BT B AR B T S AR AR

Fympt2, REEL?, FEAET?, RIEFY?, Sall?, &7EY?, R
LEMET RS, FEIRESBoitxb, B, 650500
2BHHETAY, e NTEREEALRZE, BYW, 650500
20222204121@stu.kust.edu.cn, {zhuenchang.kmust,gaoshengxiang.yn}@foxmail.com,
ztyuGhotmail . com,xianyantuan@qq.com, {zhaozixiao,20232204066}0stu.kust.edu.cn

LS

A GEAR SRR PR N A A AR N P IZ IR B - EEPRIFOH, M
THREAEMER, HAEAEERIN AR EIRAE O R - WERTEEELELE
B E AR ST SRR SR A8, (B0 7 EIREA R - AL, AR T
E TR AIRZR R 7 S S A RIAESR (FedEvent) , EERE BWIRZ
SRR AR R RS IR P  « IZAEZRIEIL 45 & S AR B BOR M Z H X ek, 58
PR 5 SO 8 (A2 S 30 SCS R R RO, R R AR AR, REEEEIER,
AR NEIANREERS - #LAh, BAEBOT T — & MR B A i A ML 6 LUOE N &
Y. &a, AR SEIRS LI TS0 LUE RS A R -

KU AEARREMRD R BRI . BEERATE

Cross-Lingual Social Event Detection Based on Federated
Knowledge Distillation

Shuaishuai Zhou'?, Enchang Zhu'?, Shengxiang Gao" "2, Zhengtao Yu"?2,
Yantuan Xian'2, Zixiao Zhao'2, Lin Chen'-2
1.Faculty of Information Engineering and Automation,
Kunming University of Science and Technology, Kunming 650500, China
2.Yunnan Key Laboratory of Artificial Intelligence,
Kunming University of Science and Technology, Kunming 650500, China
20222204121@stu.kust.edu. cn, {zhuenchang.kmust,gaoshengxiang.yn}@foxmail.com,
ztyuGhotmail . com,xianyantuan@qq.com, {zhaozixiao,20232204066}0stu.kust.edu.cn

Abstract

Social event detection involves identifying trending events from various social event
content. In practice, due to data scarcity, social event detection performs poorly in low-
resource settings. Existing methods primarily utilize cross-lingual knowledge transfer
to mitigate low-resource issues; however, these approaches often overlook data privacy
concerns. Consequently, this paper introduces a cross-lingual social media event detec-
tion framework, named FedEvent, which is based on federated knowledge distillation
and is aimed at distilling knowledge from high-resource clients to those with low re-
sources. The framework employs parameter-efficient fine-tuning techniques and triple
contrastive losses to effectively map non-English semantic spaces to English ones, while
using a federated distillation strategy to ensure data privacy. Additionally, we have
developed a four-stage lifecycle mechanism to accommodate incremental scenarios. Fi-
nally, experiments on real datasets demonstrate the effectiveness of our framework.

Keywords: Social event detection , Low-resource , Federated knowledge
distillation , Cross-lingual knowledge transfer
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FRE P R IRE R - AR =B, R EDPRAIBRAE — I E, RE B 24T
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FIAM BT B E FIAMMRAIRATE S B ERHEE ERHEE
&iIGRAN A ARy &R AR EL &HMEKMEG &R E M
Stage IV 5 AEEs & ) BTN RS
HIFEL - g BT EALE PIRHITIESFS)
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2. FedEvent £ fii JE HEAHL 5

