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Abstract

Benchmarks for clustering optimisers have only recently been standardised. The clustering
benchmark suite introduced by Vermetten et al. (2025) [31] addresses the demand for evaluat-
ing clustering optimisers by formalising ten benchmark functions across four dimensionalities.
This thesis investigates whether LLaMEA can generate effective optimisers for this suite.
We evaluate LLaMEA under six configurations. The configurations cross domain knowledge
provision (D or ¬D) with baseline prompting, exemplar-injection, and warm start. D denotes
provision of domain knowledge, while ¬D denotes no domain knowledge. Exemplar-injection
provides the LLM with an additional example algorithm during each generation step, en-
couraging exploration across different metaheuristic families. Warm start instead seeds the
initial population with example algorithms, giving LLaMEA a structured starting point from
which later generations can evolve. We find that none of the LLaMEA generated algorithms
outperformed KMeans++. However, prompting strategy affects the structural diversity of
generated algorithms, with exemplar-injection producing the broadest range of algorithm
families. At the prompting configuration level, D did not improve performance; instead ¬D
achieved higher fitness. At the generated algorithm level, D configurations were the closest to
the KMeans++ and CMA-ES baselines. These findings motivate future work using larger
search budgets and more runs for the application of LLaMEA to clustering problems.
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1 Introduction

The volume of data generated globally continues to grow at an unprecedented rate. As many real
world datasets contain limited labelled examples, unsupervised learning methods are necessary to
identify patterns through shared features [13]. Clustering is one of the most widely used unsupervised
learning approaches, aiming to identify groups of similar observations without predefined target
labels. However, designing an effective clustering algorithm for a given dataset requires careful
tuning of its parameters. As the volume and dimensionality of data grow, so does the demand for
metaheuristics to automate this process.

In spite of this demand, progress in clustering algorithm design has been difficult to measure.
For other algorithms there are standardised benchmark suites such as BBOB [15] which provide
a common basis for comparison. Whereas in clustering, the experimental setup can vary widely
across papers, making cross-study comparison unreliable. This gap was recently addressed in ‘A
Standardised benchmark for clustering problems’ [31], which introduced a structured clustering
benchmark suite comprised of ten functions across four dimensions. This suite exposes two properties
that make clustering benchmarks fundamentally distinct from continuous optimisation problems:
symmetry, due to k! equivalent labellings of any valid solution, and regions of neutrality, where large
portions of the search space yield identical fitness values [12]. Critically, while this work defines the
benchmarks and evaluates them using CMA-ES, it does not investigate the performance of other
metaheuristic algorithms or detail the best CMA-ES configuration. Both gaps are addressed within
this thesis.

To find optimal solutions within a search space, there are two main strategies: metaheuristics
or gradient-based updates. Gradient updates require a continuous search space, which clustering
problems do not provide. In contrast, the metaheuristic approach does not share this constraint and
has shown better exploration capabilities than gradient updates [25]. Among these, CMA-ES [16]
is widely used for continuous black-box optimisation [2] and serves as a performance baseline in
this thesis. However, traditional metaheuristics share a fundamental limitation: their search space
is fixed by design, constraining the structural diversity of solutions they can explore.

Large Language Models (LLMs) offer a compelling alternative. Recent work has demonstrated
that LLMs are increasingly capable of generating, modifying, and reasoning about code [9]. LLaMEA
(Large Language Model Evolutionary Algorithm) [30] leverages this capability within an evolutionary
framework: LLaMEA prompts an LLM to generate and refine an algorithm’s structure at each
generation step. This allows for a fundamentally broader search over the space of possible algorithms,
rather than solutions that only involve adjustment to algorithm parameters. LLaMEA has been
shown to discover algorithms that outperform CMA-ES on the BBOB benchmark suite [30],
motivating its application to distinct clustering problems.

This thesis applies LLaMEA to the clustering benchmark suite [31] under six main configurations.
This represents the first systematic application of LLM-driven algorithm discovery to clustering
benchmarks.

1.1 Research Questions

This thesis evaluates whether LLaMEA can generate effective clustering optimisers for the IOHclus-
tering benchmark, and how the chosen prompting strategy influences the generated algorithms.
The following research questions guide the analysis:
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1. RQ1. How do prompting strategies such as the inclusion of domain knowledge (D), exemplar-
injection and warm start influence the fitness attained by LLaMEA on clustering problems in
comparison to the KMeans++ and CMA-ES baselines?

2. RQ2. How do prompting strategy, elitism, and algorithmic structure affect the types of
algorithms generated by LLaMEA and their resulting fitness?

3. RQ3. How does the provision of domain knowledge (D) affect LLaMEA fitness, final candidate
algorithm performance, and generalisability?

These research questions will allow us to determine how LLaMEA generated optimisers perform
on clustering problems.

1.2 Thesis overview

Section 2 provides the necessary background on evolutionary algorithms, LLaMEA, and the clus-
tering benchmark. Section 3 discusses related work on AAD and other analysis tools. Section 4
describes the experimental methodology, including the benchmark suite, the experimental configu-
rations, and the evaluation metrics used throughout this thesis. Section 5 presents the experiments
and their outcomes, covering comparisons between configurations, the role of domain knowledge
and algorithm categories. Section 6 summarizes the work, detailing current limitations and future
improvements.

2 Background

2.1 Clustering Problems

2.1.1 Definition

Clustering problems can be formalised as a continuous black box optimisation problem [12]. As
the internal structure of the data is not provided to the algorithm, the MSE equation is used to
calculate fitness. The goal of the optimiser is to minimise f(C|X), where C = {c1, ..., cj} is the set
of clustering centres locations and X = {x1, ..., xi} is the set of data points. n corresponds to the
number of records in the dataset of the clustering problem.

f(C|X) =
1

n

n∑
i=1

k∑
j=1

bi,j||xi − cj||2 (1)

||xi − cj|| calculates the distance of the current data point to the current centre. If cj is the closest
centre to xi, that is recorded by bi,j. If it is not then a new xi+1 is selected as the centre and the
equation is repeated.

Where bi,j is an indicator variable for the point closest to the centre.

bi,j =

{
1 if ∥xi − cj∥ = minj ∥xi − cj∥
0 otherwise

(2)
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Equations 1 and 2 follow the formulation by Gallagher (2019) [12]. The dimensionality of this
problem is dk, where d is the number of attributes in the dataset and k is the number of clusters.
Since PCA has been applied to each dataset in the benchmark, d = 2 for all X. Therefore each
problem instance is defined by the choice of dataset X and the number of clusters k.

2.1.2 Landscape Properties

Understanding the landscape properties is essential to explaining the complexity of clustering
benchmark problems for optimisers. The fitness landscape of clustering problems is highly discon-
tinuous. Each data point contributes to its own basin of attraction, and assignment to a centre
point is binary, defined by bi,j. This leads to abrupt boundaries between basins and creates a
complex and non-linear problem space [12]. This produces a landscape with a large number of local
optima, which poses a problem in reaching the global optimum. The optimiser makes step by step
improvements and stops once no neighbouring move in the search space reduces the MSE, even if
the global optimum has not yet been found.

Permutation invariance is another identified quality. Clustering centres in the benchmark are
not assigned a label. Therefore, any permutation of the assigned centres leads to k! equivalent
solutions [31]. For example, with k = 5, there would be 120 representations of the same solution.
This can cause redundant searching for optimisers, re-exploring the search space to find solutions
with no tangible improvement.

Regions of neutrality are another challenge. Suppose a centroid cj is positioned such that no
data point is bi,j = 1 for all i. This creates flat regions in the search space that do not provide a
signal to the search algorithm [31]. The centre makes no contribution to the objective function,
and moving it within this region produces no change in fitness. This is a direct challenge for
optimisation, as the current evaluation provides no objective value until a new centre is chosen.

Finally, the underlying Euclidean sum of squares clustering problem is NP-hard [3]. No algorithm
is guaranteed to find a global optimum solution in polynomial time. As a result, the generated
optimisation algorithms in this thesis aim to find the best approximate solutions within our
evaluation budget.

2.1.3 Replication Study

The original benchmark paper aimed to establish the validity of the clustering benchmark suite by
demonstrating that it is sensitive to algorithmic design choices. The paper explicitly states that
identifying the best performing algorithm was not its goal [31]. Consequently it does not report
the MSE of the best CMA-ES configuration. For this thesis, the CMA-ES performance is required
as a baseline. A replication study was therefore conducted.

The configuration λ = 20, µ = 10, elitist = True, covariance = False, bound correction = None
achieved the best overall mean performance and was selected as the CMA-ES baseline for this thesis.
This configuration was evaluated on the ten benchmark functions and across four dimensions. The
evaluation budget was set to 5000 with 25 repetitions, identical to the original paper. Figure 1
shows the best mean MSE values achieved.

