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Abstract: In recent years, the method of transforming public safety data into graph form and constructing node representations through
graph neural networks for training and inference of downstream tasks has fully exploited the entity and association information of public
safety data, achieving excellent results. Nevertheless, to enhance the effectiveness of the model, a large amount of high-quality data is

needed, which is usually held by governments, companies, and organizations, making it difficult to learn an effective event detection
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model through data centralization. Moreover, due to different focuses and collection times of the data from various parties, there is a
Non-IID (independent and identically distributed) problem among the data. Traditional methods that assume a global model can
accommodate all clients are challenging to solve such issues. Therefore, this study proposes personalized public safety event detection
(PPSED) method based on a reinforcement federated graph neural network. In this method, each client trains a personalized and more
robust model through multi-party collaboration to solve local event detection tasks. A local training and gradient quantization module is
designed for the federated public safety emergency event detection model and trained GraphSage through a minibatch mechanism based
on graph sampling to construct a local model for public safety event detection. This approach reduces the impact of Non-IID data and
supports the gradient quantization method to lower the consumption of gradient communication. A client state awareness module is also
designed based on random graph embedding, which better retains the valuable information of the client model while protecting privacy.
Furthermore, a personalized gradient aggregation and quantization strategy are designed for the federated graph neural network. Deep
deterministic policy gradient (DDPG) is used to fit a personalized federated learning gradient aggregation weighting strategy, and it is
determined whether the gradient can be quantized based on the weight, balancing the model's performance, and communication pressure.
This study demonstrated the effectiveness of the method through extensive experiments on a public safety dataset collected from the
Weibo platform and three public graph datasets.

Key words: federated learning; graph neural network (GNN); public safety; event detection
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T AL GEREYETT iR BEAFAE G B E R IR, fEORE T2 7 i {5 2 R I R AIR S O 4 152, 52 iR I R 1 2 10 2
Z, RN T IEERE .
2.4 BUBKBEHREMENMEUEERESEHRE

TEAN VRSB B R G TR, it 2 05 M EM 2, AN I I 25— AN A 1) 5R R S A ) A 7
MIDDPG 8. 7258 — %0 ik, && 7 uist A S 8HEAT S — IRk, A IIgRrh, 0% 5 i dl o Bl
B H AR o AR IR BE B, R T 2 S A 2 o e 4% SR MK LA, 38 7 ARG AN [7) 25 7 o A5 F5E %o AR A8
Uy o B T 0 AR . AR AR B e e X B AT B AS B AR, DR EE R ).

ALK H DDPG # & — N e 6 B INAL S &AL S wS . DDPG AL 8 SR FH % B 9 28 X 465 44 8 94T 31 2 (actor)
FIPF IR K (critic). Actor f, iRIFIRE s MR MR RS BUE a=/,(s). Critic f, Al Actor WLFFIMBNE, RIEL
SE PR Z-ZN1EXS (s,a), TR B3] g=f(CONCAT(s,a)).

ENILFEF, DDPG KA T &5 Bl (experience replay)Fll H 45/ 4% (target networks) P4 Ff AL il Sk 34 5 4
R R E M. R FOR T NI B RAIRES s, IRIDIRES s A Actor M4 £, L FIME a. ATEIE o, NI
AR R - FUETRRES o', BBIGR(s,ars) G EMRIZ X, S8 )5 NG X o BE LR — & 50 R g AT
MR, PR MZE AT Actor W& YNGR vT LLEAE & R MU A5 28 B IR X3 T Critic M2%, 5€ XK K
BT g EA B AR g (AT R E, (IR

LWC D Es,a,r,s"«D[(]Fc(CONCA T(S7 a)) - Z)z] (7)
o, D REMWIX, FARMREER, z & Bir ¢ E, HEFELAXE):
z=r+yfo(CONCAT(s' f.(s"))) (8)

Foob, pRAFNE T, £, 70 posh B B AR Actor 4RI H b Critic %%, ILH1 % B85 T Critic M4 B g
(RS20 1 F b g (2 FIRZERE. X T30 M2, 58 Sk i BCA BRI S, 014 5R(0)
Lu, =B, [ /.(CONCAT s, £,(s)))] ©)
RTFLH %P B R A T R R R e A2, LA R
KA. FER ARSI R, DDPG 75 B it iy AR FL A2 7 8 OB A B, RS s Ot