Stage I. B WIRE P aaPiIZE - %5 B HAREAE E SR Al A0 iaTH B B Mol 4k
— P EBRNAHERW, o BEEFEFRANTRIL, FAER S BRI RE - BRI X
R R iE AT S ECE CRANEERENL, WELUCHRRENEE - I, 3T m ) FH o 2
) 7515 (Ren et al., 2022a), (RUEFEFIEBIEMFRN 0 B - TOXRRE, ARS8 —
=W, ALK E BHIRAE v i b RO AR (A SR 15 B 2 AR B i - B B R SS R RE Sk
AR SIRR I BIRLE Ly
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(mi,m;y)E{Pos}
(mj,m;—)€{Neg}
B, LRFB—EME, {Pos}ZKHHEREMFEIFERYS, {Negl&R B AR FHZERIF
X o aNFREEEESEL, D () ITERIKEES, hZHGNNLE T 2 8H SR -
Stage II: RBEIRZ FImTNGR o %5 B H PR2 A B Be— Bl 2k Hi B A4S B 7 R 1 Bl
B P un il SR ietedl . T 15E T DL /s o S 1) B A R e B K DL 2 Jey il 5 R e 1)
HI2E RS BORSEIIATR BT RE - BARRYE, T8 WRE A in, GREGARHIER!, I DIARH AR
TERBIMEETY, 2 RERAIE N2 AT o 2R 52 5] 8 B2 P Im BRI [FIR, toRe 2
SJBTRA FIFEEUZ i (Local-To-Global 56 ) - FEIKHIRZE P, HREE2FER, Da)E
BRVERNBIMRR!, ARV R AT | 22 AT A o 22 5] 58 A AR [FIRE, )
FHAS R 2 218 A& A EER FFE AR (Global-To-Local 38 #%) o A TR DL LI FPSRISE N
DLt BN S EE - 5 AR AT M5 R IR E RS — & & P im0 - ISR
SHAFE RS M7 HHTRIRTRE . DU R X A T S SOZM BUE K -
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JRE S LA R 2 P A R AY = (oD W TR RIE R, BT
Sk LAN:

L= Log (s,c) (14)

(s (0) ) .
ZZC:1 exp <<al(t), f (W,E“, x) /a>>

HALop R IBHRK, s = [s1,50, ..., s~ DHICUE IR, s, TTHER Y FIEHES & A5
FORBILE, o BUEMRBERIACE, () RMT . B/IMEIE SRR S BE Bk IR IR S R E 5 HL 0
fro a2 B BRI, SR MUZAHIE 5 {00} s PP AN FE0 R 5.2 18] AR LU -

NEL =S 5RAMZEIREAS=H (A#(10),(11) , EUE KREHE5EE -
Bk L, ENBUNGREA% P 2T N BRIR R Lo AT FoR

Lo =L+ KD + ! (16)

Stage Il[: &M% P Ul o RN B, FATHRIE BT ISR H R BRI M, M) &
ONMEERFETRE. ETHEHBEMWRLEE (WK-Means) & T % E K H &
(4IHDBSCAN(Campello et al., 2013)) EBA] ANHE S HITHRE - Hf, HDBSCANA 77 %
FRERAEEL EFEEWENRNT K. Fit, FATFFHHDBSCANZIEHATIH AN -

Stage [V: &NMEFWMEKESIG (FEFHMBE) - Z0NEB, %Wu et al. (2022) TIERE
&, BATET T ETES R ERAT SHLEBILERE N AL 5 - Fld RS, £1%
F2 5 B AN M AY D) Je 4 SRR I 5 SR 4R, A B2 S) HE R TR 263 = T IOEUE 40 AT A=
AL . FT AR b4 R A B 00E N A B AN H SRR w078 B AR AT DA B e S
SRR . AL, AT H AR AR EE P AES) . e AR S T e & P IR R -
PR, AR AR AT U 2 R A ZR P AR 32 55« AT LL, AR EAY AN 4 R AL 2 8] ] LLAH
HA>] o BT, EMEBIAET TETESFERAT SRR ZEEILH, AR X2/
AN B 2ES) X 7778 AR o 1% T2 BB F AR AR, 2R AR

Lyl MSB(HY Hy)
Eil + Eig

Sn —

Lioy=Liy = (17)