MSE decreases consistently with increasing dimension across all functions. Since each dataset
was reduced to d = 2 via PCA, the problem dimension dk is determined entirely by k, so dimension
[4, 6, 10, 20] corresponds to k = [2, 3, 5, 10] respectively. This decrease in MSE is an expected result
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Figure 1: Best mean MSE achieved by the CMA-ES configuration across FID and dimensions

of the objective rather than a measure of CMA-ES performance: as k increases, more centres are
available to capture the dataset’s structure, reducing the distance between points and their assigned
centre.

Overall, the trend captured in Figure 1 is similar across most functions and dimensions. However
three function IDs deviate from the general pattern. For Cluster ruspini selected at k = 2, 3
(dimension 4, 6), the MSE values are higher than other functions at the same dimension. In contrast,
Cluster kc1 and Cluster Segment show comparatively lower MSE values across all dimensions.

This pattern is consistent with the KMeans++ baseline values reported in Appendix A.3, which
show the same difference between datasets. These differences are also in line with the landscape
properties discussed in Section 2.1.2.

2.2 Metaheuristics

Metaheuristics are optimisation strategies that guide the search for candidate solutions in a search
space. This thesis focuses on three main types: evolutionary algorithms, swarm techniques and
trajectory based.

Evolutionary algorithms (EA) are inspired by biological evolution for continuous parameter
optimisation. In line with the ‘survival of the fittest’ metaphor, the algorithm searches for the
solution that best fits the problem. An initial population of candidate solutions is generated and
evaluated on an objective function that determines the fitness [20]. Higher fitness individuals are
selected to ‘survive’ and are used as parents for further generations. EAs are particularly well-suited
to problems where the fitness landscape has multiple local optima, as maintaining a population of
diverse candidates prevents premature convergence.

The following algorithm families fall under evolutionary algorithms. The Covariance Matrix
Adaptation Evolution Strategy (CMA-ES) [14] is considered the state-of-the-art for continuous
black-box optimisation. Particularly suited to non-convex landscapes, CMA-ES samples the search
space to calculate the covariance matrix and mean search distribution [14]. The covariance adapts
to the shape of the fitness landscape and the value of the mean search distribution determines
where candidate solutions are sampled from. Since CMA-ES was used in the original evaluation of
the clustering benchmark [31], it also serves as a key baseline in this thesis.
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Differential Evolution (DE) [29] generates new candidate solutions by perturbing possible vector
solutions using scaled differences between existing population members. This is effective because
the search direction considers the distribution of the existing population.

The Univariate Marginal Distribution Algorithm (UMDA) is an estimation-of-distribution
algorithm that samples new candidate solutions from probability distributions learned from the
best-performing individuals in the current population [6]. Allowing the identification of high
performing regions in the current landscape. Memetic algorithms [22] adapt evolutionary algorithms
with local search mechanics. The evolutionary process ensures exploration and local search acts as
a ‘sanity check’ for real improvement. In this thesis it appears as an emerged algorithm, instead of
a provided example.

Figure 2 shows a partial tree of the metaheuristic families relevant to this thesis. The created
figure was informed by the general classification of metaheuristics and genetic algorithms [28, 27].
The dichotomy between techniques is created through their search mechanism.

Figure 2: Families of metaheuristic algorithms, the gray highlighted categories (PSO, DE, UMDA,
Hill Climbing) are the example algorithms provided to LLaMEA in the E3, E4, E5 and E6
configurations. The teal highlighted categories (Evolutionary Strategy, Simulated Annealing and
Memetic Algorithms) emerged during the evaluation runs but were not provided as examples to
LLaMEA, as seen in Section 5. CMA-ES is indicated with a purple highlight as it is used as a
baseline.

Swarm intelligence is a stochastic search method, influenced by the organisation of animals
and insects [7]. Information is shared across the swarm and used to update solutions. The current
and prior experience of the entire swarm is taken into consideration [11]. In comparison to EA
methods, the candidate selection mechanic differs and convergence tends to be slower [7].

Particle Swarm Optimisation (PSO) [17] maintains a set of solutions influenced by their own
best known position and the global best found by the swarm.

Trajectory based methods maintain and iteratively improve a single candidate solution rather
than a population, navigating the search space through a sequence of local moves [4]. The following
algorithm families fall under the Trajectory based category.

Simulated Annealing (SA) iteratively improves a single candidate solution. To prevent getting
stuck in a local optimum, it uses probability to explore alternative solutions [1].

Hill Climbing is a trajectory-based method that iteratively moves from the current solution
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to a neighbouring solution if it improves fitness, and terminates when no improving neighbour
exists [26]. It is computationally inexpensive but highly susceptible to local optima.

Despite their diversity, all metaheuristics share a fundamental limitation in the context of
algorithm discovery: their variations are fixed. Regardless of the problem structure, a DE algorithm
always applies vector difference mutations, and a PSO algorithm always updates velocities according
to the same rule. This constrains the diversity of solutions that can be explored and motivates the
use of LLM algorithm generation, elaborated on in Section 2.3.

2.3 LLaMEA

The Large Language Model Evolutionary Algorithm (LLaMEA) utilises LLMs in an evolutionary
loop to generate metaheuristic algorithms. Rather than mutating the parameters of a fixed algorithm,
LLaMEA prompts the LLM to generate new algorithm implementations at each generation step [30].
Each generated algorithm is treated as an individual in the population.

This design has two key advantages over traditional EAs. First, the search space is no longer
restricted to the parameter space of a specific algorithm. LLaMEA can generate structurally
distinct algorithms at each step, including hybridization of metaheuristic types. Second, the LLM
brings implicit prior knowledge from its training data: it has been exposed to a large corpus of
algorithm implementations and can draw on this knowledge when generating new candidates.

The behaviour of LLaMEA is sensitive to how it is prompted. The structured prompt provided
to the LLM determines the context available to it during generation. There are four main steps for
the generation of the best fit algorithm for a problem. The initialisation step receives a structured
prompt that consists of the role, task, example and format prompts. The role prompt is used as
a prompt engineering strategy to enhance the performance of the LLM. Similarly the task and
example prompt provide the LLM with a reference point for the type of algorithm to generate.

The algorithm generation step includes extracting the algorithm from the LLM in the required
format as specified by the format prompt. A version of the algorithm is instantiated to catch syntax
or logic errors made by the LLM. These errors are then assigned a negative fitness and included in
the feedback loop.

The evaluation step scores each generated algorithm on a provided benchmark based on the
problem. The performance or fitness is calculated by the evaluation function provided to LLaMEA.
In our case, this evaluation function returns the MSE improvement over KMeans++, described
further in Section 4.2.2.

The feedback and mutation step provides the original task prompt and the history of previously
tried algorithms and their scores along with a parent algorithm (a previous generation) to improve
upon.

The paper introducing LLaMEA [30] shows that LLaMEA, using GPT-4o as the underlying
model, is capable of outperforming CMA-ES on the BBOB benchmark suite [15]. However LLaMEA
has not previously been applied to clustering optimisation problems. Whether it can meaningfully
tackle the challenges posed by clustering problems, such as symmetry and regions of neutrality [31]
will be investigated in this thesis. The sensitivity of LLaMEA to prompt design also raises the
question of whether domain knowledge about these properties affects the generated algorithms.
These two questions motivate the experimental setup of this thesis, described in Section 4.

6



3 Related Work

3.1 Automatic Algorithm Design

The goal of Automated Algorithm Design (AAD) is to reduce the manual effort required to produce
effective optimisation algorithms. Hyper-heuristics [5] moved beyond this by automating the
construction of new heuristics from low-level operators, though the results remain bound to this
predefined operator set. The emergence of LLMs capable of generating and reasoning about
code [10] caused a paradigm shift. Rather than the recombination of operators seen in Hyper-
heuristics, LLMs directly generate novel algorithmic structures. FunSearch [24] demonstrated
this by pairing an LLM with a systematic evaluator in an evolutionary loop, discovering new
solutions to combinatorial problems. Evolution of Heuristics (EoH) extended this by evolving both
natural language descriptions of algorithmic ideas and their code implementations, outperforming
hand-crafted heuristics on combinatorial optimisation benchmarks [19].

LLaMEA [30] was selected as the basis for candidate generation in this thesis because, unlike
FunSearch and EoH which focus primarily on combinatorial heuristics, LLaMEA was developed
specifically for continuous metaheuristic design and has been demonstrated to outperform CMA-ES
on the BBOB suite [30]. This makes it the most directly applicable framework for this thesis.

3.2 Automatic Algorithm Analysis

Understanding how problem structure affects algorithm behaviour requires infrastructure for running
and logging the resulting experiments.

