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The cycle of scientific discovery is frequently bottlenecked by the slow, manual creation of software to
support computational experiments. To address this, we present an AI system that creates expert-level
scientific software whose goal is to maximize a quality metric. The system uses a Large Language Model
(LLM) and Tree Search (TS) to systematically improve the quality metric and intelligently navigate the
large space of possible solutions. The system achieves expert-level results when it explores and integrates
complex research ideas from external sources. The effectiveness of tree search is demonstrated across a
wide range of benchmarks. In bioinformatics, it discovered 40 novel methods for single-cell data analysis
that outperformed the top human-developed methods on a public leaderboard. In epidemiology, it
generated 14 models that outperformed the CDC ensemble and all other individual models for forecasting
COVID-19 hospitalizations. Our method also produced state-of-the-art software for geospatial analysis,
neural activity prediction in zebrafish, time series forecasting and numerical solution of integrals. By
devising and implementing novel solutions to diverse tasks, the system represents a significant step
towards accelerating scientific progress.
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Introduction

Scientists need diverse information to advance their scientific agendas. Some are simple questions for
which perfunctory answers can be fulfilled by a search engine. However, performing computational
experiments often demands deeper information. For example, one of the authors’ research involves
deforestation analyses, assessing land cover change1 using global spatially-resolved measurements,
past and present. This is carried out using a satellite-based deforestation detector, built with code
to answer a scientific question. A deforestation detector is one of many thousands of examples of
empirical software in science. We use the term empirical software to mean software that is designed
to maximize a definable or measurable quality score, typically a fit to existing observations. If a task
can be solved with empirical software, we call this a scorable task.
We have two hypotheses about the scorable tasks and empirical software in science. First, scorable

tasks are ubiquitous in science. Almost every sub-field of science, applied mathematics, and engineering
now relies on software. In the combined experience of the authors, we have found that much of this
software is empirical software solving a scorable task. Often such empirical software is at the heart of
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a scientist’s work. Empirical software has recently enabled a number of Nobel Prizes in Chemistry: in
1998 for Density Functional Theory2,3, in 2013 for molecular dynamics simulation4 and in 2024 for
protein structure prediction5,6. Empirical software underlies our ability to create models of complex
systems, ranging from parameterizations of a vertical column of the earth’s atmosphere for weather
modeling7, to the parameterization of stress response in a turbulent fluid flow8, to the prediction of
social systems9–11.
Second, empirical software for science is slow and difficult to create. Domain-specific empirical

software requires tedious work, often over many years. When empirical software is used to test
complex hypotheses, it becomes ever more difficult to write purely from first principles. There usually
is no systematic search for alternative approaches. Design choices are often governed by intuition or
expediency, rather than exhaustive experimentation. Creating the software is so time-consuming that
it severely limits the possibilities that can be productively explored.
This paper presents an AI-based system that systematically and automatically creates empirical

software to solve scorable tasks. Our method is based on an LLM that rewrites software to attempt to
improve its quality score. The system creates a number of software candidate solutions, and uses Tree
Search12,13 to decide which candidates merit further exploration (Fig. 1a). While there are many
ways of designing a code mutation system14–18, we developed and refined the method by designing
and competing against a benchmark of basic Kaggle competitions (Fig. 1b), described below. We
augment code mutation with research ideas, obtained from a range of sources from highly cited
papers, to specialized textbooks, to results of search engines (Fig. 1c). In practice, these ideas can be
injected either directly by the user or automatically using a search engine to access research in the
literature. The LLM uses this injected guidance in writing code.
We find that our method can be applied to a wide variety of scorable tasks from across science,

producing software that outperforms the state-of-the-art produced by scientists. This superhuman
performance arises because of the ability to exhaustively and tirelessly carry out solution searches at
an unprecedented scale, identifying needle-in-the-haystack high quality solutions.

