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Abstract

Large language models (LLMs) have recently enabled automated algorithm discovery through
evolutionary frameworks such as LLaMEA, where new candidate algorithms are generated
using prompts as operators. Despite their central role in the search process, little is known
about the behaviour of these operators or how they should be selected during evolution.

This thesis contributes a methodology for evaluating prompt operators through isolated
parent-child comparisons, enabling their behaviour to be characterized independently of
complete evolutionary runs. Using this methodology, mutation operators and newly proposed
crossover operators are evaluated within LLaMEA. In addition, both offline and adaptive
online operator selection strategies are evaluated using complete evolutionary runs.

The results show that prompt operators exhibit distinct search characteristics and suggest
no single operator performs best throughout the search process. Furthermore, crossover
prompting integrates naturally into LLaMEA and becomes particularly effective during later
stages of optimization. Finally, some informed operator selection strategies outperform uniform
random sampling on average, suggesting that operator characteristics can be exploited to
improve automated algorithm discovery.
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1 Introduction

Many real-world tasks can be expressed as the search for a solution that optimizes a given objective,
such as minimizing cost or maximizing performance. There exists a wide range of metaheuristic
and evolutionary algorithms designed to solve such optimization problems. However, no single
algorithm performs best across all problem instances. This observation is formalized by the No Free
Lunch theorem [W\97], which states that averaged over all possible optimization problems, all
optimization algorithms perform equally well. Therefore, effective optimization will require methods
designed specifically for their domain.

To address this need for problem-specific algorithms, methods for Automated Algorithm Discovery
(AAD) have been proposed [[K0z92, vRWvLE16]. These approaches aim to automatically construct
algorithms for a given task. Earlier forms of AAD relied on combining predefined code modules,
which limited the range of possible solutions. The introduction of large language models (LLMs)
significantly expands this space, as they are capable of generating and modifying code directly.

This allows for the creation of arbitrary algorithms without relying on predefined structures.

LLaMEA [v5B25], the main focus of this work,
is a recent method that applies LLMs within
an evolutionary framework for automated algo-
rithm discovery. It maintains a population of
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Though LLaMEA shows promising results on
benchmark and real-world problems [Y KX BvS525],

several aspects remain largely unexplored. In its
original form, LLaMEA relies solely on mutation
operators, which generate new solutions from a
single parent.

Figure 1: Evolutionary workflow of LLaMEA.
Candidate algorithms are generated by prompt
operators, evaluated on the optimization prob-
lem, and selected for subsequent generations.

Allowing prompt operators to use multiple parent solutions enables them to combine ideas from
different algorithms, analogous to crossover in classical evolutionary computation.

This thesis investigates prompting strategies for mutation and crossover operators in LLM-based
evolutionary algorithms. The central research question is:

What is the best prompting strategy for mutation and crossover operators in LLM-

based evolutionary algorithms?

To answer this question, the following sub-questions are considered:

e How to effectively benchmark different prompt operators for automatic algorithm discovery?



e To what extent does the use of crossover operators affect the discovery process of optimization
algorithms?

e What is the best strategy for selecting operators?

Addressing these questions, this thesis makes the following contributions:

e We introduce a methodology for evaluating prompt operators through isolated parent-child
comparisons, enabling the analysis of operator behaviour independently of full evolutionary
runs.

e We extend the operator set commonly used in LLM-based algorithm evolution with several
new mutation and crossover (multi-parent) operators, and characterize their behaviour in
terms of optimization performance, exploration-exploitation behaviour, semantic correctness
and structural code modifications.

e We investigate online and offline operator selection strategies, evaluating how operator
knowledge can be leveraged to improve automated algorithm discovery.

The code and data repository of this thesis is available via the following link:
https://doi.org/10.5281/zenodo. 21080582

This thesis is organized as follows. Section 2 reviews related work on LLM-based automated algorithm
discovery, prompt operator design, and operator selection. Section 3 presents a methodology for
evaluating prompt operators. Section 4 evaluates operator selection strategies within LLaMEA.
Finally, Sections 5 and 6 present the conclusions, discuss the implications and limitations of the
work, and outline directions for future research.

This bachelor’s thesis was conducted at the Leiden Institute of Advanced Computer Science (LIACS),
Leiden University, under the supervision of Dr. A.V. Kononova and Dr. N. van Stein.

2 Related work

In this section, we discuss related research on AAD using LLMs, considering prompt-based operator
design, operator selection, and the assessment of operator effectiveness.

2.1 Operators in LLM-based algorithm evolution

Early LLM-based AAD systems rely on fixed, problem-specific prompt templates, where the LLM
is restricted to modifying only a limited part of the algorithm. FunSearch | ] evolves only
a critical program fragment within a predefined skeleton. It populates the LLM prompt with high
scoring programs sampled from a database.

Algorithm Evolution using Large Language Model (AEL) | | extends this approach to full-
algorithm evolution and explicitly defines specific prompt templates for initialization, crossover, and
mutation. Evolution of Heuristics (EoH) | ] further formalizes operator design by introducing
a predefined operator pool consisting of five operators, including three mutation operators focused
on exploitation and two crossover operators for exploration. LLaMEA | ] follows a similar
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operator-pool design, but separates operator selection from prompt construction. Instead of defining
separate prompt templates per operator, it maintains a set of mutation operators that are fitted
into a shared prompt scaffold.

More recent approaches move away from manually specified operators and instead delegate operator
construction to the LLM. ReEvo | ] makes use of a reflection mechanism in which the
LLM generates improvements without explicitly defined operator templates. Similarly, Alphak-
volve | | makes use of a prompt sampling strategy that constructs operators dynamically
by considering previously generated programs and their evaluation feedback, removing the need for
manually designed operators.

2.2 Approaches for operator selection

In contrast to classical evolutionary computation, where operator selection is a central design
component, most LLM-based AAD methods do not explicitly model or adapt operator selection. In
early approaches, operators are implicitly defined by a single prompt scaffold, as in FunSearch and
AEL. Diversity in the population of algorithms is expected to develop naturally through selection.
Alternatively, selection is bypassed by applying all available operators within each iteration, as is
done in EoH.