Exploratory Landscape Analysis (ELA) [21] defines a set of computable features for continuous
optimisation problems that describe properties such as convexity and local-search behaviour. These
features have subsequently been used for automated algorithm selection on continuous black-box
optimisation benchmarks [18]. However, as discussed in Section 2.1.2, clustering landscapes exhibit
structural properties such as permutation invariance and regions of neutrality. These properties are
central to the search space, but are not explicitly represented by standard ELA features originally
developed for continuous BBOB-style benchmark functions. In Appendix A.3, an ELA random walk
technique was applied to our benchmark problems to provide a simplified impression of variation in
the benchmark functions.

On the infrastructure side, IOHprofiler [8] provides a benchmarking and profiling environment
for iterative optimisation heuristics, supporting standardised logging and analysis of algorithm
performance across problem instances. The clustering benchmark suite used in this thesis [31] is
integrated with the IOHprofiler, enabling reproducible comparison between optimisers. Consistent
use of this framework across experiments ensures that LLaMEA generated algorithms and the
CMA-ES baseline are compared under the same benchmark conditions.

4 Methodology

4.1 Experimental Setup

To address the research questions, we conducted experiments applying the generated LLaMEA
algorithms to clustering problem benchmarks. All experiments used a fixed budget of T = 200 LLM
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calls per run, with 5 runs per configuration. A benchmark instance is defined by fid (function ID),
iid (instance id) and k (number of clustering centres). The solution representation encodes cluster
centres as a continuous decision vector. Over a single run, LLaMEA requires training instances
and testing instances. Our split is fid= 1- 8 for training and fid = 9-10 for testing, with iid and
k kept constant over both training and testing splits. This separation ensures that the test set
remains unseen for the generalisability analysis in Section 5.4.1.

The fitness metric returned to LLaMEA is:

Fitness =
1

T

T∑
t=1

MSEmin(KMeans++) −MSEmin(t) (3)

MSEmin(KMeans++) is the minimum MSE achieved by KMeans++ on the same instance, and
MSEmin(t) is the minimum MSE found by the generated algorithm up to evaluation t. This
fitness value measures improvement over the KMeans++ baseline. LLaMEA maximises this fitness
function over evaluations to find better candidate algorithms.

The LLM used for all configurations is qwen3-coder:30b. Performance is reported as the mean
best so far fitness, as defined in Equation 4 and evaluated through the Clustering Adapter in
Algorithm 2.

4.2 Clustering Adapter

The clustering adapter connects the IOHProfiler evaluation [8] with instances of the clustering
problem. The adapter’s purpose is to construct the prompt and to evaluate the performance of the
generated algorithm on the instance of the benchmark.

4.2.1 Prompt Construction and algorithm generation

The prompt construction depends on the prompting strategy defined in Table 1. All configura-
tions use a task prompt, mutation prompts and a feedback prompt. As seen in Algorithm 1, at
initialisation the feedback prompt is empty, since no candidate has been evaluated yet. During the
evaluation loop the feedback prompt is updated with the performance of the prior algorithm.

If warm start is enabled, the initial population is seeded with n parents example algorithms
before the main generation loop begins. These examples provide a structured starting point and
introduce variation in the types of algorithms that may be generated. Without warm start, the
first algorithm is generated with the task prompt and the selected mutation prompt. Enabling
exemplar-injection does not change the seeding process of LLaMEA. Instead, it provides the
exemplar algorithm as an addendum to the current prompt. It does this by replacing the current
mutation prompt with the exemplar-injection algorithms.

During the budget loop t < T , the subsequent generations are constructed using the feed-
back prompt of the prior algorithm. The algorithm generates a new candidate solution as at+1,
which is evaluated using the EVAL() function in Section 4.2.2. If the resulting fitness improves
upon the current best y value, then both yb (fitness) and ab (current best algorithm) are updated.
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Algorithm 1 LLaMEA generation

S ← task prompt, M0 ← [mutation prompts], F0 ← feedback prompt
t← 0
m← random.choice(M)
yb ← ∅, ab ← ∅ ▷ Initialise best fitness and algorithm
if Warm Start = True then

for i = 0 to n parents do
example prompt← example prompts[i] ▷ Provided example algorithm till n parents
ai ← LLM(S +m+ example prompt) ▷ Generate a candidate for seeded algorithm

end for
else

a0 ← LLM(S +m) ▷ Generate first candidate
end if
while t < T do ▷ Budget not exhausted

Ft ← feedback(yt, at) ▷ Construct feedback prompt from current candidate
at+1 ← LLM(S + Ft +m) ▷ Generate next candidate
yt+1 ← EV AL(at+1) ▷ Evaluate on training instances
if yt+1 ≥ yb then

yb ← yt+1, ab ← at+1 ▷ Update best if improved
end if

end while

4.2.2 Evaluation Function

The fitness of each algorithm generated by qwen3-coder:30b is determined by Algorithm 2. The
algorithm is executed in a temporary environment to check for errors or logic inconsistencies. A
validation step is necessary because LLM generation is imperfect. Algorithms that raise errors
are penalised with a fitness of −109. This choice was made during early experiments, as heavier
penalties resulted in less exploration. However algorithms that produce no valid evaluations are
penalised with a fitness of −∞.

For valid algorithms, the adapter evaluates the performance across all training instances passed
to the evaluation function. For each instance (fid, iid, k), the best MSE is recorded and compared
to the KMeans++ baseline from the paper [31].

The fitness contribution is computed as the mean improvement over the KMeans++ baseline.

mse imp = mean (baseline mse[(fid, k)]− yb) (4)

A positive value indicates the generated algorithm outperforms KMeans++ on that instance; a
negative value indicates it performs worse.
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Algorithm 2 ClusteringProblemAdapter

Require: training instances, t, T, testing instances, baseline mse[(fid,k)] ▷ KMeans++
baseline for fitness
function Eval(a)

Code← exec(a.code) ▷ Code executed in temporary environment
if Exception == True then

return −1e9 ▷ Penalise errors
end if
for each (fid, iid, k) ∈ training instances do

p← GetProblem(fid, iid, k) ▷ Load benchmark problem
yb ← min -so-far MSE at each evaluation of Code(p)
baseline mse← kmeans min.get(fid, k)
if |yb| = 0 then

return −∞ ▷ Generated algorithm made no evaluations
end if
yb ← yb[: T ] if |yb| ≥ T ▷ Ensure budget is upheld
mse imp← mean(baseline mse[(fid, k)]− yb) ▷ Mean improvement over (fid, k)
fitnesses.append(mse imp)

end for
return 1

T
fitnesses ▷ Aggregated fitness returned to LLaMEA

end function

4.3 Configuration of Prompting Strategy

Six experimental configurations were tested to evaluate the performance of LLaMEA on clustering
problems. The prompting strategy factor determines how example algorithms are provided, to
ensure diverse solutions are found.

Configuration Domain Knowledge Strategy Elitism
E1 ¬D Baseline Yes
E2 D Baseline Yes
E3 ¬D Exemplar-injection Yes (also w/o)
E4 ¬D Warm start Yes (also w/o)
E5 D Exemplar-injection Yes
E6 D Warm start Yes

Table 1: Summary of the six experimental configurations.

Baseline (E1, E2). In the baseline strategy, LLaMEA receives only the task prompt and the
previously generated parent candidate. E1 uses the task prompt ¬D provided in Appendix A.6.1,
whereas E2 additionally includes descriptions of clustering-specific landscape properties D provided
in Appendix A.6.2.

Exemplar-injection (E3, E5). In the exemplar-injection strategy, each LLM call additionally
injects an example algorithm from a metaheuristic family, as shown in Appendix A.6.3. As a result,
the LLM receives not only the current parent candidate, but another example that may come from
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a different algorithm family. This strategy is intended to encourage broader exploration of the
algorithmic design space and reduce early convergence to a single type of generated optimiser.

Warm start (E4, E6). In the warm start strategy, the initial population is seeded with
n parents example algorithms, giving the search a structured starting point, as shown in Ap-
pendix A.6.4. Unlike exemplar-injection prompts, these examples are only used during initialisation
and are not repeatedly injected into later LLM calls. This strategy ensures generations evolve from
the seeded population and is intended to stabilise convergence to an algorithm type.

Elitism ablation. All six main configurations use elitism by default, with 4 parents and
8 children per generation. To further investigate the impact of selection pressure on algorithm
diversity, the Exemplar-injection and Warm start strategies were evaluated without elitism. In the
without elitism approach the high performing candidates from the parent population can be lost
through subsequent generations. Therefore, increasing the number of children (4 parents and 16
children) provides each generation a larger pool of offspring from which promising candidates could
be selected.

