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Motivation

Experimental results Candidate models
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iInput

Machine
learning

L1 regularization
L2 regularization

Full search
+
Cross validation

Plausible effective model for experimental results
(selection of model parameters in candidate model)
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AsS the first stage

To estimate the spin Hamiltonian
from data of magnetic materials by machine learning

If we can estimate spin Hamiltonian ..

Expect the spin shapshot, magnetic structure, and
structure factor.

Expect the properties which cannot be observed directly
such as magnetic specific heat and magnetic entropy.

Expect the properties in extreme environments such as
super high magnetic field and super low temperature.
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AsS the first stage

To estimate the spin Hamiltonian
from data of magnetic materials by machine learning
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To estimate the spin Hamiltonian from magnetization curve
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Forward modeling and

Bayes modeling

Forward modeling

P(m(H,x)|x) P(m®™(H)|m(H,x))
r /\ At o observed
x = {model parameters} magnetization magnetization
H:_Zjijsi’sj_l_"' —* m(H,X> meX(H)
» \/
ex/ryy _ L(mT(H)|x)P(x)
Pxm™(H)) = =5 S0

Bayes modeling

P(B|A) : Conditional probability of event B given event A

(Posterior distribution : E

=R )




Thermal average - forward modeling -

Forward modeling
P(m(H,x)|x) P(m®™(H)|m(H,x))

/—\ /-\ observed

x = {model parameters} magnetization magnetization
H:_Zjijsi'sj—l_'” m(H,X) meX(H)
i.J

Definition of magnetization as thermal average of spins

(s:) Trs;e =P (H %) 1 al (s:)
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Conditional probability of m(H,x) given X
1 N

P(m(H,x)|x) =9 <m(H, X) — Nls Z<Si>H’X )
1=1

Magnetization is uniquely obtained when the model parameters are given.



Observation noise - forward modeling -

Forward modeling
P(m(H,x)|x) P(m®™(H)|m(H,x))

' 7 N

p i observed
x = {model parameters} magnetization magnetization
H:_Zjijsi'sj_l_"' m(H,X> meX(H)

i.J

Existence of observation noise in m®*(H)
m™(H) =m(H,x)+¢ Assumption : P(g) o exp (
observation noise

Conditional probability of m**(H) given m(H, x)

P(m®(H)m(H,x)) o« exp <




Conditional probability - forward modeling -

Forward modeling
P(m(H,x)|x) P(m®™(H)|m(H,x))

/\ /-\ observed

x = {model parameters} magnetization magnetization

H:_Zjijsi'sj—l_'” m(H,X) meX(H)
2,]

Conditional probability of m“*(H) given x
P(m™(H)|x) O</al??_l(H,f)si)P(meX(H)!m(H x))P(m{H, x)|x)

| al 2
X exXp —QT‘Q <meX(H)_ N‘S Z >

> observed

m®(H) where P(m®*(H)|x) is maximize. magnetization




Bayes modeling

Forward modeling
P(m(H,x)|x) P(m®™(H)|m(H,x))

7\ an

x = {model parameters} magnetization observed

l l magnetization
H:_Zjijsi’sj_l_"' m(H,X> meX(H)
]

"~

P(m™(H)|x)P(x)
P(m™(H))
Bayes modeling

P(x|m™(H)) =

- : — lausible
X where P(x|m®(H)) is maximize. ——= modepl barameters




Prior distribution - Bayes modeling -

Bayes modeling  PxIm™(H)) = P(”;T;i)(\?)l)?(x)

x = {model parameters} magnetization magnetization

H:_ZjijSi.Sj_F.” * m(H,X) * meX(H)

P(X) . Prior distribution (prior knowledge about model parameters)
(Sa170%)
If prior knowledge does not exist, P(x) o const.

If x is sparse (number of model parameters is small),

K A amplitude of regularization
P(x) ocexp | —A Z Tk | (hyperparameter)

K number of model parameters




Posterior distribution - Bayes modeling -

Bayes modeling  PxIm™(H)) = P(”;j;;ifx)(\z))lj(x)

x = {model parameters} magnetization magnetization

H:—Zjijsi°8j—|—“’ * m(H,X) * meX(H)
1,]

We assume that each magnetization is independently obtained
In magnetization curve.

Assumption : P(x|{m™(H))}i=1,.... ) = | | P(x|m™(H)))

Posterior distribution 1

P(X|{meX(Hl)}l:1’...7L) X exp —Tiz Z (mex([—[l) — N‘S‘ Z<S73>HZ,X ) — )\Z |£Ek|
=1 1=1

observed magnetization
curve
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How to determine hyperparameter

L1 regularization _ [ arge )\ : # of model parameters becomes small.
o<eXp< AZM) Small A\ : # of model parameters becomes large.

Ir o0—0 |
For large A\ case, |
o . S o
the observed magnetization curve =~ €= 1 -
will not be fitted. Correspondence | nymper of o S
polynomials : 1

0 .1

from “pattern recognition and machine learning”
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How to determine hyperparameter

L1 regularization _ [ arge )\ : # of model parameters becomes small.
ocexp( AZM) Small A\ : # of model parameters becomes large.

For small \ case, t
the observed magnetization curve - €= o

Is well fitted. Correspondence_l_ number of
polynomials : 9
0 L1

Overfitting will be observed...
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How to determine hyperparameter

L1 regularization _ [ arge )\ : # of model parameters becomes small.
o<eXp< AZM) Small A\ : # of model parameters becomes large.

It O

For plausible A\ case, t
the observed magnetization curve = @ =3 o AN

is correctly fitted. Correspondence | nymber of o
polynomials : 3

0 s 1

o

11



How to determine hyperparameter

L1 regularization _ [ arge )\ : # of model parameters becomes small.
ocexp( AZM) Small A\ : # of model parameters becomes large.

