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Ìàøèííîå îáó÷åíèå

Êëàññè÷åñêèé êîìïüþòåð ïðîèçâîäèò îáðàáîòêó äàííûõ íà îñ-
íîâå çàäàííîãî àëãîðèòìà.
Ìîçã ñîâñåì íà íåãî íå ïîõîæ � îí îáó÷àåòñÿ íà îñíîâå äàííûõ.
Èäåÿ ìàøèííîãî îáó÷åíèÿ ñîñòîèò â ïîäðàæàíèè ðàáîòå ìîçãà,
õîòÿ áû â íåêîòîðûõ àñïåêòàõ:

Àëãîðèòìè÷åñêîì: Àëãîðèòì ìàøèííîãî îáó÷åíèÿ ñòðîèò
ìàòåìàòè÷åñêóþ ìîäåëü âûáîðî÷íûõ äàííûõ äëÿ
òîãî ÷òîáû ïðåäñêàçûâàòü è êëàññèôèöèðîâàòü
íîâûå äàííûå

Íåàëãîðèòìè÷åñêîì: Îäíà ôèçè÷åñêàÿ ñèñòåìà ìîäåëèðóåò
äðóãóþ, íå èñïîëüçóÿ àëãîðèòìîâ

A. Turing. �Computing machinery and intelligence�. â: Mind 49
(1950), ñ. 433�460
S. Russel è P. Norvig. Arti�cial Intelligence - A modern approach.
Second. New Jersey: Prentice Hall, 2003
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Íåàëãîðèòìè÷åñêèå ñèñòåìû

y1

y2

x1

x7

Ìîçã ÷åëîâåêà ñîäåðæèò
≈ 8.6× 1010 íåéðîíîâ

(Herculano-Houzel, 2009)

Íåéðîííûå ñåòè

ÈÍÑ � ïàðàëëåëüíûé ðàñïðåäåëåííûé
ïðîöåññîð, ñîñòîÿùèé èç îäèíàêîâûõ
áëîêîâ, íàçûâàåìûõ íåéðîíàìè,
êîòîðûé ñïîñîáåí íàêàïëèâàòü
çíàíèÿ, è ïðåäîñòàâëÿòü èõ äëÿ
èñïîëüçîâàíèÿ. ÈÍÑ ïîõîæà íà ìîçã
õîòÿ áû â äâóõ àñïåêòàõ:

1 Çíàíèå ïîëó÷àåòñÿ èç îêðóæåíèÿ
ïîñðåäñòâîì ïðîöåññà îáó÷åíèÿ

2 Äëÿ ñîõðàíåíèÿ çíàíèé
èñïîëüçóåòñÿ íàñòðîéêà
èíòåíñèâíîñòè ìåæíåéðîííûõ
ñâÿçåé

S. Haykin. Neural Networks and Learning Machines. Pearson
Education, 2009
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Àâòîíîìíûå èíòåëëåêòóàëüíûå àãåíòû
Êàêèå ôóíêöèè ìîçãà ìîæíî âîñïðîèçâåñòè?

• Âîñïðèÿòèå èíôîðìà-
öèè èç îêðóæåíèÿ � ñåí-
ñîðû, äàò÷èêè, è ò.ï..
• Äèñêðèìèíàòîð � íåé-
ðîííàÿ ñåòü, èëè àëãî-
ðèòì, êîòîðûå êëàññèôè-
öèðóþò ïîñòóïàþùóþ èí-
ôîðìàöèþ, ñòðîÿò ìî-
äåëü îêðóæåíèÿ, è óïðàâ-
ëÿþò ðàáîòîé àêòóàòîðîâ.
• Àêòóàòîðû � óñòðîé-
ñòâà, âîçäåéñòâóþùèå íà
îêðóæåíèå àãåíòà.
• Êîíòðîëü îáó÷åíèÿ ñâî-
äèòñÿ ê îïòèìèçàöèè çà-
äàííîé öåëåâîé ôóíêöèè.

Ñòèìóë

?

Ðåöåïòîð -� Íåéðîñåòü -� Àêòóàòîð

6

Ðåàêöèÿ
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General Arti�cial Intelligence

Ñëàáûé ÈÈ

ÈÈ ïðåäíàçíà÷åííûé äëÿ ðåøåíèÿ êîíêðåòíûõ çàäà÷

Ñèëüíûé ÈÈ

� Ìàøèíà ñ ñîçíàíèåì è óìîì. Íà ïðàêòèêå: ìàøèíà,
ñïîñîáíàÿ ïðèìåíèòü ÈÈ ê ðåøåíèþ ëþáîé ïðîáëåìû.

Ñóùåñòâóåò òî÷êà çðåíèÿ, ÷òî èñïîëüçîâàíèå ñëàáîãî ÈÈ ñàìîãî
ïî ñåáå ìîæåò ïðèâîäèòü ê òåõíîëîãè÷åñêèì óãðîçàì.
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Ìàòåìàòè÷åñêàÿ ìîäåëü íåéðîíà
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yk =φ(uk)

x1

x2

xn

wk1

wk2

wkn

bk

uk
Output

uk =
N∑
j=1

wkjxj + bk , yk = φ(uk)

Choice of sigmoid function φ(u) =

θ(u), tanh(u),
1

1 + e−u

McCulloch & Pitts model (1943) φ(u) = θ(u)
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Âèäû îáó÷åíèÿ

Îáó÷åíèå ñ

ó÷èòåëåì

îñíîâàíî íà
ñóùåñòâîâàíèè
îòîáðàæåíèÿ
{xi , di}i=1,M ,

èçâåñòíîãî ó÷èòåëþ

Öåëü îáó÷åíèÿ �
ìèíèìèçàöèÿ

îøèáêè

E [w ] =
M∑
i=1

(y(xi ,w)−di )2

(Delayed) Îáó÷åíèå
ñ ïîäêðåïëåíèåì

Íåò îáó÷àþùåãî
îòîáðàæåíèÿ.