5 Experiments

5.1 Algorithm Categories

Variation in generated candidate solutions was encouraged through E3 and E4. As mentioned
in Section 2, there are different types of metaheuristics that can be generated. The algorithms
generated by LLaMEA are split into 5 categories: Evolutionary Strategy, Differential Evolution,
Particle Swarm Optimisation, Memetic Algorithm and Simulated Annealing. The distinction
between algorithms was created through the name or description of an algorithm generated by
LLaMEA. Two algorithms emerged that were not present in the initialisation prompt for either E3
or E4, these were ES, MA and SA.

The results of each experimental setup were processed by filtering out algorithms that had fitness
values of −109, as these algorithms returned errors. Figure 3 compares the fitness distribution
per algorithm category, both with elitism and without. The distribution per category changes
depending on whether elitism is enabled. With elitism, there were 496 algorithms generated for
DE, while without elitism this was significantly more balanced. Elitism seemed to have more of an
impact on E3, for the diversity of algorithms produced. This stems from the fact that a random
algorithm is provided in the exemplar-injection prompt. Therefore the selection mechanism of
elitism, seems to have guided the choice of algorithm category (more than the random example
algorithm provided). For exemplar-injection prompts with elitism after filtering 868 valid points
remained, whereas without elitism, there were 787 valid calls. The fitness distributions are broadly
similar in mean, suggesting that the diversity of algorithms did not cost performance. However the
whisker plot showed a wide range for E3, so the runs were inconsistent.

This can be attributed to the random example algorithm provided in the exemplar-injection
prompt: under elitism, the selection mechanism can reinforce or discard this initial choice consistently
across a run, producing the DE distribution visible in Figure 3a, whereas without elitism the larger
offspring pool dilutes the influence of any single example.

11



(a) Exemplar-injection Prompt E3: With Elitism
(b) Exemplar-injection Prompt E3: Without
Elitism

Figure 3: Fitness distribution per algorithm category under Warm start, comparing both with and
without Elitism. The whisker plot indicates the outliers in the plot, each scatter point represents a
completed candidate of that family.

Warm start was the second strategy used to implement the diversity of generated candidates
in Figure 4. In direct contrast to E3, this resulted in a more consistent spread of algorithms
regardless of whether elitism was enabled or not. The with elitism configuration again generated
more valid algorithms 899 in comparison to 781. With elitism the candidates contained mostly
ES, PSO and MA algorithms. Without elitism most of the algorithms were DE and MA, however
SA was included as well. The fitness distributions achieved across ES, PSO and MA were similar.
Warm start seemed to increase the diversity of algorithms more than exemplar-injection prompts.
In addition the fitness had fewer outliers, especially for algorithm categories that had at least
100 candidate solutions. By contrast, exemplar-injection prompts regardless of the quantity of
generated solutions there was a higher variance in performance. Indicating that exemplar-injection
prompts drive broader exploration of the algorithm space at the cost of consistency within any
single category.

(a) Warm start E4: With Elitism (b) Warm start E4: Without Elitism

Figure 4: Fitness distribution per algorithm category for E4 (Warm start), comparing with and
without elitism. The whisker plot indicating the outliers in the plot, each scatter point represents a
completed candidate of that family.

Figure 5 demonstrates how the proportions of algorithm categories change over the LLM calls
without elitism. This indicates how the diversity of algorithms change over the course of the run.
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Figure 5: Proportion of algorithm categories generated over 200 LLM calls, without elitism, for E3
(Exemplar-injection prompts) and E4 (Warm start).

Exemplar-injection prompts show high volatility, which indicates sustained exploration. In the
Warm start configuration without elitism, the proportions are still dynamic. However, they indicate
stronger exploration in the early calls. This difference is still conflated with the larger offspring pool,
as increased exploration may stem from the offspring size rather than the absence of elitism alone.
After the 120th call the proportion of algorithm categories stabilise. While Exemplar-injection
prompts do not clearly converge to a specific algorithm type, Warm start does.

Removing elitism increases the exploration of the different algorithm categories. However this
does not directly lead to an improvement of the fitness. As noted above, there were fewer stable
candidates generated and more inconsistency within the fitness.

Figure 6: Proportion of algorithm categories generated over 200 LLM calls, with elitism, for E3
(Exemplar-injection prompts) and E4 (Warm start).

Figure 6 shows how the proportions of algorithm categories shift with elitism. In comparison
with Figure 5, both E3 and E4 are more stable. This is specifically visible in warm start where the
search quickly converges to a subset of different algorithms by evaluation 50. This shows how the
selection pressure from elitism narrows the exploration and types of algorithms generated. There
is a clear stability-exploration trade-off, most evident in the exemplar-injection configuration as
sustained algorithm diversity came at a cost to fitness consistency.
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Figure 7: Mean CodeBLEU similarity between pairs of algorithm categories, computed across all
generated algorithms.

CodeBLEU is an evaluation metric for generated code that combines n-gram match, abstract
syntax tree (AST) match, and data-flow match [23]. CodeBLEU is used to quantify the structural
similarity between pairs of LLaMEA-generated algorithms, allowing the relationship between code
similarity and fitness difference to be examined. The metric returns a similarity score for algorithm
pairs, between 0 and 1, where values closer to 0 indicate low similarity and values closer to 1
indicate a close match [23]. Additionally, this analysis provides greater context into the algorithm
families that are generated by LLaMEA. Specifically, it indicates whether candidate solutions under
the same family are structurally different. Figure 7 shows the mean CodeBLEU similarity between
each pair of algorithm categories: algorithms within the same category (e.g. ES vs. ES, on the
diagonal) generally show a higher similarity (0.328). While structurally distinct categories such as
MA and PSO show the lowest (0.222). However, because this is an average the difference is less
pronounced, leading to Figure 8.

Figure 8 examines whether structural similarity between two algorithms predicts how different
their fitness is. The within-category all panel (top left) provides the clearest signal: median
fitness difference decreases monotonically from approximately 7× 10−3 at low similarity to below
10−3 at high similarity. The y-axis log scale was used to make the differences more visible. The
unscaled MSE values are provided in Appendix A.2. The trend is clear higher structural similarity
corresponds to substantially smaller fitness gaps. This relationship holds consistently for DE vs ES,
DE vs MA, and ES vs MA, all of which have sufficient sample sizes across the similarity range
to support the trend. The PSO pairs (DE vs PSO, ES vs PSO and MA vs PSO) show a broadly
similar pattern, though data becomes sparse above similarity 0.5, 0.45, 0.5 respectively. Indicating
that almost all generated algorithms within these categories are structurally different and the
differences between algorithm families are pronounced.

MA vs PSO presents the flattest relationship of all pairs, with median fitness difference remaining
relatively stable across the full similarity range, suggesting that for this specific combination,
structural similarity is less predictive of fitness similarity than for other pairs. ES vs MA panel,
from 0.18 ≤ similarity ≤ 0.32, indicates a shift in trend in comparison to the other figures. The
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Figure 8: CodeBLEU similarity versus absolute fitness difference for each pair of algorithm categories.
Points show individual pairwise comparisons; the red line shows the median, with error bars showing
mean ± one standard deviation. n indicates the number of pairs in each similarity bin.

fitness difference increases gradually plateauing at similarity = 0.32 and then resuming the expected
downward trend. This suggests that in this structural similarity range, ES and MA algorithm pairs
share surface-level code features, that do not result in similar fitness values. DE vs ES and DE vs
MA show a directly comparable monotonic trend as observed in the Within-category all panel.

The CodeBLEU results complement the above Figures 4, 3, as we can compare fitness
distributions per algorithm category and the structural differences observed. The fitness distributions
for ES, PSO, and MA are broadly similar and have comparable median values. CodeBLEU analysis
confirms that even distinct algorithms within those categories do not consistently achieve different
fitness outcomes. Although the generated algorithms have clear structural differences, these
differences do not correspond to significant fitness variations between these algorithm families.
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5.2 Comparison of Prompting Configurations

Figure 9: Fitness over time (improvement over the KMeans++ baseline) for each prompt configu-
ration, with elitism, over 200 evaluations.

Figure 9 compares the fitness over time of each prompting configuration. It indicates how the fitness
changes for each of these experimental setups. As seen in Section 4.2.2, the fitness is calculated as
improvement over the KMeans++ baseline. Therefore values closer to 0 indicate better performance.
All ¬D configurations perform better than their counterparts. It is a counterintuitive result, as we
expected that providing the LLM descriptions of clustering landscape features would improve the
result. However, including D seems to have constrained the generations to prioritise those specific
properties. The IQR values of the domain lines (E2, E5 and E6) are wider, indicating wider variance.
Hence the LLM is attempting to find more diverse solutions, but due to the specificity of the task
prompt provided. It is unable to achieve meaningful improvement over the ¬D configurations.

