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Abstract: In the first part of this presentation, | will present supervised machine-learning studies of the low-lying energy levels of disordered
guantum systems. We address single-particle continuous-space models that describe cold-atoms in speckle disorder, and also 1D quantum Ising
glasses. Our results show that a sufficiently deep feed-forward neural network (NN) can be trained to accurately predict low-lying energy levels.
Considering the long-term prospect of using cold-atoms quantum simulator to train neural networks to solve computationally intractable problems,
we consider the effect of random noise in the training data, finding that the NN model is remarkably resilient. We explore the use of convolutional
NN to build scalable models and to accel erate the training process via transfer learning.

In the second part, | will discuss how generative stochastic NN, specifically, restricted and unrestricted Boltzmann machines, can be used as
variational Ansatz for the ground-state many-body wave functions. In particular, we show how to employ them to boost the efficiency of projective
guantum Monte Carlo (QMC) simulations, and how to automatically train them within the projective QM C simulation itself.

SP, P. Pieri, Scientific Reports 9, 5613 (2019)
E. M. Inack, G. Santoro, L. Dell&E€™Anna, SP, Physical Review B 98, 235145 (2018)
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First part:

H ~ E,= <Wo‘ H l*,/0>

Bypass quantum many-body computation (e.g, molecular dynamics)
Perspective: consider the use of cold-atom quantum simulators to

train neural networks

Second part:
H | D ‘ l/fo>

Build accurate ground-state wf using Boltzmann machine to boost
projective QMC simulations
Applications in adiabatic quantum optimization (quantum annealing)
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Disorder: optical speckle patterns EXP @ LENS, Palaiseau
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Anderson localization in 1D speckle optical potentials

Low-energy single-particle states Exp @ Institut d'Optique, LENS (Florence)
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J. Billy et al., Nature 453, 891 (2008)
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One atom in a 1D speckle potential: NUMERICAL SOLUTION A
\' f
/|
P d dil |
C : : _
-———+V (x)|o(x)=E@.|x Il a4 |
2 m dx;. (I( ) f(_ ) i J(_ ) ;‘ I ‘ '|I :u " ' |
= | |
::- 10 ‘ ' 1 II‘UJ‘ l I "
B P S S S S S - | | |‘ : y | "r'n
| Vs <V (x>, |
Xp o X Xp Xy oo Xy 5 1i | ILL“L —— |1|
' i | [ 1
L . . L ' [\ Al
Finite difference method, 3 point formula: b = | ll ARV “
, - _‘U‘_ - —-.L J ‘I (/| " IF _v.' |‘|
42 | ) . o ) . 0 y N TAVAY, v
— e - 9J — { 5 { g 2
dx’ 5);31: (p(-"\’ |)+'-(P(-¥J q)(x”'-):l | | \].lr ) }
Hamiltonian matrix: 0.l
n ; n’
V(. . 0 e
mox () 2méx’ e |
- ’." : h‘ ‘+£'_,d(-‘1'] ) R
e 2mox mox R Z Ol i - — S
"’ =3 i : rs
N 2mbx’ \ . /
‘ : \
0 L M gy = - ’
2mox-  mox R @ \
(ll ----- \
. ' o o1l /
Matrix eigenvalue problem: H¢, = E ¢,
() 5 10 15 20
NOTE: we actually use an 11-point formula X/

Pirsa: 19070011 Page 7/32



Representation: choice of features

We use knowledge about structure of speckle potential to find compact representation

Fourier transform of the optical speckle field has finite support: -1/Y < < 1/Y
y = Spatial correlation length of disorder

Only 42 nonzero Fourier components for [=20y!
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Predicting ground-state energy with deep NN

Fully-connected multi-layer NN SP, Pieri, Scientific Reports (2019)
# of hidden layers N=3 Related work: Mills, Spanner, Tamblyn, PRA (2017)

# of neuron per layer N, = 150
# of instances in the training set N, = 80000
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Measure of accuracy: coefficient of determination R?

st Y
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Cold-atom quantum simulators

Q: could we use QS to train NN to solve computationally intractable problem?

ANALYSIS OF NOISE SENSITIVITY: Training on synthetic data with added noise
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Excited state energies
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Scalabale neural networks

* Heterogeneous training

-

Extrapolation: making prediction for larger system sizes
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Large number of features: problematic for fully-connected neural networks

The number of parameters scales as: Ngqpures X Mhidden units

features

Output
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Scalability: convolutional neural networks
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Fully conn.
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Extensive conv. NN: see Ryczko, Strubbe, Tamblyn, Chemical Science (2019)
E  =E+E+E+..
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Transfer learning
If you have a small training set, you can use a NN that was pretrained on a similar task.

