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MawwmnHHoe oby4yermne

Knaccuueckuii komnetotep nponseoguT 0bpaboTky maHHbIX Ha OC-
HOBe 33[aHHOro ajropuTMa.

Mo3r coBcem Ha HEro He MOXOX — OH 0Dy4aeTCs Ha OCHOBE LaHHbIX.
Npes mawmuHHoro obyyenunsi coctouT B nogpakaHun paborte mosra,
XOTsl Obl B HEKOTOPLIX acnekTax:

AnroputmMunyeckom: ANropuTM MalIMHHOrO oby4eHust cTpouT
MaTEMaTNYECKYO MOLENb BbIDOPOUHBIX faHHBLIX ANs
TOro 4Tobbl NpeackasbiBaTb U KiaccupnunpoeaTb
HOBbIE AaHHble

Heanroputmuueckom: OgHa dpmsnyeckas cuctema mMogenupyet
OPYryto, He UCMOAb3Yst aJiropuTMoB

A. Turing. “Computing machinery and intelligence”. 8: Mind 49
(1950), c. 433—460
S. Russel n P. Norvig. Artificial Intelligence - A modern approach.

Second. New Jersey: Prentice Hall, 2003
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HeaﬂFOpMTMquCKMG CNCTEMBbI

x1 HelipoHHble ceTu
yl WHC — napannenbHbIii pacnpegeneHHbli
o p pacnpeg,

NpoLEeccop, COCTOSALLNA U3 OANHAKOBBIX
6,10KOB, Ha3bIBaEMbIX HEpoHaMu,
KOTOpbIi CnocobeH HakanauBaTb
3HAHUS, N NPEAOCTaBAATL UX ANS
ncnonb3oeanusa. IHC noxoxxa Ha mosr
XOTs1 Obl B ABYX acnekTax:

x7
Mozsr 4yesnoeeka COAEpPXUT
~ 8.6 x 1010 Heiiporos

© 3HaHMWe noayvaeTcs U3 OKPY>KEHUS
noCpeacTBOM npouecca obyyeHus

© [nsa coxpaHeHmMst 3HaHWIA
NCMOAb3YyeTCA HACTPOiiKa
NHTEHCUBHOCTN MEXHENPOHHbIX
cBsA3ei

86000 M

(Herculano-Houzel, 2009)

S. Haykin. Neural Networks and Learning Machines. Pearson
Education, 2009



ABTOHOMHbIE MHTEJIJIEKTYAJIbHbBIE Ar€HTbI

Kakune cdyHkUNN MO3ra MOXHO BOCNPOM3BeCTyn?

e Bocnpuatue wundopma-
UMN U3 OKPYXKEHUSI — CEH-
COpbI, JaTHYUKW, U T.1..

o [luckpumuHatop — Helii-
pOHHas CeTb, WAM anro-
puTM, KOTOpble Knaccudm-
LVPYIOT NOCTYNAOLLYHO WH-
dopmauuto, CTPoOAT Mo-
[leb OKPYXKEHUs!, U yrpas-
nAT paboToli aKTyaTOpOE.
e AKTyaTopbl — YCTpOii-
CTBa, BO3AECTBYIOWME HA
OKPY>XEHUE areHTa.

e KoHTponb oby4yeHus ceo-
OUTCS K ONTUMMW3ALUN 3a-
JaHHOM uenesoi dyHKL NN,
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General Artificial Intelligence

NN npepgHasHayeHHbI ANS pelleHWst KOHKPETHbIX 3ajad

— MawmwuHa ¢ coznaHuem u ymom. Ha npakTuke: mawuHa,
cnocobras npumennts N k pewernto ntoboii npobnemsi.

CyLliecTByeT To4Ka 3peHUsi, 4TO ncnosb3oBaHue cnaboro I camoro
no cebe MOXET NPNBOANTL K TEXHONOMMYECKUM YrpO3aM.
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MaTemaTnyeckas mMofenb HellpoHa

—— Output

N
ug = Z Wi Xj + by, vk = ¢(uk)
=1

Choice of sigmoid function ¢(u) =

1

0(u), tanh(u), e

McCulloch & Pitts model (1943) ¢(u) = 6(u)
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Buabl oby4yerus

O6yueHue c (Delayed) Obyuenue
yuntenem C nogkpenseHuem Bes yunTens
OCHOBAHO Ha
CYLLECTBOBaHNM
oTobpaxceHus Environment
{xi, diyitms
W3BECTHOrO YHYUTENHO
Het obyuatowwero
oTobpaxeHns. Learning system
- Cucrema
) B3aMMOAENCTBYET C o
KPYXKEHUEM U
Llens obyenms — ° I:I}I/:IT:eTEﬂ Camooprannzauus
MUHUMU3aLKA MUHUMU3NPOBATL °
ownbkn chyHKLMIO 3aTPaT. CopeBHOBaTENBHOCTE
M [Barto et al. 1983] © Hannune mepe
Ew] = Z(y(x,', w)—dj)>? opraHusauuu
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ApxuTtektypa VIHC

