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https://cen.acs.org/articles/92/web/2014/11/Tufts-Study-Finds-Big-Rise.html
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Targeting Proteins with Small Molecule Drugs
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=Pl Structure-based Small Molecule DesignTools
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3D-conditional diffusion

model Select and place molecule fragments based on protein

Generates atomic point surface patterns

clouds given protein Generate linker atoms with a diffusion model conditioned

structures on the fragments

. Structure-based drug L Equivariant 3d-conditional diffusion models for molecular
design with equivariant linker design (accepted at Nature Machine Intelligence)
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=PFL  Retrosynthesis Modeling
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= Recursively decompose target molecule into simpler building blocks
until available starting molecules are reached

= Single-step retrosynthesis prediction: predict possible reactants given a
target molecule

= Multi-step retrosynthesis prediction: plan optimal reaction sequence that
minimizes number of synthesis steps, cost of starting molecules etc.



=PFL Retrosynthesis as a Distribution LeamingTask

= Each product molecule can be obtained starting from several valid sets
of reactants

— we want to sample from p(reactants|product)
— confidence estimates should reflect this probability

= Most existing retrosynthesis models optimize...

« ...the likelihood of single actions greedily
I calibration and global consistency issues n
- ...the likelihood of a sequence p(S) = Hp(8i+1|80, .y Si)
(SMILES, graph edits) -0
b different sequences can lead to the same outcome

= \We want to be able to sample from the data distribution instead



=PFL - Qurgoal

). Discrete data
Products Reactants

2 '™ p(zt‘zt—la y)

I Intractable prior \ Looking for p(y[x)
). Finite set of coupled samples '



=PFL - Summary

Intractable Coupled Likelihood :
Framework : L Discrete data
prior samples optimisation
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=PFL  MarkovBridge Model

Coupled data points: pe(a) PdeUCtSt . t . Reactants
way”“p;f,y($,y) —_—

Intractable distributions:
pae) = [ preyle.y)dy

py(y) = / pry(@,y)dz

2o~ p(z]z1, )
Markov bridge:
= A sequence of time steps and correspondingr.v.: t=0,...,T, (zt);rzo ~ D
= Trajectory starts at product: <0 — &L
= Markov property: p(zt\z(), Zlyeooy 21, y) = p(zt|zt_1, y)
= Process is pinned in the end: p(ZT == y|ZT_1, y) =1



=PFL - Markov Bridge Model "

Product @ P(zi41] 241, y) = Cat(zi41; Q(y) 2 Reactant Y
t=10 t+1 t=T

= Transition probabilities: p(zt+1|zt, y) = Cat (zt+1; Qtzt) U /

= Transition matrices: @, = Qt@ =l kg + (1 — o)yl ;

= Neural network approximation: ¥ = ©g(2¢, 1) /@
= New transition kernel: QB(Zt+1|zt) = Cat (Zt+1; Qt(@)zt) o
_

= Train by maximizing log-likelihood: 1og g (y|x)

Frame O

log go(y|x) > T - EtwL{(O,...,T—l)Eztwp(zt|m,y)DKL(p(Zt—i—l|zt: Y)llgo(zi41]|21))
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Scoring
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2. Sampled reactants 3. Scored reactants
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£PFL  Results

Top-k exact match: ground-truth set of reactants found among top-k samples

Model k=1 k=3 k=5 k=10
GLN (Dai et al., 2019) 52.5 74.7 81.2 87.9
ﬁ GraphRetro (Somnath et al., 2021) 53.7 68.3 72.2 75.5
LocalRetro (Chen & Jung, 2021) 52.6 76.0 84.4 90.6
SCROP (Zheng et al., 2019) 43.7 60.0 65.2 68.7
G2G (Shi et al., 2020) 48.9 67.6 72.5 75.5
Aug. Transformer (Tetko et al., 2020)  48.3 — 73.4 77.4
DualTF,g (Sun et al., 2021) 53.6 70.7 74.6 77.0
w. MEGAN (Sacha et al., 2021) 48.0 70.9 78.1 85.4
& Tied Transformer (Kim et al., 2021) 47.1 67.1 73.1 76.3
GTAgg (Seo et al., 2021) 51.1 67.6 74.8 81.6
Graph2SMILES (Tu & Coley, 2022) 529 66.5 70.0 72.9
Retroformer,,, (Wan et al., 2022) 52.9 68.2 72.5 76.4
RetroBridge (ours) 50.8 74.1 80.6 85.6

