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Abstract: In thistalk | will discuss some of the long-term challenges emerging with the effort of making deep learning a relevant tool for controlled
scientific discovery in many-body quantum physics. The current state of the art of deep neural quantum states and learning tools will be discussed
in connection with open challenging problemsin condensed matter physics, including frustrated magnetism and quantum dynamics.
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Quantifiable Improvement
Over Existing Methods

Enabled Genuinely
New Applications

Flexible Methods, Can
Work In Disparate Domains
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Particle Rt Statistical
Physics o W Physics
Astrophysics

Carleo, Cirac, Cranmer, Daudet,
Schuld, Tishby, Vogt, and Zdeborova
arXiv:1903.10563 (2019)
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Entanglement problem Exponential Scaling

A +
Tensor Simulation Tensor
Networks of Laarg‘J_e‘Quz-mLum Contractions
Circuits
®
- _...e Ground-State
Closed and . Becn st of 2D Fermions
Open '
Dynamics of
2D Lattice ° ..
Systems :
°
Benchmark Large
Full Quantum Hardware Quantum
Tomography Monte Carlo
Exponential Scaling Sign problem

T

Pirsa: 19070003 Page 12/56



Golden Age
of ML for
Quantum Physics
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The
State

Of
Things
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Carleo, and Troyer
Science 355,602 (2017)

Many-Body Amplitudes

U(sy...sny) = g oW g2 o w2 o g

Nonlinear Activation
Functions Applied
Component-Wise

Quantu'm
Numbers

Variational Parameters

(complex-valued here)
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25 P(s, W)L(s, W)
----- . E,(W) —_— ZS P(SQWY)

Loss Function Probability Density
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L(W) = > P(S,W)ﬁ_(S,W)
- > Pls, W)
Loss.Function Probability Density
Simulation Driven Data Driven
P(s, W) = |U(s, W)|? P(s)
Stationary Probability
No External Data Defined by Data
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Simulate
Quantum
Systems

Problem Driven
(Self learning)

Characterize
Quantum
Hardware

Data Driven
(Experimental
Measurements)
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FE ww)ewy) —

&
Exact Ground-
State Energy
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U(W)[H[T(W)) _
(T(W)[T(W)) ~e"

E(W) = ¢

®
Exact Ground-
State Energy

Expectation Minimization

— Zh‘ |\1}(Sa ”') 'zElo(: (3; ”’)
: 2.5 [W(s, W2 McMillan

Phys. Rev. |38,
A442 (1965)

L(W)
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Loss Function Probability Density
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Variational Learning Is
Significantly Harder Than
Data-Driven Applications

Specific Requirements In
Terms of High Accuracy/
Complex Networks, etc
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Restricted Boltzmann
Machines

“Spherical Chicken
in Vacuum”
[L. Wang]

Carleo, and Troyer (1) _
Science 355,602 (2017) g (x) = log cosh(x)
Melko, Carleo, Carrasquilla, and Cirac _(](2) (‘._I_f) — (?Xp(;:‘_?)

Nat. Phys., Perspective (2019)
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Input Layer

Deep Convolutional Networks Are
Polynomially More Efficient
Than Shallow Ones

i

__ Levine, Sharir, Cohen, and Shashua
Physical Review Letters [22,065301 (2019)
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Saito, and Kato
J. Phys. Soc. Jpn. 87, 014001 (R018)

Choo, Carleo, Regnault, and Neupert
Phys. Rev. Lett. 121, 167204 (2018)

Liang, et al.
Phys. Rev. B 98, 104426 (018)

Kochkov, and Clark
arXiv:1811.12423 (L018)

Choo, Neupert, and Carleo
arXiv:1903.06713 (2019)

Sharir, et al.
arXiv:1902.04057 (2019)
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Choo, Neupert, and Carleo
arXiv:1903.06713 (2019)

6 layer deep fully convolutional network:
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Filter Shape: | |
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J1-J2 Model
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Carleo, and Troyer
Science 355,602 (2017)
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Shallow (RBM) Network

