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Figure 1: Abstract representation of the BLADE framework for benchmarking LLM-driven Automated Algorithm Discovery for

continuous black-box optimisation.

Abstract

The application of Large Language Models (LLMs) for Automated
Algorithm Discovery (AAD), particularly for optimisation heuris-
tics, is an emerging field of research. This emergence necessitates
robust, standardised benchmarking practices to rigorously evalu-
ate the capabilities and limitations of LLM-driven AAD methods
and the resulting generated algorithms, especially given the opac-
ity of their design process and known issues with existing bench-
marks. To address this need, we introduce BLADE (Benchmark
suite for LLM-driven Automated Design and Evolution), a modular
and extensible framework specifically designed for benchmarking
LLM-driven AAD methods in a continuous black-box optimisation

This work is licensed under a Creative Commons Attribution 4.0 International License.
GECCO ’25 Companion, July 14-18, 2025, Malaga, Spain

© 2025 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-1464-1/2025/07

https://doi.org/10.1145/3712255.3734347

2336

context. BLADE integrates collections of benchmark problems (in-
cluding MA-BBOB and SBOX-COST among others) with instance
generators and textual descriptions aimed at capability-focused
testing, such as generalisation, specialisation and information ex-
ploitation. It offers flexible experimental setup options, standardised
logging for reproducibility and fair comparison, incorporates meth-
ods for analysing the AAD process (e.g., Code Evolution Graphs
and various visualisation approaches) and facilitates comparison
against human-designed baselines through integration with estab-
lished tools like IOHanalyser and IOHexplainer. BLADE provides
an ‘out-of-the-box’ solution to systematically evaluate LLM-driven
AAD approaches. The framework is demonstrated through two dis-
tinct use cases exploring mutation prompt strategies and function
specialisation.

CCS Concepts

» Theory of computation — Design and analysis of algo-
rithms; Optimization with randomized search heuristics;
Continuous optimization; Evolutionary algorithms; « Computing
methodologies — Heuristic function construction.
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1 Introduction

Large Language Models (LLMs) are increasingly being used as au-
tomated algorithm designers in optimisation [15]. In this emerging
paradigm, an LLM’s knowledge and reasoning ability are com-
bined with traditional optimisation frameworks to discover new
algorithms or improve existing ones. Recent studies have rapidly
proliferated, showing that LLMs can serve as algorithm generators
for various optimisation tasks [14, 16, 23, 24, 27].

This field has become known as automatic algorithm discovery
(AAD), whose goal is to have LLMs propose heuristic strategies
or (snippets of) executable code for solving optimisation problems
with minimal human input. It is widely accepted that the perfor-
mance of optimisation algorithms depends on the optimisation
problem, or, in other words, algorithms specialise on certain prob-
lem classes, following the result widely known as the No Free
Lunch theorem [37]. Establishing the strengths and weaknesses of
algorithms is a task of benchmarking, which has become a non-
negotiable step in modern algorithm development, underpinned by
established best practices [2, 18]. More specifically, benchmarking
encompasses a systematic evaluation of algorithm performance on
a curated set of problem instances, using defined metrics to assess
and compare efficiency, accuracy and robustness across varying
conditions or landscapes. Benchmarking becomes even more criti-
cal for automatically discovered algorithms, whose construction is
opaque and often defies intuitive explanation.

It is essential to judiciously select the optimisation problems
included in a benchmarking suite, as they must reflect the intended
objectives of benchmarking: they should be numerous—without
rendering the effort impractical—and offer sufficient diversity within
the problem class targeted by the algorithm. A similar rationale ap-
plies to the selection of performance measures, which should align
with the benchmarking objectives. For this reason, a benchmarking
framework with a modular design is advisable, enabling compo-
nents such as problem sets and performance measures to be easily
swapped in or out depending on the goals of each experiment.

Unfortunately, concepts such as diversity and class of problems,
which are essential for defining benchmarking setups in practice,
remain elusive when it comes to rigorous formalisation. Neverthe-
less, researchers continue to invest considerable effort in this active
area. Providing flexible tools that facilitate easy experimentation
with benchmarking setups is therefore highly beneficial.

