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By combination of ChemTS and Gaussian, 
we can design synthesizable, novel functional molecules.

� ��

 

Figure 1. Our AI-assisted chemistry platform for discovering new functional molecules. 

 

In this work, we conducted a proof-of-concept study to evaluate whether or not an AI-

assisted chemistry platform can discover synthesizable, functional molecules in 

reasonable computational time. As a testbed, we chose photo-functional organic 

molecules, which have received particular attention in Green Chemistry and molecular 

sensing. In photo-functional molecules, light induces transition between electronic states. 

Controlling the level of excited states of the molecules from their ground states is a 

common issue for organic electronics (like organic light-emitting diodes,9,10 organic 

photovoltaic cells11,12), photo-functional sensors,13 and UV filters.14 

Design of molecule by AI

ACS Central Science  
4, 1126 (2018). 
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Table 1. Number of molecules at different qualification levels for each target wavelength. 

The first row indicates the number of molecules generated by ChemTS. The second row 

shows the number of simulator-qualified molecules whose absorption wavelength is 

predicted by DFT to be within 20 nm error from the target. The third and fourth rows 

denote the number of synthesized molecules, and those experimentally confirmed by UV-

Vis measurement, respectively.  

Target wavelength 200 nm 300 nm 400 nm 500 nm 600 nm 

Generated 646 757 629 607 638 

Simulator-Qualified  34 26 13 12 1 

Synthesized 2 2 1 1 0 

Functional  1 2 1 1 0 

 

Table 2. Simulator-qualified molecules found by our AI-assisted chemistry platform. The 

synthesized molecules are shown with their chemical structural formula. 

SMILES Wavelength (nm) 

Target wavelength� 200 nm 

Cc1occn1 � , 

207.83 

NC(CCC#N)O 187.90 

OCNN/C=N/O 214.61 

OC1=NCC2(C1)CCCC2 210.64 

CNC[C@@H](C(=O)O)O 216.14 

N[C@@H](C[C@H](CC(C)C)O)Cc1ccco1 218.76 

Cc1onc(c1)O 200.19 

N[C@H](/C(=NO)/O)CCC 217.61 

ON1CC1 191.69 

O[C@H]([C@@H]1CCNCC1)N(C) 189.79 

NC[C@H]1OC[C@H]([C@H]([C@H]1O)C)O 212.47 

N[C@@H]([C@@H](CC(O)C)O)Cc1cnc[nH]1 203.28 

C1OCN1CN1CCOCC1 202.96 

O[C@@H]([C@H]([C@H](CN)C)O)ON(CC)CC 219.52 
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By combination of MSS, ML and systematic material design, 
we can perform quantitative odor analysis.

Data driven nano mechanical sensing

ML results Development of useful materials

ACS Sensors  
3, 1592 (2018).
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By using supervised learning, 
we can obtain high quality force field for solid and liquid states.

ML force field for inorganic materials

J. Phys. Soc. Jpn. 
88, 044601 (2019).
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But, 
transferability 
is not good…

Training by  
liquid

Training by  
solid

Gaussian 
process 
regression  
for silicon

Int. J. Quant. Chem.  
117, 33 (2017).
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By using active learning (uncertainty sampling), 
we can efficiently construct phase diagram.

Phase diagram construction by AI

Physical Review Materials  
3, 033802 (2019).

https://github.com/tsudalab/PDC
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By using quantum annealing and factorization machine, 
we can efficiently design metamaterial.

Metamaterial design by QA

arXiv: 1902.06573.



�9

Current my works
Bayesian Opt.

Magnet

PLoS ONE 13, e0193785 (2018)

Phys. Rev. B 95, 064407 (2017)

Phase Diagram

ACS Cent. Sci. 4, 1126 (2018)

Atomic Force

Organic Smells Sensor

Sci. Rep. 7, 3661 (2017) ACS Sensors 3, 1592 (2018)

IJQC. 117, 33 (2017)
JPSJ. 88, 044601 (2019)

Phys. Rev. Mat. 3, 033802 (2019)

Metamaterial

arXiv: 1902.06573 (2019)

Today’s main topic

Today’s main topic



�10

Experimental results Candidate models
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Fig. 1. Temperature dependences of (A) the specific heat at zero
field and (B) the susceptibility at 0.1 T with field cooled process
from 40 K for GdPd

!
Al

"
. The inset shows low-field magnetiz-

ation curves at 5 K.

