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Quantum many-body physics simulation

Spectrum calculation Real time evolution
L d
Hly> = Ely> H)ly))=ih— (1))
dt
Eg. phase diagram, excited states, Eg. quantum chaos, quantum circuit
correlation function simulation, dynamics of gauge theories
Challenges:

e Sign problem: non-positive real number / complex number
e High dimensionality: Hilbert space scales exponentially with particles



Challenges: sign problem + high dimensionality

Neural network: low dimensional representation of high dimensional objects

Universal Approximation
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Neural network representation
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Neural network representation

e Neural network as a compact approximation to
high dimensional function
® @
Q—1D— e Symmetric function plays an important role in
® @ m physics
O—®—
® @ . :
&L @ e (Gauge symmetry is crucial for condensed
matter physics and high energy physics
Question:

How to incorporate gauge symmetries into neural network constructions?
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Gauge equivariant neural network

Hilbert Space

. Consider the L x L lattice with periodic boundary conditions

G = (V, E) be the associated undirected graph

with |V| = L? vertices and |E| = 2L? edges

Consider the Hilbert space H = (C?)®/F|

(where C? = span{|0), |1)}) of qubits located the edges

dimH = 2/Bl = 92L°
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Gauge equivariant neural network

Gv = Hcgv Xe

Toric code Hamiltonian H = —J > Wy —A > G,

f veV

. (AY Kitaev, 2003)
Gauge Constraint [G,,H|] =0

Heauge = {|¥) € H : Go|9p) = [¢) Yo € V}
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dim Hgauge — A

P N |
V-1 — 2

Hilbert space grows exponentially and exhibits curse of
dimensionality

Gauge constraint creates subspace



Gauge equivariant neural network

. Invariant function

b(Tor) = P(z)

. Equivariant function
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For some T, as Z2 transition operator
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Gauge equivariant neural network
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Quantum States with Neural Network Constructions

Theorem The four-fold degenerate ground states of the Zs toric code are exactly representable

with gauge invariant neural network functions.

. G |¢> = |”¢> automatically satisfied by Z2 invariant neural network

. W — Analytic construction:
! |¢> |¢> 1 Zz invariant layer

--
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Quantum States with Neural Network Constructions

(Zq model) Consider the usual L x L square periodic lattice where each edge hosts a d-dimensional

qudit. The Hamiltonian defined on H(C%)®F is

H=-Y ) - Y @

veV h€Zy fEF heZy +
t X z
N : A o= X2 B = Z'| f |z
where A, and By are shown in Figure with % -
z
X=S h+1)hl,  Z=Y MR, w= e
heZgy h€Zqg
Theorem The ground states of the Z,; toric code are exactly representable with gauge invariant

neural network functions.
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Quantum States with Neural Network Constructions

(Kitaev D(G) model) The Hamiltonian defined on H(G)®F where G is a discrete group

H=-> A,-> By

veV feF

where A, = |Tl~| > e A7 is the Gauss’ law and the gauge constraint.

A A
y ay Y y
ﬁ v = n 1% - y f X z = 1, uzyixt X Z
5 > >
u ug 1 y J
Theorem The ground states of the Kitaev D(G) model are exactly representable with gauge

invariant neural network functions.
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Quantum States with Neural Network Constructions

(X-cube fracton model) The Hamiltonian is defined on a cubic lattice by

H=-) A,-) B

veV,i ceC
z z
A A
Z
Z Z 3 Z
zy Xz Z -
- V4 . — Z v >
Av - % < >y AV - 2 v L y
Z X‘ A X‘
Theorem

invariant neural network functions.
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X

The ground states of the X-cube fracton model are exactly representable with gauge

15



Gauge equivariant neural network
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Toric code hamiltonian with transverse field (L=3)
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H=-J) Wi—h) X

ecE
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Gauge equivariant neural network requires fewer parameters and has better performance.
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Gauge equivariant neural network

Hamiltonian with sign problem (L=3) H=-J) Wi=hY Xe=Jy) |]Ye
eck O
100 ‘ * A --““:. 1071 4
Y e ® 10- *-
1071 g ] A
Nl=12 R
g 10 A—AA L 1 ws O @@ o
L A § 1071 \-;f "’/ ®
= 10~ m 107 Eoack
. i A s A e
10 A s, ‘ --A- Equivariant 107° 1 P % ;
10| o -4 kil .
0.0 0.2 0.4 0.6 0.8 1.0 Y 02 0.4 06 038 10
_Iy j:‘

Gauge equivariant neural network requires fewer parameters and has better performance.



Gauge equivariant neural network

Study Area-law to Perimeter-law transition on
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Autoregressive gauge invariant neural
network for quantum lattice models
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Gauge invariant neural network

Autoregressive gauge invariant neural network

flx1, 29, ...,xpn) = H f(z;|zic)

e Exact sampling, which is more efficient than Markov Chain Monte Carlo

e |t could be constructed to obey gauge symmetries or other algebraic constraint
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Gauge invariant neural network
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Ground state calculation in gauge sector
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Gauge invariant neural network

Quantum Link Model Hou=—) [¢ Us it1%it1 + 91, U, zmbz] + mz
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String inversion of real-time dynamics
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Gauge invariant neural network arxiv: 2101.07243

Applications to 2D, 3D Toric code and X-cube Fracton model

Hfracton = Z Ai; - Z Bc

veEV,i ceC

HHD
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Gauge invariant neural network

(H)
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Applications to 2D, 3D Toric code and X-cube Fracton model
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Exact representation of grounds states and
excited states for:

e 2D Toric code
e 3D Toric code

e X-cube Fracton
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Gauge invariant neural network
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Summary & Outlook

e (Gauge equivariant and gauge invariant neural networks are proposed to study
gauge theories

e Applications for studying phase diagrams and excited states of different models
with symmetries constraint

e Applications for real time dynamics of gauge theories
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