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HEMY%. 5 QPrNN MLk, MNIST f 4 KW RHA B R REZH T 0.2%; Cifar- 10 WRABHERT T 3%. A6,
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Quantum Parallel Neural Network

CHEN Jia-Lin WANG Ling-Li
(School of Microelectronics s Fudan University, Shanghai 200433)

Abstract Based on the previous quantum probability neural networks (QPrNN) research, an
improved quantum-implementable neural network, namely Quantum Parallel Neural Network
(QPNN) model is proposed in this paper. QPNN is a kind of quantum feed-forward neural
networks which is composed of a new type of quantum neurons, or qurons, and their connections.
If the input quron z' satisfies ' *w’ =0, then the output quron will be activated with a probability
larger than 0. 5 and rest otherwise. In this sense, qurons are similar to classical neurons based on
the sigmoid function. Taking advantage of quantum parallelism, QPNN can trace all possible
network states to get the final output. Moreover, the most interesting points of QPNN is that we
can combine several basic networks with different parameters even different structures at the
same time to improve the result. To achieve this purpose, only n qubits are needed to perform
quantum multiplexer gates to create 2" separable networks, Therefore, QPNN has unique
advantages over classical feed-forward neural networks. Compare to the previous QPrNN, direct
links between each layer and input layer are added to enhance the nonlinearity of QPNN, and
hence can be developed into deep network structure. Due to its unique quantum nature, this
model is robust to several quantum noises under certain conditions, such as phase-flip channel
and bit-flip channel, which can be efficiently implemented by universal quantum computers,
Another advantage is that QPNN can be used as memory to retrieve the most relevant data and

even to generate new data, During the learning phase of QPNN, the most expensive part is the
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summation over all possible states of the hidden layer qurons. Therefore, in order to focus on
states with relatively large probabilities, classical sampling methods are used to sample the layer,
In the experiments, this strategy is used to tradeoff between the learning speed and the accuracy,
where for a hidden layer with m qurons, only 2"~ sampling states are needed to calculate.
Alternatively, in a real quantum computer (suppose there exit a real quantum computer), this
can be done by repeatedly measuring the hidden layer several times to obtain a set of most likely
layer states. Note that the classical methods sample the layer efficiently only in the second layer
as they are tensor product states. As a result, for a deeper network structure, this strategy does
not work well and only quantum computers perform efficiently. For verifying the performance of
QPNN, we apply it to two real-life classification applications, i. e. MNIST handwritten digit
database recognition and Cifar-10 classification. Here, in both experiments, Matlab simulation
results show that hat only about 3% neuron resources are required in QPNN to obtain a better
result than the classical feedforward neural network. Compare to the previous QPrNN, the test
accuracies of MNIST and Cifar-10 are improved by 0. 2% and 3% respectively. In addition to the
resources saving, QPNN can also be used as memory to retrieve the most relevant data where the
successful retrieve probability of MNIST is improved by 2% than QPrNN,

Keywords Quantum neuron (Quron); Quantum Parallel Neural Network (QPNN); quantum-

implementable; fault tolerant; quantum memory
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BRSO REREY . ANRERTHA
BTRMEFABHAET HE. AL, UB ML %4
ARRHB TR, GRPRAE - SZ AT H R
R WA T R B A0 K A R S
RUOMER_ERKY S HERTEAFRAMNR
Wi 5 B 3T B LG B 52 B s R B

R, REARE T ENM— T R %6 TR
WRER, X ETEHFRETET KB R 609 50 R
HTETHANRKBEFESNES. RE £
FHAFRRE LT LIFH# 2" EHNER . AERY
B REE AR BRI HERA P Z—.
ERERETFREFARELUNSGEAREFHEX
P, 2B B W R A AR A KR, T
BETHEERERNEEBAATHENBA-BHEE.
ESHIE.BTEENERRNARHLEREE, &
FRBETHOAE LRETRASMENES,
D RESEEER PRI RINE Bik—HL
R BETFHEMRANELRRWNMAESE MR
BRI R E LR MERGES. AT,

FE— e bR, AmEEIR  ERRERAR
FTREEARHMES BEERNIEEE . BEHE
B AR LA RICI A BB . A K Lk
B, 52 411 Kolmogorov AL, B FHERE
WEME A& R ALK AB Mg R 1T Ee.