Fig. 2. High-field magnetization curves for GdPd
!
Al

"
single

crystals at 4.2 K.

moment develops above very small fields along the c-
axis. M

!
/H(¹) along the a-axis abruptly increases below

¹
!
and shows a peak at 4.5 K. Below ¹

!
, M

!
(H) increases

with increasing field and bends with a weak ferromag-
netic moment at higher field than that along the c-axis.
When ferromagnetic components M(0) for each axes are
estimated by the extrapolation from higher fields to zero,
M

"
(0) and M

!
(0) at zero temperature yield ferromagnetic

moments of 0.0242!
#
/Gd and 0.0195!

#
/Gd, respectively.

¹
$

and ¹
!

might be attributed to the ordering of spin
component along the c-axis and normal to the c-axis,
respectively.

The isothermal high-field magnetization curves at
4.2 K are displayed in Fig. 2. M

"
increases linearly with

an increase of field up to H
"$

"6.2 T. A clear 1/3 plateau
of the full moment 7!

#
for Gd"# ions appears in the field

range of H
"$

"6.2 T to H
"!

"11.8 T along only the
c-axis. M

"
increases again above H

"!
and is saturated

with the full moment amplitude of Gd"# ions above
H!"#

"
"22.7 T. On the other hand, M

!
along the a-axis

and M*
!

along the a*-axis [2 1 0] increase linearly with
increasing fields and are saturated above H!"#

!
and

H
!*!"#"25.5 T with the same amplitude as that along

the c-axis. It is clear that the c-axis is magnetically fa-
vored by anisotropic exchange or dipole—dipole interac-
tions in the ordered state.

To our knowledge, only a few compounds, e.g. hexag-
onal layered compounds C

%
Eu [4], RbFe(Mo

!
O

&
)
!

and
CsFe(SO

&
)
!

[5] whose magnetic ions form a triangular
lattice, show a ferrimagnetic plateau with 1/3 of the full
moment in the magnetization process. To account for

uniaxial-type magnetic properties of GdPd
!
Al

"
, we have

introduced the 2D triangular lattice Heisenberg Hamil-
tonian with weak Ising-type anisotropy discussed by
Miyashita [6]. Because several observed features in
GdPd

!
Al

"
are qualitatively consistent with this model:

(1) the overall isothermal magnetization curve along the
c-axis at 4.2 K; (2) the H—¹ phase diagram along the
c-axis determined by tracing anomalies as a function of
temperatures and fields [7]; (3) existence of two success-
ive phase transitions and (4) non-collinear spin structure
with at least two different sites of Gd ions at zero field
and low temperatures derived from the $''Gd Möss-
bauer measurement [3]. To conclude, we propose that
GdPd

!
Al

"
is a new candidate of 2D triangular lattice

antiferromagnets. The X-ray magnetic scattering or neu-
tron experiments are desired to determine a real spin
structure in GdPd

!
Al

"
.
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Automatic 
model estimation
Bayesian 
statistics

inputinput

L1 regularization 
L2 regularization 
Full search 

+ 
Cross validation 
Elbow method

Plausible effective model for experimental results

output

Effective model estimation method
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Forward modeling and Bayes modeling

{model parameters}

m(H,x) mex(H)

P (mex(H)|m(H,x))P (m(H,x)|x)

observed 
magnetizationmagnetization

x =

H = �
X

i,j

Jijsi · sj + · · ·

: Conditional probability of event B given event A 
（Posterior distribution）

P (x|mex(H)) =
P (mex(H)|x)P (x)

P (mex(H))

Forward modeling

Bayes modeling

P (B|A)

e.g. magnetization is 
       target input     
       property
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Forward modeling and Bayes modeling

{model parameters}

m(H,x) mex(H)

P (mex(H)|m(H,x))P (m(H,x)|x)

observed 
magnetizationmagnetization

x =

H = �
X

i,j

Jijsi · sj + · · ·

Forward modeling

Conditional probability of              given xm(H,x)

Definition of magnetization as thermal average of spins

P (m(H,x)|x) = �

 
m(H,x)�

�����
1

N |s|

NX

i=1

hsiiH,x

�����

!

hsiiH,x =
Trsie��H

Tre��H m(H,x) =

�����
1

N |s|

NX

i=1

hsiiH,x

�����

Magnetization is uniquely obtained when the model parameters are given.



