 G L B IR RBAE I8/ 38 15 B3R H Ly
AR TR il YR TR T 57 A B W] 5 A7 7E 1Y) e FA T 5% XU
W, S B AT LLGE 4 B b AR B A AR AR A
WS 5 H NS BES R A IS5 2%t RE i R
GlEME R ER IR IS 5 F AL BE R 5 R
TIES S BOROHE BRORA T 2 A0 XURG: . DR ok Sk W £ 5 B
B RS 4, WA JIR B 230 1) I R R 37 B R X 5 A &
B AT s AR

A 5T K T RO BB 2% 2 5 222 4
PRAPBRAA DT T AT T — 2 B, B A3 X D[] i 3
If S R RO T BT O 7 AR R BB T E RO A S 0 {5 R
AR Z )R] R AP, . TR IR R G IR
55 4% 1] E UM R AT AT 30K T Bop
PERE T R U 25 0k 8k

FEFXF BRI 24 2 R GG 0 T, AR SO DL
TR

(1) [ 5 19 3R 5 SR W TG 15 38 40 S W 28 7 i 1Y) 55
B DT ik o 1 38 a5 | A AT A 2] R A A, W] LS AR
AR i R B2 T 4 JR 15 A 1Y 12 A6 RE T AN
R P o AT B8 4 b 17 % 5040 S 0 P R R S 2 P
Ui 1) Bk 8

(2) BUAT J7 5 A o7 Xof A 7 S ) 2 P B3 S o
B, TAT I 455 B0 B B A 7™ DR Bk R, W ik — 2P 1Y
DA B ik DL T AR ARG B A i e

BT LREI AR T BEA A2 2] RENE



86 it =2

Bl

2
&

i 2026 4F

1Y fie A MR B 3 2% ) B & (Learnable Aggregation
Weights and Analytic Federated Learning, LAW-AFL),
WA SMBCR G 5 AT I 2B ML & A S0 T
A R B 43 A 2 5 o 14 o 8 A AR 1) Bk 5
6 TN it B2 4 T DI R a] L 32 8 TR Y 6 B
PEFIAEDBE . 75 2 Fh B di 8RR B 8 44 7Y X L
LAW-AFL i i 7 > e L R G A B 0 1 42 Jr 155 1Y
15 5 BUECE T Rz A Vgl s i ke R G it — 20
IS [/ 18 1 B G = = R S DO B & L
22 SRR 2 7 v AL R, LAW-AFL 78 i 5
AP 2 1 T5 10 B0 T 45 FE L T . I Ah, LAW-
AFL 7EH 3 Non-TID 48 73 A F1 R i % 7 S 1) 15 40
TRITEE B T HAEE A8 PR T B & R L
LA 308 15 803 AR RE R B RA D47 O ThD A ARG

AR EETTRER AT

(DFEH T —Fh BAT 7T 27 2] 55 AU /Y i A 1
HRI 2 2] Bk ST A SN BUR & 5 A e I
AL G BE R TE B A R B b S 4 A
OB, XA G AN AR R T AR R A R A A
JE R REAR T IE AR A

(2) 38 3327~ B 0 3R 5 AR P Ak 4 Ry B L9z Ak
PERE . IF A A A 1k U 25 4 B I 2 I T) 5 A B
Non-TID B4l 7315 e K8 % 7 i 37 55 T M PR 35 £
FERI,

(3) 51 A 22 5 Ak 1 M 75 345 0 5 s 5 22 40 [ FA f
P07 AEN PR AL P BE R R AR T L R AL TR AR Y
B R PR B 5 3K — 3% W5 7 R0 b RO 1 & P i 1 B B A
B B VA ) B T R
2 tHXIE
2.1 EFHES
R 2 ) S —Fh RV R A BUTE VT 2 8 Bl i
AT INGRR oA A ALIE B 38 i R A A Ik
FEE He B A GRS HIE IR 8 b g AL 2% 27 ~J 1B A, [] isf
AR B IRAE (I BRAAME . EBRIRE  h B K
Ui AT LA A 3 DR A7 R 4R L A 4 4t 52 A 1|
SRR b e IR 55 A% 5 A H  I 1Y JR) B
HEAT UMRI N5, SR J5 % 5y #8467 3E 47 A SR & A6 B
RJRBERL . TE FedAVG 2 Z 5 A fift BB 2 2
H A Non-TTD ¥4 5 25004 M 5e T B 0] 8, 45 Fh ele itk
ARG AR . B0 FedPROXY™ 3 53 51 AIE
D Al R ) A BT ) i RE S LA el 2D A e A i 22
X 4 JR A AR (1 S0 5 1 Fed DY N 3@ 43 3h 4% 1E W 4k

P71 Non-TID % % 1 5L A6 9 52 i . A 7] F Fed-
PROX H#75 IE WAL 8% FedDF Y [ 2 25 18 A & L 91
A BV 5 05 35 (A DP-Fed AVGH™) % il 3 57
P o Rk B AT 5 A B S B R R G S A M I A
TE—ER R R . 75— 078 W B T 50 A 3 R
AALH, LA N 224> %5 P s 3 A 5 Bl 5 S8R,

SCHRLT6 14 H 1% E R w7 A0 T it 2 IR0 2% a4 7 BBk
24 2] th BY AL 3B 4 (Revisiting Weighted Aggre-
gation in Federated Learning with Neural Net-
works, FedLAW) & —F £ X% Non-TID %4 19 3) 25
PIACER & 530k . HAZ O JEAE 0 5 25 P i A i A5 R
1) M RE 2R U 2l 28 ) % 3R G AR, DT G A 4 ey A5 Y
Mz ALRE ) . TEBE S B oL T A RS AL,
PR AL RE T . SR Fed LAW R 36 i 25 Uk 46
PR FR BE AR AL AL, S BOTH R ACRIT Bk =
AR I B2 7 s 1 B8 20 A 15 4 Ja B 43 A AN
—HC A5 2 P I AR AR 4 JR) I KA B i SR BN
A R B B . B HCE R B R, A Y 2
(] SR AR 2 25 1
2.2 SHEFES

M2 2J (Analytic Learning, AL AE S~ 3 F 46
JEE BT A G 1) R S W P T il R A% GRS R T e
Y A8 b i 2k AR SICRI I 2R ) (] [ &8, 43 Ap 2 )
18 4 4E R 3 (pseudoinverse) B 4% 3R fif 4 Ry B A 2
BT WBRR N D2 > L A 2] R SR R
J222 3 A2 ) W 4% (Radial Basis Network, RBEN)
FEHS — AT AR (8 FH I 52 me /s — e A 3
(Least Squares, LS) 3B 2 S 80, 7618 B W 2% v,
E2=Y k- R NN S B NI 2 W TR S 2N
TR RN 2 HE B 1) F G B B L 0 AR D A
%% 2% (Dense Pseudoinverse Autoencoder, DPA)!,
BT SR/ AR R 4 A VR R FNR R R AE A )2
IR HE S 10 A i 25

SR S A 23 27 ) BORAE I AT I 75 22 )
P Acb 3 A K AT R DR T P A7 PR R, 3 A T
138 3 43 He 33 U9 B9 Moore-Penrose ¥ (Block-wise
Recursive Moore-Penrose Inverse, MP) 45 %| 2% fi# , iX F
38 A SRR 5 1R B o 2T 5 SRARIE I L 53 A 27 21 1 ¢
B Tk~ A A5 50k A B 370 B8 1)
A GEAEME B R ) R, A SO i S 33 1 M RS P, 250K
HE AR B M SR 5 | AT 2% ), LU B AN TR % 7
Ui 54 O3 A T AR RV RE— B
2.3 FRTEERFFES

SCHER[23 142 7 AT fif A M BX T 2% 2J (Analytic



1 R R A T T 2 5] SRR U A i A MR TR IR 2 ST O ik 87

Federated Learning, AFL), AFL J&— Fl & F ] X
fi#t (closed-form solution) fJBE IR 2% 3 3 =0, HoAZ .0
JEUARUR 38 ook P XA T oK 4 R R R SR, ok A
GiRRIE T BRI R . S A G IR 2% 2] Oy ik
FedAVG) #H [, AFL B A SR W11 25 S 80
PR SR IE 59 00 3 s AFL e J& — Fh JC 75 K6 ¥ 1Y
FL AESE , BLAT 43 BT A D 7 58, 0 /0 3 15 1 AR Al 25
WEL, SR AFL 19 F1 =X 5% & 36 gk DL 3 i Non-
11D 045 53 A I A BH 1k B i 3 006 L%, To kAR
it % 7 ity S 25 5Tk A R 3R A B BR A TR A b
M RIGPE . i, A SCHE R AT A 2] B A BCEE HIL A ik
A AFL HE 2838 3 20 25 18 % % 7 bt B R 9% figk BB
S TR L BR AR AR UE &P o B A A 22 R H Bl
FC A T, 38 2o A ISR T s R R AT A L O il
LA JF H 2 5k RS S B S AUE D IR 7
AN B AE RS BT E R BT R AR

MR KR R E TR RENEIL k. I
55 )R RO /N L L SR i b T AR v o
BRI DL KT B M 22 M 4% (Deep Neural Net-
works, DNN) ) il 457 14 5T, 4 Jag A WS 45 75 4 56 1Y
) P E A B AR Ty SR 4 4 R AR 1Y)
Z4, SCHk (265 T DNN B % AR B A28 9 3 31F
TR AR T A R . (2 R4 28k
it o3 A A BRAE A, A SCHE i 7 &% DNN I 25 i
TR WO SR W, 5 7E 3 TR B A 2 R AT 55 R B 4R
A eRe s B RARE v WE, 7E 1 Wk A
DAL Z 1] 4k 3177, DA 17T PR 35 452 Y 1 68 1 [ BsF 4 15
FRAL R

KFBIP2E T MR A Ty H . SCHR(27 T4
T AUTO-FedAVG i i 2% 2] AN [\ 1 HL A B 97 £ 40
1 5 A A E R S A M AR BE T, SCHR [ 28 T3l 2% )
Jed 3 HE £ B SR A BUER R DT I 4 0 FL v A A Rt
Gk, AR TAESREE y =1 LHIH—HER
G M AR SCE 5 HIE Ry . B TR A 558
P s F R sz (bR, BRILZ AN FL R e 1
A% P AR 2 A AR I 2 R YD L 9 EL & 7 i 3
W HA SR B AR X RS BLR  & d  JR R
F£ Non-11D 4 T 5 BURAH 1 L b i1 0 12 M2
IRCE R FL sl &, ik — 2B 0F 5 B 2 )
ShASHRAE T ) PR CAR IR 5% 2R FH 26 7 it B8 =) 35 Ak
BEALE o PR R B 7E 2% 5 v i2E 47 58 22 1) Ak 3R 437
2y 725 Ml R B BRRA LR 47 SR W L AR O A A AN B A B
BT 3G I KCOF PR AP EE I BR AR 4

AR SC R H DNN S5 Bl 28 ) 45 A Sy B 70 8 4y

TERVT FL HEZLR B 1 22 0 2 Y11 25 3l 25 1, 42 =) L
247 DR 5 0 S R — PR AL A, A T BIL A
5 8 vh A o v B AR R el R B EE [] A0 SREm EL AT A
I o AR S IR — b IE WAL B, A B T B (kAR
TIAE U SRt b ad 4006 o F T 48 T 2 A i K 3l 1
Mz AL e 71, LHAEREW. @l 5 FedlLAW 5
AFL HESR , 5 YA H 4 ok DR 15 911 5 Jo] 3003 80 30 A
BB L o X R Y I o e B O 22 ) R I
S it AU 2 D ) BN S AT TR o e A
WS FL ARG HLHI AR 45 A . A (LRE 5 12 il 4 Ja 1
TIR SR b REAE — 7 i JE b A2 R AN [R] 20 P dig A6
U S ES G

3 AIEIRENERBIENBEITIEE
=3
3.1 BENERWESINEGE

3.1.1 & X

16 FL & PUES T S F0R. B P i (095 F 8L
JEAERI D, ={ (2, .y, )0 FR D N, &
MR RE AR, ARG MBEE D BTE %
FmfE i IF4E . D =U,csD,. 0 WERENE,

AR SCAE P R B AT S YA N 1 TR .

