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Abstract

Data-Efficient Drug Design with Pretrained-
BERT and Bayesian Active Learning
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In drug discovery, selecting the right compounds to test is critical. Traditional active learning relies only on labeled data, ignoring the rich information in

unlabeled molecules. We change that by integrating a BERT
enabling robust molecular representations. This significantly i

iterations—faster, smarter, and more efficient.

Research Questions

>

>
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How to perform active learning with limited
datasets”?

How to disentangle representation learning
from uncertainity estimation?

How to perform target domain aware active
learning?

SS-Active learning

>

Molecular Representations of SMILES s; of
both labeled Digpeles = {(512°%9, y;)} V. and

unlabeled set D, = {s¥} are generated by
using pretrained MolIBERT model:

Xll-abeled _ MOIBERT(S}abeled; @Sretrain)
X;J = MOIBERT(S;’J; @;retrain)
xliabeled, xly c Rd

IS used to train a probabilistic model
f(xiabeled: o) with parameters ¢

p(¢‘Dlabeled) X p(DIabeled‘¢)p(¢)

A new data point Is selected from the unla-
beled set D, = {(x¥)} by maximizing the
acquisition function:

Xs = arg max a(x)
XeD,

The label y;s is acquired for xZ and incorpo-
rated into the training set

Dupdated =D U{(xlsjs YS)}

The posterior of probablisitc model is up-
dated by using Dupdated

p(q§ ‘ Dupdated) X p(Dupdated | ¢)P(¢)

Acquisition functions

» Random Acquisition = x3% ~ Uniform(D,)
» BALD

4:y~p(y|x,D) [H[gb‘D] _ H[¢‘X, Y, D]]
Hly|x, D] — Egypeip) [HLY[X, &]]

» EPIG

| I

Sp(x.) [H[y*\x*,D] — Epgyx ) [HY: Xy, X]]

Active Learning

model pretrained on 1.26 million unlabeled compounds into the active learning pipeline,
mproves uncertainty estimation, allowing us to identify toxic compounds with 50% fewer
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Molecule selection

Active Learning Performance Comparison
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