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ABSTRACT

In order to automate AI research we introduce a full, end-to-end framework,
OMEGA: Optimizing Machine learning by Evaluating Generated Algorithms,
that starts at idea generation and ends with executable code. Our system com-
bines structured meta-prompt engineering with executable code generation to cre-
ate new ML classifiers. The OMEGA framework has been utilized to generate
several novel algorithms that outperform scikit-learn baselines across a robust se-
lection of 20 benchmark datasets (infinity-bench). You can access mod-
els discussed in this paper and more in the python package: pip install
omega-models.

1 INTRODUCTION

The evolution of machine learning (ML) models has historically been driven by the manual deriva-
tion and implementation of novel algorithms. However, the transition from a theoretical hypothesis
to a production-ready, validated implementation remains a high-friction process. Translating a novel,
non-intuitive idea into executable code often requires extensive debugging for both coding and inte-
gration within existing pipelines. While existing automation techniques, such as Neural Architecture
Search (NAS) and AutoML, have succeeded in optimizing hyperparemeters and layer choice within
fixed layer types, the discovery of entirely new algorithmic logic remains largely a manual endeavor
(Zoph & Le}, |2016; [Real et al.| [2020).

In this paper, we propose a shift in how we utilize Large Language Models (LLMs) for machine
learning research. Instead of treating LLM outputs as static text artifacts, we treat them as executable
learning systems. We investigate whether LLMs can reason about and generate novel algorithms
that are competitive with established baselines without human intervention. To facilitate this, we
introduce OMEGA, a framework that specializes LLM synthesis for the creation of standardized,
API-compliant machine learning estimators. OMEGA bridges the gap between raw code generation
and systematic algorithmic evaluation, enabling a closed-loop system for algorithmic discovery.

1.1 DETAILED CONTRIBUTIONS
Our contributions are fivefold

1. We propose OMEGA: an automated end to end framework that allows developers to enter
a simple prompt for a novel classification model and return compile-error free, scikit-learn
compatible code that has been evaluated on our benchmarking dataset.

2. We propose infinity-bench: A benchmark to evaluate classifcation models on ro-
bustness and accuracy.

3. We analyze 2 (of many) novel classification models generated using OMEGA, that out
perform scikit-learn baselines.

4. We present an analysis comparing 4 popular LLMs’ coding ability.
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5. We present results regarding recursive self prompting and code improvement across 4
LLM’s used in OMEGA.
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Figure 1: Core OMEGA Framework

1.2 BRIEF LITERATURE REVIEW

OMEGA is at the intersection of automated discovery, meta-learning, and neural program synthesis.

AutoML and Architectural Discovery: Traditional AutoML has primarily focused on structured
search over fixed sets of algorithms and hyperparameters to optimize performance for specific data
manifolds (Hutter et al.,|2019). Early efforts in algorithmic generation utilized genetic programming
and evolutionary algorithms to evolve programs via natural selection, though these methods often
struggled with the complexity of modern ML architectures (Kozal [1992). This led to the rise of
Meta-learning and Neural Architecture Search (NAS), where systems optimize learning strategies
using reinforcement learning and Bayesian optimization (Zoph & Le, 2016; |Snoek et al., 2012; [Finn
et al.l [2017; |[Elsken et al.,[2019).

Autonomous Algorithmic Discovery: Recent work has pushed discovery beyond architectural tun-
ing toward the creation of new mathematical logic. AlphaEvolve demonstrated that machine learn-
ing algorithms could be evolved from basic primitives (Real et al.} 2020). In parallel, systems like
AlphaTensor and FunSearch have discovered non-intuitive and provably correct algorithms for fun-
damental tasks by combining deep learning with automated evaluators (Fawzi et al.,[2022; |Romera-
Paredes et al.,2024)). Furthermore, OMEGA is inspired by the emergence of “Al Scientists”, which
have suggested a future where the entire research pipeline, from hypothesis generation to paper
writing, is fully automated (Lu et al.,|2024; |Akiba et al.| [2024).

Program Synthesis via LLMs: Current advances in neural program synthesis have transitioned
from simple code completion to functional, natural-language-driven logic generation. Benchmarks
such as HumanEval have established the baseline for functional correctness in LLM-generated code
(Chen et al., 2021). Modern execution environments now enable iterative debugging and closed-
loop execution within the model’s workflow (OpenAl, 2023bja). OMEGA builds on this shift by
directing this generative capacity toward the synthesis of industry-standard, scikit-learn-compatible
machine learning models.

