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Drug Development Pipeline

It often takes more than a decade to develop even one new drug.
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Drug Development Pipeline

Can we leverage machine learning to speed up drug design?
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Drug Design using Machine Learning

A drug design algorithm can be described by a generative model.
Database

corrdl LG o ok

New drug

Soa. S 20n SR A _Qp;vo B

g 4ete, w0 to oa P

) SE-e N o2
o 85 §H0 oty Molecular formula

Graph representation

Generative model
A

{G1,G2,Gs,...} o) Ghew ~ P(G)

June 29, 2022 4/19



Linker Design

® However, generate the whole molecule from scratch is less than a practical approach.

® Linker design is a popular drug design method that finds a “linker” molecule
attaching two given “fragment” molecules.

® The two given fragments are usually known to have specific chemical functions, thus
making linker design more promising against designing the whole drug from scratch.

® Conditional graph generation, i.e. P(Giink|Grag)-
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What We Propose: 3D Linker Design

Key motivations:

® Previous works only generate the graphs and cannot generate the 3D coordinates of
the linker. The lack of geometric information may lead to unrealistic generations that
do not physically exist, or hard to adapted to downstream tasks that require 3D
outputs (e.g. compute affinity to protein pocket).

® Therefore, we propose a new task named 3D linker design, that is to generate both
the graph and the coordinates of the linker, given the graph and the coordinates of
the fragments.

¢ Conditional 3D graph generation, i.e. P(Giink, Xiink| Gtrag: Xtrag)-

® Interestingly, this task can also be seen as a pre-training strategy that “masks” part
of the 3D molecular graphs and learns to recover it.
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Inductive Bias: Symmetry and Equivariance

The generated linker should be
insensitive to rigid body
transformations, i.e. E(3) group.
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Inductive Bias: Symmetry and Equivariance

The generated linker should be
insensitive to rigid body
transformations, i.e. E(3) group.

—_— ;
Coordinate vectors

Model

e Graphs (atom types, edge
types) are invariant to E(3).

e Coordinates are equivariant to
E(3).
How to build a powerful model
while satisfying the equivariance
constraints?

Rotation Rotation

Model

V.g € E(?’)a P( Glink7 Xlink| Gfraga Xfrag) = P( Glinka g- Xlink| Gfraga g- Xfrag)-
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Building Block: Mixed-Features Message Passing (MF-MP)

Main ideas:

° ‘Each node has invariant and equivariant features ‘

For example, a node at position z has invariant features h € R® and equivariant

features v € RV*3. The row index represents different channels (so a node has v 3D
“directional vectors/arrows” as its equivariant features).
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Building Block: Mixed-Features Message Passing (MF-MP)

Main ideas:

° ‘Each node has invariant and equivariant features. ‘

For example, a node at position @ has invariant features h € R" and equivariant
features v € RV*3. The row index represents different channels (so a node has v 3D
“directional vectors/arrows” as its equivariant features).

Transformation g € E(3) thus acts independently on every single row:

lg-Bi=hi, [g-vi=g v

As initialization we can let h be one-hot embedding of node types and v be all zeros.
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Building Block: Mixed-Features Message Passing (MF-MP)

Main ideas:
® FEach node has invariant and equivariant features.
° ‘ Message passing should preserve the equivariance. ‘
In message-passing scheme, one has to define message function and update function.
They have to be designed properly in order to preserve equivariance.

h; €RM v; €RV3 hj eRh v ERVE
mij =’
EE———
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Building Block: Mixed-Features Message Passing (MF-MP)

Message(hj,vj, T — ;)

n
hj € R x;—x; R3S my; € R"

Message v x3

mlt; = Kery (||@; — z]|) © hj,

m;; = diag {Kera(||z; — zj[|) } - v

+ (Kers([|z; — jll) © hy) - (s — ).

® We have separate messages for invariant

and equivariant features.

Update(h;, v;, Z ml, Z m; ;)
JEN(i) JEN ()

h; € RR

v € R™3 Update

n < rh| m’. € RV3
mi,jER mLJER

h; = GRU(h;, ml),

ij
JEN()
v, = VN(v; @ Z m;;).
JEN()

Here Ker is a radial basis kernel, and VN is an equivariant neuron mimicking normal neuron.
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Building Block: Mixed-Features Message Passing (MF-MP)

We also add a mixing unit to augment features before message passing:

Mixing(hi,vi)

[ her N
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Building Block: Mixed-Features Message Passing (MF-MP)

Let us get things together.
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3DLinker: Architecture Overview

Using MF-MP as building blocks, 3DLinker follows an standard encoding-decoding
process. Compared to a normal graph VAE, it has the following features:

® it not only encodes the ground truth, but also the fragments, reflecting it is a

conditional generation;

® the encoding and decoding process preserve equivariance.
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Experimental Results

® Since there are rarely 3D graph generative models, we integrate graph generative
models (DeLinker, GraphAF, GraphVAE, SyntaLinker) and a graph-to-3D generative
model (ConfVAE) as baselines.