In this paper, we propose BLADE: Benchmark suite for LLM-
driven Automated Design and Evolution of iterative opti-
misation heuristics, which serves the purpose. An overview of
BLADE is presented in Figure 1. As demonstrated throughout the
paper, BLADE includes:
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(1) several collections of single-objective continuous optimisa-
tion problems with instance generation mechanisms, which
are aimed at studying capabilities of algorithms such as, e.g.,
generalisation over problem instances and dimensionalities,
levels of specialisation and efficiency of domain knowledge
integration;

(2) flexible specification of benchmarking setup used inside

AAD, such as, e.g., run budgets, number of runs and in-

stances used for training and testing (allowing to evolve the

algorithm on one set of problem instances and then test on

a novel instance to truly assess generalisation);

a standardized interface to connect with many different

LLMs and postprocess the generated output to get code and

descriptions of solutions;

methods for the analysis of the results of the algorithm dis-

covery process, such as, e.g., Code Evolution graphs [28] and

ELO ratings [1];

methods for performance comparison of discovered algo-

rithms against human-designed or other specified algorithms

via native integration with tools like IOHanalyser [36] and

IOHxplainer [30].

—
ol
=

Thanks to BLADE’s modular design, all these components can
be readily extended. At the same time, BLADE works ‘out-of-the-
box’, using loggers that record all necessary information by default,
which is then passed to the specified AAD and evolutionary com-
putation benchmarking analysis tools. The current focus on contin-
uous black-box optimisation stems both from our prior expertise
and from a clear gap in the existing literature.

This paper is organised as follows: Section 2 summarises rele-
vant related work, Section 3 outlines full paper methodology, Sec-
tion 4 discusses two use-cases selected to demonstrate the usage
of BLADE, Section 5 provides a reproducibility and transparency
statement and Section 6 concludes with final remarks and future
directions.

2 Related work

From ASto AAD to AAD benchmarking. Automatic algorithm discov-
ery is rooted in algorithm selection (AS) approaches, which initially
aimed to identify well-performing algorithms from a given portfolio
of (parameterised) algorithms for a specific problem instance. Tra-
ditional approaches to AS relied on performance prediction models,
often informed by exploratory landscape features and used tools
such as irace [20] and SMAC [13]. The introduction of modular
frameworks such as modular CMA-ES (modCMA) [4] and modular
Differential Evolution (modDE) [31] extended these methods by
enabling fine-grained configuration of algorithmic components.

While these tools significantly advanced the state of the art, they
still required substantial expert input, both in defining the portfolio
of candidate algorithms and in engineering suitable instance fea-
tures. With the advent of powerful Large Language Models, the field
has begun shifting from selecting among pre-existing algorithms
to automatically generating novel algorithms—an approach now
commonly referred to as Automatic Algorithm Discovery.

In this emerging paradigm, LLMs are prompted to propose al-
gorithmic strategies, often expressed as pseudocode or directly
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executable code, that are then evaluated using traditional opti-
misation benchmarks. AAD frameworks such as FunSearch [22],

LLaMEA [27] and the Evolution of Heuristics (EoH) framework [14]

exemplify this direction. These systems enable LLMs to iteratively

improve their outputs by incorporating feedback from fitness eval-
uations. The LLaMEA framework, in particular, has seen several re-
cent extensions, including variants that incorporate hyper-parameter
optimisation [29], mutation control [38] and real-world problem

specialisation [39].

A significant body of novel research on AAD [15] brought the
need for a platform facilitating algorithm discovery using large
language models. LLM4AD [16] has thus been proposed as a broad
modular meta-framework designed to support the general develop-
ment of LLM-driven algorithm discovery methods in a standardised
evaluation environment. LLM4AD is primarily focused on combi-
natorial optimisation and is in its early development stage.

Issues with existing benchmarking setups. The de-facto standard
for continuous optimisation is the BBOB (Black-Box optimisation
Benchmark) suite [8], part of the COCO platform [7], which pro-
vides a set of 24 functions defined for any dimensionality, with
varying properties (unimodal to highly multimodal, separable vs.
non-separable, etc.) and allows generating multiple instances per
function (by shifting or rotating the coordinate system). By using
BBOB, researchers ensure generality in evaluation — an algorithm
must handle rugged, smooth, separable and non-separable prob-
lems, rather than being overfitted to one test function.

