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Abstract

Sophisticated LLM-based search pipelines have been proposed for AI for scientific
discovery, but is their complexity necessary? As a case study, we test how well
two kinds of LLM-based random baselines – IID random sampling of programs
and a sequential random search – do on nine problems from the AlphaEvolve
paper [Novikov et al., 2025], compared to both AlphaEvolve and a strong open-
source baseline, ShinkaEvolve. We find that random search works well, with
the sequential baseline matching AlphaEvolve on 4/9 problems and matching or
improving over ShinkaEvolve, using similar resources, on 7/9. This implies that
some improvements may stem not from the LLM-driven program search but from
the manual formulation that makes the problems easily optimizable.

1 Introduction

In AI for scientific discovery large language models (LLMs) are often used to search over a compli-
cated space for an object with some properties. For example, Novikov et al. [2025] define various
mathematical bounds using Python programs, so a better bound can be found by searching over
program space. Their pipeline, AlphaEvolve, found new best bounds for a variety of problems by
using an LLM to “evolve” some code, acting as an evolutionary search’s mutation operator.

Many works in AI4Science propose complex pipelines and showcase their resulting scientific dis-
coveries, e.g. Lu et al. [2024], Gottweis et al. [2025], Novikov et al. [2025], Lange et al. [2025],
Mitchener et al. [2025]. Although this shows how discoveries can be found, often the search method’s
efficacy isn’t tested. Moreover, in spite of these problems’ complex formulations, some of them
are functionally simple. Many problems solved by AlphaEvolve have relatively low dimensional
input spaces – consisting of 100 − 104 numbers – with their optimal solutions being straightforward
programs for black-box numerical optimization (see Listing 1).2 This begs the question, how well
would much simpler search methods do?

As a first step towards answering this, we test how well random search (RS) baselines do on nine
problems from the AlphaEvolve paper. As it is unclear how those solutions were found, and given
how many resources, we compare to a similar open-source sample-efficient pipeline, ShinkaEvolve
[Lange et al., 2025]. Testing two variants of random search – IID random sampling and sequential
random search – shows that they perform well, matching or exceeding ShinkaEvolve on 4/9 and
7/9 problems respectively. When API budget-matched, IID and sequential RS have a probability
of matching or exceeding code evolution of 44% and 76% respectively. Thus, at least for easily
verifiable problems with short programs as answers, the hard part may be formulating the problems
so they are easily optimizable – which is still done by hand – and not the LLM-driven search itself.
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1 def pack_circles() -> Tuple[np.ndarray, np.ndarray]:
2 ...
3 # Try to arrange the circles in a grid-like structure
4 initial_centers = np.array([[0.2, 0.2], [0.8, 0.2], [0.2, 0.8], [0.8, 0.8],
5 ...
6 # Define bounds for the optimizer
7 bounds = [(0, 1) for _ in range(52)] + [(0, 0.5) for _ in range(26)]
8 ...
9 result = minimize(

10 calculate_objective,
11 x0,
12 method='SLSQP',
13 bounds=bounds,
14 constraints=calculate_constraints(x0),
15 options={'maxiter': 2000, 'ftol': 1e-6}
16 )
17 ...
18 return centers, radii

Listing 1: Code snippets from the best circle packing solution found by a random baseline here. The
function is fairly straightforward, using simple black-box numerical optimization.

2 Problems

Novikov et al. [2025] demonstrated using LLM-driven code evolution to solve diverse problems,
among them finding mathematical bounds. We focus on these kinds of problems as they are relatively
simple, requiring short single-file programs and quick CPU based evaluation. These problems are
subdivided into those belonging to analysis, combinatorics, or geometry, with us using three, two, and
four problems from each category respectively.3 Brief summaries of the problems and their bounds
are in Table 2 in Appendix A, with longer explanations in Novikov et al. [2025]’s Appendix.

Each problem defines a function that converts a list of numbers (perhaps with some additional
structure) into a bound. For example, one problem is finding the maximum sum of radii of 26 circles
in a unit square. Given a list of numbers representing the radii and center locations, then, assuming
the circle packing is valid, the bound is the sum of numbers representing the radii. This setup is
illustrated in Figure 1a. Code evolution pipelines find programs that generate these numbers.

3 Random Baselines

We test two simple ways of searching over programs – IID random sampling and sequential random
search. IID RS samples many programs given some prompt defining the problem, evaluates them,
and selects the one with the best bound. Sequential RS initially generates programs like IID RS,
but then in its following generations4 includes three randomly selected successful programs in its
prompt for the LLM to improve on. “Successful” simply means they returned a valid output, where
the selection is otherwise completely random. This is done several times, each time constituting a
“trial”, after which the best bound is selected among all programs across all generations and trials.
Figure 1b illustrates both baselines.

In addition to searching over programs, random search can be done over a different space, like the
level of a problem’s input. Searching directly at the input level, where the problem’s parameters are
sampled from some distribution, can work for low dimensional problems but struggles scaling for
cases with even tens of dimensions. This is shown in Appendix B over a subset of three problems.

For these LLM-based search methods, should domain knowledge be used? While on the one hand
it could guide the model towards better solutions it can also lead it down suboptimal trajectories.
Moreover, biasing the search confounds how well a method works with how the LLM is guided.
Guidance can be desirable when solving a problem, but not necessarily when benchmarking a
setup. Thus, to purely test the search methods in and of themselves, we opt to give minimal domain

3Combinatorics has only two problems, hence the imbalance.
4In the evolutionary algorithms sense of the word.
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