The advantage of Warm start is evident with E4 consistently outperforming the other config-
urations from evaluation 30 onwards. The IQR range is lower, so after reaching a proportion of
high performing algorithms it limits its exploration. The IQR range of exemplar-injection prompts
E3 is significantly higher compared to E4. This was also evident from the IQR ranges in 4, where
exemplar-injection prompts demonstrated higher exploration. The overall median of E3 is around
-0.008 while E4 achieves a fitness of around -0.006. It should be noted that there is very minimal
difference between configurations. Although, some performance comparisons can be made. More
than 5 runs are necessary to identify significant patterns.
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(a) E1–E4: Main configurations (b) Effect of elitism in E3 & E4

Figure 10: Pairwise Cliff’s delta effect sizes comparing main configurations and elitism. Positive
values indicate that the row configuration outperforms the column configuration.

Figure 10 provides a comparison between the different configurations using Cliff’s delta. Be-
yond the convergence curve that demonstrates performance over time, Cliff’s delta quantifies the
magnitude of pairwise differences. It measures the probability that one configuration outperforms
another. The left heatmap compares E1-E4, which were shown in Figure 9. The reported effect
sizes demonstrated that the different prompting strategies affected performance. Specifically warm
start and exemplar-injection prompts produced meaningful differences. The performance of E4
measurably outperformed E2, with a large effect size 0.70. By contrast, the comparison between E3
and E1 yielded a negligible effect, indicating that, despite the visible separation in the convergence
plot, the exemplar-injection prompt alone was not sufficient to produce a discernible difference
from the ¬D baseline once aggregated across all problems. E4 also outperformed E1 (0.35, medium
effect), though this margin was smaller than the effect of E4 over E3 (0.42, medium effect). This
suggests that the warm start configuration’s advantage was more pronounced relative to the
exemplar-injection configuration than relative to the ¬D baseline strategy.

The right heatmap compares the elitism configurations and the impact of preserving the best-
found solutions across generations. While direct comparison between elitism and without elitism
configurations is limited, the results can be used as an indication of how performance changes
without elitism alongside an increase in offspring. The without elitism configurations consistently
delivered worse performance than their with elitism counterparts. Following the trend, ‘E3 +
El’ performed worse than ‘E4 + El’, which is also visible in the fitness graph. One notable
exception to this overall pattern was ‘E3 w/o El’, which showed better performance than ‘E4
w/o El’. This reversal can be explained by the differing roles elitism plays for each prompting
strategy. The advantage of warm start depends on that initial seeded solution being preserved
across generations. Without elitism, the favourable seeded candidates can be lost, causing E4 to
suffer disproportionately. The exemplar-injection configuration (E3), by contrast, does not solely
rely on the parent solutions, so removing elitism has a comparatively smaller cost and may even
support the exploratory diversity that the exemplar-injection prompt is designed to encourage.
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The results indicate that elitism is beneficial, particularly for warm start. However the without
elitism comparison should not be interpreted as isolating the effect of elitism alone. As the observed
differences reflect the combined effect of selection strategy and offspring-size adjustment.

5.3 Comparison of candidates with Baselines

Figure 11 shows the convergence of the best algorithm against the CMA-ES and KMeans++
baselines over 5000 function evaluations. The choice of best algorithm was based on the algorithm
with the highest recorded fitness from all 5 runs of a prompting configuration. This comparison
differs from Section 5.2 in two important ways. First, where Section 5.2 reported the aggregated
LLaMEA fitness metric: the mean improvement over KMeans++ across the evaluation trajectory,
Figure 11 shows the median MSE improvement of a single best discovered algorithm evaluated
over 5000 function evaluations. Second, rather than averaging across all 200 generated candidates,
we isolate the ceiling performance of each configuration by selecting the single best algorithm it
produced.

Figure 11: Convergence of the best LLaMEA generated algorithm per configuration compared to
CMA-ES and the KMeans++ baseline. Measured across all function IDs and dimensionalities with
5000 evaluations.

Notably, the two algorithms domain knowledge algorithms (E2, E6) converge to a higher median
fitness than compared to E3 and E4. This inverts the observed pattern in Figure 9 to a degree.
The two closest algorithms to the KMeans++ baseline are E6: QuantumAdaptiveLocalSearch and
E2: SpectralClusteringOptimiser, both converge to −0.00001. E6 converges quicker than E2,
however the convergence rate of both ¬D configurations are slower than the best two algorithms
from D configuration. The best ¬D candidate algorithms are E3: AdaptiveESclustering and E4:
AdaptiveLocalSearch, converge to−0.00015 and−0.00011 respectively. E1: ChaoticLocalSearch
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and E5: SymmetricCMAES are the weakest individual candidates, with their Median MSE con-
vergence well below the other configurations. CMA-ES is the only algorithm that reaches the
KMeans++ baseline exactly.

E3 has the most rapid convergence among all configurations, by approximately evaluation
400, after which it shows no further improvement. E4 has the steepest initial improvement and
similar to E3 appears to plateau around evaluation 400, until it starts making incremental stepwise
improvements throughout the remaining budget. Leading to a lower final MSE than E3. Figure 9
demonstrates this as well, E4 achieves a higher median fitness than E3, confirming that warm start
outperforms exemplar injection at both the aggregate and individual algorithm level.

The difference between LLaMEA configurations and the individual algorithms is meaningful.
D configurations produced higher aggregate variance in Section 5.2, so the majority of generated
algorithms performed poorly. The ¬D configurations were more consistent overall. Domain
knowledge therefore acts as a high variance strategy, constraining most generations but enabling a
small set of candidates to be better suited to clustering problems.

Figure 12: Zoomed convergence near the KMeans++ baseline, showing the four closest algorithms
(E2, E3, E4, and E6) along with CMA-ES.

Figure 12 shows the same comparison but zoomed in near the baseline. It confirms that the
gap between the best LLaMEA generated algorithm and the KMeans++ baseline is substantially
smaller than the aggregate fitness reported by Figure 9. The four best algorithms all converge
within the 10−4 range of the baseline, with E6 and E2 reaching the range of a 10−5 difference.
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Figure 13: Best final MSE achieved by the best overall LLaMEA-generated algorithm (Quantu-
mAdaptiveLocalSearch, E6: Domain + Warm start) and CMA-ES. Showing the difference between
the two, across FIDs (1–10) and all dimensions.

Figure 13 provides a per-function and per-dimension breakdown comparing the best LLaMEA
algorithm overall. While both E2 and E6 had the same final median MSE improvement, E6 was
selected due to the quicker convergence. All ∆MSE values are negative, indicating that E6 did not
improve upon the CMA-ES value in any of the benchmark functions. However, the distribution of
the gap reveals important structure. At dimensions 4 and 6, the ∆MSE values are negligible for
almost all functions, with several cells rounding to −0.00000, indicating near identical performance
between E6 and CMA-ES at lower dimensions. There is an exception in F1 at dimension 6, which
shows a notably larger gap of −0.00202, the largest single difference in the panel and a clear outlier
relative to all surrounding cells.

This outlier suggests that F1 at k = 3 presents a landscape where CMA-ES’s adaptive covariance
mechanism provides a meaningful advantage that E6 does not replicate. At dimensions 10 and 20,
differences become larger and more consistent across functions, with ∆MSE values in the range
−0.00045 to −0.00121 at dimension 20. These differences indicate that as the size of the search
space increases with dimension, CMA-ES’s ability to adapt its search distribution to the landscape
geometry provides an advantage over the generated candidate.

Configuration and algorithm Best run Median Spread Best/Median

E1: ChaoticLocalSearch −0.002368 −0.003379 0.001709 0.70×
E2: SpectralClusteringOptimizer −0.000044 −0.000066 0.000085 0.67×
E3: AdaptiveESClustering −0.000585 −0.000810 0.000606 0.72×
E4: AdaptiveLocalSearch −0.000788 −0.001114 0.000508 0.71×
E5: SymmetricCMAES −0.003415 −0.003992 0.001282 0.86×
E6: QuantumAdaptiveLocalSearch −0.000012 −0.000033 0.000088 0.35×

Table 2: Variability of the best algorithm per configuration, evaluated across 25 runs across FID
and dimensions.

Table 2 provides additional context on run-level variability. E6 achieves the best single run
(−0.000012) and lowest median (−0.000033) of all configurations. Its spread is also very small
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(0.000088), comparable to E2 (0.000085), indicating that the D configurations are relatively stable
across seeds.

