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Large language models (LLMs) suffer from logical illusions, while evolutionary
algorithms (EAs) face search blindness in program generation. The LLM + EA paradigm
addresses these issues.This paper systematically discusses its core technologies: program
search space representation, memory-based semantic mutation, hierarchical evaluation
feedback, and island population management. Using the car movement problem as a case
study, it shows how historical code injection, multi-objective evolution, and distributed
islands evolve an effective and interpretable control strategy. It also constructs a multi-
dimensional evaluation system (objective performance + subjective interpretability), and
compares methods such as AlphaEvolve, ShinkaEvolve, and OpenEvolve in combinatorial
optimization, mathematical algorithm discovery, and software engineering, including new
matrix multiplication algorithms and GPU kernel optimization.Finally, it identifies
challenges (credibility illusion, dimension disaster, black-box interpretability, data leakage)
and future directions (formal verification, context expansion, enhanced interpretability).
This paper provides a systematic framework for LLM-driven evolutionary program search,
pushing automated scientific discovery from "generative" to "verifiable".

LLMs, EAs, program search, automated scientific discovery, LLM-driven
evolution

LLMs have reshaped code generation and program understanding. Code-based LLMs such as GPT
model, CodeLlama, and DeepSeek-Coder excel in code completion and reasoning[1, 2]. Meanwhile,
EAs play an irreplaceable role in program search and optimization-from genetic programming to
neural architecture search. However, both face fundamental dilemmas [3].

The integration of LLMs and EAs follows a clear trajectory: traditional genetic programming
(1980s)—neural architecture search (2010s)—>LLM+EA. In recent years, LLMs have injected new
vitality into evolutionary program search. Between 2024 and 2025, Google DeepMind's
AlphaEvolve became a landmark work, combining Gemini with evolutionary search to
automatically discover multi-agent learning algorithms surpassing human experts. Almost
simultaneously, Sakana Al's ShinkaEvolve further improved sample efficiency, discovering a better
circular stacking algorithm in only 150 iterations [4]. The open-source community also responded
actively: projects such as OpenEvolve support GPU kernel optimization and sorting algorithm
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discovery. At the theoretical level, Wu et al. systematically summarized the bidirectional LLM-EA
enhancement. However, existing research still lacks systematic abstraction of general technical
paths; LLM mutation operators often rely on heuristic prompt engineering; and credibility
mechanisms such as interpretability and formal verification are still in infancy.

In response to these gaps, this paper systematically studies LLM-driven evolutionary program
search, covering: overall architecture and core supporting technologies; integration paths and the
enhancement effect of advanced prompt engineering; a multi-dimensional quality evaluation system
comparing mainstream methods on typical tasks; prospective challenges and future research
directions.

The primary innovations and contributions of this work are as follows:

» Systematically organizing the technical map of LLM+EA integration, covering search
representation, operator design, evaluation feedback, and population management.

* Classifying LLM mutation operators into "prompt-based semantic mutation" and "feedback-
based directional mutation", with applicable scenarios and optimization paths.

* Constructing a credibility analysis framework for program search in scientific discovery,
addressing formal verification, interpretability enhancement, and data leakage prevention.

2. Relevant work

2.1. Overall architecture of the evolutionary program search system driven by LLM
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Figure 1. LLM flowchart

As shown in Figure 1, the LLM-driven evolutionary program adopts a modular architecture with
four core modules: basic LLM model layer, evolution algorithm module, evaluation and verification
module, and database module. The evolution module selects parents; the LLM performs context-
aware mutation to generate offspring; the evaluation module checks grammar and performance; the
database stores elite individuals and evolutionary trajectories. Historical experiences are re-injected
into the evolution module for parent selection and mutation decisions, forming a closed loop that
continuously optimizes population performance. The collaborative working mechanism embodies
the integration concept of "LLM creative engine + evolutionary search framework" [5]. The specific
manifestations are as follows:

Let the population be Py = {p1,p2,...,pn} , where p; represents the i-th program individual.
In each generation t, LLM acts as the mutation operator My and generates new individuals
based on the historical memory library H :

p’ = Mrrm(petite, H, C) (1)
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Among them, pelite refers to the parent individuals selected from the elite pool, and € represents
the task constraints (such as prompt words). The fitness of the new individual is calculated through
the evaluation function F':

fp’)=F(p’,&) (2)

& represents the execution environment (such as Gym). The rule for updating the memory
library is:

He =H U{p’| f(p’) > 0} (3)

Here, 6 represents the selection threshold. Wu et al. classified the interaction between LLM and
evolutionary algorithms into two categories: LLM-enhanced evolutionary optimization and
evolutionary algorithm-enhanced LLM. The former utilizes the domain knowledge of LLM to guide
more intelligent search, while the latter enhances the performance of LLM in closed scenarios
through the evolutionary framework.