HN BT S S RANE P EEAS = (LU HY(AT(10),(11), HFFEE S5 584 .
ST B AR S L S (R S5 R R R« B TR 5 R A L A Ve L S A SRS . I B
AHBT « 4 BT IR S I AT R ] Los ~ Lo ¢

Lis=LE+ L+ Ly (18)

Lgs = Egg + EkH,g + D’ig (19)

HAf, Ly L300 BRI BOA MR 2 BRI R SIS K - £, Lf A IEIZH
BRI & MR MRS R E IR R (A5(12) - £F, - L8 S RIRE LM Bt R 4
FRT SR (A7) - L) L 2 BIREEZ B MR A 22 R () 5 6] 5
ek (ax14)) .
3 %
3.1 BIREFOEM ISR

(1) SERHIRLE.

T vHtiFedEvent HEZR IR RE, ABTFTAE — D KT A TFAYZE R £ Events2012(McMinn

et al., 2013)FVAR E, fRIEHERMAT T [ SR REE AR, 0 T IRVIRE Pl b
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R TR AR R e, G BRI B AE S BRI AT W BRI L - i, fEH
EIFTEA]“(BEFAND %) since:2012-10-12 until:2012-10-13 lang:zh” 7] LLEEIF20124£10 H 12H
ZI13HBAR, A F KB KT B R S ROk, TATE S A T E AR TE
Vet R R R BB I BT & o X T SUAR SR AT B, Fe 153 AR A T spacy? (8 T H SCHI 3%
) FUnderthesea® (N T#EEE) - ZEIBRESMHEEBRGITHEBWRLTR-

NEgSEER Mo My Mo Ms My Ms Me M M3 My Mo
FRYEEANEL | 3765 1151 348 468 316 405 300 1022 108 132 238
WEEEE NS | 2716 1270 207 239 244 249 145 743 181 146 113

MEPSER My Mis Mz M Mis Mie My Mg Mg M M2
HSCTE B 234 297 204 714 248 175 757 346 290 101 267
WEEEE NS | 140 4260 264 387 325 113 350 246 155 80 292

® 1. BURESOTENR

(2) VRN FEFR:
AWFRATMELEEE (NMD) FEAEEFE (AMI) {ERENTRIR, DRSS DR
A AR ARG T AR/ AT M

3.2 LR SEKE

ARG, BB S T Hungging Face VG IRHEHEATIERE, HF, LoRAMY
Fhri% B N4 . NERIEERA AN, BRmBERTSMIFTE I 7 2 (4 F R — 15 =R (M)
TS . 2REERAIVZEER ML (GAT) |, EENLEE 4, FEHEE M 2 4
B R32. BB, &TEPumAHE QR E N2, BIEENI0. BB, BIX
WE5. B BETE DR DX A3 BN, BIRXENI. &1 B PR 2> Rk
EH0.001, HLRAK/MEEHF1000, B REQE10, EiLER%HAdam(Kingma and Ba,
2014) - FTEEREESIR, KILFERE . REBIEIDBSCANH %/ O A 1) % 5 H E

(min_samples) EEHN3, H/DNRER/DN(min_cluster size) L EH10-

3.3 EZHE

IR T H I Fed Event /T VA S Tt S8 AR 7 20T B R AIAE & 7 T RO -

e mBERT (Pires et al., 2019): F|FimBERT (Pires et al., 2019)15F| 7684 A) 7 A ENTH
BHIER, LUHRIRBIELEER -

e KPGNN(Cao et al., 2021): B EERE I ML (GAT) 456 = IToit kKR EURBUE X K2
ERTEERR

e QSGNN(Ren et al., 2022a) 3813 M) DRI AT SR AR, KRN CHT R
BIARED

o FedKP: Ff]#FedAvg(McMahan et al., 2017)FIKPGNN(Cao et al., 2021)#1745 4, ik
BNE P EE — N KPGNNE T .

o FedQS: FAI TR FedAvg(McMahan et al., 2017)9 4% F i £ F A% A QSGNN(Ren
et al., 2022a) -

e CLKD(Ren et al., 2023): FIFHHOMEIIIZR )7 20RF & BHRIE 5 E I ZRAZTEE b 1
FEEMR LA S % RENRZE BN IR 5 22 il o .

