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ABSTRACT

Code evolution is a family of techniques that rely on large language models to
search through possible computer programs by evolving or mutating existing code.
Many proposed code evolution pipelines show impressive performance but are of-
ten not compared to simpler baselines. We test how well two simple baselines do
over three domains: finding better mathematical bounds, designing agentic scaf-
folds, and machine learning competitions. We find that simple baselines match or
exceed much more sophisticated methods in all three. By analyzing these results
we find various shortcomings in how code evolution is both developed and used.
For the mathematical bounds, a problem’s search space and domain knowledge in
the prompt are chiefly what dictate a search’s performance ceiling and efficiency,
with the code evolution pipeline being secondary. Thus, the primary challenge
in finding improved bounds is designing good search spaces, which is done by
domain experts, and not the search itself. When designing agentic scaffolds we
find that high variance in the scaffolds coupled with small datasets leads to subop-
timal scaffolds being selected, resulting in hand-designed majority vote scaffolds
performing best. We propose better evaluation methods that reduce evaluation
stochasticity while keeping the code evolution economically feasible. We finish
with a discussion of avenues and best practices to enable more rigorous code evo-
lution in future work.

1 INTRODUCTION

For many problems, a solution can take the form of a computer program, thereby allowing automated
program search to solve a variety of tasks. This has been demonstrated across several domains:
for scientific discovery, Novikov et al. (2025) find programs that improve on several mathematical
bounds. Hu et al. (2024) use LLMs to design programs defining agentic scaffolds, using them to
solve math and science problems. Chan et al. (2024) test how well an LLM-based automated coding
pipeline can perform in machine learning competitions.

Many program search systems search over code space by feeding programs into language models
and asking them to evolve, crossover, and recombine them, thereby doing code evolution. However,
these pipelines consist of many design choices, including using ensembles of language models for
diversity and cost efficiency, automated parent program selection to maximize diversity, and various
ways of receiving feedback (Novikov et al., 2025; Sharma, 2025; Lange et al., 2025). These design
choices often are not ablated, nor are the code evolution systems compared to simple baselines,
resulting in methods that are not methodically built up and are hence potentially suboptimal.

To systematically test from the ground up what matters in code evolution, we propose two simple
baselines and compare them to several systems over three different domains.1 Each domain tests
how methods perform under a different constraint, such as a limited API budget when finding math-
ematical bounds, number of function evaluations when designing agentic scaffolds, or wall-clock
time in machine learning competitions. Figures 1b and 1c illustrate the baselines, with the sim-
plest being a form of random search, sampling IID from a language model while prompting it to
solve a given problem. The second baseline is designed to better handle sequential problems. This

∗Work partially done during an internship at Sakana AI. Email: yg@robots.ox.ac.uk
1Although the baselines are also a form of code evolution, we use the term “code evolution” to refer to more

complicated methods unless specified otherwise.
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baseline extends the first by conditioning on some problems generated in a previous generation, and
optionally after a set number of generations, restarts from scratch.

(a) Each problem defines a function that should
be maximized/minimized.

(b) IID random sam-
pling
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Figure 1: (a) For AlphaEvolve-style mathematical bounds each problem effectively defines a func-
tion that gets as input a list of numbers, possibly with some extra structure, and outputs a mathe-
matical bound that should be maximized or minimized. (b,c) The two baselines, (b) randomly IID
sampling a set of programs from an LLM and picking the best one and (c) generating a set of pro-
grams, evaluating them, and generating a new set conditioned on some of those that ran successfully.
Number of generated programs is only for the setup when searching over mathematical bounds.

In all settings and under the same budget constraints, at least one of the baselines matches or exceeds
a purpose-built code evolution pipeline. To understand why, we look into what matters for these
search processes, finding problems in either how code evolution is implemented or used. When
finding mathematical bounds, we find that both the domain knowledge put into the prompts and the
expert-designed search spaces are more important for improving the bounds than the code evolution
pipeline itself. We find that reformulating a problem’s search space can improve bounds much
more than code evolution does by itself, with different search pipelines finding similar bounds for
a given search space. When evolving agentic scaffolds, we find that code evolution tends to select
suboptimal scaffolds due to the datasets being relatively small and hence having a high variance. To
keep API costs low, scaffolds are typically designed while evaluating ∼ 100 examples (Hu et al.,
2024), but this results in all generated scaffolds generalizing worse than a simple majority vote.

Our contributions are as follows:

• We introduce two simple baselines that perform well on a variety of domains, matching
or exceeding purpose-built code evolution algorithms when given the same API budget,
number of function evaluations, or wall-clock time.

• We show that when using code evolution to find mathematical bounds formulating a prob-
lem differently, thereby changing its search space, determines a pipeline’s performance
ceiling, while variable domain knowledge in the prompts can change its efficiency.

• When using code evolution to automatically design agentic scaffolds, we find that selected
scaffolds tend to be overfit due to using small validation sets. We introduce a set of best
practices to robustly evaluate scaffolds while keeping the search economical.

• We conclude with a discussion of best practices and open problems for future work. All
code is released to facilitate baseline comparisons and the recommended practices.

2 BACKGROUND

We briefly present code evolution here, with additional related work discussed in Appendix A. Code
evolution pipelines typically work by starting with some program and using an LLM to generate
new versions thereof. Often previous programs are given in the LLM’s prompt, selected to max-
imize diversity or fitness. This is broadly how systems like AlphaEvolve (Novikov et al., 2025),
ShinkaEvolve (Lange et al., 2025), OpenEvolve (Sharma, 2025), and ADAS (Hu et al., 2024) work.
Some of these systems have many components, often requiring thousands of lines of code.

2



Published as a conference paper at ICLR 2026

One setting where code evolution is used is in finding bounds for the circle packing problem, where
given n circles one must maximize the sum of their radii while ensuring the circles do not overlap
and all fit in a unit box. Given a list of numbers defining centers and radii it is straightforward to
automatically check whether they define a valid packing, thereby giving a new bound. Figure 1a
illustrates this process. Finding a better bound is thus reduced to finding a list of numbers with some
properties. Code evolution designs functions that output such lists, either by searching for them and
returning the best solution found or by constructing them directly.

Previous works using code evolution for scientific discovery mention how changing a problem’s
search space or using domain expertise can improve a search’s performance and efficiency but do
not deeply discuss it. Novikov et al. (2025) discuss how occasionally injecting human priors into
their code helped them find better matrix multiplication algorithms. Georgiev et al. (2025) present
a large-scale case study using AlphaEvolve in conjunction with other tools to find better bounds
over 67 problems, noting that a good formulation or telling a pipeline about a theorem can make the
difference between it finding an improved bound or getting stuck.

In some code evolution applications, simple pipelines similar to the baselines presented here are
widely used. For ARC AGI many of the best performing methods are based on selecting the best
program from a large set of generated candidates, perhaps then with some domain-specific tweaks,
e.g. Greenblatt (2024). Because we focus on whether the additional complexity in some code
evolution systems is beneficial, we do not compare to these simple pipelines.