232l % R TFIRALTE IR GNN 9 AN HAL A 2L 524 R K F 44 1781

LB IR T ik B AN AR HUBE B IS S, SRABHESRZEEN T AMIERE s. RABERESWZEENRES s,
Al LAk /N DDPG S8 i, I FRB A (1) F3 e 14

FIER. & UEhfEAS A, B Actor P4 % i o — 4k, AR i ih 2 R & BIA M 3 E, wRA0):

amne = f,(s3° —sé"’) (10)

Hor, a7 R e R AR P G m R B N E. KT R S S EIA ), SRR TR RS
MR

W, G RS R R R AR T, A4 S R A R R T B, £ BRI St A, R AR
BIMHERA 2R T %, XA HER R T R 7UE, BRIAmN RS A al):

{acc —acc,,, (acc—acc,.,)>0

pre (11)

—(acc—acc,,,), (acc—acc,,)<0

PR R SRR S, SRR GRS 5 R AN LB p A% 5 1% P o bk B &AL Ll p,, H
BRI A RE MK BUNER, B E KW o M E PS5 T 8 ERE. Bl n*p (1-p,) &)
FhFEANTR BBk, HoAh % o & oty PR s 55 70 A% i B AR M i 75 2247 24k
2.5 itz

BB TENIIE NS E G, $AT AR Tk AR M BB Y25, SREUCPIAE 86 5 BN 7 iR A4
AR 7 mAE R IR B LIRS LR BB E R, ARG IR X% i ) DDPG i, SR FedAvg J7 %
X4t DDPG ¥ ATEHT. Al DDPG MG &N & 7 imFPIRESE B, RER RS EMEL R, K&
258 B AL I AL i B A H R B AT B AL R S, PR TR B RS AL R R A AR, AT TR A M R R A
MZE. tPE RS S AR, R RS ASEE BEAM B A A Z X . R X ERES . 3)
EFIA G B, 3 — DGR DDPG. 7281 — & M AR Hh SR AR AR B I 2R 45 o 5, AR HoAth 25 72 i 1)
ZHOE R EATE A, 1 HARZ 7 un G fbh S5 S, Rt K% A kb R B B2 1 SR A AL 1 4.

AL GBI N GR I AR, BRf = S R R P A, R AR S KA 2 b RS 25, 1)y
FARUE T G5O AN 2 B P IR 0 7 iy, 5538 B 77 BRURA TR 100 JXURR 20, 43 40 vk S 22 M 3 A £ .
PRI AR [, PPSED AL ERIA MG /D B (s B, T MK £ 45 2 rb HE T H R (0 V1 25 500
SRR R HE R, 75T B AR R R BT, 20 BRI OR T DL A R % P s R e L, o
VB B Tt R B RO, AT 3R T AN RE (0 22 4. PPSED  [EJAE AT LLYE AR M B B b N 22 2 B AL A, DA
T& R B RA DR AP B SR T g AR IR P 7R oK

PPSED % F ity Il £ (1) ik 2 L& 1.

5 1. PPSED W3 i m I ZRid 72,

Input: % A C={C',...,C"}, BHREE(G,...G"}, WEES, BERIXE, %/ EH n;

Output: AECHIAIELREE . R,

1 FIaa A 7 o S8 R A AR L S50 winpus W, » ws A1 DDPG BB ZHL: w,, we, o, wo IS EL

2 RIBARD~ARE) NG AT R FARMBR, 13 FHEFR ace, BFE grad™.

3 MREAKEG). AR OBERE 0.

4 for 1K e<0,1,2....E—1 do

5 B LAl 25 P s (R B 5 AR MR B (4R & {grad"™,...,grad ™}, {grad}py....gradyipey ~ FAME F
U PR S AHURE A (5,°,...50 ) LLRAEBE BEAEAL AR JLAR & P o iy 2 15 5 EE R A 3 4