MpsiMoToYHbIE

PekyppeHTHble
ypp (M3uHrosckne) CnuHoeble

CTeKNa

1
H[S] = —5 Z W,'J'S,'Sj—i-h,'S,'

Tnput layer Layer of Layer of
ol svurce hidden output
nodes neurons neurons
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o CBepTouHble CeTU
o ObyueHue c nogkpensieHnem
V. Mnih n gp. “Human-

through deep reinforcement
learning”. &: Nature 518 (2015),

c. 529—533

Ontput
Mapping from
Outpr Omtpr
utput atput ot
Additional
Output Mapping from Mapping from layers of more
! features features abstract
features
Hand- —
. Simpl
designed Features
! A features
features
A A A A
level control
Input Input Input Input
Deep
Rule-based Classic learning
machine
systems !
learning

Representation
o
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KeanToBas nndopmauns

Knaccuyeckas ungopmauus

KeaHToBas uHdopmauus

KybuT =kBaHTOBbIN 6UT

®dusnyeckasa cucTema, KoTopas
MOXET HaXO4UTbCSt B OAHOM 13
OBYX pasnnyuMbix coctosiHuii “0”
or “1”,"off" or “on”,| or 1

[¥) = c0|0) + c1l1),
o, C1 G(C, ’C0|2+|C1’2:1

Cdbepa Bnoxa

0+0=00+1=1, 1+1=10

0 0
0x0=00x1=0, Ixl1=1 19 ¢)= cosE\T>+eZ¢sin§\¢),

“0=1 ~1=0 0<0<m0<¢<2r

Logical circuits Bt Qbit__AW
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KBaHTOBasi nHdpopmaLnsi NpoTuB KAacCu4ecKoii

Knaccuyeckas
KBaHTOBas
® Knaccueckas No-clonning theorem
nHcpopmauus
KeaHTOBYtO MHPOPMaLNIO HENb3S
KonupyeTcst
(x,0) = (x,) konupoBsatk: [¢) = «|0) + [|1)
° Copy + NAND can  Jy) @ 10) = |0) ®[0) + 8]1) ® |0)
produce all binary CNOT
computations = 20)®[0)+4]1) ® 1)
@ Knaccuueckue 7 ) ® [4)

BblHNCAEHNA -
OcHosHble rentbl: CNOT , Hadamard

HeobpaTuMBI:
pacceneaetcst kT In2 X X
SHEPrumn Ha KaXkKayto x XORy

AND u OR 3BOAIOLNA KBAaHTOBbIX COCTOSIHUA YHU-
_ tH
— | tapHa: [¢(t)) = e "1 [1(0))
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[Mouck B HeynopsigodeHHol base maHHbIX
Grover's algorithm: Looking for a Needle in a Haystack

Knaccuuecknii nonck TpebyeT B cpegHeM % waroe. B keanToBOM

cnydae umeeTcs nuHeliHaa cynepnosuuuns N = 27 cTpok:

o) =B0) = b, B (] )

Oracle: f(x) =1 if x is a solution, or 0 otherwise

NP: difficult to solve, but easy to verify: O|x) = (—1)f(X)\x)

Anroputm [ posepa

Mycts j — meTka uckomoii sanucu. Onpegenum:

[4(8)) = sin6lj) + 52575 1i)

Onepatop I'posepa: Uc|w(0)> = [Y(0 + ). rae sing = 241,
Takoit yto m =~ 7/ /N B npegene 0 — 7

L. Grover. “Quantum Mechanics Helps in Searching for a Needle in
a Haystack”. B: Phys. Rev. Lett. 79 (1997), c. 325328
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Knaccndpmkaums BeKTOPOB KBaHTOBbIMI HEPOCETSIMY