2 METHODS

The OMEGA framework mirrors a code generation framework many engineers manually utilize.
We ingest a prompt that is either entered by a user or LLM generated using some initial model
inspiration. This is used to generate code that will go through a self-healing pipeline to ensure
execution capability before being evaluated on our benchmark. We dive into each of these steps
below.
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2.1 IDEA GENERATION

To generate executable algorithms, we adopt two complementary approaches: autonomous hypoth-
esis generation by language models and human-submitted algorithmic ideas.

LLM Ontology Search: To trigger an LLM generating ideas itself, we provided a list of Models and
Research Principles. For each of the models provided, we prompted the LLM to use the principles
to generate 10 unique, novel ways to modify the base models. We parse through the list of ideas and
use them as individual prompts for actual code generation. This mirrors prior work on meta-learning
and computational creativity, where systems explore structured spaces of solutions (Vilalta & Drissi,
2002; Colton & Wiggins, 2008)).

Human Prompted Ideas: Simultaneously, we allowed humans to submit prompts to OMEGA
regarding novel ideas they had for new models. These ideas were entered in the framework at the
same point as the parsed ideas from LLM generation.

2.2 CODE GENERATION

Once the LLMs returned the responses for the prompts, the responses were parsed to extract the
executable code. During this stage, we prioritized two things (1) easy integration with existing
pipelines and (2) eliminating the need to revise the algorithm.

Scikit-Learn Design Patters: For the former goal, we enforce scikit-learn design patterns
by requiring generated models to inherit from BaseEstimator and implement .fit () and
.predict (). This aligns with established API conventions that prioritize composability, eval-
uation consistency, and reproducibility (Pedregosa et al., 2011} Buitinck et al., |2013). We treat
scikit-learn as a domain-specific language (DSL) for algorithm generation. Thus, when using the
algorithms from the package, it is easy to integrate into existing scikit-learn workflows.

Self-Healing: For the latter goal, the framework includes a self-healing mechanism in which the
error stacktrace is captured and fed back into the generation loop. This is inspired by similar
execution-based validation strategies that have proven critical for reliable code synthesis and re-
producible research (Gundersen & Kjensmo, |2018}; |Aho et al., [2006; |Chen et al., 2021). After a
fixed set of retries, if the code fails to self heal, we don’t return any code and instead ask the user
to try again. This process is required to ensure that all classifiers that we publish are error-free, as
unexamined code is often useless (Wang et al., [2025)).

2.3 EVALUATION AND INFINITY-BENCH

Each valid model is evaluated on 20 classification datasets sourced from scikit-learn and OpenML
(Vanschoren et al., 2014). To account for the variation in the datasets, we use min-max normalized
accuracy and aggregate performance between datasets, following best practices for multi-data set
evaluation (Demsar, [2006)).

Performance Score: Performance is purely evaluated on the basis of classification accuracy. How-
ever, we quickly found that certain included datasets were easier to perform well (many models
were able to achieve near 100% accuracy). Since our datasets have varying difficulty levels, we rank
ranking algorithms relative to each other on each dataset, then aggregating these rankings (Brazdil
et al.,2009). This allows us to compare relative performance rather than absolute performance to
account for dataset difficulty. The accuracy for each model on each is calculated as follows:

Sm,d — Ming

Npd = ———————
maxg — ming

Where s, 4 is the accuracy of the model on dataset d, and ming and mazxq are the scores of the

worst and the best models, respectively. We then take the average score of the model across all 20

datasets to compute the min-max score per model:

1
Min-MaXm = 6 Z Nim,d
1Pl ien
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Figure 2: Best Models vs Scikit-Learn Baselines (Min-Max Score)

Dataset Diversity: By only focusing on classification, we were able to ensure

1. models were properly formatted (important for the self healing property)

2. models were easily comparable

However, within classification, we ensured that we had dataset diversity via numerical and categor-
ical features, varying dataset size, binary and multiclass data that spanned various fields including
bio, medicine, education, etc.