NBFFEIENHRTBENEREBNERAL
KB ZEIITH BET BB RN.EFHHGE
BHIFEMERANSEY. EXENBFIEEME
Rich, AT # 2 M % (Artificial Neural Network,
ANN) S TEZERMA. ANN & —Fi f& 14 89 Kl
BRL, AN AT MRS RLESHE
ZRE. — R, REMEHETH MR R
EEFNUEMENEE, ANN RELEENE
FEEEEERE. BN 20 Pt R ZES,ANN
H¥EIHE-BEEZL RS  LAHEREAIHEZ
MECLERGMEESREAEXIPEZEELT
A K,

AT, PEE KRB R BIRUKERERN
BERB . IREFHOPELRFNCEBEERE,
BREZHECELAKRKERETFIHIBENNSEEILEN
FEUOM K, —MERITHEERMAEFX
BRI 42 98 B AR, i K-means, K-i 4B
MEZFmBEVE FHC SIS T o WAY .
R, GIELUSIBEI T FHMOMWEM L —


SAMSUNG
Highlight


6 HiERS. BFHTHEME 1207

HMEU R X R BEET ST s B2
LAEMAEN, XM E T HF RN H B 5
AEARF J&. T3 R v R A 22 J0 2 AR R 4 R 4%
(Feedforward Neural Network, FENN) .| & 3 # &
¥ £% (Recruit Neural Network, RNN) 28 K # 4> #%
MR ER. HL RPN R, B 74 MK
REFT Hopfield Z— I F F LB N £ (associative
memory) i A & JE LMk I o 500 ¥ 28 ) 45 Lo o)
KNI LR n MMERE. REXNEMEA
Wi i — 1 5% AR BRENHE® (Hamming
distance) i M4 R E. FL E ARG SLBR Y 432K (6]
AR T BB B , (X itk & 7 Hopfield /4% i 1 F
MEER. BEEREXEINNE, BETHREZEN
(Boltzmann machine) #9428 W 4% FF 45 15 2 < 7.
THRZSVWELAFERETEFRIT %, Wil
MEFTRFUEBRERMNERE". ETFHRELE
VLR R E EBUR T8 718 K4l E W 2
BF ¥R SRR B KETF
T 44T 42 43 10 28 3 SR AL B PR SRR o B SR R W
M MBEIGIBEHBS. REURFHRES
LA AR R & 1 2 N 48 18 0 58 TA R 4% A% ¢
ZM% Bl THREANRE FEXRETET
BAEREERHMEREHELNL, 24 HRA R
FF RN, B0 MNIST % ) SC 0 3U4E.

HLE.WBLSELHSHEES T ERHK CNN
1 RNN % P 4 25 1 0 & Rl 3 8 B FFNN. | it
REBE T 250K sigmoid % 4 28 1 BUTE R %K
BETH. WEE RO E FMHE ML (Quantum
Neural Network, QNN). 54 # i) ANN A H; , i 2
QNN 7ER S A ERAE THE. g2 IER
I AR RBE AT BAREET. XLETF
HREFNATIERUERER  REFLXEET %
BEHR HEXRHEEFETTURFIANF
FERRFW. X221 R G THEFAEMEELER
P BsF ) 3 AL SR AR DL B S M 2 T, (R B A L A I 4%
HBEME. B, X R EF R R 2 — R K
BAER, AR — @ AR, B, CEk(27]
BET—METEFIINE FRASER, R, X
MRERAMBSAAFHERE FEOURESHERE
BRIEH R REXEM28IAH T —HMAHE T
F LM B B (quantum phase estimatiaon) 32 B gk
MBEMETHFE BR . BEUMAETHEERTIL
KHBRMERREHAETFHRHLHLMIEREX
AKX B ERXBMEREAALUEL ERNEFH

ZMBQNNHMHIRIIARLE TREGR . L2 E
F & M4 PR R R — N BB A .

A, BATH ™ E TR TR RSN,
B S A R o R B, A R T AED BB
B ERT TS, RIBE —FrEEAE FiHE
PSP H B T HE 2R 4 22 ) 48 (Quantum Probability
Neural Network) , 5 T A4 3052 X 5, @i FR QPrNN.
L F ANN,QPrNN Hi & F# £ T, & #F Quron,
URHETZE M EEMR. & T2 FitBEMIHFT
. QPINN AT LGBER T A FTREMI RS R E R
A TR AU AN 54 ) I 4% 4 S SR SR S PR RE. UL #E 1L
F £t FFNN,QPrNN $4 M F i £ % H &
MARZAETE=ZEZHEREMBNBERS
MMALR,MEBEHEETERE _REREME
2R PR , IR M AR HE ) TR B R RR. D, AR SCAE
ER EHTRHE ERARERERERERE,
N ETFH 7ML ML (Quantum Parallel Neural
Network, QPaNN, s H# & #HAH QPNN), H & F
& W 2 IR R 2 S KRR AR (L AT BE.