AEL defines separate operators for initialization, crossover, and mutation, but applies them using
fixed probabilities. This results in a static operator selection scheme without adaptation during the
evolutionary process. LLaMEA further simplifies the operator space by restricting it to mutation
operators. Operator selection is performed by random sampling from a predefined set, which remains
unchanged throughout the evolutionary process.

2.3 Operator analysis

Several works have investigated adaptive operator selection in evolutionary algorithms. Boks | ]
proposes an adaptive framework for Differential Evolution that dynamically selects operators based
on fitness improvements and population diversity, showing that different operator configurations
are effective at different stages of the search and for different classes of optimization problems.
Boel | | extends this idea by learning operator selection online using deep reinforcement
learning. The results show that adaptive operator selection can outperform static strategies,
although performance still varies considerably across optimization problems. Together, these works
suggest that operator effectiveness is both problem dependent and dynamic throughout the search
process.

While operator analysis has received attention in the context traditional evolutionary algo-
rithms | , |, comparable studies are absent in LLM-based automated algorithm discovery.
Existing LLM-based AAD systems primarily focus on operator design with static selection methods.
Operator effectiveness is typically evaluated only through aggregate performance over complete
evolutionary runs, making it difficult to isolate the effects of individual operator applications from
population dynamics and selection effects.

Overall, existing work leaves two important gaps. First, there is currently no established methodology



for characterizing prompt operators independently of full evolutionary runs. Second, adaptive
operator selection methods that are common in evolutionary computation have received little
attention in LLM-based algorithm evolution. This thesis addresses these gaps by introducing a
methodology for evaluating prompt operators through isolated parent-child comparisons and by
investigating operator selection strategies that leverage the resulting operator characteristics.

3 Operator comparison

We propose a methodology that evaluates prompt operators through isolated parent-child compar-
isons. Rather than analysing complete LLaMEA runs, we sample previously evaluated solutions,
apply a selected prompt operator under the original problem configuration, and compare the result-
ing offspring directly to its parent. This allows operator behaviour to be observed independently of
the evolutionary process.

3.1 Operator comparison methodology

To enable a direct comparison between mutation and crossover prompts, we represent prompt
operators as a tuple consisting of a task message and the number of parent solutions provided
to the LLM. This abstraction separates operator intent from prompt structure and allows both
single-parent mutations and crossover operators to be studied within a common framework.

The set of operators considered in this work is summarized in Table 1. Among these, Basic, New, and
Simplify have appeared in prior work [ ]. The remaining operators are newly introduced.
Table 2 shows how these task-message operators are incorporated into the full mutation and
crossover prompts. These templates follow the same layout as they have previously in LLaMEA.

Table 1: Definitions of the operators included in the experiments, with |P| the parent count.

Identifier |P| | Message

Basic 1 | Refine the strategy of the selected algorithm to improve it.

New 1 | Generate a new algorithm that is different from the algorithms you have tried
before.

Simplify 1 | Refine and simplify the selected algorithm to improve it.

Refactor 1 | Generate a new algorithm using core ideas from the selected algorithm.

Restructure| 1 | Modify the selected algorithm by introducing a meaningful structural change that
alters its overall search behaviour.

Correct 1 | Correct any mistakes in the selected algorithm.

Combine?2 2 | Combine the selected algorithms by inheriting key traits from both parents.

Combine3 3 | Combine the selected algorithms by inheriting key traits from both parents.

Simplify2 2 | Simplify and recombine the selected algorithms, preserving only the most effective
ideas from each.

New2 2 | Generate a new algorithm that is different from the selected algorithms.




Table 2: Prompt templates for mutation and crossover operators

Mutation Crossover
<role> <role>
<problem context> <problem context>

The current population of algorithms already | The current population of algorithms already

evaluated (name, description, score) is: evaluated (name, description, score) is:
<summaries of solutions in population> <summaries of solutions in population>

The selected solution to update is: The selected algorithms are:

<selected solution with code and feedback> <selected solutions with code and feedback>
<operator message> <operator message>

<output format descriptor> <output format descriptor>

3.1.1 Novel operators

The newly proposed mutation operators are designed as alternatives to the standard Basic im-
provement strategy. Instead of relying on a generic refinement instruction, they provide a more
explicit direction for modifying the algorithm. In particular, Refactor encourages reorganization
around core ideas, Restructure introduces deliberate structural changes affecting search behaviour,
and Correct focuses on identifying and repairing potential flaws.

In addition, we introduce several crossover operators. The operators Combine2 and Combine3
generalize classical crossover by combining multiple parent algorithms into a single offspring. We also
adapt existing mutation-style prompts to the multi-parent setting. The operator New?2 investigates
whether providing additional algorithmic context influences the generation of novel algorithmic
ideas. Rather than relying on a single parent as a reference point, the operator is given multiple
existing solutions from which it may infer alternative directions for exploration. The operator
Simplify2 combines simplification with recombination. The intuition is that combining multiple
parent algorithms may introduce redundant or conflicting design choices. By explicitly emphasizing
simplification, the operator is encouraged to retain only the most important ideas from each parent
while discarding unnecessary complexity.

3.1.2 Evaluation procedure

We collect data by sampling previously evaluated solutions from completed LLaMEA runs. For each
sampled solution, a selected prompt operator is applied using the original problem specification
and evolutionary context. The resulting offspring is then evaluated independently and compared
directly to its parent.

For all experiments, the AAOC | | anytime performance measure is used to determine
algorithm fitness. Solutions that fail to evaluate are assigned fitness —oo. To characterize the effect
of each operator, we record the following fitness, reliability, and code-modification metrics.



Fitness Change The fitness improvement of an offspring is measured relative to its best parent:

Af = max(fenig, 0) — max (max I O) ,
peEP

where P denotes the set of parent solutions. Positive values indicate improvement over the parent,
while negative values indicate deterioration.