3.4 FXEE
N T VAL A SR ORI R, BRATEEAF i LT T Al DU AE A

"https://developer.twitter.com /zh-cn/docs/tutorials /building-high-quality-filters

2https:/ /spacy.io/api/annotation#section-named-entities

3https://underthesea.readthedocs.io/en /latest /readme.html

Y & SF 1T 35 Bhhttps://huggingface.co/datasets/larryvrh/WikiMatrix-v1-En_Zh-filtered, 1 & F 47 1&
#h:https: //huggingface.co/datasets/harouzie/vi_en-translation
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BAMERZE P iR £ 5 — B E B EVIRIE BERMy, H¥REE 21K BOEUE &I 5 Al
HERM, Ms, ..., Moy o FATTHEX PR 5 0T X5 L S286 DL JH @l sL9s « SL98 45 Bl SR 7
2,345 -

Metri mBERT. | KPGNN. | QSGNN, | FedKP, | FedQS. M, w/o NCq | w/o NA, | FedEvent
letrics

zh vi zh vi zh vi zh vi zh vi zh  vi | zh vi zh vi zh vi

NMI 23 .01 | .59 42 .62 44 63 47 | 64 53 | .41 13|66 45 |.68 .60 |.70 .63

AMI 14 .01 A7 31 0l .35 b2 37 | .53 .36 | .30 12| .53 .34 | .58 45 .62 .45

2. REEE A mE SIS R o B, R PE P, vifURBEIER P,
PReBI TR T XSRS, HBIPRa R T IEA THHASESR - w/o NCo~ w/o NA S RIREAT L
HEBRESTE S IR AR « BSOS TR -

BEIE,: STENE P, FATRZE PG ERRIETE B R MoE B 70% « 20%F110% X
S RINGRE ~ MHAE LRI IESE - R B RS R LIEH, EEEYRT,
Z WA (FedEvent,FedKP%E) LT BALEASE N AUHEAFRM 77, WEB T 2 WA AT ISR A
BT TR MR - SR HRE, R NECESRR T DI ARBA N E P EaiR . B
s, EPXE P L, ZPEMEM LT BHLEAE T A IEAENMILL X AMIE 5 5 R 21 H
T1.6%-204.3%, 2.0%-342.9%HIEERFA, HEEFEIER gL, 255 T72.3%-6200%, 0%-
4400% - GIABKFRIG, FedKP -~ FedQSHiERAMR M ERFA, HHAHE, 2RAZEITEF
vy b PIRFEZS A A —E LA RIE B Z BRI ER: - TiFedEvent | F £ B4 SR G — &1 & F i
FRVRFEZS (8], I A BT SR I8 B AN HFA £ ORE I, R 2 R R R (%558 4 Ry 4N
o BTLL, FedEventfEANH A ZUAEAZ HAFRMMESSES, HiE AR SCIE BHRE P imAiRiE R
BRTEIREZ i . BRME, 5FedKP -~ FedQSH ., FedEventZENMIFIAMIFE#5 L 43 HIl #&
T11.1%-34.0%, 17.0%-28.6%, REILT Rl THELRAIE RN «