6 WA {gradyppg.... grad sy, K FedAvg B Hi A DDPG Z4{.

7 for 2/ i<—1,2...,n—1 do

8 s = s;’e -5y

9 ai—»m,e:fa(s,i—»m,e)
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10 end

11 R R R A A E soﬁmax([a””"e,...,a["*p“b""“]) .
12 o B A AR B AT I Ak

13 R A R0 BE T S W W, W

14 R4 A RA D) THH 2L 7.

15 if e>0 then
16 ){%_gjx__%(Sm,e,am,e,rm,e,sym,e)ﬁ)\ztgi_ﬂj‘éé%@E\{EP B: Dm.
17 MG X R pE, M4 A (4~ (6). A (12)1I1%k DDPG, 13 2B gradyyy -

18 RHEAR)A ROV AAMICR IR, GEHEHE ace. HIE grad™"!,
19 RUEARE). AROMERE s
20 RSN radpl RABRAGIE S RILHY grad™ T MR LHR S I
20 R AR T RS SRR A, WRBEE R, SR (p) M
P RSB R 5 BRI &
22 end
3 KBS

3.1 ZWEIE
TEE T 65 R B A L 22 2 i 45 Weibo M1 3 NATFHI B EHE 45 Coral®), Citeseer!® 1 MSAcademict™
FEHAT T REMSEL, R 1S T EIR LTS M R
R IR E

AR Weibo Cora  Citeseer MSAcademic

ESilEg 50 7 6 15
W REE 45275 2708 3312 18 333
k& s 1785079 5429 4715 81 894
ALY 1 000 1433 3703 6 805
Weibo HHEEEUNEE T 2023 4E 1 A-3 A5G ERMARMWHMENE. SE5HF. BRRR. HREMZ
R A AR 0 < TV B P VDRV B 13 PR E VA 0 2 VR 4 0

WEREL, RIS SR 45 275 4, R SRR A IE ST s AT AR RRAE. DA g ST A5, RN A
MISRIBRAE NI (1) WA 2 T AR B A ZLE o, e AT I 0 S 5t mT e A7 AR VB X R pAEA; (2) R
A A TS TR tag, B RERFAER; (3) WERPRMIEAE T A E R B URL, NIBH E
PRI,

FA AR T ER B, BEBRE, BB UK A AR DA O & e XUIF AR . A
BEAR I AN 50 25, KRB EE T R VER IR (R I8 VE IR0 EVE I Rl il 55 XU 25 R0 FRL {5V B 1 5 AH 2%
FIRRIFREE, M-S T “BEAER S VR B R R VE EAATE SRR T RAN LR EHERNE, &
AL B SR BNk B A S AR N 2. R DUAE Bh A SR B S VE O & S A 10 UE B, B RS B
% R 1 AR

FERAE Ry T, N T AR S A T B RAE, FIUH T Louvain SUIAUNZESE AN FodE 4 BT
FEIREIRE, 4kl 3 A 5 A 10 MBI R R, ARG EERTE. BT E S,
WL BAE R IR EIE 1 L5 1k B B 60%, 20%H11 20%. Weibo T (IR 36 UE AR B (1 %1 3 2 14 1R
HFIA) SRl 23 1, SR 60% ) 1A 4 1H B8 1 NI E5R 4., BBt I 40%F50d B L1 43 o 56 IE ATl 0 42 .
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3.2 XWRE