2.2. Core supporting technologies for the evolutionary program search driven by LLM

The pre-training data construction and domain fine-tuning strategies for LLM code generation are
the foundation for ensuring the quality of the generated code. Research has shown that
domain-specific fine-tuning (e.g., LORA) is often necessary for effective program search [6].

The spatial representation of the search space and the design method of operators in the
evolutionary program are the technical difficulties of the integrated framework. Traditional Genetic
Programming represents programs as syntax trees and conducts searches through crossover and
mutation operations. The introduction of LLM provides a new path for semantic-aware mutation
operations: The Grammar Variational Autoencoder with Attention-Based Gene Expression
Programming (GVAE-ABGEP) method combines the syntax variational autoencoder with the
evolutionary algorithm, guides the search direction through neural sampling, and achieves
significant performance improvement in symbolic regression tasks [7]. The MCCE framework
proposes a multi-LLM collaborative co-evolution mechanism [8].

The integration technology path of LLM and evolutionary algorithms can be divided into two
types: embedded integration and external collaboration. Embedded integration embeds LLM as an
evolutionary operator directly into the search loop, such as replacing the traditional crossover
operation with the mutation operator based on LLM; external collaboration maintains the relative
independence of LLM and the evolutionary algorithm, and achieves knowledge transfer through
multiple rounds of interaction. The M2N2 algorithm provides a new idea for the deep integration of
LLM and evolutionary algorithms [9]. This natural ecological niche model integration method
breaks through the limitation of fixed boundaries in integration, providing a new idea for the deep
integration of LLM and evolutionary algorithms.

3. The core technical path and optimization strategies of the evolutionary program search
driven by LLM

The deep integration of LLM with evolutionary algorithms is not merely a simple combination of
technologies, but rather a systematic innovation carried out at three levels: modeling of the search
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space, design of mutation operators, and the architecture of integration. This paper thoroughly
analyzes the core technical paths and optimization strategies of the LLM-driven evolutionary
program search.
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Figure 2. Flowchart of the LLM-driven evolutionary program search process

As shown in Figure 2, the workflow follows a closed-loop mechanism: select parent individuals,
mutate via LLM using historical code, evaluate offspring with multi-objective metrics, manage
sub-populations via island model, and update the elite library — repeating until termination.

3.1. Evolutionary procedure for search scenario modeling

The typical application scenarios of evolutionary program search can be summarized into three
categories: combinatorial optimization scenarios (such as online bin packing, scheduling problems),
mathematical algorithm design scenarios (such as extremal combinatorial mathematics, matrix
multiplication optimization), and software engineering optimization scenarios (such as code
performance optimization, test case generation). Different scenarios have different emphases on the
requirements for program search: combinatorial optimization seeks approximate optimal solutions
of the algorithm under constraints; mathematical algorithm design emphasizes mathematical rigor
and innovation; software engineering optimization pays more attention to the readability and
maintainability of the code.

The problem of car movement is a classic benchmark in the field of reinforcement learning,
perfectly embodying the common challenges of the aforementioned scenario. The physical modeling
of this problem is as follows: The car is in a one-dimensional valley, and the initial position is
randomly sampled from pos~Uniform(-0.6, -0.4). The car can perform three discrete actions:
accelerate to the left (0), no acceleration (1), and accelerate to the right (2). The core objective is to
reach the target position pos>0.5 within 200 steps and minimize the number of steps required.From
the perspective of program search, the solution to the car problem essentially involves discovering a
mapping function  : R? — {0,1, 2} , from the state space to the action space. This function must

satisfy physical constraints and achieve optimal control. Let the state vector be s = (pos,v) , and
the policy function be expressed as:

ay = 7r(Sta atfl) 4)

Here, a; represents the action at time ¢ , and a;_; represents the action at the previous time. The
optimization objective can be formulated as:
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minE [T(m, sq)]
T o (—0.6,-0.4) (5)

s.t. Vt,pos; € [—1.2,0.6],v; € [-0.07,0.07],a; € {0,1,2} (6)

Here, T(m, so) represents the number of steps required for the vehicle to reach a position greater
than or equal to 0.5 for the first time starting from the initial state so under the strategy = ; if it fails
to reach within 200 steps, then T' = 200. The complexity of this search task lies in the fact that the

vehicle cannot directly accelerate and climb to the right; it must first swing back and forth in the left
valley to accumulate sufficient kinetic energy.