Ñèñòåìà
âçàèìîäåéñòâóåò ñ
îêðóæåíèåì è
ïûòàåòñÿ

ìèíèìèçèðîâàòü
ôóíêöèþ çàòðàò.
[Barto et al. 1983]

Áåç ó÷èòåëÿ

Environment

Learning system

1

Ñàìîîðãàíèçàöèÿ

2

Ñîðåâíîâàòåëüíîñòü

3 Íàëè÷èå ìåðû
îðãàíèçàöèè
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Àðõèòåêòóðà ÈÍÑ

Ïðÿìîòî÷íûå

Ðåêóððåíòíûå
(Èçèíãîâñêèå) Ñïèíîâûå
ñòåêëà

H[s] = −1

2

∑
wijsi sj+hi si
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Ãëóáîêîå îáó÷åíèå
www.deeplearningbook.org byGoodfellow,Bengio,Courville

Èåðàðõèÿ êîíöåïöèÿ � êàæäàÿ çàâèñèò îò áîëåå ïðîñòûõ

Ñâåðòî÷íûå ñåòè

Îáó÷åíèå ñ ïîäêðåïëåíèåì

V. Mnih è äð. �Human-level control

through deep reinforcement

learning�. â: Nature 518 (2015),

ñ. 529�533
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Êâàíòîâàÿ èíôîðìàöèÿ

Êëàññè÷åñêàÿ èíôîðìàöèÿ

Áèò

Ôèçè÷åñêàÿ ñèñòåìà, êîòîðàÿ
ìîæåò íàõîäèòüñÿ â îäíîì èç
äâóõ ðàçëè÷èìûõ ñîñòîÿíèé �0�
or �1�,�o�� or �on�,↓ or ↑

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

0 ∗ 0 = 0,0 ∗ 1 = 0, 1 ∗ 1 = 1

¬0 = 1 ¬1 = 0

Logical circuits

Êâàíòîâàÿ èíôîðìàöèÿ

Êóáèò =êâàíòîâûé áèò

|ψ〉 = c0|0〉+ c1|1〉,
c0, c1 ∈ C, |c0|2 + |c1|2 = 1

Ñôåðà Áëîõà

|θ, φ〉 = cos
θ

2
| ↑〉+ eıφ sin

θ

2
| ↓〉,

0 ≤ θ ≤ π; 0 ≤ φ ≤ 2π.
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Êâàíòîâàÿ èíôîðìàöèÿ ïðîòèâ êëàññè÷åñêîé

Êëàññè÷åñêàÿ

Êëàññè÷åñêàÿ
èíôîðìàöèÿ
êîïèðóåòñÿ
(x , 0)→ (x , x)

Copy + NAND can
produce all binary
computations

Êëàññè÷åñêèå
âû÷èñëåíèÿ
íåîáðàòèìû:
ðàññåèâàåòñÿ kT ln 2
ýíåðãèè íà êàæäóþ
AND è OR

Êâàíòîâàÿ

No-clonning theorem

Êâàíòîâóþ èíôîðìàöèþ íåëüçÿ
êîïèðîâàòü: |ψ〉 = α|0〉+ β|1〉

|ψ〉 ⊗ |0〉 = α|0〉 ⊗ |0〉+ β|1〉 ⊗ |0〉
CNOT→ α|0〉 ⊗ |0〉+ β|1〉 ⊗ |1〉
6= |ψ〉 ⊗ |ψ〉

Îñíîâíûå ãåéòû: CNOT , Hadamard

x x

y x XOR y

Ýâîëþöèÿ êâàíòîâûõ ñîñòîÿíèé óíè-

òàðíà: |ψ(t)〉 = e−ı
tĤ
~ |ψ(0)〉
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Ïîèñê â íåóïîðÿäî÷åííîé áàçå äàííûõ
Grover's algorithm: Looking for a Needle in a Haystack

Êëàññè÷åñêèé ïîèñê òðåáóåò â ñðåäíåì N
2 øàãîâ. Â êâàíòîâîì

ñëó÷àå èìååòñÿ ëèíåéíàÿ ñóïåðïîçèöèÿ N = 2n ñòðîê:

|ψ0〉 = H⊗n|~0〉 = 1√
N

∑N−1
x=0 |x〉, H = 1√

2

(
1 1
1 −1

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

NP: di�cult to solve, but easy to verify: O|x〉 = (−1)f (x)|x〉

Àëãîðèòì Ãðîâåðà

Ïóñòü j � ìåòêà èñêîìîé çàïèñè. Îïðåäåëèì:
|ψ(θ)〉 ≡ sin θ|j〉+ cos θ√

N−1

∑
i 6=j |i〉

Îïåðàòîð Ãðîâåðà: UG |ψ(θ)〉 = |ψ(θ + φ)〉, ãäå sinφ = 2
√
N−1
N ,

òàêîé ÷òî m ' π
4

√
N â ïðåäåëå θ → π

2

L. Grover. �Quantum Mechanics Helps in Searching for a Needle in
a Haystack�. â: Phys. Rev. Lett. 79 (1997), ñ. 325�328
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Êëàññèôèêàöèÿ âåêòîðîâ êâàíòîâûìè íåéðîñåòÿìè

