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Where the neural networks started success path:
Classifying cats, dogs, handwritten digits, ...
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Classifying topological phase (index) from images...
why is it hard?

* Requires global look at the system
W w a @ * Should avoid “bit by bit comparison”

* Bit by bit works for digits very well!
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The task of this study:

how to combine a powerful technique that “likes
to zoom” with a global characteristic of a system?
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e Robust under “deformations”
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* Not sensitive to disorder 2mi Jpo
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A bit of technical intro’s



Target systems — topological insulators
Example on which we focus: Alll (most typically BDI class),

Target regime - 1D real space (what we have in experiment)
Tunable hopping as “deformation”
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Specific examples — SSH type models - o




Efw

Physics of SSH fam
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Finite size phase diagrams
G. Jin, DO, LJS, EG,
arxiv:2411.17822

P, g-sublatt. projectior

Q = P, — P_ - projection

on filled empty bands
Ty {PBQPA [X, PAQPB]} X — coordinate

[ X,] instead of k-derivative
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What do we train neural networks on?

* Images of all single-particle wave functions
of 1D topological insulator, in real space

* Label —winding number

wave function index
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What do we train neural networks on?

* Images of all single-particle wave functions
of 1D topological insulator, in real space

nanowire junctions, for superconducting resonators
- —0.04 Gate-tunable phase transition in a resonator-
; based Su-Schrieffer-Heeger chain

L. Splitthoff et.al., PRR 6, 043286 (2024)

* Label —winding number e SSH models have real wave functions
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Machine learning “black box” construction



|dea: topological invariant as neural network

Real-space winding number is a sum of powers of inputs (wave functions): ...
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c(j, k) = sign (kRN — 5) - sign ( —\./ . As neural network!

Just ML definitions:
e Box (tensor network element) —
multiplication of 4 inputs

e Circle connected to lines — sum of
all inputs

vi Y | Y o Ym * Lines — weights of neural network
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First run outcomes: trained neura

network

suggested existence of simplified

* Feature of SSH family of models; 2 sublattices
* E>0and E<O are linked via symmetry A,B->A,-B
e 2-point correlators are enough

(a) topo+sym
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Training performance on SHH + ESSH dataset

Usual network
(c) FNN

Dataset — SSH and ESSH models,
160k samples: wave functions -> winding number
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Why regular neural networks are so “bad”?

* Selected powers Out; = ReLu or Tahn or Sigmoid (W * Input;) =
= ax @ cx3 @ + .-
* “Single-neuron networks” -y B
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Side knowledge: Kolmogorov-Arnold networks

Arxiv:2404.19756, Max Tegmark group

(Shallow)
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KAN 2.0 We have KAN 2.0 for topo insulators,
“violin”

(a) topo (a) topo+sym
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 Multiplying layer in the main
ingredient

Ilustration (random init)

* Possible to learn/
Or guess from problem type
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After training on f{x, y)

Tegmark group,

arXiv:2408.10205
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Opening black box: weights of trained network

If physical model (as SSH) contains symmetry —

many possible “exact” minima for NN
* Trained weights of 1-layer “topo” NN — satisfy

inversion symmetry ¥,,(x) = (-1)"¥,,(—x) -

Apxt+Ap_x =2

Architecture of “topo” NN requires proper tensor

network input
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Outlook

* Aroad towards exploring complicated topo insulators (amorphous? ...)

* next target: identifying topological invariant by collection of tensor-neural
networks

* Neural network could be a “numerical topological invariant”



QI\/IAI group and coIIaborators

Stan Bergkamp

Badr Zouggari Naoual El Yazidi

Eliska Greplova
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Next talk



Physics informed neural networks
for topological invariants

Motivation:

 Machine-assisted classification of phase in experiment
e Part of states / measurables not available
* Disorder

 Make computational analogue of topo invariant

21
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