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THE BIOPHARMACEUTICAL RESEARCH AND DEVELOPMENT PROCESS
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1. Does the compound do what you want it to?
2. Does the compound not do what you don’t want it to”

3. Is what you want it to do the right thing?
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Computational Drug Discovery
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Modeling
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Structure Based Drug Design

Pose Prediction Binding Discrimination Affinity Prediction

Virtual Screening Lead Optimization
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Structure Based Drug Design
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Scoring

Dynamics

Accessible Drug DiSCOVery Funnel
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function, efficient optimization and multithreading, Journal of Computational Chemistry 31 (2010) 455-461
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Protein-Ligand Scoring

Pose Prediction

Binding
Discrimination

Affinity Prediction
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Hidden

o(W4-x+b4)

Output

Neural Networks

Computational and Systems Biology

w,
X, >

/
X

output = o (Z w; x; + b)

\ 02| /
@ » output l

The universal approximation theorem
states that, under reasonable assumptions,
a feedforward neural network with a finite
number of nodes can approximate any
continuous function to within a given error
over a bounded input domain.
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Convolutional Neural Networks
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Convolutional Filters
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Protein-Ligand Representation

(R,G,B) pixel
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Computational and Systems Biology
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CiC C|C

CiC C|C

Computational and Systems Biology

Protein-Ligand Representation

(R,G,B) pixel —

(Carbon, Nitrogen, Oxygen,...) voxel

The only parameters for this
representation are the choice of
grid resolution, atom density,
and atom types.
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Why Grids?

Cons Pros
* coordinate frame dependent * clear spatial relationships
* pairwise interactions not explicit * amazingly parallel

* easy to interpret

@ /
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Data Augmentation

1.0 - |
et 4 | = Not Augmented
0.9 ::. IR A ""t:"—-‘.,q.u'a’.,,v.mt‘:,é" " | cmm— Augmented
N S
Q0.8 S 3 Test
e
< . -
v 0.7 - O
S c 2
0.5 = 1
0 500 1000 1500 2000 0 500 1000 1500 2000

lteration Ilteration

10



University of Pittsburgh Computational and Systems Biology

Data Augmentation

1.0 - |
et 4 | = Not Augmented
0.9 ::. IR A ""t:"—-‘.,q.u'a’.,,v.mt‘:,é" " | cmm— Augmented
N S
Q0.8 S 3 Test
e
< . -
v 0.7 - O
S c 2
0.5 = 1
0 500 1000 1500 2000 0 500 1000 1500 2000

lteration Ilteration

10



Affinity
Pose
Score

$507 7 $507 21351307 +XEWYOS

pa123uuo)) Ajjn4 pa123uuo?) Ajjn4

8C1%X9%X9X9

U Jesur payndRy

UOIIN|OAUOY) EXEXE

HiRes Pose
HiRes Affinity

Y9X9X9%9

17

>
(®))
o
9O
11]
(7))
S
O
njd
(7]
>
(/p)
©
c
©
©
c
O
i)
©
njd
=
Q.
S
@)
(@)

>N
> e = Q 2
c 2 5 = S 9
3U1|00d DAY TXTXT = o S < o Y
% = 3 <
POXTIXCIXTI $507 J9qNH-opnasd $507 d1ISIS0T4XeWIOS
$sO7 JagnH-opnasd $507 21351807+ XBWIJOS -

U Jesur payndey

pa3123uuo?) A||n4 pa3123uuo?) Ajjndg

Default2018

UOIN|OAUOD) |X|X]|

YOXTIXCIXTI

pa139uuo)) A|n4 pa323uuo’) A|n4

U Jeaur] payinday

BCIXTIXTIXCI

8CIXTXTXC

UOIIN|OAUOD) ¢XEXE

31U Jeaur] payndRy

eS|l 5]