HelipoHHble cetu KBeaHTOBbIE KOMMbIOTEPDI

@ HenuHeliHaa nepexoaHas
yHKUMS

o [lapannennsm
CUHANTUYECKNX CBA3EN

o OTkpbiTas guccunaTueHas
cncTema

@ JluHeliHble onepaTopsl,
JeicTeytowine B
NPOCTPAHCTBE COCTOAHWIA

o KgaHTOBbIl napannennsm

@ VHuTapHas 3BoatoLMs
3aMKHYTOl CUCTEMBI

S.Kak. On quantum neural computing. Inf. Sci. 83(1995)143-160,

B. Yasuanugze, 1970

59(1)(1970)37-40

14 M. V. Altaisky
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Knaccuunkaums BEKTOPOB KBAaHTOBLIMI HeipoceTaMu

@ Henunelinas nepexoaHas @ JluHeiiHble onepaTopsl,
byHkUMA LeicTByowme B

o Mapannennsm NPOCTPAHCTBE COCTOAHWIA
CUHANTUYECKNX CBA3EN @ KBaHTOBbLIV napaniennsm

o OTkpbiTas guccunaTueHas @ VHuTapHas 3BoatoLMs
cncrema 3aMKHYTOl CUCTEMBI
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Tunbl KHC | Hardware: , Optics, QDots, lons

o Cumynatopsl M. Altaisky, N. Kaputkina n V. Krylov.
° “Quantum neural networks: Current status
Accounatuenas  and prospects for development”. &: Physics of
NamMsaTh Particles and Nuclei 45.6 (2014), c. 1013—1032

M. Schuld, I. Sinayskiy n F. Petruccione. “The
quest for a Quantum Neural Network™ &:
Quantum Information Processing 13.11 (2014),
c. 2567—2586

@ CnuHosble
cTekna

o [lpamMoTouUHbIe

cetu (M-P, V. Dunjko un H. J. Briegel. “Machine learning &
SVM) artificial intelligence in the quantum domain: a

o KeanToBbie review of recent progress’. 8: Rep. Prog. Phys.
CXeMbl 81 (2018), c. 074001

o besBecosbie S. Jeswal wu S. Chakraverty. “Recent
cetn Developments and Applications in Quantum

o KeaHToBO- Neural Network: A Review". &: Arch Computat
uncnupmposannpie Vethods Eng (2018). URL: https ://doi .
cetn org/10.1007/s11831-018-9269-0
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https://doi.org/10.1007/s11831-018-9269-0
https://doi.org/10.1007/s11831-018-9269-0

AccounaTuBHas NamsTh — KJaccuurkaums n3obparkeHunii

A.Vlasov, Quantum computations and images recognition. arXiv.org/quant-ph/9703010

MycTb HYXXHO 3anOMHUTL U30bparkeHne pasmepom kx m = N, npeg-
cTaBaeHHoe MaccmBom cnuHoB & = +1. M13obparkeHnto conoctasns-
eTcst MaTpuua Jjj 1 raMunbTOHNAH

1
H = ) Z Ji&i& + Z b;&;.
y J

NMEET MUHUMYMbI Ha 3TOM u30bpakeHun. 1o ceTb Xondunga
J.J.Hopfield PIVAS 79(1982)2554 ecnn nepexogHas dyHkuns sgn():
yi(t) = sgn(3_,; Jijyj(t—1)) is stationary if J; = L&:&;. Ecnn nyx-
HO 3aMOMHUTL P Pa3NNHHbIX U30bparkeHunii J; = % 721 5505}0.
[lns nenssectroro usobpaxerus £(™) amnnutyga (£(rew)|g())
NMeeT MakcMMym ans bnuxaiiwero ns 6asucHoix (/-th) nzobpaxe-
HUA.

B kBaHTOBOM cnydae ponb KOPpensAUMOHHON MaTpULbl UFPaeT npo-
ektop: J=>""_ |i){il



AccounaTuBHas NamsTh — KJaccuurkaums n3obparkeHunii

A.Vlasov, Quantum computations and images recognition. arXiv.org/quant-ph/9703010

Input D20/ p—
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KBaHTOBbIi NEPLENTPOH (M.V.Altaisky arxiv.org/quant-ph/0107012)

X2)  Wko |uk) -
O—r k) = Fluk) —output
Wkn

o & o

lu) = Z Wiglx), Iy = Flug).

B otcytcTeue okpyxerus F - auneiinbiii onepaTop.
Mpasuno obyyenus (F = 1):w;(t+1) = w;(t)+n(|d) — |y(t))) (x|
2
n
lld) [y (t + 1)) =|d) =D (e + 1lx;) | =(1=m)?||d)—|y(t))[*
j=1

ANroputm CXoAWTCSl, HO HE YHUTApEH.
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KybuTHble cetu

@ HenuneliHocTb MOXHO BBECTU NyTeM NpoLeaypbl U3MEPEHNA
R.Zhou et al. in Proc ICANN 2006.
@ PopManbHO MOXKHO CTPOUTL CETh Ha (ha3ax KOMMAEKCHbIX

amnantyg u Kouda, Matsui, Nishimura, Peper. 2005:

SNu

™ 1 ( ) & 13Xy 510 A
= ————— —arctan = e'2%ke"k — ¢
Y 21t ev R(u) kz;
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KybuTHble cetu

@ HenuHeiiHOCTb MOXXHO BBECTW MyTem NpoLieaypbl N3MEPEHNS
R.Zhou et al. in Proc ICANN 2006.