Íåéðîííûå ñåòè

Íåëèíåéíàÿ ïåðåõîäíàÿ
ôóíêöèÿ

Ïàðàëëåëèçì
ñèíàïòè÷åñêèõ ñâÿçåé

Îòêðûòàÿ äèññèïàòèâíàÿ
ñèñòåìà

Êâàíòîâûå êîìïüþòåðû

Ëèíåéíûå îïåðàòîðû,
äåéñòâóþùèå â
ïðîñòðàíñòâå ñîñòîÿíèé

Êâàíòîâûé ïàðàëëåëèçì

Óíèòàðíàÿ ýâîëþöèÿ
çàìêíóòîé ñèñòåìû

S. Kak, 1995

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

Â. ×àâ÷àíèäçå, 1970

Ê âîïðîñó î ïðîñòðàíñòâåííî-âðåìåííûõ êâàíòîâî-âîëíîâûõ
ïðîöåññàõ â íåðâíûõ ñåòÿõ. Ñîîáù. ÀÍ Ãðóçèíñêîé ÑÑÐ

59(1)(1970)37-40
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Êëàññèôèêàöèÿ âåêòîðîâ êâàíòîâûìè íåéðîñåòÿìè

Íåéðîííûå ñåòè

Íåëèíåéíàÿ ïåðåõîäíàÿ
ôóíêöèÿ

Ïàðàëëåëèçì
ñèíàïòè÷åñêèõ ñâÿçåé

Îòêðûòàÿ äèññèïàòèâíàÿ
ñèñòåìà

Êâàíòîâûå êîìïüþòåðû

Ëèíåéíûå îïåðàòîðû,
äåéñòâóþùèå â
ïðîñòðàíñòâå ñîñòîÿíèé

Êâàíòîâûé ïàðàëëåëèçì

Óíèòàðíàÿ ýâîëþöèÿ
çàìêíóòîé ñèñòåìû
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Òèïû ÊÍÑ | Hardware: SQUID, Optics, QDots, Ions
Ñèìóëÿòîðû

Àññîöèàòèâíàÿ
ïàìÿòü

Ñïèíîâûå
ñòåêëà

Ïðÿìîòî÷íûå
ñåòè (M-P,
SVM)

Êâàíòîâûå
ñõåìû

Áåçâåñîâûå
ñåòè

Êâàíòîâî-
èíñïèðèðîâàííûå
ñåòè

M. Altaisky, N. Kaputkina è V. Krylov.
�Quantum neural networks: Current status
and prospects for development�. â: Physics of

Particles and Nuclei 45.6 (2014), ñ. 1013�1032
M. Schuld, I. Sinayskiy è F. Petruccione. �The
quest for a Quantum Neural Network�. â:
Quantum Information Processing 13.11 (2014),
ñ. 2567�2586
V. Dunjko è H. J. Briegel. �Machine learning &
arti�cial intelligence in the quantum domain: a
review of recent progress�. â: Rep. Prog. Phys.
81 (2018), ñ. 074001
S. Jeswal è S. Chakraverty. �Recent
Developments and Applications in Quantum
Neural Network: A Review�. â: Arch Computat

Methods Eng (2018). url: https : / / doi .

org/10.1007/s11831-018-9269-0
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Àññîöèàòèâíàÿ ïàìÿòü � êëàññèôèêàöèÿ èçîáðàæåíèé
A.Vlasov, Quantum computations and images recognition. arXiv.org/quant-ph/9703010

Ïóñòü íóæíî çàïîìíèòü èçîáðàæåíèå ðàçìåðîì k×m = N, ïðåä-
ñòàâëåííîå ìàññèâîì ñïèíîâ ξi = ±1. Èçîáðàæåíèþ ñîïîñòàâëÿ-
åòñÿ ìàòðèöà Jij è ãàìèëüòîíèàí

H = −1

2

∑
ij

Jijξiξj +
∑
j

bjξj ,

èìååò ìèíèìóìû íà ýòîì èçîáðàæåíèè. Ýòî ñåòü Õîïôèëäà
J.J.Hop�eld PNAS 79(1982)2554 åñëè ïåðåõîäíàÿ ôóíêöèÿ sgn():
yi (t) = sgn(

∑
i 6=j Jijyj(t−1)) is stationary if Jij = 1

N ξiξj . Åñëè íóæ-

íî çàïîìíèòü p ðàçëè÷íûõ èçîáðàæåíèé Jij = 1
N

∑p
l=1 ξ

(l)
i ξ

(l)
j .

