4. De Novo Design of Drug Molecules



De novo design as the inverse task of molecule property prediction

QSAR: given
the molecular
descriptors,
predict the
chemical
property.

De novo:

want a ,,' .
molecule with lé :
certain B @ R

property.
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Why Need De Novo Design

Design new therapeutic molecules

Generate molecules with high potency

Modify molecules to increase potency



Challenges of Traditional De Novo Methods

Five mutation operators, i.e., add, cut, replace
random, replace like, and new random, is used
parent molecule to produce a new molecule from the selected

parent molecule.
five mutation operators l

+ — O D”l @ Combinatorial optimization,
O |:| = thus intractable

A () Large output space and big
new molecule o validation cost
- Q

The range of potential drug-like molecules
is estimated to be between 1023 and 10°°.




Generative Models for De Novo Design

parent
molecule Variational Autoencoders

: CVAE (2016)
Generative Models Grammar VAE (ICML 2017)
JT-VAE (ICML 2018)
} Constrained VAE (NIPS 2018)
new CPpS GCPN (NIPS 2018)
molecule @ C "

[ learn the probability distribution of molecule structures (e.g., characters in a SMILES
string) and then generate new structures (e.g., strings) which correspond to
chemically meaningful molecule compound.



Autoencoders for De Novo vs. Classifiers for QSAR

Classifier

Output y

I

Latent
Layer h

|

Input x

Input raw molecule data
or descriptors, Output
drug properties

Autoencoders
Latent z Latent z
P é “Declode[l
’ Encoder‘ ‘%{’
Inplut ) ¢ Output X’

Reconstruct input molecule data
by squeezing the data through a
latent layer




Autoencoders

Subspaces whose dimensions

correspond to meaningful concepts
where most data lies

Latent z Latent z
—- _ Decloder’
Encoder ?
| l
Input x Output X’
()

6
C (Y)

The # of hidden layers in encoder and
decoder control the nonlinearity allowed



Variational Autoencoders: Encoder

Latent z * The encoder learn an efficient

/é\ compression of the data into this
— 02| lower-dimensional space.

Encoder

| |t outputs parameters to gg(z|x), a
Input x Gaussian probability density.

Diederik P Kingma; Welling, Max (2013). Auto-Encoding Variational Bayes. arXiv:1312.6114



Variational Autoencoders: Decoder

Latent z  The decoder learn learned to
reconstruct the input data given its
2ecoder py (x]2) latent representation.
%’ It achieves this via sampling from

the output distribution of the

Output X’

encoder to get noisy values of the
representations.



Variational Autoencoders: Training

1 The reconstruction error of the decoder is
reduced by maximizing the log-likelihood of

py(z): prior distribution of po (x12)

the latent representation

4 Simultaneously, the encoder is regularized to
approximate the latent variable distribution py(z)

by minimizing the Kullback-Leibler divergence

Latent z Latent z KL(qe(z]|x),pp(2))
46 (z|x)] | Py (x12)
= Decoder 3 If the prior follow a multivariate Gaussian
“Encoder ) % . distribution with zero mean and unit
| variance, then the loss function is
Input x Output X’ L0, )

= —Eq,zx) [log(pp(x12)) | + KL(qg(21x), py(2))



Challenges of Molecule Generation

Generate molecules

o with desired property

o syntactically correct molecules
o semantically correct

o High molecular property scores




Challenges of Molecule Generation

Generate molecules
v with desired property

O
O
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De Novo Design with VAE (CVAE, ACS Central Science 2018)

Encoder Decoder

Cl

(0000000000)

Bayesian optimization over OO Gradient ascent over

latent space latent space

Potency Prediction

Find “best” drugs Make “better” drugs

Train Gaussian Process (GP) to maximize property scores.
A new point was then selected by sequentially maximizing
the expected improvement acquisition based on GP model.