Recovery and Invalidation Rate Operator reliability is quantified using the recovery rate R
and invalidation rate I:

N, recovered N invalidated
R = —ecovered oy Tivalidated
Ninvalid parents Nvalid parents

Here, Niecoverea denotes the number of invalid parent programs that produce a valid offspring,
Ninvalidatea the number of valid parent programs that produce an invalid offspring, and Ninyalid parents
and Nyalid parents the corresponding total numbers of invalid and valid parent programs. For crossover
operators, a parent set is considered invalid only if all parent programs are invalid, and valid only
if all parent programs are valid.

Normalized Line Divergence The magnitude of code modifications is measured using the
normalized line divergence:

Z Laig (p, child)

|P| max L Lchlld) ’

where P denotes the set of parent solutlons, L (p, child) is the number of inserted and deleted
lines reported by a line-based diff algorithm between parent p and the offspring, and L, and Lcpia

denote the corresponding program lengths. Since modified lines are counted as both a deletion and
an insertion, the normalized line divergence is bounded by 0 < D < 2.

Relative Token and Complexity Change Changes in program size and complexity are
measured relative to the average parent:

Atokens -

Tchild - Tparent C’child - C1pa1rent
—child - parent Ao = L

Y )

Tparent C’parent

where Tparent and C'parent denote the average token count and cyclomatic complexity of the parent
solutions, respectively. Token counts and cyclomatic complexity are computed using the Lizard
static analysis tool [Yin].

3.1.3 Experimental setup

To evaluate the proposed methodology, we apply it to solutions obtained from prior LLaMEA runs
on the MA_BBOB problem set | |. These intermediate solutions are sampled from existing
runs | |, originally conducted to demonstrate the BLADE benchmark suite | . All
evaluations are performed under the same problem configuration as the sampled data: MA_BBOB
with dimension 5 and a problem budget of 2000.



Since operator behaviour may depend on the underlying language model, the experiments are
conducted using two different LLMs: gemini-2.0-flash and qwen3-coder. The selected models
represent both a proprietary cloud-hosted model and an open-weight coding model. The corre-
sponding model configurations are summarized in Table 3. gemini-3.1-flash-1ite is used only
in Section 4. For each operator, we run roughly 300 iterations, each time sampling |P| parents from
a single run generation from the selected dataset [v525].

Table 3: LLM configurations used in the experiments.

Provider Model Temp. Top-p Top-k
Google Al gemini-2.0-flash 1.0 0.95 64
Google AI gemini-3.1-flash-lite 1.0 0.95 64
Ollama qwen3-coder (30.5B) 0.7 0.80 20

3.2 Operator comparison results

This section evaluates the behaviour and effectiveness of the proposed prompt operators using
isolated parent-child comparisons.

3.2.1 Aggregate operator performance

We compare the average fitness improvement obtained by each operator as a function of parent
fitness. Table 4 reports average A f values aggregated into eight equally spaced parent-fitness bins.
To visualize the underlying trends, Figure 2 uses 20 equally spaced parent-fitness bins and applies
a moving average with window size 4 to reduce noise in the observations.

Table 4: Average fitness change A f per operator across eight equally spaced parent-fitness bins.
Values represent the mean difference between offspring fitness and the fitness of the best parent.

Operator [ 0.00—0.12 0.12—0.25 0.25—0.38 0.38—0.50 0.50—0.62 0.62—0.75 0.75—0.88 0.88—1.00 | Avg
gemini-2.0-flash

Basic -0.113 -0.074 -0.195 -0.235 -0.333 -0.762 - -0.231
New -0.173 -0.065 -0.234 -0.353 -0.476 -0.736 - -0.275
Simplify -0.050 -0.166 -0.050 -

Refactor -0.166 -0.215 -0.270 -0.536 - -0.169
Restructure -0.280 -0.319 - -0.133
Correct -0.107 -0.102 -

Combine2 -0.181 -0.167 -0.256 -0.346 -0.360 - -0.205
Combine3 -0.237 -0.243 -0.364 -0.349 -0.255 - -0.220
Simplify2 -0.100 -0.022 -0.230 -0.276 -0.273 - -0.136
New?2 -0.168 -0.209 -0.285 -0.392 -0.480 - -0.188

qwen3-coder

Basic -0.117 -0.109 -0.315 -0.335 -0.350 -0.451 - -0.218
New -0.383 -0.357 -0.559 -0.492 - -0.321
Simplify -0.099 -0.166 -0.321 - -0.030
Refactor -0.306 -0.428 -0.445 -0.434 - -0.246
Restructure -0.093 -0.257 -0.322 -0.529 -0.585 -0.693 - -0.350
Correct -0.135 -0.266 -0.345 -0.403 -0.587 - -0.247
Combine2 -0.135 -0.266 -0.381 -0.449 -0.431 - -0.257
Combine3 -0.257 -0.230 -0.426 -0.467 -0.292 - -0.232
Simplify2 -0.167 -0.174 -0.221 -0.293 -0.227 - -0.142
New?2 -0.240 -0.319 -0.469 -0.536 -0.544 - -0.297
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Figure 2: Average fitness change Af as a function of parent fitness for all evaluated operators.

Parent fitness values are grouped into 20 equally spaced bins and smoothed using a moving average
with window size 4.

Figure 2 reveals substantial differences between prompt operators for both language models. While
operator effectiveness generally decreases as parent fitness increases, the magnitude of this decline
differs considerably across operators. This indicates that prompt operators are not interchangeable
and that operator effectiveness strongly depends on the current stage of the search process.

Most operators achieve positive average A f values only for low parent fitness levels and become
increasingly negative as parent quality improves. However, several operators show improved relative
performance in the highest fitness regions, including Restructure and Combine2 for Gemini, and
New and New2 for Qwen. The operator rankings therefore change throughout the search process,
suggesting that no single operator is uniformly optimal across all fitness levels.

