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° Metropolis is a choice P(z|z')—universal, slow (local update)
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° h is used for sampling
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Machine learning model — Learn probability distributions
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> How to train RBM? How to choose W' ?
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° Optimize W — Gradient descent: Wz’j — Wij — A,
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° Which states :U(i) do we train with?
° States sampled from Pphys

sample Ppnys — train Prpys — sample Pyhye
Problem!!!
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; ° Problems:
Introduction . .
° Need to do Metropolis (expensive)
RBM
CREm ° More particles — matrix Wis larger — longer training
Pamples ° Solution:
Summary

° Symmetries!!

° Translational invariance (Convolutional RBM)

° Number of parameters O (L4) — not L dependent

> CRBM — fully convolutional — same CRBM for different L

° Train small L — Sample large L

sample Pppys with Metropolis at Leman — train Porpasr at Lgman — sample Pponys at Liarge
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2D Ising Model

° Proof of concept

° Nearest neighbour interaction — 2x2 kernel (11 parameters vs O(L*))

° Sufficient to train at L=3

Metro.
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2D Ising Model

° Proof of concept

° Nearest neighbour interaction — 2x2 kernel (11 parameters vs O(L*))

° Sufficient to train at L=3
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° Quantum spin liquid
° Analytical ground state
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Kitaev Model
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Kitaev Model
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x bonds y bonds z bonds

° Quantum spin liquid

(\
° Analytical ground state f/&x y

° Fractionalized Quasiparticles:
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/o gauge fields Uj; T

° Itinerant Majorana fermions @ ( \ /L ,
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Kitaev Model
H =1J, Z CwCh — 1Jy Z CbCow — 1 Z UCHCop
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° Itinerant Majorana fermions Q) () )/Q L
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° Monte Carlo on the gauge field Ujj; = 11

> Each MC step— Trace out itinerant Majorana fermions

° Solve eigenvalue problem O(LG)% Only small simulations L<20
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Vison Crystals in an Extended Kitaev Model on
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> Phase transition
° Previous work — no critical exponents
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° Sampling P(x)— difficult
> Method — Markov chain
> Objective:
° Markov Chain — moves quickly

P(x; W)
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° Sampling P(x)— difficult
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Summary

° LearnPRBM(w; W) ~ phys(lli‘)
° Sample from RBM

° Translational invariance — CRBM

° Train at small L — Sample at large L

° Ising model — Proof of concept
° Kitaev model — MC larger lattices