1

PR

Initial heuristic for Mountain Car i
4. import numpy as np

5. def choose_action(pos: float, w: float, last_action: int) =» int:
&

1. Action selection for MountainCar-va.

H. ApPgs:

9. pos: position in [=1.2, @8.6]

10, v: velocity in [-8.87, 8.87]

11. last_actien: previous action (8,1,2)
12. Returns:

13. action: 8 (left), 1 (none), 2 (right)
14.

15.

16. if pos < -8.5 and v ¢ B:

17. return @

18 elif v » @:

19 return 2

20. else:

21. return @

Figure 3. Initial code diagram of the OpenEvolve framework

This heuristic accelerates left when moving left (building momentum) and right when moving
right (heading to target). While reflecting human understanding of the physics, it is suboptimal-
handling momentum poorly and ignoring the last action parameter.

3.2. Adaptive optimization strategy for LLM-driven evolutionary program search

The introduction of LLM provides a new solution to the semantic blindness of traditional mutation
operators: using LLM as a semantically-aware mutation operator, and leveraging its pre-trained
program understanding capabilities on a large amount of code to generate meaningful mutations that
are consistent with the problem context.

Wau et al.'s review classified this paradigm as "LLM-enhanced EA", which means LLM-enhanced
evolutionary optimization. The AlphaEvolve system of DeepMind first put this idea into practice,
using Gemini as genetic operators to rewrite game theory algorithms. Experiments showed that the
evolved VAD-CFR and SHOR-PSRO algorithms adopted counter-intuitive mechanisms that humans
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had never thought of, and outperformed the optimal solutions designed by humans in almost all
tested games.

In the evolutionary search for the problem of vehicle movement, the design of the LLM mutation
operator embodies three levels of optimization strategies:

First: Directed mutation based on the injection of historical excellent code. The system maintains
an elite code library. When generating new individuals, the historically optimal code is used as a
context injection prompt to guide the LLM to make local improvements based on the excellent code.
From the perspective of evolutionary strategy, this process can be regarded as a kind of semantic
mutation based on gradients:

P’ = Pelite + ALLM (pehte’ H) "

Here, Arprm represents the semantic increment generated by LLM, which is different from the
random perturbations in traditional evolutionary algorithms. Below is an improved strategy
discovered after multiple rounds of evolution:

import numpy as np

Returns

I8 else:
39. return 1

Figure 4. Improved strategy of the OpenEvolve framewor
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Compared with the initial version, this strategy achieves 100% success rate and reduces average
steps to 106.4. Secondly, the multi-objective evolutionary strategy balances code performance and
simplicity. The program search not only aims for performance metrics (success rate, average steps),
but also needs to consider code readability and logical rigor. Let the target variables be:

9(p) = (g1(p), g2(p)) (8)

Among them, g;(p) = avg _ steps(p) measures performance, and gs(p) = code _ length(p)
measures simplicity. The multi-objective optimization aims to find the Pareto optimal solution set:

P={p|3p’s.-t.gi(p’) < gi(p)Vi,and 3j,g;(p’) < gi(p)} (9)

The uMOEA framework is the first to combine LLM with multi-objective evolutionary
algorithms. Through adaptive selection and mutation mechanisms, it achieves a balance between
search efficiency and population diversity. In the car problem, the evaluation function calculates
both the combined score and code length, and selects the elite individuals based on the Pareto
dominance relationship.

Third, distributed population management based on the island model. The island model divides
the population into multiple subpopulations (islands), each evolving independently, and periodically
migrates the superior individuals to maintain search diversity [10]. Let the number of islands be K

,and the population of the k-th island be Pék) . The island migration can be expressed as:

pl

t—

1 = P U Migrate Uy Blite (P() ) (10)

The research on distributed evolutionary algorithms indicates that dynamic adjustment of the
number of islands can significantly enhance the search efficiency [11]. In the implementation of
OpenEvolve, three evaluators run in parallel (parallel evaluations: 3), simulating the effect of multi-
island parallel evolution.