While representing a definitive step forward in advancing bench-
mark methodology, BBOB comes with a range of problems:

e Ambiguous formulation of the optimisation problem (un-
constrained vs box-constrained) and insufficient diversity
of problem instances in terms of locations of optima within
the search domain of BBOB problems [17]. To remedy this,
SBOX-COST function suite has been proposed [33].
Models trained on BBOB data generalise poorly to other
suites such as those provided by the CEC conference [10—
12] due to statistically significant differences in feature-space
distributions [21]. This stems from the unintended interpre-
tation of the generality of functions included in BBOB.
Similarly, MA-BBOB [35] which extends BBOB by generating
a wide array of benchmark functions through affine combi-
nations of BBOB functions, the resulting problem landscapes
may not exhibit sufficient diversity [5]. This limitation poses
challenges for automated algorithm selection methods, as
training on these generated functions does not necessarily
lead to effective generalisation to novel problem instances.
The authors emphasize the need for careful selection of train-
ing instances to ensure robust and generalizable algorithm
selection models [5].

Furthermore, results in combinatorial optimisation [23] demon-
strate that most heuristics discovered via LLMs also fail to gen-
eralise across diverse problem instances, performing well only in
specific areas of the instance space. In contrast, traditional simple
heuristics demonstrate in this case more consistent performance
across a broader range of benchmarks. Thus, the authors advocate
for the development and utilisation of more diverse benchmarks
and applications to gain a better understanding of this emerging
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paradigm in AAD [23]. Performance analysis on the results of AAD
also suggests that benchmark suites for bin packing problems are
simply too easy [23, 29].

3 Methodology

This section details the methodology of BLADE for benchmarking
LLM-driven Automated Algorithm Discovery. The framework, as
depicted in Figure 1, encompasses several key components: bench-
mark problems, AAD methods, LLMs and evaluation metrics. The
BLADE framework uses the following key steps in the benchmark-
ing pipeline:

Experimental setup. First, an experiment is designed, or one of the
provided experimental setups is used directly for easy comparison
with other works. An experiment consists of a list of search methods
(such as LLaMEA, EoH, FunSearch, Random Search, ReEvo and
others), a list of optimisation problems and an LLM. In addition, the
experiment has several attributes such as the number of algorithms
per run to evaluate (AAD budget), the number of independent
runs per method/problem combination and some other settings. All
experiment settings are logged for reproducibility.

LLM-EC Benchmarking. Next, the experiment(s) is/are carried out
using the experimental setup provided. BLADE uses parallel pro-
cesses to speed up the evaluations of the different runs over different
CPU threads. Loggers are attached to the LLM and Problem objects
to log all LLM queries made and all generated algorithm evalua-
tions. The loggers operate independently of the search method and,
as such, enforce a fair comparison between LLM-EC (search) algo-
rithms. The LLM token costs, seeds and other hyperparameters are
logged for transparency and reproducibility. On the optimisation
problem side, each problem evaluation is logged. Problems consist
of several (predefined) training and testing instances, where the
training instances are used during the LLM-EC runs and the test
instances are used for the final evaluation of best best-performing
generated algorithms.

Analysis of AAD results. After the different LLM-EC runs, the con-
vergence of the different algorithms can be analysed by visualising
the best-so-far convergence curves averaged over all random seeds.
In addition, we can analyse in more detail how the code evolved in
one or more of the runs by looking at the Code Evolution Graphs
(CEG) [28]. The CEG shows a low-dimensional embedding of vari-
ous static code features against the number of algorithms generated.