Additionally this table provides a possible explanation for why the median fitness recorded by
LLaMEA in Figure 9 was so low for these configurations. The fitnesses recorded by LLaMEA for
each algorithm are provided in Appendix A.5.2. LLaMEA evaluates fitness as improvement over
KMeans++ across the evaluation budget, rather than only by the final best MSE. Therefore, an
algorithm that starts close to its final value, or improves only marginally during the evaluation
trajectory, can receive a low fitness even if its final performance is relatively strong. The low spread
observed for the best candidates of E2 and E6 may indicate that these algorithms have limited
room for improvement over the budget. This could help explain why configurations with strong
final MSE can still receive low LLaMEA fitness values. However, this conclusion is based only on
the selected best algorithm from each configuration. A broader analysis of the algorithms generated
within E2 and E6 would be required to determine if a lower spread is a general property of these
configurations rather than a feature of the current selected candidate. A further possibility is
that the selected best algorithms are outliers relative to the broader set of generated candidates,
so these results should be interpreted as a diagnostic rather than as a definitive explanation. In
Appendix A.5.1, the median and worst algorithms from the four best configurations (E2, E3, E4,
E6) were plotted alongside CMA-ES and the KMeans++ baseline, providing a broader comparison.

5.4 The Impact of Domain Knowledge

5.4.1 Generalisability

The algorithm with the best overall fitness was selected and then evaluated on new instances of the
training set, and the test set. Figures 14 and 15 report the median MSE achieved by configurations
with (D) and without domain knowledge (¬D). For the training function IDs (Figure 14), the ∆
MSE values are predominantly negative. Indicating that the ¬D configurations (E1, E3, E4) tend
to perform better. The largest differences were concentrated at dimension 4.

For the test FIDs (Figure 15), the pattern is less consistent: the sign of ∆ MSE varies across (FID,
k) with smaller differences overall. There is a shift here, as the majority of the D perform better
than ¬D. Suggesting that the identification of landscape properties may improve generalisability
on unseen test instances. Section 5.4.2 will assess whether the differences between configurations
are statistically reliable.
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Figure 14: Median MSE achieved by the best generated algorithm. Combined runs from ¬D (E1,
E3, E4) and D (E2, E5, E6), and their difference, across training FIDs (1–8) and all dimensions.

Figure 15: Median MSE achieved by the best generated algorithm. Combined runs from ¬D (E1,
E3, E4) and D (E2, E5, E6), and their difference, across test FIDs (9–10) and all dimensions.

5.4.2 Significance of Domain Knowledge

The effect of domain knowledge was assessed at two levels: the prompting configuration level and
the candidate algorithm level. The prompting configuration level, discussed in Section 5.2, concerns
the fitness value assigned by LLaMEA during the evaluation loop. The candidate algorithm level,
as seen in Section 5.3, uses the best generated algorithm per configuration and evaluates them on
the benchmark (recorded as MSE improvement).

Level n W p rrb
Prompting configuration 15 pairs 18.0 0.0151∗ +0.70
Candidate algorithm 120 pairs 2948.0 0.0741 −0.19

Table 3: Wilcoxon signed-rank tests for the effect of domain knowledge at two levels of analysis
Prompting configuration level and Candidate algorithm level. Significance levels: ∗p < 0.05.

Across both analyses the paired differences are defined as ∆ = fwithout− fwith, so positive values
indicate that the configuration ¬D achieved higher fitness.

Prompting Configuration Level. The best fitness attained over 15 matched runs of D and
¬D was compared using a Wilcoxon signed-rank test. The test showed a statistically significant
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difference between the matched conditions, with W = 18.0, p = 0.0151, and a rank-biserial
correlation of rrb = +0.70. The rrb value shows a large effect size indicating that ¬D configurations
consistently had higher fitness than D configurations.

Pair n Median ∆ 95% CI ¬D Wins D Wins
E1-E2 5 +0.0025 [-0.0012, +0.0041] 3 2
E3-E5 5 +0.0012 [-0.0072, +0.0043] 4 1
E4-E6 5 +0.1598 [-0.0010, +0.1690] 4 1
Overall 15 +0.0025 [-0.0001, +0.0043] 11 4

Table 4: Prompting Configuration: Paired run-level differences in best fitness between matched
configurations with domain knowledge (D) and without domain knowledge (¬D). ‘¬D Wins’
records the instances of no domain knowledge being better than domain knowledge, and vice versa
for ‘D Wins’. Differences are computed as ∆ = fwithout − fwith, so positive values indicate higher
best fitness without domain knowledge.

As shown in Table 4, 11 of the 15 paired runs favoured the configurations ¬D, while 4 favoured
those with D. The overall median paired difference was small but positive, ∆ = +0.0025. However,
this result should not be interpreted as a uniform effect across configurations.

The median difference for the E1-E2 and E3-E5 comparisons (favouring ¬D) are smaller. The
strongest contribution to the Wilcoxon result comes from the E4-E6 pair (Median ∆ = +0.1598).

These findings indicate that domain knowledge did not reliably improve fitness over 15 LLaMEA
runs. The significant Wilcoxon result reflects a genuine difference in the warm start pairing
specifically, rather than a consistent advantage of ¬D across all strategies. This is supported in the
aggregated analysis of different configurations in Section 5.2, where ¬D configurations produced
higher consistent median fitness.

Candidate Algorithm Level. Taking the best algorithms per configuration and evaluating
them on the clustering benchmarks. A paired Wilcoxon signed-rank test was applied to the median
MSE improvement across all 120 matched pairs (3 configuration × 10 FID × 4 dimensions).
This test yielded W = 2948.0, p = 0.0741, rrb = −0.19 (small effect), indicating no statistically
significant effect of domain knowledge at an algorithm level. The negative sign of rrb indicates a
weak directional tendency favouring D, in contrast to the prompting configuration result which
significantly favoured ¬D.

Pair n Median ∆ ¬D Wins D Wins Direction

E1-E2 40 −0.003230 0 40 Domain wins all
E3-E5 40 +0.002917 40 0 No-domain wins all
E4-E6 40 −0.000954 1 39 Domain wins mostly

Overall 120 −0.000689 41 79 Domain wins overall

Table 5: Candidate Algorithm: Paired differences in median MSE improvement. The complete
reversal of direction for the exemplar-injection pair E3-E5, explaining the non-significant aggregate
Wilcoxon result (p = 0.0741). Differences are computed as ∆ = fwithout − fwith, so positive values
indicate higher best fitness for ¬D.

As shown in Table 5, 79 of 120 pairs favoured the D configuration. In this case the Wilcoxon
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test is influenced by the E3-E5 comparison. The overall median paired difference was small but
negative, ∆ = −0.000689. The E1-E2 and E4-E6 pairings strongly favoured the D configuration,
while the E3-E5 pair showed the exact opposite trend (favouring ¬D).

The results do not support a robust performance benefit from D at the prompting configuration
level. Since the ¬D configuration significantly attained higher LLaMEA fitness. At the candidate
algorithm level this is less clear. The algorithms generated by D configurations won 79 of 120
comparisons. However, this trend did not reach statistical significance (p = 0.0741) and should be
treated as inconclusive instead of evidence of a D benefit. These results suggest that the provision
of domain knowledge does not improve fitness at the prompting configuration level, but more
candidate level comparisons are required before drawing a firm conclusion.

5.5 Performance of Qwen3.6:35b

As a final exploratory check, the best four experimental configurations (E1-E4) were additionally run
once using qwen3.6:35b, a larger and more recent model than qwen3-coder:30b. The motivation
for this test was to determine whether a larger newer model would produce improved fitness relative
to the KMeans++ baseline.

As shown in Figure 16, the results did not support this assumption. Across all configurations
and (FID, k) combinations, the results closely follow the patterns already observed (Section 2.1.3).
There is no evidence in these results of an improvement attributable to the larger model.

Given that this test was conducted with a single run per configuration, these results should be
treated as a preliminary finding. Nonetheless, the absence of any visible improvement suggests that
the performance ceiling observed across configurations in this thesis is unlikely to be attributed
to model size. Investigating this with a larger language model was nonetheless a useful check. It
indicates that the gap to CMA-ES is more likely attributable to the prompts used or the limited
budget and runs.

Figure 16: Recorded performance of Qwen3.6:35b across benchmark functions and experimental
configurations. Rows correspond to FIDs and columns combine the experimental configuration
(E1-E4).
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6 Conclusions and Further Research

This thesis investigated the performance of metaheuristics generated by the LLaMEA framework
on clustering problem benchmarks [31]. Six prompting configurations (E1-E6) were evaluated,
varying the provision of D, exemplar-injection and warm start. The best candidate algorithms
generated by each configuration were selected and compared against the CMA-ES and KMeans++
baselines. While LLaMEA was able to generate optimisers that approach the KMeans++ baseline,
none of them improved upon the baselines. The CMA-ES baseline remained the strongest method
especially when the dimensionality of the problem increased.

