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Abstract  With tremendous development of classical machine learning in past decades, it has
influenced on many different fields as an essential part of data science. Recent years, as an
innovative type of machine learning algorithms, quantum machine learning plays high parallel
performance based on quantum mechanics. Consequently, it speeds up some of conventional
algorithms. Researchers in quantum machine learning focus on improving performance of classical
machine learning through quantum computation and exploring the possibility of combination of
machine learning with quantum mechanics, and presenting some new algorithms. The framework
of quantum machine learning mainly contains three steps: (1) Load and input classical data. It is
converting classical information into quantum information. Making full use of high performance
of quantum computation, it is necessary to encode classical data to quantum data according to
quantum representation. (2) Construct series of unitary operators and use them to process
quantum data. The basic principle of quantum computation is that all the operations must follow
the unitary characteristics. Thereby, it is not possible to revise all classical algorithms to
quantum environment, and not all the quantum algorithms can provide exponential speed-up.
(3) Read and output the learning result. After the first two steps, the quantum machine learning
results are quantum states. In order to read and output the useful learning result, it needs some
necessary measurements to extract relevant information. There are three kinds of research in this
field: (1) Use quantum computing accelerates the costly part of traditional algorithm. This work
is the hybrid of classical algorithm and quantum parts. There is no change of the main idea of

learning algorithm. But complex parts are running on quantum devices, and it makes full use of
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quantum computing to speed up counterparts. (2) Borrow the physics concept to propose new
algorithms. It is based on the mathematical framework of quantum mechanics. And researchers
develop more efficient methods to solve optimization problem. (3) Use machine learning methods
to solve some physics issues, such as quantum tomography by using compress sensing. With the
power of machine learning, researchers can explore quantum world from another perspective, vice
versa. Quantum machine learning solves classical data mining and data analysis problems from
another perspective. There are some difficulties in building general quantum computer, researchers
still make solid progress. With the development of quantum techniques, practical quantum
machine learning algorithms will increasingly be presented. Therefore, some typical algorithms of
quantum machine learning are surveyed in this paper. Firstly, it introduces the fundamental
concepts of quantum computation and classical machine learning, including quantum states,
quantum gate, and measurement. Secondly., it summarizes the quantum machine learning
algorithms from four aspects including quantum unsupervised clustering algorithm, quantum
supervised classification algorithm, quantum dimension reduction algorithm, quantum deep
learning. It collects some typical algorithms for every part. Meanwhile, it analyzes and makes a
comparison of computational complexity between classical machine learning and quantum machine

learning. Finally, it reconfirms the problems, challenges and future research works for quantum

2018 4

machine learning along with an insight of quantum computation for big data.
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iE 4 froR.

e
o

[)
Kl 4 controlled-SWAP &+ H1 % SCFL

4 h H (3 Hadamard [']. L e 5 75
B — A AR R H B e T A R R
R e ) ECARE S T TRT A TR A o OGN A R A 4R
T HF. controlled-SWAP H J%7 1E H T i A & T
Alofd g A0,

%\Oﬂ\¢>|90>+\90>|¢>)+%\1>(|¢>\90>—\90>|¢>)
(14)

X5 — B T HOA AT 0 45 00 By BER Ny
1.1
P(\O>)—2—|—2\<¢Ig0>\ s

Mal(bley|*=2PC[0))—1.
k-means FiL R IR SRR T L 4
U SR AR R 1 4 kAR B W0 s S B R
JEBBHT PEHN ) — A BR e J o F SR AT R ) Ih R
WA A TR REAR 25 1) o, B A% s 22 ) B s R T g
KA THRACHI G 55 Lloyd fiff B 48 $i e {6 58 7%
HeSLHL k-means -+ Bk AL PG B R K
FEA AR, 8 550 46 {6 Hamiltonian # , 405 (15)
B
Ho=I—[ <] (15)
Ll =190 @)k NWIIREANE @)=
A

/) D7 150 L) R A b 8 45 A1 I 14 VA — f ik

T2 m K REAS JARE. A UG % X AcAs Hamiltonian 4
X (16) /R, K2 Hamiltonian fi 5 25 B J2 3 2L i
B4R B 5 A5 T O B L SRS £
BT

Ho=27 > = lv;=v *1i) Gi (@@l G

e (16)

TE T LA % > B W S 5 U 1w . Fk
(9 72 141 BA Ak Tt 5L 45 SE K F-. 2015 4F 9 2 5 B
BT BA LA/ B T AL O SEE T 6 B RN
Lloyd ##+ 2013 4F 42 ) ) & T K-means 535 i
117 PSR B0 UE " L O RN — 7
TR R B RS & T e BR il 4 20 981 6+
XF s FEAH T A0 2 25 1t B 1) o 2 5 B
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L
&

TS b ST A BT 46,8 BT FL 4 B0 A 1 Bk E
11T BGA0E » 45 S48 A5 Go WL A 2 > v 3% 38 17 76 19 =
e R T e I RS A R S N P T o = | B 8
P B P S B % 38 s B L ROR
BTG A WU 5 B T LA 2 ) vk B
T 1) BSOS A A B ) A B
3.1.2 BETHREK

