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Proteins perform diverse biological functions

ATP Synthase

Producing energy
currency (ATP) of life

Antigen Antigen
Binding Site pab pomain  Binding Site
o ¥ ot ]

i /

Fc Domain

Light Chain Heawvy Chain

Antibody

Detecting and
neutralizing viruses

Insulin

Regulating blood
sugar

Substrate

Enzyme

Enzyme

Speeding up
chemical reactions

Rubisco

Capturing CO, in
photosynthesis



Protein design and engineering
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How is a protein’s function determined!?

Protein’s sequence-structure-function relationship

Protein sequence Protein structure Protein function
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How to design functional proteins!?

« Learning from natural protein evolution using GenAl

p(functional protein) = p(natural protein)
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Protein fitness landscape How to find functional proteins!?

Directed evolution for protein engineering
(2018 Nobel Prize in Chemistry)
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Protein engineering for new-to-nature function

« Task: Design functional and diverse proteins

« Challenge: No existing fitness data (e.g., because the function is new-to-nature)

Conventional starting library design
(e.g., NNK library)
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(random search, many are
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Our approach: Pareto-optimal library design (MODIFY)
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Zero-Shot Fitness Prediction using Foundation Models

Goal 1: High - Natural language model (LM):
running
. going
o Where are we £801ng < @7 -/ now
8%8 LM book
* Protein language model (PLM):
Q: Cold-start problem. No data to E
train a supervised fitness predictor. MSTYSTFVLLGVE Y - ., K
T G
A: Use pre-trained protein PLM Y
language models to make zero-
shot fitness prediction « PLMs are trained on protein sequences we observed in nature

« Evolutionary plausibility correlates with fithess



Characterizing the library diversity

Goal 1: High Goal 2: High diversity
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Quantified by sequence
entropy

« A Pareto optimization problem

« Learned a probability distribution over protein sequence



Using Al to Engineer generalist new-to-nature biocatalysts
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Improved two objectives: yield and selectivity
GenAl designed novel proteins 6-mutation away
from human-designed proteins
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Chemistry) Chemistry) facilitates combinatorial library design in enzyme engineering,” Nature Communications, 2024



How to design functional proteins!?

« Function-guided protein design with GenAl

p(protein|function) x p(protein) X p(function|protein)

1 |

Protein sequence/structure Protein function
GenAl model prediction model



Programmable multi-modal protein design

Sequence Designer

Conditioner Structure Designer Structure Encoder
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Multi-objective protein design

Recent results
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Multi-modal, multi-objective protein desi

Preliminary results
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Conclusion

» Protein generative Al models capture evolutionary patterns of functional proteins
* Function-guided protein design improves hits rate

» Enables the design of novel, diverse functional proteins
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