
Motivation

MBO requires large amount of labeled data,
which is limited.

         Sub-optimal performance

Rich unlabeled data.
         Utilize to generate better designs 
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Theoretical Justification

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

Construct graph in the latent space

Apply smoothing to generate pseudo-labels

3. GROOT-augmented MBO
Train surrogate model based on newly
generated data

         Versatile for optimization across domains.

Definition 1. Let                                   be a set of

N points in       , a convex hull of       is defined as:

Definition 2. Interpolation occurs for a sample

whenever this sample belongs to               , if not,

extrapolation occurs

Proposition 1. In limited data scenario:

Proposition 2. 

Experimental Results
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GROOT     : Effective Design of Biological Sequences
with Limited Experimental Data

Thanh V. T. Tran*, Nhat Khang Ngo*, Viet Anh Nguyen, Truong Son Hy

GROOT-augmented Model-based Optimization

Main results. GROOT outperform SOTA methods in label-
scarcity scenarios.

Ablation Studies. Verify the propositions and test with extreme
cases (under 100 labeled data points)

Ablation Studies. Demonstrate the effect of smoothing
technique