Gy G407 JE BN BT b R L E R ) — 2R
L ERED L e A B S — 2% R 5
AW HEHE HEFINIREREF SR LA
PR 3 R P 4G 1 BT A B0 A R AT R i Y
A E0E w - AE 000G o 24 WA T2 AR 2
K AD PR s R IR A 5 X A SR
B MR B AN A5 A T E AT AR B s LA 2 e L
EaI SR S R e N = A N e [
433,

D, (C..C))= max [x—y]| an
xeC c,

S ye

D, RAREH C, X C,Z A e KEEE. #H n
NREA B FEARLERE R m, WAL GE 57 123 5% 0 3%
F I (] S 2R BE S O (). AR A A PR R A, H
AE R o R RCHIE A I 2 ML BRI T SRR S
fik. 2007 £, Aimeur 5¢ A 42 17l 45 & & 7t
B S TR R R IE B R XA RN O
B0 B BRE JT Durr 58 AT 1999 4E 42 1 1Y)
Grover AR (RSN i 1 12008 1 4 i AR B 4R o
BB Bt Y R R T AR LU iR R A L
i SR

Quantum divisive clustering(D)

BN BESE D

B th RSB D

Lo I (D PECHR 3 35 1 2 0 B A 0L 45 1)

2 Return D

3. Else{

4 HIHEAL i =0

5 Do
6 Grover B TR EBOLIE & 5 a.b
7. If d(a,b0)>d,x
8 Ao =d(a0)
9. While(f#7E d(a+b) =dna)
. For each x€ D
A x o3 FC BRI 2R @ BIKRR O
. End for
s D 5y BOB R DA D,
. Quantum divisive clustering (D, )

. Quantum divisive clustering (D,)

. End if

YR T4 2R K 1k S BR SE Grover 45 (R4
2 K At DR R B 0 5 1 i A0 A L T X 0 4 45
W AR O R T A R A 5 4
S 1 S AR B8 SR HEAT KOS L Aimeur %5 AR
TR 1 5 4 AT A T T BT e R 5 1 4
AR E A S L o A R R R AT 4R L e 4% B
BT K AT DL £ JE B L B S T AR 2 1 e T BL S 2
) B EE R TR AT A % X
3.2 AMEETFHLER
3.2.1 wmFHRIEAAE

Bl AR50 1 Go LA S FE kT4 2
T T B LA R B S AL R X
APEAR o, A8 4R 25 18] o 4 1 592 RE AR B AR I 19 &
AR IE AR & A 509 28 51 i 43 24 e 546 )
BN 2P o o TR 251,

8 T 1 5 852 A0 41 49 25 B 15 - Wiebe 48 AR
5 Lloyd 8 9 BF 58 B8 K L 4 T &k 7 B 5 48
PR S ot 2 A e i A R 4 1 B e T
25 192 0 1 L i 33 controlled- SWAP Hy #1157
T T 75 10 P B Tl 2 i A 22 I A B
Wicbe 4 A5 (18) . (19) % i it u 1 [ it v
AT AR, Ho o 1o e o A 22 5 A £ D 70 45 HOB 22205
= vy | €™ vus = Tug [ v g EL AR 55 S 1 1]
B od R TR R
lu)=

1
— /)
ﬁ%“ {

1
— [ ]1)

Fonax N ERAEAE 58 F o) F1 | v) 4T controlled-

SWAP #:4F )5 Rl 153 X (20).
[Culoy [P =CQ2P0)—1d*ri (20)

Wiebe 2 At 2 20 ff 9 5 - 25 19 W i g ok
Pl F A SR R L SR [ 21 1) o fH 52 36 25 2R R
AT RO AR ECE 2 RS B AR T
AR 5 vk o s i BRI B 0 28 R O R A5 B
e
3.2.2 B FRmEL

S Er B AL (Support Vector Machine, SVM) ,
TEAEGE ML i 7 > Bk b, ot — b 3 S 0 W B 2R L
PRy 5 L RUAEL R 38 3 - K 5 K JR) B 4 268 1
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T AT 40 28077, 4R A K T o o S T ) 3R] 2 A T
K@D,

arg max mrnlin[z‘,‘(w"%(x,‘)-ﬂ—b)] A
X w BBV EAENE. O RRE, x N
AGRFEAR 1, € {— 1. 1) NI ZRAE A i 4 25
lwl ="z (W™ $Cx) +b) I REAS 55 1] 8 - 1h] B BE 5. 45
AYETEH L 2 (W B (x) +0) >0, B 2, (w" b (x,) +
b)<0.

b, Je e T 2R 7 T I RE AR A x, X R
MR N T FE 1) R EF XTI e S R T R —
AN - 1T {7 750 2 S fi e 3 12 S 1 Y B RS g
. 38 3o S T 4 R AR e ) ) R Ak R 2 (22).

o1 ,
argmin ——_ | W]~
gmin g vl (22)

s.t. 4, (W' d(x)+bm=>1
T L P TR e K 0 SRR ) A R — AR
PSR A ) L, i ] 3@ 5 Langrangian J5 3% fif #. 8
BT W B R MR AT A3 AR AR RS AE (e XD 78
oK R T 2 1 5 AERRAE A Cxs x) s T X R A AR
PEAT 432607 AR A ) WS R BN IE] 5 TR