Among the mutation operators, Simplify is the strongest overall performer. For Gemini, it achieves
the highest improvement in the first fitness bin (0.222), while for Qwen, it achieves an overall average
close to zero (—0.030). Interestingly, Correct performs comparably to Simplify across all fitness
levels, indicating it may have a similar effect on the underlying solutions. The novelty-oriented New
operator performs only marginally better than the baseline Basic operator and does not emerge as
a particularly strong low-fitness operator.

The crossover operators exhibit similar behaviour. None consistently outperform the strongest
mutation operators, indicating that additional parent information alone does not guarantee improved
offspring quality. However, several crossover operators remain competitive and appear less affected
by increasing parent fitness. For Gemini, New?2 achieves the strongest low-fitness performance



among the crossover operators, while Combine2 performs best in the highest populated fitness
region. For Qwen, Simplify2 is the strongest crossover operator, achieving the highest average
A f among the crossover operators (—0.142). This relative stability at higher parent fitness levels
suggests that crossover operators may be particularly useful for exploiting already strong solutions.

Overall, the results indicate that operator effectiveness varies substantially both between operators
and across parent fitness levels. The two language models show a remarkably consistent overall
picture. In both cases, Simplify is the strongest operator, operator effectiveness decreases with
parent fitness, and the crossover operators are competitive with the established mutation operators.

3.2.2 Exploration and exploitation

We observe the relationship between improvement frequency and improvement magnitude. Unlike
the previous results, which aggregate improvement behaviour into a single outcome measure, this
separates how often an operator improves a solution from how much it improves when successful.
This distinction is particularly relevant in LLaMEA, where the commonly used elitist selection
retains only offspring that outperform their parents. Consequently, the frequency of improvements
may be more important than the magnitude of unsuccessful modifications.
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Figure 3: Exploration—exploitation trade-off for each operator and parent-fitness bin. The x-axis
shows improvement rate, while the y-axis shows the average positive fitness improvement among
successful offspring. Marker size indicates parent-fitness bin.

Figure 3 largely reproduces the operator ranking observed previously. Across almost all operators,
average improvement magnitude decreases as the parent fitness increases. Improvement rates
typically increase from the lowest fitness bins to intermediate fitness levels before declining again.
Together, these trends indicate a shift from larger exploratory improvements toward smaller
exploitative refinements as the search progresses.



Mutation operators achieve substantially higher improvement rates for Gemini than for Quwen,
whereas the crossover operators occupy similar regions of the plot for both models. Among the
mutation operators, Simplify and Correct are the strongest performers. Interestingly, for Gemini,
Correct maintains the highest improvement rate across all but the first fitness bin, exceeding 0.7 in
all but the lowest fitness region. Among the crossover operators, Simplify2 is the most consistent,
maintaining competitive improvement rates throughout the search and outperforming Simplify at
high fitness levels for Qwen.

The results confirm that operator behaviour changes substantially throughout the search process. The
crossover operators show less competitive performance in general than their mutation counterparts.

3.2.3 Reliability and code modifications

Reliability measures an operator’s ability to preserve valid programs during evolution. Since invalid
offspring still consume evaluations in LLaMEA, reliability directly affects the effective search
budget.

To explain differences in reliability, we also examine the magnitude of the code modifications
introduced by each operator. Together, these metrics characterize both how aggressively an operator
modifies existing solutions and how likely those modifications are to preserve program validity.

Figure 4 and Table 5 show substantial operator-dependent differences in reliability. Among the
mutation operators, Simplify consistently achieves the highest recovery rate while maintaining one
of the lowest invalidation rates. For Gemini it achieves a recovery rate of 0.419 and an invalidation
rate of 0.175, while for Qwen the corresponding values are 0.394 and 0.208. By contrast, the
novelty-oriented operators, particularly New and New?2, are substantially less reliable, especially for
Qwen where invalidation rates reach 0.750 and 0.688, respectively.

The code-modification metrics help explain these differences. Operators that make larger modifica-
tions generally exhibit higher invalidation rates, whereas operators making smaller, more targeted
changes are more likely to preserve program validity. This relationship is particularly visible for
Simplify, which combines relatively small code modifications with high reliability, and for New
and New?2, which produce the largest modifications together with the highest invalidation rates.
Despite being explicitly designed to repair invalid programs, Correct does not stand out in terms of
recovery performance.

The two language models exhibit similar qualitative trends, although Qwen produces substantially
more variable outcomes. Across nearly all operators, Gemini applies more consistent modifications,
whereas Qwen exhibits greater variation in both reliability and code-modification metrics, as
reflected by the larger standard deviations in Figure 5. This difference may in part be explained
by the lower sampling temperature used for Qwen (0.7) compared to Gemini (1.0). Despite this
increased variability, the overall operator tendencies remain similar.
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Overall, reliability is closely related to the magnitude of the generated code modifications. Operators
producing smaller, targeted edits tend to preserve valid programs, whereas operators performing
larger rewrites primarily contribute exploration at the cost of reliability. Since invalid offspring
directly consume evaluation budget in LLaMEA, these reliability characteristics form an important
consideration when selecting prompt operators.

Table 5: Operator reliability and code-modification characteristics for Gemini 2.0 Flash and Qwen3-
Coder. Reliability is quantified using the recovery and invalidation rates. Code modifications are
quantified using normalized line divergence, relative token-count change, and relative cyclomatic-
complexity change.

