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Deep Learning: TRl oA R~

Can Google's Deep Dream become an art
machine?

The company’s neural network has created a slew of beautiful and at times
terrifying images, and is being harnessed to create unique artwork
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Moonage Daydream: art created by Deep Dream. Photograph: Deep Dream
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SMILES

« SMILES D4

Cc3cec( CZnC(CCCCO/N C(CCC(0)=0)c1cccee)c(C)o2)cc3

« SMILESO £ 3%

Atom: {C, ¢, 0, O, N, F, [C@@H], n, -, S,Cl, [0-],[C@H], [NH+],[C@], s,
Br, [nH], [NH3+], [NH2+], [C@@], [N+], [nH+], [S@], [N-],
[n+],[S@@], [S-], 1, [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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 Variational autoencoder (Kusner et al., ICML 2017)
e Recurrent neural network (Segler et al., Arxiv, 2017)

* ChemTsS (https://github.com/tsudalab/ChemTS)
e« BT HIJILAKREER + Recurrent Neural Network



VAEIZE D <t 54k

« Variational Auto Encoder (VAE).

DNN 2(1€)XIt  DNN

AT (encoder) ZH  (decoder) |H7: AL (auto)
SMILES 9 _ @) SMILES
A . S
OoHl>) \ C
clecccecl ® / / cleccecl
o5 8 7
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wis L RN T

drug-like 72t & ¥IERR
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Gomez-Bombarelli et al., “Automatic chemical design using a data-
driven continuous representation of molecules,” Arxiv, 2016.
Kusner et al., "Grammar Variational Autoencoder," ICML, 2017.



Chem!lS: MCTS and RNN

« SMILESXF 3 DIRZRK
° Egi*ﬂ | RootdD A root
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Softmax activation
4 : N
ht ht+1
Gated Recurrent
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One-hot coding
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S Keras & Tensorflow
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MCTSI(Z & B2IEZ

(a) Selection (b) Expansion (c) Simulation (d) Backpropagation
(®) (®) (R)
OREOEEO OBNORNO ORRORNO
ORONOERONG ONONORRONE ORONORNGORO
RNNTH5E 2F0X37
&/ —FKopzxa7 D % BT
wW; =WwW; +1
: 2InV, N b
U :&+C\/ parent ﬁ@ﬂ@SMlLES@%Jﬁ%T@ vi=v;+1
Lg: Vi drug-likeness D& % L1
2%3/7_0)]\;% YL B J(m) = logP(m) — SA(m) — RingPenalty(m)

(Gémez-Bombarelli et al. ICML2016)



Table 1. Maximum score J at time points 2,4,6 and 8 hours achieved by different molecular generation
methods. The rightmost column shows the number of generated molecules per minute. The average values and

standard deviations over 10 trials are shown.

Method 2h 4h 6h 8h Molecules/Min
ChemTS 4.91 £ 0.38 5.41 +0.51 5.49 £+ 0.44 5.58 = 0.50 40.89 + 1.57
RNN+BO 3.54 +0.27 446+0.24  4.46+0.24 4.46 +0.24 8.33 £ 0.00
Only RNN 4.51 £0.27 4.62 +0.26 4.79 £ 0.25 4.79 £ 0.25 41.33 £ 1.42
CVAE+BO —-30.184+2691 —-139+224 —-0.61+1.08 —0.006=+0.92 0.14 +0.08
GVAE+BO  —434+3.14 -129+167 -—-0.17x£096 0.25+1.31 1.38 = 0.91




SMILES representation

O=C(Nelee(Ne2e(Cl)eeee2N Ce2eee(Cl)ec2Cl)e2eceec2¢1OC(F)F)eleeec2eceeel 2 6.56
O=C(Nelee(Ne2e(Cl)ecee2N Ce2eee(Cl)ec2Cl)ecel C1=CCCCC1)elee(F)ee(Cl)el 6.43
O=C(Nelee(Ne2e(Cl)eeee2N=C(SC2CCCCC2)c2ccece2)ee(Cl)elCl)elecc2eceee2nl  6.34
O=C(Neclee(Oc2eee(Cl)ec2Cl)ecelNelee(Cl)eeelCl)eleee(Cl)eel

O=C(Nelee(Ne2e(Cl)eeee2Cl)e(Cl)eel Br)N(eleceeel )eleee(Cl)eel

6.33
6.26
6.19

O=C(Nelee(Ne2e(Cl)eeee2Cl)e(Cl)e(C(=0)N(Ce2ecece2)c2cecec2)elCl)elecceclF - 6.08
O=C(Nelee(Oc2ece(Cl)ec2Cl)ee(Cl)elCl)elncocl-clece(Sce2ecece2)ecl
O=C(Nelee(Ne2e(Cl)eeee2N Ce2eee(Cl)ee2Cl)e2necee2e1Cl)elece(Cl)ecl
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Docking to CDK2 (ChemTS + rDock)

originalSMILES Oc1cc(Cl)cece10c1cc2c(NCCSc3n[nH]c4cennc34)n[nH]c2cc10
miSMILES: Oc1cc(Cl)eccec10c1cc2¢(NCCSc3n[nH]c4cenne34)n[nH]c2cc10

Molinspiration bi tivity score v2016.03

H GPCR ligand 0.29
“\N Ion channel modulator 0.13
Kinase inhibitor 0.64
H N—N Nuclear receptor ligand -0.15
“/A\\”' Protease inhibitor 0.05
OH Enzyme inhibitor 0.15
N

Get data as text (for copy / paste).

Cl

Get 3D geometry BETA

xt!‘

originalSMILES Oc1cc2[nH]nc(NCCSc3ncsc3Nc3nceen3)c2cc1Cl
miSMILES: Oc1cc2[nH]nc(NCCSc3ncsc3Nc3nccen3)c2cc1Cl

Molinspiration biocactivity score v2016.03

GPCR ligand 0.20
Ion channel modulator -0.01
Kinase inhibitor 0.93
Nuclear receptor ligand -0.43
0.13
0.19

by
Ho Protease inhibitor
N\ s n_4< Enzyme inhibitor
N Get data as text (for copy / paste).

i Get 3D geometry BETA
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* Clever but slow (BO) XJ Stupid but fast (MCTS)
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* GAME CHANGER

Ellis Davies

2017
Materials World magazine, 1 Oct 2017
Ellis Davies reports on a method for 2016
designing advanced materials using an 2015
algorithm created to beat computer
games. 2014
An algorithm that identifies the best 2013
moves to beat computer games - the
Monte Carlo tree search (MCTS) - has 2012
been used to develop a tool that allows
researchers to determine the ideal 2011
placements for atoms within a structure to
design advanced materials, such as metal Monte Carlo tree search (MCTS) for a 2010 13

and polymer matrix materials. binary atom assignment problem. The