3 BASELINES FOR CODE EVOLUTION

Both baselines are illustrated in Figure 1 (b,c). The first baseline, IID random sampling (IID RS),
consists of prompting a language model to produce code that solves some task. After running all
programs, the best one is picked, either based on the bound it found for mathematical discovery or
on some validation performance for agentic scaffolding and machine learning competitions.

The second baseline is a modification of the first which is designed to better deal with problems
requiring iterative improvements. For example, in the kissing problem, one of the problems tackled
in Novikov et al. (2025), one must find the largest possible set of vectors fulfilling some property.
Often LLMs construct the solution directly by specifying these vectors and, at least in their initial
answer, do not try extending known constructions. Thus, on similar problems, iterative sequential
methods would likely perform better.

Sequential conditioned sampling (SCS) works by first generating a set of programs, akin to IID RS,
and then generating another by conditioning on a random subset of those that successfully ran in the
previous generation. Thus, both baselines have no explicit fitness-based selection. This is repeated
for a few generations, and optionally then restarts from scratch. SCS’ sequentiality comes at the
cost of having each program be more expensive to generate as it results in much longer prompts
and being less parallel than IID RS. The loss of parallelism is significant in cases where the main
bottleneck is wall-clock time and not API cost, function evaluations, or compute.

3.1 HOW SHOULD METHODS BE FAIRLY COMPARED?

When comparing methods, different ones can arrive at similar solutions or reach the same ap-
parent performance ceiling. We consider two results to be equal if they are the same as per
numpy.isclose, with default relative and absolute tolerances, as different solutions can differ
due to numerical precision or small numerical instabilities. This is important as for some tasks, like
machine learning competitions or when finding mathematical bounds, seemingly small improve-
ments can still be meaningful.

For fairness, different methods should use a similar amount of domain knowledge in their prompts.
Previous knowledge can be integrated by giving hints through the prompts, e.g. by describing prop-
erties of good or bad solutions. To keep comparisons fair, we use similar prompts across all methods
unless mentioned otherwise, either those used in original works or new ones that are designed to
have minimal domain knowledge beyond a problem’s specifications. Some methods require differ-
ent prompts due to how their pipelines are designed, e.g. when using the IID RS baseline we remove
references to iteratively improving a solution.
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4 FINDING MATHEMATICAL BOUNDS

To test how the baselines compare to code evolution, we test how well they can find mathematical
bounds for nine problems from Novikov et al. (2025). These problems are subdivided into those
belonging to analysis, combinatorics, or geometry. We sample three, two, and four problems from
each category respectively, with the slight imbalance due to combinatorics having only two prob-
lems. Brief summaries of the problems and their bounds are in Table 2 in Appendix B, with longer
explanations in Novikov et al. (2025).

Table 1: Best bounds found using code evolution and baselines. Best results are bolded, second best
are underlined. AlphaEvolve results are excluded from comparisons but included for reference as it
uses an unknown but likely much higher budget. Sequential conditioned sampling (SCS) matches
or exceeds ShinkaEvolve on most problems, with IID random sampling (IID RS) also exhibiting
competitive performance, occasionally outperforming other methods. Arrows denote whether higher
or lower is better. # problems ≥ M means the number of problems for which a method matches or
exceeds method M . More significant digits are used when discovered bounds are close. Each result
is achieved using a $20 budget.

Baselines (ours)
Problem AlphaEvolve ShinkaEvolve IID RS SCS

First autocorr. ineq. (↓) 1.505 1.522 1.535 1.519
Second autocorr. ineq. (↑) 0.8962 0.8955 0.8739 0.8795
Uncertainty ineq. (↓) 0.3521 0.3521 0.3521 0.3521
Erdős’ min. overlap (↓) 0.3809 0.3810 0.3811 0.3812
Sums/differences of sets (↑) 1.1584 1.1095 1.1237 1.1178
Max–min dist. ratio (↓) 12.88926 12.88923 12.88923 12.88923
Heilbronn triangles (↑) 0.0365 0.0356 0.0334 0.0365
Kissing number in 11D (↑) 593 402 438 438
Circle packing (↑) 2.63586 2.63598 2.632 2.63590

# problems ≥ ShinkaEvolve 7/9 4/9 6/9
# problems ≥ AlphaEvolve 4/9 2/9 4/9
Average rank 1.89 2.28 1.83

As AlphaEvolve is closed-source, we compare to a similar open-source sample-efficient pipeline,
ShinkaEvolve (Lange et al., 2025).2 For a fair comparison, the baselines and ShinkaEvolve use the
same minimal-domain-knowledge prompts. ShinkaEvolve is restricted to Gemini-2.5 Pro, Flash,
and Flash Lite, akin to AlphaEvolve, while both baselines use Gemini-2.5 Pro, so differences in
performance are not due to different model families. Additional technical details are in Appendix C.

Results are reported for all methods using a 20$ budget. Under these conditions ShinkaEvolve runs
for 500-800 generations, or ∼50 generations per dollar. For reference, the circle packing run in
Lange et al. (2025) costs about $12 and ran for 150 generations (12.5 generations per dollar). The
baselines were run beyond this budget to allow estimating uncertainties. Comparisons are then done
by taking the first chronologically generated results within the $20 budget or sampling equal-budget
subsets when calculating uncertainties, see Appendix F for details. Only a single ShinkaEvolve run
is used per problem as these experiments are very expensive – running ShinkaEvolve and the two
baselines costs >$70 per problem. The baselines are easier to slightly oversample as they come
in smaller discrete units than a full Shinka run, being more regular samples for IID RS and more
trials for SCS. Oversampling the baselines results in most runs costing $25 to $30, with the most
expensive problem costing almost $50 per run.

Results. Table 1 shows that both baselines perform well, matching or exceeding Shinka on 4/9 and
6/9 problems for IID RS and SCS respectively.3 Interestingly, SCS matches or exceeds AlphaEvolve
on 4/9 problems as well, in spite of likely using a lower budget and less domain knowledge. Thus,
the baselines seem similarly if not more performant than sophisticated code evolution methods.

2We do not compare to OpenEvolve due to difficulties getting it to run under the same conditions. A partial
comparison is in Appendix D.

3Using everything the baselines generated, beyond the $20 limit, results in SCS matching ShinkaEvolve on
circle packing and finding an improved bound of 1.1216 for sums/differences of sets. IID RS finds a slightly
better bound of 1.529 for the first autocorrelation inequality.
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Including domain knowledge in a prompt can help boost a method’s performance without changing
its pipeline. For example, to make a fair comparison, ShinkaEvolve is initiated from a minimal,
uninformative initial program. For circle packing, ShinkaEvolve and OpenEvolve’s original initial
program includes a function that finds the maximum circle radii given their centers. Using a prompt
that includes a similar function allowed IID RS to find a circle packing with the same score of
2.63598 when sampling 1000 programs. The two prompts are compared in Appendix E.