®1 FEHSHHA

755 e
w!, 5 ¢ GBS0 5 0 AR B 2 B
7, R R

iz ey 2] ¢

4 W45 I 7

Z 5% P omk &
i BB AR S R R
w O S RS ¢ R AS MR S R

Wgg BRRA RN i A% i )AL T A [
n, 51 DK P R EROE B
% Z5REME LS
n JIT AT % S B B
P BEAS 2 v 19 38 53 43 A
a Dirichlet 43 i # 2%k
x' FEBE XA P 390
X G Y
X, X, FEME X ) B R4y
W, W, WS EL X, X, RS

RAB IR A e W, fl W, Xk W

1 BT ik

& AR R A B T i 22
(DERBERRA N ZE P mES S A

MRS HON {wi) R F y > 0, HAUE [ &

AR, =0 A, =1, 0004 SRR R

w,. W,

L proey (X571




88 it =2

Bl

e 1 2026 4

w'g:)’z/\iwﬁ (1)
=1

TERE—5e b % 7 1 Jm) SR AR B AR W00 R AL R )
<~ w, MR, K P77 RN 2R, 15
ARy BB U R sE 9T L % 7 v DA Ry B 27 20 28, AT BEHL
% FE T % (Stochastic Gradient Descent, SGD) 8,
TR SGD AR BIR N
w; <~ w; — 9, VI(B, ,w),
fork=1,2,-,K (2)
Horbr o0 ZAUR KB, B, 255 0 WEUI M D, R
/N, 27 I A M SRS IR 55 AR X e A
Ui E AT RBE R A & g 0 A Hb R Oh B R R R
NG =w, —wi . SRIFIRS & AT AR A R
BERL G I 57 T 0 4 JR AR A I A 0 (3)

wy = Z;/Aw? = el iwi — 7, Z#igi-

pi =0 (3)
Hod, =Ly oo e, JRACE i, oy 2 LA
BRI TR LAXEHZ M, HTFARBEEH—
1 B R 2 R BRI T I RE T, 9, =1 2R
K, X FERAN FedAVG. E 2R 5 50 HUE K

B — LR B — 2L DU, D, e

| D |
S BB (R AT L C ] # DX
BORE L ROR—E ST 1. ik p R (.
Ay RASEORSE £, AR XA
R L 28 K (3) T 23k

wh’! :72/1,-102
Yy >0,4, =0 €D)

Moy <1 W, 3T e R AR Y Y A i 4,
W AEIX RGBT S FR v W 87

OWHEA ¥ 7 B 8 R . 3% i B R
N g =VL,(w,) I & LHAFI7 s Bony 122
ECI g 170 Wi W F 1 E Xl
_ Ns

E[lg I*]+e€

Hrp, g, BRER¥IR, € >0 2T T,
TRUESF BEAR %,

ARG, y SELCIg, 7] B,
EC I g, |27 B Rms, BIVBA B W B2 R, 3R 7R 764 Ak il
4 bR TR R BE 3 PR RS y BN X E R
F e BE U DR T /I8 K i A DR BE T 2P K R
MRBOEH. 2 EL g, [|*] B/NmE, B I

s. t.

s. t.

Y (5

FE/IN 422 30 J 8 e M B T XL (AR y R LA
T hn W 8k

TESLBRY FL & 50, & 7 o 22 8] 0 £ 4 A
i H A Non-TID ., BIV&EAS 2 7 i 1) B4 43 A1 47 1F 22
5o % P ] 0y B PE A 2 B Non-1ID B9 4§
PER L B 59 Non-11D 454k %t FL A9 Yl S5k B2 4 ag
TR .

7E X 1(Dirichlet 4> i 5 % " ¥y 5 i M) A% ¢
%M Dirichlet i BESY Sk B % P 5 BiPE. Dirichlet
AR 2 H TR o 2 (8] 0 e S5 e, axX
FRARE 75 4 38 5 % Dirichlet 250 o Sk 45 i B4 43
i B S VAR B . LR eR BN

K

1 01
p(psa) *mﬂpk

k=1

MR EEHIHES .
B 4 SR R Y f) B U 9 R R ) — S DB
JE 4R T (1 — yow! A R T

m
t
yzlzlk"u"' °

(6)

w!! :)’i/\iurﬁ» 7
7‘ D[ ‘ m . — A . Sl
/H\:EF“A,*|D 321. 1/1,'*1%/7_\‘%7 %g):'yﬁﬁﬂ/‘]
AEXT B4 = L
AR AR A F
7 R 55 i v A A PREHE 4 P Al 3 H bRt 2
Loy (¥ 2520w") (8)
It
A :argrqi? Loy (7 . E/\,wﬁ) (9

KAGEAM v S T2 RS
R AL E AR AR
2 5 S8
(I A% Gt 42 Jay B3 3 W 4
wy =w, — 1,8,

Ay X TR RS L TS
w ! =7 (wl, — .80

(10

=w, — 77,8, — (1 =V w, [@RD)
B — yowl, FRA AR ACE W 46 i P 6 R
G5 Yn.g WA R R,
(2)FHXTALE A,
KA S RE B g, -

12

m ‘ D,' ‘
wl =gl > Al =T
i=1



1 R R A T T 2 5] SRR U A i A MR TR IR 2 ST O ik 89

(3) Wiz A T4k

HE bl R R FEA e AU B R e £ ORI
X9 IPrrp PR 32 BR TR e X052 56
LA v BEORIETH ORIt e
3. 1.2 FABOTHS

ASCIA BINBCER & 19 BER B9 % FL I 2k
A, B e R G SR AR E 2 B, A3
PR B W R O AE T 0 A5 S (19 5 784 G —
A B A B L 3 A A ER R R TR 7 i ) KA T
B R PEBE DL B HE A A O B R B E B .l i 4
38 9% 3 19 7 38l 25 VR R AR, T L S T i A
RIS, NN B 42 JR B R PR RE . 5 AR X A
oK V] B B S B TTRK . TR A BT SRS S 4 X T
W rp 0 % s (8B AT S R R A S M0k
4 R BRI X T OR e R A B g U R FEE AT L
— R B S RO AL, I 5 H RO i EE B Sk 3 4
SRSt SU/AS Il

wi! = (2 N ) (3 )

kg M k&EV

(k=1,2,++ym) (13

AT T A B8 A IR IR 24 5k R I E HLH — Ak
AALEE , A SCR I R G AUE 0 [ 35 N M 28
LIRS 1 Sz R 2% 5 P S 50408 14 BB 1 0 4 Jay A 280 ) BT
BREE o 1 DX 70 fif A AL A9 s AR DR/ CRIV 2, 50
AR X5 A EE CRIV 2% A EE A B ACER R B8 B D, AR SR
F— T o3 figt SR W FF e 0 R DR DA LS 0 v A
Ao Ho, y =p R T 002 =[A.4,, 0,

M]%EA:%w%ﬁ%EF%WWNREOEﬁ

R 20 o T LA ST A S M PR R X AR
fi] g A x4 Jey A R i AR R e . RIS R 55K
W EIHESR T, 2 Ry Y 114 SR T LA /R 9 LUR 225X
w, =w, g, Ve 2/\, © w; 14
€S

15 H BIMECR & H s f AR SCHIA T — A FSk
M By (B I ) T 30 285 3 R o 4 Jy B3R 1
TORTIR B . S8y S B R 2 7E 0, TJIX TRl
B DR TS IR T A 3 R R A T o R B /N Y
AP R AR TR A E 1 A S SR, e 0 B A
PRy FIORAS A A e B B ek 7 A P A B 4
EREATEAST L IRy AR SR RUFE IE e A
o 2 18] B — A1 A7, AT A3 4 Jm 5 TR ) P E
3.1.3 SR

FI 3l A SR & 5 ik i BLR S D BR AL R T 06
A A VR BN TR AR ER Y T TR 2 TR 4

AL

HE X ERERBZHON w, B DR
Ui B AS MRS R SRR <o) o HORIEAT R U5« %
J R AR R Ry A g BEAS B S A 2R 3 TG —
BRI X A AE JE T IZ R P v R 7 4
Jay B bR — SOy AR E 0 4R b A 3R PR B E 1Y L TE A%
e A SR & B T RS B R B 7 i
FRBEHE AR b2y ~) I SE AR L 15 B AT RE 6 S B &
S A6 R X 4 Jey LA B BTHK . AR S i P S AR
MEEEAL BRI TAE RS RIT R E . &R
P27 £ 5 5 R0 D

w, :Ei\vl/l,ﬂwﬁ- (15)

FEAR AP 2 S B 400 B BCER L AR 3l 2 S 1Y 6
B SR DL R R R R A TR R HEAT R 46 1k L
AXF

q.4;
2;\;1(1]’“1 +€

ASCAE % 7 o i N L 2% 7 s 1) 000 S5
q. BRIV RE VAL al LU P J5 T A B 20 P i 9
BAIVERE , — DR UER R o, MUK L, o RIS ATLL
WA ER AR R A% P i AE . A5
RHIE T H R N BB g, URER R a,
A FR R AL, W] LU A G — %
Z G N S /A= v (1

A/,: (i:1929"'aN) (16)

1
qg.a;N « ——
141
A, = L an

E;\;l (q"a’N ) %)

BEASF P S (0 AR i 500 U1 YL £ 3 o
BT A AR S B w0 L SR N ASF 24 A0 DU
RA TR G 0 A b AR S50, 15 3 4 R B R S 8
wi A A 6) B HE AT A 3, H A
.

w, :2\ w; (18

PR TR R A R B w), o K B 45
& AT R ATE R — kORI . 7RI 2R
ZERZ A i 2B 2 R R S8 A I 2R o 2
A IRJEAEAS TR RO 4R b RAS (] o 28 19 245 A5 010 2 Ay
ESE S R AL

Bk 1 RAE Y Ty THE A E R A A
pi s BEGLEAANE P g Xk 4 J A R ) 5 R R . ]
FI 3 W SR A AU e, X5 i ) SR PR AR T 2 o) R
AT BIACF- 2 B 2 R AR B w), AEIBUR 5



90 it =2

Bl

e 1 2026 4

R v A SCORE A A e BE AT R Ll S T 2 UGE AR,
M B e 17 58 6 ok 5 114 288 3 R Al 1
HBlmBCR &5 WAk 1.