LRI A CRATH MR R LR,
BR IS MNIST FE EKRHIOHM Cifar-10 42
LR @,k #47 F 28 FFNN 1 QPrNN M3 1L, &
AT QPNN By H:BE FI 4% . X ALK Y Matlab
P EE R, 4t T2 #& FFNN, QPNN T ik 2| #1
Hil& e FENN gl E P BB MET R
BEER INEL BIER FITEN L, XK RK
W BT B ERAE B T AH B T QPrNN, B
RIGEHERE LA T/MERE.

AL FETEWMT -

(DAELTHWEFHEME T/E EME T %
HLORHT M2y A mEERENE
THEMBEHER.

OFARFHITHRS S W% BB 4%
B8, J7F HoR AR ET IR AR T RE T B, RIE T & F
BN FEHLER > P E .

GRETEFIERCEMBEES, WP ITRTH
£ MNIST F5 R iH Ji| o 57 A

AXB2THEBXPHSHRAEMALIHEMN
BHRANG;H 3 PHL QPNN WM E LM
FITREE: S 4 WHL QPNN I HE;$E 5

@® The MNIST DATABASE of handwritten digits website.
http://yann. lecun. com/exdb/mnist/
The Cifar-10 dataset. http://www. cs. toronto. edu/~
kriz/cifar. html
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TR KLY L QPNN fl& 4 FENN LA
B QPrNN; 5 6 W R4,

2 WFIRA

2.1 #sSAE

KBRS P | x) RREREAE n &8
N2 F .

EICRRAKES D ERNTSYERRETL
KW EMA R BT o[ RRBEEn WE
N B o, RAMETE BIMAIT) FRE B v,
FARBEER o MWEREEEE (D=1 1x),
REREN p(|y=|-). KEHNEHBIERHAE
AR MY EOM— M, - REXP R
RELGHMTHHALEALTEZS —KRWIES XX
PR e FAE S A shsR A B .

y =Ecixid,-=clxldl ‘e, xtd, Fes’ds
i=1

WHEEN
y=c;x'd;.

WAN AR LT fRBREHK f xR
IR s 2= ()22 » RIS z B m L ZBEH R IFF,
Bl 48 z.€{0,1).

2.2 BiMHEHEME A

£ FFNN H,Bi— R M & iy &0 R s
BRART B AEXNZEMIERET KRB R
MEMATHEE. FLE WRREELERE
(XFRAWE KRB, BN FFNN EHEZ, W AR
—ARPERI 4432 8%, FIRA . g1t vl 50, BUE o
¥’ FENN, SBR L2 K& 4 ANN e84 )
B4y — P E R0 0TS oK BRS04 (perceptron
function)

1, MR x0) >0
’ {_1’ ﬁﬁﬁ
He,y,RE MTMHETHE N, 2. XRRE MRA
MEZTHE. EREEHBEXRES ) MR HE
THEy BRE—-BHEMETHEMEEAE. A
ESRERNBRE o #H1THE.

BAREMETHEE RESHEWMAME,
LR —1, R R R 8, [EXE LLHEIT R 2% .
R, 7 sk ix —BhBE, KB T ELRIA sigmoid
BOE R

1
1+ e i
Sigmoid PREINA 1 Fra, HAEHM y€ (0,1).

yj=sgm(:c,-w;) =

] SR

B 1 Sigmoid B¥REE

# T sigmoid FIEL MR MA FFNN )22
FTE &R KPR R Z B, — A R R B gk B i M) 4%
BABBRMEIERS. ENHEIR, ZIHENL
2 X — M E B F (BB R 4328 fE—MRR
£ Hm , &HHER P I RBEMKTE hEH,
#451% h WK RBMERE H WATA TR PR/,
W, ¥IWE—LRELEBRE H. B L REHES
& B 55 BR8] (loss function) , 3R J5 3R 8 B4k Jr) B
83 h.

