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Abstract: | will discuss our recent work on the use of autoregressive neural networks for many-body physics. In particular, | will discuss two
approaches to represent quantum states using these models and their applications to the reconstruction of quantum states, the simulation of real-time
dynamics of open quantum systems, and the approximation of ground states of many-body systems displaying long-range order, frustration, and
topological order. Finaly, | will discuss how annealing in these systems can be used for combinatorial optimization where we observe solutions to
problems that are orders of magnitude more accurate than simulated and simulated quantum annealing.
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ML and physics

» Researchers in particle physics, high energy physics,
condensed matter, quantum information, statistical
physics, and atomic, molecular, and optical physics
communities are exploring ideas related to machine
learning the its implications in these fields.

Machine leaming and the physical sciences. Giuseppe Carleo, Ignacio Cirac, Kyle Cranmer, Laurent Daudet, Maria Schuld, Naftali
Tishby, Leslie Vogt-Maranto, and Lenka Zdeborova

Rev. Mod. Phys. 91, 045002 (2019)
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ML and quantum science research

> Machine learning in simulations of strongly correlated fermions
(Chemistry, DFT, QMC)

» Machine learning phases of matter in simulations and
experimental data

» Discovery of physics phenomena and laws from data
> Neural-network representations of quantum states
» Renormalization group

» Applications in quantum information, guantum control, quantum
error correction, and quantum computation and more ...

Machine leaming for quantum matter, Juan Carrasquilla. Advances in Physics: X, 5:1 (2020)
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This style of research is shaped in part by the
commonalities among of the problems that the ML
and physics disciplines address.
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Dimensionality of quantum many-body systems / machine learning models

» Generic specification of a quantum > Lgnguage models live in very high
state requires resources exponentially dlmens'longl spaces too (example from
large in the number of degrees of “Attention is all you need”, 2017)
freedom N
[T vector with 2%

> Today's best supercomputers can Nocab. Size 2 s olcentence

solve the wave equation exactly for
systems with a maximum of ~45 spins.

100 390
- 2N U 1013 8000 2.03 x 10
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Many quantum states realized in nature live in a lower dimensional
subspace. Similarly, most paragraphs are noise — probability
distributions over the sentences our brain understands live in low-
dimensional subspace.

Typical
states
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WE EXPLOIT THESE STRUCTURES IN COMPUTATIONAL PHYSICS

» Amount of information in states seen in QMC Low entanglement
; ] MPS and other TN
nature is usually smaller than the maximum 2
capacity — problems have structure and o |
we exploit it 0 ¢ | ¢ —
» Quantum Monte Carlo: stochastic =|
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exploration of most important regions of
the gigantic state space.
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» Tensor Networks: Exploit the fact that some
important quantum states realized in nature
have little entanglement

» Both techniques have led to profound
implications to our understanding of
quantum systems.
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ENTER MACHINE LEARNING

»Similarly, ML techniques exploit the structure present in natural
datasets e.g. images, natural language.

»Commonalities with physical systems include correlation
functions and symmetries (translations, rotations, reflections,
and more).

»Can we exploit the insight that both quantum and ML problems
have some shared structure?

»Are these commonalities relevant/important for computational
physics beyond mere resemblance?

»We have been exploring these questions for the past few years.
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Central ingredient behind these two examples:
Representations of classical and quantum states
using recurrent neural networks

+ Carrasquilla, Torlai, Melko, Aolita. Nature Machine Intelligence 1, 200 (2019)

+ Dian Wu, Lei Wang, Pan Zhang. Solving Statistical Mechanics Using Variational
Autoregressive Networks. Phys. Rev. Lett. 122, 080602 (2019)

+ Hibat-Allah, Ganahl, Hayward, Melko, Carrasquilla. Phys. Rev. Research 2,
023358 (2020) arXiv:2002.02973

* Hibat-Allah, Inack, Wiersema, Melko, Carrasqdilla. Variational neural annealing.
Nature Machine Intelligence volume 3, 952-961 (2021) arXiv:2101.10154
+ And more...
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PROBABILISTIC AUTOREGRESSIVE MODELS

» The term autoregressive originates from time-series models: observations from the
previous time-steps are used to predict the value at the current time step.