Input space

Feature space
\

»

Bl 5 SVM HRAE 25 i) e 5 1 ©

KT8 LR | LA R R, PR
Anguita 8 N T 2003 4Fff I & 1350 ik il ok
T SVM 1yl grsk R a7, fifiJ5 » Rebentrost 28 A
FE 2014 AF R T IRAS B9 SVML, H 0 8 A8 2 F)
FH B 1 5 i o U 2R B0 1 P BB B TR) (A%
2. Rebentrost 8 A1 56 K F¢AE 1) & 1Y) 4% 2 45

i 25 B 28 4 AR ) =[x | 0o D0 (e, 1) s
j=1

Horb N R AEAEE » ()5 D8R @ AN HRAE 1] 5 #Y 5 5
ANREAE + Lo | D 5 AL 1) B R U i 45 R
A= (23) Fros.

M
O=C/ND e D el [y (23)
=1

M
Horr 9NX=Z [x; |7, x, BEE i DINGEFEEA. Rebentrost
=1

5 2 514 O R T R 0 I A I R
K. T A I 1 4 6 2 0 1 I PR K, —

x; o x; . Hexjlay=Clx; | 7'x) » (x| 7 x) s HEF
T L SR BE A B [ x| i A 32 B AT A5 2] 0 — fk
JE B
rr2<\x><x\>:N% D)l sl [0
_ K
tr(K)
Horpox, oox, = x| | x; | (ol ). b 3% 07 el fd
W RGERE R T B RER, BT
A Z R A s BB m IR AT ik
BIVRT 58 1A% G AL i 27 2T v 6 0 A% AR B 35 A0 o k.
Rebentrost 45 A4 H 1 5 WA fie /)y 35 3¢
) EHL (Least-Squares Support Vector Machine,
LS-SVM). ffiTH5 1% 58 SVM J 2 ] U Ak 2y oK fiet
o (25) ¥ [r) .

24)

Flbo.d) =y
st |F|=1

Hoi, o S E  m i d AT R SR B
MHBEEAES, | b.d) B FERSXEFEH, H
(byd)"=F (0,9 s y= (x5 325 s vy NIl 2k
FEAS Y b5 25, R fif 1 2 26 ol HHL 5377, F =
() Kgleﬁﬁﬁﬁmﬁﬁﬁﬁﬁ%ﬂi
B JG 42 HAT 5 V5 AL P controlled-SWAP #
Pk e |6 d) I ACRER | x> 9 BE 5 M T 755 |
x> Fr @28 5.

B FEm ENLE R Y B S A — s
JE. Feilt Li 88 N GE o B LB 1 7 vk fE Y B b SE
BT 4 BT R T SYME I 0 S A 1y T
B 6 9 ST U . S0 45 S R RS B
i 99Y. BARSI I RE AR BN % 9 R R T
P SHLERF S Bk G Wl i,
3.2.3 mTHIREWAL

DR A AR R — Fh AT B s AL L O
X} G it J& 200 2 (R R AT 06 Z e i BT T B A T &5
FA R R AN A SRR — A X &L 4y R
S AT S (B R G — 2T S B BRI AR
FXT RN JE A T S AR G 0 2R ). B SR 4y
R B W 6 P, 428 B e DR S F IR X
NS (4 R AR 35 AT 0 B S AR B 0 ) 45 SR S 4 4y
[UTHE W R VA I D s A | D - ] o L vl =
e &A5 Bz S B A2 28 ). S $R 8 DR SR AR 2 2 R
H A RS B 15 ok R B RRAE.

(25)

@  http://www.statsoft.com/ Textbook / Support-Vector-Machines
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Bl 6 PRSRRS or 2 P s i 1

Bl Farhi 8 AT 1997 4§ i i 7R 5 ik
TR RS R 45 5 A B 5, LA 1 5 vk S LA ok
SR AR AR 4315 DL AH L T % G e R 5 vk
e sk, 2014 4F Lu Ml Braunstein 321 7 & Fik
M 32

Lu il Braunstein & 5C5FEAR SR (x P, yP )0,
R T 20 [y b Ho x® € RO HRRAE
o] 5 d NRRIELER, v € {C ) P 2R ).

b AT A 2 IR D0 A5 kI o R AR S IR 4 g )
WA . 4= (26) .

S(p)=—tr(plogp (26)

.= pi | v ot [ R EE ¢ A 5 0 1 28 1
i=1

TARE AR | v MRS ¢ AT A R T
Bon FREMBEC RGBT R Y
R R R AE L in =K 2T R

S.(p")=>p;S) 27)
Horbo 6 SRR AT S F B A RS AER
IR RS BEAE, B S, Coit0 b o i e O v 399 B A
B/ S, (ol BT I ) 4 A FE Ay Jo A RS AE. 53075
B D B 0 SCHk[ 80 ]

TR SRR IOR M R AN R Z AT,
A £ v I 0 A 2 R R R e 2 LA R
o A AR 3 o TS A I T SRR AE (.
3.2.4 mTIAEML

T 28 10 5% 2 — b 0 2B T R 3 1o A8 40
A Py P 2 T 246 1 45 R R ) RE T A5 LN TR
25 g — R AR M 1 B A T L A ey K
TR L X ST SR T, 2 R Z I 4
TUAR AR AN T3] F9 AL A 32 42 T il IO AR 45 4 PO S B L
JZ WA 2 TR S — A O R S — 2R
LU S S =L )= L )=S] R =

