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Abstract: Recently, machine learning has become a powerful tool for detecting quantum phases. While the sole information about the presence of
transition is valuable, the lack of interpretability and knowledge on the detected order parameter prevents this tool from becoming a customary
element of a physicist's toolbox. Here, we report designing a special convolutional neural network with adaptive kernels, which alows for fully
interpretable and unsupervised detection of local order parameters out of spin configurations measured in arbitrary bases. With the proposed
architecture, we detect relevant and simplest order parameters for the one-dimensiona transverse-field Ising model from any combination of
projective measurements in the X, y, or z basis. Moreover, we successfully tackle the bilinear-biquadratic spin-1 model with a nontrivial nematic
order. We also consider extending the proposed approach to detecting topological order parameters. This work can lead to integrating machine
learning methods with quantum simulators studying new exotic phases of matter.
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Interpretation Net Localization Averaging Prediction
: Network letworl

S. Wetzel et al.
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Interpretation Net
: 1 :
S. Wetzel et al. 1x1 f(si)=fo+ f1 si+ fo si+f3 s} +... ' (ﬁ Zj(si))
1 Y :
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Localization Averaging
Network Layer

Interpretation Net

R } — S5
S. Wetzel et al. (R0 &
; R ;
* |t requires multiple training runs S>e
The more complex correlators you consider, =0
=

the larger number of training runs.

* Multi-class problems are challenging to implement
What if one phase is driven by one-body and another by two-body correlators?
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Correlator CNN

C. Miles, A. Bohrdt,
E.-A. Kim et al.
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Tetris

ive CNN

Loss function
promoting the use of:

1. simple kernels
(correlators)

% % 2. the smallest number

of kernels (correlators)
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BXD.XLxL, |

Input
BxD. xLixL]

BXD XL{xLy

Cybinski, Dawid, et al. (2023) in preparation
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Adaptive CNN

for order parameter detection

Correlation extraction network
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Adaptive CNN
for order p

3. Average over the —_—
system.

1. Each branch gets

its own kernel size Correlation extractio
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Adaptive CNN
for order parameter detection

Classification or
regression network

4. Activations
coming from
each branch —

each kernel
and
corresponding
correlator.
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Adaptive CNN
for order parameter detection
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1D transverse-field Ising

Two setups:
1. supervised classification: training data far from the transition
2. unsupervised analysis with regression (task: predict g)
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DMRG using ITensors.jl library in Julia
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1D transverse-field Ising

Data in z basis

Kernel 0 activations vs correlators
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1D transverse-field Ising
Data in z basis

Best fit - a tradeoff between accuracy and complexity
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1D transverse-field Ising

Data in z basis
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1D transverse-field Ising

Data in y basis

Mean kernel activations on validation set
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1D transverse-field Ising

Data in y basis

Kernel 3 activations vs correlators
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How to make it unsupervised?

Prediction-based method by Eliska et al!
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1D bilinear-biquadratic spin-1
Heisenberg model

g
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expansion (spin-1!)
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1D bilinear-biquadratic spin-1
Heisenberg model
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Nore [ Preliminary!! ]

* Because our DMRG-generated data is suboptimal
* Because we need to regularize the CNN more

ferromagnetic
(gapless)

dimerized
(gapped)

q_ FLATIRON

\ Centar for Computational
M. V. Rakov & M. Weyrauch (2022)

Phys. Rev. B 105, 024424 DMRG using ITensors.jl library in Julia

Lk
2

Pirsa: 23060038 Page 22/25



1D bilinear-biguadratic spin-1 Heisenberg model

ferro- o :
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Extensions

1. Design special kernels to detect
string-type order parameters

2. Apply to 2D: symmetric and non-
symmetric gapped convolutions

3. Apply to 2D with topological order
(Ising gauge theory-ready!)

4. Combine with Siamese NNs

5. Adaptive convolution kernels,
arXiv:2009.06385 Nbg e S

Quantum Physics
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Take-home message

Force your NN to speak the language you know!
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