» Consider a probability distribution P(6) = P(oy, 65, .. ., 0y),

Plai. a0, .. on) = BlaiBloolol ) Ploslar gz ) - Blex|ai a3, i yoN-_1)

» To specify P in a tabular form requires exponential resources

» To alleviate this exponential issue: parametrize the conditionals
P(oilo<i) = Py(oilo<s)

» This idea can be extended to quantum states.
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Autoregressive models and their tractability advantages

v/ Computing P(6) or the amplitude ¥(o) is efficient given &
v/ Can be exactly sampled efficiently in linear time in N

v/ Can be easily defined in any spatial dimension (e.g. 2d and 3d ) — no
tractability issues (compared to, eg, PEPS)

v/ Their expressive power can be systematically improved
v/ Easy to encode product states and mean-field theories (e.g. Gutzwiller)

v/ We can impose some symmetries and conservation laws

v/ Advantages remain true for models quantum states ¥(¢) in any dimension.
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RECURRENT NEURAL NETWORKS (RNN)

> The key building block of an RNN is a recurrent cell

h,=f(Wlhy-1;0n-1] +b) h, € R? — d measures the
e | expressive power of the model
X
Yn = S (Uh, +c) S(x) = — Softmax function

%,

¥, = P(o,|015---G,—1)

Sampling:

* Sample each conditional

* Input the sample to the next step

P(O‘l,o‘g,...,O‘N) = P(O’l)P(O‘Qlﬂl)P(O‘3|01,O‘2)...P(CTN|0'1,O‘2,...,O'N_1)

RNNSs are universal function approximators. Schéfer and Zimmermann (2006)
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RNNs wave functions

W)=Y wo) o)=Y \/PO)|s). |¥)=) €¥)\/P(o)|o).

()

Mohamed Hibat-Allah, Martin Ganahl, Lauren E. Hayward, Roger G. Melko, Juan Carrasquilla
Recurrent Neural Network Wave Functions. Phys. Rev. Research 2, 023358 (2020)
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Two dimensional RNNs

* Replace the single hidden state that is passed from one site to another by two
hidden states, with each one corresponding to the state of a neighbouring site
(vertical and horizontal) — 2D geometry of the problem

h; ;= f(W(h)[hi—l,j; oi—1,;] + w @) [Ri,j—1;04 j-1] + b)

(b)

No tractability issues, can be defined in any spatial dimension
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Dilated RNNs

» To account for slowly decaying correlations, one can use dilated RNNSs.
Different layers capture correlations at different scales. Similar in spirit to
MERA

WY = POV Y AD] 4 bY)

max(0,n—2L-1)?

Hidden Layer
Dilation = 4

Hidden Layer
Dilation = 2

Hidden Layer
Dilation = 1

Shiyu Chang, Yang Zhang, Wei Han, et al. Dilated Recurrent Neural Networks. arXiv:1710.02224

Mohamed Hibat-Allah, Estelle M. Inack, Roeland Wiersema, Roger G. Melko & Juan Carrasquilla

Nature Machine Intelligence (2021)
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Example 1: Data-driven
reconstruction of
quantum states
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Quantum state tomography

Quantum state tomography is the process of reconstructing the quantum
state by measurements on the system. It “is the gold standard for verification
and benchmarking of quantum devices”*

Useful for:
- Characterizing optical signals

- Diagnosing and detecting errors in state preparation, e.g. states produced
by quantum computers reliably.

- Entanglement verification

* Efficient quantum state tomography. Marcus Cramer, Martin B. Plenio, Steven T. Flammia, Rolando Somma, David Gross, Stephen D. Bartlett,
Olivier Landon-Cardinal, David Poulin & Yi-Kai Liu. Nature Communications volume 1, Article number: 149
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Need to go beyond standard quantum state tomography

* Progress in controlling large quantum
systems.

* Availability of arbitrary measurements
performed with good accuracy.

» The bottleneck limiting progress in the
estimation of states: curse of
dimensionality of traditional techniques.