LS NN A PR Y G Y R 7 P ol
JETRBNEE i+ BB G A R R 45
o HCA A G DAL B 7 TR AR

R AT, EATE A (w), ), 5 i+
R § A EAME . H o =D ey RO
k=1

BRI, 38 O AR 4k eR B 1 R WL Y Sigmoid BR
B BT Rt eR RO R S A (28).
2= flwyxH0) (28)

K7 Bz s S

i1 25 D) 4% 1 U e aeh R O R R ALE 1] o A A T 8%
R F 0 28 b BT A0 a2 L DAk DL R 2% AL O
SR R L H R 2 I 2 2% B i 4
TG RR 1)Uk 2 BN Bl g 2% 5 R ) AR
(Backpropagation., BP) S 3% #E 47 I 5. % 7 ik £ %
BEPABY B (1) F 1) L 8. AR % =0 (28) 3 B M
N, AR R B RN R (2 AR 3T
B 2 S ARSI R 25, 05 2 oR B0 T B T R
HEAT Ee Ak DN 2 1) s A2 R T B R D) 4% 4%
JEAUAE. B — YN LR A Y JEAT — U 1) A1 1 55 0
Tia) BB A B B 2 25 8K

PSR R RN R SO BUR T Eah i
IR G I ELAE Wbl 4 I 48 10 3 1 R AR IR S 8 T &
G Bl SR AE AR L WO AR T T e S A Y pk
Z WA A TS Kak T 1995 4E, % 10 28
HKREFITE MBS G g E T E
AT A Menneer 48 A4 H T & F AT AR
2 W 2% A% 255 1 42 ) 44 5 fifT 030 4 X [R) — ) 8% 3
F1 UG5 o AT 4K 2138 A A RIS 1) 0 28 2 5. T At )
I 2 B i S ) ] — A 20 2 2 A [ 4 T
2 A IR [a) A5 200 Rz 1 ] 449 1) 465 1) - & it
Behrman 4§ A\ 1996 4F, 5o MBI IE A 4 T
HF MM AT R BT =AW
P[] 75 A5E 750 8 0 5¢ B A 28 0 465+ (4 T ) 2 1)
B Z G AT AN [R] 1 6 & T i T — &
FIAF 5T [ 4F, Toth %8 A48 H T 5 740 i h 22
D2, HORE 0 28 A AR — A T R G
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& B E 7 T ROR MR % B 7 R G0
P21 1998 4, Ventura 58 NZ5 & & F B h Y&
TR J B K 0 2% 14 AR [ R A O A 2R A R S )
W TS R OR S R B 2 25 I 25 5 BRDRT 7 3 4 i
FAME AN AR Al PR T AR i B T
(Quantum Associative Memory, QUAM) , H 4 kb
TAEGAT A & 18 BHAR T 1998 4, Menneer
L A2 FH AR N YA R REHETE T
TR I 4% 14 A DG [ Y. 1999 4R, Pribram %
NFE AT DL 2 BRSOk M R NI Y Ak B O
PR AR Zhou 58 K B F R4 45 1 B T T
BB W) 40 1502, 2000 4F, Narayanan 28 A% A
[F) 25 449 ) o 1 28 I 4% AT TR ST 4R i TRl
Do 28 AH LU A G A 28 0 28 10 25 T i e 2%, B 4 i - 4
P4 1 00 245 A5 0 Sl B ARD. ) 4, Ezhov 48 AN
TR 4 EAT T SR MRS 5 [ B Matsui B
UER T Jd A 7 LR R S B o, il T T e A
FIRISZ AR 1T R i dh 2 4. 2001 4R, Gupta &
B 0T {5 R R (E L 2% (threshold circuits) #4) & & 7 #if
28 W25 1% )5 G LG 58 05 G2 s S S /D i BRI [a] i)
bt TIE B 32 ) 246 B TSR AR T | 45 [ A% 5 5 3 T
AR, Altaisky &5 7 — B4 B 1 8 20 0T 47 (9 5 1 pf
24 iz P2 I e A s T i iR O
SN 00 2% (AN R T P T A R SR L 2002 4F
TFUGR AN Tt 30 T 5 1 pl 2 I % 0 T BIE L 481
Kouda 58 A\ F] = )2 & F # 2 B 45 1 ] T R R
%% AR TR e 5 Tk H R e RO AR
2005 4F i1 3@ 2 4 7 F0 6 o 1) A7 A 59 1 08 Uk
N SR Al R el R Ry 3 o v s (3 S
2006 4, Zhou &¢ A\ $& 4 1 3E 1 A #2250 B AT
S BAL 58 S BB AE 1 T Bl I 4% i DAL e 2
W 24 5 W )2 7 R il D 1) 2% PR R T 43 ) JEE 2007
LRI AR T — R i T B 2 ZURRE S
ZEARRA ARV ) AR SR A
ZIUH R ARR  HE S TR A A 5 AN
A 285 1 AH AL 28 80K £ ISR AR AR BT i 25 A 88
AAFAE. 2008 48, Silva 5 AT — R 5 TCALTE (1 pf
25 0 24 TR ) R ] S B 20 00 ] I Al 7
2013 AR5 Y 1 AN [W) 28 Y 5 1t 2 I 28 A TRY 1Y 23 A7
Fet* . Schuld % A X BLA 7 i & W B T &
GEI HLA AT BT M AT R R TR 2 I 4% 1 HE 4
NEH AR 3 NS (1) 28 I 2% 114 i A R i B
O 2 5 3ok G B 1 AR R o A K ) R
AR b (2) 5 Bl 2 4% 06 0 3R 8 R AR
P2 TH R SR B R 254 5 (3) A4S I 2% v 1) i