Xt T 1R 25 52 B L A Ok 13, [81 V3 4E 35 ) 52 25 eR 4
T F £ K E (squared error), M KL XER
X 4 (cross entropy) , YR X I A4 Xt FENN g
HIEARREREERRRRE HEES,
I Hi# 33 ) 6] #% #% (back-propagation) B % A8 4R 3
EE AR B A, #eA) 35 UL, FENN — iR B AER B 45& 1Y
A (515 5 S B W) -& 3 3E 4.

3 MEEHMETFIILH

HTEFA¥FHREEBENBRENHE
U BRFH¥ER—-FEREER. AN THRER
BRTE, AR EFALAREERF . MUU =1
BT I R DL, B 4 T 4 ) T AR R T P R
HHBEBEFLANZEME IS, B AELER
ANN BN Kz —.

BRAUENBFITERTEMEREREER,
BRIEMAF LMD AHENBFIIESETFRESR
S ERMRTFIIRANBRER. Bk, H THS

@ https://en. wikipedia. org/wiki/Einstein_notation
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MR PR X —MERE, AT E TR 5 5B 5|
—EHUHEFHEIT, KA Quron, FHEMEERY |
R ZTER QNN.

Quron KINREMNE 2 fiR. BRE—EHEN
WETHLETFRENTEES  RAT-BE5ZER
MMET y B FEME.

|y>=_;_(l+iei(z~w+b))|0>+%(1_iei(z~w+b))ll>
(O

MEXTTH, MET y LT IO REHILERN

L | 1 .
=——?sm(x cwtb);AbF

1 .
?(1+ie:(z~m+b)) 2

2
ﬁi?ﬁll>1ﬁ?‘.§mn$%‘—;—(l—z’e“"“”’) =%+

1 ’
?Sin(l’ hd w+b). ﬁﬂ%gliﬁrﬂé (0] =(b9w1 9"'9wd)

*ﬂ x/=(19l”1 9 nl'd) 9%54\%%‘ xX e w+b=x' . (0,.
Ht, % x » o' (mod 2r) >0, M y BIEHER AT
0.5, 2Z/MF 0.5,

|y">=‘l%(l+ie‘w")|0>+\%7(1—ie“‘”)|1>
B2 QurongkrEH

ERARTERESHERT ,Quron WLLEIER
sigmoid HATTH B FILIEE. REMAFHETHAE
S, MHET | OLTENS, BLZEHRESRFA

A HETHRBBLEH S e )= 2@ @

|z, Bp | )37 2" 4 Hilbert ZS I i &
ES. EK.F2HA-HHHNBEESREKR
199=20c: DR (djw) 1D+ fo(djw) [0)) (2)

£¢,fo(x)=%(1+ie”), fl(a:)=%(1—iei’),d‘

RITAER, EVB 4, BT _HEHBRFHNE
R, Blm, BR 2 = #HERREQ0),, U
=0 fd=1.

E3R Quron ATLLGEES & FAHAMIIREH . BRR

BTS2 M| S HEIBEN cos =0+

ei”singll)(ﬂygoe R),URHEES ORE|D.

EA L) R @I, | o) B AR 76 T SR AL

1 06 0 O
01 0 0
CP(w) = ,
0 01 0
0 0 0 é“

TREHRTSER
H,CP, (Iy|z)=

l(cos %-I—sin 0 jicprern ) fO) x>+

2 2°¢
%(cos %—sin %ei("’“’") ) [1)|a>.

MTUBH ATEXAETHETTED, RERE
== F ¢=%+b Bpay.

ETERFB .M F—IHAELER , MRE—
N EBA AN ZHGIRERR A 2 TUAm A
BTHERXKRRR, BIMIWETBEINETH
HUWE DR WMARTFHET ) SHHET
METy BNE o, TR —NERMEAT] CP (o)
ERAB ) =1//20)+ie® 1) RN |2/ ERER,
REBEEM—A HIT.

ly>

Iy \
> —

Input 2y _\
Qurons |« \

|_||
[

|=™> \ @

\

(b) EE|x™ EEHCP(w, )BTRS
A 3
R o<z <1, MM d 4w BT R

ERT.IRMEEEY 2. B3 ERTEANG
ABFHZT m HAMITAT B FEFHET
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m % kA qubit, BEEAMAIT CPC w,,).