On the other hand, domain knowledge can also prove detrimental if it biases a search method down a
bad trajectory. We show this by comparing ShinkaEvolve’s circle packing performance when using
a minimal initial program, consisting of a fixed placement of tiny circles, to the original one used by
Lange et al. (2025); Sharma (2025), where the initial program places circles in a set of rings and finds
their max possible radii. When initialized from the minimal program, ShinkaEvolve found the same
bound of 2.63598 over three runs, whereas two out of three runs using the original program found
subpar circle packings. Using the original program in conjunction with ShinkaEvolve’s original
prompt, which specifies characteristics of typical good and bad solutions, enables it to find the same
bound for three out of three runs.
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Figure 2: Average probability of matching or exceeding
ShinkaEvolve over the 9 problems for our two baselines.
Numbers on the right are the probabilities at the max bud-
get of $20. Per problem breakdown is in Appendix G. Both
baselines perform well over different budgets, with sequen-
tial conditioned sampling (SCS) generally outperforming
ShinkaEvolve. Shaded regions are asymmetric 95% con-
fidence intervals, see Appendix F for details.

To compare the different baselines’
cost effectiveness, we calculate the
probability that a method matches or
exceeds ShinkaEvolve under a given
budget. This is done using a boot-
strap estimate, with details in Ap-
pendix F. Figure 2 demonstrates that
both baselines compare favourably to
ShinkaEvolve across all budgets. The
probabilities initially decrease due to
ShinkaEvolve having a warmup pe-
riod, as it is based on file edits and
not full-file generations. This and
other mechanisms, such as occasion-
ally using cheaper LLMs, do not
seem to make ShinkaEvolve signifi-
cantly more cost-efficient.

Here a method’s efficiency is mea-
sured relative to its API budget,
whereas other constraints can be lim-
iting as well. With respect to wall-
clock time, the two baselines are much faster due to them being easily parallelizable across CPU
cores, requiring 1-3 hours per problem relative to ShinkaEvolve’s ∼10 hours. In Appendix H we
find that the baselines are sample efficient also with respect to the number of function evaluations.

4.1 A PROBLEM’S SEARCH SPACE DICTATES ITS PERFORMANCE CEILING

As shown in Table 1, for some problems, all methods find a similar bound. Therefore, given a suf-
ficient budget, all methods can likely reach the same performance ceiling. It is unclear whether the
discovered bounds are thus tight, or whether the search pipelines all converge at similar suboptimal
solutions.

To test this, we take one of the problems and improve its formulation. Changing a problem’s formu-
lation equates to changing the code evolution’s verifier and thus the problem’s search space. Specif-
ically, we take the uncertainty inequality and improve its formulation so it is easier to optimize and
searches over a larger class of functions, with details in Appendix I. Note that AlphaEvolve’s for-
mulation is from Gonçalves et al. (2017), with AlphaEvolve improving the bound from 0.3523 to
0.3521. The new formulation results in all methods – both baselines and ShinkaEvolve – finding
an improved bound of 0.3482 given the same $20 budget. Changing the formulation yields a larger
improvement than optimizing a given setup, regardless of the search pipeline.

Notably, the formulation is designed by domain experts, not the code evolution systems. If good
formulations are what make a problem amenable to automated search, with different search methods
performing similarly, then sophisticated search pipelines are arguably redundant. The baselines
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Figure 3: AIME 2024 and 2025 accuracies for different methods. 2024 was used as the validation
set, with 2025 serving as a test set. Majority@5/10 indicate manually designed majority vote scaf-
folds. (Left) Validation accuracies are those measured while evolving different scaffolds, with both
validation and test accuracies being for 3 evaluations over the dataset. ShinkaEvolve numbers are
from Lange et al. (2025). IID RS seemingly performs best out of the search methods, although all
do worse than majority vote on the test set, with large drops in accuracy. (Right) Results when
re-evaluating the scaffolds 10 times, with whiskers denoting 95% confidence intervals. Validation
accuracies are lower for all automated search methods as their scaffolds are seemingly selected
moreso due to stochasticity in the evaluations than them achieving good performance. Unlike when
evaluating only 3 times, here it is apparent that there is no clear difference between ShinkaEvolve
and IID RS, with the probability of improvement being P (Shinka > IID RS) = 0.49. Using an
evaluation cascade with IID RS results in selecting a better scaffold and one that generalizes more,
being essentially equal to majority vote@10 on the test set (49.5% probability of improvement).
achieving comparable performance to ShinkaEvolve, and on some problems to AlphaEvolve, further
supports this.

5 EVOLVING AGENTIC SCAFFOLDS IS HIGHLY STOCHASTIC

To evaluate how baselines compare to code evolution on a problem where the main constraint is the
number of function evaluations, we test how well different methods can design agentic scaffolds. In
this setting, a method must design a series of LLM calls, called a scaffold, that solves some problem,
e.g. finding the correct answer to a math question. A meta-agent (the code evolution pipeline)
designs a series of scaffolds, tests how well they do on some validation set, and then picks the best
one and evaluates its performance on a test set (Hu et al., 2024; Lange et al., 2025). Typically, the
limiting factor is not meta-agent queries but how many scaffolds can be evaluated as each evaluation
requires many LLM calls, typically costing $1-10 per evaluation depending on which LLM is used.
For example, Hu et al. (2024) mentions training runs of 30 generations, in which we estimate about
50 scaffolds are evaluated, to cost them $300.

We compare two code evolution methods, ADAS (Hu et al., 2024) and ShinkaEvolve, to IID RS.
ADAS runs for 30 generations but can re-evaluate a scaffold to debug it, resulting in up to 90
evaluations, while ShinkaEvolve runs for 75 but only about 60 generations result in an evaluated
scaffold. Thus, we limit IID RS to evaluating 50 scaffolds, so a scaffold that does not compile
does not count towards this limit. We test all methods on designing scaffolds for questions from
the AIME math competition, with all agents using GPT4.1-nano for their scaffold evaluations. We
compare the discovered scaffolds to a manually designed majority vote@k scaffold. Majority vote
means asking the model to answer the question k times and then picking the most prevalent answer,
with ties being resolved uniformly at random. Additional technical details are in Appendix J.

Results. Figure 3 (left) compares each method’s scaffolds when evaluating them as done in some
prior work, where validation accuracies used throughout the search are reported, with reported test
accuracies being over similarly sized datasets. All code evolution methods, including the IID RS
baseline, exhibit >10% drops in accuracy between their validation and test sets. Although it is
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likely that AIME 2025 is harder than 2024, this drop is only for automated search methods, with the
majority vote baselines degrading by only about 5%.
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Figure 4: Empirical distributions of majority
vote@5 accuracies for AIME 2025 when evalu-
ating each question a different number of times.
Even when evaluating 10 times there is a standard
deviation of more than 1% in the accuracy. Distri-
butions were calculated by sampling 100 answers
to each question and bootstrapping.