Äëÿ íåèçâåñòíîãî èçîáðàæåíèÿ ξ(new) àìïëèòóäà 〈ξ(new)|ξ(l)〉
èìååò ìàêñèìóì äëÿ áëèæàéøåãî èç áàçèñíûõ (l-th) èçîáðàæå-
íèé.
Â êâàíòîâîì ñëó÷àå ðîëü êîððåëÿöèîííîé ìàòðèöû èãðàåò ïðî-
åêòîð: Ĵ =

∑p
i=1 |i〉〈i |
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Àññîöèàòèâíàÿ ïàìÿòü � êëàññèôèêàöèÿ èçîáðàæåíèé
A.Vlasov, Quantum computations and images recognition. arXiv.org/quant-ph/9703010

Input - -@@
|i1〉〈i1| -

-@@
|i2〉〈i2| -

-@@
|i3〉〈i3| -

-@@
|in〉〈in| -

?

?
Output
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Êâàíòîâûé ïåðöåïòðîí (M.V.Altaisky arxiv.org/quant-ph/0107012)

&%
'$
d
d
d j

Q
Q
Q
Qs

-

�
��
�*

6

- -
∑

|yk〉= F̂ |uk〉

|x1〉

|x2〉

|xn〉

ŵk1

ŵk2

ŵkn

|bk〉

|uk〉
output

|uk〉 =
n∑

j=1

ŵkj |xj〉, |yk〉 = F̂ |uk〉.

Â îòñóòñòâèå îêðóæåíèÿ F̂ - ëèíåéíûé îïåðàòîð.
Ïðàâèëî îáó÷åíèÿ (F = 1):ŵj(t+1) = ŵj(t)+η (|d〉 − |y(t)〉) 〈xj |

||d〉−|y(t + 1)〉|2 =

∣∣∣∣∣∣|d〉−
n∑

j=1

ŵj(t + 1)|xj〉

∣∣∣∣∣∣
2

=(1−nη)2 ||d〉−|y(t)〉|2

Àëãîðèòì ñõîäèòñÿ, íî íå óíèòàðåí.
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Êóáèòíûå ñåòè
Íåëèíåéíîñòü ìîæíî ââåñòè ïóòåì ïðîöåäóðû èçìåðåíèÿ

R.Zhou et al. in Proc ICANN 2006.

Ôîðìàëüíî ìîæíî ñòðîèòü ñåòü íà ôàçàõ êîìïëåêñíûõ

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

y =
π

2

1

1 + e−σ
− arctan

=(u)

<(u)
, u =

n∑
k=1

eı
π
2
xk eıθk − eıλ
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Êóáèòíûå ñåòè
Íåëèíåéíîñòü ìîæíî ââåñòè ïóòåì ïðîöåäóðû èçìåðåíèÿ

R.Zhou et al. in Proc ICANN 2006.

Ôîðìàëüíî ìîæíî ñòðîèòü ñåòü íà ôàçàõ êîìïëåêñíûõ

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

f
(
π
2 · 0

)
- f (λ)

@
@@R

P1 f
(
π
2 · P1

)
- f (θ1)

P2 f
(
π
2 · P2

)
- f (θ2)�

���

-��
��∑

- atan=φ<φ
π
2 sigmoid(σ)�

?

y

f (y)
t

-

-

Prob|=(t)|2

Prob|<(t)|2

→ |1〉

→ |0〉

ÂûõîäÂõîä
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Îáó÷åíèå êóáèòíîé ñåòè

Ãðàäèåíòíûé ñïóñê

θ
(n+1)
k = θ

(n)
k − η

∂E

∂θk
,

λ(n+1) = λ(n) − η∂E
∂λ

,

σ(n+1) = σ(n) − η∂E
∂σ

10 samples

Results of learning
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Îò êâàíòîâûõ ñèìóëÿòîðîâ ê íåéðîííûì ñåòÿì
R.Feynman. Simulating physics with computers. Int. J.Theor.Phys. 21(1982)467

L.Behera, I.Kar, A.Elitzur. A recurrent quantum neural network
model to describe eye tracking of moving targets. Found. Phys. Lett.
18 (2005) 357:
Äâèæåíèå öåëè ìîçã ñèìóëèðóåò äâèæåíèåì âîëíîâîãî ïàêåòà,
ïîä÷èíÿþùåãîñÿ óðàâíåíèþ Øðåäèíãåðà

ı~
∂Ψ(t, x)

∂t
= − ~2

2m
∆Ψ(t, x) + V (t, x)Ψ(t, x)

ñ íàñòðàèâàåìûì ïîòåíöèàëîì V (t, x) =
∑

i Wi (t, x) exp((ν(t)−
gi )

2). Êâàäðàò ìîäóëÿ âîëíîâîé ôóíêöèè äàåò ïëîòíîñòü âåðî-
ÿòíîñòè îáíàðóæåíèÿ öåëè: f (t, x) = |Ψ(t, x)|2.
Èäåÿ áûëà ïðèìåíåíà â ìóëüòè-àãåíòíûõ èãðàõ:
V.G. Ivanceic and D.J. Reid. Dynamics of con�ned 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

SVM:

a supervised ML algorithm that
classi�es vectors in two classes

2/|w|

Classical linear classi�cation takes
O(poly(N,M)) steps.