BITBET L3R Quron WEMMEZM%E, RN
BTFHITHEME R QPNN). X TLUH T
KRB RTHE,QPNN L BB BIERE, KNS
BB (Layer Transition Matrix, LTM), € X
mE.

LTM:EE n— 1B ZHBNER k.- M &,
A Quron, EXH n BB LTM B— 4 2%~ X244
BB HA BB, =GB ERE n—1 BHRES
KD EnBHREN | OWERBER. HBEY
n=18f,p RWARELSFHBKEE.

LTM 6877 B iy #32 Quron W 3) S %3 .
w,E 2 mE TSR

p(y=D=P): (B, (3
Hea, )= "B = | fid[) " FHNRE
—BEME_EM LTM.

XWR[29]HR T — =B L HEHE QNN §RT M
REEB/IR, A 4 iR ZEHREAME M %
MEZETFA.BAEIRCOTURIA, WX T
AWEXURFET B NBARHBRENEBE
BZH M RZBMAENE o HX. X—F 2R
#7T QPNN mBREMEERKE N . BAERLEE
ZEHMBEN T =ZBEMN. T HRIX—5RE. 5
SCEESLEERE |, R — MRS, il 5 PR,

Input layer Hidden layer Output layer

|x> |z> |y>

A4 =E4#H QPINNREH

Input layer Hidden layer Output layer
S ®
®
S|, J
S o
@
L i

B 5 QPNN&ZHEHR

Bsd  MARANSREEE, SHELELE
BEE X—-MHANENETE B MERF TRRAH
BA 8A B JE R A eR 3, R B SX 4 QPNN 52
HEMEEFRBBR LA T AR,

EWSIE PArR, AL # %P4 RT3 KM
BaFESBRMEL TEIBRRBANRERD
Bomaen, RELIRMERINEREHZT. =
AR AT, ERMHETATRFHES, K4
Xt —FB 5 ¥ 2T HIVE L K8 T 2 4 1 R B A
Gt RHEE L, X—SBEMUIHBATEEM
BIFEMEZIT L. A3, QPNN 32 X —id B
BE.BAGAERIFAENERTFHET; HK,
FREMBFHEZTREEIHBER LTM, BT
—Bi#iTHEB. QPNN MAKS %L BT .

BHR.BEMINGEHEERME x"€ER, T4
WARE j MZTHRENR 2>, j=1,2,.d.
RER D, AIBIBEPE  MHAETHRREH

2= fo(xivD |0+ filzlv]) 1),
v RRBEVNE. A TFBREEHE m 4 Quron, 4

izi?:mwmzcy =12 ®@| ). F—%,

WHES M Quron BREH
[y =cl f1(m) 1) +cf fo(mi )]0,

Hep

mri=diw +xu,
wMu FRRERBEMMABINRBEHNE. T
—NERRNAE, FEWE L1 Quron WE Tk
ERDRER N FE ML, WEHHLER
BIGRN b= ook, IR RN

2" -1

P =RIX) =2 (B Bl s,

> e T i @
HeA.p. M B REZRBRIME=Z Gt B K
LTM. A THEMBER, XK(OERNEE i HERE
BTHR.BAAXERET QPNN EAZH . Bl
REEFRA?ATERENYPWEE. bk F L,
QPNN RREB & St BN A B RAHBRE L,
ZAMENMENHERARSETREN RS,
MEFEAMATTHBEMENMNERE METHE
MENEETHRAETRRS.FHETENGLY
HEE EREENR, RWOP f, ) BARS


SAMSUNG
Highlight


6 riEm%. B FHITHEME 1211

AR AER BT, MAER )X —T 58 ATX, H
WA F B 4 RS, IS LIRS TR, H
HE NG —-BH@ABREERET, AEERNE X
R T R B,

M E R 27 0l 0, QPNN B i A R 2% 3 1
IR p (v )53 A% Quron K E
MEMHAES. U THETRERA , ERAERS
MR R MR EIL B RO P B3k

BRI kal Cmy ") ER AT LU O R O SE 43 7 19

—ANERE AT =L EZERE RINF—H R
RAEFHTH, R8N A FEES SR
GG T LAXMEN. FTEMNHEFEZEDN
(quantum MUX) R B AR WA EFZE LW, o
& 6 .