Blocks M, Mo Ms My M5 Mg M
NMI AMI | NMI AMI | NMI AMI | NMI AMI | NMI AMI | NMI AMI | NMI AMI
zh vi zh vi|zh vi zh vi|zh vi zh vi|zh vi zh vi|zh vi zh vi|zh vi zh vi|zh vi zh vi
mBERT|.15 .01 .10 .01|.22 .56 .19 .46|.10 .10 .08 .01|.09 .02 .01 .06|.07 .03 .05 .01|.40 .42 .34 .33/|.02 .02 .01 .01
KPGNN|.54 .49 .49 .47|.75 .79 .71 .74|.55 .71 .53 .65|.64 .62 .58 .56|.69 .65 .74 .56/|.78 .69 .75 .60|.46 .46 .43 .42
QSGNN,.|.57 .51 .53 .47|.73 .74 .68 .69|.54 .72 .51 .69|.65 .59 .59 .50|.68 .66 .64 .58|.70 .67 .64 .65|.47 .40 .45 .36
FedKP. |.58 .55 .54 .53|.74 .77 .69 .73|.58 .80 .55 .78|.65 .65 .58 .59|.74 .69 .71 .61|.84 .73 .75 .72|.53 .55 .52 .51
FedQS,. |.60 .56 .53 .54|.70 .76 .61 .71|.59 .79 .56 .71|.57 .51 .48 .41|.71 .53 .68 .42|.79 .72 .77 .66|.54 .39 .51 .32
My .39 .14 .33 .13|.57 .57 .49 .47|.39 .21 .31 .16|.50 .47 .43 .42|.40 .34 .31 .28|.62 .56 .58 .47|.01 .15 .01 .12
w/o NC,_|.51 .45 .49 .40|.70 .68 .66 .63|.63 .78 .60 .73|.63 .67 .60 .61|.69 .63 .66 .63|.82 .71 .80 .64|.50 .48 .47 .42
w/o NA,|.56 .55 .50 .54|.79 .75 .75 .70|.66 .82 .61 .78|.67 .62 .61 .55|.75 .67 .72 .59|.89 .77 .86 .71|.53 .55 .50 .51
FedEvent|.61.62.55.57|.81.82.76.79/.70.87 .66 .84/|.70 .65 .65 .58|.74 .69 .69 .60/.91.80.89.73|.58 .58 .55 .54

3. RBHRE FOmESI LR (M — M)

Metrics

ALV SR T, ERERWR3A50R, HATWTIREELS R T REH#EL T
BHIEME IS R TI1E - B8P, HATHBREIAFIRZ FIEEERAE, "5
&R N ANEE B ATE B EE A E AR ER LUH R P EIE R K B AR -