® We conducted experiments on ZINC dataset with comparison to these baselines.
Variants of metrics are estimated by samples generated from each models.

Metrics (%) Valid Recover  Pass 2D filters Stani RMSD (A) | Unique Novel

3DLinker (ours) 98.68.003 93.7510.36 90.3240.18 54.831 008 0.081.000s4 | 29.344017 32.53+0.12
DCLinkCI‘+COHfVAE 98.35;&0_07 80.35:&2_58 89.9210_53 52.86;&0_04 1-34510.028 44.53:&0_42 39-5310.58
GraphAF+ConfVAE 34.2510.17 21.2341.82 82.0042.21 38.0040.14 1.26310.124 | 84.064031 78.33+0.12
GraphVAE-‘rCoanAE 63.07i0,59 1-40i1.37 86.17i0'26 51-31i0.07 1~523i0.478 43.5910435 91-59i1.47
SyntaLiIlkcr+CoanAE 80.14;&0_31 85-4712.46 97.41;&0_11 54.8010_05 1-40210,016 41.51:&0_75 13.17:&0_27
Gen3D 75.9210.10 37.9910.67 81.4140.12 48.671006 1.41510972 | 49.861049 64.1710.91

e Particularly, “Recover” represents the probability of generating the ground-truth
linker, while RMSD measures the deviation of coordinates between ground-truth and
generated ones. Our model shows a significant improvement over these two metrics.

A=10""m.
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Experimental Results

Metrics (%) Valid Recover  Pass 2D filters Stani RMSD (A) Unique Novel

3DLinker (OUI‘S) 98.683:()‘03 93753:05(, 90.323:0_13 54.833:()‘08 0.0813:0,004 29.343:[)‘17 32.533:0,12
DeLinker+ConfVAE 98.35410.07 80.354258 89.9240.53 52.8640.04 1.34540008 | 44.5341042 39.53+0.58
GraphAF—i—CoanAE 34.2510'17 21-2311.82 82.0012.21 38.00;&0.14 1.26310.124 84.0610,31 78.3310.12
GraphVAE+ConfVAE 63.07+0.59 1.4047.37 86.17+0.26 51.3140.07 1.52310478 | 43.5940.35 91.5941 47
SyntaLinker-ﬁ-CoanAE 80.14i0.31 85~47i2.46 97'41i0.11 54.80i0'05 1~402i0.016 41.5110‘75 13-17i0.27
Gen3D 75.9210,10 37-9910.67 81.4110_12 48.67:&0,06 1.415:&0,272 49.86;&0,49 64.17:&0,21

We also conducted ablation study, showing the effectiveness of using equivariant features.

Metrics(%) Valid Recovered Pass 2D filters RMSD(A) | Unique novel
3DLinker 98.67 93.58 90.37 0.079 29.42 3248
3DLinker (w/o equivariant) 99.42 86.59 92.68 1.352 34.58  27.02
3DLinker (w/o update) 98.85 39.94 62.81 0.399 55.93  72.25
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Conclusions and Limitations

Conclusions

® Linker design is one of the most popular drug design techniques. However, many
previous works either focus on generation from scratch or cannot generate 3D
coordinates.

® we thus come up with a new task: generate both graph and coordinates of the linker
given two 3D fragments. This task can also be seen as a pre-training process on 3D
graphs.

e We propose mixed-features message passing (MF-MP) as building blocks and develop
an equivariant VAE called 3DLinker to address the task above. Thanks to
equivariance, 3DLinker is insensitive to choices of coordinate system and thus
generalizes well in such 3D task. Finally it shows a significant boost of important
metrics (recovery rate, RMSD, etc.) over multiple baselines in the experiments.

Limitations

¢ One concern is that in practice the relative position of two fragments may not be
known, which is assumed to be given in our setting. In that case it needs an
additional step to predict 6DOFs (displacement and rotation) between two fragments
before applying 3DLinker.
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Thank you!

Paper: https://arxiv.org/abs/2205.07309
Code: https://github.com/GraphPKU/3DLinker
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