Results

Overview of Scorable Tasks

We develop our method on a benchmark of Kaggle playground competitions, and test it by selecting
scorable tasks based on scientific or engineering problems. We selected these problems using two
criteria: first, we chose tasks which have had slow recent progress, but yet are important to a set
of scientists; second, we chose tasks which would be useful to the scientific agenda of at least one
co-author. These scorable tasks are listed below.
scRNA-seq batch integration:19 By removing confounding factors, we can enable large-scale multi-lab
transcriptomic data integration, such as the Human Cell Atlas20. This is a difficult problem because it
requires distinguishing subtle biological signals from noise in high-dimensional sparse datasets.
CDC COVID Forecasting:21 By predicting COVID cases several weeks in advance, we can inform public
health policy and resource allocations. The challenge in this task arises from predicting non-linear
disease dynamics from lagged and noisy real-time data.
DLRSD segmentation:22 This is a problem of performing dense pixel-wise multi-label semantic seg-
mentation on complex satellite imagery. Solving this problem can lead to large improvements in
environmental monitoring and disaster response.
ZAPBench:23 This benchmark requires modeling and predicting the activity of >70,000 neurons
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Figure 1 | Schematic and performance of our method. a, Schematic of our method algorithm. A
scorable task, together with research ideas proposing methods to solve the task, are fed to an LLM,
which produces code to evaluate the scorable task in a sandbox. This is then embedded within a tree
search algorithm, whereby new nodes are chosen balancing exploitation and exploration, sampling
from the LLM (Methods). b, Performance of code generation methods on Kaggle Playground
benchmark. Results report the average public leaderboard percentile performance over 16 tasks.
Methods based on our method are listed in bold. Error bars indicate standard deviation. BDT,
boosted decision tree. c, Mechanisms used to create initial research ideas to solve scientific problems.
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across an entire vertebrate brain. Performing well on this benchmark may lead to a systems-level
understanding of brain function and behavior.
GIFT-Eval time series:24 Accurate time series forecasting is useful for climatology and healthcare.
General time series forecasting is very difficult, because of the diverse input feature semantics and
prediction time scales. An even more difficult and useful problem is zero-shot prediction, where only
an single time series is given and a prediction must be made.
Numerically solving difficult integrals: Solving integrals that defy standard numerical algorithms is
useful for modeling physical and engineering systems.

Kaggle Playground Benchmark

We designed our code mutation system to score highly on a curated set of Kaggle competitions.
Kaggle calibrates human performance with percentile rank on a leaderboard, and we score code
by submitting directly to Kaggle. Our benchmark consists of 16 playground competitions from the
2023 season, encompassing regression and classification tasks. Playground competitions are an ideal
benchmark because they offer fast iteration, simplicity, and calibration against thousands of humans.
Achieving a high score requires creating complex code without requiring solving a sophisticated
scientific task.
Our basic strategy uses a simple prompting template (Supplementary Table 1) that concatenates

the competition description with the previous trial. Fig. 1b evaluates the performance of our method
with the average public percentile rank across all 16 playground competitions: TS substantially beats
a single LLM call and best of 1000 LLM calls. During the search, the agent discovers strategies leading
to abrupt jumps in the score, with the accumulation of these jumps leading to the highest quality
solutions.
Problem-specific advice added to the prompt substantially improves performance. We illustrate

this with two examples. In TS with expert advice we give the model standard advice to win Kag-
gle competitions (Supplementary Table 2). In TS with Boosted Decision Tree (BDT) we tell the
model to implement a boosted decision tree library from scratch, without using standard packages
(Supplementary Table 3). We manually verified in both cases that resulting codes followed the advice.
We now describe evaluating our method on a series of six benchmarks in different scientific

fields, exploring distinct ways to incorporate research ideas to improve system performance (Fig. 1c,
Methods).

Genomics: Batch Integration of Single Cell RNA Sequencing Data

We first consider data analysis from single cell RNA sequencing (scRNA-seq), which has revolutionized
our ability to dissect cellular heterogeneity, discover novel cell types, infer gene regulatory networks
and developmental trajectories, and improve therapeutic target prioritization25, enabling hundreds of
millions of cells to be individually sequenced within thousands of datasets20,26–28. A major challenge
required to jointly analyze many disparate datasets is to computationally remove complex batch
effects present across samples while preserving the biological signal29. Nearly 300 tools exist to
perform batch integration of scRNA-seq data30, and multiple benchmarks have been developed for
assessing metrics of batch effect removal and conservation of biological variability31–34.
To assess the performance of tree search on this task, we used the OpenProblems v2.0.0 batch

