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Problem Setting

• Some problems are “easy to evaluate” but “hard to solve” 

• We focus on code generation, which can be automatically evaluated



Motivation

• LLMs can generating promising ideas (although they are often wrong) 

• They can also improve ideas when given feedback 

• We exploit these features using an evolutionary approach, where the LLM serves as 
the mutation operation



Overview



Task Specification

• Evaluation function evaluate(h) 

• # EVOLVE-BLOCK-START and # EVOLVE-BLOCK-END 

• Two choices are possible

AlphaEvolve

AlphaEvolve What we want

What we want

Search algorithm

1)

2)



Prompt

• Explicit context 

• Stochastic formatting (for diversity) 

• Evaluation results 

• Meta prompt (evolved by LLM in another step)



Generation

• SEARCH and REPLACE blocks 

• Uses both Gemini 2.0 Flash and Gemini 2.0 Pro



Evaluation

• evaluate 

• One evaluation run can take hours. AlphaEvolve’s main contribution is in sample 
efficiency. 

• Evaluation cascade with easier test cases first 

• Parallelized computation 

• Multiple scores — also provided instrumental benefit



Evolutionary Algorithm

• Database of (program, score) pairs 

• Evolutionary algorithm inspired by MAP elites and island-based population models 

• Asynchronous computational pipeline



Results

• matrix multiplication (improves upon SOTA in 
14 cases) 

• notably, the first breakthrough in 4x4 after 
Strassen (1969) 

• AlphaEvolve outputs search algorithm (Adam 
optimizer based) that finds short matmul 
algorithm

Matrix multiplication



Results

• >50 problems in mathematic that 
involve construction of objects 

• matches SOTA in ~75%, improves 
upon SOTA in ~25%



Results

• job scheduling heuristics 

• tiling strategy in matmul kernels 

• arithmetic circuits used within TPUs 

• compiler-generated code for self-attention 

• all results were adopted into Google’s computing infrastructure



https://jeremyberman.substack.com/p/how-i-got-the-highest-score-on-arc-agi-again



ARC-AGI



ARC-AGI

Examples

Test



ARC-AGI

• After o3 got >75% on ARC-AGI v1, Chollet and 
his team published ARC-AGI v2 

• Compared to ARC-AGI v1, the transformation rules 
are more complicated 

• Grand Prize ($700K) for >85% on v2



v2 Progress



Method

• 2024 December SOTA on v1 was 
“Evolutionary Test-Time Compute” by 
Berner 

• Program synthesis approach 

• Evolution of Python programs with 
LLM as mutation 

• Evaluation and feedback with grid-
wise and pixel-wise dif

Python program



Method

• Berner found that v2’s transformations are 
too complex to express simply with Python 
programs  

• Uses natural language instead of Python 

• Evaluation and Inference is done by 
transforming input grid with LLM and natural 
language instruction 
i.e. LLM is the “code interpreter”

Natural language

program
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