STUDY R

105

EXFMEFER RGR

KREWRE?, AER, TER, B
LSP2eRH (RIID ARRAT], TR 3l 518063;
2. EBARARSE, 2280 A8 230026

[iE
AEERHZIBAP, R B AEFEIRINB S PIR, MR SEEH A& X2 PILARSS s P

RE, XERZINBRHET—PFAENRIT RIS BRIEHESAFNARDOEPTHRSESTHR, &
RRDY BRSHEE | RINRPSFHEAESRASHTZE, WKL ZISHERFSSURRIX
LHRASEIN—THRRR WEFRETFRBZINESRIOHT TEENRES. LRSI, B
NEBTHEEAROEFHKIS A REIBEIRI; RESIATERALZIBI, R TEBZIAERMWRT. R
AZNBEFEEMOBLEET ALK HRINEE, IR TESSHRAYSR, HmiFEMiRiE TIEHED
EERARBELI; RE, WEKHEEARFIRKNVARET T EBESRS.

X8
EKIZY; HEEARY; RAMRP; DEDIS; REZY

hEHES. TP391 STERRSD: A doi: 10.11959/j.is5n.2096-0271.2022032

Survey on federated recommendation systems

ZHU Zhitao'?, Sl Shijing', WANG Jianzong', XIAO Jing'
1. Ping An Technology (Shenzhen) Co., Ltd., Shenzhen 518063, China
2. University of Science and Technology of China, Hefei 230026, China

Abstract

In the federated learning (FL) paradigm, the original data are stored in independent clients while masked data are sent to a
central server to be aggregated, which proposes a novel design approach to numerous domains. Given the wide application
of recommendation systems (RS) in diverse domains, combining RS with FL techniques has been gaining momentum
to reduce the computational cost, do cross-domain recommendation and protect users’ privacy while maintaining
recommendations performance as traditional RS. The federated learning-based recommendation systems in recent years
were comprehensively summarized. The difference between traditional and federated recommendation systems was
analyzed, and the main research direction and progress of federated recommendation systems were demonstrated with
comparison and analysis. Firstly, the traditional recommendation systems and their bottleneck were summarized. Then

the federated learning paradigm was introduced. Furthermore, the advantages of combining federated learning with
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recommendation systems were depicted in two aspects: privacy protection and usage of multi-domain user information,

along with the technical challenges during the combination. At the same time, the existing deployment of federated

recommendation systems was illustrated in detail. Finally, future research on federated recommendation systems was

prospected and summarized.
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oA ot B E, BT B S R A
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AR TR, A6 T7 N AT, I
HE TP ESEA RN, £
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TR, 2 SEF 2 TEUR, AR e
ff JEE R BRI L TC ik W8 S . R R I]
RO T DR 7 22 G O D P ) s 5 ) A
W E I F2 4 AR B W LA R
HEFAERG I, P Q2RO KR
HANEREHER R, MELAAL S G
PERBA SR IR 2R S R T Bk

T AR, A F g A HE RS2 ] 4
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B, HAEEPAEEEEESA
AP AZF AT BTN, BASE I S
WFEA A Z 2 ERIR . Cao L B HiERE
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HE T H B R G R BRI AE SR . X
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NS G I TR S IR LR, SN
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B4 53 gt F B AR _R B A IAR LI B e, DA
SIS P S IH R R AERE

YRR 22 ST AT 2ot S IR PR B
WA PG R R, R S
HY A ONT B S 2 = 4 R RE 1Y 52 Wi G L
O, Wu QAR BRI 2 > FE L B .
HR T i A S PR A UL Z5 AT . DA A %%
JA S AR AR A A B T S RE A E I R T
TAIAF AR A5 S UM [ 5. 4% /1% 7 i
A B A R IR SZ [F] A IR S S B ST
ST AR A% AN 3t BT AL HO AN [ R
17 5 SRR S o [ R 58 S ot
P [R] 3888 SR 43 D R AE A3 AT (e A3 (022 Bl
1) AREEaAi A (Sela R mAg ) |
AES AR ZEAEAN R B SRR AR | %L
B RECN PR R, BH VNI R
GEiX—HARN 7 5, AT G RE I 7 0
B> W — 4 2 IR e ey vy 2
K, DUOR SR8 21 S T e

