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DCNN: Deep Convolutiona
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BRI ST TIN. https://openai.com/blog/ai-and-compute/
AlexNet to AlphaGo Zero: A 300,000x Increase in Compute \
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Monte-Carlo Tree Search (MCTYS)
BERINIMERT IV T U L, s FEE EHBOEGNESERD

Upper Confidence Bound [Auer+2002]

BEOER7ILT I Monte-Carlo Tree Search MCTS [Coulom2006]
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175l Monte-Carlo Tree Search

FOZHILITETDIDOTEEE, BERDT IV IDLIRNEITRSHE

5 EE T 0 S /x mp-fuego (50 node vs 1 node T48k%2E5)
{EEYIRZR (FER25609) Xt 2563511003 HN (XX EV4RE)

E%= (X MPLIprobe Z{E > 2115 T OO0 S AT, W2 DEH

K. Yoshizoe, A. Kishimoto, T. Kaneko, H. Yoshimoto, Y. Ishikawa. “Scalable Distributed Monte-Carlo Tree Search.” SoCS 2011.

X.Yang, T. Kr Aasawat, K. Yoshizoe. "Practical Massively Parallel Monte-Carlo Tree Search Applied to Molecular Design.” ICLR 2021.
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ChemTS: AlphaGo for Chemistry

Monte-Carlo @
Tree Search
IEEMZiBET D O N ©
ZEfa 7 iRZR
F (© () L
o= =370l —=>3>7T
QLD
% SRS BIFOStEIEZF DY —ILZFIH

(s)
\ ®
[ X771 Z5t8 UL
A= ' : :
RNN ( >~) Gaussian 12 RDKit

o TS
Ja4—KR)\wo
99
BERMEEMEY>TVUYD /- pirame=y

O=C(NcTcc(Nc2c(Cl)cccc2NCc2ccc(Cl)cc2Cl)c2ccccc2c1OC(F)F)c1ccec2eccec2

IEE&M7T—IN—XTill#E Lz DNN
e a9 XF5 et

ChemTsS: An Efficient Python Library for de novo Molecular Generation.
X.Yang, J. Zhang, K. Yoshizoe, K. Terayama, K. Tsuda. STAM 2017

Practical Massively Parallel Monte-Carlo Tree Search Applied to Molecular Design 28
X. Yang, T. Kr Aasawat, K. Yoshizoe. ICLR 2021




L EYIODOIRFRZE B2 X FH TKRIF

(SMILES: Simplified Molecular-Input Line-Entry System)

@) Water (H and single bond omitted)
0O=C=0 Carbon dioxide
N#N Nitrogen

cl=cc=cc=cl Benzene (c1 and c1 connect) /\/\r>\©\
[Cu+2].[0-]S(=0)(=0)[O-] | Copper sulfate
Cc3cece(c2nc(CCCCO/N=C(CCC( O) O)C1ccccc1) (C)o2)cc3

BUFOSCERRBNC KD TERSND
TNENDES(FnE - #E - U2 IDBERZERT

Atom: {C, ¢, 0, O, N, F, [C@@H], n, -, S,Cl, [0O-],[C@H], [NH+],[C@], s, Br, [nH], [NH3+], [NH2+],
[C@@], [N+], [nH+], [S@], [N-], [n+],[S@@], [S-], I, [n-], P, [OH+],[NH-], [P@@H], [P@@], [PH2],
[P@], [P+], [S+],[0+], [CH2-], [CH-], [SH+], [O+], [s+], [PH+], [PH], [S@@+]}

Bonds: {/,=, ¥#}

Ring: {1,2,3,4,5,6,7,8,9}

Branch: {(, )}
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X.Yang, T. Kr Aasawat, K. Yoshizoe. “Practical Massively Parallel Monte-Carlo Tree Search Applied to Molecular Design.” ICLR 2021
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M. Sumita, K. Terayama, N. Suzuki, S. Ishihara, R. Tamura, M. K. Chahal, D. T. Payne, K. Yoshizoe, K. Tsuda,
"De novo creation of a naked eye—detectable fluorescent molecule based on quantum chemical computation and machine learning”,
Science Advances, 10.1126/sciadv.abj3906
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