While our models haven’t been tested on differing types of datasets (i.e., image/video), the core
OMEGA framework can virtually be abstracted to any use case and is only constrained by the
LLM’s ability to handle complexity. While we recommend using the models presented in this paper
and in our python package for classification tasks, we would encourage users to utilize the OMEGA
framework for any other use cases.

Benchmark Dataset With recent agentic developments, particularly with coding agents, algorithmic
development within existing environments has become far easier. In order to establish a universal
way to test classification model creation, we propose the infinity-bench, arepository contain-
ing our these datasets that can be used to test newly generated classification models on and evaluate
and compare their performance.

2.4 LIBRARY CREATION

OMEGA democratizes the models that are created by including the top models in a python package
(omega-models) that can be easily imported and utilized on other datasets. By ensuring that
models take the format of scikit-learn packages, these imports can be seamlessly integrated with
existing workflows.

3 OMEGA-GENERATED MODEL RESULTS

3.1 Topr GENERATED MODELS

Above (Figure [2) we include the top performing algorithms as well as their aggregate score com-
pared to the scikit-learn baseline algorithms (shown in blue).

These figures demonstrate the viability of the OMEGA framework for the ideation and creation
of classification modules. Below we do a deeper dive into two of the generated algorithms, one
that is human prompted (#1. MetaSynthesisClassifier Section and one that was au-
tonomously LLM prompted (#4. Directional Forest Section ﬁ better understand the
novelty of algorithms generated by OMEGA). Models generated by Anthropic’s Claude Sonnet 4.5.
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3.2 METASYNTHESISCLASSIFIER

The MetaSynthesisClassifier represents a meta-learning approach to ensemble synthesis,
specifically utilizing a stacked generalization architecture. Stacking is an ensemble technique in
which a meta-learner is trained to optimally combine the predictions of several base models to
improve generalization (Wolpert, [1992). The core objective is to have base learners and then treat
the combination of these learners as a secondary supervised learning task. The code can be found in

Appendix [AT]
3.2.1 ALGORITHM

We define the system as a hierarchical set H = {&, M, }, where £ = {E, Es, ..., E,, } is a set of
heterogeneous base estimators (e.g., Logistic Regression, Random Forest, and Decision Trees) and
My, is the meta-estimator responsible for optimal synthesis.

Meta-Feature Generation: For a training sample (x;, y; ), the meta-feature vector z; is constructed
by concatenating the probability outputs of the base estimators, essentially storing the opinion of all
the base estimations:

zi = [Py | xi; V), ... Py | x5 ESR) (1)

where E™%) is trained on a subset of data that excludes sample ¢. This is mainly done to prevent
data leakage and ensure the meta-classifier will not inherit the training-set bias of base learners and
actually learn the relative reliability and error correlations of the generated algorithms based on their
performance on previously unseen instances.

Meta-Level Synthesis: Once the meta-features Z are generated for the entire training set, the meta-
estimator My is trained on the mapping from the base learners’ collective predictions to the true
labels. This optimization problem is defined as:

min}  £{y:, f(zi; 1)) @
=1

This allows My, to learn which base learners are most reliable for specific patterns in the predic-
tion space, effectively weighting their influence based on their historical accuracy during the cross-
validation stage

Final Inference: During inference, a test sample x* is passed through the fully-trained base ensem-
ble £ to produce the latent vector z*. The final prediction  is then derived from the meta-classifier’s
evaluation of that synthesized vector:

y = argmax,.P(y = c|z"; My) 3)

°
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Figure 3: MetaSynthesisClassifier vs Scikit-Learn Individual Dataset Scores
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By learning to synthesize the diverse biases of the base learners, the
MetaSynthesisClassifier achieves a lower generalization error than individual learn-
ers by finding the optimal manifold in the prediction space.

3.2.2 RESULTS

As seen in Figure 5| MetaSynthesisClassifier demonstrates exceptional robustness. By
adaptively learning to combine the strengths of linear models and tree-based ensembles, it success-
fully navigates different manifold complexities across the 20 benchmark datasets.

3.3 DIRECTIONALFOREST

The DirectionalForest incorporates feature directionality into an ensemble of decision trees
to align the input space with class-specific statistical deviations. This algorithm was generated by
the OMEGA framework to investigate whether pre-calculating feature orientations can improve the
split efficiency of standard ensemble methods (Masoomi et al., [2023)). The code can be found in

Appendix[A2]
3.3.1 ALGORITHM

We define the forest as an ensemble & = {T},T5, ..., T, }, where each T; is a decision tree trained
on a modified feature space. The core mechanism is the computation of a directionality vector
d € {~1,0,1}/ that rescales features based on their relationship with class means.

