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Abstract: <p>Time series data contains useful information on the phase of a system. Here we propose the use of recurrent neural networks (LSTM)
to learn and extract such information in order to classify phases and locate phase boundaries. We demonstrate this on a many-body localized model,

and attempt to interpret the learned behavior by looking at individual LSTM cells. We also discuss the validity of the learned model and investigate
itslimits.</p>
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Learning a phase diagram from dynamics
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Machine Learning

Giving computers the ability to “learn” from data,
without being explicitly programmed.

(progressively improve performance on a specific task)
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Phases and transitions

Phase A
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Phases and transitions
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Phases and transitions

Phase A s Phase B
{
Itff‘

Do we have partial knowledge?

N -

Blanking PCA, ..., “Confusion”

EvN, Y. Liu, S.D. Huber, nphys 4037

The answer still depends on the data itself (which measurements)
Beach, Golubeva & Melko PRB 97, 045207 (2018)
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Blanking

We (assume we) know the physics in parts of the phase space

o Phase A Phase B ‘:l*n

Use data from these regions to machine learn (read: fit) a model
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Blanking on the Ising model
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Monte Carlo generated ‘snapshots’ of the spin configuration
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Blanking on the Ising model

Monte Carlo generated ‘snapshots’ of the spin configuration
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Blanking on the Ising model

ferromagnet paramagnet

Hi

TC ?

Monte Carlo generated ‘snapshots’ of the spin configuration
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Blanking on the Ising model

examples
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Blanking on the Ising model

examples
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Many-Body Localization

H= Z o, Oiy1 + hio;} h; € [-W, W]

Thermalizing Many-Body Localized

Phase B
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Many-Body Localization

H= Z o Tit1+ hio} h; € [-W, W]

Luitz et. al., PRB 91, 081103 (2015)
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Machine learning an MBL transition

i

Trained on entanglement spectra
1) [¢) = p=[) (Y]

2) p—>pa=Trpp

- 3) {\i} = diagpa

i

Schindler et. al., PRB 95, 245134 (2017)
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Machine learning an MBL transition

Numerical evidence for an MBL-MBL transition

. PM MBL

Thermal

i 0. 13
logJd logh
Venderley et. al., arXiv:1711.00020

Also trained on entanglement spectra
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Dynamics

Experimentally accessible data?

H = E 0'1-0'7;+1+h,?30'f
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)(t) = €114 (0)

Can we determine the phase from a “movie”?
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Dynamics

Experimentally accessible data?
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Can we determine the phase from a “movie”?
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(Feedforward) Neural Networks

Non-linear activation function

x1 = tanh (91 : :1:)

y = tanh (92 - :z:l)

examples

0 — 0+ aVeC
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Recurrent Neural Networks

h; = tanh (Gh’h’h;_l -+ Bh’"’a':,)
yi = 6" h,
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Recurrent Neural Networks

h; = tanh (Gh’h’h;_l -+ 9”""’:1:,)
y, = 0""h,

\

/Actually, if

h; = tanh(@(h;_1 ® x;))

this can be trained to learn an IMPS

(Christian Mendl @ Dresden)

B
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Character level RNN

target chars: ‘e’

output layer

tanh (Gh’h’hz—l -+ ehma’l)
gyhht

hidden layer

input layer

input chars:  “h”

The Unreasonable Effectiveness of Recurrent Neural Networks
http://karpathy.github.io/2015/05/21/rnn-effectiveness/
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Character level RNN

Proof. Omitted o This xince F € ¥ and x € ¢ the dingram

Lemma 0.1. Let C be a set of the construction.
Let € be a gerber covering, Let F be a quasi-colerent sheaves of O-modules, We
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x
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ll“\|'
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¥
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The Unreasonable Effectiveness of Recurrent Neural Networks
quantumfrontiers.com - Machine Learning the arXiv http://karpathy.github.io/2015/05/21/mn-effectiveness/
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Machine learning an MBL transition

many to one

200 100
1

Classification
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Machine learning an MBL transition
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Machine learning an MBL transition
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Machine learning an MBL transition

Iy ) 7.
N > (PA) ) C = 111 ]‘1
PB PA+PB

pPa+pp =1
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Machine learning an MBL transition

EvN, Eyal Bairey, Gil Refael, arXiv:1712.00450
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Machine learning an MBL transition

Check dependence on included data!
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Machine learning an MBL transition

Check dependence on included data!
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Learning single spin behavior

, Fake magnetization curve

Single ‘unit' (1D hidden state)
Prediction
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Learning single spin behavior

, Fake magnetization curve

Four ‘units’ (4D hidden state)
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Learning single spin behavior

Spin near center of 20 site chain

0.5 1.0
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Network Calibration

(how well does confidence correspond to accuracy?)

Thermalizing-phase confidence

0.1 0.6
Prediction
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RNNs with ‘attention’
can we overcome the fixed input size problem?

RNNs as wavefunction Ansatz
Is there a class of wavefunctions efficiently encoded?

RNNs for quantum control

Feedback circuits and/or forward prediction of qubits
Niu et al. arXiv:1803.01857, Foesel et al. arXiv:1802.05267
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