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e Rapid design via ML: Modern protein optimization models
can propose thousands of variants in silico, dramatically

accelerating the design cycle. Enzyme Discovery Enzyme Fitness
- , - EC X.X.X.X Optimization
e Limited data scenarios: Existing methods neglect the <> MADQLTEEQIA e
scenario of extremely limited labeled data and fail to utilize - . o éfhﬁ
the abundant unlabeled data. w — DCS‘B .

e Label bottleneck: Training such models requires
ground-truth fitness labels, yet each measurement
demands cloning, expression, purification, and functional
assays—costly in time, money, and lab resources. —— . ?%

&2

Enzyme Generation

Y\  Sequence Space

- . = — Ly B J,! % \
¢ Need for sample-efficient methods: To unlock ML-guided 2 — ; gg@ 219 y
experimental design, we must develop algorithms that learn o — R T e &5 2%
) ) —— @&‘f w2 W feEie
from few labels, reducing wet-lab burden without —_— e b, => [[fisssssiestes| —
i

sacrificing performance.

[1] Yang, Jason, Francesca-Zhoufan Li, and Frances H. Arnold. "Opportunities and challenges for machine learning-assisted enzyme engineering.”" ACS Central Science 10.2 (2024): 226-241.
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GROOT ‘ Train Smoothed N Smo(zthed
J Predictor

y —> Encoder <« L)MSE

> Construct Graph {

Predictor

Labeled Data

1. Train a VAE with labeled X and unlabeled data.
2. Encode labeled sequences — latent vectors.
3. GROOT synthesizes new samples S with pseudo experimental labels.

4. Train a predictor on these samples (X N S) with MSE loss.
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Goal Goal

1. Introduce mutations into latent sample.
2. Construct kNN graph in the latent space.

3. Assign pseudo labels for new samples and smoothen the landscape.
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Starting data Starting data

A. Noisy fitness landscape B. Smoothed fitness landscape

[2] Kirjner, Andrew, et al. "Improving protein optimization with smoothed fitness landscapes." ICLR. 2024.



g
\°[><>A/ August 3-7, 2025
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[ GRaph-based Latent SmOOThing
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Question: Are assigned pseudo labels reliable?

E[D(z, Conv(X))] < 2(1 — B)Vd

[ Distance from synthesized samples and training set are constrained and controllable }
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Encode initial sequences X — latent
embeddings.

MBO search: surrogate explores the
latent space for points with maximal
predicted fitness.

Decode optimized embeddings —
novel sequences X' ready for
validation.
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Dataset and Task Definition

Fitness Mutational Best

Tosk, DifHleulty Range (%) Gap Fitness 1D
Harder1 < 30th 13 0.33 1157
AAV  Harder2 < 20th 13 0.29 920
Harder3 < 10th 13 0.24 476

Harder1 < 30th 3 0.10 1129
GFP  Harder2 < 20th 3 0.01 792
Harder3 < 10th 8 0.01 397

[2] Kirjner, Andrew, et al. "Improving protein optimization with smoothed fitness landscapes." ICLR. 2024.
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AAV harder1 task AAV harder2 task AAV harder3 task
Method Fitness T  Diversity =~ Novelty | FitnessT  Diversity = Novelty | FitnessT  Diversity =~ Novelty
AdaLead 038(0.0) 55(0.5  7.0(07) | 043(0.0)  4.2(0.7) 7.8(0.8) | 037(0.0) 6.22(0.9)  8.0(1.2)
CbAS 002 (0.0) 229(0.1) 185(0.5) | 0.01(0.0) 232(0.1) 193 (04) | 0.01(0.0) 232(0.1) 193 (0.4)
BO 0.00(0.0) 204(0.3) 21.8(04) | 0.01(0.0) 204(0.0) 22.0(0.0) | 0.01(0.0) 20.6(0.3)  22.0(0.0)
GFN-AL 0.00(0.0) 154(6.2) 21.6(05) | 0.00(0.0) 81(3.5)  21.6(1.0) | 0.00(0.0) 7.6(0.8)  22.6 (1.4)
PEX 023(0.0) 6405  3.8(07) | 030(0.0)  7.8(0.4) 50(0.0) | 0.26(0.0) 7.3(0.7)  4.4(0.5)
GGS 030(0.0) 13.6(0.2) 145(03) | 0.27(0.0) 16.0(0.0) 194(0.0) | 038(0.0) 7.0(0.1)  9.6(0.1)
ReLSO 0.15(0.0)  209(0.0) 13.0(0.0) | 0.17(0.0)  203(0.0) 13.0(0.0) | 0.22(0.0) 17.8(0.0)  11.0(0.0)
S-ReLSO 024 (0.0) 11.5(0.0) 13.0(0.0) | 0.28(0.0) 164(0.0)  6.5(0.0) | 0.27(0.0) 17.7(0.0)  11.0 (0.0)
GROOT (GA) 037 (0.0) 13.6(0.9)  10.0(0.7) | 0.36(0.0) 137(1.1) 10.1(09) | 0.34(0.1) 14.0(22)  10.0(1.4)
GROOT 046 (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 | FitnessT  Diversity =~ Novelty
AdaLead 039 (0.0) 84(3.2)  9.0(12) | 04(0.0)  73(28)  98(04) | 042(0.0) 64(23)  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) 2015 (0.9)
GEN-AL 0.21(0.1) 743(55.3) 219.2(33) | 0.14(0.2) 27.0(9.5) 223.5(24) | 0.21(0.0) 37.5(21.7) 219.8 (4.3)
PEX 0.13(0.0) 126(1.2)  7.1(L1) | 017(0.0) 126(1.2)  71(L1) | 0.19(0.0) 12.2(1.1)  7.8(L7)
GGS 067 (0.0) 47(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(0.0f  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"  00(0.0)  80(0.0) | 094(0.0  0.0(0.0) 8.0(0.0) | 0.94(0.00' 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(05) | 0.62(0.2) 7.6(1.5)  86(L5)

T indicates that the generated population has collapsed (i.e., producing only a single sequence).

In-silico Evaluator: An independent oracle whose checkpoint are taken from [2].
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Task Difficulty Smoothed FitnessT Diversity Novelty

Haderl o0 g 08 o
AV Hadez g0l 00 0%
v S
Hadet o0 Jo 00 O
O Harder2 SI;Iec; 2;315 63?65 471.51
Harder3 No -0.17 64.0 37.0

Yes 0.62 7.6 8.6
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