R TR S R Sk s I, —Fh A
Y TT Bt T RO, 3 %
B R AR I 2 ) 1 S B HEAT AN ] 1Y
AP,

Yang C X&EANSHE i SLUEIFFE A0 T
AT SO B - ST R R g, 25
SRR, TS SEUSR IR THERE TR,
FLFREIR9. 2% HERRZE T L 2. 32651011 25
FIATES, DAR P T B R R, g &
W2 55 W2 A TR TN
o FIR A IMERL, Liu L MEEABRZ T
TR PN -G -5 B ST 584,
THEA S NHREIB SRS 2%, [RIs R
LRI AN 280 12 B I REFE . Xie CEEABIN
P TP O S A BRI AL, IR
TIZBEE T R DL — 2852 PR AR
(IR A 18 T 4 ey iR R e R S

X Gt R MES, McMahan B
SN TP T IE AP R E
LRI 22> 7 i —— B (federated
averaging, FedAvg), FedAvgfH Hu It
FBEHLER T P (federated stochastic
gradient descent, FedSGD) B 458
fEHeIR EHUS T ERHGE; Li XA
S BE IR T Fed Avg fE AL B Non—11D
ZOE N AT SEERIE 8, R T I Uy A R
M5 Zhao YEENEIHE— M st 7
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A7 5 v e iz 55 # F AR 1 B SR AT 2 [H]
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BIG DATA RESEARCH A#ifE
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A JRBR R, I EA AT — R4S
TR, R4S ZREEFF R 1L /AR, TR
250 ity AR FEE B T S I M A B T A 3
PR (s YEAT DA G TS () )

2.5 BIPHFERFMOBRE N FHK

FEBRIRHESRE R G, R Al 5 1 A ik
A RE T, BRFR I 45 7] B H BTk
B ALIF B, DRI e B i R AT R
FURLAIEAR , 1R 457417 98 5 i i I Dl 4
HI T AR ISR . PRI, PR BRI A
FERIHTHE T HRETH B AR BAG O L,
EETF AR S 2E TR AT PR TR
JEFR R T ML R S B e Sk i

MR AV AL A ANIE AR 77 TH Y
TR, LA — 2 B S E
ANFEEFE AL ERR

o RZFFRIEASE o [ R4 BRI &
(R s YN NS Rb T E i SER =P
SHIHUAE , 200 5 T B T A R A ]
IRothchild DAEAOME T —Fffl HI i
B L ] s 4 4% ot B R R R /N O 1
FetchSGD, Kz 5RTRE N AR
i % B R 55 4 AT R A, % ITVEAE
5 it 2 5 I BB RAIE 5 R 46 2 F R4
AU S o Reisizadeh ASE AN R JE
HSPEA R A AT B 247 20 it A R (T
fEH., #2177 FedPAQ (federated periodic
averaging and quantization) Jy¥, EAARM
RSB U AT B BB o S, A
s FH AL AT RO IR 55 2 R IK I I 2R 3
L R E R AR, Hhf
DRSS # I S A s T A B i 4 JS
T % 7 Tk AR BB R PR IR IBA S T4, 12
AR T USSR 2, R B 2 ) 4Rk AR,

o JRAE BRI /NI S5 AR B A
J i 4 SR AR TR TR AR, 2% i I
T i AR [ 25, BlaTKhan F KEEA L
1 IR A AR S ) 2 R R R LA R Y
TR, BT 2 R AL, Pk 1 2 5l 2
T80 TE RS 0 i Te) e R AT BT, BRIk
TR A RS B — E A, A v R )
FEHAR AR LIk 90 %R K

o /AT S BON R, [
(VN ]| 05 O d s i N w2 | = R
Malinovsky G&E A PIANB & 7 EE A
BT, R AR A B T B A 1
AT RSHIRE, BRI i AT,
NIIER G oA = b

T FET 3 B S i 35 i P L R B 5 0
BER, fRiBElAR EmF m il R, M2
R4 HR A B IR AR E R SR A
RSB BRI R G P R L, 5T
RSEML P E A R 5 [ . B
PR, SRBELE T RS RGN AL X
DTk VAt A s 2 Pk
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®3 BIEERROTE S

Tk Pk JiTH PAR7S B
eFRHEAE RS TTHR [SVNESIA JIIIEESARES [53,71]
HyEhah [63,65,68-72]
S U P AT AR [73,75]
PSS P R [76-77]
PEHD TR R Bk B Bt R [83-85]
Sert- [1,86-87]
TSR S [88-89,95-100]
TR R TBAEATT [90,94,101-104]