@ DopmManbHO MOXHO CTPOMTH CETb Ha ha3ax KOMMIEKCHbBIX
amnantyg u Kouda, Matsui, Nishimura, Peper. 2005:

f(5-0) —f(})

3¢ 5 sigmoid (o)

T
—
\h
—~
IR
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_
SN—
-
:
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o
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%
@
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Oby4yeHune KybnTHOR ceTw

Results of learning

pagueHTHBIA cnyck i

6E 09
9(n+1) _ e(n) _ . oE ol
k k" o,
aE 0.7
A+ — () T
n N’ bt
8E 05
(n+1) _ (n) _ 2=
7 ? P 0al
10 samples oaf

Epoch
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OT KBaHTOBbIX CUMYNATOPOB K HeVIpOHHbIM CETAM

R.Feynman. Simulating physics with computers. Int. J. Theor.Phys. 21(1982)467

L.Behera, |.Kar, A.Elitzur. A recurrent quantum neural network
model to describe eye tracking of moving targets. Found. Phys. Lett.
18 (2005) 357:
[Brxerne uenn MO3r CMyINpPyeT ABUXKEHUEM BOJIHOBOTO MaKeTa,
noguunHstowerocst ypasHexuto LLpegunrepa
2
HYEX) T G )+ V(e ) (E )
ot 2m
c HacTpansaembim noTtenunanom V(t,x) = > . Wi(t, x)exp((v(t)—
g)?). KeagpaT Moayns BOMHOBOI byHKLMW AaeT MJOTHOCTL BEpo-
aTHOCTM obHapyxxenus uenn: f(t,x) = [W(t, x)|%.
Viges 6bina npumeHeHa B My/bTU-areHTHBIX Urpax:
V.G. lvanceic and D.J. Reid. Dynamics of confined crowds modelled
using Entropic Stochastic Resonance and Quantum Neural Networks.
Int. J. Intell. Def. Supp. Sys. 2(2009)269
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Quantum Support Vector Machines

Rebentrost, Mohseni, Lloyd. Phys. Rev. Lett. 113(2014)130503

a supervised ML algorithm that
classifies vectors in two classes

Classical linear classification takes
O(poly(N, M)) steps.
Quantum linear classification takes
O(log(NM)) steps;

N is dimension of the feature space,
M is the number of training vectors

Maximization of the form

M
L(a) = ZYJ% Z o Kjkou
j=1 jk 1
is performed on  quantum
computer, where the kernel

Kix = k(Xj,Xk) = Xj - Xk is easy
to evaluate.

The minimization is subjected to
constraints:

>iliaj =0, yja; =0,

and gives the result

S M
w = ZJ 195%;
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Quantum Support Vector Machines
Teopus

P.Rebentrost, M.Mohseni and S.Lloyd, Quantum support vector
machine for big data classification. Phys. Rev. Lett. 113 (2014)
130503

Knaccudbmkauus bonbwmnx gaHHbix Ha gga knacca (y = +1):
N — pasmepHocTb BekTOpoB; M — 4ucno BekTOpoB B 0byvatoLyeii
BbibOpKe

3aTpaTbl BpeMeHN:
Knaccuuecknii anroputm: O(log(e~1)poly(N, M))
KeanTossiii anroputm: O(log(NM))

3agava:
Mo umerowmMMcs gaHHbIM nogobpaTte HopMans (W) K pasgensitoLueii
KNaCCbl NAOCKOCTW TaK 4TO:

22 M. V. Altaisky KBaHTOBble cMCTEMBI NCKYCCTBEHHOrO UHTENNEKTa



Quantum Support Vector Machines

A}'IrOpI/ITM N NpUuHUNNblI NMNAEMEHTaAUNN

MpuHumnel umnnementauun: X.-D. Cai et al., Entanglement-based
machine learning on quantum computer. Phys. Rev. Lett. 114 (2014)
110504;

Mycte M = 1: HY>XHO OLEHNTb, K KAKOMY N3 BEKTOPOB, VA Win Vg,
BAvXKE TECTMPYEMbIA BEKTOP U, T.€. HYXXHO CPaBHMTb PacCTOSHWS
Dp = |i—vVal w Dg = |u— Vg|. Ans atoro kaxgomy BekTopy
CTaBUTCS B COOTBETCTBUE HOPMUPOBAHHOE KBAHTOBOE COCTOSIHUE U =
ullu), 7 = V][V, ..

