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/c. A directed circuit

inverter

[ _.VDUT

inverter

. _[>o__l/0ur G IVI

(mi)

GF «

Vin+

1 | Vour

inverter inverter
[ _-} VOUT _‘VDUT VOUT
) (m;) ) ) [(mi)  viy][pbit | (m)
| (my) i V,N._I p-bit LT INT| P
-} p
inverter inverter inverter fg“’_ei?'
v, { 1V,
) _.Vour r _.Vour (Iz {><>-00UT Ji—Do-g-oour
(my) i (mi) Vm-—”i)—bit (mi) it | (M)

X
X




/d. A directed circuit

(C1 x C2) =

Tt
/O = Cu)Ca()



/e. A directed circuit

A B XNOR
O O 1
O 1
XNOR 1 0 0
1 1 1
R(C1xC2) =

C 75 /O % C1(t)Ca(t)



/f. A directed circuit

0 100 200 300 400 500
time (ns) —




8a. Boolean Logic * Boltzmann Machine

m, m, m; m,; Mg Boltzmann Law

A B XNOR AND OR P(ml, ._7mN) ~ e E
0 O 1 0 0O 4
0 1 0 0 1 9 Minimum values of E for {m}’s
1 0 0 0 1 17 belonging to truth table
1
1 1 1 1 1

31 E: —§mt<]m



8b. Boolean Logic

m;, m, mg

A

0 O 1
0 1 0
1 0 0
1 1 1
p-bit# O
Fe o

............

m, mg

B XNOR AND OR

0 0
0 1
0 1
1 1
blt# 5

mverter

i Vour
i E_DG-ZT’M)

ol

my)

jﬂm

D —

Ve

Minimum values of E for {m}’s

belonging to truth table

E———m Jm

7N

LY [ 0o o0 o0
I 0 0 -1
L1 | 0o -1 o0
L=+ o o
Iy -1 +1 +1
Ir )] [ 41 +1 +1

m, clamped to +1

+1
0
0
0
+1
-1

—1
+1
+1
+1

0

0

—|—1
—1
0

O_




8c. Boolean Logic
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8e. Boolean Logic

A

4 0 O
9 0 1
17(1___9
31 1 1

Vour
Lo
(

7711')

p-bit#

L éinve
(1)

v H[pbit

{I}HLLWTWW

rter

outr
e
(4

0

1
1
1

<104

5
d .. 17 31
3l
> |
11
o Ll MINININEN I .
0 10 =0 ”
1.5} 17
A1
B=0




8f. Boolean Logic
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9d. Factorizer as optimizer
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11b. Summary
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11c. Summary
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11d. Science Editorial

http://science.sciencemag.org/content/361/6400/313

Once a real quantum computer is realized, what's next?

» In the coming decade, we can expect that some problem-solving will
be optimized much more rapidly using quantum devices.

» We can also expect that efficient sampling from a probability
distribution—the theoretical version of a machine learning
algorithm—will become a place where quantum computers can
shine.

» In the longer term, error correction and factoring may change the
landscape further.
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