3.5 XTHRSCR

TR FATER B 3= FROO L 75 T8 T i FedEvent5 B I 5 56 3 A9 FROCM L 75 T8 O 1
(CLKD) ZEHIMEfEER, A& T —HN B . LW R K6~ - Bk IEL
BRFBMEREZ P U (F#) EAEENE BHM, EIPELE R (NMI- AMID) FIINACEY . 52
Wt R R, AR EMN A S &EHFAF DM (CLKD) EMEGELIEERLD, &
R EAURFET0.02, XE— B T HRAT T ENEERS - EEB RH S AEMRE, —7
[, FedEventifi it ffi X FF KRG — &N P LR, (HEEREMEE 2R —3H
o FEHLEM b, AR S5 2 BANR DU AR EE AT H0E, M 5 INAF & A 3L
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Blocks ]\/[8 ]\/[9 ]\/[lO ]\/111 ]\/{12 ]\/113 ]\/[14
NMI AMI | NMI AMI | NMI AMI | NMI AMI | NMI AMI | NMI AMI | NMI AMI
zh vi zh vi|zh vi zh vi|zh vi zh vi|zh vi zh vi|zh vi zh vi|zh vi zh vi|zh vi zh vi
mBERT|.28 .18 .23 .13|.10 .09 .03 .03|.33 .18 .27 .13|.29 .47 .23 .41|.33 .02 .29 .01|.42 .44 .37 .39|.27 .38 .20 .31
KPGNN,|.72 .75 .65 .66(.74 .71 .69 .64|.80 .82 .86 .79|.74 .52 .70 .50|.75 .61 .70 .53|.75 .75 .74 .72|.41 .58 .37 .52
QSGNN,_|.74 .71 .68 .64|.79 .71 .76 .63|.81 .79 .83 .76|.71 .53 .67 .49|.71 .44 .65 .37|.66 .55 .63 .49|.42 .62 .38 .56
FedKP,. |.77 .78 .72 .71|.79 .78 .74 .72|.83 .83 .81 .80|.71 .54 .66 .45|.81 .68 .77 .61|.79 .80 .77 .78|.44 .64 .36 .57
FedQS, |.78 .75 .71 .70|.79 .76 .78 .70|.84 .80 .80 .74|.72 .57 .68 .48|.73 .66 .67 .60|.70 .64 .68 .60|.40 .61 .31 .55
Ma .54 .41 .49 .34|.42 .51 .36 .41|.52 .51 .49 .43|.46 .45 .39 .38|.45 .33 .39 .26|.62 .36 .58 .29|.33 .42 .26 .35
w/o NC,_|.65 .75 .60 .66|.83 .77 .80 .72|.79 .80 .77 .78|.70 .59 .65 .51|.76 .62 .72 .52|.77 .78 .75 .75|.43 .57 .37 .53
w/o NA_|.79 .78 .72 .71|.85 .80 .82 .75|.84 .82 .83 .79|.74 .55 .70 .46/|.77 .66 .72 .60(.89 .78 .86 .75|.43 .62 .36 .57
FedEvent|.85.84.79.78|.85.85.82.81(.87.93.86.92/.79.68.72.64|.78 .72 .73 .65|.91 .87 .90.82(.47 .65 .41 .58

A4 RBHRE FOmELITEEE R (Mg — Myy)

Metrics

Blocks Aflgg Mlﬁ M17 ]\/[18 ]\/[19 MQO M21
NMI AMI | NMI AMI | NMI AMI | NMI AMI | NMI AMI | NMI AMI | NMI AMI
zh vi zh vi|zh vi zh vi|zh vi zh vi|zh vi zh vi|zh vi zh vi|zh vi zh vi|zh vi zh vi
mBERT|.34 .32 .29 .28|.32 .29 .28 .24|.25 .03 .19 .01|.36 .21 .33 .16|.04 .06 .02 .03|.42 .32 .34 .26|.03 .39 .01 .33
KPGNN,|.53 .60 .47 .54|.61 .74 .58 .71|.53 .73 .51 .70|.51 .37 .44 .32|.77 .75 .75 .79|.73 .72 .69 .66|.48 .56 42 .50
QSGNN,_|.54 .61 .51 .56|.62 .74 .61 .69|.44 .71 .42 .68|.45 .37 .42 .33|.73 .61 .71 .53|.73 .53 .69 .47|.43 .47 .40 .40
FedKP. |.59 .65 .56 .59|.89.85.88.82|.52 .73 .47 .70(.66 .49 .62 .44|.79 .68 .77 .63|.78 .78 .75 .75(.52 .63 .47 .57
FedQS,. |.55 .53 .46 .44|.80 .81 .76 .79|.48 .58 .46 .52|.62 .34 .57 .29|.75 .69 .70 .63|.67 .57 .58 .50|.52 .54 .50 .50
M A7 .41 .39 .32(.59 .43 .56 .35|.36 .50 .31 .44|.32 .28 .28 .23|.51 .29 .46 23 |.51 .29 .42 .31|.03 .29 .01 .24
w/o NC,_|.55 .61 .55 .55|.65 .79 .62 .76|.56 .63 .52 .60|.55 .47 .48 .42|.74 .73 .72 .68|.74 .70 .68 .67|.57 .57 .50 .52
w/o NA_|.61 .64 .46 .58(.89 .77 .87 .73|.56 .75 .53 .70|.70 .58 .67 .49|.82 .75 .81 .70|.78 .81 .72 .78|.59 .59 .51 .52
FedEvent|.70.67 .63 .60|.83 .80 .80 .76(.63 .83.58.78(.73.60.69.51|.75 .83 .73 .80|.80.88.77.83(.62 .66 .55 .63