KntoyeBbiM 31€MEHTOM anropnTMa siIBASIeTC CO3J4aHMe nepenyTaH-
HOrO COCTOSIHUA

) = (10)anc|u) new + ‘1>anC‘V>ref)/\f2)

nocsie 3TOro NPON3BOANTCA N3MEPEHUSI STOFO COCTOSIHMS TOJNBKO NO
BCnomoraTensHoMy KybuTy "ancilla’. [1ns atoro ucnonbsyercs pede-
PEHTHOE COCTOsIHME
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Quantum Support Vector Machines
3KcnepmmeTaanaﬂ peannsayuns

e X.-D.Cai et al., Entanglement-based machine learning on a
quantum computer. Phys. Rev. Lett. 114 (2015) 110504

@ Z. Li, X.Liu, N. Xu and J. Du, Experimental Realization of a

quantum support vector machine. Phys. Rev. Lett. 114 (2015)
140504

OnTuyeckas peanunsauyusi NMR peanusayus
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Multi-agent system

Ivancevic & Reid. Int. J. Def. Supp. Sys. 2(2009)269

8¢,(t x) 321/1,

o —D[¢] + VUi [¥]¢i(t, x)

where D[] is nonlinear diffusion coefﬁaent, and
Ui[¢] = |[¢i(t, x)|? is the p.d.f. of the i-th type agent.

V(t,x,w) Zw,g,(x
self-learning potential Learning ruIe:
Wi = —wj + cy max [P (t, x)|gi(x)|1i(t, x)|
x, k1
Local basic potentials are:

1 R (e xX)xai(t, x)dx
gi(x) = e T X= [ i, x)i(t, x)dx

2mo;
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System with two types of agents

T =0,06

ZawB(t,X) _ _a£|¢ |282¢B

ot 2 TR 52

+ Vive*vs(t, x),
Zale(t,X) _ _ajw) |282¢R s

ot 2 Bl o2

+ V[vr|*Yr(t, x),

L«.'),' = —Wj

+ CH m;?XWR’giWB‘7

B,R
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MawwuHbl kBaHTOBOro oTxura, D-wave Systems Inc.

M.Johnson et al. Nature 473(2011)194

MepBblii MacwTabnpyemblii KBaH-
TOBbI kKOMMbtOTEP ObIN co3aan D-
Wave Systems Inc. n npegHasHa-
YeH AN PpeLleHNst 3KCMOHEHL M-
aNbHO CNOXKHbIX 33434 ONTUMU3a-
uuu

Zha +ZJUO’

ij=1

32 NOAWHOMMWANIbLHOE  BpeMs.
‘Crunbl’ 07 — Superconducting
Quantum Interference Devices.
MaTpuua cesaseii Jj — uHayk-
TueHble cBssu. lMcnonbzoeaHa
CTaHAapTHas TEXHONOrUsi CBEpX-

NPOBOASALLINX KOHTYPOB.

J:i i _
| e
IS
JW'I il
=7 'rl_if

i‘lll.l'{

3
I

l

128 qubit SQUID processor.
From arxiv.org:1204.2821
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SQUID kybuTbl MarHuTHOro noToka

i
e’
o
Spin-down’ cired2tin®

M.Johnson et al. Nature
473(2011)194
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Peannza LUNA KBAHTOBOIO OTXWra

o Mpun t = 0 BCe ‘cnuHbl’ MHULMANU3UPYIOTCA B HanpasaeHun X
H(t) = ZA ()X +A(t Zha —|—ZJU0'
ij=1

o TpaHceepcanbHOe MarHUTHOe nose aguabaTnyecku
Bbiktodaetcst [(t) — 0 ¢ OAHOBpPEMEHHBIM yBEINYEHNEM
A(t) — 1

Classical
themmal 3} J y 1 s b
annealing - . s,
Quantum
annaaling

- ¢ .

Redrawn from M.Johnson et al. Nature 473(2011)194
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Graph connectivity: ¢

{Chimera archite
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NASA QuAIL Ames

APPLICATION PROBLEMS
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Optical implementation of Hopfield network

Optical implementation of N-spin Ising model

H=- Z Jijoio;

1<i<j<N

http://qnncloud.com

@ T. Inagaki et al. Large-scale Ising spin network based on
degenerate optical oscillators. Nature Photonics 10(2016)415

e P.L.McMahon et al. A fully programmable 100-spin coherent
Ising machine with all-to-all connections. Science

354(2016)614

@ H. Takesue et al. Quantum neural network for solving complex
combinatorial optimization problems. Technical Review
15(7)(2017)
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Utsonomiya et al. Opt. Express 19 (2011) 18

One master laser and M mutually
injection locked slave lasers. Ising model
is implemented by coherent feedback
network using optical interference circuits
instead of measurements.
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A spin oj, is represented
by right or left polarization
state of each slave laser

H = Z JUU,ZUJZ—l-Z AiCiz

i<j

Output readout

+1 ng > ng,
Ojz =
-1 ng <ny

model Eq. (2). A o o umun quqh\ splitinto b p
lasers via an optical At atime £ < 0 (initialization}, the injection

condi
by .Jpclmuh on beam splitter (PBS) and tw



cMahon et al. Science 354(2016)614

Pump PPLN Waveguide

b

f—

SHG
!