EC Benchmarking and Analysis. The final step in the BLADE bench-
marking toolbox is the evaluation of the best found algorithms on
separate validation instances of the problem. These instances can ei-
ther be larger versions of real-world problems or different instances
of the same optimisation problems that the LLM-EC has used dur-
ing the LLM-EC benchmarking phase. The best algorithms found
by each LLM-driven AAD method are compared against each other
and also against the state-of-the-art human-designed algorithms
such as CMA-ES [9], Differential Evolution variants [6] and others.
The final analysis of the comparison depends on the problem speci-
fication. For example, we can look at the optimal fitness reached
per algorithm or at anytime performance metrics such as the Area
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Over the Convergence Curve (AOCC) [19] and the Empirical At-
tainment Function (EAF) [19], which give better insight into the
effectiveness of the different algorithms over different evaluation
budgets. For the visualisation and logging of the final evaluation,
BLADE is integrated with IOHanalyser [36] and IOHexplainer [30],
the established benchmarking tools of the black-box optimisation
field.

3.1 Capability-Focused Benchmarking

To move beyond generic black-box optimisation evaluations, fo-
cusing purely on benchmarking performance and addressing the
limitations highlighted by the No Free Lunch theorem [37], we
advocate for capability-focused benchmarking. This approach al-
lows for targeted experiments designed to answer specific research
questions regarding the performance of AAD methods, particu-
larly those driven by LLMs. We aim to assess the following key
capabilities:

e Generalization: Evaluating an AAD method’s ability to
generate optimisation algorithms effective across a diverse
range of problems within a given dimensionality.

e Problem Class Specialization: Assessing an AAD method’s
proficiency in evolving solvers tailored for specific classes of
problems, e.g., such as those characterised by multi-modality
with weak global structure.

¢ Information Exploitation: Determining an AAD method’s
capacity to leverage problem-specific details (e.g., textual
descriptions of landscape features) to construct specialised
solvers for particular problem instances.

These capabilities reflect the potential of LLM-EC methods to
produce solvers ranging from general-purpose tools to highly spe-
cialised algorithms for specific problem domains or individual prob-
lems (per-instance configuration). To rigorously test these capabili-
ties, we propose utilising the following benchmark suites:

e Many Affine Black-Box optimisation Benchmark (MA-
BBOB): This configurable suite comprises functions derived
from BBOB [8], originally proposed as part of the comparing
continuous optimizers (COCO) environment [7], via affine
transformations [34]. We recommend using a predefined set
of 20 training and 50 testing instances and provide in total
1000 predefined instances. A key feature of MA-BBOB is the
random distribution of optima within the search domain,
mitigating the risk of LLMs succeeding through memorisa-
tion or biased initialisation strategies [32] (a known issue
in some of the original BBOB functions [17]). MA-BBOB is
primarily used to assess generalisation capabilities.
SBOX-COST: This benchmark suite features box-constrained
black-box optimisation problems [33], also with randomly
distributed optima across the full domain. It includes five
distinct function groups, each equipped with an instance
generator (applying rotations and shifts). We included tex-
tual descriptions of the underlying optimisation problem
landscapes. SBOX-COST is employed for evaluating group-
level and function-level specialization, including the ability
to utilize provided problem (or problem class) information.

These synthetic benchmarking suites have been chosen because
of their recognition in the field (they are based on the popular
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BBOB suite, but without the center bias of the location of optima)
and because they are designed to test different capabilities in opti-
misation algorithms. These capabilities are for example, how well
the algorithms can escape local optima, how well they can exploit
global structure, etc.

3.2 Real world applications

Next to the synthetic benchmarking functions that are used to test
various capabilities in LLM-driven AAD methods, several real-world
problems are included (and more will be added) to BLADE to verify
the capabilities of AAD methods in practical domains.

In [39], LLaMEA is used to solve real-world photonic structure
optimisation problems from [3], including Bragg mirror problems,
inverse ellipsometry problems and photovoltaic design problems,
which have practical implications for communication, semiconduc-
tors, LED displays, materials analysis and solar cells [39].

Since the evaluation of these (and many other) real-world prob-
lems is very time-consuming, the AAD methods should use smaller-
scale versions of these problems (with a lower dimensionality) as
training instances and validate the best found algorithms on the
high-dimensional harder problems. In addition, background knowl-
edge on the real-world problems is typically available (from physics)
to be used inside the prompt by the LLM-driven AAD methods.
Initial results in [39] confirmed that this knowledge usually has a
positive effect on the quality of the algorithms generated, however,
this likely depends on the LLM and on the real-world problem and
requires deeper investigation.