Quantum linear classi�cation takes
O(log(NM)) steps;

N is dimension of the feature space,

M is the number of training vectors

Maximization of the form

L(~α) =
M∑
j=1

yjαj−
1

2

M∑
j ,k=1

αjKjkαk

is performed on quantum
computer, where the kernel
Kjk = k(~xj ,~xk) = ~xj · ~xk is easy
to evaluate.
The minimization is subjected to
constraints:∑M

j=1 αj = 0, yjαj ≥ 0,
and gives the result
~w =

∑M
j=1 αj~xj
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Quantum Support Vector Machines
Òåîðèÿ

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

Êëàññèôèêàöèÿ áîëüøèõ äàííûõ íà äâà êëàññà (y = ±1):
N � ðàçìåðíîñòü âåêòîðîâ; M � ÷èñëî âåêòîðîâ â îáó÷àþùåé
âûáîðêå

Çàòðàòû âðåìåíè:
Êëàññè÷åñêèé àëãîðèòì: O(log(ε−1)poly(N,M))
Êâàíòîâûé àëãîðèòì: O(log(NM))

Çàäà÷à:
Ïî èìåþùèìñÿ äàííûì ïîäîáðàòü íîðìàëü (~w) ê ðàçäåëÿþùåé
êëàññû ïëîñêîñòè òàê ÷òî:

~w · ~xj + b ≥ +1 äëÿ êëàññà + 1

~w · ~xj + b ≤ −1 äëÿ êëàññà − 1
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Quantum Support Vector Machines
Àëãîðèòì è ïðèíöèïû èìïëåìåíòàöèè

Ïðèíöèïû èìïëåìåíòàöèè: X.-D. Cai et al., Entanglement-based
machine learning on quantum computer. Phys. Rev. Lett. 114 (2014)
110504;
Ïóñòü M = 1: íóæíî îöåíèòü, ê êàêîìó èç âåêòîðîâ, vA èëè vB ,
áëèæå òåñòèðóåìûé âåêòîð u, ò.å. íóæíî ñðàâíèòü ðàññòîÿíèÿ
DA = |~u − ~vA| è DB = |~u − ~vB |. Äëÿ ýòîãî êàæäîìó âåêòîðó
ñòàâèòñÿ â ñîîòâåòñòâèå íîðìèðîâàííîå êâàíòîâîå ñîñòîÿíèå ~u =
|u||u〉, ~v = |v ||v〉, . . .
Êëþ÷åâûì ýëåìåíòîì àëãîðèòìà ÿâëÿåòñÿ ñîçäàíèå ïåðåïóòàí-
íîãî ñîñòîÿíèÿ

|ϕ〉 = (|0〉anc |u〉new + |1〉anc |v〉ref )/
√

2)

ïîñëå ýòîãî ïðîèçâîäèòñÿ èçìåðåíèÿ ýòîãî ñîñòîÿíèÿ òîëüêî ïî
âñïîìîãàòåëüíîìó êóáèòó 'ancilla'. Äëÿ ýòîãî èñïîëüçóåòñÿ ðåôå-
ðåíòíîå ñîñòîÿíèå

|φ〉 = (|u||0〉 − |v ||1〉)/(
√
|u|2 + |v |2)

Îáîçíà÷èâ âåðîÿòíîñòü óñïåõà ýòîãî èçìåðåíèÿ êàê p ïîëó÷èì

〈u|v〉 = (0.5− p)(|u|2 + |v |2)/(|u||v |), D =
√

2p(|u|2 + |v |2)

Âåðîÿòíîñòü îïðåäåëÿåòñÿ ïóòåì ïðîâåäåíèÿ ñåðèè èçìåðåíèé
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Quantum Support Vector Machines
Ýêñïåðèìåòàëüíàÿ ðåàëèçàöèÿ

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

Îïòè÷åñêàÿ ðåàëèçàöèÿ NMR ðåàëèçàöèÿ
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Multi-agent system
Ivancevic & Reid. Int. J. Def. Supp. Sys. 2(2009)269

ı
∂ψi (t, x)

∂t
= −D[ψ]

∂2ψi

∂x2
+ VUi [ψ]ψi (t, x)

where D[ψ] is nonlinear di�usion coe�cient, and
Ui [ψ] = |ψi (t, x)|2 is the p.d.f. of the i-th type agent.

V (t, x , ω) =
n∑

i=1

ωigi (x)

self-learning potential Learning rule:

ω̇i = −ωi + cH max
x ,k 6=l

|ψk(t, x)|gi (x)|ψl(t, x)|

Local basic potentials are:

gi (x) =
1√

2πσi
e
− (x−x̄i )

2

2σ2
i , x̄i =

∫
M ψ̄i (t, x)xψi (t, x)dx∫
M ψ̄i (t, x)ψi (t, x)dx

.
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System with two types of agents

ı
∂ψB(t, x)

∂t
= −aB

2
|ψR |2

∂2ψB

∂x2

+ V |ψB |2ψB(t, x),

ı
∂ψR(t, x)

∂t
= −aR

2
|ψB |2

∂2ψR

∂x2

+ V |ψR |2ψR(t, x),

ω̇i = −ωi

+ cH max
x
|ψR |gi |ψB |,

i = B,R

128× 128 grid
(σx , σy ) = (0.38, 0.50),

aB = aR = 0.1, cH = 0.05

T = 0, 0.6
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2
4

6

8

10

0,0

0,2

0,4

0,6

0,8

1,0

2

4

6
8

10

Epoch: 6200
Tau: 0.01
Diffusion: 0.1

Z 
Ax

is

Y AxisX Axis

2
4

6

8

10

0,0

0,2

0,4

0,6

0,8

1,0

2

4

6
8

10

Epoch: 6300
Tau: 0.01
Diffusion: 0.1

Z 
Ax

is

Y AxisX Axis

Pictures from:
M.Altaisky, N.Kaputkina, V.Krylov.
Phys. Part. Nuclei. 45(2014)1013
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Ìàøèíû êâàíòîâîãî îòæèãà, D-wave Systems Inc.
M.Johnson et al. Nature 473(2011)194