.
1
AT

» Traditional quantum state tomography
scales exponentially—Can we perform
reconstruction of large systems?

e -
pdd 4
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Synthetic Quantum devices are growing fast
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HOME > SCIENCE > VOL 374, NOQ. 6572 > PROBING TOPOLOGICAL SPIN LIQUIDS ON A PROGRAMMABLE QUANTUM SIMULATOR

Article | Published: 07 July 2021

Quantum phases of matter ona256-atom
programmable qua“tum Simulator RESEARCH ARTICLE ~ TOPOLOGICAL MATTER fF Y iné % m

Probing topological spin liquids on a programmable
quantum simulator

Sepehr Ebadi, Tout T. Wang, Harry Levine, Alexander Keesling, Giulia Semeghini, Ahmed Omran, Dolev

Bluystein, Rhine Samajdar, Hannes Pichler, Wen Wel Ho, Soonwon Chol, Subir Sachdey, Markus Greiner,

Vladan Vuleti¢ & Mikhail D. Lukin = fi_SEMEGHINI H_LEVINE A_KEESLING & FRADI TT_WANG 0Bl LVETEIN R_VERRESEN H_PICHI R 1 KALINOWSKI [ ] M D LUKIN
+7 authors Authors Info & Affiliations

Nature 595, 227-232 (2021) | Cite this article

nature.com > nature > letters > article

PHYSICAL REVIEW X

-~ natare

International journal of science

ighlights Subjects Accepted Collections Authors Referses Search Press

Lett Published: 22 August 2018 . 4
et S S Quantum Chemistry Calculations on a Trapped-lon Quantum

Simulator

Cornelius Hempel, Christine Maier, Jonathan Romero, Jarrod McClean, Thomas Monz, Heng Shen, Petar

Observation of topological phenomena in
a pro grammable lattice Of 1,800 qubits :)T::_:\\F;iy[i:r;l:ol_;:gégn_}EI;;I;?:SEiyjzlfzz?;ah Alan Aspuru-Guzik, Rainer Blatt, and Christian F. Roos I

Andrew D. King B8, Juan Carrasquilla, [...] Mochammad H. Amin

Nature 560, 456-460 (2018) Download Citation &
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HOW TO MAKE QST EFFICIENT?

> Introduce a parametrization of the quantum state with good scaling if non-
trivial structural information on the quantum systems under consideration
is utilized: MPS[1] and MPO[2] tomography

[1] Efficient quantum state tomography. Marcus Cramer, Martin B. = e
Plenio, Steven T. Flammia, Rolando Somma, David Gross, Stephen D. ’ | ‘ ’ | | ’
Bartlett, Olivier Landon-Cardinal, David Poulin & Yi-Kai Liu. Nature

Communications volume 1, Article number: 149

[2] A scalable maximum likelihood method for quantum state B ( 1
tomography T Baumgratz1, A NuBeler, M Cramer and M B Plenio. New [ J
Journal of Physics, Volume 15, December 2013 *r' W_ Ll_
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HOW TO MAKE QST EFFICIENT?

> Introduce a parametrization of the quantum state with good scaling if non-
trivial structural information on the quantum systems under consideration
is utilized: MPS[1] and MPO[2] tomography

—i_a———

[1] Efficient quantum state tomography. Marcus Cramer, Martin B.
Plenio, Steven T. Flammia, Rolando Somma, David Gross, Stephen D. ’ | ‘ | | | ‘

‘!‘ l sca|a!L maxl‘mum H!JI!OO! met!o! |or quantum state

tomography T Baumgratz1, A NuBeler, M Cramer and M B Plenio. New [ { Jl [ J

Journal of Physics, Volume 15, December 2013
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HOW TO MAKE QST EFFICIENT?

> Introduce a parametrization of the quantum state with good scaling if non-trivial
structural information on the quantum systems under consideration is utilized:
Restricted Boltzmann machines both for pure[3] states and mixed states[4]

[3] Neural-network quantum state tomography. G. Torlai, G.
Mazzola, J. Carrasquilla, M. Troyer, R. Melko, and G. Carleo, Nat.
Phys. 14, 447 (2018).

[4] Latent Space Purification via Neural Density Operators.
Giacomo Torlai and Roger G. Melko. Phys. Rev. Lett. 120, 240503
(2018)
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HOW TO MAKE QST EFFICIENT?

