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Topological insulators and magnetic
impurities

Spin Hall Anomalous Hall
(2004) (1881)

. . . Quantum spin Hall Quantum anomalous Hall

insulators can induce a topological
phase transition

* Ferromagnetic ordering

¢ Out-of-plane anisotropy

Quantum spin Hall Quantum anomalous Hall

- Topological insulator One single edge states

Two counter propagating
edge states

(€T02) €ST ‘OFE 23UaNS ‘YO 'S

(2102) T089L0 ‘60T T¥d “/0 32 3uaH



po “SpiritCode .
( Code ) o
\\Mmmmw e magnetlzatlon N

VoronoiCalculation

/ _— structure '\ {mmalandﬁnal B
KkrCalculation i:ummuﬁnglm}
jons of spins)
- \ AiiDAd

y m _data N energles
ArrayData. ﬁ \4" ArrayData.
KkrCalculation @ \\a,_bi, SpiritCalculation e ,",.,/
— ) Y
run optlons N e —

1l

| Diet, upllunal .
[ KkrC J [ , pe . J \ o mc,.) p output_parameters .
e Q Dict. ]
— L (runtime, #steps, )
: parameters N o G
i i Dict, optional |
KkrimpCalculation - fexternal field. ) )
b -
}

KkrimpCalculation
i

Er on; ff ff
Ty= 7 Im / dETr[54Gyo4,Gy] Bt =B = anix (< B

— 00

S —— 2RuBmann, Ribas Sobreviela, et al. 2022.
2RuBmann, Bertoldo, and Bliigel 2021.



4-2, 0x,0y,0z

30 A

254/

Sc:Mo:Bi2Te3_il_3_3_Off_1, 90x,45y,0z

00 090009 00
00esge g0 ©
0000000000000 00
5} oomonoo.ooo 5)
00 00eHOVED0e000

hy 1

0 .Q“Q. o0

4-2, 90x,0y,0z

° °
® ®
) ®
1o S
® ®
o o
® ®
&) )
1o o
® (S
1o ®
® e
) o
o )
® ®
) )
0 10

CriFe, 3-1, 90x,0y,0z

Cr:Fe, 4-1, 90x,0y,0z

CriFe, 3-2, 90x,0y,0z

Cr:Fe, 4-2, 90x,0y,0z




c [}

(S - jo ) o - o} c [SEe] > £ o (o) o]

W FEF >0 =20 z2O0ONDM>XSNZZSZ=TEHEZxEALIO

SC - 0 0.012 0.056 0.039 0.083 0.14 0.0850.051 0O 0 0 0 0.1 0.25 0.18 0 0 0 0 0 SC

=)

0.1 -1 083 02 0025 0 Tj

Ti-0.012 6. h 3 41 19 0.064 0

V -0.055 1.3 -4.6 0.29 0.053 0.021 0.17

0.44 1 0.16 0.099 0.013 \/

Cr-o0.04 -7 0.0610.048 0.021 0.15 -0.24 0.26 0.36 0.0170.022 Cr
Mn -0.082
Fe-o.11

C0-0.063 3.4

-5.4 0.036 0.036 0.034 0.25 -3.6 0.092 0.17 0.013 0.023 Mn

0.1 0.051 0.06 0.16 -1.9 0.25 0.55 0.0630.042 Fe

-3.2 0.12 0.013 0.028 0.18 -3.7 0.27 0.0850.054 0.012 Co

Ni-o005 1.4 1.7 0.015 0 0.019 0.13 -2.8 0.0820.042 0 0 Ni

Cu- 0 0062 028 00550035 0.1 0110012 0 0 0 0 008 0 0 o0 0 Cu
Zn- 0 0 0.0560.0480.03600770021 0 0 O O 0 007 027 02 0 O O 0 0 Z7Zn
Y- 0 0 0.0210.0210.034007400380019 0 0O 0 0 0029012 011 0 0 ©0 0 0 Y
Zr- 0o 011 018 014 026 02 022 014 0 O O 0 063 037 013 0 O0 O 0 0 Zr
Nb- 0.1
Mo - 0.25

Tc-oa1s8
Ru- o -08 058 -1.1 -48 -13 -36 -28 0076 001 0 0 16 17 15 0.87 0.0480.0170.0380.011 Ry

74 -39 0.024 -3.9 0.16 0.066 0.028 0.61 6.2 B] 1.7 2.8 0.15 0.0490.013 Np
6.4 43 15 076 19 0.068 0.12 Mo

43 45 -072 12 11 23 012 014 Tc

Rh- o 1 1.1 0.24 0.099 0.23 0.23 0.065 0 0 0 0 32 075 1.4 0.051 0 0 0 0 Rh
Pd- o 016 024 044 022 089 0.14 0.049 0 0 0 0 018 24 23 0.015 0 0 0 0 Pd

Ag - 0 0.024 0.093 0.015 0.013 0.063 0.052 0 0 0 0 0 0.046 0.064 0.12 0.039 0 0 0 0 Ag