Bk 1L ASINACR A

A wl vwl Y

it TR 1 R B8

L AR A 2R R B w0, VIR o, XEBTA ¢ B

AR 9 B A

2. FOR #4>% 3 ¢ DO

3. % P i TR B g, BT RE o, TH AR XA A
qi *a;

E;qu, ca;, +€

A T P G ORBCE R B &

55 A RO R TR AT A B AR D A, — 1

A =

i~

al

DI NN %
CHRAE YR ZE N Ty I S N R A A

Top =7 A,

8. M HH A G NANE o, AT 2R SE w!, IR SG .
9. W, <y e 20w,

10. END FOR

3.2 BWTHERIBES

fift B VE B FF %% 3 (Analytic Federated Learn-
ing, AFL)J&— 437 iy 156 8 2= 2 Y 2R =, & il
B TR 2T B A e, S I IR A T A Ok T A
PR N R D7 58 . AT PR IR 2% ) B e i
RE 2B INE BRI ZRA R S [ )1 25—
A HL 2 AR AL [ I PR P PR B Y B AL . X —
FIE T 0 HOHE B AL DR A SR A e A R BT, 5
T BRIk 2% 2 A LL A% BT P 36 2 2] W %O e T
FIAT P P T7 S8 2R AT W 2% 1 25, T o MR Aok 2
TREEEMR T, AFL A5 HE 48 3 226 456 Jm) &6
VIE R =R R St e = R i e e I L 2
AR X P B Bep S ad L 7E R d I R B Bt
w, FIZR T 1E R e 4 s | AiE F N T8 AE I 4%
2] EYNZRAE—A Epoch 581K,
3.2.1  JaEk il g BB

Jay BB 25 By B A5 4% GE IR 27 >0 AL HE R AR I
YR B BEAS % i 1 S TE A TR EUE B I ZRRRAE
PRI 10 O 2 8RR R R BE ) 5 e AR SOk
M ResNet-50 148 + M 2% , i i i B 27~ 58 i
Ik AT SGD flifbss I BRI T 0 0. 1. &

(2]

AR I 100 AT, B T R
TR IR B0 ©, R E A TUR L, 47
B L DD M 49l 0L

TE R BRI 25 By BER FR B 26 0 T 024 1
EBRIRA I i OO A DU I i B, 5
% PRI AL — /A L T L 4 — A I
YR T R A — N TIN50 Sk L AR ST A
T S FEL A T ) 9001 0 0 40 o 5 4B . L
BN 258 T 2 002 e (R 52 e (e 22 o
UG B 45 A7 7 7 7 MR T 1490 06 1 5 1 A 1L
T2 R I 26 B B 1A B 25 A A 45 00 28 0 9
AFL A S TN 2508 T 60 5 1 4 5 AT B2 3 2
I 24 0 190 4 L 5 3 0 45 3L 0t 501
5 10 BT 9 45 0 S M 0 39 T BRI 3 T L
NI L R R PR L B9 2 A AT
FS2% 2] Joh b VI 26 00 et B 06 AT P SR
w, (0) FVBFAESRBCRE @, (0) 8 AT ] 090 46 1
G PORAEARBIR S D, LY SR h
FHUH T OIS ©, L AFL R R
HHR M E 2 SH w0, EATIR . HARWT .

t
w;

19

=w,"' —9V u-’[Li (w," s w,")
AFL W JR B8 UII 2R 5300 WLk 2.

&£ 2. AFL =3B 45
‘IFEA'J}\ T 9T
i AR BB w!

1 WA w', IFH w, (0) Rl w0, (0) Bk Hl I %) 6 1
2. FORt =1,2,---,TDO
3. FOR BAK P i in parallel DO

A FE TN 5 10 SR BB o, A0 M A R B B

MR P 1A B 40 A5 22 SR O 2B L, (AR 1)
END FOR

TEA BN Rt AL TR L, J2 HEAT

TEJR AR AE D, EVEATJR BISR SR S R B o,

—1 -~
9. w," = w,” — 9V L, (w;"sw;")
w
i

[ e e S R

10. END FOR

WEE 2 s, Hd L, BIERE P LRHE
PREL, pJE2E ) %, i ARG ILZ M35,
AFL 3/ T YR [a] Ak 500 YR TH #E
3.2.2 HEHRRAEME

EHRLSH B AFL 02—, L5 EE
Hp2 238 M A2 (A0 FedAVG) kB A %
PSRRI T T, L5 AFL R T SCik[ 23709 AL



1 R R A T T 2 5] SRR U A i A MR TR IR 2 ST O ik 91

PIRAG RN A 19) , HACE [ 2 R % P im0 s &
Fefil o AR SCHRE H AT 2% ) A ML < 38 O 7E R 55 4% o
SIARPEIEE P R A BUE A, Al s K+
(N1, B NI A (A y) SR
EEMNEREALE P FiR/METUMRZE, HET
SCHRL16 9 #2543 BC R STk [ 23 100 % s 5= m
L, #E Non-1ID 3 5% T BRI HE i 5 BT 2 & .
LR RE B A & 7 i BT S 50nk &
KR RS SR EIT R A AR AR AL, &
W DR IR S HON w! I H R P b
TR B R o 42 SR AR B S A i A A 1 = X
.
o _ 2] (20)
ot = S
: S
XA INA - 25 5 =0 IE T 42 Jmy 155 75 R 40 AR 4 45
AN St B B B R R RE T B AEE L AT TR RS A M
F 4 JR B oA . ARG RO T e R i Ak pR Y
S HAANF

| D,
Fw)= ), — L (w) 21)

= ID|
. Pa=dn\ D, NENTTEN A
A D X D e o

B B A R K (0 A A B R B i ) 4 S
TR FR) 52 W) B A 3 o SR W 8 12 v 5 28 X B4 o A
AN KT BN B0 B P L 4 R A K pRR T i A S
AR B 7 A1 FUBCHE B R AT 1A, 1 DR S TR XS 4
BRI v SR
1E AFL ™, iz 55 4% i oo i A i 64 77 sk 47 3R
G LU HE 0 AR 15 RS AR AL, Ik 5
TRAEAS M PRAT AL 2920 2R 4 % 7 i Jey i A 2 2
B Anr
w!, =argminF (w) &~ Z\: %w‘, (22)
22 3C22) B PR R 5 0 TR RE A8 S WA [) % 2 i 14
DUHR . kAR Ak AR 0 3 R L BE 8 TR B AP 58 A
4 Jry A5 AL AR BT T R 42 T 1 3R B AR
Ik 5 S A2 PN AR A5 1) 445 SRA Ry o 1 4 J) A6 7
SR w! () AT 2R AL AR
w, = 2, %wi (23)

i=1

i 3 (23) iz 55 A BEAR AT 5 T 4% % I Jmg 08 U1 2k
S5 R 0 4 Jr RS TR, SR S A A R o’ (0)
e —R% P iml i pR e S B k2R %
L ISR i N VS AW (A (U PO R NS U e

S AFL AH BT 1 S8 00 B3 2 > 78 5805 R
e A B AR AE S BR N AT SR T Il — 2
KRR P . AFL [ I i 25 5 3 20 A1 AN 270
R B B S B T RE S R B R ARG
IE B SOANTRE . O 1 i DR I TR) A, AR SC s A
38 A R A TE fR AT I SR A L R v AR P i
AR R T T AR AR 0 A R 25 S N R
P o ACEE LAY/ A S S5 M R 4 Jm A A TR 1Y) 5
Wi, PRLOE, AR SCHR M B 285 5 BT A ) 3RS AL R B
YIZRA) LAW-AFL HESE , 5 75 5 /5 455 780 17 357 % Mg 75
FE S5 o o) 5 ik
3.2.3 25 S AL R S ISR m

SRy I o B S 2% 2] rh v AR Y B RA T B XIS Can 3E
I AT SR R R B AR S A 25 AR i R
TSRS . 120K W B A% O 7 T AR 2 P s B4 43 A1
B S5 Jo e 2l 2 U A M R 0 R, DT A DR B B A 199 [
o B /DN KT A5E 7R P B 1 5 )

BN 2(EFAAMFERMS 20 RARYP R
W) R P i @ AR LB R T O Al HEHE 2
i 19 5 Pk Dirichlet 28 o /R . BFH 8 E o &
XN

O ref

0 =0 e * - (24)
Hr, o HEMBEFERE, 0. WS HF 1R

B, € BV T, B ABAEE), B o 80N,
M 5 58R J3E o B A, R )RR 0 M R S i

TSR T O A A A R R AR A, A

S 4 R A AL AN M R R P g A BE 4 58 M

4 v T O A 5 SR L B AR U R e M R 1 A
RS 40, T 7E B A o A v 3R A5 T 5 (0 B L T S
e 4 AL,

K 42 7+ LAW-AFL 4 % 4Pk DU O 88l 2
LELEE, RN BRG] 25 0 R ARy
SR . WO I RS R AL -

Aw! =w' +N,6°]) (25)
Hop BRI o 2 UH
re A
6 =0y, + (26)

et

i id Dirichlet 2% o Sf M 42 B4 b 25 73 A 19
AV AR A (250 TH R B 7 g o L Y M
SR o, o T2 ME F 5 R L A IR M R A NCO,
o) WIMRFE € . & O A 58 U MR AL 5 L 3R
PRI T i Avo; B AR IR MRS €, S REY BT B
AR BRSSO Aw; + €, 0 X— AR



92 it =2

Bl

2
&

i 2026 4F

B AR A% 2R 55 25 i TR AN ABL 3 A R R A
B[R] 55 7 D A AR Hh T R i R Y BRAAE R .

TEHCHE 53 A AN S8 ST B, 3 Jm W 7 LA v e L R
15 78 S B AR I s R S L BEASTE — e R F AR
TR PR BE |, (W] i Sl o 22 23 B AL DR A
3.3 &XREAN

TERAG W B A ST A4 %6 3R A 22 A (Absolute
Aggregation Law,AA) .l T RIBLE 5 i 3%
ST A SBRE . EH R T HE RSP0k
D) 3 5 7E 4 R D0 A HE 2R HE S PR RS SR L A
T A5 280 2 A A% 8 07 V6 A S B PE 808 23 A T RO 1 RE R
i, ARCMHEFZE T MPP )R % .