3.3. Integration path of LLM and evolutionary algorithms

The integrated architecture design of LLM and evolutionary algorithms consists of three core
modules: programmatic representation of search space, LLM creative engine, and hierarchical
filtering system. The programmatic representation of the search space treats algorithmic code as an
evolving genome, the LLM creative engine is responsible for generating candidate variations, and
the hierarchical filtering system conducts multi-round evaluations to select high-quality individuals.

The advanced design of the prompt engineering is the key to achieving high-quality variations. In
the car problem, the design of the prompt words embodies the following principles:
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Figure 5. Prompt words of the OpenEvolve framework

This constraint-based prompt integrates role definition, physical constraints, momentum strategy,
mandatory last action usage, and a ban on random operations, effectively narrowing LLM
generation space and improving variation hit rate.

Historical excellent code injection retrieves successful code as few-shot examples. The
hierarchical filtering system ensures the quality of the generated code through multiple rounds of
evaluation. The evaluation module first conducts grammar checks and security validations (such as
prohibiting illegal imports), and then performs 100 independent experiments in the Gym
environment, calculating success rate, average steps, and comprehensive score. This "early failure
principle" and "multi-round screening" mechanism effectively prevents common runtime errors and
logical flaws in the code generated by LLM.

4. Performance evaluation and application of evolutionary programs driven by LLM
4.1. Quality evaluation system for LLM-driven evolutionary programs search

The quality assessment of LLM-driven evolutionary programs requires the construction of a multi-
dimensional index system, taking into account both objective performance and subjective
interpretability. The objective assessment indicators mainly include the accuracy of algorithm
solution, progressive complexity, running efficiency, generalization ability, and search diversity. Let
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the evaluation task set be T', for the program p generated by algorithm A , the performance score
is defined as:

Scorepq <p) = |—}‘ Do (a - Isuccess (p,t) +B Tt +Ste§)5(p’t) +7v- —Complelxity(p)> (11)

Here, «a, 3,7 are weight coefficients. The evaluation of ShinkaEvolve indicates that a new
advanced circular arrangement solution can be discovered with only 150 sampling attempts. The
sample efficiency has improved by several orders of magnitude compared to traditional methods.
The evaluation of the SOAR framework on the ARC-AGI benchmark shows that through self-
evolution cycles, the model's solution rate has increased to 52%, fully verifying the effectiveness of
the search method [12]. The subjective evaluation indicators focus on the rationality of the
generation algorithm's principle, the readability of the code, and the logical rigor. The
interpretability score is defined as:

Scoreinnj(p) = A1 - R(p) + A2 - readability(p) + A3 - logic(p) (12)

Among them, R(p) represents the principle score, which can be provided by experts or through
automatic evaluation based on concepts. The research on Multimodal LLM-assisted Evolutionary
Search emphasizes that the code-based strategies offer better interpretability than neural networks
[13]. The concept-based scoring method proposed by ConceptSearch achieves a search efficiency
30% higher than the Hamming distance by evaluating the program's ability to capture the
transformation concepts behind the input and output examples [14].

4.2. Performance analysis of LLM-driven evolutionary program search

The performance comparison of mainstream LLM-driven evolutionary program search methods in
typical evaluation tasks has increasingly become a research focus. To systematically demonstrate the
characteristics and advantages of different technical paths, Table 1 compares the architectures,
optimization strategies, and key quantitative results of the current representative methods.

Table 1. Comparison of mainstream LLM-driven evolutionary program search methods

Method Core innovation LLM Role Evolutionary strategy ~ Typical evaluation task
eriiieclgue\:/r[aatl(irafor Mutation Population evolution + Game theory algorithms,
AlphaEvolve g P P matrix multiplication,

semantic-level code operator Elite retention

o cluster scheduling
rewriting
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Table 1. (continued)

ShinkaEvolve

OpenEvolve

RankEvolve

SOAR

MLES

Novelty rejection
sampling + multi-arm
gambling machine
LLM integrated
selection

Open-source
framework,
supporting

differentiated

evolution and multi-
task expansion

The retrieval
algorithm
automatically
discovers: seed
program + LLM
variation

Self-evolutionary
cycle: Alternation of
evolutionary search

and post-event
learning

Programmed control
strategy search
assisted by
multimodal LLM

Mutation
operator +
Selector

Mutation
operator +
evaluator

Mutation
operator

Creative
Engine +
Learner

Strategy
Generator

Sample efficient Circular packing problem,
evolution (150 AIME mathematical
iterations) reasoning, ALE-Bench

Island Model Parallel ~ GPU core optimization,
Evaluation (3 Parallel sorting algorithm, car
Evaluators) movement control

Iterative optimization + BEIR, BRIGHT (12
generalization retrieval datasets), TREC
verification DL

Self-evolutionary cycle ~ ARC-AGI Benchmark

Standard control tasks
(such as Mountain Car,
CartPole, etc.)