N R R 2B LA — AR E . P2 GraphSage F1—A~4338)2. #E GraphSage K& — 2
I 55 SRRSO 5, batch K/ 32, 1%k epoch ¥ B N 80. 2% 45524 0.001 £1 0.000 1. 7E Python A SZEL T
FiA 7%, fER4 1 4 NVIDIA 3080 Ti GPU iR 55 #% FRAT T FT A 586, A SOk A& M 4 GONE®L GAT!)
F GraphSage! 73 5 I 2 21 J5 1% Fed AvgP R AN PEALIBEFR 2 3] FedProx P HEAT IR 1k, H4)3 JK 8 Pl 4o £ kW
#4%. GCN, GAT, GraphSage ¥ & %% FedGraphNNP/, [ Tii Bk 7 ik i () 6 AN FE L5 LhAk, i xt
EL T K H] minibatch LI FedSagel™ .\ SR 762 21 5 [ B M E B GraphFLE A 25 vh s fk B AN PEAG BEFR 2
3177 SpreadGNNPEL H | GraphFL fI4m TS 4% % F T GCN, SpreadGNN 4 fiE #% A GraphSage, 7325)2 K H]
TR M. FRLEILN 5 H5 8 ¥ E 7% FedGraphNN, 2% 3] ik B R 1E 0.1-0.0001 HEk B A 1 2% 3 %
T KU RCTGE R X% iR WE N[3,5,10], B3 E5REINE iG] p, % E M[1,0.8,0.5]. 7EiEE
RALSEEG o, SRR T BT R P o B p, WIEEE GBI ACR M E . EEmE T, WRT
H B A R

3.3 xfbbie

43 SITE Weibo, Cora, Citeseer fll MSAcademic #0#54E I Lh4: T PPSED vk 5 A A H L7k EAH
& P a0 AN E S5 RGP ] p, FE T T T RER SR, i RN K 2-5K 5. PPSED 75
ETE TR W HOE AN [F) ) v L P #0035 L T HAR ) v, X R B PPSED J5 Xt T 3k 22 4 SR S AR Ha i LA
S B HOH A SRR OR J2 E , FEASRIEREE N # Ae Or 4R RS € 1 R HEBE. GraphFL 1 SpreadGNN [ RURAE T
AR MRS AR, 5 HARR T GCN 1 GraphSage [ 77 VEAH EL IR THANWT R, Jo i AT 2% i b BEEC 5 20 A
1) 5% )5 M. FedSage J5 ¥ 11 R % 55 T PPSED, {HAE T HoAh )7k, X2 F N FedSage FIFER A T BIRAE S
minibatch HLHIRNGAMBER, BAH— @ KEEE. (H2 207 PR R 3 E AR %5 7 s b B 1) 8 B
ST BE AL, 5 30 EE MR 7w AR S i AT T, A TR H BR TURFHE. HAR T VEER 7wl
R FERADE, BRI MEREN I K. X & B T e T A8 37 [ 73 45 (Non-11D) £ 45 11 4b 22 58 7792 55
w2 fios, K, Bl 222586 NEmbdl p, WE RN 1 SR, B 2b)% p WE N 0.8 B4R, i
Y75k, FedAvg+sage 5 FedProx+sage [] GraphSage HifAJE 2 RAEN, (H 2 45H 19 55 0 1 X e 52 55 /N,
5ILT GCN 5 GAT W7 bR, BRRIE X M R i tE. US55 G 2 i g T FEmr, Brg 7k mtEse
2> NI, JATI, PPSED HIVERE T MEEUD, X R IA T LT Re IS N AR MR ME . R A B, BEE %
FundCE I, A rER e R R, R ERTE BRI o 2 AN i 2 ik K= . PPSED
[PV R T BRI /0N, I 3R B AR U7 v T DA B 4 Ak B o 5 ) b (R Ok

%22 TEHIE S Weibo L RUERG X EE

oy p=1 p-=0.8 p.=0.5
Jrik n=3 n=5 n=10 n=3 n=5 n=10 n=3 n=5 n=10
FedAvg+GCN | 0.4689 0.4590 0.4308 | 04676 0.4372 04215 | 0.3975 0.4843 0.5006
FedAvg+GAT | 0.5061 0.5034 04561 | 0.5070 04718 0.5554 | 04965 0.5357 0.5614
FedAvg+sage 0.6187 0.5853 0.4969 | 0.6029 0.5501 0.5160 | 0.4723 0.4817 0.5423
FedProx+GCN | 04712 04338 0.4241 | 04692 04298 04032 | 04105 0.5044 0.5249
FedProx+GAT | 0.5249 0.5173 0.4553 | 04986 0.4352 0.4191 | 04681 0.5153 0.5569
FedProx+sage | 0.6040 0.5575 0.4930 | 0.6209 0.5693 0.5195 | 03522 0.4618 0.5687
GraphFL 0.4639 04341 04503 | 04637 0.4395 04470 | 0.4545 04515 04379
SpreadGNN 0.6303  0.6084 0.6013 | 0.6243 0.5474 05526 | 0.6257 0.5685 0.5220
FedSage 0.7000 0.6800 0.6438 | 0.6771 0.6501 0.6242 | 0.6250 0.6125 0.5989
PPSED 0.7829 0.7349 0.7023 | 0.7452 0.7185 0.6929 | 0.7326 0.7035 0.6752