{model parameters}

m(H,x) mex(H)

P (mex(H)|m(H,x))P (m(H,x)|x)

observed 
magnetizationmagnetization

x =

H = �
X

i,j

Jijsi · sj + · · ·

Forward modeling
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Observation noise

Existence of observation noise in

Conditional probability of              given
observation noise

mex(H) = m(H,x) + "

m(H,x)

P (mex

(H)|m(H,x)) / exp

✓
� 1

2�2

(mex

(H)�m(H,x))2
◆

mex(H)

P (") / exp

✓
� "2

2�2

◆
Assumption：

mex(H)
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Conditional probability

Conditional probability of              givenmex(H)
x

P (mex(H)|x) /
Z

dm(H,x)P (mex(H)|m(H,x))P (m(H,x)|x)

/ exp

2

4� 1

2�2

 
mex

(H)�

�����
1

N |s|

NX

i=1

hsiiH,x

�����

!
2

3

5

where                     is maximize. Observed 
magnetizationP (mex(H)|x)mex(H)

{model parameters}

m(H,x) mex(H)

P (mex(H)|m(H,x))P (m(H,x)|x)

observed 
magnetizationmagnetization

x =

H = �
X

i,j

Jijsi · sj + · · ·

Forward modeling
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Bayes modeling

where                     is maximize. Plausible 
model parametersP (x|mex(H))

x

{model parameters}

m(H,x) mex(H)

P (mex(H)|m(H,x))P (m(H,x)|x)

observed 
magnetizationmagnetization

x =

H = �
X

i,j

Jijsi · sj + · · ·

P (x|mex(H)) =
P (mex(H)|x)P (x)

P (mex(H))

Forward modeling

Bayes modeling
：Posterior  
   distribution
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R. Tamura and K. Hukushima, Phys. Rev. B 95, 064407 (2017).

We search the maximizer of the posterior distribution 
when the measured physical quantities are inputted.

Input 
physical 
quantities

Calculated 
physical quantities 
by effective model

E(x) =

1

2�2

LX

l=1

⇥
yex(gl)� ycal(gl,x)

⇤
2 � logP (x)

P (x|{yex(gl)}l=1,··· ,L) = exp[�E(x)]

Posterior distribution

Energy function

Prior 
distribution

Model parameters

Summary of effective model estimation
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Prior distribution
L2 reguralization
P (x) / exp

�
��kxk2

�
<latexit sha1_base64="rWM/CPoFhfP3BoDBI8W8doLu9l4="></latexit><latexit sha1_base64="rWM/CPoFhfP3BoDBI8W8doLu9l4="></latexit><latexit sha1_base64="rWM/CPoFhfP3BoDBI8W8doLu9l4="></latexit><latexit sha1_base64="rWM/CPoFhfP3BoDBI8W8doLu9l4="></latexit>

P (x) / exp (��|x|)
<latexit sha1_base64="U2doSMWrVsijetfV9zZoFIqgPSc="></latexit><latexit sha1_base64="U2doSMWrVsijetfV9zZoFIqgPSc="></latexit><latexit sha1_base64="U2doSMWrVsijetfV9zZoFIqgPSc="></latexit><latexit sha1_base64="U2doSMWrVsijetfV9zZoFIqgPSc="></latexit>

L1 reguralization

Model parameters  
with large contributions  
can be selected based on  
the feature selection. 

Absolute values of  
model parameters 
can be suppressed. 