Limitation: does not account for other possible valid reactants



=PFL  Results -

1. Input product 2. Sampled reactant 3. Predicted product
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Coverage Accuracy
Model k=1 k=3 k=5 k=1 k=3 k=5
m GLN (Dai et al., 2019) 82.5 92.0 94.0 825 71.0 66.2
= LocalRetro (Chen & Jung, 2021) 82.1 92.3 94.7 82.1 71.0 66.7
MEGAN (Sacha et al., 2021) 78.1 88.6 91.3 78.1 67.3 61.7
., Graph2SMILES (Tu & Coley, 2022) — — - 76.7 56.0 464
= Retroformer,,, (Wan et al., 2022) — — — 78.6 71.8 67.1
RetroBridge (ours) 85.1 95.7 97.1 85.1 73.6 67.8

Limitation: quality of the forward reaction prediction method



=PFL  Project Summary

= 3D generative models for drug
design

= Experimental validation requires
chemical synthesis

= Graph generative model for
synthesis planning

= Markov Bridge Model is an efficient
framework to address the one-to-
many mapping problem
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=PFL  Molecular graphs
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Data representation:
Graph of N nodes I = (H, E)
Node features H ¢ RY*d
Edge features E € RY*Vxde

All variables are categorical,
represented as one-hot vectors
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=PrL  Ablations

Model k = k = k=5 k=10 k=50
DiGress (context) 4732 6856 7393 7845 80.88
RetroBridge-CE (no context) 48.71 66.84 7233  76.08 79.38
RetroBridge-CE (context) 50.74 71.50 76.58  79.50 80.58

RetroBridge-VLB (no context) 47.42 6946 7521 7940  83.82
RetroBridge-VLB (context) 4892 73.04 79.44 83.74 86.31

A

no context: Y = 909(215, 75) context: Y = g (Zta £, t)

VLB: Lvis(d) =—-T- EtNU(O,...,T—l)EZtNP(zt\:c,'y)DKL(p(zt-l-l|Zt>y)”qg(zt-l-llzt))

CE: ECE(Q) = =1 Eth(O,...,T—l)Eztwp(zt|:13,y) CrossEntrOpy(y, 909(zt7 t))
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Input product

Examples

Sample 1
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Sample 3
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=P7L " Neural network
A Neural Network Architecture

= Fully-connected graph
» Graph transformer network

Graph Transformer Layer

= Node (atom) features: x #heads
= 16 atom types + 1 dummy
= Additional spectral features
= Number of cycles

= Edge (bond) features:
= 3 bond types + “none” type




=PFL ML for Retrosynthesis Prediction

GLN

Graph Retro RetrOBridge
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Graph

MEGAN

LocalRetro G2Gs
L. Typically requires

atom mapping!
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=7L Molecule Edit GraphAttention Network (MEGAN)

MEGAN generates reactions as sequences of graph edits

= Predicts actions on atoms and bonds

= Optimizes likelihood of sequence of actions \m/%ﬁ—’ %ﬁ %ﬁ °
. . Target molecule
= Imposes order on actions for training

MEGAN action sequence:
1. Delete Bond (C:1, N)

n i 2. Edit Atom N (Num explicit Hs=1) B =
TeaCher forCIng 3. Add Atom | to C:1
4. Stop
Candidate substrates
Delete bond Edit atom N Add atom | to C:1 Stop
(C:1,N) (Num explicit Hs=1) (Bond type=Single)

L 4 4
(__ Decoder  ( Decoder > Decoder )~ Decoder ) n

[} ) [) 1
C Encoder ) (___Embedding ) (__ Embedding ) (_ Embedding ) ( S) ( S | S S )

3 F 7 ¥ = . e :
(—_Embedding ) P B e p PLOi41100, -y D4

=\~ ! & 1=0

S

Target molecule Intermediate substrates Intermediate substrates Final substrates
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=PFL  Diffusionmodels “

Forward SDE (data — noise)

Intractable data  ( x(0) dx = f(x, t)dt + g(t)dw Simple prior
distribution

: score function

dx = [£(x, ) — g2 (8)Vx logpy ()] dlt + g(t)dw

Reverse SDE (noise — data)
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po(G|G")

Frame O



=*.  Flowmatching

ODE: dx = us(x) dt,

Loss: B g(2)pu(ale) V0t 2) — ue(z]2)]?

Generating vector fields:

Diffusion / Variance Exploding:
pe(alz) = Nz | 1, 07,),

!
T1_¢

w(z|z) = — (x —x1),

01—t
Optimal transport:
pt($|2) = N(ﬂ;‘ | txy, (tg e de e 1)2)1

21— (l—o0)x
ug(z|z) = —————

t(z]2) 1-(1—o)t’
Independent coupling / stochastic interpolants:

pt(mlz) :N(.’B | tr, + (1 e t)$0302)1
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Schrodingerbridge
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L dX, = g7 [b{ (X;) + Vlogh{ (X;)] dt + g, AW, —I

Schrodinger bridge Problem:

min
P[J:]P[J, ]P]_ =]Pl

Dxr (Pt[|Q¢).

a.k.a. entropy-reqularised OT:

Loss: L(#):=E

xl_Xt
B1— B
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Aligned SB: samples are coupled
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