Feature Directionality Calculation: For a training set (X, y), we first compute the mean vector for
each class c € C, denoted as ., and the global mean of the dataset u,. The directionality vector d
is calculated as the sign of the sum of deviations:

d=sgn (> (me—py) )

ceC

Directional Transformation: Before training each tree 7; and during inference, the input features
x are transformed into a directional space x4, via an element-wise product with the directionality
vector:

Xair =X 0O d ®)

This transformation serves as a primitive form of feature engineering that attempts to orient the
features such that splits in the decision trees are more discriminative relative to the global mean.

Accuracy

0.2 HistGradientBoost
—— LogisticRegression
—— RandomForest
MLPClassifier
~®- DirectionalForest

Sklearn/OpenML Datasets

Figure 4: DirectionalForest vs Scikit-Learn Individual Dataset Scores
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Final Inference: The forest utilizes a plurality voting mechanism to determine the final class label.
For a set of predictions from the ensemble {§1, 2, . . ., n }, the final prediction ¢ is:

§ = mode({T;(x © d)}iL,) (6)

The algorithm essentially enforces a consistent orientation of the feature space across all learners.
By calculating the aggregate sign of class-wise deviations, it attempts to normalize the direction of
feature importance, allowing the decision trees to focus on capturing non-linear interactions rather
than discovering feature polarity.

3.3.2 RESULTS

A closer look at the evaluation metrics shows that the DirectionalForest demonstrates signif-
icant stability across high-dimensional datasets. While its linear directionality assumption is simpler
than standard Random Forests, it effectively reduces variance in specific manifolds, outperforming
Scikit-learn baselines on a majority of the 20 benchmark datasets used for evaluation.

4 COMPARING LLMS WITHIN OMEGA

Once confirming that this framework could be utilized to generate novel algorithms, we conducted
a secondary experiment to determine if the LLM utilized to generate the idea for the algorithms and
then subsequently write the code made an impact on how well the model performed.

In this experiment, we tested four of the most popular code-generation LLMs: Anthropic’s Claude
Sonnet 4.5 model, OpenAI’s GPT-4.1 mini, Google’s Gemini 2.5 Flash, and xAI’s grok-code-
fast-1. (The paper up until this point has used Anthropic’s Claude Sonnet 4.5 model exclusively).
Table [5] shows four of the LLM’s performances on the top performing (by average of all LLMs)
prompts.

Across the top ten prompts, Gemini performs the best in 6, GPT in 2, and Claude and Grok both in 1.
Notably the performance across the four LLMs is quite comparable across all these prompts perhaps
alluding to the idea that prompt quality is more important than the actual LLM being used. We do a
deeper comparison on whether asking the LLM to iterate on the code vs the prompt performs better
in Section[3]

While Gemini 2.5 Flash was by far the best model at generating executable classification models,
this doesn’t necessarily correlate with the novelty of code or the ability for these LLM’s to “long-
horizon” reason and is solely evaluated on how well their generated classification models perform.

Send prompt | | Send code

( Code Improvements W

P tl t:
( romptimprovements OMEGA Framework L

Improve the <Core Idea> from the prompt Impr‘c.we;he skle.arn—fstyle cldassxﬁer
below to generate a better model ) implementation from <code>.

Use new prompt for code gen T

Parse code and enter Self-Healing Loop

Figure 5: OMEGA Prompt & Code Improvement Experiments

5 SELF-IMPROVING PROMPTS VS CODE

To further push the capabilities of the OMEGA framework, we implemented a self-improving loop;
see Figure 5] We iterated on the base architecture, so all the initially generated algorithms would:
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Table 1: Scores for Model Generation Prompts Across LLMs
(bolded by best performing LLM per prompt)

PID Prompt Summary Gemini OpenAl Claude

xAI

POl  Design a framework for incorporating domain knowledge into the Ran-  0.9307 0.9295 0.9202
dom Forests classifier through the use of abstraction layers and feature
engineering.

P02  Create a Random Forests classifier that can handle both biased and un-  0.9236 0.9179 0.9202
biased data by incorporating a bias-variance decomposition step into the
training process.