Ïåðâûé ìàñøòàáèðóåìûé êâàí-
òîâûé êîìïüþòåð áûë ñîçäàí D-
Wave Systems Inc. è ïðåäíàçíà-
÷åí äëÿ ðåøåíèÿ ýêñïîíåíöè-
àëüíî ñëîæíûõ çàäà÷ îïòèìèçà-
öèè

HP = −
N∑
i=1

hiσ
z
i +

n∑
i ,j=1

Jijσ
z
i σ

z
j

çà ïîëèíîìèàëüíîå âðåìÿ.
'Ñïèíû' σzi � Superconducting
Quantum Interference Devices.
Ìàòðèöà ñâÿçåé Jij � èíäóê-
òèâíûå ñâÿçè. Èñïîëüçîâàíà
ñòàíäàðòíàÿ òåõíîëîãèÿ ñâåðõ-
ïðîâîäÿùèõ êîíòóðîâ.

128 qubit SQUID processor.
From arxiv.org:1204.2821
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SQUID êóáèòû ìàãíèòíîãî ïîòîêà

M.Johnson et al. Nature

473(2011)194
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Ðåàëèçàöèÿ êâàíòîâîãî îòæèãà

Ïðè t = 0 âñå 'ñïèíû' èíèöèàëèçèðóþòñÿ â íàïðàâëåíèè X

H(t) = −Γ(t)
n∑

i=1

∆i (t)σxi + Λ(t)

− n∑
i=1

hiσ
z
i +

n∑
i ,j=1

Jijσ
z
i σ

z
j


Òðàíñâåðñàëüíîå ìàãíèòíîå ïîëå àäèàáàòè÷åñêè
âûêëþ÷àåòñÿ Γ(t)→ 0 ñ îäíîâðåìåííûì óâåëè÷åíèåì
Λ(t)→ 1

Redrawn from M.Johnson et al. Nature 473(2011)194
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DW2X
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NASA QuAIL Ames
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Optical implementation of Hop�eld network

Optical implementation of N-spin Ising model

H = −
∑

1≤i<j≤N
Jijσiσj

http://qnncloud.com

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

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. NTT Technical Review

15(7)(2017)
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Utsonomiya et al. Opt. Express 19 (2011) 18091

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.

A spin σiz is represented
by right or left polarization
state of each slave laser

H =
∑
i<j

Jijσizσjz+
∑
i

λiσiz

Output readout

σiz =

{
+1 nRi

> nLi
−1 nRi

< nLi
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P.L.McMahon et al. Science 354(2016)614
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Êâàíòîâûå íåéðîííûå ñåòè íà êâàíòîâûõ òî÷êàõ

Â 2000 E.Áåðìàí ñ ñîàâòîðàìè áûëà
ïðåäëîæåíà ìîäåëü ÊÍÑ íà îñíîâå
ìàññèâà êâàíòîâûõ òî÷åê. Ïî ïðåäïî-
ëîæåíèþ, îáó÷åíèå ñåòè äîëæíî áûëî
ïðîèñõîäèòü çà ñ÷åò èçìåíåíèå ñïåê-
òðà ôîíîíîâ ïîäëîæêè. Â êà÷åñòâå
íåéðîíîâ âûñòóïàëè �ìîëåêóëû� èç 5
ÊÒ E. Behrman è äð. �Quantum dot neural

networks�. â: Inf. Sci. 128 (2000), ñ. 257

M. Kastner. �Prospects for quantum dot

implementation of adiabatic quantum

computers for intractable problems�. â: IEEE

Proc. 93.10 (2005), ñ. 1765�1771. doi:

10.1109/JPROC.2005.853542

I=+1 I=−1
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Êâàíòîâûå òî÷êè

Ñïîñîáû ïîëó÷åíèÿ ÊÒ íà îñíîâå
ïîëóïðîâîäíèêîâûõ ãåòåðîñòðóêòóð è
ÌÄÏ-ñòðóêòóð

ïóòåì ïðèëîæåíèÿ ýëåêòðè÷åñêîãî
íàïðÿæåíèÿ ê óïðàâëÿþùåìó ýëåêòðîäó;

ïóòåì ìîëåêóëÿðíî-ëó÷åâîé ýïèòàêñèè

ïóòåì ãàçîôàçíîé ýïèòàêñèè;

ïóòåì ýëåêòðîííî-ëó÷åâîé ëèòîãðàôèè ñ
ñåëåêòèâíûì òðàâëåíèåì;

ìåòîäàìè êîëëîèäíîé õèìèè;

Ðàçìåð ñêàíà 7x7µm

à) çîííàÿ äèàãðàììà GaAs è

Ga1−xAlxAs. á) ïðîôèëü äíà

çîíû ïðîâîäèìîñòè EC

ãåòåðîïåðåõîäà,
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Êâàíòîâûå òî÷êè (ÊÒ) � èñêóññòâåííûå àòîìû

Óïðàâëÿåìûå ïàðàìåòðû:

÷èñëî íîñèòåëåé çàðÿäà

èõ ëîêàëèçàöèÿ.