s
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* 3 TEHIEEE Cora bMHER XL

s p=1 p=0.8 p=0.5
Sk =3 =5 =10 n=3 =5 =10 7=3 =5 =10

FedAvgrGCN | 05437 05421 05054 | 05280 05219 04965 | 05418 05200 05132
FedAvg+GAT | 0.5419 05094 04887 | 04765 04552 04270 | 0.5423 05054 0.4854
FedAvg+sage | 0.6874 07032 0.6269 | 0.6773 0.6249 0.6440 | 0.5910 05427 0.5699
FedProx+GCN | 05750 05625 05186 | 0.5535 05343 05160 | 05171 05332 05719
FedProx+tGAT | 04908 0.6107 0.6439 | 0.5554 0.6106 06648 | 04684 05120 04446
FedProx+sage | 07056  0.6960 0.6604 | 0.6762 0.6727 0.6349 | 0.6285 0.6064 0.589 2

GraphFL 0.6582 0.6597 0.6455 | 0.6496 0.6542 0.6557 | 0.6547 0.6423 0.669 7
SpreadGNN 0.7209 0.7274 0.6434 | 0.6765 0.6471 0.5242 | 0.6156 0.5624 0.6270
FedSage 0.7396 0.7300 0.7152 | 0.7517 0.7250 0.6838 | 0.7004 0.6988 0.676 9
PPSED 0.7867 0.7859 0.7495 | 0.7960 0.7653 0.7294 | 0.7713 0.7467 0.738 9
* 4 TEHAEE Citeseer L IR KX L
oy p=1 p.=0.8 p.=0.5
Jrik n=3 n=5 n=10 n=3 n=35 n=10 n=3 n=5 n=10

FedAvg+GCN | 0.5352 0.5377 05153 | 0.571'5 05156 04998 | 0.5332 0.5693 0.554
FedAvg+GAT | 0.5357 0.5467 0.5045 | 0.5279 05456 04998 | 0.6019 0.5820 0.5572
FedAvgtsage | 0.7091 0.6540 0.5103 | 0.7128 0.6226 05241 | 0.5256 0.5143 0.5440
FedProx+GCN | 0.5460 0.5535 0.4888 | 0.5402 0.5551 0.4458 | 0.5229 05775 0.5219
FedProx+GAT | 0.5644 0.5452 04841 | 05266 0.5534 04960 | 0.5549 0.5476 0.4999
FedProx+sage | 0.7048 0.6493 0.5615 | 0.6894 0.6088 05257 | 0.7197 0.6305 0.607 9
GraphFL 0.6291 0.6285 0.6317 | 0.6246 0.6478 0.6428 | 0.6447 0.6596 0.6498
SpreadGNN 0.6594 0.6821 0.7174 | 0.6560 0.6803 0.7352 | 0.7103 0.7045 0.693 4

FedSage 0.7083 0.6813 0.7125 | 0.6562 0.6875 0.6250 | 0.6771 0.6575 0.700 0
PPSED 0.7353 0.7105 0.7393 | 0.6811 0.7121 0.6542 | 0.7040 0.6861 0.730 3
# 5 {EHHESE MSAcademic [ IHIHERG AT LL
. p=1 p=0.8 p=0.5
Itk n=3 n=>5 n=10 n=3 n=5 n=10 n=3 n=5 n=10