UOIIN|OAUOD) EXEXE

3ul|ood XB|\| PXpX}

3U1|00d DAY TXTXT

YIXTIXTIXTI

8C1%X9%X9%9

CEXY Y XY C

3u1|00d X\ TXTXT

3un Jeaur [enuauodxy

UOIIN|OAUOY) GXGXG

YIOXF XY Xy L

F9X9X9X9

Jun Jeaur payndey

31U Jeaur] payndvy

UOIN|OAUOD) |X|X]|

UOIIN|OAUOD) EXEXE

3u1|00d DAY §X8XQ

CEXF YT

U Jesur payndey

CEXP XY TXY

Y9X81 X8 X8

UOIIN|OAUOD) EXEXE

3u1|00d XBA| TXTXT

U Jeaur] payindey

SEXF XY TXY

CEXBY X8 X8

UOIIN|OAUOY) EXEXE

3ul|00d dAY TXTXT

U Jeaur] paynoay

CEXBY X8I X8

UOIIN|OAUOD) EXEXE

U Jesur] payndsy

8TX8 X8 X8

8CX81 X8y X8t

UOIIN|OAUOY) EXEXE

8CX81X8r X8

Optimized Models

(Sw) swi|
o o o o o o
S O O O O S
(@) LN < m @\ —
o
©
>, ©O
N 00 o
— = OO C
O O 0 &«
o N N O % o0
n £ 2o I n
2D O 0N o un o
g g v e
. v 0 X X
®e A QO I T
° ©
Tolad
° o O 4> 0O o c
o ° w
| -
©
S o
O - O
> o ©
= . <&
%
= J e
= A
2] .
= o ® o
o
©
= o
w— LN
4 o LN o LN S
an (00 ™~ ™~ (@)
= 9S0d dO] dSINY MO yiim siabue] juadiad
D



O
oe

O
~

O

Low RMSD Top Pose
@)

Percent Targets with

O
5

University of Pittsburgh

Pose Results

Redocked Pose

O
--opf0 —--

Default2017 Default2018 HiRes Affinity HiRes Pose

Computational and Systems Biology

Vina
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tfinity Results
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But what is it learning?

NitrogenDonor OxygenDonorAcceptor

E +

AliphaticCarbon

OxygenAcceptor
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Minimizing Low RMSD Poses
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lterative Refinement
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Generative Modeling
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Discriminative Model

Features X =—> —3 Prediction y

"/
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Generative Model

- [ecatures X
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Generative Model
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Generative Adversarial Networks
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Generative Adversarial Networks
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Generative Adversarial Networks

Generative Adversarial Networks

https://arxiv.org > stat v
by IJ Goodfellow - 2014 - Cited by 4339 - Related articles
Jun 10, 2014 - Submission history. From: lan Goodfellow [view email] [v1] Tue, 10 Jun 2014 18:58:17

GMT (1257kb,D). Which authors of this paper are ...
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Generative Adversarial Networks

Generative Adversarial Networks

https://arxiv.org > stat v | )
by |J Goodfellow - 2014 - Cited by 4339 - Related articles http://torch.ch/blog/2015/11/13/gan.hitm

Jun 10, 2014 - Submission history. From: lan Goodfellow [view email] [v1] Tue, 10 Jun 2014 18:58:17
GMT (1257kb,D). Which authors of this paper are ...
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Tero Karras Timo Aila Samuli Laine
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_ Aalto University
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Generative Models

Generative models approximate a data distribution directly. They can
map samples from one distribution (noise or input data) to realistic
samples from an output distribution of interest.

A Generator

noise sample generated receptor & ligand grid
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Encoder

Latent
Space

Autoencoding

(Generator

Computational and Systems Biology

o L2 Loss
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Automatic Chemical Design Using a Data-Driven Continuous
Representation of Molecules

®

SMILES input

ENCODER

Neural Network

CONTINUOUS

MOLECULAR

REPRESENTATION
(Latent Space)

DECODER

Neural Network

SMILES output

Computational and Systems Biology
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ORI || T

http://people.eecs.berkeley.edu/~pathak/context_encoder/
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Context Encoding

~_ Generator o

receptor grid generated ligand grid
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Receptor-Conditional Ligand-Variational Model

L2 loss

GAN loss
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Receptor-Conditional Ligand-Variational Model

L2 loss
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Receptor-Conditional Ligand-Variational Model

GAN loss

Discriminator
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Model Architecture

generated ligand density
19X 24 x 24 x 24

2 convolutions
32x24 x24 x 24

nearest-neighbor upsampling

64 x 24 x 24 x 24

3 convolutions
64 x12x12x12

earest-neighbor upsampling

128 x 12 x12x 12

3 convolutions
128 X6 X6 X6

fully-connected
27648

concatenate

2048 T

gaussian sample

1048
fully-connected fc fc
1024 1024 1024
3 convolutions 3 convolutions
128 X6 X6 X6 128 X6 X6 X6
average pooling average pooling
64 xXx6X6Xx6 64 X6 X6Xx6