R

ML

B6 BAEHRER QPNN 4R EH

B 6 45 B A G5 4 R 43 S 1 1 B R B AR W 4%
PEZREEM T HEAXNEFLETT(Quantum
Multiplexer, QMUX)
U,
(5)

U,
Hep U RREHE  MRGHER. HLEHZE

BHE e

B n > Quron FLATLASEH 2" AR E B4 R
HEAMG. W ATRE LR EENESN
BB LEN 2" N AR EFII{PY,i=
1’...,2"}.

EX. PHANHEBTH], Output Transfor-
mation Gate, faij #8 OTG.

— RN QPNN H# BT IERWTF .

Y,=ylyP PP, i=1,2,,2" (6)

[ RRE I ANEERNG, y RABRHEBLTES D
BIREEE, Bl y i =p(ly") =), [y F PO 43 5IR
5 MR MR LA OTG.

B7EAT - ZBH=RE QPNN, K o)
FREHRER Quron; | y), | M |2 43 F 2 E S5 H
R REMGARK Quron. Ko, REM% L
BEHEA Quron HlH — & T AL MR LN
1//2C10)+ie [ 1) BT R, b B4 E S B b I 448
2. P4 o i At S 50t # B N ROk B E . ST
EHEETFHETRE o TUEEREHE A
pEBAFERHERERENERZ. T EH
KW E) QMUX, & B ¥ A [F 8 A8 4117 46 A E) 5t
MEFHEIT L. BARE , MREXATHRAE
KX QMUX

CP(w")

(N

pw
(8)

wnHE 1w

BW7 Z=F QPNNKETHRKAE
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ELRBIFLL | o) R HI LR QMUX $1, 5
—MIEHEREMMAR L, TRARNEEEH
Wik o RARE N TFREMNEF _MHEMRE
WEEE HTRE AR PYRRE ] ANHTREN
MEARERE. BG EHEESTNER L EBE
SRER A TEFUENREIE, FEFIRNERE
MEZEREZWR, ARG EFRA T REX R EEEN
KER. X T QPNN FIHRE TN E LA
&% CER(29]56 4 75.

B, AT ] BT F BE A ) 3 S AR O T e
RHXTIARFERF X B E 47T QPNN X F
AR MOSRE NFBGAUES, R E—
BHREEZTHAMER R.(O, 4 p. f1 . #
BRFAT, R HASREE HR. E5H
WAz TEAR MM AMNET B X BIREHA
SEWBWELER,FAN B M p B E T hr i BB 2
FTHE,FUAEmMEEHRMER. LirE, B
% = 1% 1k 38 78 (depolarizing channel) 1 I8 {& % &
(amplitude damping) A 4 75 AF f] i |6} 5 v 00 &, (&
I, ATELA QPNN B —F A B FRESH,
Xf TR & M A 80 & i 1.

QPNN iy 575 — KA H 20l LLREIC 124K, 212
R1E BB GRS A7 68 A IR B9 o 8. 1E 0 BT SCRF
BLQPNN T 8 AREARHEE, FFE L B H
FAZHFMESEL XN RBHRNEFTEE
AMafLE—-HZHETFILFEE. B2 FHE
F R B B A P, FATT AT LA B B A R A A
H—ABINS. BRI, X o MER 21, 22,027,
BB LR T iRR TS

1
| x> Zﬁ|x P

i=1

St ERE Quron KRB, PBARGHALTEE
BN 83|, Hp [ $HBBRMT .

1 .
= — J x, ,>
P ﬁgﬂly

PIEAE I NEARABHRE HER. N ERT
,CATRESERBAOEE . RN AFHEEEHR
TR, Bl SRR . B2 FX AR HITI
B, HEREREROPFEIIRER j WEEA L. I
ShFHBFIBERKEE, FTHAEEN 1/2H
W, RERE OGWn) REIT.
BB LB ARA qubit ZBW R H
wEME| =120+ 1. EXHERLT.
MABHRSEEFMATRERNHESME, X
—BERNMLZ KU EFEMBHRITEIEATTE

€Y

AL B2 QPNN 38R 0] DL X B — MR 3
s, KRR AT REAN I RER X
B, 12 K (8), X — M5 AR %, QPNN 1R AT R
FPEE A F A, BB A A A
QPNN AT P47 A= 3 o 00 » 2 — P AR AR RY.

4 EIHE*E

HEMERMBZTR, FIBENERNRESHS
BAFRI-HEENSHE B F B L NER
B ERE. 847 QPNN #, %3 4 BMETF
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