Model Operator Recovery Invalidation Line Div. Token A Complexity A

gemini-2.0-flash | Basic 0.200 0.477 0.511 0.366 0.341
New 0.279 0.588 1.057 0.118 0.189
Simplify 0.419 0.175 0.455 -0.048 -0.058
Refactor 0.129 0.338 0.440 0.283 0.264
Restructure | 0.148 0.377 0.330 0.231 0.278
Correct 0.190 0.172 0.264 0.125 0.107
Combine?2 0.106 0.137 0.714 0.435 0.383
Combine3 0.053 0.214 0.864 0.484 0.435
Simplify2 0.215 0.140 0.791 0.190 0.170
New2 0.307 0.359 1.179 0.009 0.091

qwen3-coder Basic 0.344 0.587 0.747 0.665 0.994
New 0.125 0.750 1.267 0.643 1.273
Simplify 0.394 0.208 0.781 0.166 0.330
Refactor 0.247 0.662 0.879 0.695 1.056
Restructure | 0.085 0.826 0.884 -0.124 0.078
Correct 0.148 0.633 0.816 -0.366 -0.299
Combine?2 0.128 0.387 0.940 0.521 0.617
Combine3 0.176 0.262 0.981 0.714 0.854
Simplify2 0.196 0.269 1.042 0.207 0.316
New2 0.179 0.688 1.275 0.531 0.989

4 Operator selection strategies

Having characterized the prompt operators in isolation, we now evaluate them by means of complete
LLaMEA runs. The operator selection strategy determines how variation operators are allocated
throughout the evolutionary search process. As shown in the previous section, prompt operators
offer substantial differences in effectiveness, reliability, and structural behaviour. These differences
suggest that operator choice may have a significant impact on optimization performance.

We compare both adaptive online methods that learn operator preferences during evolution and
preprocessing-based methods that make use of operator characteristics identified in the previous
section. The goal is to determine whether informed operator selection can improve automated
algorithm discovery relative to standard random sampling.

12



4.1 Operator selection methodology

We consider three classes of operator selection strategies. The first consists of static methods,
represented by uniform random sampling. The second consists of adaptive online methods, which
estimate operator quality during evolution and continuously update their selection preferences.
The third consists of preprocessing-based methods that utilize operator performance data obtained
prior to the evolutionary run.

Together, these strategies allow us to compare the value of prior operator knowledge against
information gathered online during the search process.

4.1.1 Sliding Window UCB

To dynamically adapt operator selection during evolution, we implement the Sliding Window Upper
Confidence Bound (SW-UCB) algorithm | |. Unlike static sampling strategies, SW-UCB
continuously updates its estimate of operator effectiveness using recent observations. This makes it
suitable for the non-stationary evolutionary process.

SW-UCB models operator selection as a multi-armed bandit problem, in which each available action
is represented by an arm. The objective is to maximize cumulative reward by balancing exploration
of less frequently selected arms with exploitation of high-performing arms. In our setting, each
prompt operator corresponds to one arm. After applying an operator and evaluating the resulting
offspring, the observed fitness improvement is used as the reward signal. Rewards are normalized
to the interval [0, 1], where non-improving operators receive reward 0.

For each operator i, the algorithm maintains the number of times it has been selected within the
sliding window, denoted by n;, together with the sum of observed rewards s;. The empirical mean
reward is then defined as s,
i = —.
T

Operators are selected according to the standard Upper Confidence Bound criterion

. .
UCB, = i, + ¢ og(min(t, 7‘))’

n;

where ¢ denotes the current iteration, 7 is the sliding window size, and c is the exploration coefficient
controlling the trade-off between exploration and exploitation.

The first term favours operators with high observed rewards, while the second term favours operators
that have been sampled less frequently. At each iteration, the operator with the highest UCB score
is selected, i.e.,

1 = arg max UCB;

To adapt to changes during evolution, only the most recent 7 operator applications are retained.
When the window becomes full, the oldest observation is removed before inserting the new reward.
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This allows the selector to gradually forget outdated information and react to shifts in operator
effectiveness over time.

Initially, each operator is sampled once to ensure valid reward estimates before UCB-based selection
begins.
4.1.2 Top3 selection

Unlike SW-UCB, which adapts during evolution, the following strategies make use of preprocessing
data obtained using the operator comparison methodology described in Section 3. Their goal is to
estimate which operators perform best at different stages of the search process.

We construct these selectors by collecting a large number of individual operator applications and
grouping them according to the fitness of their parent solution. The parent fitness range is segmented
into bins, producing groups of operator applications associated with similar parent quality levels.

For each fitness bin b and operator i, we compute the average positive fitness improvement

1 Ny,

max(A fi, 0),
Nb,i; (Afk,0)

q(b,i) =

where N, ; denotes the number of sampled applications of operator ¢ within bin b.

This produces a mapping from parent fitness ranges to estimated operator effectiveness. During
evolution, the current parent fitness determines the corresponding bin, after which an operator is
selected using the preprocessed statistics.

The Top3 strategy selects the three operators with the highest values of ¢(b,7) within the corre-
sponding fitness bin. One of these operators is then sampled uniformly at random.

Formally, let T;, denote the set containing the three highest-ranked operators for bin b. The
probability of selecting operator 7 is then

0, otherwise

l .
P(z’|b):{3’ red

At each iteration, the current parent fitness determines the corresponding fitness bin b, after
which an operator is sampled according to P(i | b) This strategy preserves some fixed amount of
exploration while restricting selection to operators that performed well during preprocessing.

4.1.3 Geometric selection

The Geometric strategy uses the same preprocessing procedure as Top3, but instead of restricting
selection to a fixed subset of operators, it constructs a probability distribution over the full ranked
operator list.
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For each fitness bin b, operators are sorted according to their estimated effectiveness q(b, 7). Let
(i) denote the rank of operator i within bin b, where rank 1 corresponds to the best-performing
operator.

Selection probabilities are assigned according to a geometrically decreasing weighting scheme

w; = A==

?

where \ > 1 is the decay factor controlling selection pressure.

The resulting operator probabilities are obtained through normalization
Wi

P(¢|b):2wj.

As with Top3, the current parent fitness determines the corresponding fitness bin, after which an
operator is sampled according to P(i | b). Higher-ranked operators are exponentially more likely to
be selected than lower-ranked operators. An operator ranked one position higher is A times more
likely to be selected.

Compared to Top3, this strategy offers a non-zero probability for all operators while still strongly
favouring operators that demonstrated high effectiveness during preprocessing. The decay factor A
directly controls the balance between exploration and exploitation.

