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N visible units

eStri Cted BOItzman n MaChine Smolensky, Hinton, Salakhutdinov, Bengio

Tk, hidden units

~

Like a Hopfield network, RBMs are “energy-based” models:

S
p)\ = = ¢ E;\(x,h) - .
Z)\ joint probability distribution

EA(X, h) == Z W}jﬂ&‘ihj = Zbiflf-i — Zthj
i i 7

“Training” means tuning the machine parameters
to get the marginal distribution Px(X) to
approximate the (unknown) target distribution

A={W,b,c} pa(x) = Zp)\(x: h)
h

model parameters
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/Block Gibbs Sampling

RBM: being “restricted” is a special property that allows sampling one layer
at a time.

g —> ho—=>x21—>h1 — =z > h

Each layer is updated with conditional probabilities

paGa) = 25— TTpGeid) o) = 25 ~ Lot )

7
Sigmoid function

/ /,

J
p(hj = 1|X) = O'(ZVVUI} = Cj)

The firing rate of a cr(z) = 06
(stochastic) neuron 1+4+e2 V4

p(zi = 1|h) = o () Wish; + by) }
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(T

raining the RBM

Training means tuning the machine parameters to minimize the difference between the
marginal distribution p, (x ZPA x,h) and the (unknown) physical “target” distribution

Define an optimization problem: minimize the Kullback-Leibler divergence

x) - p(x)
L(pllp») Zp (%) log —
* A non-symmetric measure of the distance between two distributions a
» Always positive, and zero iff p = pa
KL(p||px) = Zp(x logp(x) — Y _ p(x)log px(x)
the entropy of p depends on the parameters over which to optimize
—(log pa(x Z log p (x;)

Equivalent to maximizing the “log-likelihood” £ = (log px (%)),

G. Hinton, Neural computation 14, 1771 (2002)

"'_,_p,\(x)

~
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(s

tochastic Gradient Descent

The optimization landscape is thus obtained - minimize using gradient

descent
N=X-nVL A= {W,b,c}

dataset, and perform stochastic gradient descent

» The first term is computationally easy to calculate.

* The second term is hard. Requires a MCMC to generate
samples from the station distribution of the machine. In practice
\ a short chain of & steps is run

The full gradient is too costly to calculate. Instead sample some number m of your

1 m
= Z VL(x;)~ VL “mini-batch” size = TN
5=1
oL OF 22

@ Chiara Cammarota (KGL)

“Contrastive Divergence”

CDyg

>/
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(s

tochastic Gradient Descent Torlai and RGM, Phys. Rev. B 94, 165134 (2016)

Example: 1D Ising model with 6 spins, trained using CDs

100 K : I | : ] —— Exact
oe—= 10 steps
e—— 500 steps

0 200 400 600 800 1000
steps

KL not possible to calculate in the general case for larger N.

Other metrics, like physical observables, could be used to validate the training...

- r
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Like a Hopfield network, RBMs are “energy-based” models:
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Z)\ joint probability distribution
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“Training” means tuning the machine parameters
to get the marginal distribution Px(X) to
approximate the (unknown) target distribution

A={Wbe}  pax) =3 pa(xh)
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model parameters
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tochastic Gradient Descent Torlai and RGM, Phys. Rev. B 94, 165134 (2016)

Example: 1D Ising model with 6 spins, trained using CDs

100 K I : ‘ : ] —— Exact
oe—= 10 steps
e——= 500 steps

0 200 400 600 800 1000
steps

KL not possible to calculate in the general case for larger N.

Other metrics, like physical observables, could be used to validate the training...
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N =64

E

Results from the generative model, after training:

=0 5l
-1.0

—1.5}

—2.?.