KT B PL A 1 B AR o8 2L BT SR AR
S AR TR AR TR 2 R T
fEEEIT4Y, Wang J Y& AOUHEH T
LR OESGD T I, TR Z A
IR T 6 O B SGD HEAT BE S S8, i
JaLi X&EANEZ LY F|Non~11D
PRI F, Liang P PEEAISIHE HZ5 A
A S 4RI, AR 2 > @ = 1
By, BFFEIWR, I RES S FIE
Non-TID& s HIHNL TR 2o B4
EMIN 75, Liu YA OO H 4620
() B S AR A 4, T e 22 ST 0
BT 95, 1% 5 AR B AT 5 5L 56 56 4iE R
BT Z A 8 H5g e NN #4547
FUECHR 3 A0 22 S AR R IR 2 5] B vk M R Y
AR SZM A, 2 i T — AT AR A
EESNTAIGEEREE, BIRTaEE
A e AL, AT s S e S e
Mo AN, BEHSGIEAE & I ST A, B
PRI L 2k A A FH AL
28BS, AT LM v i SR A 0 T TR T
TR IBAE T A R, SR,

2.6 BIHERGIE

2.6.1 Ex3Bih RS IBHESR
KEEN =M R PO Ammad-

ud—din M&EANSHE T —NEETH A
Ber S st RS A A I FR G, TR
TiZ RN LIRS MovieLensfI
BRE AR AR B 1 A e VR A Y TR
25 STHEZRTTS iR R S fme A A2 I BB 1 [
T 3E (federated collaborative filtering,
FCF) J7 . %7 B2 A, 7T Ay R
BRI RGN H 7 5 FCRAEH
Al 55 LB ALY (W ih P55 RE )
A Ho o B A5 oo, B FH P LS
TR X (P R RE B ) A5 A A b 2 7 v
) A A P s A R R i 55 e O Y AR5
J iy b AT BT . R R I R A B AR SR
AR

FCF R R o, P u
R it il A3 P T AT DA 7R A 2

T

Fy =%, ¥, (2)

FIA—H e Bk R TR u Xt Py
rn i 4 -

L, r,>0
pw:{& . (3)

ERRIE BB, =0 " LIEZ
FERE, LEANR P w X i ARG, B8
T u ATREAFEY G i RS NT
Ff L IX AN 7 PR AL, 5T T — AR
ZH:
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BIG DATA RESEARCH A#ifE
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|
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5 BIRIDETIBIVEARLY

(4)

c,=l+ar,, a>0

ui

A PP W A L R R
J=2 cp—xy)+

AQ X, P+ 11w, 1P
Horr, 2 MIEWE R %L, 3 (6) BR TR

x, B 5, 637 B 1 P
57

(5)

x, =(YC'Y" + AI)'YC" p(u) (8)
Hrp, ¢ NP uEFEZEA], pW)h

M uf i R o T, S8 TS EI 0
TV ARG THE, 75 ERE R T
X 5P EAE R, By AT
REAERS S S i, AU HUOIR 55 s 58
B AB BRI R AL B A R A, TP
S 8978 BAF B R PRAF AR i i
o, R RE E RS Y .

N T FRDXAN L, FCRHH T—F
MUBBRE T B T 35, FECRIV T R AL B 1]

B, FoiF » e i 55 A B R ET . Bk
it , BT T A de ik g5 A E
O

2—; =23 lew(p, <[, +223, (1)
PAI=DE
S, =[c,(p, —x, y)IX, (8)

TERFANE P it u Ay ITH S f (us) |, 85
JREE SR BN A B R, BT %5 7 5
AU f (i) AR 306 2 TR0 IR 55 b A7k
A, T S R AR SS # E p o

TE 18 L5 HEZE AL PR 4 MovieLens
SHBAHIRE LG R RN, R
e A RTHE T, T ROAAFCRE HG
PR T7 SR MR R RE R B Ty e
) o (2 X — T SR AFAE A S A, —
s, FCFELRENH P EA S 5324
STt R SRR H O R B, X fF S
R IEANIE L, RAE LAz R
w5 M EREEIR S, Tiks 58—
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IR S, X 5 B 2% 29 F T A R
BRI EMET., &, FCREIY
i FIID SRR, TR T AN B 2834
m I HEE R, ToIE LN A AR . AR
17 2GR SR HI 47 e, X sk ™
EENCOPES = b T 101F -0

