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Biological Sequence Design
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intractable combinatorial slow/impossible to
optimization problem compute L
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Deep Generative Models (DGMs)

Scaled Dot- K

optimize over small ad-hoc proxy objective prodice s,

DGM-generated subset
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e How do we rank generated sequences,
accounting for multiple objectives, explore-exploit, etc.?
e How do we generate good subsets for ranking?
s IC M L Figure reproduced from Shu, Raphael, ..K. Cho Latent-variable non-autoregressive neural machine translation with deterministic inference using a

delta posterior. Proceedings of the AAAI Conference on Artificial Intelligence. Vol. 34. No. 05. 2020.
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Bayesian Optimization (BayesOpt)

intractable combinatorial principled proxy objective
optimization subproblem / 5
max E|u(x)] 1
xXEX y
0
e Strategy 1: solve subproblem with genetic
algorithms (inefficient). ==

e Strategy 2: use a frozen pretrained generative
model, solve in latent space (data-hungry).
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Latent Multi-Objective BayesOpt (LaMBO)
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The LaMBO architecture

e Jointly train a denoising autoencoder and
a discriminative deep kernel GP.

e Rank samples with the NEHVI acquisition
function, optimize in latent space.

e Pretraining is optional!
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Previewing the results
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Comparing LaMBO to model-free and model-based genetic algorithms

—— NSGA-2 (Model-Free) —— GA + MTGP + NEHVI —— LaMBO (A =0.01)
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Thanks, come check out the poster!

Thursday, July 21, 6PM - 8PM
Poster Session 1, Hall E #533

g @samuel _stanton_

M‘E' ss13641@nyu.edu
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https://twitter.com/samuel_stanton_
https://arxiv.org/abs/2203.12742
https://github.com/samuelstanton/lambo
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