Note that the validation sets used to find scaf-
folds are typically constructed of ∼100 ques-
tions, including repetitions, regardless of the
full dataset’s size (see Hu et al., 2024, Ap-
pendix E). This is to keep the already costly
evaluation economical. However, it introduces
high variance into the evaluations. To illustrate,
Figure 4 shows the empirical AIME 2025 accu-
racy distribution when using a majority vote@5
scaffold, comparing the uncertainty when each
question is evaluated a different number of
times. Due to high variance, if scaffolds are
evaluated on small datasets then they will be
picked not due to their performance but mostly
due to the evaluation’s stochasticity, resulting
in good validation performance being likely co-
incidental. Figure 3 (right) demonstrates this,
as re-evaluating scaffolds discovered by auto-
mated methods 10 times shows that their underlying validation accuracies are lower than initially
reported.

Stochasticity Reduction. Reducing this stochasticity by naı̈vely sampling more would be expen-
sive. Taking AIME 2025 as a typical example, a standard deviation of 0.5% in the accuracy would
require each question to be evaluated approximately > 60 times, which is > 20× as costly as the
default evaluations used by ShinkaEvolve and ADAS. If only a scaffold’s final performance is of
interest then fewer samples are likely sufficient. Specifically, for reporting final results, methods
should be evaluated over an effective test set size of at least 300 questions, equivalent to 10 repeti-
tions here, and use 95% confidence intervals. Higher variance datasets may require more samples.

When comparing methods’ test accuracies, we recommend using the probability of improvement.
Introduced by Agarwal et al. (2021) for comparing deep reinforcement learning methods, the prob-
ability of improvement measures the probability a single run of A would outperform a single run of
B. See Appendix K for an extended discussion.

These recommendations are only for final evaluations – how should scaffolds be evolved? Using
better comparison metrics such as the probability of improvement and larger effective validation
sets would not wholly fix the problem. The bias towards accidentally picking worse scaffolds due
to the evaluation’s stochasticity would still exist, while simply increasing the number of evaluations
is expensive. For cost reduction specifically, it is more economical to use an evaluation cascade. In
a two-level cascade, bad scaffolds can be evaluated over a small effective validation set while those
that are potentially competitive are re-evaluated over a larger set to see if their improvement holds.
To compare sets of scaffolds, we introduce the probability of dominance, a generalization of the
probability of improvement that tests whether a method is better than a set of alternatives, instead of
a single other method. See Appendix K for a definition and discussions.

Using the probability of dominance with an evaluation cascade allows IID RS to find a better scaffold
that robustly generalizes to the test set, see right plot in Figure 3. However, while this scaffold out-
performs scaffolds found without an evaluation cascade, it does not outperform majority vote@10.

6 MACHINE LEARNING COMPETITIONS

Technical details and the setup for the MLE bench experiments are deferred to Appendix L. There,
Table 4 shows each method’s results for each competition. SCS and AIDE perform similarly well,
with SCS beating it on 6/10 competitions. Simple baselines can thus also perform well in time
limited domains.
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7 DISCUSSION

This paper demonstrates that across several domains simple baselines compare to, if not exceed,
domain-specific sophisticated code evolution pipelines. Meanwhile, each domain has a different
constraint – a limited API budget when finding mathematical bounds, a limit on the number of func-
tion evaluations when designing agentic scaffolds, and limited wall-clock time in machine learning
competitions. Across domains we find various insights and problems, some contrary to common
wisdom. Simple baselines performing well shows that code evolution systems need not be compli-
cated to get good results, with other factors mattering more. For finding mathematical bounds, the
domain knowledge used and a problem’s formulation affect the search’s efficiency and performance
ceiling much more than the pipeline. When designing agentic scaffolds evaluations are typically
over small datasets, leading to high stochasticity and the resulting scaffolds being suboptimal. This
results in simple manually crafted scaffolds, like a majority vote agent, outperforming automated
search systems.

Why were these shortcomings not identified previously? This is discussed in detail in Appendix O,
but briefly, they seem to stem from code evolution’s nascent state as a field. Methods and bench-
marks are continuously developed. Rigorous best practices lagging behind leads to results not being
as strong as they may initially seem.

The importance of a problem’s defined search space is interesting with respect to some claimed goals
of code evolution. The simple baselines performing well in section 4 imply that the problems there
might be inherently relatively easy to search over, with section 4.1 showing that more significant
improvements can come from improving a problem’s verifier. A different verifier implicitly defines
a different search space, as it changes the function being optimized but not the underlying task of
finding an improved bound. Hu et al. (2024) discuss code evolution being theoretically Turing-
complete and a form of open-ended search, but how open-ended are current code evolution systems
if in practice they do not alter the most important parts of a problem? While it is technically pos-
sible to reinvent advanced mathematics and check for a different formulation’s correctness within a
computer program, this has not been observed in practice. It would be interesting in future work to
design systems that are flexible enough to change their problem formulations or find new ones.

Many improvements introduced in code evolution pipelines are potentially useful in one setting but
not another, so universally keeping them could be detrimental. While textual feedback is important
for tasks like MLE bench, it might increase costs without resulting in substantial performance im-
provements in other settings. In this sense, it is unclear whether there is as of yet a code evolution
agent that can perform well universally, beyond the capabilities trained into its base model.

In conclusion, future works should:
• Ensure methods are fairly compared, using the same language models, domain knowledge

in prompts, verifiers and hence search spaces, and budgets. It is important to be specific
about a problem’s main constraint, whether it is an API cost, function evaluations, wall-
clock time, or something else entirely.

• When designing agentic scaffolds, make sure to evaluate a sufficient number of samples
during both evolution and test time, compare methods using a probability of improvement
or the probability of dominance, and report 95% confidence intervals to ensure results are
not spurious. While searching for scaffolds, use an evaluation cascade to keep the search
economically feasible while minimizing stochasticity.

• Be clear whether the work proposes a search method or solely demonstrates a scientific
discovery. For scientific discovery, the main research contribution may be not the search
pipeline but the domain knowledge used, both in the prompt and in designing the search
space. When proposing search methods, use simple baselines!

IMPACT STATEMENT

Better baselines and experimental methodology can help improve scientific rigor and produce ad-
vancements in code evolution. However, this can also lead to a false pretense of results being better
if comparisons are not done properly, see Figure 3. Better statistical testing should be done thought-
fully as otherwise it is prone to common misinterpretations and various pitfalls, such as p-hacking.
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Following Agarwal et al. (2021), we recommend avoiding tests that use p-values or have binary
significant/non-significant outcomes.

While improvements in code evolution can result in new scientific discoveries, these improvements
come with various unknown and potentially negative effects on society. Automation can lead to job
loss and other social problems that would need to be dealt with by policymakers.

Code evolution research can be expensive, especially when requiring more baselines and thorough
evaluations. This could make it difficult for some communities to partake in this work. To mitigate
this, in Appendix N we discuss ways to make code evolution development cheaper, so it can be more
accessible while still being scientifically rigorous.
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A RELATED WORK

Although modern code evolution relies on LLMs, code evolution as a term has existed at least as
far back as 1999 (Keller & Banzhaf, 1999). Although only an emerging field, there are a plethora
of works on code evolution, with this work focusing on a representative few (see Appendix P for an
extended discussion). Some earlier LLM-based code evolution methods have components similar to
the two given baselines. FunSearch (Romera-Paredes et al., 2024) and AlphaCode (Li et al., 2022)
have components similar to IID RS.