At the prompting configuration level, none of the LLaMEA configurations reached the KMeans++
baseline. Since LLaMEA fitness was computed as improvement over KMeans++ over the LLaMEA
budget, values closer to zero indicate better performance, and no configuration attained a median
value of zero. Warm start without domain knowledge (¬D) was the strongest performing configura-
tion, attaining the highest median fitness. This was also supported by the Cliff Delta analysis, where
E4 showed the largest positive effect size. This demonstrates that seeding the initial population
with example algorithms led to faster convergence than the other two strategies. However, the
individual candidate level analysis diverged from this result. When the best algorithm of each
configuration was evaluated, the convergence was within a 10−4 range of KMeans++ and CMA-ES.
The best overall candidate was from the E6 configuration, achieved near identical performance
to CMA-ES in low dimensionality cases. Nevertheless, CMA-ES remained better across the full
benchmark, with the gap becoming more consistent at higher dimensions.

This answers RQ1 1.1 by showing that prompting strategy affects the fitness attained by
LLaMEA, but that none of the generated candidates improved upon the KMeans++ or CMA-ES
baselines. Warm start achieved the strongest aggregate configuration-level performance, while the
best individual candidates approached the KMeans++ baseline more closely than the aggregate
fitness values alone suggested.

The analysis of algorithm categories showed that the warm start and exemplar-injection
successfully influenced the types of algorithms generated. Exemplar-injection sustained high
diversity in the algorithm categories generated throughout the run and did not converge to a
dominant type. Whereas warm start converged to a stable subset of categories by approximately
evaluation 120–150. The greater diversity of exemplar-injection did not translate into higher fitness:
warm start consistently achieved higher median fitness at both the configuration and candidate
level. Narrowing down to the distribution per category, there were limited differences between the
median fitness of each category in E3 and E4. The main difference was that the outliers in E4 were
mitigated with elitism, which seems to have improved performance. The without elitism ablation
(with differing offspring population size) enabled E3 to perform better. The CodeBLEU analysis
revealed that structural similarity between generated algorithms was a reliable predictor of fitness
similarity for most category pairs. The fitness difference decreased monotonically as the similarity
of the code increased. Notably, several algorithm categories: MA, SA, and ES, emerged during
evaluation without being explicitly provided as examples in the prompting strategy. LLaMEA was
able to generate algorithm families beyond those provided directly.

This answers RQ2 1.1 by showing that prompting strategy, elitism, and algorithmic structure
all affected the types of algorithms generated by LLaMEA. Exemplar-injection encouraged the
most exploration, at a cost to overall fitness. The CodeBLEU and fitness-distribution analyses
showed that differing categories could still achieve similar fitness values.
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The role of domain knowledge proved to be more limited than initially expected. At the
prompting configuration level, a paired Wilcoxon test found that ¬D configurations significantly
attained higher LLaMEA fitness (W = 18.0, p = 0.0151, rrb = +0.70), driven primarily by the
warm start pairing (E4, E6). One plausible explanation is that providing explicit descriptions of
clustering landscape properties constrained the LLM’s exploration toward those specific properties,
reducing the diversity of generated candidates without improving their quality. At the candidate-
algorithm level, however, this advantage reversed: D algorithms won 79 of 120 paired comparisons,
but this tendency was not statistically significant (p = 0.0741). This was partially supported by
the generalisability analysis, where D configurations showed a more favourable pattern on the
test set than on training instances. However, this distinction was neither large nor consistent
enough to draw a firm conclusion. This answers RQ3 1.1 by showing that domain knowledge had
a mixed effect under the current experimental design. At the prompting-configuration level and
candidate-algorithm level, the performance of ¬D and D differed. Domain knowledge influences the
type of algorithms LLaMEA selects without reliably improving benchmark performance; further
research is needed to prove the impact on performance.

The exploratory comparison with Qwen3.6:35b indicated that the factor limiting performance
(in comparison to CMA-ES or KMeans++) is unlikely to be due to the model’s size. This is because
substituting a larger, newer model produced no visible improvement.

Limitations. The most significant limitation of this work is the number of runs available per
configuration. With five runs per configuration for the main experiments, and a single run for
the Qwen3.6:35b comparison, the statistical power available to detect genuine differences between
configurations was limited throughout this thesis. This is reflected in several observed effects that
were too small or too inconsistent to be treated as reliable. The five run design used here should be
understood as a preliminary evaluation rather than a definitive assessment of performance. Future
work should prioritise increasing the number of runs per configuration.

A second limitation concerns the evaluation budget allocated to each LLaMEA run. The
comparison with CMA-ES showed that LLaMEA’s improvement trajectory plateaus well before
CMA-ES’s. A possibility is that our budget was too low for LLaMEA to fully exploit its search
process. Future work should investigate whether increasing the evaluation budget allows LLaMEA
to improve upon the two baselines.

A third limitation concerns the elitism ablation. The comparison between elitism and without-
elitism configurations does not isolate the effect of elitism alone, because the without-elitism
condition also increased the offspring pool. As a result, the observed differences reflect a combined
change in selection pressure and offspring size.These factors can be tested independently by varying
elitism and offspring count independently.

Future research. Beyond increasing the number of runs and the evaluation budget, the most
promising direction suggested by this work would involve ablations of the prompting strategies
themselves. Since the domain knowledge prompts appeared to constrain rather than productively
guide the LLM’s exploration, future work should isolate which specific elements of the domain
knowledge prompt are responsible for this effect. Changing the current LLaMEA fitness calculation,
to test how algorithms with an MSE improvement perform in comparison to evaluating the MSE
improvement over time. A similar approach could be applied to the elitism and selection mechanisms.
As the results showed a clear interaction between configuration and selection mechanism used,
understanding which selection pressures are most compatible with each prompting strategy would
be beneficial.
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A Appendix

A.1 Supplementary Algorithm Category Distributions

Exemplar-injection Prompt with Elitism
Algorithm Category Number of valid algorithms

MA 28
ES 311
PSO 161
DE 496
SA 4

Table 6: Algorithm categories for exemplar-
injection prompt with elitism.

Exemplar-injection Prompt without Elitism
Algorithm Category Number of valid algorithms

MA 301
ES 29
PSO 143
DE 314

Table 7: Algorithm categories for exemplar-
injection prompt without elitism.

Warm start with Elitism
Algorithm Category Number of valid algorithms

MA 394
ES 367
PSO 170
DE 69

Table 8: Algorithm categories for warm start
with elitism.

Warm start without Elitism
Algorithm Category Number of valid algorithms

MA 407
ES 28
PSO 134
DE 411
SA 20

Table 9: Algorithm categories for warm start
without elitism.
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A.2 Supplementary Fitness Scaling Analysis

Figure 17: Unscaled log-fitness distribution used to inspect the effect of scaling on the observed
performance differences between generated algorithms.

A.3 KMeans++ Baselines and Random Walk exploration of landscape

(a) Best MSE value from the KMeans++ Baseline
that was used in the clustering benchmarks [31] across
FIDs and dimensions

(b) Random-walk landscape analysis over FIDs
and dimensions. As a simple ELA inspired ex-
ploratory technique, the random walk provides
a qualitative indication of landscape character-
istics.

Figure 18: Benchmark information used to contextualise the performance of the LLaMEA-generated
clustering optimisers.
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A.4 Supplementary heatmaps comparing candidate to CMA-ES

(a) Best final MSE achieved by the LLaMEA-generated algorithm with middle final performance (Adap-
tiveLocalSearch, E4: Domain + Warm start) and CMA-ES. Showing the difference between the two, across
FIDs (1–10) and all dimensions.

(b) Best final MSE achieved by the LLaMEA-generated algorithm with worst final performance (Symmet-
ricCMAES, E5: Domain + Exemplar-injection) and CMA-ES. Showing the difference between the two,
across FIDs (1–10) and all dimensions.

Figure 19: Comparison between CMA-ES and selected the best-fitness LLaMEA algorithms with
configurations of intermediate (E4) and worst (E5) final performance measured as MSE. These
heatmaps illustrate how the performance gap between CMA-ES and LLaMEA changes across
configurations and across benchmark functions and dimensions.
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A.5 Supplementary Analysis of Best, Median, and Worst Candidates

A.5.1 Convergence of median and worst candidates

(a) Median and worst algorithm (based on fitness) per configuration
(E2, E3, E4, E6) compared against CMA-ES and the KMeans++
baseline over 5000 function evaluations. Only the four closest config-
urations to the baseline are shown.

(b) Zoomed view near the KMeans++ baseline, isolating the median algorithms of E2, E3, E4,
and E6 alongside CMA-ES. The worst and median algorithms of E6 are excluded from the
zoomed view.