> Introduce a parametrization of the quantum state with good scaling if non-trivial
structural information on the quantum systems under consideration is utilized:
Restricted Boltzmann machines both for pure[3] states and mixed states[4]
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PROPOSAL

> Pararmetrize-the-quantum-state We parametrize the
measurement statistics of an informationally complete positive

operator valued measure (POVM). We use recurrent neural
networks and transformers.

» Use this idea to learn states from synthetic measurements
mimicking experimental data as well as data from a small
experiment.

Carrasquilla, Torlai, Melko, Aolita. Nature Machine Intelligence 1, 200 (2019)
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Reconstructing a quantum state

* Prepare an unknown quantum
state

* Apply a measurement that probes
enough information about the
quantum state

* Repeat and collect the statistics of
the measurement

- Infer a reconstruction of the state 0,0,2,...3,0
consistent with the measurement 1,1O,...0.2 )
*
outcomes dataset = |02 103 | —pp 0" —p Fppm =T [ /\/Ep*\/E]

113 30
- Certify the reconstruction :

3.20....1.0
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MEASUREMENTS: POSITIVE OPERATOR-VALUED MEASURE (POVM)

> POVM elements M = {M'*) | ¢ € {1,...,m}}
> Positive semidefinite operators Z M©® =1

1
» M describe the experimental measurements

» Born Rule P(a) =Tr [pM(“)] quantum theory {=>experiment

INFORMATIONALLY COMPLETE MEASUREMENTS D

- The measurement statistics P(a) contains all \ ®
of the information about the state. e

* Relation between p and distribution ®—' 5 '—®
P(a) can be inverted @f I

M= {M@) @ M) g . plan))

aj,...an
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INVERTING BORN RULE
BORNRULE P (a) = TrpM*®

*Factorization of the state in
terms of a probability

distribution and a set of
INFORMATIONALLY COMPLETENESS —>THIS RELATION single-qubit tensors.

CAN BE INVERTED -All the entanglement and

potential complexity of the
state comes from the
structure of the P(a)

i W, a,’ M(a) - Tomography

*Real-time dynamics of
close and open systems

T, ., = Tr[M@PME)]

; *Measurements
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INVERTING BORN RULE
BORNRULE P (a) = TrpM®

INFORMATIONALLY COMPLETENESS —>THIS RELATION
CAN BE INVERTED

P Z M@ _ db¢
mn i

T, =TriIM@M)
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Insight: parametrize statistics of measurements and invert

Create an autoregressive model of

P(a) =TrpM*? P(a)

Autoregressive models (RNNs and transformer)

1. Allow for exact sampling

B ael (a) 2. Tractable density P odel (a)

3. Use maximum likelihood estimation to infer the
parameters of the model so that the distribution explains
the dataset of measurements.

[0i0:2. 3.0]

Pmodel = E model (a’) M@ 11,0,.02

dataset = 0’2’1" . '013
1313330o -3,0

20l 0|

Carrasquilla, Torlai, Melko, Aolita. Nature Machine Intelligence 1, 200 (2019)
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RESULTS ON SYNTHETIC DATASETS FOR GHZ STATES

CHZSTAIE B0 a0 i R

00 = |¥o) (Yo|
= |2 0) (0| + |82 1) (1| + (aﬁ* 10y (1|®N + h.c.)

GHZ with local depolarization: a model of a decohering qubit where with
probability 1 = p each qubit remains intact, while with probability p an “error”
occurs.

e QO+1§ (01(1) Dl O] a§3)) Lr Lr] Lr}
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Learning 2 qubit locally depolarized GHZ

KL modL1|P LP m;‘zﬂ)(a) FCl:ucsic:Ll = Z A% P(G)Pmodel(a) (P; 0‘) l \/ﬁg\/_]
a
a 0.150 b 1.00 - TS c 1.0 v ool o
& w 5
i i s p=0.0
S o e 0.9 A1 ‘0".‘ @ 230-1
% 0994 e % .,' ' p=g,§
ot 0 8 0" g p=u.
Q_‘% oot : ‘:‘E 0.8 e p=0.4
g=! . N . p=05
E 0.98 1 o 5 0.7 - p=0.6
ad i 2 p=0.7
&, a = 3 p=08
0.97 1 081 + p=0.9
. e g « p=1.0
0.000 — 4 ; . 0.5 , :
20 40 0 20 40 0 20 40
Epoch Epoch Epoch

This result is obtained by parametrizing the P(a) with an RBM.
We found it very difficult to scale the learning to larger system sizes with an RBM.