There are also works that implement pipelines similar to SCS, often with domain-specific adjust-
ments. For example, Ma et al. (2023) use an SCS-like code evolution pipeline to find better reward
functions for reinforcement learning environments.

Various existing works discuss sample-efficient code evolution. Lange et al. (2025) present ShinkaE-
volve, a code evolution pipeline that is claimed to be sample-efficient and open-ended. Our experi-
ments show that its sample-efficiency might stem not from the pipeline but auxiliary factors, such as
its prompts. Chen et al. (2023) show that in some classic programming settings teaching a language
model to debug significantly improves its sample efficiency. This is in-line with our observations in
section 6, where without debugging code evolution pipelines rarely produce a valid program.

In other subfields, especially reinforcement learning, there have been many efforts to improve the
field’s robustness. Henderson et al. (2018) discuss difficulties in reproducing existing work in RL
while Agarwal et al. (2021) showcase problems in evaluations, proposing various best practices.
Goldie et al. (2025) compare a variety of meta-RL algorithms, discussing best practices for future
work.

Regarding agentic scaffolds, El et al. (2025) discuss inefficiencies in searching for agentic scaffolds.
They note that typical scaffolds are expensive to run when measured based on the price per correct
answer, but do not compare to different search methods or propose methods to make the search
cheaper.

B ALPHAEVOLVE PROBLEMS

Table 2 lists the 9 problems used in section 4, taken from Novikov et al. (2025).

C FINDING BOUNDS FOR MATH PROBLEMS TECHNICAL DETAILS

For the baselines we use Gemini 2.5 Pro, sampling with a temperature of 0.8, a top-p sampling cutoff
of 0.95, a thinking budget of 1024 tokens, and let each program evaluation run for at most 5 minutes.
These settings were not thoroughly tuned and chosen as they seemed like sensible defaults. IID RS
samples 2000 programs and SCS samples 20 programs per generation, having 10 generations per
trial and 6 trials overall, resulting in 1200 generated programs. This is where the numbers in Figures
1b and 1c come from. After the first generation in each trial, SCS randomly picks 3 programs that
successfully ran in the previous generation and append them and their bounds to the IID RS prompt
when generating a new program.

For fairness ShinkaEvolve had some of its hyperparameters slightly tuned, as at its default settings
it was not competitive with the baselines. Most importantly, it also uses a thinking budget of 1024
tokens, as otherwise it is much more expensive and results in far fewer generations. Other hyper-
parameters are taken from ShinkaEvolve’s default circle packing configuration, except for using 5
island subpopulations instead of 2 due to the slightly larger budget of $20 instead of the default
setup’s $12, and uses 2 programs from its archive for inspiration instead of the default 4 in order to
reduce API costs.

D OPENEVOLVE RESULTS ON MATH PROBLEMS

When running OpenEvolve (Sharma, 2025) using Gemini models we found it to often crash due to
getting None results, while also not having a way to specify LLM thinking budgets or a max API
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Table 2: Bounds of AlphaEvolve (AE) problems studied here, divided into analysis (top), combi-
natorics (middle), and geometry (bottom). The arrow next to the problem name indicates whether
it is an upper bound, so lower results are tighter and hence better (↓), or a lower bound so higher
is tighter and thus better (↑). All numbers are from Novikov et al. (2025). “Pre-AE” are the best
bounds from before Novikov et al. (2025).

Problem Input size Pre-AE Bound AE Bound AE Appendix

First autocorrelation
inequality (↓)

Unbounded, step function
heights

1.5098 1.5053 B.1

Second
autocorrelation
inequality (↑)

Unbounded, step function
heights

0.88922 0.8962 B.2

Uncertainty
inequality (↓)

3 coefficients of a Hermite
polynomial

0.3523 0.3521 B.4

Erdős’ minimum
overlap (↓)

Unbounded, step function
heights

0.380927 0.380924 B.5

Sums vs.
differences of finite
sets (↑)

Unbounded, set U ⊂ Z≥0

fulfilling some properties
1.14465 1.1584 B.6

Max–min distance
ratio for 16 2D
points (↓)

32 coordinates (16×2) 12.890 12.88927 B.8

Heilbronn triangles
n = 11, (↑)

22 coordinates (11×2) in a
unit-area triangle

0.036 0.0365 B.9

Kissing number in
11D (↑)

Largest number of 11D sphere
centers all tangent to a
common sphere

592 593 B.11

Circle packing (↑) 78 – 26 center coordinates
(26×2) and 26 radii

2.634 2.63586 B.12

budget for a run. Table 3 shows its results given 300 generations when using GPT-5.2 and GPT-
5 mini for the problems it managed to run successfully. For the six problems it ran successfully,
compared to the baselines and ShinkaEvolve OpenEvolve got an average rank of 3.08.

Table 3: Best bounds found by OpenEvolve given 300 generations using GPT-5.2 and GPT-5 mini.
“–” denotes a failed run. Arrows denote whether higher or lower is better.

Problem OpenEvolve

First autocorr. ineq. (↓) –
Second autocorr. ineq. (↑) 0.8903
Uncertainty ineq. (↓) 0.3521
Erdős’ min. overlap (↓) –
Sums/differences of sets (↑) 1.1095
Max–min dist. ratio (↓) –
Heilbronn triangles (↑) 0.0354
Kissing number in 11D (↑) 348
Circle packing (↑) 2.541

E DIFFERENT CIRCLE PACKING PROMPTS

The verify_circles function is taken from AlphaEvolve’s validation script.
${max_execution_time} is replaced with the time limit per problem, which in practice
was 300 seconds (5 minutes) for the programs in Table 1.
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The minimal domain knowledge prompt used for all tested methods in Table 1 is:

You are an expert programmer specialising in numerical optimisation. Implement a Python
function with the exact signature:↪→

def pack_circles() -> Tuple[np.ndarray, np.ndarray, float]:

The function must pack 26 non-overlapping circles into the unit square [0,1]x[0,1] so that
the sum of their radii is maximised. Returns:↪→

- centers: np.ndarray of shape (26, 2) with (x, y) coordinates
- radii: np.ndarray of shape (26,) with positive radii
- sum_radii: float = radii.sum()

You can use these predefined helper functions without redefining them:
```
import numpy as np
import itertools

def verify_circles(circles: np.ndarray) -> bool:
"""Checks that the circles are disjoint and lie inside a unit square.

Args:
circles: A numpy array of shape (num_circles, 3), where each row is

of the form (x, y, radius), specifying a circle.

Returns:
True if all circles are disjoint and fully inside the unit square,
False otherwise.

"""
# Check pairwise disjointness.
for circle1, circle2 in itertools.combinations(circles, 2):

center_distance = np.sqrt((circle1[0] - circle2[0])**2 + (circle1[1] -
circle2[1])**2)↪→

radii_sum = circle1[2] + circle2[2]
if center_distance < radii_sum: # Overlap

return False

# Check all circles lie inside the unit square [0,1]x[0,1].
for circle in circles:

x, y, r = circle
if x - r < 0 or y - r < 0 or x + r > 1 or y + r > 1:

return False

return True
```

All circles must be fully inside the square and not overlap. You have up to
${max_execution_time} seconds for your solution to run. Please only supply the code for
pack_circles, please define helper functions inside it.

