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Genetic Improvement

GI has shown success for software 

engineering applications. 

But they rely on random operations without 

contextual awareness.

Random

Random
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Genetic Improvement x LLMs

Brownlee 2023) and Bouras et al 2025

each showed that LLM-assisted mutations 

and crossovers improve GI performance.

LLMs can perform semantic-aware 

operations.

LLM

LLM
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Genetic Improvement x LLMs

Brownlee 2023) and Bouras et al 2025

each showed that LLM-assisted mutations 

and crossovers improve GI performance.

LLMs can perform semantic-aware 

operations.

But LLMs are static without learning.

LLM

LLM
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In this agentic era...

Can LLMs learn throughout the interaction with the 
environment to perform better search operations?
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Key ideas of GIAgent

An LLM agent that acts (mutate/crossover), evaluates, learns, remembers, and repeats
to maximize an objective score

GI-AGENT



GIAgent 

GI-AGENT

1. Act:                LLM are in charge of all mutations and crossovers

2. Evaluate:       LLM-generated programs are evaluated in the environment

3. Learn:            LLM reflects on its own operation and the results

4. Remember:  The reflections are fed to LLMs in the next operations

5. Repeat

Target 
Code
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GI-AGENT

Target 
Code

Patch 1 Patch 2 Patch 3 Patch 4

Mutate

1. Act:                  LLM are in charge of all mutations and crossovers
2. Evaluate:      LLM-generated programs are evaluated in the environment

3. Reflect:         LLM reflects on its own operation and the results

4. Remember:  The reflections are fed to LLMs in the next operations

5. Repeat

GIAgent 
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GI-AGENT

1. Act:               LLM are in charge of all mutations and crossovers

2. Evaluate:       LLM-generated programs are evaluated in the environment
3. Reflect:         LLM reflects on its own operation and the results

4. Remember:  The reflections are fed to LLMs in the next operations

5. Repeat

Target 
Code

Patch 1 Patch 2 Patch 3 Patch 4

Test Error110ms

80ms

30ms Compilation

Error
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GI-AGENT

1. Act:               LLM are in charge of all mutations and crossovers

2. Evaluate:      LLM-generated programs are evaluated in the environment

3. Reflect:          LLM reflects on its own operation and the results
4. Remember:  The reflections are fed to LLMs in the next operations

5. Repeat

Target 
Code

Patch 1 Patch 2 Patch 3 Patch 4

Test Error110ms

80ms
🧐 “This mutation resulted in 

a violation of the third 

test...ˮ

🤩 “Minimizing 

unnecessary operations 

made the code faster!ˮ

30ms Compilation

Error
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GI-AGENT

1. Act:               LLM are in charge of all mutations and crossovers

2. Evaluate:      LLM-generated programs are evaluated in the environment

3. Learn:           LLM reflects on its own operation and the results

4. Remember: The reflections are fed to LLMs in the next operations
5. Repeat

Patch 1 + reflections from the past

Patch 1’

20ms

GIAgent 
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GI-AGENT

1. Act:               LLM are in charge of all mutations and crossovers

2. Evaluate:      LLM-generated programs are evaluated in the environment

3. Learn:           LLM reflects on its own operation and the results

4. Remember:  The reflections are fed to LLMs in the next operations

5. Repeat

Patch 1’

Patch 1’’

Patch 
2’x3’

Patch 
(2’x3’)’

Patch 3’

Patch
1’x3’

Patch 2’

Patch 3’’

GIAgent 
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GI-AGENT

Reflection
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Parent code(s) Parent score(s)

Child code(s) Child score(s)

Child errors(s)

Reflections

(high-level insights,

low-level details)

🧠 
LLM



GI-AGENT

Reflection
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Parent code(s) Parent score(s)

Child code(s) Child score(s)

Child errors(s)

Reflections

(high-level insights,

low-level details)

🧠 
LLM
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Mutation
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Parent code

Reflections

{number of children to generate}

Mutation N

strategy: I will simplify the lines 34  54 ...

- array.sort()

+ # remove this

🧠 
LLM



GI-AGENT

Crossover
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Parent codes

Parent scores
Reflections

{number of children to generate}

Crossover N

strategy: I will combine A and B

- array.sort()

+ # remove this

🧠 
LLM
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Evaluation
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Benchmarks
• SAT4J    : large Java SAT solver 2.5k lines), modular

• MiniSAT : compact C SAT solver 1k lines), well-studied in GI

• Objective: Find a faster, correct code

Configs
• population size=20, max_steps=220 10 gen

• 60% mutation / 20% crossover / 20% elitism

• 20 runs per method, Mann-Whitney U (p<0.05)

Model
• GPT-o3 Mini



EVALUATION

Evaluation
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LLM Mutations & Crossovers Reflect on all codes Reflect on only faster & correct codes

Traditional GI

GIAgent NoReflect) ✅

GIAgent ReflectAll) ✅ ✅

GIAgent ReflectSuccess) ✅ ✅

Methods



RESULTS

GIAgent can find faster programs
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In SAT4J,    reflections helped GIAgent find faster programs.
In MiniSAT, reflections didnʼt help, but LLM-driven GI found faster solutions.

Speedup percentages over the baseline



RESULTS

GIAgent discovers high-quality programs efficiently
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Median speedup percentages

at 20%, 40%, 60%, 80%, and 100% of the maximum steps 200

In both benchmarks, reflections helped leverage previous insights to find 
faster programs in fewer steps



RESULTS

LLM operations & reflections hurt the diversity of candidates
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GI, thanks to its randomness, finds less repeated variants.
Reflections reduces the diversity even more.

Percentages of repeated variants



RECENT ADVANCEMENTS

After our paper, LLM-based search field itself has evolved
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2025 April: GIAgent

2025 May:  Googleʼs AlphaEvolve optimizes Google data centers and chip designs

2025 July:  UC Berkeleyʼs GEPA uses LLM-based evolution and becomes a SOTA prompt optimizer

2025 September:  Sakana AIʼs ShinkaEvolve discovers a SOTA circle packing solution

2026 Feburary:  UC Berkeley releases optimize_anything and SkyDiscover, which are flexible LLM-driven 

optimization frameworks for any optimization tasks (system, prompt, code, agent optimization, etc.)

Shortly after, Algorithmic SuperIntelligence Labs releases OpenEvolve



CONCLUSION

Conclusion
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• GIAgents can find faster programs better and faster when reflections from prior trials and errors 

are provided

• The study of combining a GI framework and LLMs has rapidly grown recently

• Encouraging LLMs to explore a search space beyond their bias still remains as a key challenge

• Future work includes exploring the use of modern, powerful Claude Code agents that can perform 

better GI operations