Carrasquilla, Torlai, Melko, Aolita. Nature Machine Intelligence 1, 200 (2019)

Pirsa: 22110076 Page 32/52



Larger systems: recurrent neural network model and results

GHZ results . Systerr) sizes beyond the reach
of traditional quantum state

40 qubit p=0
Fc = 0.9992(4) tomography.
gg 2“8158938:(%01  Numerically: GHZ states require
linear number of samples to

reach fixed classical fidelity

hs hy_y

« Key aspect about this model choice:

« It can represent high-dimensional probability
distributions compactly.

« Behaviour similar to a matrix product state if
we linearize the model — matches the
structure of the state we are targeting well

Yoav Levine, Or Sharir, Nadav Cohen, and Amnon Shashua
Phys. Rev. Lett. 122, 065301 - Published 12 February 2019
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Numerical investigation of the sample complexity of learning

Pirsa: 22110076
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Favorable scaling. Carrasquilla, Torlai, Melko, Aolita. Nature Machine Intelligence 1, 200 (2019) arXiv: 1810.10584
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EXPERIMENTAL DEMONSTRATION

GHZ state with 3 qubits

(b)

0.5 0.5
0.4 0.4
- 0.3 0.3
- 0.2 0.2
- 0.1 0.1
- 0.0 0.0
113 113

S
$

S~00
o~ o}

~ 00p
~
Figure 3. Benchmarking AQT (a) to MLE tomography offered by IBM’s Qiskit library (b) for a noisy 3-qubit GHZ state data

generated on the IBMQ_OURENSE quantum computer. Each bar represents the absolute value of a density matrix (DM) element

Peter Cha, Paul Ginsparg, Felix Wu, Juan Carrasquilla, Peter L. McMahon, Eun-Ah Kim. Mach. Learn.: Sci. Technol. 3 01LT01 (2022)
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Learning Ground states of local hamiltonians from data

i.ss- R H=J30i0;+hyof
o704 f N=50 spins. P(a) is a deep
T omd (3 layer GRU) recurrent
neural network language
:: | == ous
. 20 40 0 1 2 W 4 5
i i
C (o1 - o) Synthetic state d (o1 - o) Reconstructed state H = J Z ;.0 j
1,J

1.0 1.0
0
0.8 0.8
0.6 0.6
2
0.4 0.4
02 & 0.2
o 0.0
—0.2 —02
—oq 9 —04
—06 Lo6
0 2 4 6
Ty

Carrasquilla, Torlai, Melko, Aolita. Nature Machine Intelligence 1, 200 (2019)

Pirsa: 22110076 Page 36/52



Connection to classical shadows

« The data sets we collected to train our model were eventually theoretically analyzed
in detail — classical shadows.

b Twe-point function (7, - 7) on Two-point function (3, - &) on Two-point function (a, - 3) on
L Two-point funotion on 10 tranverse _eld lsing model (TFIM) 2D Heisenberg model 2D Heisenberg madel 2D Heisenberg model

1.0 4 = Tnith (DMRG}
A NNQST 0
084 ©  Shadow

1+ 1=
06 -
2

04 4

02
L S
02

0.4 4

w

»
'S

Two-paim unction (e7 a?)
[X)

wm
wm

=]
=]

~
~

I T T T T
L Sw. 0 2 8 4 & 6 7 0 1 2 3 &4 65 6 7 0. i 2 3 4 el 6 7

« “many properties of a quantum state can be accurately and efficiently predicted
with a rigorous performance guarantee” In part explains the success of our
approach. We are currently studying what generalization in ML model implications.