↪→
↪→

The prompt used for the IID RS domain knowledge experiment mentioned in section 4 is:

You are an expert programmer specialising in numerical optimisation. Implement a Python
function with the exact signature:↪→

def pack_circles() -> Tuple[np.ndarray, np.ndarray, float]:

The function must pack 26 non-overlapping circles into the unit square [0,1]×[0,1] so that
the sum of their radii is maximised. Returns:↪→

- centers: np.ndarray of shape (26, 2) with (x, y) coordinates
- radii: np.ndarray of shape (26,) with positive radii
- sum_radii: float = radii.sum()

You can use these predefined helper functions without redefining them:
```
import numpy as np
import itertools
from typing import Tuple
from scipy.optimize import linprog

def verify_circles(circles: np.ndarray) -> bool:
"""Checks that the circles are disjoint and lie inside a unit square."""
for circle1, circle2 in itertools.combinations(circles, 2):

center_distance = np.sqrt((circle1[0] - circle2[0])**2 + (circle1[1] -
circle2[1])**2)↪→

if center_distance < circle1[2] + circle2[2]:
return False

for x, y, r in circles:
if x - r < 0 or y - r < 0 or x + r > 1 or y + r > 1:

return False
return True
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def compute_max_radii(centers):
n = len(centers)
centers = np.array(centers)

# upper bounds from boundary constraints
u = np.min(np.vstack([centers[:, 0], 1 - centers[:, 0],

centers[:, 1], 1 - centers[:, 1]]), axis=0)

# Objective: maximize sum r_i -> minimize -sum r_i
c = -np.ones(n)

# Constraints A_ub @ r <= b_ub
A = []
b = []

# boundary constraints: r_i <= u_i
for i in range(n):

row = np.zeros(n)
row[i] = 1.0
A.append(row)
b.append(u[i])

# pairwise non-overlap constraints: r_i + r_j <= d_ij
for i in range(n):

for j in range(i + 1, n):
dij = np.linalg.norm(centers[i] - centers[j])
if dij < u[i] + u[j]: # only add if potentially active

row = np.zeros(n)
row[i] = 1.0
row[j] = 1.0
A.append(row)
b.append(dij)

A = np.array(A)
b = np.array(b)

# bounds: r_i >= 0
bounds = [(0, None) for _ in range(n)]

res = linprog(c, A_ub=A, b_ub=b, bounds=bounds, method="highs")

if not res.success:
raise RuntimeError("LP solver failed: " + res.message)

radii = res.x
return radii

```

All circles must be fully inside the square and not overlap. You have up to
${max_execution_time} seconds for your solution to run. Please only supply the code for
pack_circles, please define helper functions inside it.

↪→
↪→

F BOOTSTRAP ESTIMATE

IID Random Sampling. Here the bootstrap estimate amounts to calculating a pass@k. Under
a given budget we find the last generation ShinkaEvolve reached before exceeding it, and as its
score take the best bound found until then. If the budget allows sampling k IID programs then the
probability of sampling one that matches or outperforms Shinka’s score can be approximated by
repeatedly sampling k programs out of the n total generated, here being 2000, and seeing if any
match or exceed Shinka’s score. If c is the number of programs that match/exceed code evolution’s

score this probability estimate can be analytically calculated as 1− (n−c
k )
(nk)

as per Chen et al. (2021).

The average IID cost per program is estimated as the average cost over all sampled programs, so
small cost differences between individual generations are ignored.

Sequential Conditioned Sampling. For the SCS bootstrap estimate it is important to consider a
realistic scheme of how a given budget would be exhausted, with different setups potentially yielding
different results. Here it is assumed that a budget is used up, generation by generation, until a trial
is exhausted, after which a new trial is begun. The bootstrap is estimated by picking a random trial,
seeing up until which generation in it can be searched under the given budget, and if the trial is
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exhausted then continuing to one of the remaining trials. This is how the results in Table 1 were
picked, except after exhausting a trial the next was picked not at random but chronologically.

Formally, if p≥Shinka(B, T ) is the probability of matching/exceeding a bound s given a budget B and
a set of trials T , where trial t ∈ T ’s budget is bt, then p≥Shinka is recursively defined as

p≥Shinka(B, T ) =
1

|T |
∑
t∈T

max(1max(t)≥s, p≥Shinka(B − bt, T \ {t})) (1)

This assumes that all T trials are within the budget, where in practice some might not be while
others are. In these cases the sum is only over the trials within budget. For minimization problems
the max(t) ≥ should be changed to min(t) ≤.

Confidence Intervals. In both cases confidence intervals are calculated by bootstrapping over the
bootstrap, i.e. picking programs/trials with replacement, calculating their probabilities of match-
ing/exceeding, and then calculating the 2.5% and 97.5% quantiles over this empirical distribution
over the matching/exceeding probabilities. Note that the uncertainties, e.g. in Figure 5, is large as
there is often a ¿2.5% probability of getting a worse answer than ShinkaEvolve. However, these
estimates are likely overly negative as there exists counterfactual information for worse answers –
other sampled programs – but not for getting a better answer. This coupled with the probability of
matching/exceeding’s calculation being nonlinear is why the uncertainties are asymmetric and tend
to have low lower bounds.

G FIGURE 2 PER-PROBLEM BREAKDOWN

See Figure 5.

H MATH BOUNDS PER-PROGRAM EVALUATION SAMPLE EFFICIENCY

Figures 6 and 7 show respectively the aggregate and per-problem probability of the baselines match-
ing/exceeding Shinka when the budget is defined not by the API cost but the number of evaluated
programs. ShinkaEvolve evaluates one program per generation while the baselines evaluate one pro-
gram per sample. Note that for a set API budget Shinka runs until different numbers of generations,
as the average cost per program differs per problem.

Shinka being a bit cheaper per program, perhaps due to also using some cheaper LLMs, results in
the final probabilities in Figure 6 being lower than those in Figure 2, but only slightly.

I IMPROVED UNCERTAINTY INEQUALITY FORMULATION

We first describe the problem in its generality, based on Appendix B.4 of Novikov et al. (2025)
and (Gonçalves et al., 2017, p. 679). For a function f : R → R define its Fourier transform
as f̂(x) =

∫∞
−∞ f(t)e−2πixtdt. Let the radius of the smallest disc for which outside of it f is

nonegative be defined as A(f) := inf({r > 0|∀|x| ≥ r : f(x) ≥ 0}). In the uncertainty inequality
problem we wish to find the smallest constant C for which A(f)A(f̂) ≥ C, under the conditions
where a) f is even and b) max(f(0), f̂(0)) ≤ 0.4

Denoting the nth Hermite polynomial as Hn, Gonçalves et al. (2017, p. 697) show that functions of
the form f(x) =

∑∞
n=0 αnH4n(

√
2πx)e−πx2

fulfill the two conditions given that the coefficients
αn are chosen so f(0) = 0. As here f̂(x) = f(x), this automatically fulfills condition b). As even
Hermite functions are even, this fulfills condition a).