TEX 3 ARV X FY A543k 1R 4y

NEN

X = Y=

X, Y,

Hb, X, f X, ¥209 BA TSRS TR, MR350
WAy X B AR X B P ] DASROR R

@27

X' = [OV] (28)
SRAFEITE .
U=x'—-R,C,(C,+C)'CX!,
V=X'—-R.C,(C,+C)'CX 29
CiEl
c,.=X!x,,c,=Xx'x,,
R,=C,'.R,=C,' (30)

ERNERAMN B X MY #4505k
Xu YIA
cemmsx- [ - 7]
X, Y,
Hi, X, il X, BAEZBENINER, & Xnbih
SUI
w,=XlY,.W, =Xy,
WA Phit W=X"Y i RR N
W=W,W, +W.W, (3D
Horb, W, RMIW, 2 BeAE Y B O 22 55 I C,
XIX, lc,=XIXx,6 i+&EH7,
i F

{Au —I—-R,C, —R,C,(C, +C)'C, )
A,=I—-RC,—RC,(C,+C)'C,
A
C,=X'X,[R,=C,
- (33)
Cc.=x'x, R, =c

2R AU IR A R 7R T B 2 o] rh 2% 7 i
B2 BOR A AR BT« 4 JRy 58 4 ) AL e W T L)

3 A3 P Oh 332 B 45 % P i A I 1 A EE 4y
(W, W, O STk E B (W, W, ) A,
L P2 38 A S B 4 R R T L Bk L G
VI 22 B AR DDl S TR s TER R B W, LW, 8
A R P i B 43 A 22 5 400 A 9T R Y £
THI 5% 1]

S AA BN AR DA 54~ 7 7 Sty 22 ) 0 4 X6 S A
CHE W, AW, {8 3 B 5] DU A b ) % 31 &2
HPGg . N T KB W, FoR R
BT k=1 A% BAUE A (Accumulated Ag-
gregation, AcAg) 4 Ja) A JH FF . i 5 A 5
(19)(20) . F—H W, G = 1.2, .K) %
BB

Wi =AW +AW, (34)

% C, > CpusC, ~C, . WH C,,, =
Coerr +C, HH Cy )€ R BT )T 25

A 1
LG (Copyy HCH!

agg k

A, =1—C,
B (5
Ak =1 *Ck Cugg.k*l (Cugg,k*l +CA»)
k
Copr =Coin +C. =25 C, o)
C,=X'X,

A 2R R W =W, & DIR853 5
GEANR P AN AR, R A R
RSB W, W, B A AR BE B an
W MIW DO ZELMA S, BER— & H1E
M1 B & BF RS, AT LABEMLRBE W] % i
H5AA, WEHTRE . B0 E 5
FEBE L mT DL B
3.4 BIMNEREHNMBATERBES

TEARIE AFL 194 Jm & AL B A SCR A 1
BOE I 7 N A &A% P B R S 80, SR,
FE S BRI FH 2P i 1) A R R AR T A T RE 2
R NCIRRERSIYIE'E e =RV S BUNERLINALE S Sty
BUEE e, 0T LA R 305 b Ak B2 7 0 22 5 42 v S
AR SN, EARSCIR G LAW-AFL B3k d, 8
B o, B R AR Ty X ACE A, L A
17T S 350 4 2K A . OE Ak 3 R b
B FE 48 RE B AR E] B« B, 5 S e 30 B S %) A
SR w! FMIAE p, REFIRS . W5 aMH
HEAT AT 2495 A o LA BT Ak 19 J7 =X 0 7 4 Jg 455 78
w2 W IEI, HE R A ROE,

S INBCR A (0 AT P I 82 o B3k DL A3k 3,



1 R R A T T 2 5] SRR U A i A MR TR IR 2 ST O ik 93

Bk 3. A SR & 0 AT PRI 2 o

A E P mES NGEFERWR T8 P amA il 4 R[ M E,
e 45 e A 2% S J ) E. LW 2R w, s A% S
RS D, s RENESH ¥

i AR RER w,

Lo witafe . 2R R w, s REGEIHRERE W, = 0 i

Cugg,(» =0

2. RERGNESH y WE¥EHE
3. FORt=1,...,T DO

/ /% F S BT B B

4. ARAFREI RS ERBE w!, TR n AN .
5. ARMAITRIBIIRLL A 0§ PIIR AR AR U 5 w0l <,
6. AL . BA% ol IAMENE D, = (X,,Y,) ME
PRE T M A BIAL ; w! < w! — VL, (w!)
7. H, LGty B P RS H R K ek R
/PR AMSE TR R
8. & PUNRHET HAMBE £ L TR W = XY, ,
c!=XY, +7I
9. TEZ P i I A% ZH0AT S g s

O ref A

a+E€ T €
10. b A% 2R 55 4% % P i A 008 IS 9 B TR S 5
wh SRR W R CL R EI RS R
/ /M 55 2 T4 B Bt
11, #00% P oo B - R 55 #8 N m A3 58 1 & P
P AR HUBER (w0l b, FIGIHE R (W] cwl i,
12. WIERANE A, AR K7y

D]

P
13. AL RARE FEfCHEIESE P LisfT E #1k
b, R A A E

Ayt < QA7 —9 VL, KA.

14, BH 2R A HEAEMRE A, S HEP
i A5 TR 3R B Sk o 1Y) 4 Je S AR

wi = 2/1 R73)
i—1

[/ A R GEITHE B
15. 2K ) gEiHE R

Wusguk :Wuywk 1 +WA[

Cagg~k :Cum&*l +CZ
16. T 2B G THE SR 5 200 42 R B A AL R
FE I

0 =0 pase *

W:Wagg-k ’C:Cagg ok
17. B R, v, =wC '

18, AR T 2 MU, il 55 i Hh e & 1 22 )=
*ﬁﬂ "w;
19. END FOR

TEZ 7 i AS b B B, BN % 7 bR T AT AR G
FA) A Hb AR TR A L 38 TR MRS THE B (A
FEE W, TP 22560 €, ) o DL $2 A i 8k 40 19 43
AR X S G B TR 2 R R i R G
ROR . TE R 55 4 o SR B B, R GBI RY By o R 4 Ry
P (D BT A L8 A R A A, 8 3 &
I R KR I V2 P v B Y S A L R RS
BRY BV 5 (O FE % 7 v b A% S 80T U m g 7
258 % P bR gE TR B 8 AR B AR 2
— AR A R B R 4 R M A A B RE ). B
R AFL S8 LA M St R B A B T B 2 R
UG /05 FRAE L 1T Fed LAW 14 3l 25 58 & B A A6 )
A RO R T %% P i [B] S 73 A1 18 S S5 1 0] A, 4 4
A RENS AR TR 2 S MR 5l . FER P
Ui Y2 B B » 4% % 7 i AT LA ] DNNL ResNet 3, MLP
CERVE R AR IS . 25 A A S InBUR A s L 8
SRR Ty FIAEXTALEE A Bl 2] SEIEh A
R P R A DTk [T AFL RE % T 4 Hb 3 B £ s
SEE I AR R A I RS A M S P i 1 TR
T o AT A 0 O TR A A AR L sk e T kARt
T RIESE TR G B B B0 . 3k S W) 25 444 7F
TYIZRIG RE 5 A 250 P BGRB8 52 2 B8 1) v )23 O e
fiE s AT A I it 7 JFpslde & P o 50 B 4

4 X I

4.1 XWEE

(D) di 4

H T VA LAW-AFL J7 36 9 A 801, A S it
FE VYA A [] B B 0 056 o 54l 4 L kAT 1 SR e, D
MNIST,FashionMNIST,CIFAR-10 I CIFAR-100
VAl T A SO YR R R O B SR R g
B 2 pros . s 4 a9 U 2 80 2 IR — e R
W&oy Be 4 A% P . A E P A A B Ol
% S

®2 BEEFITER

B4k WgRrEA WA FEAE gl
MNIST 60000 10000 28X 28X 1 10
Fashion-MNIST 60000 10000 28X 28x1 10
CIFAR-10 50000 10000 32Xx32Xx3 10
CIFAR-100 80000 20000 32X 32X3 100




94 it =2

Bl

2
&

i 2026 4F

BOlE Ja 4342 BESCHR 5 @ %t p. ~ Dir () #E
FTRHFEJHHL I o, B HCBIBENL 23 T o 28I 2R B3
% P i Non-TID (o) FI T R & MR 4L 5 i
X B « 5 Dicichlet 20 8 o FF , B AE R 45 #
8, T T VR R N o3 A R P B AR Rl e A
Dieichlet Z 8 o 4% il B4 73 A 19 5 FUPERE L ©
(BB /I 278 %5 7 i 22 () 1) K040 o3 Al 22 S ko, D
Non-TID 8 FE 8 &5, [ 2 o {H 8K, 3R B8 43 A1
T, B TID B8 B M, 7R AR SO P S K
100, B4 M ALIEFE 10 % P w2 5 %, 78
MNIST $dii 4 T &4~ % 7 i 300~700 K& {5, CI-
FAR-10 % /' 3t A 400 ~ 800 ik B4 4 , CIFAR-
100 #dfadk & % 7 ¥ T 800~1200 5K K&

AR F I 5 38 A% K 38 ( Training Iterations)
PR i AR AR 0 AR SR A R B AR R N P
A AT 9 22 20 U1 R 3% AR DL IE A5 AL A BRL S )
AWCBIPE . X b B R RS AN B B B AR T v A B
Tk — PSR TR A RE

T AL LAW-AFL PR AR E 1 7 AH ] 52 58
FAF ML E ST 010 W0 sk 3E F R R L r
I EARELE o I KRR P E + 1o T
VLS WA A 1 R i A S rh R B R

(2) LB PE 6 b LA e BEHE T 'E

AR SCOR Y S5 F RS B B O A0 d8 b . ofE R OR
(accuracy, ACC)F1 Topl Hessian $#1iF1H UL S Il 25
B[] ( Training Time, T) . #E#f 502 i &t 70 J AT 55
rh IE A TR A L 51 1 5GBS B X FE A (] AR R AR
A T 5 A B A v Afl A B R 0 M R T SR A
W EA TR MHERE., Top-1 Hessian %57 1iF {5 &2 i i
BRI A AR S P 1) B B4R AR o S A AL A A it T Y
BE U 2 1 L (B OR SR WA AL i R AN AR E . X T 4
RKREL,.,., »H Hessian HFETTE R .

o :L92L prory
90590

FEA R AL v Ab SR BE /AL i A L AR ) A
F 3l Gl HE 28 7158 — S 40 B R AR f# Hes-
sian F [R5 5 KAFIE(E .