Multi-objective
Evolution
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Table 1. (continued)

Program space search Combinatorial
FunSearch based on LLM and Creative Evolutionary i.teration + Optimizatipn prob.lems
code comment- Generator Program library (online bin packing,
driven evolution scheduling)

RankEvolve outperforms base algorithms on BEIR and BRIGHT datasets [15]. The enhancement
effects of different optimization strategies on the search ability can be verified through ablation
experiments. ShinkaEvolve's three core innovations—balanced parent sampling, novelty rejection
sampling, and multi-armed bandit-based LLM selection—enable a high-performance agent for
AIME mathematical reasoning and improved solutions to ALE-Bench problems, including a novel
expert mixture load balancing loss. Combined with NSGA-II and prompt grammar, it optimizes task
accuracy and labeling efficiency, producing a Pareto front adaptable to various constraints [16].

The combinatorial optimization scenario is an important testing ground for LLM evolutionary
search. AlphaEvolve has released 0.7% of the computing resources in the optimization of cluster
scheduling algorithms, discovered a GPU core configuration that accelerates attention computations
by 32%, and found a partitioning strategy for matrix multiplication that increases speed by an
average of 23%, directly reducing the training time of the Gemini model. These achievements
demonstrate that evolutionary search can discover engineering optimization solutions that surpass
the intuitive understanding of human experts.

The field of mathematics and theoretical computer science witnessed the most exciting
breakthroughs in this area. AlphaEvolve discovered a new algorithm for multiplying complex 4x4
matrices, requiring only 48 multiplication operations, breaking the 56-year record set by the Strassen
method;ShinkaEvolve also made significant progress in the circular arrangement problem.

The application of actual software engineering scenarios is expanding rapidly. The SOAR
framework integrates LLM into the self-evolving search loop, alternately performing evolutionary
search and post-event learning, continuously enhancing the model's program sampling and
optimization capabilities. The Multimodal LLM-assisted Evolutionary Search method achieves
comparable performance to Proximal Policy Optimization (PPO) on standard control tasks, while
providing transparent control logic and traceable design processes.

Credibility and hallucination remain primary obstacles. LLMs generate "reasonable" rather than
"correct" outputs, often with logical flaws. Existing methods handle hallucinations after generation,
lacking active pre-generation verification. Future research should introduce formal verification to
embed mathematical correctness checks into the evolutionary cycle, shifting from generative to
verifiable Al.

The "dimension disaster" of search space is another bottleneck. For long code or multi-function
systems, LLM context windows become the main obstacle. LongRoPE2 extends context to 128K via
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EA-guided rescaling [17]. This shows that evolutionary algorithms can optimize LLM architecture,
forming a beneficial cycle.

Black-box optimization limits interpretability: LLMs know what but not why. The AEGIS
method decomposes training examples into "atomic edits". Future work should combine conceptual
hierarchies with evolutionary trajectory visualization to make algorithm discovery auditable.

Data leakage threatens fairness. If pre-training corpora contain test set solutions, evaluation
scores inflate and generalization degrades. The AntiLeakBench framework achieves pollution-free
evaluation. Future research needs standardized data traceability and de-identification to ensure
verifiable originality.

6. Conclusion

This paper systematically reviews the LLM+EA paradigm for program search and automated
scientific discovery. Starting from the semantic blindness of traditional genetic programming, it
elaborates the core value of LLM as a semantic-aware mutation operator, and constructs a technical
system covering search space representation, adaptive optimization, and integrated architecture.
Using the car movement problem as a case study, the evolved strategy achieves high success rate,
low step count, and good interpretability. Performance evaluation shows that this paradigm
surpasses human experts in multiple domains.

However, challenges remain: credibility illusion, dimensionality disaster, black-box
interpretability, and data leakage. Future work should introduce formal verification, context
expansion, and interpretability mechanisms to push automated scientific discovery from

"generative" to "verifiable". This paper provides a technical roadmap for systematic research in this
field.
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