At A L AR N B 7 g 2 R G v 2
5. H Schuld 48 H B A i 5 70 28 1 2% J5 1k To 5 58
AR RS IR T A BEAL I E A7
2R b 2 I 246 1 5 i

BN AWMgAY XA RZ . H
RECAT G5 Ry LA LSS < i 0 a1 2 7 Pl 2 0 2% 5
T T AR R0 4% 5 B T T B PR I 2 5 AR
TP ERN MRS T8 F i s
P 2% 55

(1) BE 700 6 1 £ 1 28 1 4%

BT T M 2 e il Kak 32 L Aoy
W28 AR — ST T R G0 | ) 0 4 ) AL A0 R i
FRGE AT W o CRT O8I 2 R JE oK 3B A R 7)) L Tl
A ILFAFR DAL T T w | @y =21 ). W28 KLAEL 1Y
B AR L RO XS R GEAS W R AT I R A L R AE
i A=1 Fr xRz w B FE. 9 b — 3L 00 5 1 7 ik
K AT Menneer 25 A HORE A 22 9 26 (19 AL (FF
E Z AR L 22 A W 8 AUME CFF i — R AR O 1Y
B P DU A 4 s B Ay e e 0 A L A
0 % N 2 35 46 B2 A A0 W AUE B i T Kak A0F
FEM AR AT w SR AL R G AL . T 1% 58 22 K0
2RI S R AR LMY L X PR 7 A I I A R R A

(2) T HE 7 U 2 R 2%

FET T R E M 48 1A WE5E . L Behrman
(OB 5% Fc ELAC 22 k. Behrman $2 M 4 bl 28 9 2% 15 3
il Ao 25 P 25 AN ) S AN R 25 A — A2 T0, IR 48 AL
(L 118 B 07 A2 30 2ok 12 M 8 JT AR AN (] B ] i) RS A2 A ok
HEAT  IF HLAT 3 2 32 75 252 BUA% 52 Bl 48 1) 288 1 i 1)
Lo B o A 4 it 5

(3) He T it 7] 28 b0 2%

BT T B I e g M2 AR M Ty ik 2
i1 Matsui fil Maeda 28 A 32 H 59519, Matsui 28 A
i — AL T RE 1] S sz 4 AR 1Tk vl dp 22 R 2%
DU 72545 A AR A% G iy o) A2 4R SR 32 10 T
SHOE AT B W 25 AR B8 G e L G R 4% 25 4 4
Pl 8 Fr 7. pl 0 PG DR R AT 0 5% 1y A At 24 Y

a -t »

\/

output layer

B8 TR TIINMEME

input layer
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2RI AR JE S T T) B R e 2y BRI HOOF R
AT R T R E R B R T R R SRS T

(4) B T4t T FURR 9 1 268 ) 4%

Kouda 8¢ AN$& 1 F & 1 LR [ 1) A1 00 43531
VE AL F 3006 5 AR B IR S o0 IR &
) 4% 45 K 5E LR B 9 B . Zhou 88 At 78 3% N 45 1)
PR T 35 Al B EAT THFSE . B9 R arg(w)
u WM £ . g () K Sigmoid K%L, £(0,) =cos(0;) +

B9 BT ik LA Ml 2T

original data space

isin(0,) =¢" . Bk Kouda 25 A [ 52 B ¢ W 32 s 700
U T AR G0 1 2 W 25 LA B 2 800 22 N 25 At A Sl iz
ok B T8 FReE R Can & i S L (5 A ok
25 A L B I
3.3 ETRERERE

BLER 27 2] 75 B2 A 3 0% 5040 A A1 38 2 e 4 L
AR AP K B AR TR AL BS54 R AR
fH e i HALS T KR 55 ] A OGN R
AR HE B WAk A A n 82, A
Hezs [ JCIk TAERYIE B0, I, R A VR AE B35 2
Aoy B FRAEBRAERRAR OB S AR S B
TARER TGS R RETE PR 4E 2 J5 AT AL
()27 . 2 BRI 27 2] W D B R A 45 B 4 32 oy
4+ H7 (Principle Component Analysis, PCA)[ £
1 ] 51 43 1 ( Linear Discriminant Analysis, LDA )M
FAT 2 55 o i H BB & PCAL I R &
mE 10 frs.

