Motivation

« MBO requires large amount of labeled data,

which Is limited.
=) Sub-optimal performance

®

« Rich unlabeled data.
=) Utilize to generate better designs

Overview

1. Train a robust VAE with unlabeled data
=) Rich representations in the latent space

2. Process labeled data in the latent space
» Interpolate to create new data point

z=0B*xx+ (1 —P)*e€

« Construct graph in the latent space

Y+~ VYuiz}

« Apply smoothing to generate pseudo-labels

®

Y «— LabelPropagation(&,V,Y)

3. GROOT-augmented MBO

 Train surrogate model based on newly

generated data

=) \/ersatile for optimization across domains.
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Theoretical Justification

Definition 1. Let X = {x, .
N points in R%, a convex hull of X is defined as:

.., Xy | be a setof

Proposition 1. In limited data scenario:
lim P(z ¢ Conv(X)) =1

d— 00

Proposition 2. |E[D(z, Conv(X))] < 2(1 — 8)Vd

Method

GROOT-augmented Model-based Optimization
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Experimental Results

Main results. GROOT outperform SOTA methods in label-

scarcity scenarios.

AAV harderl task AAV harder2 task

AAV harder3 task

Method Fitness T  Diversity Novelty | FitnessT  Diversity Novelty | FitnessT  Diversity Novelty
AdalLead 038(0.0)  5.5(0.5) 7.0(0.7) | 0.43(0.0)  4.2(0.7) 7.8(0.8) | 037(0.0) 6.22(0.9)  8.0(1.2)
CbAS 0.02 (0.0)  229(0.1) 185(0.5) | 0.01(0.0) 232(0.1) 19.3(0.4) | 0.01(0.0) 232(0.1)  19.3(0.4)
GFN-AL  0.00(0.0) 15.4(6.2) 21.6(0.5) | 0.00(0.0) 81(3.5)  21.6(1.0) | 0.00(0.0) 7.6(0.8)  22.6(1.4)
PEX 0.23 (0.0)  6.4(0.5) 3.8(0.7) | 0.30(0.0)  7.8(0.4) 5.0(0.0) | 0.26(0.0) 7.3(07)  4.4(0.5)
GGS 0.30 (0.0)  13.6(0.2)  14.5(0.3) | 0.27(0.0)  16.0(0.0)  19.4(0.0) | 0.38(0.0) 7.0 (0.1) 9.6 (0.1)
ReLSO 0.15(0.0)  20.9(0.0)  13.0(0.0) | 0.17(0.0) 20.3(0.0) 13.0(0.0) | 0.22(0.0) 17.8(0.0)  11.0(0.0)
S-ReLSO  0.24 (0.0)  11.5(0.0)  13.0 (0.0) | 0.28 (0.0)  16.4(0.0)  6.5(0.0) | 0.27(0.0)  17.7(0.0)  11.0 (0.0)
GROOT 0.46(0.1) 98(1.6)  122(05) | 0.45(0.0) 99(0.8)  13.0(0.0) | 0.42(0.1) 11.0(20)  13.0(0.0)
GFP harder1 task GFP harder2 task GFP harder3 task
Method Fitness T  Diversity Novelty Fitness T  Diversity Novelty Fitness T  Diversity Novelty
AdaLead 039 (0.0)  8.4(3.2) 9.0(1.2) | 0.4(0.0) 7.3 (2.8) 9.8 (0.4) | 0.42(0.0)  6.4(2.3) 9.0 (1.2)
CbAS -0.08 (0.0) 172.2(35.7) 201.5(1.5) | -0.09 (0.0) 158.4 (34.8) 202.0 (0.7) | -0.08 (0.0) 186.4 (33.4) 201.5 (0.9)
GFN-AL  0.21(0.1) 743(55.3) 219.2(3.3) | 0.14(0.2)  27.0(9.5) 223.5(2.4) | 0.21(0.0) 37.5(21.7) 219.8 (4.3)
PEX 0.13(0.0) 12.6(1.2)  7.1(1.1) | 0.17(0.0) 126(1.2)  7.1(1.1) | 0.19(0.0) 122(1.1)  7.8(1.7)
GGS 0.67 (0.0) 4.7 (0.2) 9.1(0.1) | 0.60(0.0)  5.4(0.2) 9.8(0.1) | 0.00(0.0) 157(0.4)  19.0(2.2)
ReLSO  0.94(0.0)" 0.0 (0.0) 8.0 (0.0) | 0.94(0.07  0.0(0.0) 8.0 (0.0) | 0.94(0.0  0.0(0.0) 8.0 (0.0)
S-ReLSO  0.94(0.0)" 0.0 (0.0) 8.0 (0.0) | 0.94(0.0)7  0.0(0.0) 8.0 (0.0) | 0.94(0.0)7  0.0(0.0) 8.0 (0.0)
GROOT 0.88(0.0) 3.0 (0.2) 7.0 (0.0) | 0.87(0.0)  3.0(0.1) 75(0.5) | 0.62(0.2) 7.6 (1.5) 8.6 (1.5)

T indicates that the generated population has collapsed (i.e., producing only a single sequence).
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Ablation Studies. Verify the propositions and test with extreme
cases (under 100 labeled data points)

® AAV —e— Random ===

Dharde

3(best)

0.6 0.8 1.0

N
AN
\
\
__________ L
\
v
Model-based
Encoder . e .
Optimization
Decoder <«

1751+ 777

15.0 1

12.5 1

32

64

128

256

Latent dimension d

Ablation Studies. Demonstrate the effect of smoothing

technique

Task Difficulty Smoothed
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