
StructEvo:
Structure-aware Reinforcement Learning 
for Protein Directed Evolution



Key challenges in protein directed evolution

• Protein directed evolution aims to improve protein function by 
identifying optimal combinations of amino acid mutations. It 
is widely applied in protein engineering, including enzyme 
engineering and antibody affinity maturation.

• Key challenges in protein directed evolution:
• Vast Search Space
• Limited Experimental Budget

• Sparse Beneficial Mutations

• Strong Epistatic Effects

How can we discover high-fitness protein mutants more efficiently 
under limited experimental budgets?



Why structure matters？

However, mutant structures are often unavailable:

• Limited experimentally resolved mutant structures database

• Low mutation sensitivity of existing structure prediction models
• High computational cost of predicting structures for every mutant

Sequence-only search struggles to capture the spatial context of 
mutation sites and interactions among residues.

Pédelacq, Jean-Denis, et al. "Engineering and characterization of 
a superfolder green fluorescent protein." Nature biotechnology 
24.1 (2006): 79-88.

Schematic of GFP topology. Residues distant in 
sequence may be spatially adjacent and exhibit 
cooperative interactions.

• Structure reveals spatial proximity: Residues distant in sequence may directly interact in 3D space and 
exhibit synergistic effects.

• Structure captures local microenvironments: Is a residue located at a functional site, an interaction 
interface, or within a hydrophobic core?

How can we effectively leverage structural knowledge to guide 
mutation search?



StructEvo: Structure-aware Reinforcement Learning for 
Protein Directed Evolution

Ø End-to-End Structural Change Awareness

Approximate mutation-induced changes in structural representations from sequence 
differences, avoiding explicit prediction of potentially unreliable 3D structures for 
individual mutants.

ØStructure-Guided Mutation Policy

Integrate sequence and structural representations to capture local spatial environments 
and potential interactions among residues.

ØFrom Fitness Prediction to Mutation Proposal

Formulate protein directed evolution as a sequential decision-making problem under a 
reinforcement learning framework, directly learning how to explore the mutation space.



Proxy model

Formulating Protein Directed Evolution as a Reinforcement 
Learning Problem
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• Delta-Structure Fusion Encoder: Approximate structural feature changes from sequence representation differences
• Hierarchical Mutation Policy: Decompose mutation decisions into position selection followed by amino acid selection
• Geometric Constraint: Enforce sequence-structure consistency and training robustness

StructEvo: Structure-aware Reinforcement Learning for 
Protein Directed Evolution



Searching for High-Fitness Mutants Across Four Real-World Tasks
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Target 
Protein Protein Function Fitness Mutation Space Oracle

GB1 Immunoglobulin-binding 
domain

IgG-Fc binding 
affinity

Four-site 
combinatorial

Experimental 
measurements

PhoQ Sensor histidine kinase Signal transduction 
activity

Four-site 
combinatorial

Experimental 
measurements

AAV Adeno-associated virus 
capsid protein Capsid fitness Full-length (28 aa)

Learned oracle 
model

GFP Green fluorescent protein Fluorescence 
intensity Full-length (237 aa)

Learned oracle 
model

Shared Characteristics Across All Four Tasks:

• Sparse High-Fitness Mutants
• Complex Epistatic Effects



Exploring Four-Site Combinatorial Mutation Spaces

GB1 Benchmark: Affinity optimization through combinatorial mutations in the immunoglobulin-binding domain. 
StructEvo better captures synergistic interactions among multiple mutations.

PhoQ Benchmark: Combinatorial mutation optimization of signal transduction in a sensor histidine kinase. 
StructEvo better models the relationship between multi-site mutations and protein function.



Exploring Long-Range Mutations in Full-Length Benchmarks

AAV & GFP Long-Range Mutation Benchmarks: Guided by protein structural information, StructEvo better 
captures long-range mutational interactions and successfully discovers higher-fitness variants in vast 
sequence spaces of up to 2028 and 20237 possible sequences, respectively.



Retrospective Validation: StructEvo Recovering an 
Experimentally Validated Triple-Mutation Epistasis Pattern

Pédelacq, Jean-Denis, et al. "Engineering and characterization of a superfolder
green fluorescent protein." Nature biotechnology 24.1 (2006): 79-88.

Mutation 
Combina-

tions

F64L √ √ √ √

V163A √ √ √ √

I171V √ √ √ √

Average Fluorescence 
Intensity 0.06 0.08 0.07 0.02 0.23 0.11 0.09 0.91

StructEvo identifies the F64L/V163A/I171V triple-mutation pattern 
associated with high GFP fluorescence.

PDB: 8DPD

• Biological Interpretation: All three substitutions reduce side-
chain bulk, collectively reshaping the structural environment 
around the chromophore. Their synergistic interactions 
contribute to a substantial increase in fluorescence intensity.

• Incorporating structural information enables StructEvo to 
uncover long-range, higher-order epistatic patterns that 
sequence-only methods fail to identify.