Ïðèìåíåíèå ÊÒ

Îïòîýëåêòðîíèêà

Ëàçåðû
Ñîëíå÷íûå áàòàðåè
Ôîòîäåòåêòîðû
Ôîòîèçëó÷àòåëè

Íàíîýëåêòðîíèêà

Êóáèòû
Ãåéòû
Ïàìÿòü
Êâàíòîâûå íåéðîííûå
ñåòè
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Ïàðà ÊÒ ñ äèïîëü-äèïîëüíûì âçàèìîäåéñòâèåì
M.V.Altaisky et al. Appl. Phys. Lett. 108(2016)103108

H =
2∑

i=1

∆i

2
σ

(i)
z +

2∑
i=1

Ki

2
cos(ωLt)σ

(i)
x +

∑
i 6=j

Jijσ
(i)
+ σ

(j)
−

+
∑
a,i

gaxa|Xi 〉〈Xi |+ Hphonon,

∆i � ðàçíîñòü ýíåðãèé ìåæäó âîçáóæäåííûì è îñíîâíûì
ñîñòîÿíèÿìèi-é ÊÒ; Ki � êîíñòàíòà âçàèìîäåéñòâèÿ ñ âíåøíèìè
ïîëåì, Jij � êîíñòàíòà äèïîëü-äèïîëüíîãî âçàèìîäåéñòâèÿ

σ
(i)
z = |Xi 〉〈Xi | − |0i 〉〈0i |,σ

(i)
x = |0i 〉〈Xi |+ |Xi 〉〈0i |,

σ
(i)
+ = |Xi 〉〈0i |,σ

(i)
− = |0i 〉〈Xi |.

Ôîíîííûå ìîäû xa âçàèìîäåéñòâóþò òîëüêî ñ âîçáóæäåííûìè
ñîñòîÿíèÿìè |Xi 〉
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Ïðîñòåéøàÿ ìîäåëü

Ïàðà èäåíòè÷íûõ ÊÒ

∆1 = ∆2 = ∆, J12 = J21 = J,K1 = K2 = K .

Â ïðåäåëå èñ÷åçàþùåãî âíåøíåãî ïîëÿ (K → 0) ñîáñòâåííûå
ñîñòîÿíèÿ HEx :

|X0〉 − |0X〉√
2

,
|X0〉+ |0X〉√

2
, |00〉, |XX〉

äëÿ ñîáñòâåííûõ çíà÷åíèé (−J, J,−∆,∆). Ïåðâûå äâà ñîñòîÿíèÿ
èìåþò íóëåâûå ñîáñòâåííûå çíà÷åíèÿ ïî îòíîøåíèþ ê âçàèìî-
äåéñòâèþ ñ ôîíîíàìè V =

∑
α,i gαxα|Xi 〉〈Xi | , áëàãîäàðÿ ÷åìó

âûæèâàþò â êîãåðåíòíîé ñóïåðïîçèöèè äàæå â ïðèñóòñòâèè ôî-
íîíîâ.
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Ïàðàìåòðèçàöèÿ òåðìîñòàòà

Ãàìèëüòîíèàí ñâîáîäíûõ ôîíîíîâ HPh =
∑

a
p2
a

2ma
+ maω2

ax
2
a

2 .
Ñïåêòðàëüíàÿ ïëîòíîñòü ôîíîíîâ â ïîäëîæêå GaAs:

J(ω) =
π

2

∑
a

ga
maωa

δ(ω − ωa) ≈ αω3 exp(−(ω/ωc)2),

which de�nes the bath correlation function

R(t) =

∫ ∞
0

dω

π
J(ω)

[
cos(ωt) coth

(
ω

2kBT

)
− i sin(ωt)

]
.

Äàííîå ïðåäñòàâëåíèå J(ω) íàõîäèòñÿ â õîðîøåì ñîãëàñèè ñ
ýêñïåðèìåíòîì [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 ]

α =
(De − Dh)2

4π2ρ~v5
s

= 0.027ps2for GaAs, ωc =

√
2vs
d

= 2.2ps−1
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×èñëåííîå ðåøåíèå óðàâíåíèÿ ôîí Íåéìàíà
Makarov and Makri J. Chem. Phys. 102 (1995) 4600

Ìû èñïîëüçîâàëè ìåòîä quasi-adiabatic propagator path integral
(QUAPI) äëÿ ðåøåíèÿ óðàâíåíèÿ ôîí Íåéìàíà, îïèñûâàþùåãî
äèíàìèêó ìàòðèöû ïëîòíîñòè ρ(t), äëÿ ïàðû
âçàèìîäåéñòâóþùèõ ÊÒ:

ρ̇ = trPh

(
− ı
~

[H, ρtot]
)
,

ñ íà÷àëüíûì óñëîâèåì :

ρtot(0) = ρ(0)⊗ e−βHPh

tr (e−βHPh)
.