3 convolutions
64 x12x12x12

3 convolutions
64 x12x12x12

average pooling
32x12x12x12

average pooling
32x12x12x12

3 convolutions 3 convolutions
32X 24 x24 x24 32X 24 x24 x 24
receptor input density ligand input density
16 X 24 x 24 x 24 19X 24 x24 x 24
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Autoencodmg Examples
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Autoencodmg Examples
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Autoencoding Examples

I RN 20
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Autoencoding Examples
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Autoencodmg Examples
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Autoencoding Examples
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Atom Fitting

a* = argmin||d — D(a)||5 + A\E(a)
a
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Atom Fitting

a* = argmin||d — D(a)||5 + A\E(a)
a
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Condlhonlng on ’the Receptor
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Condlhonlng on ’the Receptor
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lterpolating

T
—

Two atom toy system
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lterpolating

T
—

Two atom toy system
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LALRNN

Removing the third dimension
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Chomsky Hierarchy

Turing-decidable \ Turing machines that always accept orreject
An Introduction to
[Nondeterministic" Turing machines thatuse only 3s much tape as the and AUTOMATA
Context-Free [type 2| \ input takes
Deterministic \ \

Nondeterministic pushdown automata

Context-sensitive [type 1)

/ / /' Deterministic pushdown automata

Finite automatsa

PETER LINZ

INCLUDES CD-ROM

http://www.cs.appstate.edu/~dap/classes/2490/chapter11print.ntml
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Grammars

Balanced Palindromes Arithmetic
Parentheses S > ¢ E ::= 1d
S - ¢ S —» aSa num
S = (S) S = bSb E + E
S - SS E * E
( E )
() aa
3 + 4 * 5
(CC)))CO)C()) babbab (3 + 4) * 5

()O)O) ) () abbaabba
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Section

Formal Grammar

3.1

ATOMS
atom ::= bracket_atom | aliphatic_organic | aromatic_organic | ™'

W W
Ul
v

ORGANIC SUBSET ATOMS
aliphatic_organic ::="B"|'C'|'N"|'O"|'S"|'"P' | 'F" | 'CI" | 'Br" | "I’
aromatic_organic ::="b'['c'|'n'|'0o" | 's' | 'p’

W W w w
Pt el ped e
e > N

3.5

BRACKET ATOMS

bracket_atom ::= '[' isotope? symbol chiral? hcount? charge? class? ']’

symbol := element_symbols | aromatic_symbols | "*'

isotope ::= NUMBER

element_symbols ::=

'H| 'He'

|lLil|lBel| IBI IICI IINI IIOI IIFI ||Nel
['Na'|'Mg’| 'Al'I'Si'|'P* |'S" |'CI'|'Ar’
I'K" |'Ca'|'Sc'|'Ti'|'V' |'Cr'|'Mn’|'Fe’|'Co’|'Ni'|'Cu’|'Zn’'|'Ga’|'Ge'|'As'|'Se'| 'Br'|'Kr"
['RE'I'Sr'I'Y" |'Zr'|I'Nb'|'Mo’|'Tc'|'Ru’['Rh'|'Pd’|'Ag'|'Cd’|'In"|'Sn’|'Sb'|"Te'|'l" |'Xe'
['Cs'|'Ba’|  'HfY|'Ta’|'W' |'Re'|'Os’|'Ir'|'Pt'|'Au’|'Hg'|'TI'|'Pb’|'Bi'|'Po’|'At'|'Rn’
I'Fr'|'Ra'|  'Rf'|'Db'|'Sg'|'Bh'|'Hs'|'Mt'|'Ds’|'Rg’

['La'['Ce’['Pr'['Nd'['Pm'|'Sm'|'Eu’|'Gd"|'Tb'|'Dy'|'Ho’|'Er'|'Tm'|"Yb'| 'Lu’

|lAcl|lThl|lPal|lUl |lel|lPul|lAmlIIlellBklIICfVI'ESIIIFmIIlMdlllNolllLrl
aromatic_symbols ::="'c'|'n"| '0o' | 'p' | 's' | 'se’ | "as’