Learning Thermodynamics of the Ising model )

Torlai and RGM, Phys. Rev. B 94, 165134 (2016)

Zo

X from standard MCMC

NMCS e
3t ‘ ]
.0\¢¢
2 ¢ .
[ T
N
1} : |
o Iexact s B34
1.0 2.269 3.54
i

This shows us in this example that the number of hidden units required for accurate generative modelling is

approximately the same as the number of hidden units. , , :
See: Chen, Cheng, Xie, Wang, Xiang, Phys. Rev. B 97, 085104 (2018)

Note: The number of measurements required for training & sampling also affects efficiency /
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H H Torlai, Mazzola, Carrasquilla, Troyer, RGM, Carleo, Nature Physics (201 )\
Lea rn I n g wavefu n Ctl o ns 1 doi:10.1038/s41567-018-0048-5, arXiv:1703.05334

In the case where the wavefunction is W (X) X v/ Px (X)

real and positive in a certain basis

and afterwords calculate estimators from
samples produced on the trained machine

Train with samples in the S* basis 53

(O°) = 3" pa(x)Ox

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

xx/ X %’ Px (X)

“local” estimator
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H H Torlai, Mazzola, Carrasquilla, Troyer, RGM, Carleo, Nature Physics (2013).\
Lea rn I n g wavefu n Ctl o ns 2 doi:10.1038/s41567-018-0048-5, arXiv:1703.05334

For a more generic wavefunction with amplitude and phase, represent both with S XXX KEX
hidden units TR

Pau(X) o< v/pa(x)er® )

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

Ny
Ny = number of bases
L= > loglpaulx)
b Xb

,\ XXz AR X X2 Aazrz ey 0

state rotated into basis b with the appropriate unitary

From this, calculate V£ and V,L ,use stochastic gradient descent, etc.

In practice, training is done in two stages: learning of amplitude first, then optimization of the phase

\ parameters. /
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Rydberg atom arrays

Neutral atoms (Rb, Sr) are loaded into a lattice
formed by an array of optical tweezers

Atoms can be in their ground state, or an excited state with a large principle
quantum number (a Rydberg state). They form a strongly-interacting system.

Single-atom resolved fluorescent imaging provides projective measurements

Arrays of atoms are currently used for simulation (groundstates, critical phenomena),
solving combinatorial optimization problems

..‘..x
2 lanqgc

Pirsa: 23050095 Page 12/30



/Rydberg Blockade Hamiltonian

Jaksch, Cirac, Zoller, Rolston, Cote, Lukin, Phys. Rev. Lett. 85, 2208 (2000)
Lukin, Fleischhauer, Cote, Duan, Jaksch, Cirac, Zoller, Phys. Rev. Lett. 87, 037901 (2001)
Fendley, Sengupta, Sachdev, Phys. Rev. B 69, 075106 (2004)

9.
Q

— 9 o =lghrl+Irgl = 1Ir)(r 0000000

O O O >\ O

Two atoms within the blockade radius cannot both 9' L. QE\ o l'.O

be excited into a Rydberg state simultaneously ',’ Ry N b O

. . . |‘ : ® e o

Lattice geometry crucially affects physics L Yoo o o
0T 00000 y
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Experimental lattices

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

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

........

Ebadi et. al. arXiv:2012.12281
Nature 595, 227 (2021)

a Hyperboloid (90 sites)

b Mobius strip (85 sitas)

¢ Cyy fullerene-like (34 sites) d Cone (100 sites)

f Eiffel tower (126 sites)

:{,-"" Iy \ \\
[ LA\
/ &N =% ‘\,‘
A e e A\
{ 3y
\VASEAPEAEE AWEACTAWSA
\HX X XX X )
NI . T
NG B Barredo, Lienhard, de Léséleuc, Lahaye, Browaeys
: Nature 561, (2018)
Semeghini et. al. arXiv:2104.04119 Scholl et al. arXiv:2012.12268
\ Science, 374, 1242 (2021) Nature 595, 233 (2021)
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D

ata driven state reconstruction

The availability of high quality projective measurement data allows for state

X1 = (1,0,0,1,1,1,0,0,0,0,"' 91)
Yl ileadon il 0
xs = (0,1,1,0,0,1,0,1,0,1, - ,0)

qubit projective measurement data
distributed according to Born rule, ;_U(x)

Goal:; use available data to reconstruct the p(x) "*-_P*‘(X)
quantum state using a generative model o\

reconstruction, e.g. through the KL divergence or maximum likelihood methods
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"D

ata driven state reconstruction

The availability of high quality projective measurement data allows for state

X — @001 0000 1
-l ilprdaaln
X3 = (0:131703031305150)1:“' !0)

qubit projective measurement data
distributed according to Born rule, p(x)

Goal: use available data to reconstruct the p(x) "*-_P*‘(X)
quantum state using a generative model o\

reconstruction, e.g. through the KL divergence or maximum likelihood methods
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