EXAMPLES: Oxford VGG Model, Google Inception Model, Microsoft ResNet Model

We specialize on L=80a NN pretrained on L=20p
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Extrapolation: making predictions for larger systems
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Convolutional neural network with global max pooling layer
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Disordered quantum Ising model in 1D
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Second part:

Boltzmann machines for projective QMC simulations

Two families of quantum MC algorithms:
* Path-Integral MC: classical MC on a D+1-dimensional system

* Projective QMC: stochastic simulation of Schrodinger eq. in imaginary time
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Solving hard optimization problems:
simulated (Classical) Annealing vs Quantum Annealing
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Adiabatic quantum computing: Quadratic Unconstrained Binary Optimization
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QMC tunneling time: finite-temperature PIMC

Isakov, Mazzola, Smelyanskiy, Jiang, Boixo, Neven, Troyer, PRL (2016)
Mazzola, Smelyanskiy, Troyer, PRB (2017)

Ferromagnetic quantum Ising chain //<1 Open symbols: PIMC tunneling time
energy gap: A< exp(—al‘.) Closed symbols: —
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The PIMC algorithm efficiently simulates incoherent quantum tunneling.

Is this general?

Note: PIMC with open-boundary condition in imaginary time it scales as 1/A
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Shamrock: a model of frustrated rings

E. Andriyash and M. H. Amin (D-Wave Systems Inc.), “Can quantum Monte Carlo simulate
quantum annealing?”, arXiv:1703.09277, 2017

Path-Integral MC
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Kafri, D., Quintana, C., Chen, Y., Martinis, J., &
Neven, H. Progress Towards Quantum Annealer 1
v2. 0, Bulletin of the American Physical Society 3 5 7 9 11 13 15

(2018).

» Path-integral slows down due to “topological” obstruction, slower than Quantum annealer!
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Projective Monte Carlo for Quantum Ising models
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Shamrock: a model of frustrated rings

E. Andriyash and M. H. Amin (D-Wave Systems Inc.), “Can quantum Monte Carlo simulate
quantum annealing?”, arXiv:1703.09277, 2017

Path-Integral MC
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(2018).

» Path-integral slows down due to “topological” obstruction, slower than Quantum annealer!
» Projective QMC like 1/A (i.e., “faster” than QA)

E. M. Inack, G. Giudici,T. Parolini, G.E. Santoro, SP, PRA (2018)
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Computational cost of projective QMC simulations

Notice:  any diagonal Hamiltonian is stoquastic (sign-problem free).
Finding its ground state encompasses hard classical
optimization problems such as k-SAT or MAX-CUT.
Bravyi, Quant. Inf. Comp., Vol. 15, No. 13/14, pp. 1122-1140 (2015)
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Exponentially growing computational cost, even without sign problem

Note: here we use “simple” PQMC algorithm: no guiding wave function.

Pirsa: 19070011 Page 26/32



Pirsa: 19070011

IMPORTANCE SAMPLING

Introduce guiding wave function =y (x)

Modified master eq.: ‘}‘(x,-‘r 1t /\-‘r)u/“ (\) . zé(x,x ',/\-r)‘}’(x ',-r)a,u(j (\ ')

Modified Green's function: (?(x,x ',Ar) = <x cxp(—Arﬁ — Ew,)’ x'>

ve(x')

The guiding wf reduces computational cost and statistical fluctuations

Here, we adopt neural network states.

v, (x)
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Restricted Boltzmann machines Unrestricted Boltzmann machine
Carleo, Troyer, Science 2017 alias shadow wave-function
Reatto, Masserini, PRB 1988
Vitiello, Runge, Kalos PRL 1988
= variational imaginary-time Ansatz with P=1
Beach, Melko, Grover, Hsieh 2019

V’(‘): H‘-‘-"I’("f_,-",-)Hiwsh[b, +Z "“’,;-"_,] W(X) : ;qﬁ(%.h)

< N X N, variational parameters (ﬁ(( h _L\p{ k Z\ X ]CXP[ "":Zh,h,.l ]L‘XP[ k,

Hidden spins integrated out

Seh)

p
kokoJk 3 vartational parameters

Need to sample hidden spins

Inack, Dell’Anna, Santoro, SP, PRB 2018
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Computational complexity of PQMC guided by unrestricted BM

Inack, Dell’Anna, Santoro, SP, PRB 2018

» Needs combined sampling of both visible and hidden spins
» Correlations among hidden-spin configurations affect systematic errors

Pirsa: 19070011
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Restricted Boltzmann machine: unsupervised learning

Quantum state tomography:
Torlai, Mazzola, Carrasquilla, Troyer, Melko, Carleo, Nat. Phys. (2018)

Marginal probability: £, (\) = Z Py (\h) = ; Zcxp[—HRHM (\h)]

h “ h

Partition function: Z = ZCxp[—HR“M (xh)]

x.h

N )
Log-likelihood: !.(W): Z In 7, (_xﬁ) Maximize log-likelihood, minimize KL divergence
kel

Gradient ascent update rule: W' =W"+1

JIL(W)
‘ Y, - rx<,\-'f_h,>m —<.\'I_/7r>mld

d.J,
i

Gradient of log-likelihood:

Performed via k-step contrastive divergence
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Self-learning projective QMC simulation SP, Inack, Pieri, arXiv: arXiv:1907.00907 (2019)

» The RBM learns the randomw-walker distribution: P(X) o< Wf;(x)wu(x)

» Guiding wf for the next stint: ¥/ . (\) =, /P('x) stoquastic model = (;/U(x) 20

ve, (v (X (x) L ijl (x)y, " (x)
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Log-likelihood maximization versus variational energy minimization (NetKet)
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