P03  Dynamically adjust the degree of feature sub-sampling randomness for ~ 0.9281 09186  0.8456
each tree based on the predictability or inherent noise level of its boot-
strap sample.

P04  Control the degree of randomness (e.g., bootstrap sample size, feature ~ 0.9208 0.9268 0.8315
subspace size) for each tree in the ensemble to explicitly target different
bias-variance tradeoffs, creating a heterogeneous mix of learners.

P05  Design multi-directional split criteria that consider both forward and  0.9113 0.8849 0.8900
backward feature dependencies.

P06  Create bags with controlled bias-variance profiles by mixing shallow  0.9177 0.8756 0.8991
high-bias and deep high-variance trees in learned proportions.

P07  Create adaptive random subspace selection where feature subset size  0.9322 0.8816 0.8456
varies per tree based on estimated intrinsic dimensionality of the boot-
strap sample.

PO8  Apply entropy-guided feature selection to prioritize features with high ~ 0.8901 0.8898 0.8914
information gain.

P09  Use hierarchical abstraction layers where shallow trees capture coarse ~ 0.9161 0.9109 0.8653
patterns and deep trees capture fine details.

P10  Integrate randomness control by varying the degree of noise injected  0.8913 0.9036 0.8468
into feature values during tree construction.

0.9123

0.9290

0.9202

0.9229

0.8826

0.9141

0.9134

0.8887

0.8578

0.8758

Average Performance 0.9162 0.9039 0.8736

0.9017

1. Generate a new prompt using the initial generation prompt as context
2. Generate new code using the old code as context

In the table below, we present these results of this experiment (conducted independently of the one
shown in Figure d)). The Average Score at Each Step contains the average score of models gener-
ated from the base generation, models generated from prompt improvements, and models generated
from code improvements. The % Improvement contains the percentage improvement from base
performance to prompt improvements and base performance to code improvements.

Table 2: Avg Scores and Percentage Improvement (bolded by best strategy for improvement)

Model Average Score % Improvement

Base Prompt Code Prompt Code

Gemini 0.885 0.894 0.890 0.90% 0.53%
GPT 0.734  0.780  0.769 4.59%  3.50%
Claude 0.770 0.859 0.818 8.88% 4.85%
Grok 0.778 0.763  0.798 -1.54% 1.95%

The results reveal that prompt tuning and optimization outperform pure code optimization for nearly
all LLMs, to varying degrees (note that part of the variance in percentage performance will be related
to the initial performance between models) (Gong et al [2025). This aligns with the vast amount
of prompt-tuning research conducted to prove that fine-tuning prompts can result in significant im-
provements (Shin et al., [2023} |Liu et al., 2025} |Peng et al., |[2024)
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6 CONCLUSION

In this work, we introduce OMEGA, a framework for end-to-end classification model generation
and evaluation. We demonstrate the efficacy of OMEGA by presenting models generated by human
and LLM prompting in this framework that are novel and outperform scikit-learn baselines on our
evaluation benchmark. We further analyze the best models to use for model generation and the best
strategies for self-improvement. We believe that this framework, and similar frameworks that will
follow, will open up the door for LLM-generated ideation and code at scale and by technical and
non technical engineers.
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A APPENDIX

A.1 SOURCE CODE: METASYNTHESISCLASSIFIER

import numpy as np

from sklearn.base import BaseEstimator, ClassifierMixin, clone

from sklearn.utils.validation import check_X_y, check_array, check_is_fitted
from sklearn.utils.multiclass import unique_labels

from sklearn.model_selection import cross_val_predict

from sklearn.linear_-model import LogisticRegression

from sklearn.ensemble import RandomForestClassifier

from sklearn.tree import DecisionTreeClassifier

class MetaSynthesisClassifier (BaseEstimator, ClassifierMixin):

def __init__(self, base_estimators=None, meta_estimator=None, cv=35,
use_probas=True, use_original_features=False):
self.base_estimators = base_estimators
self. meta_estimator = meta_estimator
self.cv = cv
self.use_probas = use_probas
self .use_original_features = use_original_features
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def fit(self, X, y):
X, y = check_ X_y(X, vy)
self.classes_ = unique_labels(y)
self.n_features_in_ = X.shape[l]