4 Use-cases

To effectively show how the proposed BLADE toolbox works, we in-
clude two use-cases. The first use-case compares different mutation
prompting strategies and uses analysis on static code features to
discover the effect of different prompting techniques. In addition, it
shows the BLADE benchmarking pipeline step-by-step. The second
use-case shows how to test for function specialisation where the
LLMs can exploit additional information about the problems to
solve given in the task prompt for different types of problems. The
first use-case focuses more on the EC part of the LLM-driven AAD
process, while the latter use-case focuses more on LLM capabili-
ties, showing two (of many) different approaches possible with the
BLADE framework.

4.1 Use-case: Mutation Prompts

This use-case investigates the impact of different mutation prompt
strategies on the effectiveness of LLM-driven algorithm discovery
using the LLaMEA [27] framework with a (4, 12) evolution strategy
(4 parents, 12 offsprings).

The central research question addressed is: Which combination
of mutation prompts is most efficient for generating general-purpose
continuous black-box optimizers when using a specific LLM (Gemini-
2.0-flash)?

4.1.1 Experimental Setup. The experiment was conducted using
the 5-dimensional MA-BBOB benchmark suite [34], chosen for its
diverse set of problems with randomly distributed optima. The LLM-
EC process utilised 20 predefined MA-BBOB training instances,
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Figure 2: Distribution of the fitness (AOCC) of algorithms
resulting from each AAD run. The AOCC is obtained by eval-
uating each of the resulting algorithms (10 algorithms per
LLaMEA configuration) on 50 evaluation instances of MA-
BBOB and 10 random seeds.

while the final evaluation was performed on 50 distinct test in-
stances. Each LLM-EC run had a budget of generating (and evaluat-
ing) 100 candidate algorithms and each algorithm evaluation within
the EC process had a budget of 2000 X dimensionality = 10,000
function evaluations.

Three distinct mutation prompts were defined:

(1) "Refine the strategy of the selected algorithm to improve it"

(2) "Generate a new algorithm that is different from the algo-
rithms you have tried before"

(3) "Refine and simplify the selected algorithm to improve it"

Five LLaMEA configurations were tested, each employing differ-
ent combinations of these mutation prompts:

e LLaMEA-1: Uses only prompt 1
e LLaMEA-2: Uses only prompt 2

e LLaMEA-3: Uses only prompt 3

o LLaMEA-4: Uses prompts 1 and 2 (chosen randomly)

e LLaMEA-5: Uses all three prompts (chosen randomly)

4.1.2  AAD Evaluation Results. Figure 2 illustrates the distribution

of fitness values, measured by the Area Over the Convergence

Curve (AOCC), for the algorithms produced by each LLaMEA con-
figuration during the automated design phase. Each boxplot repre-
sents the AOCC values obtained by evaluating the 10 algorithms

generated (by 10 different runs) of each respective LLaMEA vari-
ant on the 50 MA-BBOB evaluation instances, aggregated over

10 independent seeds (500 evaluation runs per algorithm). Visual

inspection suggests variability in the effectiveness of different

prompt strategies, with configurations using prompt 3 (“simplify”)

(LLaMEA-3 and LLaMEA-5) showing potential for generating higher-
performing algorithms compared to the default prompt 1 “refine”
option provided by vanilla LLaMEA. In addition, when we look at

the Code Evolution Graphs in Figure 3, we can clearly observe that

including prompt 3 (LLaMEA-3 and 5) keeps the size of the code
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Figure 3: Code Evolution Graphs of 3 runs (columns) per
LLaMEA variant (rows) showing how the number of Python
tokens (y-axis) changes per generated algorithm (x-axis). The
colour of the nodes denotes the AOCC score (yellow is higher
and better, blue is lower and worse), while connections be-
tween nodes denote parent-offspring relations and the size
of nodes encodes the number of connections produced from
this node. Runs are sometimes showing fewer than 100 evalu-
ations due to runtime errors inside the generated algorithms
(resulting in a negative fitness which is not displayed).

small. It can also be observed that adding prompt 2 (LLaMEA-2, 4
and 5) increases the diversity in code substantially.