It O

For plausible \ case, t
the observed magnetization curve = €= o O\

Is correctly fitted. Correspondence | nymber of
polynomials : 3

0 s 1

Materlals scientist want to To prevent
know the minimum model. the overfitting
Correspondence

We prevent ’ We determine A so that
the overfitting. the prediction error is minimized.
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Cross validation

To calculate
the prediction error

-

We divide data into
training data and test data.

e.g. We divide the data into 4 groups.

Data used in estimation
of model parameters x*
(Training data)

Data used in validation

for predicted performance

(Test data)

V \4
Ist | | |
2nd ‘ ‘ | ‘ 4 LA
A(N) ::ZZ
3rd | | | |
4th | | |

(mffx —

| Error between test data
and estimated magnetization

1
Nls

N
Z<S’i>HZ/ ,X*
1=1

‘ We use an average of A(\) of
4 times as the prediction error.
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Validation by theoretical model

Classical Heisenberg model with biguadratic interactions
(magnetization plateau is appeared)

= Z Jij |si -85 — bij(si - 85)%] — HZ&? bij = bJiz
(4,5) Z’

S; : Classical Heisenberg spin (S=1/2) Type of
interactions
number distance
Jl - Ny — 2 T = 1

Crystal structure

Jo i no = 2 ro = 1

Js ing =1 rz3 =1
Jiing =1 ry =1
Js :ny = 2 re = V3
Jg :ng =1 re = 2
Jrinr =1 re = 2

model parameters : x = {.Jq, Jo, J3, J4, J5, Jg, J7,b}
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Inputted observed magnetization

Zero temperature

magnetization curve for

—

o

SRy

Jo=1,Jy=4J3=5J,=6,b=0.1

.l.

Gaussian
noise

Magnetization is calculated by the steepest descent method.

1.2

into 4 groups
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Simulation methods

We search the maximizer of the posterior distribution
by Markov chain Monte Carlo method and exchange method.

Energy function for MCMC

. L , 2 K
E(X’A7O-7 K) — ﬁ Z (meX(Hl) T N‘S‘ Z<S’i>Hl,X ) =+ AZ ‘xk‘
=1 i=1 k=1

P(x[{m(H) V1. 1) o exp [~ E(x|\, o, K)]
—= Boltzmann distribution !

Transition probability for Markov chain (x — x')
min {1, exp[—(E(x'|A, 0, K) — E(x|A, 0, K))]}

Dynamical variables in this MC simulation are the model parameters.



Simulation methods

We search the maximizer of the posterior distribution

by Markov chain Monte Carlo method and exchange method.

Introduction of virtual temperature
1

P(x|{m (H) Y110 1) o exp | — = E(x|A, 0, K)

T

Exchange probability between replicas

min{l,exp (E(X’L|)\7 17K) - E(ij\a 17K)) (

1 1

T, T,

)

}

Monte Carlo steps to update the model parameters was 104.

20 replicas with virtual temperatures were prepared

between 0.001 and 10.
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Estimated model parameters

Type of prior distribution Searching by Monte Carlo simulation
Type | Type |l Type llI
7 7
P(x) o< exp [A (Z | Ji| + b|> P(x) o< exp [ (Z g Ji| + b|) P(x) o« exp [)\ (Z ngrJr| + b)
k=1 k=1
. Including # Including # and distance
L1 regularization : : : :
of interactions of interactions
10 - - - - - 10 - - - - - - - - - -
5
0§
S5+t 5F
Success!
-10 - - - - - -10 - -
0.15 - - - - - 0.15
(R = S Y BEFUINRE S G ————— \ 0.] p--G=momuat _____ e_____.o ____ e _ ___.
0.05 h re 005 f - 005
’ 0 O.(I)O4 O.(I)OS O.(l)12 O.(l)16 O.l()2 0.024 ’ 0 0.604 0.(I)08 0.612 0.(I)16 0.I02 0.024 ’ 0 O.(I)04 O.(I)08 O.(I)12 O.(I)16 O.IOZ 0.024
A A A
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A.v(\) obtained by cross validation

Prediction errors

- , _ |
Prediction error depending on \ ‘Estimated | Inputted
0.0012 | | | | Interactions | interactions

e Typel | J1 1.074 1.000

0.001 t VIDE o Typell .
o | A= 0.004 pret J> 3850  4.000
e e J: 5012  5.000

0.0006 r

b4 B.05T 6.000
00004 1 " l I g 0011 0.000

0.0002 r -
. 2% V Js -0.051  0.000

O | | | |

O 0.004000800120.016 002 0.024 J7 0.002 0.000

A b 0.102 0.100
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1.2

1 n

Estimated magnetization curve

Prediction errors

o m™(H;) :Inputted
e m(H;,x"): Estimated |

4 6 8§ 10 12 14 16

H
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Effective model estimation method

Posterior distribution by Bayesian statistics

L

P(X‘{meX(Hl)}l:L... ,L) X EXP | ———= (meX(Hl) —
[=1

Least square mean

1
Ns|

N
Z<SZ>HZ7X
1=1

2 K ]
) — A |l
k=1 |

between calculated data and inputted data

Regularization
&

Prediction error by cross validation

We get plausible effective model for experimental results.
(selection of important model parameters)

R. Tamura and K. Hukushima, Phys. Rev. B 95, 064407 (2017).
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Thank you !!

NIMm ’ o o WPl M 1.21

Wi
for the Futu re et e

R. Tamura and K. Hukushima, Phys. Rev. B 95, 064407 (2017).
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