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Detect local complexity of quantum states

e A new measure for the local complexity of quantum many-body states

e Local complexity:

o number of parameters needed to reproduce all local observables

e Applications:

o detect stages of noneq dynamics

o detect (lack of) thermalization

o learn H from local observables

o analyse and characterize quantum simulators

o detect noise-type

M. Schmitt and Z. Lenardi¢, arXiv:2102.11328.



Complexity dynamics: information bottleneck

Short times: Long times:

e Inital product state e Emergent hydro description,

Lux et al PRA 2014, Bohrdt et al NJP 2017
e Operator growth,

Parker et al, PRX 2019 e Only conservation laws matter

O(t) = exp(Lt)0(0) e Statistic description
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Autoencoders — efficient data encoding (compression)

Input x: expectation values tr[O(a)p] of local operators
Ola) =07t ... ‘7|Ojsl|8|7 a=(o,...,o5]) € {0, x,y, z}°!

Data sets:

o one data set: Np operators

o need N, sets for learning
Dimensional reduction by encoder:

o Nop-dim to N;-dim
Bootleneck: N; neurons

Output fy(x): network reproduction of local observables



Autoencoders — efficient data encoding (compression)

v
= X
% «“*&«’Z\“}‘x"

2\ X
‘«\\V« 2

Y
M

Input x: expectation values tr[O(a)p] of local operators
als S
O(a) = o7" "'U|5|| ', a=(ay,...,q5) € {0, x,y, z}°!
Bootleneck: N; neurons

Output fy(x): network reproduction of local observables

1. Initialize the network by training on a subset of realizations

Lp(0) = |D—1'I" Z (f@(X) — x)2

x€DT

2. How well unseen (O(ax)) can be reproduced by the network: Test error



Complexity dynamics: information bottleneck

Short times: Long times:
 Inital product state e Emergent hydro description,

Lux et al PRA 2014, Bohrdt et al NJP 2017
e Operator growth,

Parker et al, PRX 2019 e Only conservation laws matter

O(t) = exp(Lt)0(0) e Statistic description
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Detecting (generalized) Gibbs ensemble

Hamiltonian: integrable t-Ising
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Data set: 'synthetic’ GGE

1 Yy
(0(a)) = ulO(e)pocel,  poce = Ze21 M, Go=H

with random \; € [—2, 2]



Detecting (generalized) Gibbs ensemble

Hamiltonian: integrable t-Ising
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Data set: 'synthetic’ GGE
1
(O(e)) = t1[O(e)pcee],  poce = e

with random \; € [—2, 2]
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Detecting Gibbs ensemble

Thermal states
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Towards interpretable learning: What does it learn?

® mapping of N, dimensional latent space to 2D (t-SNE)

e color by (H)/N — monotonic function of energy
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Reconstructing H from measurements in Gibbs ensemble

Consider pge = 2€™% of Reconstruction of H from (O(a)):

H ZJ O-J+1+h0-

t-SNE prOJectlon of latent space

I1 c) zz

0. t-sne, test error — expect p ~ e °"

1. Find operators (O(a)) with largest
gradient along the line:
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2. Newtons method — get hy = hy/J
tr[o?o? e P “inthe)] (07071 1)mes = 0

tr[O-j e_ﬂ( J J+1+h 7 )] < J)'<>mes =0



Detecting (generalized) Gibbs ensemble

Consider integrable t-Ising Hamiltonian

/ \V
s 2 ; 1 Oy €
H = E :JUJUJ + hxoj, pece = ?eAOCfJ“lCl,

Towards interpretable learning: What does it learn?
e mapping of N, dimensional latent space to 2D (t-SNE)
e color by (HY/N,{(C)/N




Complexity dynamics: information bottleneck

Short times: Long times:

e Inital product state e Emergent hydro description,

Lux et al PRA 2014, Bohrdt et al NJP 2017
e Operator growth,

Parker et al, PRX 2019 e Only conservation laws matter

O(t) = exp(Lt)0(0) e Statistic description
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Open setup: parametrization of steady states
. _ A A 1
Lp=—i[H,p]+€eDp =0, Dp:zk:LkﬂLl— E{LILk,p}

e Known simpler limit € — 0

Le P H chaotic (ZL, [Alberton] Altman, Rosch, PRL 18, [PRL ’20])
p= _ c ,
%e Zi /\'C', H integrable (Lange,Z1.,Rosch, Nat Comm "17, PRB "18)

e Finite small € (ZL, Lange, Rosch, PRB 97, 024302 (2018))

p = pcyce + 6p(e)

e Setup studied here: randomly rotated 1-site and 2-site Lindblads

Lo = (Rz(e)Ry(qb)s: R;l(qs)R;l(e)) Pt LD =R(0R, (¢ )P R (IR (O)



Open setup: weak coupling to baths ¢ < 1
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What is learned?

Q)

[y \J‘ X AWV, X
Do 2D projection of the latent space \Vﬁ’/ \V/A\\Vf
eoder Zl{) decoder

Integrable H — p ~ %e_zik"c",

H = Z Joioiy + heos

Chaotic H — p~ e ",

H = Z Joioj1 + heo + hzof
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Open setup: noise-type reconstruction
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Complexity dynamics: information bottleneck

Short times: Long times:

e Inital product state e Emergent hydro description,

Lux et al PRA 2014, Bohrdt et al NJP 2017
e Operator growth,

Parker et al, PRX 2019 e Only conservation laws matter

O(t) = exp(Lt)0(0) e Statistic description
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Complexity growth in random circuits with S, conservation

Oy —
Oy —
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Vool el ®f

e Start with a product state — need 2 variables
e Propagate with random unitaries with magnetization conservation — C,\

e Measure local observables at different times



Complexity growth in random circuits with S, conservation
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Conclusions

Detect low-dimensional physical represenation

® Closed systems

o Distinguish chaotic from

v
integrable system
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© Reconstruction of H from < > ”wg\' <O(M>
measurements \‘W

e Open systems tucoder

o Detect the complexity of
density matrix

o Reconstruction of noise-type

l‘laAYU
e Advantages

0t) »[H,[H, [H,-[H,0]-]
o Suitable for experimental data

Yeolel el e TAN[Z Y
o Ansatz-free measure of local
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M. Schmitt and Z. Lenardéi¢, arXiv:2102.11328.