LAk, FEZe )71, Chai DEEANOT
T, AR BRSBTS S R
UK B r 5 3 ok 2=, T A >R
filt = Ty R S e T R R, B
JEAF S AT Bt &% H e R & s . ST
PLiX—[A] i, AT T — A R R T 45
it A5 LR RRFEHEE 3 i (secure
federated matrix factorization,
SFMF) o a1 & il 55 &% 55 20 7 v 22 [R] Y
A5 I AR A W N T ¥, AT
it 22 S BRI AT AR . AT R T
PartTex t{& ) K0 : 7 P FEHF 28
I W AR AR S, T e A L R
A B A RO A RE RIS T SR
(6] - B K EGEE . Minto L&E A0S B2
St FCEANLABGEE, 8 i e im L AR 1Y
P ity BT R R I AN A . 22 70 R L SR
s LA R AR BRI 26 SR A5 BN 5 P e L e
PR ot BT A JEE R I, AARAS B 5 P B AL
PRAPIIIE, B 1055 = J7 FR B ity B A 2
JEL PR J St ER A Tl

Ko SIS S A HEAT IR AL B I B A
KIS TR A 5P T2 R mY
fm AR 2 B SRR A HEA TR S, RSS2 To R
FH IS SR A B 36 o T F CF RS A S 5t
€I RS e el IR 3 b A L5 SO R
Wi, B St EE P A2 Bl st N Tk
By, Lin G YA K FedRecd
BT R B 7, AR LA RS
JE PR B LR &R 43 R4 M i — 2 b
PR R 55 e LB H - S PR B 9P A=
B, FECR A AP S SR A AL
il ke 2B B A SR AR P 43 AELIEE2E T

TERANIE R, G Liang F&R A0S
— i FedRec++, 43 BCHB /3 2521 vk
PLBEARA T O =0 B e A 58, 3RS T
AR PERE

2.6.2 B AT HHEHEFIESFHIFCF

£ F CF I ¥k 40 B 397 00 5 F0 2 A3 1
il 5 XURS R, Qi T &% A 0 35 [
e FFAESS F CF N H HEAT 7 gk, # H
FedNewsRecHs i, fELH.OMUAME ST
™, ETHPITREEE N2 TR
Frim e Bk, Qi TE&EANIRA
MAEENE A A B BRI &M% £
Sk E RIS R SIS R 4 R
T [ A Y 25 ST [ SRALE, JF 255 3
FRLL 121 P A 2 =) F P i il I
S, WEe T R

fEFedNewsRecHEZeh, £ — T
BB, — A BE R B R A
e EERIR S, ReHkE—PREGLLE
Bl 55 25 e SR AR A 4R AT ] IR 55
MR 55 d AN id S E i S R P AT, XS
DU R B RA TR, 38 PR 5 At & XU 5
AN, FE %% 5 it FOH U IR 55 s 2 TA] 1 E
fEd R, MAMGI N 7R 22 75 R AL 4R
KR AT BB R Y BRAAE S ((E X B
RTREHERB N HRNE) . Q T
AN FedNewsRec 5 477 i A JL
THT B 46 45 7 AR T [ B Sk Adressa
MMSN-News E#tf7 T, it T
FedNewsRec /A0 i ] 4 77 B0 22
SR EERE, HA TR CF RS LT 5087
JE i AR

HHFFCEF, FedNewsRech] DLAL #
PR FSEIE, HFEAFEFEHT S
SEYIZH, HET5INT# s,
FedNewsRec Aiii T HAh7 5%, ARG
T,
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BIG DATA RESEARCH A#ifE

, b [TIN

[ wwmms: mmeE, R |

+ * . *

[ 9 EER ) M BRI M % R ]

} f f
) \ )
BRRERLG: W T 0% S iR ]
¥ ¥
) )

[ R emEEAE AR
¥ ¥ ¥
A B C

bR

B 6 FedNewsRec BYFTEIRIFEI ST

2.6.3 BRI SYUEHEFELR

X FedNewsRec ik FH 6k AL,
Huang M K& A\MSI55 G R JE 45 8 6
15 WA (deep structured semantic
model, DSSM) " 5FCF, gE—442H 7T
— N EE T AR 19 B 2 L I e A AR
ZLFL-MV-DSSM (federated learning—
multi view—deep structured semantic
model) , ZHEZE 8 b8 FH R H (5 2l 25
— R PR, TS A
AR RE

FL-MV-DSSM A PLA4k B 3 A7 1y
FedReci® sl Rl i bR — By iR i 45
TV SO 570 p S 27 S PR, FL—
MV=DSSM AT LS LS AT fif e G 21—
LR AR E R, P S EL AT N A
TR . R e Ll B, 2 AU IS
PRI, DIARAS S0 B H P JUARHIE, 2
% T FL-MV-DSSMA#EEHERE . (b,
FL-MV-DSSMik $i& {7 —Ff 5 i) 156
ZAREE, I S R R I 2R — A
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B, HALE Z B R G e 22 |
ANV P AT ) TRt A2 B R 7,
T8 S SO A BT IS HE T ]
B, SR T ki i O =R
HR A A AR A B R, IR R o 4 T H I
AR R A 0