# 5. RBRZ FomE L PR (Mys — May)

Metrics

JEHVRRIE - —J7TE, ATTIERA T BIE RN ZR ARG, AORFIERIREOS 5 m s,
MBS TE 2 BRIV T 1 5 -

Blcoks | My M; My Ms; My, Ms; Mg M; Mg My My My My Mg My Ms Mg Mgy Mg My My My

CLKD | .57 .57 .79 .78 .65 .69 .82 .58 .84 .85 .86 .72 .72 8 .55 .67 .82 .72 .62 .78 .81 .61

FedEvent | .60 .59 .80 .77 .65 .68 .83 .56 .81 .83 .90 .71 .72 .87 53 65 .80 .71 .63 .78 .82 .62

6. EHOMLE RO LERBTEN ISR (Mo — M)

3.6 JHELSLLE

N TEAEAR L ER SR RE, ACEXE T LI WAERSCE: 8B5S IAHA
LB P 5T 57 30 R X AP BE A i o 3T 3T HE 382,34, 57 i B bR A SEIS 45 5 FeAl TR
R, TWRAEBRALRERGR T, BIES A S 57 iR 8 B R T A
PERE . BB S M ABERMEmBERTH ., M BZ#E T mBERTEK BIRE S UAEE L
AR, BERME, EFXEimL, BT IR ARRME L TmBERTENMIFIAMIFEFR
PR A T149.4%, FEMFEIER Pin L, PR 7322.3% . #F—PH#, FedEventifiid 5]
NBESIHRAN, SRIMANZEESR (Blw/o NC) BITEMEE, P XE AL, PR
T24%, EWEERZEPWLE, PR T4.3% . HT5IABESIABRAERE, FedEventififf
TNRE P b AR (Al — B, AT IG5R T 28R - rTRUREE, BSE S A AR
(M) TERTER P DR IIC R, A RE 2 mBERT #5515 A0 R AEGE 1 AN QS /B SCHREE
A, FIHAMIHEEFITRIEE, RERFEMAE -

woHh, EETEFPmLE, MEBERTRMASESNSFHE (Bw/o NA) B
1%, FedEventZENMIFIAMI L P+ RE T5.3%, #F—FEIUE T 8 S5 SR\ EME - fEE
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DEESRTFRRIBRILT, (RS i A SRS AN TTRER, SECRIESCRIE -

3.7 REIoHr

N T B Rl AR ST TR P AR AR TR S SO R E R M b
AT T RBIHT - HA, HTXXE P M ERE26765% 78, SEESS M EF - B IER
Ui My 3R EE3505508 ., EEI4NES - BAoku, BATRIRRE B R ER BAT 7%
DINMKPGNN/T#E (L) BIRCR, M5 B S M FedEvent SR EL T £ /D458 411K -

IRIBHEMEE — M EERSAR, H T GBS ByEEee . EIRBHMEF, &—
ITRFEFFEF], B—FRBIWEG  EEAETNBITORE S T EZEFRES TN KR T
FIREARSE R, FTLUEEWR T EINES BN EZ MRER . RLEH, IBEEERTERS
WEBEERE M REN—E . BERIETEEANRRETIEIRENEFLES EhRE
HHEZRIMNESR, TG —RHAK-Means /5 £ R A TAMFRE » ARSLIG A T = MEEE
fE: F—MBEEMHIE (FedBvent,,) RERLHEFE FIRE i D ELERSTHNEERZ
FHIXRR; FMNREREE (FedBvent,;) RFEMRBTIRE i b 09 E 45 B 5 145 5= 2 7 1)
F 7R, BEMBEEEM (KPGNN,;) FEKPGNNEIEEBE BN EHM, B 7 ss R 5
HSEERZ BHIRR .