10 by 10 cluster
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Choo, Neupert, and Carleo
arXiv:1903.06713 (2019)
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Sharir, Levine, Wies, Carleo, and Shashua
arXiv:1902.04057 (2019)
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Neural-Network Quantum States
Are Improving At A (Doubly!?!)
Exponential Rate
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Spin-spin correlation structure factor
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0.005 1 CNN
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Choo, Neupert, and Carleo
arXiv:1903.06713 (2019)
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Sharir, Levine, Wies, Carleo, and Shashua
arXiv:1902.04057 (2019)
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Sharir, Levine, Wies, Carleo, and Shashua
arXiv:1902.04057 (2019)

Relative Energy Error vs. Iterations

Direct Sampling
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Density Matrix

P
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Can be made hermitian
No guarantee to be pos. def.

Pirsa: 19070003 Page 41/56



p(l, Z V(1 h)W “( h)*

hM

Ancillary variables

Hermitian
Positive semi-def.
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Torlai and Melko
Phys. Rev. Lett. 120, 240503 (2018)
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Hartmann and Carleo
Phys. Rev. Lett. 122,250502 (2019)
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Lindblad

Dynamics




J

Variational Time Evolution Exact Time Evolution

0= @Owp

k

[(Z)'I"h:r’;i:-r’ =0 hl(/-’l:.,.-)/(‘;—)“’fk)
°

Variational
-...4 Operators

Pirsa: 19070003 Page 45/56



Pirsa: 19070003

Lo

0= Z aOrp — L]

. 2

)

Minimize L2
Distance

Hartmann and Carleo
Phys. Rev. Lett.
122,250502 (2019)

Nagy and Savona
Phys. Rev. Lett.

122,250501 (2019)

'1 . »
E *Sk;p(lp ::.fk

P

Explicit
Equations of
Motion

Yoshioka and Hamazaki
Phys. Rev. B 99,
214306 (2019)

Vicentini, et al.
Phys. Rev. Lett. 122,
250503 (2019)
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Dissipative Anisotropic Heisenberg
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Nagy and Savona
arXiv:1902.09483 (2019)
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import netket as nk

q nk. ph.Hyp ihe{lengthm2@, n dimel, pbceTrue)
www.netket.org

hi nk. L b LSpin(s=0.5%, graph=gq)

ha nk. igth=1.@, hill t=hi)

ma nk.machine.RbmSpin(alpha=1, hilbert=hi)
ma.init_ran arameters(seed=1234, sigma=a@.01)
NetiKot: A Machine Loarning Toolkit Tor Many-Body Quantum Systems
Colvseppes Cirleo " Bere Clse Db Hotamn, " Banwes P01 St b, Tome Westerhonn - Pabiden Aot By
Davis Tean Cilnsencr,® Sheng-Haunn Lin.” Marta Manet," 1 Gughiel dn ! Chvistinn B sa = nk. «Metropoluisl 1L{machine=ma)
Mlend], '™ 1 un O Rl e Théveninnt " Cincome Torlai, and Alesander Wietok!
op nk.optin .Sgd(learning rate=0.1)
A
b
! gs = nk.v {
hamiltenian=ha,
i
T sa,
ptim =op,
n_samples=1000,

arXiv: 1904:00031 (2019) Gs: U (OUTpUL_prefix="iest’, n_iter=300)
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Still missing a meaningful measure of
classical simulation complexity
beyond entanglement entropy

Only A Few Works Have Focused on
Fermions

The Point at J&/J1=0.5
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Only Some Symmetries Can Be
Efficiently Imposed At The Moment

For open systems, scale to simmulation
of larger systems in two dimensions
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Neural Network Quantum States Can
Already Outperform Existing
Techniques In Selected Challenging
Applications

Fast Progress Seen
When Closing The Gap
With State-of-the-art
Deep Learning

Much closer to a
standardization of tools
and software
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