2.6.4 ETFEIMBIMELMEFHELR

FedNewsReczK BUHE =5 H 4~ 1Ak
{5 B RS T i BRI &,
KR, Lin Y JEE A HT—RPE ST
S HERE R GMELR U MR 43 i Meta MF,
EEXIAS [ R 2 7 3t 27 ] — DB/ NS
AR AR M A Y, R 9 2D R IR R Y ]
B, PRAS T AR e oy vk g o o R, HL
RFHT B I B RS B LA BT A R
Ab, NTARBIEIC SR, e rT Mg S
SRR [34 AR A Y BT 5 K R B TR - 49
DAL

2.7 BIBEFERGHML

FE J5 R B 106 TS 4 77 Bk R, 2 g
B s B2 BEALI, BT A S BB
Al R R B R (FR A
Fed Avg!®) o FEH i WS s B Ay v
bEE =l b %Y SR (F N Gl o1 8

Muhammad K& AR 7 —FjEe
F2E A FedFast, L FFFed Avgff
R, SRR BRI RGN R I ARG
BIF ST T RIS . DActvSAMP
T DL T SR 2 B s 13 E H AR M )l
%255, @QActvAGGR A A A % BL
AR REG T, G IFYIGAERL, s s
B S,

ActvSAMPE KN Z 55 X55H
P, FREEm N2 55 2R B4
Z 2 SCHR (1 115 A HoAh B AT B AR A&
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PR REAE (IFTARHOLIX | R A2 TSE ) JEAT
RE, BHEAMLmAKZS 55453
—/NEREH, S WA R Pk X
MR AR AP 2 514,

HRTFE I Fed Avg (X 5] 5 3w 7
SHCIATINRCTH5) 2K T 4 ey A T AL 2
RE A, FedFastfii JHActvAGGH #:
X 3AER NS BT Hr: AR )
i N L BT E S I o AR IO A
MR AR RS B S HOE
W, EBRAE T AR/ INFE IEACEEIN ¢ BEARY
Hrin R &L exp(-0) J5 5 HE 5 HATHHEFI R
AN e b X R AT AR b B
= PR E R R RT IR T, ARt iR
LWL, BT E R

(% T 220k 116] L 5 X
FedAvg, WWRE AR 1AM, 1% 77 Pifd
PR R B BEENT A B ZR e, 52 T A8
4RI, HAR B FUCR 50 B 5 iR
T (AT T AU, X R B T I
HANIZS T8 o HLURHE, K425 HI T BEFS
et R G B LA A .

2.8 HAhBXFBHE R Gt T PRR A

B HEH R G A — IR HE
>] (learning to rank, LTR), Kharitonov
EMTG o+ 7 — AN 5L T 22 43 B AL A B AL O/
PR 222 3] HE 44 (federated online
learning to rank, FOLtR) &%, FTXf
FELF ST A BEAT PR AT, BG40 5k
LT EHIAGHE, HR & — i AL R A B
HFE A BE

Trienes JEFAMSHE HUAE 2L ALY
TR AE 4 LA PR SR, USRS
FH P S AR JH 2 B8 52 M 36 2% A~
(AL o 5 (6fT Y B A5 A A2 Do 2% AL B K
B TCRFEA, 435045 Yk pE A0 h =
T B A e g, JFUESE P R 98 0T
HOCTHRINT ¥