if self.base_estimators is None:
self .base_estimators_ = [
LogisticRegression(max_iter=1000, random_state=42),
RandomForestClassifier(n_estimators=100, random_state=42),
DecisionTreeClassifier (random_state =42)
]
else:
self .base_estimators_. = [clone(est) for est in self.base_estimators ]

if self.meta_estimator is None:

self . meta_estimator_ = LogisticRegression(max_iter=1000, random_state=42
else:

self . meta_estimator_ = clone(self.meta_estimator)
meta_features = self. _generate_meta_features (X, y)

for estimator in self.base_estimators._:
estimator . fit (X, y)

if self.use_original_features:
meta_features = np.hstack ([X, meta_features])

self. meta_estimator_. fit(meta_features, y)
return self

def predict(self, X):
check_is_fitted (self)
X = check_array (X)
meta_features = self. _generate_meta_features_predict (X)

if self.use_original_features:
meta_features = np.hstack ([X, meta_features])

return self.meta_estimator_.predict(meta_features)
def predict_proba(self, X):

check_is_fitted (self)

X = check_array (X)

meta_features = self._generate_meta_features_predict (X)

if self.use_original_features:

meta_features = np.hstack ([X, meta_features])
if hasattr(self.meta_estimator_, ’predict_proba’):
return self.meta_estimator..predict_proba(meta_features)

else:
raise AttributeError (”Metamestimatormdoesmnotmsupportmpredict_proba”)

def _generate_meta_features(self, X, y):
meta_features_list = []
for estimator in self.base_estimators.:
if self.use_probas and hasattr(estimator , ’predict_proba’):
cv_preds = cross_val_predict(
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estimator , X, y, cv=self.cv, method=’predict_proba’

)
meta_features_list.append(cv_preds)
else:
cv_preds = cross_val_predict(estimator , X, y, cv=self.cv)

meta_features_list.append(cv_preds.reshape(-1, 1))
return np. hstack(meta_features_list)

def _generate_meta_features_predict(self, X):
meta_features_list = []
for estimator in self.base_estimators_:
if self.use_probas and hasattr (estimator , ’predict_proba’):
preds = estimator.predict_proba (X)
meta_features_list.append(preds)
else:
preds = estimator.predict (X)
meta_features_list.append(preds.reshape(-1, 1))

return np. hstack(meta_features_list)
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A.2 IMPLEMENTATION OF DIRECTIONALFOREST

import numpy as np
from sklearn.base import BaseEstimator, ClassifierMixin
from sklearn.utils.validation import check_X_y, check_array, check_is_fitted
from sklearn.utils.multiclass import unique_labels
from sklearn.tree import DecisionTreeClassifier

class DirectionalForest(BaseEstimator, ClassifierMixin):

def __init__(self, n_estimators=100, max_depth=None, min_samples_split=2,
min_samples_leaf=1, max_features="sqrt’, random_state=None):
self .n_estimators = n_estimators
self .max_depth = max_depth
self .min_samples_split = min_samples_split
self . min_samples_leaf = min_samples_leaf
self . max_features = max_features
self.random_state = random_state

def fit(self, X, y):
X, y = check X_y(X, y)

self.classes_ = unique_labels(y)
self.feature_directions_. = self. _calculate_feature_directions (X, y)
self.estimators_. = []
for _ in range(self.n_estimators):
tree = self._grow_tree (X, y)
self.estimators_.append(tree)

return self

def predict(self, X):
check_is_fitted (self)

X = check_array (X)
X _directional = X % self.feature_directions._
predictions = np.array ([ tree.predict(X_directional) for tree in self.estimat
return np.apply-along_axis (lambda x: np.argmax(np.bincount(x)), axis=0, arr=
def _grow_tree(self, X, y):
tree = DecisionTreeClassifier (
max_depth=self . max_depth,
min_samples_split=self. min_samples_split ,
min_samples_leaf=self. min_samples_leaf,

max_features=self.max_features ,
random_state=self .random_state

)

X _directional = X % self.feature_directions._
tree . fit (X _directional , y)

return tree
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def _calculate_feature_directions (self, X, y):

class_means = [np.mean(X[y == c], axis=0) for c¢ in self.classes_]
overall_mean = np.mean(X, axis=0)
directions = np.sign(np.sum([cm — overall_mean for cm in class_means], axis=

return directions
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