BARH Topl Hessian R {38 2 BB A
ik AR RS B TR SRR E L DI Bl T 4R e A
TR B A, OGO S e T AR AL Ak
AR E LA i BB A ) St B rh 2 R i
JERLA SR B . A I i i 1R Dby A7 e 5 1k Ak
RN BEAR AR TECFR 24 2 oy i A AR AN 2R 0%
SEE L OCTE AL, A A I i R] SR s AR A B

37

e B B A0 AR B AR ) 3 A T S R i o TR R LA
7 v B b B B L,

TESEE R B O L 5 LAW-AFL A9 3 80 A
U8 F Fed LAW , 3xX — 6 5 L F H 78 1 24 2 I8 1
RUBRER I, T 4 M K IE LAW-AFL B HERE
ARSCS 5T SCHRC16 b ) 5256 X F 25 3 iz ik e
2% FedLAW 5 ZFh BLUE 7 Bk 47 TS B XT 1,
1 % FedDF™ | FedAVG™' | FedPROX"" | Fed-
DYN"" LUK FedBE"Y 45, U6y 4 H HA
MURR AR SR 3, S PEA LAW-AFL 24t 7 )
S,

TSR b, i — 2057 T FedLAW F1 AFL
PN FER AR, IS LAW-AFL #E45 0 AR
X, FedLAW fE S 32 A AL, HoM: 5 6 IR b A<
SCIRLE B S S E . I AFL W — BB 2%
IR 2= ST HEZR Gl 2T 51 A 22 2 I ALk 32 = A
RUMERE . 3 9 A AR R A0 AKT LS L A B
T 0T 4 1 3T A LAW-AFL fE 45 4 FedLAW Fi
AFL fE 35 T i 22 30, DA K H e b BRI~ 2] 3 5t
Fh IR A2 2 R Bk R I A BE

(3 LRI IAE N2 5

FEVR B 2% 2] U, R T 7S B LA AR 1 i B
pinl LA 1A CNN. DNN. ResNet20, ResNet50.
DenseNet121 UL K& 2 JZ B HHL(MLP) , 3% £ A [/ 22
g 04 D LA T AT AR 25 40 BT AR E 48 JBORN 2% 2] fig
1 EAEAE W 2 S AT B T 4 T VA 58 UE BT 2
WIS A S SR, EXRRE T RITT
LRI 5 S50 . T MLP. S A N %
JRESF S5 1 B (A0 MINIST b 784 48) , 45 1 >4
HEARERREUZ B2 0T EUr 0 512 F 256, R T Re-
LU #8006 BB 80 Ji B 2 0 Softmax 502K )2, Hill 4
TR £ (CNND B 45 14 45 - 2 — B R )2 [ 32 4
5X5 BB BRI 64 4 5 X5 BB
B I 2 423 )2 (1024 #1282 50) I Softmax fii )2 .
ResNet Z8#) 71, ResNet-20 H 3 B B4 ik, B4
BB 3 Mk 2 (3t 20 B W B R)ZH 3 X
3 EF (64 WiB); ResNet-50 % ] Bottleneck #% 2=
PR 4 BBt 50 B W BERZER 7X7 %
FH(64 3@ iH) , DenseNet-121 4 4B £ He 40 1%, 55
A il R AL S B b AR A

FEAN [F] (R B R BEAL) R L 43 B AT T 43 A G G
S T8 A X LA RIS R AR A [ 55 0 HE R 5 1)
I [ 55 DG B PR R 48 b T DA 00 b 7 A7 4% 450 A 11
PEREIE S .




1 R R A T T 2 5] SRR U A i A MR TR IR 2 ST O ik 95

4.2 ZWHER

AT 8AE LAW-AFL B MERE , i s ok H
SLR AL IEAT T AT
4.2.1  RIE y X RE R R

FEBEAE Ll AR AR T oy R Re/ME 4
Je A5 TR0 ) 5 2 pR A, DR I 7R S AR R b3 e Ry
AR 2 R B R R s R F

7 MNIST #l CIFAR-10 Wi A [\ 504 46 1,
ANTFY 7 A X AR g R B 7 AR T R F Y SE e,
1AL, y AN Cy =0.95) B, BT L RE
N BERT X — RS U AH AR, &
7 =0.95 BF AT A o 0 R A B T B fEK .
AL TE R SR R BN AR — R v fE,
ot A IR S AR L R X E R
HERE T %

N T HE— VAR y B8 R AL Y 5, 3
TR VU FpAS [ 25 4 A RS BSR4 7 T % L S5, an sk
3~F 6 Jian, v =0.95 e A IS 4 FAR R 20 4y
THIZK R, Non-1ID F2 B b &, 75 55/ 7 LU
MR E AL, 5 2 RS v T RURR T B A R 4y
KAL S y W FEEAE 0. 93~0. 97, ILAME TR T
R AT L L v IX B 43 A5 7E 0. 94~0. 95 Z i,
FEMEFRIME AL 0. SUMEKME T FshiS T
A 22. AV YIZRIT ), B3 5 IR 2 By 5. IRt
Je SR X LS Y Ak — B R T AT, N T SIE
DI AR 22 BRI B R B AT AT 1 L A SCFE S A Non-
TID XiJ 43 1 % 7 3 3 35 v o AR ) B4 1 25 0 45 5
RUPEREIEAT T X i 3k, 33 P i 8 2 X BRI 2 &)
PSS TR 1| S iod 2 7™ A O [R) B4 5 i) 76 3 A DL, IE
RH S AR 4 B 0 ity 22 ) S5 o T A

L ORIED o BT 4 A5 2 SR o il 4 %) L

R3 EMNSTHEFEET. ARy RETHERAULAEHZMW

Y y = 0.90 Yy =0.93 Yy =0.95 y = 0.97 Yy =0.99 y = 1.00
CNN 92. 34 93. 87 94. 95 92.12 89. 54 88. 94
ResNet-20 91.72 92. 67 93.76 91. 64 91. 36 89. 86
DenseNet121 93.56 92.71 93.83 92.13 91. 25 88.93
MLP 92. 64 92. 65 93. 81 91.51 90. 99 89. 34

% 4 7 FashionMNIST i &E T . A H v i E T S EBE KA NI

LY y = 0.90 y =0.93 y =0.95 y =0.97 y =0.99 y = 1.00
CNN 92. 46 93.57 93.53 93.15 93. 06 92.97
ResNet-20 91.57 92.19 92.39 92. 46 92.16 92. 04
DenseNet121 92.56 92. 84 93. 49 93.12 92. 98 93. 05
MLP 91. 67 91. 49 92. 67 92.13 92.08 92.57

K5 ZECIFAR-IOHEET . ARy BETXHEERLAENE I

Y y = 0.90 Yy =0.93 Yy =0.95 y = 0.97 Yy =0.99 y = 1.00
CNN 91.58 91. 36 92.28 91.58 89.57 88. 64
ResNet-20 90. 69 91. 04 92. 14 90. 67 89. 94 88.76
DenseNet121 90. 57 91. 46 92.29 90. 24 89.59 88.51
MLP 91.56 91. 04 92.25 90. 06 89. 35 88. 32
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F6 TECIFAR- 100 HEET . ARy RETHZERFAENZMN
FE A y = 0.90 y =0.93 y = 0.95 y = 0.97 y =0.99 y = 1.00
CNN 93.16 92.43 93.58 93.12 89. 54 89. 46
ResNet-20 92.49 93.19 93.61 92.97 91.01 89.16
DenseNetl121 92. 87 93.49 93.21 93. 04 90. 76 90. 27
MLP 92.19 88.57 92.69 93.24 91.57 90. 34
4.2.2 W) BAERCE WA R T 25,
N T VAL AL 2 ) B A A TR 5 [ A AR TR
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B R A 52 0, FRATT7E B9 45 8 CIFAR-10, B 7 40 4y . ———
. o ] Wk EEE PR THRE
N ResNet-20, a =0. 1 (i & F¥ LAW-AFL 5= rik %) (x10°%)
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87. 420 M F [ E B E LAW-AFL % 9. 1%, 53 Fed AVG 2.5 5.6
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LAW-AFL o 4 0 . i) Top-1 Hessian FfiF A W2 FEATE 1. 2,40 b [
(AT B ‘ ' ACEE S W RN LA R 2 T iR A KR . BN
Caamd ey 19 0.0 Hlessian 1 (F 4 W] 12 78 i 4 i 1 980 22 . 4 1L i
Fed LAW 82. 1 . e TR N RRE A Bl Tk S i B R 3 F R 3 & HE .
HERLARE (=53 ' LAW-AFL AT 2 ] 43 AU BYEALH 0. 841
FedAVG 76.5 200 — N
o _ = H: A N
FedPROX . L5 B BT LAW-AFL [& & A (2. 5) 1 H: i 3L 28 75 ik

T4 R B E R . LAW-AFL {57 120 4%
e S PR N 65, T LAW-AFL (JE %E &) il Fed-

(2. 0~2.6) KIFKEAL.

x99 WEIBEESWEN Hessian 451 B &M

LAW #7540 & 4L T 5 57 190 # A1 160 4., i it s B
AT A T M 165 B A RS, KR AW ARLGTR ST RO 2 08
S WA U B 05 4 RO D I % PR T, LAWARLARERTD 3.7 2.5
P e S B N P AT 7 2 R B . .
LAW-AFL 077 220 3.2, B m 1 )7 22 R W] LAW- FedPROX 3.6 2.1

AFL XA [R] B4 o ok B A58 P RBAE 1 25 S A b 3

LAW-AFL i i 8 45 % 2] B4 B , A 80%
TOEBER P IR, SR 25 R gk 8 i x , LAW-
AFLCA] 5 2 fLHE ) HAP AU AL Oy 1. 3, 1 [ 2 AX
HHY LAW-AFL B E% 7 i P-4 E y 4. 3, Fed-
LAW 5 i # A 010 54 AU, 32 9 bL [ e AL R
) LAW-AFL &f, HOG 2 % P o P B ALE S 2.6,
1M Fed AVG 1 [ & AL S W W 2% 7 I - 2 4L
A 8.6, FedPROX A i 1F I 301 358 43 0 il T
SH % P v o (A HALE A AR . LAW-AFL 76 Non-
11D 358 R AR R T 90. 1% B 5 il 3, 38 5 s S48
e % PSR, LAW-AFL AL AE 8% 51 X5 P H 1 55
MR N I S ) 2R RE L b 3 R P i AR 1Y

N LAW-AFL K FedAVG % J7 i 2R [l % AL
i, T30 Hessian Fe ik {8 FUBS BE 7 22 I i, 52 1) 17 A
UL AL A - PR R AR M BB . Fed LAW B4R 3 2 A
R AT R E A H ARG A [ 3 R R L
il HoPEREMS AR T LAW-AFL, X EWH ISR ENE
RE A A5 A [) 2 7 s 22 18] 55 7 1] (4 i 58
4.2.3 A ALELEAS [R)BCHE 45 AR [A] Dieichlet 24k
a BB F AR

16 FL g #h E R B % 7 o /e 5 IR 55 4
AR A 76 AS M B0 Y12 A a2 4R U B8 Bl i 5 A A
T Rk B R S5 S i AT A AR B Y 2 R AL,

M E BRI AR A< Y1 2R e U, AT
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g il gsh

B EWF5E7E Non-1ID (a =0. 1) $t#8 04 T . A
] 45 4 AL 7 DNN RS RS 20y | iy =7 > il Zend & 81,
H T Non-1ID 4 43 A 1 Pk ik A0 % 7 i =22 1] 1) 45040
YA ] WK 2 ] DL L MINIST %8s 48
T LAW-AFL BAVTE e A B HERA R IR B T 90 %6 /2
i FedLAW 555U (1% 9 fify 4 w55 At SR L B 7Y,
WERR IR B T 86 %6 A2 47 » BB X dak 1) 58 B3 s Wi 17 A

RIER B AT o 9 3 31 B0 . LAW-AFL 19 132 22 4
B Z WL R /N . 1E Fashion-MNIST
AT . LAW-AFL 2218 Hf e n L3, i
TR B 5 AEFF7E 9000 22 47 s HoR & Fed LAW #55 AY
WET R AE 86 Y0 20 A7 » H b 35 £ 455 80 %) ofie 1 S5 4 v 43
MAE 83 i di . WAMNERR B 2% ) CIFAR-10 FI
CIFAR-100 %t 48 48 I, LAW-AFL {§ 45 & 45 1 o
B, HoMEI R R AR 7E 89 % 22 A7, 5 HE At ik £ 4 251
AL, LAW-AFL 38 5 2 5 08 8 5 G AUE , A 302
¥ Non-TID M85 F % 7 3iig B8 43 A1 AN 5 1 52 )

[ 2 7E DNN,Non-1ID (¢ = 0. 1) 4375 F (2= 3 ih 2k

75 DU AN B dE 45 F € B DNN Al Non-TID (a =
0. 05) YEATPALHE B 0T 45 1L R 7E AN [m] 5 T 1 PR 45 T
(435 N7 BE 108 A5 20 M 5 B0 L S 45 SR AN 1A 3 B
L2 R fE B HE B LAY 45 R Bg 55 T Non-1ID
(= 0. 1) FAZESE AR XIS iR 2 AT,
BIRIAE 4 it Z R SR 5 R R e . | 3k E
O\l Ry A R L R A A & o A I 2 2 AR O B (R
A . 78 Non-1ID (o = 0. 05) (KRG RALIR
/N, IFH LAW-AFL AR R BUAR KB I 8l .