4.1.4 Evaluation procedure

To quantify the extent to which an operator selection strategy deviates from uniform random
selection, we report the following distribution metric.

Operator Selection Divergence The deviation of an operator selection distribution from
uniform random selection is measured using the normalized total variation distance:

n

Dger = m Z

=1

1

pi — —
n

9

where n is the number of available operators and p; denotes the probability of selecting operator «.
The measure satisfies 0 < Dy < 1, where Dy, = 0 corresponds to uniform random selection and
Dy = 1 indicates deterministic selection of a single operator.

4.1.5 Experimental setup

The proposed operator selection strategies are evaluated using full LLaMEA runs within the BLADE
benchmarking suite | ] on the MA_BBOB problem set | ]. We compare the static
Random baseline, the adaptive online method SW-UCB, and the preprocessing-based methods
Top3 and Geometric.

All experiments use the gemini-3.1-flash-1lite configuration from Table 3, dimensionality 5,
and a budget of 2000. Each strategy is evaluated over 6 independent runs. LLaMEA is configured
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with a population size of 4, an offspring size of 4, elitist survival selection, and a total evaluation
budget of 400, corresponding to 100 generations.

For the preprocessing-based selectors, operator preferences are derived from the operator comparison
data presented in Section 3. Parent fitness values are grouped into 8 equally sized bins and used to
estimate operator quality within different regions of the search space.

Table 6 summarizes the parameter settings used for the selection strategies.

Table 6: Evaluated operator selection strategies and their parameter settings.

Identifier Selection method Parameters
Random Uniform random sampling | —

UCB UCB selection 7 =400, c=1.0
SW-UCB-L Sliding Window UCB 7=120, c=0.9
SW-UCB-M Sliding Window UCB T=60, c=1.0
SW-UCB-S Sliding Window UCB 7=30,c=12
Top3 Top-k selection k=3
Geometric-L | Geometric ranking selection | A = 2
Geometric-S | Geometric ranking selection | A = 1.3

4.2 Operator selection results

This section evaluates whether leveraging knowledge obtained from the operator analysis improves
performance during full LLaMEA runs.

4.2.1 Preprocessed selection distributions

Figure 6 visualizes the operator probability distributions generated by the offline preprocessing-
based selection methods. These distributions are derived directly from the operator evaluation data
presented in Section 3.

The figure reflects the operator performance trends observed previously. Operators with stronger
average A f within a parent-fitness bin receive a larger proportion of the selection probability mass.
Consequently, the Stmplify and Correct appear most frequently throughout.
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Figure 6: Operator selection distributions generated by the Top3 and Geometric selection methods
for each parent-fitness bin. Stacked bars represent the probability of selecting each operator.
Numbers above the bars indicate the number of evaluation samples within the corresponding parent

fitness bin.

4.2.2 Optimization performance

We compare the optimization performance of the different operator selection strategies during full
LLaMEA runs. Figure 7 shows the average best-so-far fitness over the course of evolution, while

Parent fitness

Table 7 reports the final fitness values obtained in the individual runs.

Table 7: Final best fitness obtained by each operator selection strategy. The best result for each

method is highlighted.

basic

new
simplify
refactor
restructure
correct
combine2
combine3
simplify2
newz2

Method Runl |Run2 | Run3 | Run4 | Run 5 | Run 6 | Mean | Std

Random 0.8217 | 0.8185 | 0.8450 | 0.8488 | 0.8088 | 0.8397 | 0.8304 | 0.0148
UCB 0.7985 | 0.8296 | 0.8911 | 0.8346 | 0.8703 | 0.8475 | 0.8453 | 0.0296
SW-UCB-L | 0.8318 | 0.8270 | 0.8073 | 0.8060 | 0.8324 | 0.8368 | 0.8235 | 0.0123
SW-UCB-M | 0.8409 | 0.8737 | 0.8311 | 0.8471 | 0.8320 | 0.8157 | 0.8401 | 0.0179
SW-UCB-S 0.8295 | 0.8542 | 0.8550 | 0.8374 | 0.8409 | 0.8331 | 0.8417 | 0.0098
Top3 0.8568 | 0.8476 | 0.8666 | 0.8115 | 0.8189 | 0.8087 | 0.8350 | 0.0229
Geometric-L | 0.8299 | 0.8222 | 0.8181 | 0.8460 | 0.8292 | 0.8312 | 0.8294 | 0.0087
Geometric-S | 0.8601 | 0.8177 | 0.8497 | 0.8447 | 0.8527 | 0.8570 | 0.8470 | 0.0140
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Figure 7: Average best-so-far fitness over 6 independent LLaMEA runs for each operator selection
strategy. Offline methods (left) and online methods (right) both compared against random selection.

Figure 7 shows noticeable differences in both convergence behaviour and final optimization perfor-
mance between the evaluated operator selection strategies. Several informed selection strategies
achieve higher average final fitness than uniform random sampling, although considerable variation
between runs remains visible.

Among the offline methods, Geometric-S achieves the highest average final fitness of 0.8470 (Table 7).
Although its convergence is not noticeably faster than the random baseline during the early stages of
evolution, it appears more effective at generating improvements at higher fitness levels. In contrast,
Geometric-L performs similarly to random selection, with a mean final fitness of 0.8294 compared
to 0.8304 for the baseline. This suggests that the less strongly biased probability distribution used
by Geometric-S may provide a more favourable balance between exploiting highly ranked operators
and continuing to explore lower-ranked alternatives.

The online methods exhibit a distinct optimization behaviour. Compared to the random baseline,
the UCB-based methods improve more rapidly during the early stages of evolution. This behaviour
is consistent with the adaptive nature of UCB, which is able to quickly adjust operator preferences
during the rapidly changing early stages of the search. Among the online methods, the standard
UCB strategy achieves the highest average final fitness (0.8453), although it also exhibits the largest
variation between runs (standard deviation 0.0296). The sliding-window variants obtain comparable
average performance for the smaller window configurations, with SW-UCB-S and SW-UCB-M
achieving mean fitness values of 0.8417 and 0.8401, respectively, while SW-UCB-L performs slightly
below the random baseline with a mean final fitness of 0.8235.