Hsin-Yuan Huang, Richard Kueng & John Preskill .Nature Physics. 16, 1050-1057 (2020)
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Extensions of these ideas

« Probabilistic simulation of quantum circuits using a deep-learning architecture.
Carrasquilla, Luo, Perez, et al. PHYSICAL REVIEW A 104, 032610 (2021)

« Quantum process tomography with unsupervised learning and tensor
networks. Torlai, Wood, Acharya, Carleo, Carrasquilla, Aolita arXiv preprint
arXiv:2006.02424

« Autoregressive Neural Network for Simulating Open Quantum Systems via a
Probabilistic Formulation. Luo, Chen, Carrasquilla, Clark. Phys. Rev. Lett. 128,
090501 (2022)

- Time-dependent variational principle for open quantum systems with artificial
neural networks. Reh, Schmitt, Garttner. Phys. Rev. Lett. 127, 230501 (2021)
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Example 2: Variational neural
annealing

Mohamed Hibat-Allah, Estelle M. Inack, Roeland Wiersema, Roger G.
Melko, Juan Carrasquilla. Variational neural annealing. arXiv:2101.10154
Nature Machine Intelligence volume 3, 952-961 (2021)
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Annealing and simulated annealing

e QOrigin of this observation: many of these computationally hard but
technologically relevant problems can be formulated as finding the

ground state of an Ising Hamiltonian*: Higrget = — Z J;; 6,0; — Z h.o;

i<j

e Already in 1983: design of computer chips—component placement,
wiring. .

* A wide array of problems has been mapped to Ising models since.

*Andrew Lucas, “Ising formulations of many np problems,” Front. Phys. 2, 5 (2014).
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Combinatorial optimization by
simulated annealing

Thermal € lucd uations
e The SA algorithm explores an E ab
optimization problem's energy landscape
via a gradual decrease in thermal
fluctuations generated by the Metropolis-
Hastings algorithm.

e Temperature is reduced slowly according
to some user-defined schedule.

G, State (6)
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CAN WE SIMULATE THESE
OPTIMIZATION TECHNIQUES
VARIATIONALLY?

Mohamed Hibat-Allah, Estelle M. Inack, Roeland
Wiersema, Roger G. Melko, Juan Carrasquilla.
Variational neural annealing. Nature Machine
Intelligence (2021)

Page 42/52
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Variational classical annealing

 Target the Boltzmann distribution with a ML model Py(o).

* Use variational principle and optimize model’s free energy
Fo(?) = (Htarget)o — T(1) S(Pp) 2 F(1)

e S(Pp) is the entropy of the model Py(6) -

« Requires samples 6" ~ Py and fast access to Py(6) — important to use autoregressive
models as these models meet the two requirements.

 Asin SA, temperature is decreased from an initial value 7, to 0 using a linear schedule
function 7(f) = Ty(1 — ), where t € [0,1], as the models are trained.

+ Dian Wu, Lei Wang, Pan Zhang. Solving Statistical Mechanics Using Variational Autoregressive Networks. Phys. Rev. Lett. 122, 080602 (2019)
+ Mohamed Hibat-Allah, Estelle M. Inack, Roeland Wiersema, Roger G. Melko, Juan Carrasquilla. Variational neural annealing. arXiv:2101.10154 Nature Machine Intelligence volume
3, 952-961 (2021)
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Variational quantum annealing

Thex rmll ”L\ijmu huﬂ)

<

Quan 1ruwn
tunneling

A

I G, State (6

o« Fy(t) = (Hiarget)g — T(1) S(Pg) — Ey = (V| ﬁtarget | ¥g) — T(1)(¥o | Hariver | o)

* We can extended this idea to simulated quantum annealing

» Promote RNN to a quantum state: Py(c) = ¥y(0)

« Use variational Monte Carlo to handle Wy(o)

o« Hiiver= Z 67 typical choice in quantum annealing

1

* Optimize E, using gradient descent

* Slowly decrease simulated quantum tunnelling effects: 1'(#) = I'y(1 — #), where ¢ € [0,1]

Pirsa: 22110076 Page 44/52



RESULTS

Mohamed Hibat-Allah, Estelle M. Inack, Roeland
Wiersema, Roger G. Melko, Juan Carrasquilla.
Variational neural annealing. Nature Machine
Intelligence (2021)