LAW-AFL i i 48 3 %5 5 42 5K 3 19 AL & 43 1
T e 5 0T 3 5 400 AR ST 2 P i F) 97 TS T

RV 7 H5 0 o0 A A R 4 I T L AR L AT e B A
FeE B PEREFN R4 B9 & 45 1%. LL FedDYN Ry f4i], 71
CIFAR-10,Non-1ID (a =0. 1) T, H#E#I R 7E 83%
Zi A7 M AE Non-1ID (a =0. 05) F ,FedDYN Y #E
REFEE NS BN o« HEFHRAH FL
X B BT RE R B, i LAW-AFL W R B H T %%
R E IPERE .

7 ResNet20 %5 #4 F1 Non-1ID (a = 0. 1) ¥4 4>
1 51 F R ATTXE LAW - AFL 451 Ff s #8078 PO A R [
Bl e 1R 28 R REDEAT T VR, L M T BB DI 2R 5
YR I v AR T R B SR 25 R A 4 FR
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%l 3 7£ DNN.Non-1ID (a« = 0. 05) 404 F 127 i £

B 4 7E ResNet20,Non-1ID (a« = 0. 1) 447 F 2% > il £

1E MNIST $#2 4 I, LAW-AFL {932 3015 24 Z AHBEAR T LAW-AFL, ifij H Ay B0 Ay il 28 45 ok 2
T HABAERY , B 25 I 258 YR AN 500 343 1000 , #5571 UL ERRRAE 80 %% 90 % Z 1] L I B /N, TE I IR
W R I, AT 95% . FedlLAW £ H K ) FashionMNIST #4545 |-, LAW-AFL i@ 1 8 2542
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AL A T 0 R e g T BOCRS T e i R
WER R e K 33T 95% ., FedlLAW BB H 5, £ B
2 v ) R P T b A R ) o R R S BE N, TE
CIFAR-10 3048 4E |, LAW-AFL fi4 2% 3] il 26 475 4R B
R BE L HERR SR AE 1000 BRI 215 90 %6, 3 i T
AT, FedLAW (14 o B S 42 305 87 06, 1 o A3 A58 784
(I FedAVG \FedPROX %) 1) ¢ BILAH X 45 2% , 7 oK
1E 85 Y0 Ze AT » U B s P s A 14

7E CIFAR-100 %454 |, LAW-AFL fir & e %
It 00 %6, Fe I BRI TZ AL BE Ty . FLAASEAY 1) E
RIETF 9026 . HAE VI 1 0 — e R i e g

TE ResNet20 2244 F1 Dirichlet 50 &% (a =
0. 1) A F 78 a =0. 1 50T B8 40 A 19 57 o ok

AR AR Shy 560 S A5 0 1] 2 %) e i A 0 e B L 3R
TR 25 A5 1Y ) e B FEAT T ) Lb 40 AT, 52 50 45 5% fn &
5 Fis . LAW-AFL A9 i S0 FBE 5 28 1 ff 5 0 5
T a=0.055, £ a=0.05 @ RESMm T,
BRI AT 22 5 83 7 ARG R B — 2 1 I
AT LAW-AFL 3 a Wedq B v 59 S 0 e
WAk A FH A 45 76 B2 3% Non-TID F i LAW-AFL ¥
Bl R X b AT A2 0T HLAT Re e sl W 8, 7 fe 4
i L ORFE S, A, 5 FedAVG Fl FedRPOX
HAB B EUAR [, LAW-AFL 2% 3 il 28 16 5L 401 B B
SEWEPR ETH B X RP] LAW-AFL B9 [ & L
B G R WA S B PR vh B R T T A R A Y
YRk S ) 4 T A5 180 e ) R e Tk Az Ak

Kl 5 1£ ResNet20,Non-IID (a = 0. 05) 434 T 2= > i <k

T£ DenseNet121 %I 1 Non-1ID («¢ = 0. 1) %X
Py A T Z PR AL AT TR RE VT AL L SC 50 45 R a0
K6 FiF 7 4% B 7E MINIST 34 45 b ol ff 8 8% 14
B, 6 (a) & kB ARIA B 95% A 4. H
LAW-AFL AH#H A 7 25 78 J5 11 (900 ~1000 1K %
OB A B B, H B 6 (b) Al 3 i, Fash-
ionMNIST %4l 4 I i i o 2 1 2K T MINIST %k
Pa s, 7 i R 25 5 0 i & %, LAW-AFL Al Fed-
LAW B 5 48 F HoAh 75 325 . & W 72 88 2 44 1) A0 o A

% b e b tERe R M E E ., &l 6 (o il
R N I R A E 65% . F W AT 5 ME R Tt
LAW-AFL B #ERf 2848 7t B fe e, & 6 (d) M AT:
5 e H B ERAE Y CIFAR-100 S04 46 . A 7 L 199
BUERR R AR TE 65 00 (B I 2R 4T, LAW-
AFL e 1. 1 b BER 7 A0 R 12 & T
PR e M, TEBIE 46 LA 10 WML S8, 7F Cl-
FAR-100 I, B350 Bk t MNIST B 5, 1 % 50 ¥k
AR 55 B o BS80S Bl 22 7 A AR I I B
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6 7F DenseNet121,Non-1ID (a = 0. 1) 4045 F 52 3 th4k

76 % i DenseNet121 224 31 % Dirichlet 4> 1 LAW-AFL 7 MNIST, o =0. 1 fi% JE 2 57 [543 15 %4
SR E N 0. 05 WIS, AT AE DU A Bhodi 46 1oxd o e A3k 3 92. 75% , £F FashionMNIST |- #i
AR R WERG R IEAT T 0Pl , SCR g5 R E 7 o, BRIRE] T 93.54%,
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7 CIFAR-10 5 CIFAR-100 %42 4 | ik 5
T 8TU LA BIUERF X a=0.15 «=0.05 B4
SEHy  LAW-AFL R 5 2 i i 1 R B4 K Y
225, LAW-AFL 19 P =i 3R & T 53 Yo B £h 3
FE R S B 3 A N AT AR OR e AR 43 i 1 B0 SR
P AL Ge 1% A 07 1k 5 32 R R B R AR R, PRI
LAW-AFL 754 5088 46 v iy 1 BE P 5 91 5 R Wl
FH A 2 X 48 04T 1 3l INASUER & 14 it BT 1 3K 2 > A6
R4,

f£ Non-1ID (a =0. D) ¥ 434 F LI T MLP
Fl ResNet50 19 Ff 85 71 B A4, DLV Ah 4% 1656 2% ] J5
AR S B PR RS T B o R RE R L, SIS AR n
P8 T » A Bl A 0 e a2k ARk 80 Nl S A TR 1 A i
K, B8 E/RT Z)Z B MLP 78 MNIST %{
PRAE LR PERER I . o B/ B 7 Ui A 1 B 53 A
e ity L 85 BE — 30, AN [7] 52 56 45 31 1 A b 43 A 45 44 2
SR/ B3 KA T o = 0. 1 B2 (A E
RREAL

£ MINIST $46 4 1, 25 A58 50 3 fff 5 Bl Il 2 2%

B3 M R BT, LAW-AFL i 3
DT HAb I 5 M R R 24208 937, FedLAW %
BE S EREAR T LAW-AFL, 30 H [ 5E B R4 5K
W& TEEHE o A S B S A — g R R, B 8(b)
25 AT 1 2R 4R T R A8 LAW-AFL KSR {7
Fre vk Re . BB & 2 AR B I, o i 58 KF 22 42
Fh. AR A X 2, (B S LAW-AFL 2
MIAEE 2, B0 LAW-AFL 78 97 5 2% (4 503 43
A R ATY RS W 5 0T O 52 4 R AR R vz AR e .
£ CIFAR-10 $0¥a4E E L & 8 (o) n] LA Hi 4545 B iy
HE B A 52 T S 22, i Ze R B — E PP
LAW-AFL & 00T HAb J5 v, 16 )5 MR 5 fa e
WK, FedLAW A1 H Al J7 3 (1 FedPROX. Fe-
dAVG) M HERR R BAL, R E AT B A T & 4E Rk
BG4 (A1 CTFAR-10) b X 53 B v 50308 14 3 )37 ik
TR, F 8(d) BRTE CIFAR-10 $¥i 4 |, &4
R AL R A2 TS T2, ih R R B — & 3.
LAW-AFL 7EPEfE L ARSR o 48 91 % i &, JF e 9 i
—E WA E T

B 8 7E Non-IID (a = 0.1) 4340 F M 2% 3 i 4

TE Non-1ID A[AiE & T, R T #F— P 5 Uk LAW-
AFL T[] 50405 £ A W] 458 AU 2844 R (i PERE R
5 FedDF,FedBE Hil FedAVG % J5 i #E47 1 % 1 52
¥, SCERZERANE 9 s . LAW-AFL 8 5 & 1 F)

L N 2R 5 SRS S BB SIS 7 S A0 s 3R 0 P B S 4R T T
SRR I R . LAW-AFL # R Pk Al i 5 T
LB, R T AR R R A 78 MLP I 2k
MNIST FiI FashionMNIST %4 5 , LAW-AFL ## f
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HERRIEH] 91. 77 % /47 s 7€ ResNet50 A7 4044 ] W1, LAW -AFL [ 152 4 T8 45, 3l 2o 22 Rl 37 55 5
KT LAW-AFL, B a] DUE BRIk AR R R OREFE AR e i dEBE. 26 10,38 11 Jy LAW-AFL
U PERE  METR R AR AE 8500 — 88U A M LT HHAMMSFI A EA RN L a = 0.1 Fla =
FLLRBA fF o = 0. 05 REE T HER RS IF KRR 0. 05 BFAYHERG R i ss