Depending on the situation,  
it is necessary to select a proper prior distribution.  

x1
<latexit sha1_base64="L1ZRsa+dfRNDEthxuHl6p0Uigz4="></latexit>

x2
<latexit sha1_base64="E+Uz8CoE5VjdNbyzDvcx8oPs/u8="></latexit>

x

⇤
<latexit sha1_base64="eWG/wKC90+R0fxOLLp5zh4UX5OU="></latexit>

x1
<latexit sha1_base64="L1ZRsa+dfRNDEthxuHl6p0Uigz4="></latexit>

x2
<latexit sha1_base64="E+Uz8CoE5VjdNbyzDvcx8oPs/u8="></latexit>

x

⇤
<latexit sha1_base64="eWG/wKC90+R0fxOLLp5zh4UX5OU="></latexit>

Either is zero. Both are finite.
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Determination of hyperparameter
Elbow methodCross validation

Plausible value is determined 
at the point where 
prediction error is minimized.

Plausible value is determined 
by the large change point 
in energy function.

training

prediction

E
(
x
)
=

1

2
�
2

L X l=
1

⇥ ye
x

(
g l
)
�

yc
a
l

(
g l
,x

)

⇤ 2
�

l
o
g
P
(
x
)

P (x) / exp (��|x|)
<latexit sha1_base64="U2doSMWrVsijetfV9zZoFIqgPSc="></latexit><latexit sha1_base64="U2doSMWrVsijetfV9zZoFIqgPSc="></latexit><latexit sha1_base64="U2doSMWrVsijetfV9zZoFIqgPSc="></latexit><latexit sha1_base64="U2doSMWrVsijetfV9zZoFIqgPSc="></latexit>

training

P (x) / exp (��|x|)
<latexit sha1_base64="U2doSMWrVsijetfV9zZoFIqgPSc="></latexit><latexit sha1_base64="U2doSMWrVsijetfV9zZoFIqgPSc="></latexit><latexit sha1_base64="U2doSMWrVsijetfV9zZoFIqgPSc="></latexit><latexit sha1_base64="U2doSMWrVsijetfV9zZoFIqgPSc="></latexit>

plausible 
value

plausible 
value

E
(
x
)
=

1

2
�
2

L X l=
1

⇥ ye
x

(
g l
)
�

yc
a
l

(
g l
,x

)

⇤ 2
�

l
o
g
P
(
x
)

useful for L1 regularization 
(overfitting occurs)

useful for L2 regularization 
(overfitting does not occur)
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Demonstration: Theoretical model
Target classical Heisenberg model with biquadratic interactions

si

Crystal structure

11111

3
2

3
2

3

2

3

2

（magnetization plateau is appeared）

x = {J1, J2, J3, J4, J5, J6, J7, b}model parameters :

H =
X

hi,ji

Jij
⇥
si · sj � bij(si · sj)2

⇤�H
X

i

szi bij = bJij

We tried: 
L1 regularization 
           & 
cross validation

: Classical Heisenberg spin (S=1/2)
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Estimation results
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Estimated results and prediction
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 0.0004

 0.0006

 0.0008
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 0  0.004  0.008  0.012  0.016  0.02  0.024

CV error depending on �
�

a
v
(�
)
de
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y 
CV

� = 0.004

Estimated Correct

1.074 1.000

3.850 4.000

5.012 5.000

6.051 6.000

0.011 0.000

-0.051 0.000

0.002 0.000

0.102 0.100

J1

J2

J3

J4

J5

J6

J7

b

L1 regularization & cross validation is effectively worked 
for model selection.
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Time consuming problem
Energy function in effective model estimation

We should calculate the thermal average of physical quantity  
by Monte Carlo, exact diagonalization, DMRG, mean-field, etc.

Values of  
model parameters 
are changed.

Thermal average  
is calculated.

One point value on  
posterior distribution 
is obtained.