Pulsed Laser
1560 nm

|

<—— Fiber beamsplitter

Fig. 1. Experimental schematic of a measurement-feedback—-based coherent lsing machine.
A time-divisicn—-multiplexed pulsed degenerate optical parametric oscillator is fermed by a nonlinear
crystal [pericdically poled lithium nicbate (PPLN)] in a fiber ring cavity containing 160 pulses. A fraction
of each pulse & measured and used to compute a feedback signal that effectively couples the
otherwise-indepandent pulses in the cavity. IM, intensity modulator, PM, phase modulator, LO, local
ascillator; SHG, second-harmonic generation; FPGA, field-programmable gate array.
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b Dual pumpsection

Las
{pump1:1,531

pump pulses
EDFA Fibra cavity

Spin-spin interaction

Pump1 Pump 2

Sping, Signaly

® .

fittar

| Detector

\
| Detector2 Output
|

Figure 1 | lsing model and set-up for generating artificial Ising spins based on DOPOs. a An lsing model b, Experimental set-up. IM, intensity madulator;
EDFA, erbium-doped fibre amplifier; W DM, wavelength division multiplexing: HNLF, highly nenlinear fisre: MZ|, delayed Mach-Zehnder interlerometer. The
difference in the propagation times of the two arms of the MZIs is 500 ps for both MZI1 and MZI2. An EDFA and an optical bandpass filter (omitted for
clarity) were placed in frant of MZH ta pre-amplify the DOPO signal and suppress naise fram the EDFA, respectively. Insat: Waelength allocation of pumps
Tand 2 and the signal /idler wave MZI2 is inserted when simulating the 1D Ising model
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KBaHTOBbIE HeﬁpOHHbE CETN HA KBAHTOBbIX TOYKaX

B 2000 E.Bepman ¢ coasTopamun bbina
npegnoxeHa mogens KHC Ha ocHose
MaccuBa KBaHTOBbIX Todek. [lo npegno-
NoXeHnto, obyyeHne ceTn A0KHO bbino
NPONCXOANTbL 33 CYET W3MEHEHNE Crek-
Tpa cpoHOHOB noanoxku. B kauvectse
HelipoHOB BbICTYnann "mMonekynsl” u3 5
KT E. Behrman un gp. “Quantum dot neural
networks”. B: Inf. Sci. 128 (2000), c. 257
I=+1 I=—1

M. Kastner. “Prospects for quantum dot
implementation of adiabatic quantum
computers for intractable problems”. &: /[EEE
Proc. 93.10 (2005), c. 1765—1771. DOIL
10.1109/JPROC.2005.853542
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https://doi.org/10.1109/JPROC.2005.853542

KBaHTOBbIE TOYKM

Cnocobel nonyuyerns KT Ha ocHose
NONYNPOBOAHUKOBLIX FETEPOCTPYKTYP 1
MAMN-cTpykTyp
@ NyTeM NPUNOXKEHNS SNEKTPUYECKOrO
HaNpPsKEHUs1 K YNPaBJISIIOLEMY SJIEKTPOAY;

MyTeM MOJIEKYSIPHO-JTYHEBOW SMUTAKCUN
nyTem rasochasHoli 3nuTakcuu;

MyTEM 3JIEKTPOHHO-y4eBON nutorpacdum ¢
CEeJIEKTMBHbBIM TPaBJIEHVEM;

@ MeToAamMu KOJIIOMAHOW XnMunn;

Pasmep ckana 7x7um

SHeprua snekTpona e Bakyyve

6

It
Gay _ Al As

z

a) 30HHasi guarpamma GaAs un
Gaj_xAlxAs. 6) npodunb gHa
30HbI NposogumocTu Ec

reTeponepexopa,

| S0nm
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KeanTosble Touku (KT) — nckyccrseHHble aToMbl

VnpaensieMmble napameTpsbl:
@ 4KUCNo HocuTenel 3apsga
@ NX NoKaamsaunms.

