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] Quantum Spin Liquid Candidates

Kitaev materials kagome magnets

0.6

Fu, et. al., Science 2015
Cu,Zn(OH)FBr, CPL 2018

J. A. Sears PRB 2015; A. Banerjee, et. al., Science 2017;

There are debates in these quantum materials ... a-—1b

1 How to decode the “DNA” of quantum magnets? ;gii‘;-zl*f-z:?:f
» Spin Hamiltonian and interaction parameters
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AReCh,: A family of frustrated
magnets

(A = alkal1 or monovalent 1ons, Re =
rare earth, Ch =0, S, Se)

Liu, et. al, CPL 2018; Dai, et. al,



] Can we infer the many-body model from experiments?

And then determine the exotic quantum states therein ...

» Dynamical data are expensive to measure and difficult to

compute/analysis via many-body approach

» What about thermal data (easier to obtain and analysis)?




1 Solve the Inverse Many-body Problem with Thermal Data

Lattice model Thermal data
J,A O

¢ ¢ & forward
q

Jl
¢ |
Inverse 0o 1 2 3 4 5

I'(K)

» Many-body Solver: Thermal Tensor Networks » Optimizer from Machine Learning



Thermal Tensor Networks

J Linearized Tensor Renormalization Group (LTRG)
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Y.-L. Dong, [...], WL, PRB 2017




J Exponential Tensor Renormalization Group (XTRG)

2D Quantum Ising (up to 162-sites) Square-lattice Heisenberg
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d Fitting the thermodynamics:
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Parameter Optimizer




J An automatic parameter searching approach

Auto-Gradient Bayesian
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» Automatic and efficient!

» Systematic and human bias reduced.
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Jd Automatic Gradient

computational graphx - H - Z —» 0, — L

many-body solver Define the loss:
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» Derivative of fitting loss over oL _
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»

H.-J. Liao, et. al., PRX 2019
B.-B. Chen, [...], We1 L1, and Z.Y. Xie, PRB(R) 2020




J Bayesian Optimization

Gaussian Process & Acquisition function

» Fitting Loss Function L: least square
» Gaussian Process: high-dimensional optimization problem :

» Acquisition function: balance exploitation and exploration

Suppose: GP: X, D — u,o V41 to be estimated at X, |

HMn (Xn+ 1 ) — k(Xn+ 1 )TK_ ! Y,

0-721(Xn+1) = k(xn+la Xn+l) _ k(xn+l)TK—1k(Xn+l),
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 Gradient-based vs. Bayesian optimization

(animations)
Gradient-based Bayesian
Masked Black Box Function f
Masked Black Box Function f T :
Objective: find argrmax f Objective: find argmax f . Predicted mean f
5.0 6 - -

45

40

- 3.5

|30
- 3.0 > 0
L 25
25

o H'i'story Queries
» New Aquisition

e History Queries

-6 New Aquisition
-6 -4 -2 0 2 4 6
-6 -4 -2 0 2 4 6 X
X
4 -

4 .

; : 2] o o Aquired Value per Iteration
21 o Aquired Value per Iteration Max Value

——— Max Value ' ' ' ' ' ' ' '
0; . : : : : , , 0 5 10 15 20 25 30 35 40
0 10 20 30 40 50 60 70 lteration

lteration



1 Artificial Experimental Data

< Generated by LTRG, XXZ HAFC model with two parameters /., and J,

l i Jz, Ixy
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» Gaussian (white) noise introduced.

] High-temperature solver:

10-site ED

» Only T > T_,,; data are
included in the fitting.



J YES! Parameters Retrieved

Random Grid Search
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Statistical box plot of 100 experiments
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Bayesian optimization has the overall best performance.



J High-Temperature Solver: Varying T_

J2+]24+ % = ]§ff Jo¢s reveal the coupling strength! Jxy = %1 exactly the same spectra

(2)

0.3

V2

Ground truth: J,, =1,J, = 1. 5 fitting is robust



1 High-Temperature Solver: including more thermal data

v' Add more data transverse susceptibility can help improve the resolution

(b) (2)

0.37

Ground truth: J,, =1,J, = 1.5 Jxy = 1 found!



Realistic Materials




] Realistic materials: Spin-chain compound Copper Nitrate

» HAFC with alternating couplings

J/kg=5.13 K

0.5
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v ] =5.13,a = 0.27, Bonner et al. 1983
v ] =5.14,a = 0.23, ]. Xiang et al. 2017

O B=285T
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—--a=027 (C)

What about automatic parameter searching?




J Spin-chain material Copper Nitrate

» Finite-size (10-site) solver: ED, already works

» Infinite-size solver: L TRG, resolution improved XXZ anisotropy
(¢) 2.00 ] ] L/2 1
1;5) isotropic - JZ[(SZn Sa, + S5 Sy +ASE S% )
1.25 =
<] 1.00 + a'(S.)?_Cn 2n+l * S2nS2n+l AS SE""‘II)]
0.75
0.50
0.25 {4 & B g,uBBZSf.
0.00 ® =

46 48 50 52 5.4

J(K)

» Machine fitting (with LTRG): J = 5.16,
o=0.227,A=1.01, g =2.23 with L =
7.4 x 104,

» Previous hand-tuned fitting: J=15.13,
0=0.23, A=1, g=2.31, with L =8.2x10~*

46 48 50 52 54 46 48 50 52 54
J(K) J(K)
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Thermodynamics and XTRG fittings to experimental results.