4.1.3  Validation Against Human-Designed Baseline. To assess the
quality of the generated algorithms relative to established meth-
ods, the best-performing algorithm discovered by each of the five
LLaMEA configurations (selected based on performance across 10
independent AAD runs and their training instance performance)
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Figure 4: Empirical Attainment Function (EAF) curves of the
best solutions found per LLaMEA configuration (best of 10
runs) and a CMA-ES baseline. Each algorithm is tested on 50
different MA-BBOB instances and 10 independent runs.

was further evaluated. These selected algorithms were compared
against CMA-ES, a state-of-the-art human-designed evolutionary
algorithm, serving as a strong baseline [9]. The evaluation involved
running each selected algorithm and the baseline on the 50 MA-
BBOB test instances over 10 independent runs.

The performance comparison is visualised using Empirical At-
tainment Function (EAF) curves and ELO ratings [1]. Figure 4 dis-
plays the EAF curves, illustrating the probability of reaching a
certain target function value within a given budget of function eval-
uations [19]. This provides insight into the anytime performance
characteristics of the algorithms. The EAF curves show that the best
algorithms generated by several LLaMEA configurations, particu-
larly LLaMEA-5, are competitive with or outperform the CMA-ES
baseline, especially in the later stages of the search corresponding
to higher evaluation budgets.

Figure 5 presents the ELO ratings calculated from pairwise com-
parisons between the best algorithm from each LLaMEA configura-
tion and the CMA-ES baseline. The ELO rating provides a single
metric summarising the relative strength of each algorithm based
on tournament-style comparisons across the 50 test instances and
10 runs using a tournament size of 100 000 pair-wise comparisons.
The results indicate that LLaMEA-5 achieved the highest ELO rat-
ing, suggesting that utilising a combination of all three mutation
prompts yielded the most robust algorithm overall within this exper-
imental setup, outperforming other configurations and the CMA-ES
baseline. LLaMEA-2 and LLaMEA-4 also demonstrate strong per-
formance relative to the baseline according to this metric.

4.2 Use-case: LLM Comparison

This use-case aims to evaluate and compare the effectiveness of
different LLMs in the context of AAD for black-box optimisation.
Specifically, it seeks to determine which LLM is most proficient in
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Figure 5: ELO rating (higher is better) of the best solutions
found per LLaMEA configuration (best of 10 runs) and a
CMA-ES baseline. Each algorithm is tested on 50 different
MA-BBOB instances and 10 independent runs. ELO rating
is calculated using a tournament of 100 000 one against one
comparisons.

generating optimizers tailored to a specific type of function or problem
class, focusing on specialisation in landscape function properties.

The experiments involve using LLaMEA with the following
LLMs: local models codestral (22b) and qwen2.5-coder (14b) and
closed-source models gemini-1.5-flash [25] and the more recently
introduced gemini-2.0-flash 1.

The experiment is comprised of two parts. The per-function
specialisation and the per-function-group specialisation. In the per-
function specialisation part, the AAD methods are given 5 instances
of a particular optimisation problem including a textual descrip-
tion of the problem, such as “Separable Ellipsoidal Function” in the
case of function 2 (fid2). The best resulting algorithm per run is
then evaluated using 10 (different) evaluation instances of the same
problem. This is repeated for different functions (with different
characteristics), in this case we choose fid2 (Separable Ellipsoidal
Function), fid5 (Linear Slope), fid13 (Sharp Ridge Function), fid15
(Rastrigin Function) and fid21 (Gallagher’s Gaussian 101-me Peaks
Function) as these functions form a very diverse set. In the per-
function-group part of the experiment, the LLM-driven AAD method
is given 5 instances of all problems in a particular function group
(4 or 5 problems per group). The groups are: groupl "Separable
Functions", group2 "Functions with low or moderate conditioning”,
group3 "Functions with high conditioning and unimodal", group4
"Multi-modal functions with adequate global structure" and group5
"Multi-modal functions with weak global structure". The final algo-
rithms are validated on 10 different instances for each problem in
the same group.

