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As an optimization problem:
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Maximize binding affinity

s.t.¢(x)>T

Under design constraints

Constraints might include thermostability, diversity
of multiple solutions, ease of synthesis...

Obvious challenge: optimizing over the space of
all antibodies (or even just CDRs) is hard.

Bayesian Optimization

Step 1: Fit GP model to data
Step 3: Evaluate the function and update the GP
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Step 2: Choose where to evaluate next
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Iterature supports: constraints, multi
ective, diverse solutions, and more!
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Step 4: Repeat...
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Historically: not very useful for high dimensional optimization,
large data regime, discrete/structured optimization, ...

Deep Generative Model (VAE, Diffusion) over Antibodies

A
Input x { \ Reconstruction &
| atent z Decoder
x0.3 ® “0.1 °
. . |_—Ve °
Unlabeled antibodies ——— %% * % OF
used for DGM 07 ®

-Trust region in latent

space.

P ST » e %
0.22 .
< ] : . 0 61 0.68

8 004

Labeled antibodies
used for DGM + BO

90.62 ©

Key Idea: Apply Bayesian optimization over continuous latent vectors z instead of discrete x.
« Obijective function: f(z) = f(Decode(z)), where Decode(z) produces an antibody.
* Define constraints ¢(-) similarly over z instead of over x.
* Challenge 1: Latent spaces are very high dimensional = use trust regions.
« Challenge 2: f(-) , ¢(-) probably not smooth in z = Train VAE and BO surrogate jointly.

Ljoint — \[EEnc(zlx) [stgp (QGP: Oenc: V) Z)] }'l' \LVAE (Henc: Odec; X)}

| |
Expected supervised loss Typical VAE loss

(for data that has labels) (for data that has no labels)
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Results

In silico Small molecule benchmarks (Guacamol):

Perindopril MPO Ranolazine MPO
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Best Score Found

..................

10000 20000 30000 40000 50000 60000 70000 80000
Total Function Evaluations

—o— T-LBO (Grosnit et al., 2021)

\----.----..---.l".---
1 1

20000 40000

60000 80000 100000 120000
Total Function Evaluations

In vitro Lab validated antibody designs:
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(a) Optimized Target Binding Affinity (b) Thermostability Constraint Satisfaction
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Local Bayesian Optimization

Practice:

60D Rover trajectory planning

5]
—O—0—0—0-0—0—0—0—0— ¢ TuRBO-1
_J: -
3 4 (CMA-ES
2
1 R A T L i EBO
= 0 et ‘
5 v HeSBO
E —1 ;: »  Thompson
[a= P} _" -y L
—3 A S S
i
— _l .,. —
—5 (I —
—6 i
- 0 5000 10000 15000 20000
Number of evaluations
Theory:

Under assumptions commonly used
to analyze BO, convergence to a
stationary point on noisy functions

d1.25
has rate O (TO.ZS).
Much better

than exponentialJ
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Trust regions:
* Grow when
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s\Shrink when progress
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State of the art for high
dimensional black-box
optimization, and not
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