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Torlal, Mazzola, Carrasquilla, Troyer, RGM, Carleo, \

earning complex wavefunctions G i sarieo oo

&

For a more generic wavefunction with amplitude and phase, represent both with I N NN NN
hidden units L

o u(x) o /PA(R)E ) 2

Now, different bases are needed to estimate both the amplitude and phases of the target state.

AL N}, = number of bases

-
L= E E log [hx, .0 (Xp)|
(X,X,2,2,...},{2,X,X,Z,...},{2,Z, X, X,..}

<y

state rotated into basis b with the appropriate unitary

£ . use stochastic gradient descent, etc.

From this, calculate VL and V,
t, then optimization of the phase

aining is done in two stages: learning of amplitude firs

In practice, 1r
parameters.

Pirsa: 19040008 Page 35/43



/L 1 R orlal 5
earning complex wavefunctions Gt @iriown o

Fpr a more generic wavefunction with amplitude and phase, represent both with
hidden units

Now, different bases are needed to estimate both the amplitude and phases of the target state.

N;, = number of bases

Ny
L= Z Z log I,j,,\'“(xb”g
(X,X,2,2,..}, {2, X, X, Z ..} (£,2, X, X,

=

state rotated into basis b with the appropriate unitary

r and V,L ,use stochastic gradient descent, etc.

From this, calculate V,
then optimization of the phase

ining is done in two stages: learning of amplitude first,

In practice, tra
parameters.
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Torlal, Mazzola, Carrasquilla, Troyer, RGM, Carleo, \

Learning complex wavefunctions Ui i itz

Example: an N-qubit “W" state, with local random phase shifts applied

1 0 i ) )
— e™]100...) +e"2|010...) 4+ <« FeN0...01
= (c100...) + ep10...) 0....01)

trained on a total of 2N -1 bases:

l\il' ur) —

.., 0,1)

S0 .,0,1) [1,0,.)
10,1,..) |.., 1,0) .

N =20 qubits

09.7% fidelity

2 % 10° measurements
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(L

Example: an N-qubit “W" state, with local random phase shifts applied

=
VN

trained on a total of 2N -1 bases:

I\itu-) =

11,0,..) (i, 051y (13 03e)

0,1, ..) |, 1,0)

l..,0,1)

g( x ) — Exact
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Torlal, Mazzola, Carrasquilla, Troyer, RGM, Carleo, \

earning complex wavefunctions G i serieo oie

(v'"' 1100...) +¢'%(010...) -« + &~ |0. ..01))

N =20
00.7%

2 % 10°

qubits

fidelity

measurements
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Torlal, Mazzola, Carrasquilla, Troyer, RGM, Carleo, \

earning complex wavefunctions Ui i oo

(L

Example: an N-qubit “W" state, with local random phase shifts applied

- 1
|Fy) = i ((-'”'“OO. ) +¢3(010. .. ) + -« +€*¥|0. ..01))

trained on a total of 2N -1 bases:

l..,0,1) [1,0,.) e 0, 1) [150542)
0,1,..) |.., 1,0) .

N =20 qubits

99.7% fidelity

9 % 10° measurements
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Learmng density matrices Torlai and RGM, Phys. Rev. Lett. 120, 240503 (2018)

Can 9x1end our RBM to represent mixed states described by
density matrices

lr"r",\.;: (X, El) X P (X. R)E!M’“ (x,a)

P (X x') = Z WA, e (x, a)'l/-‘j\““(xl. a)

a

uce a factorization of the state in terms of a probability

Can introd
s for inversion of the Born

distribution and a set of tensors - allow
Carrasquilla, Torlai, RGM, Aolita,

rule.
. JTX
p(x) = TrpM
ature Machine Intelligence 1, 155-161 (2019)

N
\ RBMs, RNNs, VAEs, GANs, and more...
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Learnmg density matrices Torlai and RGM, Phys. Rev. Lett. 120, 240503 (2018)

Can extend our RBM to represent mixed states described by

density matrices
r,u(%,2) o< /P2, a)e )
O X )= Z (%, )03 (X5 a)

a

Can introduce a factorization of the state in terms of a probability
distribution and a set of tensors - allows for inversion of the Born

rule.
p(x) = TrpM™

Carrasquilla, Torlai, RGM, Aolita,

Nature Machine Intelligence 1, 155-161 (2019)

RBMs, BNNs, VAEs, GANs, and more...
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/Experiment: entangled photons
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Dan Sehayak Min N;, Required for ROE <2 :10~? with 99% Confidence
50 -
40 4
= 30-
20 A
10 A

20 40 60 ¥ 7
Number of Qubits

Figure 11: Minimum N, required for various system sizes for 1D TFIM at the

critical point

Pirsa: 19040008

Page 43/43