Overall, the results indicate that both preprocessing-based and adaptive operator selection are capa-
ble of outperforming uniform random sampling. While the observed differences are relatively small
and exhibit noticeable variation between runs, the results suggest that incorporating information
about operator effectiveness can improve optimization performance.
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4.2.3 Operator utilization

Figure 8 summarizes the distribution of operator applications across methods throughout the
evolutionary runs. The first best-so-far fitness interval is intentionally much wider than the
remaining intervals. Since LLaMEA typically reaches a best-so-far fitness above 0.75 within the
first 10 generations (Figure 7), relatively few operator applications occur below this threshold. As
expected, the random baseline maintains an approximately uniform operator distribution, reflected
by the low selection divergence values in the higher fitness intervals, where substantially more
operator applications are observed.

Operator selection frequency per method and best-so-far bin
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Figure 8: Operator selection frequencies during full LLaMEA runs for each selection strategy.
Within each method, the three stacked bars correspond to the best-so-far fitness intervals [0, 0.75),
[0.75,0.8), and [0.8,1.0). Bars show the normalized operator application frequencies, while the
numbers above indicate the operator selection divergence Dy, relative to uniform random selection.
Larger values of Dy indicate stronger deviation from uniform random selection.

The offline preprocessing-based methods follow their intended selection policies. The adaptive
UCB-based methods occupy an intermediate position between random and preprocessing-based
selection. The standard UCB strategy develops a clear preference for a subset of operators while
still maintaining substantial exploration. Among the sliding-window variants, operator selection
becomes progressively closer to uniform random selection as the window size decreases. In particular,
SW-UCB-S approaches an almost uniform operator distribution in the later stages of the search,
suggesting that the small sliding window is unable to retain sufficient reward information to establish
strong operator preferences. Overall, the observed operator distributions are consistent with the
expected behaviour of the evaluated selection strategies.

4.2.4 Operator contributions during optimization

We analyse the role of individual prompt operators during optimization by aggregating operator
applications across all LLaMEA runs and operator selection strategies. Unlike the isolated parent-
child comparisons presented in Section 3, this analysis measures how frequently operators contribute
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to new best-so-far solutions during complete evolutionary runs. Table 8 summarizes the aggregated
improvement statistics, while Figure 9 visualizes the corresponding improvement rates and average
improvement sizes.

Improvement Rate per Operator Application Average Improvement Size per Improvement
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Figure 9: Aggregated operator improvement statistics across all LLaMEA runs and operator
selection strategies. Left: Improvement rate, measured as the fraction of operator applications that
produced a new best-so-far solution. Right: Average fitness improvement size, measured only over
improving offspring.

Table 8: Aggregated operator statistics across all LLaMEA runs and operator selection strategies.
Improvement rate denotes the fraction of operator applications that produced a new best-so-far
solution. Average improvement size is computed only over successful improvements.

Times Successful Improvement | Improvement | Avg Improvement
Operator Applied | Improvements Rate Rate (> 0.80) Size Af
basic 1483 25 0.0169 0.0045 0.0304
new 921 5 0.0054 0.0000 0.1195
simplify 2581 27 0.0105 0.0054 0.0204
refactor 1243 6 0.0048 0.0024 0.0147
restructure 2874 29 0.0101 0.0039 0.0175
correct 3621 62 0.0171 0.0046 0.0351
combine?2 1658 38 0.0229 0.0162 0.0162
combine3 1881 44 0.0234 0.0158 0.0142
simplify2 1694 61 0.0360 0.0233 0.0187
new2 1052 4 0.0038 0.0000 0.0419

The results reveal substantial differences in operator behaviour. Among all evaluated operators,
the crossover operator Simplify2 achieves the highest improvement rate (0.0360), followed by
Combine3 (0.0234) and Combine2 (0.0229). These results demonstrate that crossover operators are
highly effective within LLaMEA and confirm that extending the framework beyond mutation-only
prompting is beneficial. Interestingly, the strong performance of Simplify observed in the isolated
operator comparison experiments does not translate directly to complete evolutionary runs, where
its improvement rate falls below both Basic and Correct. At the opposite end of the spectrum, the
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novelty-oriented operators New and New2 achieve the lowest improvement rates. However, New
produces by far the largest average improvement size (0.1195), indicating that although successful
improvements are rare, they can occasionally produce substantial jumps in solution quality.

The improvement rates obtained after a best-so-far fitness of 0.80 further highlight the effectiveness
of crossover during the later stages of optimization. Both Simplify2 and the Combine operators
substantially outperform the mutation operators in this high-fitness region, suggesting that combin-
ing information from multiple parent solutions becomes increasingly beneficial once high-quality
algorithms have been discovered. Interestingly, Combine3 performs comparably to Combine2,
demonstrating that crossover can be effectively extended beyond two parent solutions.

Figure 10 illustrates these observations for the two highest-performing optimization runs, both
obtained using UCB-based operator selection. Nearly all improvements beyond a fitness of approxi-
mately 0.85 originate from crossover operators. Notably, the large and final improvement in the
best-performing run is produced by Combines3.

Best Run - UCB (0.8911) 2nd Best Run - SW-UCB-M (0.8737)
0.90 4 R
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Figure 10: Optimization trajectories of the two highest-performing LLaMEA runs. Colored markers
indicate the operator responsible for each accepted improvement, illustrating how different operators
contribute throughout the search.

5 Discussion

This thesis investigated prompt operators from two complementary perspectives. The proposed
parent-child comparison methodology characterizes the intrinsic behaviour of individual operators
in isolation, whereas complete LLaMEA runs evaluate how these operators contribute within an
evolutionary search process. Together, these experiments show that prompt operators exhibit
distinct search characteristics and can be regarded as evolutionary search operators rather than
interchangeable prompt variants.