Gomez-Bombarelli et al.,Automatic chemical design using a data-driven continuous representation of molecules, ACS Central
Science 2018



De Novo Design with VAE (CVAE, ACS Central Science 2018)

QM9: 108,000 Source® Dataset’Samples® logP? SASe QED/ % in ZINCY % in :

. h
molecules with | emol® |

Data  ZINC 249k 2.46 3.05 (0.83) 0.73 100 12,9
heavy atoms GA ZINC 5303 284  3.80 (1.01) -0.82 6.5 : 18
(1.86) (0.71) : !
VAE  ZINC 8728 2.67 3.18 (0.86) -0.96 4.5 P70
ZINC: 250,000 (1.46) (0.75) - '
& ook Data QM9 134k 0.31 424 (0.91) 099 0.0 | 86 |
' rug-fike (1.00) (1.20) | l
- commercially GA QM9 5470 0.96 4.47 (1.01) 0.68  0.018 1 3.8 |
available (1.53) 099 (0.97) | |

VAE QM9 2839 0.30 4.34 (0.98) 047 0.0 I 89
molecules (0.97) (0.08) : :

% generated molecules found in e-molecule database

Gomez-Bombarelli et al.,Automatic chemical design using a data-driven continuous representation of molecules, ACS Central
Science 2018



De Novo Design with VAE (CVAE, ACS Central Science 2018)

The property scores improve during the optimization

Start (QED, SAS, Percentile) Finish

et 23 P

(0.65,3.56,18.06%) Intermediate path (0.89.,2.09,98.23%)
o~ f{ .
A\JL@ 44{} AL }@ % 0 U %
(0.57,3.67,9.21%) (0.74,4.46,10.16%) (0.52,3.17,12.64%)
(0.57,3.67,9.21%) (0.49,4.57,1.35%) (0.84,3.42,54.03%)

Gomez-Bombarelli et al.,Automatic chemical design using a data-driven continuous representation of molecules, ACS Central
Science 2018



Challenges of Molecule Generation

Generate molecules

v with desired property

v" syntactically correct molecules
O

O




Grammar Variational Autoencoder

Matt J. Kusner, Brooks Paige, José Miguel

Hernandez-Lobato
ICML’ 17



Grammar VAE (ICML’ 17)

Challenge: Molecule is constructed using a “formal
language”, any syntax change will cause error

Opportunity: Syntax is known and fixed. Parse is

unique.
CC(C)CCCCCeicee(Clynct

Goal: Learning syntactic rules to produce valid outputs



Grammar VAE (ICML’ 17)

Learning syntactic rules to produce valid outputs

SMILES grammar form parse tree extract rules convert to 1-hot vectors map to latent space

® ©, O, )

S;:iell: :: E:zii: branched atom Smiles smiles T chan branched I I I | | I | | I | | l
chmn—bﬁranc’hed atom chain I atom I:- | | | | | | | | | | I
branched atom — atom, ringbond chain branched branched
branched atom — atom _ _ atom chain — rg?gme L . | TP T]
o liohatic organie branched  input SMILES | | """ — atom, ingbona| | T T M T T T T T TT]
 ringbond— g ol nSone wom— R EEEEE EEEEEEE
R ] prsiemc EEEEEEEE EEEE
aliphatic organic —— "\J" -C!r'_{lar‘I»C- ':-’(‘?"lt ‘cleececl’ ringbond — digit I | | | | | | . | | | | I
S digi——= 1 EEEEEEEEEEE N
Input SMILES SMILES grammar  Decompose tree Convert Map into a
string and to parse SMILES into a sequence of rules into continuous
grammar string into a parse  production rules by 1-hot vector using
tree pre-order traversal vector CNN

on the branches

Kusner et al., Grammar Variational Autoencoder, ICML' 17



Grammar VAE (ICML’ 17)

smiles — chain ' Smi'es
chain — chain, branched atom dRain
chain — branched atom N
| branched
branched atom — atom, ringbond chain atom

branched atom — atom i _
atom — aromatic organic atom input SMILES

atom — aliphatic organic / \ @
atom ringbond

ringbond — digit |
aromatic organic — 'c' aromatic digit
. . : o organic J '‘clcccecl]’
aliphatic organic — 'C I
aliphatic organic — 'N ‘¢ 1

digit — '1'

digit — 2’