L SCER M, Tan BEEAMIERET
— LR HE AR SR, LI TR AR
175, R FIE LIRSS X RS
ez FEER IS EMEORA RN, X

®4 BIEERRHEIRONSLS

A s fift gl ] SRR
FCR10s) BEXT B O B SRR I R TR AR B B AT IR T3t HETA RS 5, AR R
I it 9 Y I MR AR RIS, A R R KU
SEME 107 I EI AN HEAT 22 4 FEIESS 77 100 2030 % TERARLEAR F1I8 5 511 T 45 2 [
PABI 42
Stronger FCFUSI  {di FIACHb 25 43 B AL QTR 4555 97 1 55 = 77 R IUHD (ot o8 0 M6 (L B S e 2 B HE I T
AP0 5 B R B S JE 4 R St TR AR TR 7 153
FedRec!'09, T RREEDEIEAOBIH MIET 0 EEIRAIERR SIARERTENE SRS
FedRec++1101 [T g, SR T W R R A GeT T B AL S
IR
FedNewsRec!!!! AT R W 4 ST R AE S R SR B0 AR BT A
FUFTSR, A Az
FL-MV-DSSM!  ZXEGE AL S5 (3 S AP EBNIE 2 AT 22 R
MetaMF!1 FINTEE SRS RN G AL Bl 5 7 395 [UE T PE4 BT 55
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FedFast!! FER P S HE G R R AT P S, WA RN ST 4
T e 7
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FENAHERT | P (R4 & S S AE
LN . Bk EATE MR L. SVD,
P AL TR RS 48 07 1 FEBRFR
SESIRIAER TS, ME B S AEFATERESE
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3 BFGRAFINEERRHRE
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AR ieT HETEC 2 > 5 &
SR A UL, A T I 22 STy s
BTT AT TR B o e b B, A SO
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AR R, EE LT XL S i
PRI (O by (R L 98 #EAT BT AL BCE
b, BB AEHEE R G AN Y AR
QTR B, LR R EEZ
BT I Siie .

N R R G R TR TR A
S S B GRS G4 HE DA RERI BT 5T
Ti 1Al

(1) Bl A0 o0 FH P 250 40 P P AT e e 12

R RGN B IR S TP
R AR FEIN, 7R A 45 R S Fr e
P B RE R, DA SR, 38 3
WH RS BT T HMZ 5771
K AL A A kAR AR, R SR B v
RGBT AN FIE L, e AE
ik DAt T I 0 EHE BRSO AR AT AE RE
e AR G R, B T P BRURREE, AR
PR TR ST T7 A o FH TR 4 7 R
GErRE R R PR R, otk H
TP AR AR A RS R, T A R R
FH AR P % S5 R 7 RS A T P R AR
H&RmPin L Z AR SRR F, W H
FUREATHERE SRR A, TR
FRGAE AN 1 22 ot ] DLk A 14K

HEFE R AR A T 5 A R TG 5K i T
FEIEFNEDR, TEAME M 20 it BURMSE L
AR RETT RIETIR T, HH 2
e UL, DU 1% G 1 48 15 2R 40 T A
TG oy R AT R

(2) BEF e R Gu 2 4 MR 5 4
PR AE

18 58 1 22 4 X0t 5 B A J7 mT BLR,
T 7 s AR R S,
Ribero M& AMWONEAN AR T 2 43 FE AL R
BAEB IR R GBE IR H
Hu H SEEAMRYIAE ARSI T EIAT
R R BURIE 7y, FAEE S 5 e
B ALY, Blanchard P& A 122 Hi
Krum/##5Mhamdi E M E&E A U2 H
AIBulyants M2 B 5 G J7 mT LA 28055 4
FE o5 T, (E A0 A T WA S
R, MRS 5FNH RO EE T
WA T m R . ELARHL, £ B HEZE 7
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T EFEAERIMLE L, BHEEZL
R KT
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I

WA ARAEEE RS L E &S
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PEMAPSIENER, DL ERE
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R HERRMRB SEF 2 S G175,
KFE 43 TAEA AT B T P |l o 08 55 4% e 3
R, T AR R AR 25 SRR
R &N F A N2 S AR SR A,
T BN TR B i BT AT P A, DA AR 22
RREBF T HEE R T geME . Wang H
S N NER T TR 22 [ 45 (4G R
ZE W 2 KA A 4 ) IS 25 ST BR
5, 2 7 E S T A S B T 2, DA
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FHAE Zr il 285 ) 5% 1) 1 77 3R 8 I BB B A 24
it b

(4) TELRA BRI AT 52 F0 40 FIFH A
P

WA WA IEER GRS MUEHTH
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U7 = b SR BT S A ] o, T A
LG EINE 2, TR E 2 D E R
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EAE 28 i (8] AR AN ] 931 A7 Dl 2 a0 6] 5¢ 1l
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EfR S
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Mg

AT RS 4 R gl H 2 07 B dn 2L W
FEAHERF AR, AR5 i X — RS
Sri R TR B RS AR &, DRI I T
2 EN S, BE2IE 2 57071
TR, PR AR OC T R B o 5 SRR REAE B
B A T 3k BB TE Al 4 S5 R AR Y B L
M, FEEI R RS LG E A, &
WIS R GE DMK A 7y k020120 2 g
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