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Computational Antibody Design
As an optimization problem:

𝒜: ⋯

maximize
𝑥∈𝒜

𝑓(𝑥) Maximize binding affinity

𝑠. 𝑡. 𝒄 𝑥 ≥ 𝝉 Under design constraints

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

Bayesian Optimization

The literature supports: constraints, multi 
objective, diverse solutions, and more!

Historically: not very useful for high dimensional optimization,
large data regime, discrete/structured optimization, …

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

Local Bayesian Optimization

TR Length

TR Center

Idea: Perform BO inside a trust region (TuRBO)

Trust regions:
• Grow when progress is
      made quickly.
• Shrink when progress is
      made slowly.
• Move with the current
      best solution 𝑥∗.

Theory: 
Under assumptions commonly used 

to analyze BO, convergence to a 
stationary point on noisy functions 

has rate O d1.25

𝑇0.25
.

Much better
than exponential

in 𝒅

(Local) Deep Bayesian Optimization
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Deep Generative Model (VAE, Diffusion) over Antibodies

Unlabeled antibodies
used for DGM

Labeled antibodies
used for DGM + BO

Trust region in latent
space.

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

ℒjoint = 𝔼Enc(z∣𝑥) ℒsvgp 𝜃GP, 𝜃enc; 𝒚, 𝒁 + ℒVAE 𝜃enc, 𝜃dec; 𝑿

Expected supervised loss
(for data that has labels)

Typical VAE loss
(for data that has no labels)

Practice:

State of the art for high 
dimensional black-box 
optimization, and not 
just for BO methods.

Results
In silico Small molecule benchmarks (Guacamol):

In vitro Lab validated antibody designs:
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Original

Used here

• Better binding
       affinity than
       masked language 
       model and prior   
       designs.

• Thermostability
      constraints        
      satisfied in 75% of 
      designs.
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