SMILES grammar to parse SMILES string into a parse tree



Grammar VAE (ICML’ 17)

Extract production rules by pre-order traversal on the branches.

smiles —» chain

smiles b hed
| chain —chain, ra:lcme
chain ato
— \b hed
rancne
chain atom - branched
atom

b hed . ,
r:?ocme input SMILES —» brg:l(;::‘ed —— atom, ringbond

/ \ @ aromatic
atom ringbond Atam organic
‘ | aromat.ic ‘e
aromatic diait organic
organic 9 'clcccecl’ , .
| ringbond — digit

e L digit — '1'



Grammar VAE (ICML’ 17)

smiles —» chain

branched

chain —chain,
atom

branched

chain —»
atom

branched :
atom > atom, ringbond ——> .

p— aromatic
organic
aromatic ‘e
organic

ringbond — digit

digit — '1'

Convert rules into 1-hot vector

Bl




Grammar VAE (ICML’ 17)

Map into a continuous vector using CNN

il

. Was: One-hot characters

Now: One-hot production

1 Rules




Grammar VAE (ICML’ 17)

Decode continuous vectors back to SMILES strings

pop first sample rule & concatenate
map from latent space convert to logits stack non-terminal mask out invalid rules push non-terminals terminals
® z @
) ) . 4) @ onto stack @ ‘cleceec’
B T (| smies = = smiles = = = [T T T T T T T T TT] | " smiles—z chain
g---=="=mfmmes-=-s=ssesssss---=ssc=pe===c
I [ || chan e-vcham---o TOMI TT T T T T TTT ]| chain—schain, "3
" ‘--------l------------..-. ---------------------
- branched i . branched
[T T T T T || chain, "3 re=echain===p{ [7f [ [ [ [ [ [ [ [ []] chain —— DOVEE
........................................
branched h .
| CET T T T 10 | [hem atom P tom =L [ OB T T T T TTT] | 5gm” —= atom, ringbond
l --------------------------------------------
1 ] branchedi# = ~ aromatic
. HEEN . [ [ ] . [ | atom, - ringbond, " 51om F—--atom---ﬂ [ [ [ ] ._I HEEEE atom . organic
g-"" " fmrmesesecmeesmcecessssccefesaaaa="
1 aromatic _. branched aromatic aromatic )
| T T | | organic, fingbond, “arom = Trine tcPLI T T T T T T BT T T T 1| Gganic —= < translate
=1
ot fiﬂgbOﬂd,branmed = = = ringbond = = ringbond — digit molecule
4" atom -
nl’l 4 -----------------------------------------
= branched . ,
| O | e - o - pLL LWL TTTTTTTY | s &)
El ans e
&

Pass the continuous vector A “pushdown automation”
using RNN to produce algorithm to select valid
vectors or logits rules and construct SMILES

Kusner et al., Grammar Variational Autoencoder, ICML' 17



Grammar VAE (ICML’ 17)

pop first sample rule &
0 stack non-terminal mask out invalid rules push non-terminals
&, 4 (5) onto stack
smiles === smiles = = =[P smiles — chain
‘_-----"-"-----------------------------—
chain |- = = = chain = = =P . chain —chain, brg?(
chain branched 4.—. = chain = = -L L —— branched
’ atom Al . == atom
branched branched - branched branched ;
atom, atom =% atom > . atom ftfrf’ g
atom, ringbond, " . " = = =atom = = = . atom ——T: organic
aromaticrin bond branchedA-—ar-or-n;:ti:-- ------------------------l-;r;r;a:ic--‘ -
organic, "9 '’ atom "~ organic “™ organic -
ringbond,br::'(;‘::]ed = = = ringbond = = P ringbond — % digit
4--------I-------------------------------“
digit, brg{’::]ed - = = = digit = = =] digit —— 1"

Kusner et al., Grammar Variational Autoencoder, ICML' 17



Grammar VAE (ICML’ 17)

Goal: maximize the water-octanol
partition coefficient (logP), an important
metric in drug design that
characterizes the drug-likeness of a
molecule.