è íà÷àëüíûì ñîñòîÿíèåì ïàðû ÊÒ:

ρ(0) = |ψ(0)〉〈ψ(0)| , |ψ(0)〉 =
1√
2

(|0X 〉+ |X0〉)
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Êâàçèàäèàáàòè÷åñêèé èíòåãðàë ïî ïóòÿì

Âðåìåííàÿ çàâèñèìîñòü ìàòðèöû ïëîòíîñòè ñèñòåìû ÊÒ çàäà-
åòñÿ èíòåãðàëîì ïî ïóòÿì

〈s+
N |ρ(t)|s−N 〉 =

∫ (N−1∏
m=0

〈s+
m+1|e

− ı∆t
~ HOQS |s+

m〉〈s−m |e
ı∆t
~ HOQS |s−m+1〉

)
×

× 〈s+
0 |ρ(0)|s−0 〉I

(
{s±m}N ; ∆t

) N−1∏
m=0

ds+
mds−m ,

ãäå s+
m (s−m) � ìåòêè ñîñòîÿíèÿ îòêðûòîé êâàíòîâîé ñèñòåìû ïðè

tm = m∆t äëÿ ïðÿìîãî è îáðàòíîãî ðàñïðîñòðàíåíèÿ. Äèñêðå-
òèçèðîâàííûé ôóíêöèîíàë âëèÿíèÿ èìååò âèä

I
(
{s±m}N ; ∆t

)
= e−

∑
mm′ (s

+
m−s

−
m )(ηmm′ s

+
m′−η

∗
mm′ s

−
m′ ),

ãäå ηmm′ � äèñêðåòíàÿ âåðñèÿ êîððåëÿòîðà ôîíîíîâ â ñõåìå
Ìàêàðîâà-Ìàêðè N.S.Dattani, CPC 184 (2013)2828 .
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Ïðîãðàììû è àëãîðèòìû
M.V.Altaisky et al. EPJ WoC 108(2016)02006

Ìû èñïîëüçîâàëè F77 è C++ äëÿ âû÷èñëåíèÿ ýâîëþöèè
ìàòðèöû ïëîòíîñòè, ñîãëàñíî ìåòîäó îïèñàííîìó â A.Vagov,
M.Croitoru et al., PRB 83 (2011)094303. Âðåìÿ ýâîëþöèè t ðàç-
áèâàëîñü íà N ðàâíûõ èíòåðâàëîâ:

ραN ,βN = e it (Ω̂βNβN−Ω̂αNαN )
∑
{αn,βn}

N∏
n=1

Mαn−1
αn

Mβn∗
βn−1

n∏
n′=1

eSnn′ρα0β0 ,

ãäå Ω̂ = diag (0,∆,∆, 2∆) � äèàãîíàëüíàÿ ÷àñòü ãàìèëüòîíèàíà
ñèñòåìû, α, β ∈ {00, 0X ,X0,XX}.
Âû÷èñëåíèÿ ïðîâîäèëèñü ìåòîäîì ïîïîëíåííîé ìàòðèöû ïëîò-
íîñòè (Makarov and Makri, 1995): Rn = TnRn−1, ãäå Rn ñîâïàäà-
åò ñ ìàòðèöåé ïëîòíîñòè ñèñòåìû Rn äëÿ äèñêðåòíûõ ìîìåíòîâ
âðåìåíè íå ïðåâîñõîäÿùèõ nc .
Îòäåëüíûå ðåçóëüòàòû òàêæå íåçàâèñèìî ïðîâåðÿëèñü ñ ïîìî-
ùüþ ïðîãðàììû FeynDyn N.S.Dattani, CPC 184(2013)2828

44 M. V. Altaisky Êâàíòîâûå ñèñòåìû èñêóññòâåííîãî èíòåëëåêòà



Coherence evolution [Altaisky et al, APL 108(2016)103108]
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Re[<0X|ρ(t)|X0>] was fitted to exp(-γt)
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Parameters of the

model

d = 3.3nm,
µ = 79.3Debye
K = 0.24ps−1

≈ 950V /cm

J = µ2

εL3

J ≈ 1.4ps−1

for L = 7.5nm
Initial state
|ψ(0)〉 = |0X 〉+|X0〉√

2
Memory:
nc = 5
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Ñõåìà óïðàâëåíèÿ ìàññèâîì èç òðåõ êâàíòîâûõ òî÷åê ñ
äèïîëü-äèïîëüíûì âçàèìîäåéñòâèåì

i2i1

J2 J1

i0

J0

GaAs

InGaAs
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Îòîáðàæåíèå ¬XOR ïðè êîíå÷íîé òåìïåðàòóðå

Îòîáðàæåíèå

Âõîä Âûõîä
0 0 1
0 1 0
1 0 0
1 1 1

ìîæíî ïîëó÷èòü èñïîëüçóÿ Λ-
êîíôèãóðàöèþ, â êîòîðîé i0, èçíà÷àëüíî
ïðèãîòàâëèâàåìûé â ñîñòîÿíèè (1), ÿâëÿ-
åòñÿ âûõîäíûì. Ïðè i1 6= i2, â äèàïàçîíå
t ∈ [5, 10]ïñ, äîìèíèðóþò ñîñòîÿíèÿ
|??0〉, â êîòîðûõ âûõîäíîé êóáèò íàõî-
äèòñÿ â ñîñòîÿíèè (0). Ïðè ñîâïàäàþùèõ
ñîñòîÿíèÿõ âõîäíûõ êóáèòîâ (i1 = i2 = 1)
ïðèãîòîâëåííîå âîçáóæäåííîå ñîñòîÿíèå
i0 = 1 âûæèâàåò äî áîëüøèõ âðåìåí.
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QED cavity networks
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Perspectives

Low energy consuming QNN

Compatibility with optical devices
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