The isolated operator comparison experiments reveal substantial differences in operator behaviour.
No operator performs best across all parent-fitness regions, and clear trade-offs exist between relia-
bility, exploration behaviour, and structural code modifications. These observations are consistent
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with those reported for traditional evolutionary algorithms, where different variation operators
become effective at different stages of the search process.

A notable observation is that the operator rankings obtained from isolated parent-child comparisons
do not completely match those observed during complete evolutionary runs. In particular, Simplify
consistently emerges as one of the strongest mutation operators during isolated evaluation, yet
contributes comparatively few improvements during optimization. Conversely, the operator Simplify2,
a crossover operator, becomes the single most successful operator during full LLaMEA runs.

A likely explanation is that operator effectiveness depends not only on the current solution,
but also on the sequence of previously applied operators. Repeatedly applying a simplification
operator gradually reduces the opportunities for further simplification, whereas an algorithm that
has undergone many improvement or restructuring steps may again benefit substantially from
simplification. This effect may also explain the discrepancy between the isolated operator analysis
and the complete evolutionary runs. The operator comparison dataset was collected from multiple
LLaMEA configurations, some of which did not include simplification operators. Consequently,
sampled solutions likely contained considerably more redundant structure than the solutions
encountered during the operator selection experiments, where simplification operators were applied
throughout evolution.

The operator selection experiments suggest that exploiting operator characteristics can improve
optimization performance, although the observed differences between selection strategies remain
relatively small and noisy. The preprocessing-based methods leverage information obtained through
offline operator analysis, while the adaptive UCB-based methods rapidly adjust operator prefer-
ences during the search. The strengths of these approaches appear complementary rather than
contradictory, suggesting that future operator selection methods may benefit from combining offline
operator knowledge with online adaptation.

5.1 Implications

The results indicate that prompt operators are not interchangeable. Different operators exhibit
distinct exploration, exploitation, and reliability characteristics that can be characterized and
exploited during evolution through informed operator selection.

The observed discrepancy between isolated operator evaluation and complete evolutionary runs
indicates that operator effectiveness depends on evolutionary context. While offline operator
characterization provides useful prior knowledge, the contribution of an operator also depends on
previously applied transformations and the current state of the search. This suggests that future
operator selection methods should consider not only the current solution quality, but also the
evolutionary history of candidate algorithms. More generally, the complementary behaviour of
the preprocessing-based and adaptive selection strategies suggests that combining offline operator
knowledge with online adaptation may provide a promising direction for future research.

Finally, the proposed crossover operators demonstrate that relying exclusively on mutation may
unnecessarily restrict the search capabilities. The experiments show that crossover prompting
integrates naturally into LLaMEA, remains competitive throughout optimization, and contributes
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disproportionately to improvements at high fitness levels. Furthermore, the comparable performance
of Combine2 and Combine3 indicates that LLM-based crossover naturally extends beyond two
parent solutions. These results encourage treating crossover as a first-class component of future
LLM-based evolutionary algorithms.

5.2 Limitations

Several limitations should be considered when interpreting these results.

The experiments were conducted exclusively on LLaMEA using the MA_BBOB benchmark suite and
three language models. Although many qualitative trends remain consistent across the evaluated
models, it is unclear to what extent the observed operator characteristics generalize to other
optimization problems, automated algorithm discovery frameworks, or future generations of language
models. Furthermore, the operator selection experiments were conducted using a different language
model than the one used to generate the offline operator evaluation data. This may reduce the
effectiveness of the evaluated preprocessing-based selection strategies.

The proposed parent-child comparison methodology intentionally evaluates operators in isolation.
While this provides a controlled setting for analysing intrinsic operator behaviour, it does not
capture historical dependencies between successive operator applications or interactions between
different operators. As demonstrated by the discrepancy between the isolated experiments and the
complete evolutionary runs, these evolutionary effects can substantially influence practical operator
effectiveness.

Finally, the operator selection experiments were performed using a relatively small number of
independent runs. Although consistent trends are visible, the observed differences between several
selection strategies remain noisy. A larger experimental study would be required to determine
whether these differences are statistically robust and to establish stronger conclusions regarding
the relative merits of the evaluated operator selection methods.

6 Conclusions and Further Research

This thesis investigated prompt operators for mutation, crossover, and operator selection in LLM-
based evolutionary algorithms.

A parent-child comparison methodology was introduced to evaluate prompt operators independently
of complete evolutionary runs. The proposed methodology provides a practical way to charac-
terize operator behaviour and reveals substantial differences in operator effectiveness, reliability,
exploration behaviour, and structural code modifications.

The experiments demonstrate that prompt operators are not interchangeable. Operator effectiveness
varies considerably throughout the search process, and no single operator performs best across all
parent-fitness regions. Furthermore, the observed differences between the isolated operator analysis
and complete evolutionary runs suggest that operator effectiveness depends not only on the current
solution, but also on the evolutionary context in which an operator is applied.
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The proposed crossover operators integrate naturally into LLaMEA. Crossover operators are
competitive with mutation operators during isolated evaluation and become particularly effective
during complete evolutionary runs, accounting for many improvements at high fitness levels.
Furthermore, the comparable performance of Combine2 and Combine3 demonstrates that effective
LLM-based crossover extends naturally beyond two parent solutions.

The operator selection experiments suggest that exploiting operator characteristics can improve
optimization performance. Both preprocessing-based and adaptive online selection performed better
on average than uniform random sampling, although the observed differences remain relatively
small and noisy. The complementary behaviour of these approaches suggests that combining offline
operator characterization with online adaptation may provide an effective direction for future
operator selection strategies.

Future work could investigate history-aware operator selection methods that explicitly account for
previously applied operators in addition to current solution quality. More extensive studies across
additional optimization problems, language models, and evolutionary frameworks are also needed
to determine how well the observed operator characteristics generalize.

Overall, this work demonstrates that prompt operators can be systematically analysed, compared,
and exploited during evolutionary search. Together, operator design, crossover prompting, and
informed operator selection provide promising directions for improving LLM-based automated
algorithm discovery.
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