W = NBBEE, A& NFedEvent, IR L EREN AL F KREZ LR H
WKPGNN,ERME, BEEETINGERENES, HEFES . X—KIWEH, RIFEE
RBEVRIME T, FedEventt 87 %0 45 By L A R B R — € RSB 30 AR, MR A 1ERE - 4
2, KPGNNH THIEAMRE], EEAIMEGER T BE 20 . d—FH, RITWEREHE TR
PR — R RIS BEEIIRRIRE P fEX — RE LRI, X E RRE
P e 0 FAR AR B R IR E S i - AT TKPGNNM S, B TEZ 2 AN, ©
FEHE R A SR B Z A E T E R SORRES, AEES HIAISIEE N E RN, i S 2R

BIEEIR -

0 10 20 30 40 50 60

o-44 6 7 o-11 1 ©-7 1 1 3

- 82 23 11 1|2 -0 15 3 -0 8 6 2 2

~- 19 5 1 ~- 5 ~-0 |13 1

m- 10 67 12 3 5 m- 2 13 m- 3 1 8 2 1

<- 10 <- 2 <- 2
_wn-3 11 19 39 _n- 3 8 _wn- 2 2 6 1
[ [ [
Lo-3 78 18 So- 11 3 So- 2 9 3
5 8 8
gr- 86 11 30 gr- 16 3 g1 1 10 2 4 1
P 18 P 2 P 2

o- 1 7 114 515 21 o- 10 82 7 -4 2 2 2 9 69 11

S-3 32 124539 1 S-3 3 13 10 75 S-2 4 1 4 1 24 1 1651

o4 6 182 o-2 5 21 o-5 2 2 4 2 13

N0 |12 3 a1 o 3 6 N.1 o1 2 5

a- 7 1 64 fife 1 1 10 m- 3 1 4 4

01 2 3 4 5 6 7 8 9 1011 12 13 01 2 3 4 5 6 7 8 9 1011 12 13 01 2 3 4 5 6 7 8 9 1011 12 13
Predicted Label Predicted Label Predicted Label
FedEvent,, FedEvent,; KPGNN,;

3. BB RARIEETL

3.8 AL

N T B R EA TR H A FedEvent HEZE R R RER, FATRAL-SNE(Van der Maaten
and Hinton, 2008)%f {8 B ERM IR R 1T T FE4ER AL - AT AL S RWE4i R - 58
ML B ZHLEAEE T I ¥E MR H . FedEventBE W5 22 S B N Al X 40 MO R - RIS, W4
F|FedEventttw/o NARERIFINER, Uk T8 AN FFHAMEZEM . o, BiEF Ik
ARG N FIREH IR A T T AL -

4 5w

AT T 2T AR B E S A SR AR AR IIRESE - ZHEZR A A o A 0L L&
RS KA 3 N EFRNIFER, il IR SR B SRR AT . K
FRES AR EEOR, AR T EHRBRIE S I APk, FFFI S TE S I AR, 5L
T ANEE 5 B AOTE SCAS (R BR T o 3@ SCISTERA T A TR T E R R RO - JRIRATETAN,
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>

s |l N
SR w L g

w/o NC (M5, zh) w/o NA (M5, zh) FedEvent (M7, zh)

R

a4

mBERT (M5, zh)

vy
P

i .
* 5 - ]
ks BN

mBERT (M5, vi) QSGNN (M5, vi) FedKP (M7, vi) w/o NC (M5, vi) w/o NA (M5, vi) FedEvent (M5, vi)

K 4. FedEvent ] fi4t. A&

RXEE MERIESIIET, R B RS S S T S SR BRI AT - T —2H
PR TAER, BT — P HRRE RIS F N K BEE A0 R AR SR TR -
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