# 9 7£ Non-IID (a« = 0. 05) 234 F B 3 ik
£10 oa=01HEEFREEREHYENEESE FLLEES FL 575 LAW-AFL i TOP-1 Uik A8 %

¥ 4 MNIST FashionMNIST CIFAR-10 CIFAR-100
AR MLP L.eNet MLP LeNet CNN ResNet CNN ResNet
FedLAW 88.61 88. 26 89. 29 88. 08 80. 17 89. 46 80. 74 88. 49
FedAVG 88. 11 88.08 87.68 88. 61 70. 59 88.57 79.52 86. 16
FedPROX 89. 33 87.01 88. 64 87.68 67.66 87.51 78.49 85. 34
FedDYN 89. 24 89. 68 88. 47 72.45 66. 1 86. 65 77.68 85.29
FedBE 89. 14 85. 96 86. 16 85. 94 69. 60 86. 36 78.42 86. 28
FedDF 89.09 85. 90 86. 22 85.10 69. 88 86. 94 77.73 85. 30
LAW-AFL 90. 66 90. 51 90. 65 88. 86 82. 46 90. 27 82.83 89.61

K1l o=0.05FHEAEFEHEBEHLTANEIEE LLLEE S FL /5% LAW-AFL §9 TOP-1 Uik =

PiEITE S MNIST FashionMNIST CIFAR-10 CIFAR-100
gL MLP LeNet MLP LeNet CNN ResNet CNN ResNet
Fed LAW 85. 24 86. 11 86.51 85.17 80. 46 85.62 82.39 84.63
FedAVG 81. 46 85.33 80. 24 85. 48 74.97 83. 69 80. 45 83.22
FedPROX 80. 21 77. 68 83.56 87.01 79. 21 85. 94 82.67 83.76
FedDYN 81.43 78. 48 83.49 88.17 77. 34 83.06 79.16 85.29
FedBE 79. 64 79.12 79.27 77.25 77.61 84. 96 80.43 83.47
FedDF 87. 31 85. 71 87. 27 79. 84 74.73 85. 04 77.24 84. 34
LAW-AFL 89.97 89. 66 90. 24 88.18 80. 27 89.23 83. 49 85.19

4.2.4  ANFEE IS 5T B2 R R R dAVG) TEA TR Bt 46 Eul 5 BbE o A2k ALK

S [7] B S 2 > 5 A (LAW-AFL ., AFL il Fe- BTN Top-1 MERI R RN, LWL RWAE 10 Fiow,
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YKL 100 B8] 1000, A B ALY Top-1 HE# R
A BRI, LAW-AFL B K46 &5 T HAb B
R IR 2R 3E AR BN 1000 B3k BI4%T 90 %, 3
MR RAFA A2 RIUILRE T . AFL ERMRZ . HE
LAW-AFL 2R &, FedAVG R M i %,
BB AR 7E 850 A A, R HEM R T (« =
0. s FRGFAERBR M. AFL M T 144
FedAVG J5 ik HA — & ool , (3 78 b 38 5 BT 04l 19
EREPE AR B2 LAW-AFL, & 10(b) 7E CIFAR-
100 X — & Z+ 5 Hln 4 1, BT A BB Top-1 1 ff %
BRRMAEL, HE WKW E., LAW-AFL f9E B
MR S5, B 2 YN 25 326 A Ok B 088 o, o % I 35 4

F+.1000 W EAC B HEHH R 2 86% . AFL MY %
16 100 LU IS AE T LAW-AFL, Ji 22 42 7} i J
BN

K 10Ce) JB/R THAEITE o = 0. 05 3 20 A 5
SFALINE LT, LAW-AFL AR 5 4P Bk 34,
B M 100 LAY 85 %0 4 F+ & 1000 RIEA Y 2y
88% . AFL MR .05 LAW-AFL 122 1 i
— P K., FedAVG By e R 8 % T M. 0 H &
100 Y IEAC AL A B 78 %0, X LR X v 57 o 7 4 4
Gr .

i 10(d) A 41, LAW-AFL 14 3¢ AR IH Fe 48
HER R M 100 kAR AY 2 78 Y0 $2 T+ & 1000 K iEAR
) 86 %, MK A i, AFL M 5 LAW-AFL
Z U 2 B LER SRR R 78 %,

B 10 FEAS R Bt % 7 o T Y dERE

4.2.5 NI SZ A5 B i 0 25 A5 R 1) 5 el

FEA RV IR LA 1) 2 7 3 (o3 25 946 .50 %6
75%) F B iE MNIST 1 CIFAR-100 %% 48 4 (1% 1
RERPL, SCI 45 AN & 11 /R, B i 2% & 0 i i
WHIE S e B Top-1 MERRR (V) . FEARIE T
T Z MBI 2 ik R B AL 5 FedLAW,
FedDF .FedAVG %, M H A LLE ) : LAW-AFL

FEFIT A BN LB 40 HE T 5 & 1Y Top-1 HE#f 3,
Tt & MNIST i£ & CIFAR-100 44, ¥y =9 i
oot i & M, FedLAW K6 H 5, Mg € . (=
TE = B LA T HEBf 3247 T T B, At i iy R 3
AR T LAW-AFL #il FedLAW , H Ffifl IR H f51] 4%
L PERE R M A B R, FedAVG B9 £ 55, 5
S AE o R L AT A R R
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4.2.6 FHEALEARFRIIK T A Top-1 Hessian $#
fIEAE X e

FE AR A (5 #8 R 19 Top-1 Hessian $#AF Y
ARk ita#, 43 MNIST F1 CIFAR-100 A4~ % dE 42
M SE B0 45 3, e g a5 R & 12 Fros, B st e Tk
FRIE I 27~ 5 5, B A 3575 38 15 %8 K Communica-
tion Rounds. 3@ E & 0 & 1000, Z\H1FE/R Hessian
FEERY Top-1 FRAE(E, YE [ Jy 0 B 400, i 4 fh £
N LAW-AFL 5% H R & 12(a) 1. LAW-
AFL Wi Hr a5t 5 B & B 2R A R i A B TR IE
W AR AR AR AR AE 100~200 22 8] R 77 A8 i 21 ik
1,1 FedAVG . FedPROX %55 ¥ 3% sh #% K H B TF
T, 2R B TG 1 A R0 X B S T A Ok 1 P AR R
Y. B 12(h) H, Bs &2 2 Pk B 3 S T MINIST, %
TR 30k S f R E KR T R 12 o U I 2 LA W-
AFL B E R AE 150 &4, K120 R7EE
e R S B LAW-AFL R e 35l 55 475 15 45
AR PR R e, BT R A R B T AR
ek, B 12(d) o LAW-AFL 3R 55 5 5 i ki
PEFE R S AR A T Al = A S 45 R,
LAW-AFL B4 fF {6 2 80 E Fh#a 3, (BB a2 1

1o I P A AR B PR E 1 3

T8N [ Lo 1) 8 32 453 % 7 s T B 1 E 3R 8L

170 Ze A, Hofth 6 28 45 A0 52 B0 B R 3% . e e 3R
400,

Top-1 Hessian 5 fiF {8 34 4 08 5 /N H 3% 30
e/, FRAE A 3G K 2218 % B LAW-AFL #9481k i
T T S 90 o S T8 S 000 O A A A e T 5

XFPRAE PE UL LAW-AFL W 48 K 7 B 35 2
2 R rp R A A i S R g L R AR S 2 i HL
B AR 2l ST M R 0 B S KSR R
4.2.7  OR[AIAE Y 0] & 24 B 5 0 R o

TEX S b, A 6 T LAW-AFL Y
Hifth 7S Fb i 28 45 7 fE MNIST #l CIFAR-100 7 Fif
BOHE AT DL RS [ 5048 3 A S 80T 19 1 25k s 1] S
RUERG R, R WK 13 iR, 78 A Bl £ F
LAW-AFL #1911 25 1000 ¥ 755 i i ] 5 4 . L AE
I8 B i 1 R B LAW-AFL M 200l 253
2L % P AN A B U o8 B AS b AR R TR B,
FedAVG S5 5L 4k J5 vk B R & P i AT 2 8 # i
G MY ZR it (] b E ZtE 3K, XUEW T
LAW-AFL BRI PR (5 BOR Mt BaR A&
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FedLAW 8 Il Z i [A] f K T LAW-AFL 5
R BG5S HOCE N IR R AR R 37 B 1
Wi 38K R il J& FedDF 27U B %5 Non-11D 2 2 34 il
1M 25 T B, X MR T LAW-AFL & ALE & 78
A TR A PR R 40 A e S T S B 1
4.2.8 BT AW

TERRFR 2% >0 v, 58 A7 BUAS J2 Ml B 2R 48 0 1
BAEAR . A T BRI T 24 2] B A R A R AIGE {5 i
) [ R 2 T A5 780 P B8 1 A8 34, LAW-AFL 38 43 14 3
BN B FIRAMNE, I A AE N IS N T
A M5 T dH . & T — R G0 A AR X H S5
SIS LA CIFAR-10 B4l 4 (o =0. 1) R 3k T 45
D5 AR R E AR A 4 R T8 AF R U DA R MR A
FRIRB LI 12 FiR,

R 12 CIFAR-10 (@ = 0. 1) iE B TEERAMEREITLL

ik PO {F B ik SRR R T 5
(MB) I (MB) 0
FedAVG 18.2 150 2730 78.3
FedPROX 17. 8 160 2848 81.5
AFL 12.6 200 2520 76. 2
FedLAW 13.5 160 2461 78. 4
LAW-AFL 12. 4 120 1488 85.7

LAW-AFL 1) 48 {5 54 12, AMB, AHE T
FedAVG ¥ 18. 2MB (/> T 24 31. 9% ., X —#5H
WY, 38 o B A R G A, LAW-AFL 78 5 G
15 B A% A 0 5000 o S 2 /b A SRR AR T 5 TR
LAW-AFL T 120 % 4 J5 38 {5 . 5 R 38 5 R AU
2288MB, # tt Fed AVG ) 2730MB {0 N H: 54. 5% , 15
BT 35. 50 M E A . X R &
WER R (1 [R]B, LAW-AFL FIE BEAK T 8 AN Y1 25 0ok
PRI A5 SRS AR . 3 o B A 2 ) RN A
LAW-AFL AUA B BEAR T 558 S g @ {5 &, i B
AR TR R R A TR G FedAVG,
FedPROX M H fth & 2k J5 5, LAW-AFL 7 3 15 A
A FNHE RN R EOR 35 B B A
5 B &%

AR SRR X T G 105 S 27 > e 48 v PRUAS R 05— fk A
BE 5 e S B0 L A AR AR I SR 18 DL K
B R B AR PR AR 4R T — R AR s LAW-
AFL, Z5 0 13 v] 2% > 1 B A AU LR A AT
PERR R 2 X AR T T 2 R ALz AL RE T
W) Ak 7 DI 25 558 15 50R