FedAvg+GCN | 0.924 3 0.905 0.8833 | 09113 0.8952 0.895 0.8954 0.8899 0.906 2
FedAvg+GAT | 09167 09151 0.8855 | 09121 09135 09088 | 09114 0.8520 0.8808
FedAvgtsage | 09166 09145 0.878 09329 0.8880 0.8860 | 0.8059 09013 0.8476
FedProx+GCN | 0.9058 0.8879 0.8847 | 09109 0.8963 0.8890 | 0.8968 09142 0.8864
FedProx+GAT | 09152 09077 0.8866 | 09193 09145 0.8682 | 0.9026 09208 0.8979
FedProx+sage | 0.9016 0.8815 0.9000 | 0.9248 09092 0.8931 | 0.8820 0.9070 0.8889
GraphFL 0.9253 0.892 0.8505 | 0.8724 0.8736 0.8936 | 0.8994 08816 0.8754
SpreadGNN 0.9253 0.892 0.8505 | 0.8724 0.8736 0.8936 | 0.8994 08816 0.8754

FedSage 09641 09370 09115 ] 09155 09069 09185 | 0.8987 0.8880 0.878 6
PPSED 0.9854 09554 09353 | 0.9389 0.9264 0.9244 | 09483 0.9256 0.9107
1.0 1.0
—E— FedAvgtgen FedProx-sage —5— FedAvgrgen FedProx+sage
—&— FedAvg+gat —p— GraphFL FedAvgtgat  —b— GraphFL
0.91 —— FedAvgtsage SpreadGNN 0.91 —&— FedAvgrsage SpreadGNN

—5— FedProx+gen 4— FedSage —¥— FedProxtgen ~ —#— FedSage
—©— FedProx+gat ~ —#*— PPSED —6— FedProxtgat ~ —*— PPSED

=]
)
=]
o

Accuracy
(=1

Accuracy
I
~

0.6 06] e
05 0.5 &
0.4 0.4
3 5 10 3 5 10
Client Number (n) Client Number (n)
(@) pe=1 (b) p=0.8

&1 2 £ Weibo ¥udi 5 b 7 s HCE X 45 SR K S

BEX R WSS, 72 Weibo #idis AR 2 HISEIREE R AT LLAE e pe=0.8 I, R A A FRAI0AS B 5.
ALK HREGME Pt p BN 1 0.8, KRR p ot S g5 Rrgsgm, segngh Rl 3 pos.
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0.8 0.8
0.7 0.7
0.6 0.6

Accuracy
=1
G
Accuracy
=3
G

0.4 0.4
0.3 0.3
/
0.2 : 0.2
0 20 40 60 80 0 20 40 60 80
Epoch Epoch
(a) p~1 (b) p=0.8

K3 £ Weibo % 5 iR WS 23 B
S 45 SRR, PPSED J& T 77 ik LI RUR e df . Re e MEBGR TV,

3.4 BIEMAER

NTIRER P2 5EIR I A WL p. AP it 6 3 5 A [ LLAG] p, R S S0 RIS AR ) 5, AR
SIS AE Weibo 44k b, #% P im BB R E N S, p. WEN 1,08 0.5, p, BEAN 1, 0.7 F 0.4, 735 #E47 525,
IS5 R 6.

K6 IEHIEAE Weibo L IrE 5 AL LR

p=l p~0.8 p=0.5
Po [EMIE B WAMB) | HHE B AMB) | % B RAMB)
i 0.7349 12.5 0.718 5 10 0.703 5 7.5
0.7 | 0.7103 11.3 0.710 4 8.8 0.6754 6.3
04 | 0.6856 8.9 0.670 3 7.6 0.652 8 5.1

TIERKRY, p. 5 p, PHE S BB FI LR p. 5 p, WETEHEIET 1, WA RE ) wmHS
SRR S, FAATFEREE, BRI R0, (EERA MR R K. B p. 5 p, WH, B
SRR T HE B 2 A BT T B, (HLIEAS AR A BB, XEBRE : ERXASEI R, BIRE w25 el e LA
RO B AICIEAE A, (HLIX [R] B 49 2 X A5 R A 1 A 3 i — 8 I sE . NS R T BLE R 2 p,=0.7, p,=0.8 I, 1@
15 A 30%, HEMIAR I TS T 3.4%; 2 p=0.5, p,=0.4 I, MAE A AR T 59%, #EFIZR T 74 11%. X
AR TR T8 BREUE I8 A5 A & B 3 T, AT DU & 4 PR R o 1) 25 B R0 38 ek R B4k
HIELA, A bR /D A5 AR, B IX ] B 2o 0 A5 A B HE A 28 7 AR — Be g2 SR, A LG OE(E AR 1) KR B
I, BRI T RETEZNEE N, X2— N EEEAE RS, 254 KR, PPSED 7 LIF
BRI Y p. 5 p, E RSP ERRE e 5085 K ).