component space

J PCA
—
PC1 <
O
7 X
|+ X
) ™ T S i % Y
o o O i e
g = ke i
& ]
ey
] Bl
PC1

10 E R R I ©

AR A IR N A IR T 1 i &k
2] 9 i 3 () 4 A B 0 A 4 iR B B i R
X iR A A A B A s DA R AR A% 96 I 4 R o
BEIRE. EAIMT Lloyd #4% Ml BAE U4 iy & 1
F LR 3T Cong S5 A $ 10 4 7~ 2 34 331 43 #
] P A7 ] 2 1T A L B 3R ATT B8 F 5 /N A o A %
TR IE A O T AR T o A R I A )
3.3.1 HFEMS T

Lloyd 2 AN7E 2014 42 & 32 i 70 i 58 12
(Quantum Principal Component Analysis, QPCA).
HY T8 1 R G000 9% B R [ 2 R T K R B, HE AT R
i Gram Fi R IE 30, w] B A & — 21 ) & A Bl 7 22
JE R R TR e R G0 2 A R P
R AR 4 38 XoF o7 R AU A 58 K PR R ALE 17 2t

Lloyd % A48 it QPCA 3d ] T i 7 25 19 A
BlLAWARTFSEAS L M{le)) . W4

HTEMEEAE R p=m ' D) [#)h | Ml o=

m >0 Lo Gl U745 1O VAR Tkl AT
XPa A |00 HEAT %R R R O O G BRI K #
Hamiltonian Simulation, ¥ W, SC#k[ 26 1) & & T 4H
Pk TR X (29) R,

mwm»ZLw»m>
Hoip, &) K o —o WHERAE B B, 2, W X W7 1 45 4
i D02, 180 [ ) Y8 — AN HORR 3 4T i
D48 T NI A E R 0 ) A 2
{le> 7. B8R QPCA XHE4: PCA HA — & ni#
VEFE ., B 2 H AR % QRAM Xt & + & 3 47 41
#ZUM QRAM 2 A Bk AR T BIS LR, 3 oK

29

H BB IE AT AR B ) B S BT 5

@ http://www. nlpca. org/fig _ pca _ principal _ component _
analysis. png
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3.3.2 m TR T

2R M) 50 23 B 8 AT BR g Fisher 282 340 51 23 47
5 el Fisher F 1936 4R 4 07 5 1 1158
% ] B A AT BE 5 28 P B HOA BE 0 LA SRR
e DX A3 B0 R B85 O ). LS (R HICA B S, T 2 N
i S, = (30) . (31 iR,

Sy=>, (i —) (pr,— )" (30)
i=1

N

c

Se=>, > (e—p)(x—p)" (31

i l.x'EL’
Hop N RN E 0 M ¢ BRI L.
BREMF O .2 JE T2 C.. Fisher H 5 BECH

wiS,w
J(w) =

— 32)
w'S,w (

S AR T 1A T (w) S R AIRAS J7 1), B2 i)
B A P2 AT RE YR 8 N A B AT R Y /)N, H
G T B br R 80X (33) 1 X % e pE Ak T 1) R
it B R A5 3 g5 0 DX B 1 458 T [l w.
w'S,w
w'S,w (33)

max

s.t. [w'S,w| =1

2015 4¢,Cong 45 N 3Z 3| HHL 53513 & . 4
H0 3 S T K 3 3R R S B R A R A SR 1 ()
U IR S AR A BT 45 B T v R
AT %7 HE A QPCA —FE BRI % O A Al 48 1
QRAM ¥y B 52 B Ay B it , I DL BE = 0] 45 1 128
M.

Cong 8¢ N2 1 19 5 ¥k . | /6 QRAM il 45
BlgoOFlg).

N,
\%ﬁQRAM(ﬁTZ, 12107107

N
1 : _ _ _
E— E pi—x |1 =) p—x) (34)

1 M
S — 11010
) QRAM(NJZ:;IJH ) >)
1N
_¢w§
=piBul

M
&
RE X

T M H |]>‘ H Xj M H ? |I./_Iu(‘1> (35)
DA AR LR S, S, .
p

N
1 < 2 - =
Si=x 2=z | | —a> =z
i=1

N
A= pm—z|? (36)
i=1

Q?
N,
Se= 23 3 la—alla = oyl
BEE
B:E]HI/*M]‘ HZ (37)

B T2 (37) Al i 2o hi A% B H e 1k SR i s vl AR
S, 'S,w=24w. % w=S, v, @i & FAAA T F
o RFIE(E SRR AR 1) 1. B 5 38 2o JE oK AR B 3% ofe oK
AT B B I 1) w, FLRE SR 1E L SCik[ 108 .

ZAES QPCA SE L. R It i) & 5 i 1
W EHMESETFRENEEEERRAER. Z)G
Xof 5 P R ) SRR AR (B 5 RRAE ) A R AT IS, DT 4R
B I LA T 1) B8 T SRR AR 1) i
3.4 ETREZET

IR 25 2] i R Wiebe 58 A4 17 b ] 52
B0 B T WUAS 11 B R 25 2 #1 (Restricted Boltzmann
Machine, RBM). Z R 3% /8 2Z2 =2 Hl & F B Hinton %
NAE 1985 4F R BT, 3 T 12 I 4% 14 ek DIl 2k
BRI P B R eR EIOR B T AL )2 R
TG R ZBRBUIR2Z S LA A 11
PR,

11 RBM [ % 4544 1 @

Mg w, HATZ IS SRR E RS
AWM E h="{h ) HBREZ Y A, v=
{oj b /o T2 B e={c, 1o S BRBUZ M & b=
{017 R a] A2 A

o 2 v e N S T 65 A R 2 A IR Gibbs
I35 = (38) TR,

P(V’h):

e E(v.h)

Z
Her v REBAHZH50. 0 REBRE)ZHIC, Z=
Doe P IR — kA F. RGO R E 5

LTI (Ising ModeD 45 . = (39) .