Searching procedure of maximizer of posterior distribution

Time consuming !
Model parameters are updated 
by MCMC and exchange method.We want to reduce the number of 

calculations of thermal averages. 
Bayesian  
optimization

E(x) =

1

2�2

LX

l=1

⇥
yex(gl)� ycal(gl,x)

⇤
2 � logP (x)
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Bayesian optimization
H = �

X

i,j

J
ij

⇥
sx
i

sx
j

+ sy
i

sy
j

+�sz
i

sz
j

⇤�H
X

i

sz
i

J1 = 1.0
J2 = 0.8
J3 = �0.2
� = �0.7
H = 0.3

 0

 0.1

 0.2

 0.3

 0  0.5  1  1.5  2

Quantum Heisenberg model：

R. Tamura and K. Hukushima, 
PLoS ONE 13, e0193785 
(2018).

Time consuming problem will be overcome 
by using Bayesian optimization.
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Summary
Experimental results Candidate models

Jijsi · sj
bij(si · sj)2

dij · [si ⇥ sj ]

si · sj
r3ij

� 3
(si · rij)(sj · rij)

r5ij

Di(s
z
i )

2

Fig. 1. Temperature dependences of (A) the specific heat at zero
field and (B) the susceptibility at 0.1 T with field cooled process
from 40 K for GdPd

!
Al

"
. The inset shows low-field magnetiz-

ation curves at 5 K.

Fig. 2. High-field magnetization curves for GdPd
!
Al

"
single

crystals at 4.2 K.

moment develops above very small fields along the c-
axis. M

!
/H(¹) along the a-axis abruptly increases below

¹
!
and shows a peak at 4.5 K. Below ¹

!
, M

!
(H) increases

with increasing field and bends with a weak ferromag-
netic moment at higher field than that along the c-axis.
When ferromagnetic components M(0) for each axes are
estimated by the extrapolation from higher fields to zero,
M

"
(0) and M

!
(0) at zero temperature yield ferromagnetic

moments of 0.0242!
#
/Gd and 0.0195!

#
/Gd, respectively.

¹
$

and ¹
!

might be attributed to the ordering of spin
component along the c-axis and normal to the c-axis,
respectively.

The isothermal high-field magnetization curves at
4.2 K are displayed in Fig. 2. M

"
increases linearly with

an increase of field up to H
"$

"6.2 T. A clear 1/3 plateau
of the full moment 7!

#
for Gd"# ions appears in the field

range of H
"$

"6.2 T to H
"!

"11.8 T along only the
c-axis. M

"
increases again above H

"!
and is saturated

with the full moment amplitude of Gd"# ions above
H!"#

"
"22.7 T. On the other hand, M

!
along the a-axis

and M*
!

along the a*-axis [2 1 0] increase linearly with
increasing fields and are saturated above H!"#

!
and

H
!*!"#"25.5 T with the same amplitude as that along

the c-axis. It is clear that the c-axis is magnetically fa-
vored by anisotropic exchange or dipole—dipole interac-
tions in the ordered state.

To our knowledge, only a few compounds, e.g. hexag-
onal layered compounds C

%
Eu [4], RbFe(Mo

!
O

&
)
!

and
CsFe(SO

&
)
!

[5] whose magnetic ions form a triangular
lattice, show a ferrimagnetic plateau with 1/3 of the full
moment in the magnetization process. To account for

uniaxial-type magnetic properties of GdPd
!
Al

"
, we have

introduced the 2D triangular lattice Heisenberg Hamil-
tonian with weak Ising-type anisotropy discussed by
Miyashita [6]. Because several observed features in
GdPd

!
Al

"
are qualitatively consistent with this model:

(1) the overall isothermal magnetization curve along the
c-axis at 4.2 K; (2) the H—¹ phase diagram along the
c-axis determined by tracing anomalies as a function of
temperatures and fields [7]; (3) existence of two success-
ive phase transitions and (4) non-collinear spin structure
with at least two different sites of Gd ions at zero field
and low temperatures derived from the $''Gd Möss-
bauer measurement [3]. To conclude, we propose that
GdPd

!
Al

"
is a new candidate of 2D triangular lattice

antiferromagnets. The X-ray magnetic scattering or neu-
tron experiments are desired to determine a real spin
structure in GdPd

!
Al

"
.
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Automatic 
model estimation
Bayesian 
statistics

inputinput

L1 regularization 
L2 regularization 
Full search 

+ 
Cross validation 
Elbow method

Plausible effective model for experimental results

output

Bayesian optimization 

Machine learning 
based optimization
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Summary
Machine learning is very useful 

as support tool in materials science.