Mpumenenne KT

Comparison between QDs and atoms

o OnToanekTpoHuKa -
° ﬂa3epbl Parameter Atoms Qu;gt:m
o Conneunble 6aTape"' Level spacing 1eV 0.1 meV
o DoTopeTekTOpHI BT
o ®Dotomsnyyatenu energy 10ev | 0.1meV
@ HaHoanekTpoHuka Typica]lig?jg“etic 14T | 1-10T
o Kybuts
o [eliThl
o [lamsaTb
o KBaHTOBble HelipOHHble
cetn

38 M. V. Altaisky KBaHTOBbIE CUCTEMBI NCKYCCTBEHHOrO MHTENNEKTa



[Mapa KT ¢ gunonb-gnnonbHbiM B3anmMomelicTBrem

M.V.Altaisky et al. Appl. Phys. Lett. 108(2016)103108

N Ki )y 0)
H= 2702 +Z 5 cos(wi t)ol —i—ZJU
=1 i=1 lij
+ > 8axal Xi) (Xil + Hphonon,

a,i

A; — pa3HOCTb 3HEpPruii MeXay Bo30Y>KAEHHBIM U OCHOBHbIM
cocroanuamui-in KT; K; — KoHCTaHTa B3anMOAERCTBUS C BHELLHUMMN
nonem, Jjj — KOHCTaHTa AUNOJbL-ANNONLHOIO B3aUMOAeACTBNSA

= \x,-><x-r —10:)(0i],0) = 10,)(X;] + [X:) (041,
= 1X,)(01].0) = |0:) (X

DOHOHHbIE MOABI X5 B3aUMOZENCTBYIOT TOIBKO C BO3DY>KAEHHbBIMM
coctosiHusmu | .X;)
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[MpocTeiiwas mogens

Mapa ngeHTuynbix KT
AN =N =AJip=b1=J,Ki=K, =K.

B npepene ucuesatowero svewnero nons (K — 0) cobcteeHHble
coctoaHuna Hgy :

|X0) — [0X)  |X0) + |0X)
V2 V2

ans cobcTeeHHbIx 3Hadennii (—J, J, — A, A). MNepeble fBa cOCTOSHUS
NMEIOT HyneBble COBCTBEHHbIE 3HAYEHUS MO OTHOLIEHNIO K B3aUMO-
peiictuto ¢ poroHamun V' = Y g xo|X;)(X;| , bnarogaps vemy
BbIXKUMBAIOT B KOTEPEHTHOI cynepnyosmu,mm aaxe B npucytcteun ¢o-
HOHOB.

, 100), [XX)
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[lapameTpuzauns TepmocTaTta

2 2,2
FamunbTOHMaH cBObOAHBIX (hoHOHOB Hpp =) 2’:; + %
a

CnekTpanbHas naoTHOCTb poHOHOB B nognoxke GaAs:

Jw) =23 55w — w,) ~ aw? exp(—(w/we)?),

maWy

which defines the bath correlation function

R(t) = /Ooo %“’J(w) [cos(wt) coth <2k°;’T> —isin(wt)} .

[JanHoe npeactaBnenne J(w) Haxo[MTCs B XOPOLLUEM COrlacui C
akcnepumeHToMm [A.J.Ramsay et al., PRL 104(2010)017402,
105(2010)177402; D.P.S. McCutcheon et al, PRB 84(2011)081305R;
N.S.Dattani, CPC 184(2013)2828 |

(De — Dh)2
A2 phv?

\/§ Vs
d

o= = 0.027ps%for GaAs, wc = =2.2ps !
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YucneHHoe pelwerune ypasHenus ¢poH HeiimaHa

Makarov and Makri J. Chem. Phys. 102 (1995) 4600

Mel ncnonszosanu metog quasi-adiabatic propagator path integral
(QUAPI) gnsa pewenns ypaeHeHnsi ¢pon Heiimana, onucsiBatowero
ANHAMUKY MaTpuupl naotHocTu p(t), Ans napsi
B3anmogeiictTeyrowmx KT:

. 1
pP= trPh <_£[Haptot]> )
C Ha4YaJibHbIM YCNOBUEM !

e~ BHpn

prot(0) = p(0) ® tr (e B’

1 HavasbHbIM cocTosiHreM napbl KT:

p0) = [¥(O)) W), [¥(0)) = —= (I0X) + |X0))

3
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Keasnagumabatnyecknit nHTerpan no nyTsim

BpemeHHas 3aBucMMOCTb MaTpuubl naoTHocTu cuctembl KT 3agpa-
€TCA WHTErpasoM Mo NyTsiMm

N-1

- _iAt _| bt _
<Smp(t)|sN> - / H<5;+1’e " HOQS|5$><5m|e h HOQS|5m+1> X
m=0
N-1
x (s 1p(0) s} ({s}"; at) T s
m=0

rae s; (s,,) — METKN COCTOSHMA OTKPbLITOl KBAHTOBONM CUCTEMBI NpN
tm = mAt gns npsmoro n obpaTHoro pacnpoctpaHenus. duckpe-
TU3NPOBaHHbIN (DYHKLMOHAN BAUSIHUSI UMEET BUZ

— +_ ¢ + % -
I ({Sr:g}N,At> = e me/(sm sm)(nmm/sml nmmlsm/)’
rae Nmm' — BUCKPETHAs BEPCUS KOPPENsSTOpa (DOHOHOB B CXEME
Makapoea-Makpu N.S.Dattani, CPC 184 (2013)2828 .