For both parts of the experiment, each LLM-EC run had a budget
of generating 50 candidate algorithms, and each algorithm evalua-
tion within the EC process had a budget of 2000 x d(5) = 10,000
function evaluations. The performance of these LLMs in combina-
tion with the LLaMEA framework is assessed based on the fitness
(AOCC) of the final solutions they generate, as illustrated in Figure
6 and Table 1 (higher is better). These results are derived from

ISpecifically codestral https://ollama.com/library/codestral:22b and qwen2.5-coder
https://ollama.com/library/qwen2.5-coder:14b from the ollama repository.
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Figure 6: Fitness (AOCC) distribution of all final solutions generated using LLaMEA with different LLMs.

Table 1: Mean AOCC for each LLM-EC over the final solutions
of all runs per problem. Results in boldface are significantly
better with a threshold of 0.05, p-values below this threshold
are reported.

f2 5 fi fis fa
codestral 0.63+0.17 0.98+£0.02 0.25+0.09 0.13+0.04 0.53+0.14
gemini-1.5-flash 0.45+0.37 1.00 £0.00 0.24 £0.05 0.14+0.02 0.48 +0.15
gemini-2.0-flash 0.72+0.36 0.99+0.00 0.51%0.15(p=0.047) 0.18 £0.05 0.51+0.22
qwen2.5-coder:14b  0.56 £ 0.36  0.99 +0.00  0.29 + 0.09 0.18 £ 0.06 0.56 + 0.13

Group 1 Group 2 Group 3 Group 4 Group 5
codestral 0.58 +£0.03 0.29£0.09 0.36+0.15 0.25+0.05 0.27 +0.03
gemini-1.5-flash 0.48 +0.07 0.41£0.07 0.21£0.03 0.24+0.04 0.24+0.03
gemini-2.0-flash 0.82 + 0.06 (p=0.002) 0.58 + 0.14 0.40 £ 0.19 0.27 £ 0.03 0.32 + 0.03
qwen2.5-coder:14b  0.50 + 0.11 0.32£0.05 0.18£0.07 0.29+0.05 0.33+0.03

the validation instances, providing insight into the generalisation
capabilities of the algorithms produced by each LLM.

In Figure 6 we can observe that gemini-2.0-flash is outperforming
other LLMs mostly for unimodal and low conditioning functions
(fid2, group1, fid13, group2). Other models show relatively similar
performance and it is interesting to note that the smaller open-source
models do not underperform significantly in most cases. From Table 1
we can further see that gemini-2.0-flash is only significantly better
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(using a pairwise independent t-test) in two of the ten problem
setups.

5 Reproducibility and Transparency

BLADE is available open-source and fully documented on Github 2.
All code and results of the experiments in this paper, including
full prompts, generated algorithms and seeds are available in our
Zenodo repository [26].

6 Conclusions and Outlook

This paper introduces BLADE, a novel benchmarking suite de-
signed to evaluate and compare LLM-driven Automated Algorithm
Discovery (AAD) methods for continuous black-box optimisation.
BLADE provides a structured framework encompassing various
black-box benchmark problem sets, including real-world applica-
tions and synthetic suites tailored for capability-focused bench-
marking. The modular design of BLADE facilitates the integration
of different AAD methods, LLMs and evaluation metrics, enabling
comprehensive and reproducible experiments.

The use-cases presented in this paper demonstrate the utility
of BLADE in analysing the impact of different prompt strategies
on LLM-driven algorithm generation and in comparing the per-
formance of various LLMs within the AAD context. The results

Zhttps://github.com/XAl-liacs/BLADE
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highlight the potential of LLM-driven AAD to produce competitive
optimizers while also revealing the influence of prompt engineering
and LLM selection on the effectiveness of the generated algorithms.
Future work will focus on expanding the benchmark suite with
additional real-world problems to assess other relevant capabilities
of LLM-driven AAD methods. Furthermore, we plan to incorpo-
rate a wider range of baseline algorithms and explore automated
hyperparameter optimisation within the benchmarking framework.
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