E(v,h):*i iw,]h,vj*iijj*lzlqhi (39)
i1 i—1

i=1j=1

] AR AR M S S (w. b o) TERFE T

(38)

@ http://image. diku. dk/shark/sphinx _ pages/build/html/_
images/rbm_graph
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o AR lﬂﬁrﬁﬁ?ﬂﬁﬂiﬁ%ﬁﬁ £(40). 3.4.2 GEQAE H%
£ % i i3 1 e E E pit
L wb. c,v>fargmaxnp<v~> o) TR 08 FE A5 3157 1 55 GEQS ik

w.b.c

VO i HZISE@uH&MZEiHéJ\%ﬁ,Hﬂ
FAEFETR AR N E A P (v) B4R bR B 5 mT 4 T
WAL 1A B 2K Blit(éll)

InL(w,b ,c,v)—argmaxElnHP(v())*fw w (41)

*w"'w N IE AL, A A2 0k S I 2R e i Bl
P ). 24 R 2% 2y 52 BR B IR 2% 2 ML L A H ek 000t

P 265 S 1) A6 B2
OILWDC0) ) = ) s — Wy (42)
L RGICR I ,<f<v,h>> rrrrr WA R
F (v e P
SDh)) g = V 2 ; el
9h —E(v.h)
<f<v,h>>,,,od6172% (44)

—E(v,
e

XF TR i RBM A AN & ﬂﬂﬁﬁ'fhﬁfﬁ&i}” Ik
[A] 20, Wiebe 25 A2 H4 fifi 5+ % £F (Gradient
Estimation via Quantum Sampling, GEQS) /& &
L 2 i {8 ik 117 (Gradient Estimation via Quantum
Amplitude Estimation, GEQAE) Wi fp & 1. # F 3k,
FEEE X T X P RN SR TE A 4.
3.4.1 GEQS &k

T ORFERS AL T SR A I A A
Kt ) M A8 03 A AR AL 1 B 5o AL P 0
1l Q(v,h)ﬁiﬂli’@’i%%ﬁ Gibbs SRHE. S8 J5 X il & 0 i
FAMT I EBRAE 15BN Coih,) g K0 mose - B
JE AR HE X (42 TR BIAREM E. Bk Gibbs 43
A B8 3R 73 A Ry (45D

P (v, h) =

—E(v.h)

éé%k S 5 K A

Poowm (v, W)Q(v,h)ccP(v,h) 47)

i F 40 B & 7 AR Poo (Vo D Qv ) 45 2

BT A BB O L U R (BT B A5
= (48) ff7R.

10Y—> (/1= P (vs 1) |00+ /P (voh) [ 1)) (48)

ZJE AT B B i e — 1 B T LR A A R
R 11 W3 A0 35 45 5 B B Gibbs 43 A, i Bk
JrEAE T AR B S A S e B AT A R A R
Gibbs 4347 » fi¢ 5 118 o] A5 AR 6 1

(45)

2 P orm(v7h) =

BEAR ) AN [ 22 A 2 3 5 i i T A Y A
QRAM e B 1 e R QRAM #3125
x&%%ﬁ%?*%@r

U Z|z>\o>) N2|z>\v>

Bifi o XF 2 (49) Fr 5 B 7 A gk T = (48) iy #RAE L 7]
’E'T:(E)o)

(49)

(50)
B Coih ) g AT 2L 20 G AFHN S (ot ) moaa [7) FEL
(0ih ;) gn=P(v;=h;=1|X=1) (51D

f(51)*%1ﬁ’f%$ﬁ ¥y n] 3@ 3o % =X (50) A5 B
() i AF A7 g » AT B BE R R AR 15 2.

il Wlebe S NAE I I 5 1 5 VR R Tk RBMI|
i@ A B8 AL R TR & F RBM I 4505
#: : Instrumental Rejection Sampling &3k % &
A TR L U% 3.9 (Contrastive Divergence,
CD) , #1455 JIORS B 19 86 5 30 RL{E . Instrumental
Rejection Sampling 546 H1 T H bR o8 800 #6 B2 #6417
AL HRARE T GEQS Bk, RS GEQS B ik ff
FHAE TR A 2 A AE 0 I i 28 US4, HOR AT RE 1Y
PRER IR B FRIE LS. HiE i Wiebe #2115 T GEQS
HY) 22 B 481 28 1 Instrumental Rejection Sampling
HEAT B IR 25 2 AL I 2R, X R AT AL AT DL &
IR B A% GE L AR 2 > B 38 AT
YIS SR I B R S gl
w2 ARG G T A 4 2 B 0 Horn 58 A 7E
2007 A4 H A R