LAW-AFL 040808 445 DL P4 J5 . —
BB TR] 2 S (R A AU R R P i — Bk
HIL ] 348 580 55 78 A SJE ik ST (7] 43 A7 B8 R BE R A9 3l N
PE 5 38 ik PR 20 B B R B R T B T S
BORAR B 2 Ze kNI B4k T UNZRm R, B e T
YIGRRCR AR (&, LAW-AFL AMUFEEL IS
AR T A R R 2 I R T B TE S R
S LT ILAERE B Pk B R R T T T, R
S bR N 3 55 v B I 2 AT S5 BRI T O AR

EARRHTFTE T il — L9 & LAW-AFL £
T 22 53 B4R 3 57 RUAT: 55 b (8 g T o LA 4 T 49 i G
i HIPE RS e Pk

2 % X #

[1] Ma Z.Zhao M.Cai X, et al. Fast-convergent federated learning
with class-weighted aggregation. Journal of Systems Architec-
ture, 2021, 117. 102125

[2] McMahan B, Moore E, Ramage D, et al. Communication-effi-
cient learning of deep networks from decentralized data//Pro-
ceedings of the 20th International Conference on Artificial In-
telligence and Statistics. Fort Lauderdale, USA, 2017 1273-
1282

[3] Wang Xin-Ao, Chen Ke, Shou Li-Dan, et al. A high-efficien-
cy training framework for BERT model based on federated
learning. Journal of Software, 2023,51(01): 1-24 (in Chi-
nese)

(CEZWR R, A B (H 55 5L T 15854 > 19 BERT #4580
EHESR, A4 . 2023,51C01) ¢ 1-24)

[4] Li T, SahuA K, Talwalkar A,et al. Federated learning: Chal-
lenges, methods, and future directions. IEEE Signal Process-
ing Magazine,2024, 37(3): 50-60

[5] Liu Song, Luo Yang-Yu, Xu Jia-Pei, et al. Low-cost federa-
ted learning based on lightweight self-distillation. ActaElec-
tronic Sinica, 2025, 53(01): 259-269 (in Chinese)

CRURS , BT VPG A B TR 1 26 U8 O AR AR 16 27 ]
T 224 .2025.53€01) :259-269)

[6] Lin T, Kong L, Stich S U, Jaggi M. Ensemble distillation for
robust model fusion in federated learning. Advances in Neural
Information Processing Systems, 2020, 33:2351-2363

[7] Lin F P-C,Hosseinalipour S, Michelusi N, et al. Delay-aware
hierarchical federated learning. IEEE Transactions on Cogni-
tive Communications and Networking, 2024, 10(2): 674-688
[8] He X, Peng C, Tan W. Fast and accurate deep leakage from
gradients based on wasserstein distance. International Journal
of Intelligent Systems, 2023, (1):5510329

[9] Wang Z. Song M, Zhang Z. et al. Beyond inferring class rep-

resentatives: User-level privacy leakage from fed erated learn-

ing. //Proceedings of the IEEE INFOCOM 2019-1EEE Confer-



1

FEAR AR T 0T 2 ) R TR 4 A BT A IR R 2 ) 5 1

107

[10]

[11]

[12]

(13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

r [ %71 Y

ence on Computer Communications. Paris, France, 2019 2512-2520
Hu X, Li R, Wang L, et al. A data sharing scheme based on
federated learning in IoV. IEEE Transactions on Vehicular
Technology, 2023, 72(9): 11644-11656
Liu W, Xu X, Li D, et al. Privacy preservation for federated
learning with robust aggregation in edge computing. IEEE

Internet Things Journal, 2023, 10(8) . 7343-7355

Li D, Lai J, Wang R, et al. Ubiquitous intelligent federated

learning privacy-preserving scheme under edge computing.

Future Generation Computer Systems, 2023, 144. 205-218

Peng Z, Xu J, Chu X, et al. VFChain: Enabling verifiable

and auditable federated learning via blockchain systems. IEEE

Transactions on Network Science and Engineering, 2022, 9

(1): 173-186

Tian Li, Anit Kumar Sahu, Manzil Zaheer, et al. Federated

optimization in heterogeneous networks//Proceedings of Ma-

chine Learning and Systems Conference. Austin, USA,2020,

2: 429-450

Durmus., Alp Emre, Yue Z, et al. Federated learning based

on dynamic regularization. //Proceedings of thelnternational

Conference on Learning Representations. Virtual,2021:1-36

LiZ, Lin T, Shang X, et al. Revisiting weighted aggregation

in federated learning with neural networks//Proceedings of

the 40th International Conference on Machine Learning. Hon-

olulu, USA.,2023, 202:19767-19788

Guo P, Michael R Lyu, NE Mastorakis. Pseudoinverse

learning algorithm for feedforward neural networks. Ad-

vances in Neural Networks and Applications, 2004, 1: 321-

326

Chen S, Billings S A, Luo W. Orthogonal least squares

methods and their application to non-linear system identifica-

tion. International Journal of Control, 1989, 50(5).: 1873-

1896

Kar-Ann Toh. Learning from the kernel and the range

space//Proceedings of the2018 IEEE/ACIS 17th Internation-

al Conference on Computer and Information Science (ICIS).

Singapore,2018. 1-6

Wang X Z, Zhang T, Wang R. Noniterative deep learning:

Incorporating restricted Boltzmannmachine into multilayer

random weight neural networks. IEEE Transactions on Sys-

tems, Man and Cybernetics: Systems, 2017, 49(7):1299-

1308

Wang J, Guo P, Li Y. DensePILAE: A feature reuse pseud-

oinverse learning algorithm for deep stacked autoencoder.

Complex & Intelligent Systems, 2022, 8(3):2039-2049

Zhuang H, Lin Z, Toh K. Blockwise recursive Moore-Pen-

rose inverse for network learning. IEEE Transactions on Sys-

tems, Man and Cybernetics: Systems, 2021, 52(5):3237-3250

https://www.cnki.net

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

Zhuang H.He R, Tong K. et al. Analytic federated learn-
ing. arXiv preprint, arXiv:2405.16240,2024

LiY,Huang C, Wang S. et al. Privacy-preserving federated
dual learning for nonconvex and nonsmooth prob-
lems with model sparsification. IEEE Internet of Things
Journal, 2024, 11(15): 25853-25866

Lu X, Zheng H, Liu W, et al. POP-FL: Towards efficient

primal

federated learning on edge using parallel over-parameteriza-
tion. IEEE Transactions on Services Computing, 2024, 17
(2): 617-630

Kwon J, Kim J, Park H, et al. Asam: Adaptive sharpness-
aware minimization for scale-invariant learning of deep neural
networks//Proceedings of the 38th International Conferen-
ceon Machine Learning. Virtual,2021, 139: 5905-5914

Xia Y, Yang D, Li W, et al. Auto-fedavg: Learning federa-
ted averaging for multi-institutional medicalimage segmenta-
tion. arXiv preprint, arXiv:2104. 10195, 2021

Li S, Zhou T, Tian X, et al. Learning to collabo-rate in de-
centralized learning of personalized models//Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition. New Orleans, USA, 2022 9766-9775

Charles Z, Garrett Z, Huo Z, et al. On large-cohort training
for federated learning. Advances in Neural Information Pro-
cessing Systems, 2021, 34:20461-20475

Tang Ling-Tao, Wang Di, Liu Sheng-Yun. A data augmen-
tation scheme for federated learning with Non-1ID data. Jour-
nal of Communications, 2023, 44(01): 164-176 (in Chinese)
QAN F 8, X2 1 1] JF 20 37 (5 43 A B8 1 368 2 1 #
PG 7 5. AR 224, 2023, 44(01) : 164-176)

Zhu Z, Shi Y, Fan P, et al. ISFL: Federated learning for
non-i. i. d. data with local importance sampling. TEEE Inter-
net of Things Journal, 2024, 11(16): 27448-27462

Randall E. Cline. Representations for the generalized inverse
of a partitioned matrix. Journal ofthe Society for Industrial
and Applied Mathematics, 1964, 12(3) ;588-600

Wang H, Yurochkin M, Sun Y, et al. Federated learning
with matched averaging//Proceedings of International Con-
ference on Learning Representations. Virtual, 2020

Chen H, Chao W. Fedbe: Making bayesian model ensemble
applicable to federated learning//Proceedings of the 9th Inter-
national Conference on Learning Representations, ICLR2021.
Austria, 2021 3-7

Jiang Wei-Jin, Du Xi-Chen, Jiang Yi-Rong, et al. A swarm
intelligence perception algorithm for environmental monito-
ring based on adaptive federated learning. Acta Electronic Sin-
ica,2025, 53 (03): 821-835 (in Chinese)

i BB R 406 6T 135 W35 7 10 55 55
TR RS T4 9R 5 2025,53(03) :821-835)



108 i

Bl

i 2026 4F

JIANG Wei-Jin.Ph. D. . professor.
His main research interests include edge
computing, social computing, and cy-
berspace security.

CUI Xin-Yu, M. S. candidate. Her
main research interests include federated

learning and privacy protection.

Background

This study addresses challenges within federated learn-
ing (FL), particularly in scenarios involving non-independent
and identically distributed (Non-1ID) data and large-scale cli-
ent participation. FL performance and communication effi-
ciency often degrade significantly under these conditions.
Current FLL methods generally adopt fixed weight normaliza-
tion aggregation strategies, which fail to adequately account
for data heterogeneity among clients. This limitation leads to
a decline in the global model’ s generalization performance
and slower convergence, limiting FL’s applicability in com-
plex real-world scenarios.

As client participation and data volume grow, the com-
munication overhead in FL increases, exacerbating training
time and resource demands. Additionally, existing methods
rely heavily on extensive hyperparameter tuning, which is
time-consuming and requires significant manual intervention,
making practical deployment more difficult. Given the di-
verse nature of data and tasks, achieving efficient conver-
gence while improving global model performance remains an
urgent challenge. The typically Non-I1ID nature of client data
further complicates existing aggregation strategies, impairing
model generalization and stability.

To address these issues, this paper proposes an adaptive
federated learning method based on learnable aggregation
weights. By incorporating a learnable aggregation weight

strategy, the proposed method enhances the model’s adapta-
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bility to complex tasks while preserving data privacy, promo-
ting the integration of privacy-preserving techniques with da-
ta-driven technologies. The method’s improvement of aggre-
gation strategies and optimization of the training paradigm
offer a novel approach to tackling challenges related to data
heterogeneity and large-scale client participation. This ap-
proach significantly enhances the accuracy and robustness of
the global model.

By simplifying the hyperparameter tuning process and
reducing communication overhead, the method supports the
efficient deployment of FL and facilitates practical applica-
tions in fields like healthcare and finance.

The significance of this project lies in providing theoreti-
cal and technical support for FL”s application in privacy-sen-
sitive domains, such as healthcare and finance, while laying
the foundation for efficient distributed learning in large-scale
Non-1ID data scenarios. The research outcomes not only im-
prove FL algorithm performance but also reduce communica-
tion costs in real-world applications, offering solutions for
privacy-preserving computation and collaborative optimiza-
tion in an intelligent society.

The research group has previously made significant
strides in FL, including optimizing aggregation strategies,
designing personalized FL frameworks, and exploring multi-
model collaborative optimization, which provide a solid foun-

dation for this study.