% of valid Avg. Score
CVAE 0.17 (0.05) -54.66 (2.66)
GVAE 0.31(0.07) -9.57 (1.77)

GVAE produces a coherent
latent space of molecules.
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Challenges of Molecule Generation

Generate molecules

v with desired property

v' syntactically correct molecules
v' semantically correct

O




Junction Tree Variational Autoencoder for
Molecular Graph Generation

Wengong Jin, Regina Barzilay, Tommi Jaakkola
ICML" 18



Challenges with earlier model in molecule generation

o>- | OPW---->O>""/;::""’Oy—‘:{;::'""O?-@ | More
N N N N S N S

steps

v/ Valid X Invalid X Invalid X Invalid v~ Valid

Not every graphs is chemically valid
Invalid intermediate states — hard to validate

Very long intermediate steps — difficult to train (Li et al., 2018)

Jin et al., Junction Tree Variational Autoencoder for Molecular Graph Generation, ICML’ 18



De Novo Design with VAE (ICML 2018)

Task: Generating valid Functional Groups

molecular graph directly to C“) Q @ S O N/\l‘\'

graph instead of SMILES

string \

Method: instead of node to

node generation, it uses the —

knowledge of functional Group by Group

group and performs group by O O O

group generation. >" 2 % >\_@ - B }—(@@
N N S N S

v/ Valid v/ Valid v/ Valid

Jin et al., Junction Tree Variational Autoencoder for Molecular Graph Generation, ICML’ 18



De Novo Design with VAE (JT-VAE, 2018)

Molecule Junction tree
s B \
N , o
4\
) Clusters
Cl «_~

N
Cluster label N N N N O O Cl
Vocabulary E@,} @ @ > O g g g I

- Generate junction tree —» Generate graph group by group

- Vocabulary size: less than 800 given 250K molecules

Jin et al., Junction Tree Variational Autoencoder for Molecular Graph Generation, ICML’ 18



De Novo Design with VAE (JT-VAE, 2018)

Molecule o Molecular
> N/ Encode
o v — ol R
Cl
' %
Tree o Junction |
Decomposition | Tree T C,
; y v C_\ / Encode Decode
H —— J
O el R
@ , Clusters
v ~ ZT

Jin et al., Junction Tree Variational Autoencoder for Molecular Graph Generation, ICML’ 18

Decode T

Cl

Ny



Constrained Generation of Semantically Valid
Graphs via Regularizing Variational

Autoencoders

Tengfei Ma, Jie Chen, Cao Xiao,
NeurlPS 18



Constrained Graph Generation (NeurlPS 2018)

- How to guarantee the generated sample is a valid graph?
 ldeas:

- Represent graphs as concatenation of its node matrix and edge matrix and
treat it as an image —> so we can use the same decoder as image

- an approach to imposing validity constraints in the training of VAEs.