Figure 20: Median and worst algorithm convergence per configuration, included to assess whether
the strong best-algorithm performance of domain knowledge configurations (E2, E6) observed in
Figure 11 reflects a consistent property of those configurations. The large spread between the
median and worst algorithms for E2 and E6 seem to indicate the latter. Both D configurations have
medians that perform worse than the ¬D configurations. The only exception being ‘E2:Median
Algorithm’ that performs equally, but has a rather slow convergence rate initially.
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A.5.2 Table of Fitness-selected candidates

Config Fitness Position Algorithm Fitness

E1 (¬D) Best ChaoticLocalSearch -0.004464

E2 (D) Worst DiversifyingLocalSearch -0.055183
Median SymmetryAwareHybridClustering -0.012321
Best SpectralClusteringOptimizer -0.004379

E3 (¬D) Worst ES DC LS -0.042677
Median AdaptiveMultiSwarmClustering -0.010581
Best AdaptiveESClustering -0.004475

E4 (¬D ) Worst QuantumClusteringOptimizer -0.256416
Median AdaptiveClusteringWithProgressiveExpansion -0.009235
Best AdaptiveLocalSearch -0.002583

E5 (D) Best SymmetricCMAES -0.002939

E6 (D) Worst AdaptiveHybridUMDA -0.204114
Median UMDAWithAdaptiveConvergenceMechanism -0.177526
Best QuantumAdaptiveLocalSearch -0.005679

Table 10: Supplementary fitness-selected candidates used to contextualise the convergence behaviour
of the generated algorithms. The best candidates, highlighted in bold, correspond to the algorithms
analysed in Section 5.3. The middle and worst candidates are reported for E2, E3, E4, and E6
because these are the four configurations shown in the supplementary convergence analysis in
Figure 20.

A.6 Experimental Configuration Prompts

A.6.1 E1: No Domain Knowledge

1 self.task_prompt = "You are designing a black -box optimization algorithm for an

IOH clustering problem (minimizing MSE).

2

3 INTERFACE:

4 - Implement a class with __init__(self , budget , dim=None , seed=None) and

__call__(self , func)

5 - func(x) evaluates a 1D NumPy float64 array and returns a Python float MSE

(lower is better)

6 - Infer dim from len(func.bounds.lb). Enforce bounds with np.clip(x, func.

bounds.lb , func.bounds.ub)

7 - Do NOT instantiate the problem yourself. Never call func(x) after budget

is exhausted

8 - Use // or int (...) for any integer. Before reshape , verify compatibility

with x.size

9

10 return (f_opt , x_opt)"

Listing 1: Task prompt provided in the IOHClusteringAdapter. E1 the without domain knowledge
configuration.
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A.6.2 E2: Domain Knowledge

1 self.task_prompt = "You are designing a black -box optimization algorithm for an

IOH clustering problem (minimizing MSE).

2

3 INTERFACE:

4 - Implement a class with __init__(self , budget , dim=None , seed=None) and

__call__(self , func)

5 - func(x) evaluates a 1D NumPy float64 array and returns a Python float MSE

(lower is better)

6 - Infer dim from len(func.bounds.lb). Enforce bounds with np.clip(x, func.

bounds.lb , func.bounds.ub)

7 - Do NOT instantiate the problem yourself. Never call func(x) after budget

is exhausted

8 - Use // or int (...) for any integer. Before reshape , verify compatibility

with x.size

9

10 PROBLEM CHARACTERISTICS:

11 - The search space is a flat vector of concatenated cluster centroids

12 - The landscape contains many equivalent optima due to centroid permutation

symmetry

13 - Large neutral plateaus make naive local search ineffective escaping them

requires active diversity or perturbation

14 - Good solutions tend to cluster in narrow , curved valleys that reward both

exploration and precision

15

16 return (f_opt , x_opt)"

Listing 2: Task prompt provided in the IOHClusteringAdapter. E2 the With Domain Knowledge
Configuration.

A.6.3 E3 and E5: Exemplar-injection Prompt Configurations

1 self.task_prompt = "You are designing an optimization algorithm for an IOH

clustering problem (minimizing MSE).

2

3 INTERFACE:

4 - __call__(self , func): optimize by calling func(x) to evaluate solutions.

5 - func(x) returns MSE as a Python float (lower is better).

6 - Do NOT create your own problem instance or use a proxy objective.

7 - Infer dim from len(func.bounds.lb) inside __call__ rather than __init__.

8 - Accept dim as an optional __init__ argument for compatibility but do not

require it.

9

10 PROBLEM STRUCTURE:

11 - x is a flattened array of k centroids. Permutation symmetry means

relabelling clusters gives identical MSE. Small perturbations frequently

produce no MSE change (neutral regions).

12

13 ALGORITHM DESIGN:

14 - Draw from population -based (EA , PSO , DE), distribution -based (EDA , UMDA),

or hybrid approaches.
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15 - Include at least 3 of: adaptive parameters , restart/multistart , archive/

elitism , diversity preservation , budget -phase scheduling , symmetry -aware or

neutral -escape operators."

16

17 self.mutation_prompts = [Example algorithms provided consist of - RandomSearch ,

NeighborhoodAdaptiveDE , ParticleSwarmOptimiser , UMDA , GreedyHillClimber]

Listing 3: Task prompt and exemplar-injection prompt examples used for the exemplar-injection
prompt configurations. E3 excludes domain knowledge, whereas E5 includes domain knowledge.

A.6.4 E4 and E6: Warm-Start Configurations

1

2 example_prompts = [‘‘‘The same examples are initialised in self.mutation_prompt

in E3 , the only difference is that GreedyHillClimber was excluded from our

set of n_parents = 4‘‘‘]

3

4

5 method = LLaMEA(

6 llm ,

7 budget =100,

8 name="LLaMEA",

9 n_parents =4,

10 example_prompts = example_prompts ,

11 n_offspring =8,

12 elitism=True ,

13 minimization=False ,

14 )

15

16 problem = IOHClusteringProblemAdapter(

17 training_instances=train_instances ,

18 test_instances=test_instances ,

19 name="CLUSTERING",

20 base_budget =25,

21 budget_scale_with_dim=True ,

22 eval_timeout =120,

23 full_ioh_log=False ,

24 ioh_dir="", # or "ioh_logs"

25 )

26

27 experiment = Experiment(

28 methods=method ,

29 problems=problem ,

30 runs=1,

31 show_stdout=True , # note: LLaMEA redirects stdout internally; your

debug_eval.log is the truth

32 exp_logger=logger ,

33 budget =140, # IMPORTANT: must be >= LLaMEA_method.budget , ideally

a bit higher

34 )

Listing 4: LLaMEA setup used for the warm-start configurations. E4 excludes domain knowledge,
whereas E6 includes domain knowledge.
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1 self.task_prompt = "You are designing a black -box optimization algorithm for an

IOH clustering problem (minimizing MSE).

2

3 INTERFACE:

4 - Implement a class with __init__(self , budget , dim=None , seed=None) and

__call__(self , func)

5 - func(x) evaluates a 1D NumPy float64 array and returns a Python float MSE

(lower is better)

6 - Infer dim from len(func.bounds.lb). Enforce bounds with np.clip(x, func.

bounds.lb , func.bounds.ub)

7 - Do NOT instantiate the problem yourself. Never call func(x) after budget

is exhausted

8 - Use // or int (...) for any integer. Before reshape , verify compatibility

with x.size

9

10 PROBLEM CHARACTERISTICS:

11 - The search space is a flat vector of concatenated cluster centroids

12 - The landscape contains many equivalent optima due to centroid permutation

symmetry

13 - Large neutral plateaus make naive local search ineffective escaping them

requires active diversity or perturbation

14 - Good solutions tend to cluster in narrow , curved valleys that reward both

exploration and precision

15

16 return (f_opt , x_opt)"

Listing 5: Task prompt provided in the IOHClusteringAdapter. 4 excludes domain knowledge

37


	Introduction
	Research Questions
	Thesis overview

	Background
	Clustering Problems
	Definition
	Landscape Properties
	Replication Study

	Metaheuristics
	LLaMEA

	Related Work
	Automatic Algorithm Design
	Automatic Algorithm Analysis

	Methodology
	Experimental Setup
	Clustering Adapter
	Prompt Construction and algorithm generation
	Evaluation Function

	Configuration of Prompting Strategy

	Experiments
	Algorithm Categories
	Comparison of Prompting Configurations
	Comparison of candidates with Baselines
	The Impact of Domain Knowledge
	Generalisability
	Significance of Domain Knowledge

	Performance of Qwen3.6:35b

	Conclusions and Further Research
	References
	Appendix
	Supplementary Algorithm Category Distributions
	Supplementary Fitness Scaling Analysis
	KMeans++ Baselines and Random Walk exploration of landscape
	Supplementary heatmaps comparing candidate to CMA-ES
	Supplementary Analysis of Best, Median, and Worst Candidates
	Convergence of median and worst candidates
	Table of Fitness-selected candidates

	Experimental Configuration Prompts
	E1: No Domain Knowledge
	E2: Domain Knowledge
	E3 and E5: Exemplar-injection Prompt Configurations
	E4 and E6: Warm-Start Configurations