Page 45/52
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Edwards-Anderson Model

Z Jyo0; In @ 2-dimensional square lattice
(i.j)

target

J; € [-1D)

We test multiple algorithms: no annealing (CQO), Variational classical annealing,
Variational Quantum Annealing and an entropy regularized VQA:

Fo(®) = (A(®))g — TS psenao | Po|*) where H(t) = Hypo = (1) ) 57
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Edwards-Anderson Model
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Benchmarking the two-dimensional Edwards-Anderson spin glass. (a) A comparison between VCA, VQA, RVQA, and CQO on a 10 x 10 lattice
by plotting the residual energy per site vs N,,,..;,,- For CQO, we report the residual energy per site vs the number of optimization steps N,,,.
(b) Comparison between SA, SQA with P = 20 trotter slices, and VCA on a 40 x 40 lattice. The annealing speed is the same for SA, SQA and

VCA.
Theory of Quantum Annealing of an Ising Spin Glass
GIUSEPPE E. SANTORO, ROMAN MARTONAK, ERIO TOSATTI, Hibat-Allah, Inack, Wiersema, Melko, Carrasquilla. Variational
AND ROBERTO CAR. SCIENCE 295 2427-2430 (2002) neural annealing. Nature Machine Intelligence (2021)

Pirsa: 22110076 Page 47/52



Edwards-Anderson Model

Z J,J,a,crj in a 2-dimensional square lattice
(i.j)

target

J; € [-1D)

We test multiple algorithms: no annealing (CQO), Variational classical annealing,
Variational Quantum Annealing and an entropy regularized VQA:

Fo(®) = (A(®))g — TS psenao | Po|*) where H(t) = iy = T(8) ) 57
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Variational annealing on fully connected
spin glasses

» Sherrington- Kirkpatrick (SK) model provides a conceptual framework — role of
disorder and frustration in widely diverse systems ranging from materials to
combinatorial optimization and machine learning.

Jij

1
° H’target S “5 Z \/ﬁopj

i#]

e J,is a symmetric matrix sampled from a gaussian distribution with mean 0 and
variance 1.

Mohamed Hibat-Allah, Estelle M. Inack, Roeland Wiersema, Roger G. Melko, Juan Carrasquilla. Variational neural annealing.
arXiv:2101.10154
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Variational annealing on fully connected
spin glasses

e Wishart planted ensemble (WPE)

Firas Hamze, Jack Raymond, Christopher A. Pattison, Katja Biswas, and Helmut G. Katzgr jishart planted ensemble: A tunably rugged pairwise

ising model with a first-order phase transition,” Physical Review E 101 (2020)
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Variational annealing on FC spin glasses
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5.  Benchmarking SA, SQA (P = 100 trotter slices) and VCA on the Sherrington-Kirkpatrick (SK) model and the

Wishart planted ensemble (WPE). Panels (a),(b), and (c) display the residual energy per site as a function of Nunneating: (8)
The SK model with N = 100 spins. (b) WPE with N = 32 spins and a = 0.5. (¢) WPE with N = 32 spins and a = 0.25.
Panels (d), (e) and (f) display the residual energy histogram for each of the different techniques and models in panels (a),(b),
and gc), respectively. The histograms use 25000 data points for cach method. Note that we choose a minimum threshold of

107!

for €res/N, which is within our numerical accuracy.

Hibat-Allah, Inack, Wiersema, Melko, Carrasquilla. Variational neural annealing.
Nature Machine Intelligence (2021)
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Conclusions

- Introduced 2 examples of applications of recurrent neural networks in quantum
many-body physics.

« Quantum state reconstruction with RNNs.

+ Introduced a variational neural annealing: Swapping Boltzmann distribution for a
model with efficient sampling leads to better modelling: Spin glasses, frustrated
models in QMC.

- Body of recent work showcases the opportunities that machine learning
techniques, ideas, and research culture can spark in the field of quantum physics.

« Now is a privileged time for quantum research — enormous opportunities arising
from artificial intelligence and quantum computing, two of today’s most promising
computational paradigms. The cross-fertilization is exciting and growing steadily.
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