3.5 JHRASEL

N T o BAUE A S PR A E B, 7R LA € Weibo Dyl AT i AL ae. SEIR 4k Rk 4 R, 3
H, B 4@ S5 EERR Pl p, WE N 1 FI4R, B 4b)RS5REME mdl p. wEAN 0.8 H4
RN R AT LUE W, &N A RSO AT SR T MR AR T, BOE T 7E SIS 4 RN LA A AR
FedAvg+sage & 3L fili 4 RAE 7%, $RAL T SCIR 261 B8, FedAvgtsage-P JE7E FedAvgtsage (34 LiRm 1
minibatch HUHIHERAE 7%, TEATE WA T I TERRAR S T 2 a7k, X R B, minibatch HLH R 775
Xt Tk fE 2 T2 A 2. FedAvg+sage-L 7£ FedAvg+sage-P (3L Al 7R IN T B4 1) 77 1. FedAvg+sage-L £ filf
HIEOLT PVEREER L T FedAvg+sage-P, X 15 B FE4E J7 2 B A S B s e A I TUARAB B, TRBE 7 S
JKEEMME E. PPSED 7F FedAvgtsage-L HJE:Al BRI T 584k%% 5] DDPG, H-7E8: & R A AR & 7 R 7 o1
ity 8 L XA FE AT L. PPSED TEFT A 1 0L N IIPERE RIS T FedAvgtsage-L, XKML >] DDPG
Fe T P RS BBG BE BRI Re it — DR AR M . VR SEIR 45 R OR T BN AT T AL R
HEIM. ik ) DDPG A T2 7 i tRAS (060 FE AR W BUA T 35 I MR B4R T
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—_
=1
=}

= PPSED FedAvg+sage-P s PPSED FedAvg+sage-P
FedAvgtsage-L W FedAvgtsage FedAvgisage-l ~ WEEN FedAvgtsage
0.9 0.9
> 0.8 >0.8
Q Q
< <
- -
507 =07
Q Q
3 Q
<06 <06

o
n
e
n

=1
IS
<
S

3 10 3 10

5 5
Client Number (n) Client Number (n)

(a) p=1 (b) p=0.8
Bl 4 JHRhsca g R

+
4 IEI\ zl:l

AT T 5 5 A0 IS P A 2 o 246 1) A AL 4 S 22 4 SR AR RN U5 3% PPSED, BLT7 ik T AL S
xR IR IR T % v e T AR ST F) 23 Af (Non-1ID) B4 5315 A B AA £ 3 iy ok BBk ik, S8 1% /7 3 BE 0% 13 1) 1 25
AEA BB PR AR, SR ACBEA ) RO AR AT 5. PPSED J7 A B0 & JUA BIHT I e vh SIS, it 1R
NI AETRG B G5 SRR BAL T V5, I EE T BEERAE R minibatch AL 45 & GraphSage KA A
MR, I HLigk %% /7 i bf L REAT AL, J8A% Non-1ID K4 i R2 R, R I ol i RE ARV AR, Beit 17— AN T
BE AL BN B 2 7 i R A T i, DAE DRAIE B RA B RIS, SR 4 st O B 2 7 o B TR B BB FE AR S it
TSR AGT I P b 0 0 26 (S PR AL B B OR A AN AL S, DUBN SIS B e 22 W 2% 3@ 1R ] DDPG, &AL
T EER 8 2 ST K8 P2 SR 5 TS SRS, MR A1 AU e s 2 75 6 B E AT B4k, T £ AL 7R 1P e A 5 T ) =2 1] 4 )
. I SRR AL A RRE 3 AN AR AT B RS LT T S, a5 RR T ik
TR A R
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