@
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[31] Cevallos, et al., Mater. Res. Bull. 2018
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61l © Ref.

O Ref.
O Ref.

31
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[32] Shen, et al., Nature Commun. 2019

v Two coupling
Strengths ] 1, ] 2

v’ Transverse field A

[33] Li, et al., PRX 2020



J Triangular-lattice quantum Ising model for TMGO

\
Hroi=J1 Y SiSi+Jo »  SPS7—) (ASF +hgyus S;)
(i.4) ({i,3))

(;

(1= 0.9 meV, Jy = 0.051, A = 0.54]; and g; = 1.101

» 2D quantum magnet realizing KT physics!

A/)=0.54, T=0.50 K SN TMGO

KT Phase
Paramagnetic

Clock Order

l
l
4
5 >

A 0.54 XY point A/l

S. Isakov and R. Moessner, PRB (2003)
Y.-C. Wang, Y. Q1, S. Chen, and Z. Y. Meng PRB (2017)
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JEvidence of the Kosterlitz-Thouless Phase in TMGO

» NMR shows a quasi-plateau

at intermediate temperature,
floating KT phase.
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Nat. Commun. 11, 5631 (2020)
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 Triangular-lattice Magnet TmMgGaO,

H = JZSS +J, ZSS AZS g,uBZS
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 Triangular-lattice Magnet TmMgGaO,

(a) 10 (b)
ED c
Tcut:4 K E (Ha‘nd-tuned)
%/
(e)
XTRG »
I'o,=1K <
5 10 15 20 5 10 15 20 5 10 15 20 10
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H=1J ZS?Sj'_l_‘Iz Z SZ;S?_AZS;C_&“BBZS? H. L1, [...], WL, Nature Commun. 2020

i Gy Y. L1, et al, PRX 2020; Y. Shen, et al, Nature Commun. 2019



' ] H Li[..], WL, i
. Kitaev material a-RuCl, i, [.], WL, in process

» Fitting Landscape ** Reproduce major exp. features

K_25 meV (a) 25 — - —_————— T (C) 0.8 ¥
r _0 3 Kubota2015 Johnson2015
/ ‘K‘_ : o} D02017 Kubota2015
- Widmann2019 —~ 06l 4 « DMRG
b4 - XTRG *
= 15 E
g T 0.4
2 1] S
z
0.2}
O o5
T, Th
0 — - 0 -
101 102 0 5 10 15
T (K) HH (T)
(D)o.04 — C;_o - (d) s y
, , £100}" “X= 7§ . = —ED, T
\ ' @ '--\:L ‘,‘ .3 w4t —ED, M
_0.03% 'S 6ol T8, 8" ' =
5 ! =z e =
E = 20% T £33
g 0.02 - Weber2016 ] 2
S . Banerjee2017 227
. \ L.-K.2018 e
0.01 - XTRG ! :
- _C, f
O [ i i M i J \
0 50 100 150 200 250 0 2 4 6 8 10
T (K) w (meV)

J/\K|=

-0.1

200
& (K)

300

400

H=Y [KS]S]+JS;-S;+T(S'S; +S/S) +T'(S]S¢ + S2S] + 5] S7 + S7S))]

(Z .] > g |




J Outlook: The family of rare-earth triangular magnets

» Rare-Earth Chalcogenides
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. (A = monovalent ion)
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W. Liu, et. al., Chin. Phys. Lett. 2019

AReCh,

| A=alkal1 or monovalent metal, RE=rare earth,
Ch=0, S, Se, Te¢]
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/.. Zhang arX1v:2011.06274 (2020)
NaYbSe, analyzed, mean field



1 Open source package: QMagen

§‘ QMagen

€

$TOMAGEN @ Beijing ¢ https://wlibuaa.github.io/ [} w.li@buaa.edu.cn

Quantum Magnetism Genome --- Knowing the Microscopic Spin Hamiltonian from Many-body Analysis
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A method which combines quantum many-body calculation and unbiased
optimizers to automatically learn effective Hamiltonians for quantum

magnets
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Updated 25 days ago

@ Jupyter Notebook 3B GPL-3.0 %0

S. Yu, Y. Gao, WL, arXiv:2011.12282 (2020)




Summary

» Tensor network solvers + efficient optimizers can be used to solve the
inverse many-body problem

» OMagen: uniform framework for the many-body analysis of thermal data, and
search for spin liquids

vyreal — jreal
Jy =)y =1

Jx =fy

Thank you for your attention! S Yu. Y. Gao. WL.
arX1v:2011.12282 (2020)