Cd, 0 0 0.014 0.022 0.023 0.041 0.019 © 0 0 0 0 0.014 0.13 0.14 0.011 O 0 0 0 Cd
S
wn O = & 9 2 0 N N =2 2 B 2 £ 282 2 8



c [}

(S - jo ) o - o} c [SEe] > £ o (o) o]
W FEF >0 =20 z2O0ONDM>XSNZZSZ=TEHEZxEALIO
SC - 0 0.012 0.055 0.039 0.082 0.12 0.074 0.051 © 0 0 0 0.1 0.25 0.18 0 0 0 0 0

Ti-0.012 63 3.7 1.7 0.063 0 0 011 -0.92 0.94 0.18 0.024 0

V -0.055 6.7 0.29 0.054 0.021 0.18 0.51 1.1 0.2 0.096 0.013

0.058 0.048 0.021 0.15 -0.65 0.25 0.4 0.016 0.022

Cr-0.039
Mn -0.082
Fe-o0.12 28 0.036

0.035 0.036 0.034 0.25 -4.2 0.096 0.19 0.013 0.023

0.1 0.064 0.067 0.18 -1.6 0.24 0.72 0.063 0.042

C0-0.074 3.7 047 0.12 0.017 0.033 0.2 -3.6 0.25 0.11 0.053 0.015

Nj-0.051 1.7 -5.1 0.013 0 0.019 0.14 -2.8 0.0730.046 0 0

Cu- 0 0063 029 0.0580.035 0.1 0120013 0 0O 0 0 016 025 02 0078 0 0 0 O
Zn- 0 0 0.0540.0480.03600640017 0 0O O O 0 006802 02 00l 0 0 0 O
Y- 0 0 0.0210.0210.034006700330019 0 0 0 0 0029012 011 0 0 0 0 O
Zr- o 011 018 015 025 018 02 014 0 O O 0 062 037 013 0 0 0 0 O
Nb- 0.1
Mo - 0.25

Tc-oa1s8
Ru- o -092 051 -0.65 -42 -16 -3.6 -2.8 0078 001 0 0 17 16 14 087 0.5 0.0160.0380.011

-4.3 0.16 0.068 0.029 0.62 Bl 36 1.7 3 0.17 0.047 0.014
QEN 0.25 0.26 0.12 0.37 6.3 44 16 075 2.1 0.066 0.12

02 02 011 013 3.6 44 -072 14 12 23 012 0.14

Rh- 0 094 11 025009 024 025 0.073 0 0 0 0 3 075 12 005 O 0 0 0
Pd- o 018 02 04 019 072 011 0.046 0 0 0 0 017 21 23 0.016 0 0 0 0

Ag - 0 0.024 0.096 0.016 0.013 0.063 0.053 0 0 0 0 0 0.047 0.066 0.12 0.038 0 0 0 0

Cd - 0 0 0.013 0.022 0.023 0.042 0.015 O 0 0 0 0 0.014 0.12 0.14 0.011 O 0 0 0
19) i- > — C (0] (e} = 3 [ > — Qo (] o 3 < el D T
wn O = £ O 2 O N N > = F g £ aa « O

Sc
Ti
\%
Cr
Mn
Fe
Co
Ni
Cu
Zn

Zr

Nb
Mo
Tc

Ru
Rh
Pd
Ag
Cd

10

-10

-15



ML density functionals Primary DFT output Secondary DFT output Tertiary DFT output

Charge density, .
Atomic Kohn-Sham energy levels & :(t)arlningi);s Othreor Zr;t);zlscal
configuration equation wavefunctions iy
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Machine learning DFT
Machine learning force fields

Machine learning property predictor

"Chandrasekaran et al. 2019.



Descriptors: Coulomb Matrix, SOAP.
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Models: Kernel ridge regression.
Kernels: Linear, Gauss, Laplace.
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Results

Average model performance in 5x3 CV', N = 1728 samples.

Model tyain lest MAE R2
CM-KKR-lin-rcut-4.0 144 0.01 156 -2.14
CM-KRR-lap-rcut-4.0 254 0.04 050 0.54
CM-KRR-lap-rcut-7.6 541 212 053 0.53
SOAP-KRR-lin-rcut-4.0 52.6 0.83 0.87 0.01
SOAP-KRR-rbf-rcut-4.0 160 090 0.46 0.73
Best model from 5x3 CV, performance on test set.
Model MAE R?
CM-KKR-lin-rcut-4.0 1.15 -0.01
CM-KRR-lap-rcut-4.0 0.05 0.99
CM-KRR-lap-rcut-7.6 0.05 0.99
SOAP-KRR-lin-rcut-4.0 0.87 0.01
SOAP-KRR-rbf-rcut-4.0 0.12 0.96

"TMAE unit is meV, time is seconds. Hyperparameter grid sizes ~3x3.



Results J/ meV, model CM-KKR-lin-rcut-4.0, MAE = 1.15 meV, R2 = -0.01
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Results
Parity plots

Actual values
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Conclusion

™ Benchmarked symmetry-adapated ML surrogate models for exchange coupling constant Jj for
magnetically co-doped Tl BixTes

™ Only non-linear kernels manage to capture the structure-property relationship

™ CM showed better test performance, SOAP better average performance despite large
chemical space (22 elements)

[™ Larger atomic environment did not improve performance (CM; SOAP not tested)
= Extend from 2 to N defect atoms

I Evaluate advanced models (sparser’, higher body-order?)

'Lopanitsyna et al.
2Batatia et al.
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