Gonçalves et al. (2017) construct their lower bound of 0.3523 by setting all αn except for
α0, α1, α2, α3 to zero and numerically finding which αs minimize C. This is the formulation also
used by Novikov et al. (2025) and in our Table 1.

4For this last condition Novikov et al. (2025) mistakenly state it as < 0, see Gonçalves et al. (2017, p. 679).
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Figure 5: Per-problem probability of matching/exceeding ShinkaEvolve for the two baselines.
Shaded regions are 95% confidence intervals.

We modify this formulation in two ways. First, Novikov et al. (2025) use physicist’s Hermite poly-
nomials, where the leading coefficient of Hn is 2n. This leads to numerical instabilities when
attempting to use higher orders. Instead, we use the probabilist’s Hermite polynomials, which are
the same but rescaled, so Hen := Hn

2n , resulting in the leading coefficient for all polynomials being
one. Our second modification is setting all αs beyond α7 to zero instead of α3. This allows f(x) to
represent a larger class of functions. It is likely possible going beyond α7 and reducing the bound
further but we encountered numerical instabilities when trying to do so, likely from using very high
order polynomials.

J AGENT EVOLUTION TECHNICAL DETAILS

Lange et al. (2025) use Gemini-2.5 Pro, GPT-o4 mini, and Claude 4 Sonnet for ShinkaEvolve’s meta-
agent when designing scaffolds. IID RS here uses their prompt and with Gemini-2.5 Pro, without
a limit on the thinking budget as the cost for designing a scaffold is almost negligible relative to
the evaluation costs. ADAS is run using GPT-4o and by manually changing the ADAS prompt for
the GPQA dataset to fit AIME’s format, as ADAS has specialized prompts to fit its general setup.
We attempted running ADAS with Gemini-2.5 Pro as its meta-agent but found it to perform worse,
often yielding pipelines that fail due to creating plots or trying to evaluate code its evaluation agent
would produce. For all methods the scaffold was limited to use up to 10 LLM calls per question.

Following ShinkaEvolve, each scaffold is evaluated on AIME 2024 three times. Each year the AIME
competition consists of 30 questions, so this results in 90 question evaluations overall.
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Figure 6: For each baseline, the average probability of matching or exceeding ShinkaEvolve across
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are 95% confidence intervals.
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confidence intervals.
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K PROBABILITIES OF IMPROVEMENT AND DOMINANCE

Probability of Improvement. Given methods A,B that get scores a1, ..., aN and b1, ..., bN on some
benchmark, following Agarwal et al. (2021) the probability of improvement is

P (A > B) =
1

N

N∑
i=1

S(ai, bi) where S(a, b) =


1, if a > b,
1
2 , if a = b,

0, if a < b.

(2)

Note that uncertainty over P (A > B) can also be calculated using a bootstrap estimate. In cases
where the probability of matching or exceeding is of interest, as in some parts of this work, the 1

2
for when a = b can be replaced with a 1. See Agarwal et al. (2021) for additional discussions.

Probability of Dominance. The probability of dominance is the probability method
A1 is better than (“dominates”) methods A2, A3, ..., AM . We denote their scores as
a
(1)
1 , a

(1)
2 , ..., a

(1)
N , a

(2)
1 , a

(2)
2 , ..., with the upper index indicating the method. P (A1 >

A2, A3, . . . , AM ) is defined as

P (A1 > A2, A3, . . . , AM ) =
1

NM

∑
a(1)∈A1

· · ·
∑

a(M)∈AM

S
(
a(1), . . . , a(M)

)
, (3)

where

S(a(1), . . . , a(M)) =


1, if a(1) > maxm≥2 a

(m),

1∣∣{m ≥ 2 : a(m) = a(1)}
∣∣ , if a(1) = maxm≥2 a

(m),

0, otherwise.

(4)

The second case in S means that success probabilities are evenly split across the top methods in
the case of ties. We refrain from the notation P (A1 > max(A2, ..., AM )) as the probabilities are
calculated over the empirical distributions, not point estimates. Although illustrated here for A1

versus A2, ..., AM note that the method ordering is arbitrary.

Although it is expensive to calculate the probability of dominance exactly, it can be efficiently esti-
mated using Monte-Carlo. Comparing more methods will lead any individual method’s probability
of dominance to generally be lower, with several top methods likely having similar probabilities.

Using Probability of Dominance with Evaluation Cascades. We refrain from giving exact pre-
scriptions as to the number of questions and cascades as what is sufficient is likely case dependent,
noting that 300 questions is a sensible minimum for an expensive evaluation. As the effects of
stochasticity worsen as more scaffolds are evaluated, stricter cascades should be used, using inde-
pendent reruns to ensure an agent’s performance is not spurious.

L MLE BENCH RESULTS AND TECHNICAL DETAILS

To see how the baselines compare to code evolution for tasks with a limited wall-clock time we
test their performance on MLE bench, a benchmark of Kaggle competitions (Chan et al., 2024).
For each competition, each method is given 24 hours to produce a high-performing solution. All
methods select their best-performing solution based on its validation accuracy. All reported runs are
given access to a single RTX 8000 GPU with 12 CPU cores. We use the ten-competition subset of
Schmidgall et al. (2025) for evaluating the different methods.

We compare the baselines to AIDE, a code evolution pipeline designed specifically for Kaggle com-
petitions (Jiang et al., 2025). Chan et al. (2024) find that on MLE bench AIDE outperforms other
code evolution systems, such as MLAB (Huang et al., 2023) and OpenHands (Wang et al., 2024).

L.1 TECHNICAL DETAILS

We use AIDE prompts for the baselines, removing references to memory (previous programs) and
using a single trial for SCS due to the time limit. All methods use Gemini-2.5 Pro and rely on the
AIDE and MLE bench setups given in Toledo et al. (2025).
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Table 4: Human baseline metrics and results for different methods on the Kaggle competitions.
SCS matches or exceeds AIDE on 6/10 competitions while IID RS matches or exceeds it on 3/10.
Median is the median score in the competition, with bronze, silver, and gold denoting the cutoff
score to receive each medal. ∗,+,× denote scores that would have gotten bronze, silver, or gold
medals respectively. Best and second-best method results per competition are respectively shown
in bold and underlined. Human baseline metrics are from Schmidgall et al. (2025). Unabbreviated
competition names are given in Appendix M.