Constrained Graph Generation (NeurlPS 2018)

G() = encoder — (1) > — G (standard VAE)
decoder

synthetic z(0) — — G (regularization)

o A graph auto-encoder used to generate the graph

o In addition to a standard VAE (within the rectangle), we add a regularization

term.
min f(x)

I

o f(x) is the original VAE loss subject to  for almost all = ~ p,(2).
hi(z,z) =0,..., hy(2z,2) =0,

o h and g are reqularization terms :
g g g1(2,2)<0,...,9-(x,2) <0



Constrained Graph Generation (NeurlPS 2018)

1
2

e A Lagrangian relaxation —Lg1o(0, ) + Z [/ )+p9( )dz]

e Training in Standard VAE

L(8,¢:x) = =Dk 1,(qe(2|x)||pe(z)) + E,y (zx0: )) [10g‘pe( ()|Z)]

- Monte Carlo sampling z) ~ qg(z]x")

- L 1 <& . .
e Similarly for the regularization term = Z log pe (X(z)’ z(z,l))

—Lso(0,6) + 1Y gi(0,2)+, where =z~ py(2)



C
Constrained Graph Generation (NeurlPS 2018) ‘
N

o constraints
- Valence

. Expected node capacity
(sum of edges) <= valence

- Connectivity

. Every node pair much be
connected by a path

Table 2: Comparison with other VAEs.

QM9
Method % Valid % Novel % Recon.
Proposed 96.6 97.5 61.8
GVAE 60.2 80.9 96.0
CVAE 10.3 90.0 3.61
ZINC
Method % Valid % Novel % Recon.
Proposed 34.9 100 54.7
GVAE 7.2 100 53.7
CVAE 0.7 100 44.6




Challenges of Molecule Generation

Generate molecules

v with desired property

v" syntactically correct molecules
v' semantically correct

v High molecular property scores




Graph Convolutional Policy Network for Goal-

Directed Molecular Graph Generation

Jiaxuan You, Bowen Liu, Rex Ying, Vijay Pande, Jure Leskovec
NeurlPS 18



GCPN (NIPS 2018)

Generate molecules
v syntactically correct molecules | 'v* with desired property :

v _semantically correct _________ ' 1v_ High molecular property scores
Graph representation enables Reinforcement learning optimizes
validity check in each state intermediate and final rewards.

transition; Adversarial training
iImitates examples in given data.

You et al., Graph Convolutional Policy Network for Goal-Directed Molecular Graph Generation, NIPS 2018



GCPN (NIPS 2018)

(1) (0) 5)
© ©

0 |NodelD
6
® ® [5INodeip A5 | Env
- EdgeType update
(1) NodelD StOp
© Node
Edge Cg
N Message Sample i NodelD Act render
— . 5 [NodelD Env
« passin
P g © — EdgeTypéZD update =
Node 8)
" embedding Stop
(d) Dynamics

(a) State — G, Scaffold — C (b) GCPN — my(a. |G, U €) (c)Action —a, ~ my

(1) Compute node embedding

P(Ges1|Ge ar)

H™Y = Ace(ReLU({D; 2E;D; 2 HOW},Vi € (1,...,b)))

(2) Predict edge, edge type and stop token

(3) Optimize using PPO

https://neurips.cc/media/Slides/nips/2018/220cd(05-15-30)-05-15-35-12656-Graph Convoluti.pdf

0.1

0.1

(e) State — G4

Step reward
Final reward

Step reward
Final reward

(f) Reward — r;


https://neurips.cc/media/Slides/nips/2018/220cd(05-15-30)-05-15-35-12656-Graph_Convoluti.pdf

GCPN (NIPS 2018)

= Generating graphs from scratch:
= Over 60% higher scores

Table 1: Comparison of the top 3 property scores of generated molecules found by each model.
Penalized logP QED
Ist  2nd 3rd Validity Ist 2nd 3rd  Validity
ZINC 4.52 430 4.23 100.0% 0.948 0.948 0.948 100.0%

ORGAN 3.63 3.49 344  04% 0.896 0.824 0.820 2.2%
JT-VAE  5.30 4.93 4.49 100.0% 0.925 0.911 0.910 100.0%
GCPN 798 7.85 7.80 100.0% 0948 0947 0946 100.0%

Method

= Modifying existing graphs:
= QOver 180% higher scores improvement

You et al., Graph Convolutional Policy Network for Goal-Directed Molecular Graph Generation, NIPS 2018