Adcock 5§ NTE#E 1 B a8 2 > M OF R4 45
L BR T I TR A AN DS N DR IE 2230 i e
A5 RBM (14 47 $ASE 70K fif e [ R 51 s RBM. i
FH B S A 80 A0 T % B 5 TR L 3K 2t T Ny v R £ 5
RITEH I8 = Jh A BERS 1870 5 % 18 T « B Al y By
T 33 AR A5 A5 8 B i 2L 4 P 5 8 Gibbs 3 A
Mt Bose-Einstein 43 ffi B{ Fermi-Dirac 43 ffi. X &
K4 Gibbs 43 Afi iy 28 Sl &8 2% > RGEH B 40 A S AE i
TR A o T2 5 AT AT 40 A L AH 2 TR0
5 FE SN T E Bose-Einstein 43 ffi fil Fermi-Dirac
I3
3.5 HEWRR

AT B AR & FALE S B AR
] 52 2% B2 B i T e B R A W S A Ty
AT b B R L3 1 FoR. R iy & b3k
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IR AN R O R A R W MR S
TRAR . £ 1 )28 T Hj & FHlds
B ARERNME R A, H b TG W B 2 o B R R
BB RZHEAE T Grover 8 T R H £
Bk, 0 K-medians, Quantum SVM ¢, i oh, A
GBI 58 SCIR D 4 KAH I A A SR B A R
MR HIm N, — & A RZ T EBREAEC AL
g5 T LR IR R AT RS B i HH
[EE 7/ Wb 07 = B S0 v <3 L R N (P T e
T QRAM 47 4) 25 (4 i 7% . AH 2 438 K B o8 6

1 QRAM My BESC B L B0k 45 1 A ) LS R B
T AL o 2 BT X 2 SR A e T ORI
Je (1) g M3 R B O AL L T 1R Ak PR RO T
P B T FEALAY AT PR AT pRE b L T
B s By 728 ki A TR 25
18 AT AL A3 S B B AT A A 28 i BR
PEAT R IN5E s (2) A8 Bl i 7 B L BRI S8 b
FrRUHT A S PR A R L O A B AR e AL
o > AL AT .

x1 BEFHENL

Bk TR R SMEEERE BT PHESsH ZHL
Quantum Weightless Neural Network!62] — OCpoly(N)) = H N il Grke A 5L
I 4 g
Quantum k-nearst Neighbours'?! O(log(nm)) O(nm) = %5 Zziﬂéﬁiﬁiﬁf
Quantum Principle Component Analysis 25 O(log(d)) o(d) I w5 d R =5 ) 4
Quantum Deep Learning ~2 N IZRAE A
: earming OC/NE? (Jk+max k) O(NER) 2 & E Jyili it 4%
(Amplitude Estimation) (23] B SN o
x AN
Quantum Deep Learning ~ N I LR K
(Quant S ling) (23] OC/NE (Jk+max k) O(NER) B F E il A%
uantum Sampling) " ; © WA
n Ay I o) 4 4 R
Quantum K-means 8] OCklog(kmn)) OCmn) = & m NI GRREAR %K
kR RATE BA
) A
Quantum SVML22:52.75] OClog(mn)) OCmn) = # Zﬁﬂ@?ﬁ,{ﬂ*
n Ay 2 n) i 4 B
. - n—1kd M EN TR PNAN
E Decision Tree Classifier!"] ———(T1+T: O 1 ) i F . .
Quantum Decision Tree Classifier D (T +Ty) (mnlog(n)) 5 Fi Tl‘»TijilW]/l\%ﬁﬁ
B T8, 3 DL Sk [ 91 ]
[19] n* L g v
-~ <Gl n n_ S S S HR g S 24 R
Quantum K-medians ()( 7 ) O( G ) i H kR R A
Quantum divisive lustering 2] O(nlogn) O(n?) = = n I G REA R

4 BEESRE

CIK

LA 2 R A S ) E R LA o 2
1) 28 SURIF 5 403k, JCBIF 52 3 SC AR (B R = 55— FIL A
TR AT M B L 2 2 T N K BE 1Y
AEBE AR BFTZ A8 AE J1 . A Lloyd %8 A B 5ES 5 56
T ARSI 2 R A SRR R A 2 ) SRk Y
Az Wiebe 88 A TAEN 5 55 = AF S L G WL
2 ) L R R ) S U A ST O T R
B TR 2 0 R LA S M
HEJR S 25 AR 22 Y F ST Ok T JC R A Ay SR A . ik
REBEZH T RFIUFRMNE KB, 8BRS AE
T TFERE T A UK Il — o {H R AT T T

YA fre. WO B i RIS sz
R f5 7 B S AR ME A 52 B 7 T v 8 B Sl Ak
BT 1G58 ORI BE ). HAT . i HLAR S T e A 4T )

(D3 FHL#e 22 A FE R R AT — A
VG B BE - BA U A GEpL A o ) USRS 58 4%
A BIEHE LI USSR S B 5. 0 R T AR R AT AL A
A BE IR 208 40 T FE By B, R A B
WOCHRE M AR i S B B, AR BIE FE &
UE B 758000 0 AR o 2 TR TR A T Y
HOR AR R Z 505 R A= 138 N sty , H g
AR AUL B D7 V5 S B O L e B LA A HfE Ak P
REJT.

(2) ze i g B8 7 5 SRRt s b, K2
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