Human baseline metrics
Competition Median Bronze∗ Silver+ Gold× AIDE IID RS SCS

Insult Detection (↑) 0.778 0.791 0.823 0.833 0.9135× 0.9056× 0.8460×
Dec. 2021 Tab. (↑) 0.953 0.956 0.956 0.956 0.9620× 0.9621× 0.9623×
Trans. Conduct. (↓) 0.069 0.065 0.062 0.06 0.0619+ 0.0620+ 0.0616+
Engl. Txt (↑) 0.990 0.990 0.991 0.997 0.9823 0.9332 0.9913+

May 2022 Tab. (↑) 0.972 0.998 0.998 0.998 0.9965 0.9140 0.9839
Random Pizza (↑) 0.599 0.692 0.724 0.979 0.6820 0.6206 0.6891
Spooky Author (↓) 0.418 0.293 0.269 0.165 0.2883∗ 0.4468 0.4031
Toxic Jigsaw (↑) 0.980 0.986 0.986 0.987 0.9807 0.9780 0.9863+

Russ. Txt (↑) 0.975 0.975 0.982 0.990 0.9756∗ 0.9735 0.9453
NYC Taxi (↓) 3.597 2.923 2.881 2.337 11.460 5.1483 5.9758

# competitions ≥ Median 8 4 8
# competitions ≥ Bronze 5 3 5
# competitions ≥ Silver 3 3 5
# competitions ≥ Gold 2 2 2

Notably, due to the competitions’ intricacy, zero-shot generated programs almost never run without
errors. This is due to there being many details in the dataset or the environment that might not be
mentioned in the competition’s description, e.g. very few samples in some classes leading mod-
els to fail when expecting at least a certain number of data points. Thus, we add a step to both
baselines, where after generating a solution they iteratively debug it until it runs successfully. This
results in slightly more complicated baselines and demonstrates a domain in which textual feedback
is evidently important for functional code evolution, unlike the previous two. Unlike AIDE, the
baselines do not include explicit fitness-based selection or a memory of all past programs and their
performance.

M FULL MLE BENCH COMPETITION NAMES

Table 5 lists the unabbreviated names of the competitions in Table 4.

Table 5: Competition abbreviations and full names.

Abbreviation Full Competition Name

Insult Detection Detecting Insults in Social Commentary
Dec. 2021 Tab. Tabular Playground Series – December 2021
Trans. Conduct. Nomad2018: Predict Transparent Conductors

Engl. Txt Text Normalization Challenge – English Language
May 2022 Tab. Tabular Playground Series – May 2022
Random Pizza Random Acts of Pizza
Spooky Author Spooky Author Identification
Toxic Jigsaw Jigsaw Toxic Comment Classification Challenge

Russ. Txt Text Normalization Challenge – Russian Language
NYC Taxi New York City Taxi Fare Prediction
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N TIPS FOR ECONOMICALLY FEASIBLE CODE EVOLUTION DEVELOPMENT

Many of the experiments in this paper are expensive. To enable easier development of code evolution
methods we discuss a few tips to help keep costs low.

First, when developing, one could use a cheaper LLM. For diagnostics we used Gemini-2.5 Flash
Lite or Flash instead of Pro and sampled fewer programs. Another option is to use open-source
LLMs which allow self-hosting. E.g. Toledo et al. (2025) use a Deepseek model instead of API calls,
although they do it to have a higher throughput due to API rate limits. However, open-source models
have the clear downside of being generally less capable than various closed source counterparts, and
still require renting GPUs if there are none available.

Second, when evaluations are expensive, there are ways to make them cheaper. The evaluation
cascade described in section 5 helps keep the cost of agent evaluations low while still reducing
stochasticity. Schmidgall et al. (2025) run MLE bench experiments on laptop CPUs, thereby requir-
ing only API calls and no GPUs. Although this limits their available toolset, it still allows comparing
different pipelines.

O WHY WERE THE DISCOVERED SHORTCOMINGS NOT SEEN PREVIOUSLY?

First, in many code evolution works, different contributions are conflated, so baselines are often
ignored. For example, Novikov et al. (2025) give two main contributions: they both introduce a
search method, AlphaEvolve, and also demonstrate various scientific discoveries and optimizations
it helped them make. Both are likely valuable in and of themselves, but a good scientific discovery
does not necessarily mean that the method used to find it is performant. Thus, it is important to be
clear when proposing search methods and when exhibiting a discovery. Search methods should be
benchmarked under fair conditions and relative to simple baselines. Scientific discoveries should be
clear about what expert knowledge was required for the search pipeline to achieve its result.

Second, if not tightly controlling for fair comparisons, there can be apparent improvements which in
practice stem not from the code evolution pipeline but something else, such as domain knowledge.
Lange et al. (2025) compares to several other methods’ published results and sample efficiencies on
circle packing, but do so while using different prompts and hence domain knowledge. This is largely
due to the nascent state of code evolution as an emerging field, with differences between prompts
potentially being seen as unimportant. In general, methods should be compared using as similar
of a setup as possible. The baselines in our work provide an exciting opportunity from which to
methodically build principled methods, where each component is ablated and has a clear contribu-
tion. There are other kinds of accidental unfair comparisons we did not demonstrate but likely exist.
For example, on search problems – like finding mathematical bounds – tuning hyperparameters can
artificially improve a method’s sample efficiency, as the budget used for the tuning should count
towards the overall search.

Another reason why some of these shortcomings were missed is that code evolution is expensive and
time-consuming to run, necessitating the development of better benchmarks. Some benchmarks, like
MLE bench, are very expensive to fully evaluate, with Toledo et al. (2025) using an estimated 50k-
100k H100 hours to thoroughly compare several different methods. This limitation applies to many
works using code evolution, including this one, with it and other limitations discussed in Appendix
P.

P LIMITATIONS

Although this work aims to enable better comparisons in code evolution, its main limitation is its
lack thereof, this being due to a few reasons. First, many code evolution pipelines are designed and
demonstrated over specific purposes, such as finding better rewards in RL environments (Ma et al.,
2023), scientific discovery (Mitchener et al., 2025), and discovering preference optimization algo-
rithms (Lu et al., 2024), with some of these pipelines not being open-source. As there is relatively
little standardization, setting up and comparing a method on a new setup requires nontrivial effort.
Moreover, drops in performance are then not clearly from a search method underperforming but
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potentially due to misapplying it. Greater standardization in code evolution, across benchmarks and
tasks, would enable better comparisons in future work.

In addition to this, code evolution suffers from being costly to run, thereby limiting the number of
experiments which are economically feasible. We discuss ways to make it cheaper in Appendix N,
but these are not yet standard within the community. Evaluation costs are why most experiments
chiefly use Gemini models as well. Shifting to cheaper evaluation and benchmarking methods would
additionally allow better comparisons in future works.

Magnitudes of improvements are not compared for the mathematical bounds and machine learning
competitions’ results as small magnitudes can be meaningful, making it unclear how to compare
them. For example, the difference between the SCS and ShinkaEvolve circle packing bounds in
Table 1 is on the order of 10−4. This difference is meaningful when it is close to the best found bound
but generally meaningless otherwise. Instead, we opt to use pairwise comparisons as they can be
meaningfully interpreted, with the downside of results over individual tasks being less meaningful.

Specifically for the MLE bench experiments, we note that although AIDE is more complicated than
the baselines, it is still simpler than some other code evolution systems. We are unaware of a code
evolution method that is both more complicated and more performant on MLE bench, and compare
to AIDE due to it being well known.
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