[lporpamMmbl 1 anropnTmbl

M.V.Altaisky et al. EPJ WoC 108(2016)02006

Mbr ucnonszosanu F77 n C+4 pna BblunmcieHus 3sonouuu
MaTpuLbl MAOTHOCTW, COMIaCHO MeTody onucaHHomy B A.Vagov,
M.Croitoru et al., PRB 83 (2011)094303. Bpems asontouun t pas-
busanock Ha N paBHbIX UHTEPBANOB:

N
Pan,Bn = e’ (Ronon=Sanen) Z H MggilMgn H €™ Pag o
{anyﬁn} n=1 =1

roe Q0 = diag (0, A, A,2A) — gnaroHanbHas 4aCTb ramMuNbTOHWAHA
cuctemsl, a, € {00,0X, X0, XX}.

Beluncnenus nposogunuce MeToa0M NONOMHEHHON MaTpuupsl NAOT-
noctn (Makarov and Makri, 1995): R, = T,R,_1, rae R, cosnaga-
eT C MaTpuLeli NAOTHOCTU cucTembl R, ANs ANCKPETHLIX MOMEHTOB
BPEMEHN He MPeBOCXOASALMNX Ne.

OTgensbHble pe3ynbTaThl TaKKE HE3aBUCMMO MPOBEPSANCH C MOMO-
wbto nporpammsl FeynDyn N.S Dattani, CPC 184(2013)2828
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Coherence evolution [Altaisky et al, APL 108(2016)103108]

03 L=7.50m, T=77K ——
0.45 L=10nm, T=77K
L=7.5nm, T=300K -
z 1=10nm, T=300K Parameters of the
T 03 model
g o d = 3.3nm,
v
=0 1t = 79.3Debye
0.15
0 50 100 150 200 ~ 950 V/cm
Time, ps i
Re[<0X|p(t)|[X0>] was fitted to exp(-yt) J ~ iL4pS )
2 24} L=10nm —— {_‘ o
S 22 or L =7.5nm
s 2 Initial state
Sl __|oXx)+|X0)
o
£ ol Memory:
s 12}
a 1} ne =5
038

0 50 100 150 200 250 300
Temperature (K)
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Cxema YNPaBAE€HNA MACCUBOM N3 TPEX KBAHTOBbLIX TOYEK C

ANnoNnb-ANNOJIbHbIM B3aI/IMO,D|eI7ICTBVIeM

J2 J 1 g/ InGaAs
7
O. ‘

GaAs

1l 12
JO
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OTtobpaxerne = XOR npu koHeuyHol TemnepaType

OTobpaxerne

Bxoa Bbixog SsonioLus

0 0 1 3aceneHHoICT§]|7I|,l' = 10K:

0 1 0 of &

1 0 0 ‘ i

1 1 1
MOXHO noay4mnTh NCnonb3yst A- l
KOHpUrypauuto, B KOTOPON fg, U3HAYaNbHO o—
npurotasausaemsiii 8 coctositun (1), ssas- ‘ =
eTcs BbIXogHbIM. [lpu i1 # /b, B AnanasoHe PN /
t € [5,10]nc, pOMUHMPYHOT COCTOSIHUS T T
|770), B KOTOPbIX BbIXOAHOI KybuT Haxo- :
antcsa B coctositun (0). Mpn coenagatowmx -
COCTOSIHUSIX BXOAHbIX Kybutos (i1 = i = 1) ’ =

NPUroToBAEHHOE BO3DY>XAEHHOE COCTOSIHME vos B Ew B ow
ip = 1 BbIXKnBaeT Ao bonblNX BpEMEH.
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POTOHHbIE CETN U CUMYNATOPDI

@ P.Lodahl, Quantum-dot based photonic quantum networks,
arXiv: 1707.02094

@ A.Aspuru-Guzik 1 and P. Walther, Photonic quantum
simulators, Nat. Phys. vol.8, p.285, 2012; H.Kim et al.,
Detailed Balance of Thermalization Dynamics in
Rydberg-Atom Quantum Simulators, Phys. Rev. Lett., vol.
120, p.180502, 2018.

@ (POTOHHbIE KpUCTalbl

@ QED cavity networks
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THANK YOU FOR YOUR ATTENTION !!

Perspectives

@ Low energy consuming QNN
o Compatibility with optical devices
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