3.9

CHIRALITY
chiral ::="'@’
| l@@l
| '@TH1' | '@TH2'
| '@ALL" | '@AL2’
| '@SP1' | '@SP2' | '@SP3'’
| '@TB1' | '@TB2' | '@TB3'| ... | '@TB29' | '@TB30'
| '@OH1' | '@OH2' | '@OH3' | ... | '@OH29' | '@OH30’

3.1.2

HYDROGENS
hcount ::="'H'
| 'H' DIGIT

3.1.3

CHARGE
charge ::=
| '-'DIGIT
|+
| '+'DIGIT
|
I

- *deprecated*
"+ 4 *deprecated*

3.1.7

ATOM CLASS
class ::= """ NUMBER

3.2,3.9.3
3.4

3.3

3.7

BONDS AND CHAINS
bond ::="-"|"'="|"#['$" [ |/ |"\
ringbond ::= bond? DIGIT
| bond?'%' DIGIT DIGIT
branched_atom ::= atom ringbond* branch*
branch ::= (" chain ")’
| '(" bond chain )’
| '(" dot chain ')’
chain ::= branched_atom
| chain branched_atom
| chain bond branched_atom
| chain dot branched_atom

LI |

dot ::

3.10

SMILES STRINGS
smiles ::= chain terminator
terminator ::= SPACE TAB | LINEFEED | CARRIAGE_RETURN | END_OF_STRING

SMILES

NH

clccccclN

Computational and Systems Biology
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Push Down Automata

Balanced Parentheses

If input is ) and ( Is on
stack top, then ( is

popped and nothing (/el(
IS pushed to stack. If input is (, what's on
) (/e stack top doesn't matter
and a ( Is pushed to stack.
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Bottom Up Parsing

A PDA can be implemented with a parse table

while (true)

action goto
: s = state on top of stack
state | ident |+ b : i a = current input token
O s3 gl g2 if (action[s] [a] == sN) shift
1 a push N
p) s4 2 a = next input token
3 3 3 else if (action[s][a] == rR) reduce
4 s3 g5 g2 remove rhs of rule R from stack
X = lhs of rule R
S5 rl
N = state on top of stack
push goto[N] [X]
S —-E$ . .
- T4 E else if (action[s][a] == a) accept :-)
—= I+ return success
E—T else error

T — identifier X T y$ return failure
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The NN Part

mplement every state as its own neural network that calculates a function of the input in the context of the
parse (encoder) or outputs a syntactically correct string according to the rules of the grammar (generator)

Shift State Reduce State
iInput Stack
character n stack states

Encoder i i i

state (pushed) state (pushed)
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The NN Part

mplement every state as its own neural network that calculates a function of the input in the context of the
parse (encoder) or outputs a syntactically correct string according to the rules of the grammar (generator)

Shift State Reduce State
stack top n stack states
Generator
output state state (pushed)
character (pushed)
arg#ax - lookup next

state
55
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AU,
A

U

G G
A

U
C
C

G
G
G C

GGGAGAAUUGUCCC
(CCCawann. ))))

S — .

Does it work?ee?e

S — ()
S — (5)

S — S(S)

S— S

Up'

U

Up'
%
SN

Computational and Systems Biology

state | . ( ) S
0 s6 | sl o
1 s6 | sl | s7 o4
2 s6 | sl | sl1 || g3
3 s10 | s2 | s9
4 s10 | s2 | s8
5 | s10 | s2
6 Reduce S — .

7 Reduce S — ()

8 Reduce S — (S)
9 Reduce S — S(S)
10 | ReduceS —S.
11 Reduce S — S()
12 | END
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Batch MSE Loss

0.200 -

0.175 -

0.150 -

0.125 -

0.100 ~

0.075 -

0.050 ~

0.025 -

0.000

LALRNN vs GRU

Computational and Systems Biology

)
@)
q0)
GRU A EC:; GRU/LALRNN
Encoder g . Decoder
15
1
—— GRU RNN
LALRNN
20600 40600 60600 80600
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() github.com/gnina
@ http://bits.csb.pitt.edu
) @david_koes

SIX MONTHS LATER:
OUR FIELD HAS BEEN STRUGGLE NO MORE! | .
STRUGGLING WITH THIS T'M HERE TO SOLVE. WOL, THIS PROBLEM

PROBLEM FOR YEARS. T JITH-ALGORITFMS! 15 REALLY HARD.
| DEEP LE ( YOU DONT SAY

§ll
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