integration benchmark34. As of July 2025, this active benchmark evaluates 15 state-of-the-art methods
and 8 control methods on 13 different metrics that quantify both the ability to remove batch effects
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in the data and retain variability attributable to true biological differences in six CELLxGENE datasets
spanning human and mouse27 (Fig. 2a). To avoid overfitting to the benchmark, we used a separate
dataset from CELLxGENE for hill climbing with our method (Methods, Supplementary Fig. 1). For
each tree search run, we selected the best solution based on the performance on this training set,
and report the performance on the holdout OpenProblems datasets, which contain in total 1,747,937
cells. We prompt the LLM with a description of the single cell batch integration problem, code for
reading in the dataset, code for evaluation metrics, and optional text with a particular research idea.
First, we ran tree search without guidance, and observed that its solution is conceptually similar

to ComBat37, yet improved over the current OpenProblems leaderboard (No advice (TS) in Fig. 2b).
We then evaluated whether our method could improve upon existing algorithms. We selected nine
methods from the OpenProblems benchmark, including the six highest-performingmethods (Methods).
For each method, we obtained the paper PDF and used Gemini 2.5 Pro to add a brief summary to
the prompt (Methods). In pairwise comparisons, our method outperformed the corresponding
published result for eight of the nine methods in overall score (Fig. 2b, Supplementary Table 4).
The top-performing method was our tree search based implementation of Batch Balanced K-Nearest
Neighbors (BBKNN (TS))38, yielding a 14% overall improvement over the best published method
(ComBat37) and equaled or outperformed the corresponding published BBKNN in every dataset and
across 11/13 metrics (Fig. 2b). This performance highlights its capacity to effectively remove batch
effects without compromising biological signals (Supplementary Fig. 2). We note that tree search is
also able to produce performant implementations for an algorithm without publicly-available code
(TabVI39, Supplementary Fig. 3). Importantly, expert manual inspection of the code solutions proposed
by our method confirmed that nearly all implementations adhered to the requested algorithms
(Supplementary Table 5), with performance largely consistent across replicate runs of methods
(Supplementary Fig. 3). Additionally, tree search demonstrated improvements even when compared
to base methods with optimized hyperparameters, indicating that its contribution extends beyond
hyperparameter tuning (Methods, Supplementary Fig. 4). Supplementary Fig. 5 shows representative
examples of the tree structure and breakthrough plots (showing the evolution of the maximum score
as a function of the number of nodes in the tree) for a representative example.
For the best performing model BBKNN (TS), part of the performance boost came from combining

two existing methods, ComBat37 and BBKNN, rather than simply implementing BBKNN (Fig. 2c). In
particular, while the original BBKNN method computes neighbors on the PCA embedding, BBKNN (TS)
computes neighbors on ComBat-corrected PCA embedding, removing global linear batch-associated
variance. Both implementations then compute 𝑘-nearest neighbors across batches and construct
a graph (with differences in exact implementation), thus removing local batch effects. Manual
modification of BBKNN (TS) and the published BBKNN implementation confirmed that the addition of
Combat-corrected PCA embedding is critical for improving both implementations (Supplementary
Fig. 6), confirming the value in idea recombination.
This motivated an exploration of systematic ways to generate more complex research ideas.

First, similar to how scientists often combine ideas to create a novel approach, we programmatically
generated 55 “recombinations” of all pairs of the 11 methods described above (No advice, nine
replications, and TabVI; hereafter: “base methods”) based on summaries of the code for each method
(Methods, Supplementary Table 6). We ran tree search, prompted with each of these “recombinations”
to assess whether it can develop new methods by combining the strengths of the existing methods.
For each base method and “recombination” group, we compared the average scores for the top nodes
over the intersection of metrics that were successfully computed for all three methods. Strikingly,
recombination implementations of tree search frequently outperformed their base counterparts, with
24 of the 55 “recombination” solutions (44%) outperforming both of their base methods and 22 of the
remaining 31 “recombination” solutions outperforming one of the two base methods (Supplementary
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Figure 2 | Performance of tree search on scRNA-seq batch integration. a, Schematic of the batch
integration task, in which disparate datasets (teal and red) are processed to remove batch effects in
the data while retaining biological variability. b, Performance of tree search (method names bolded
and suffixed by “(TS)”) compared to the analogous published method on the OpenProblems
benchmark v2.0.034. “Perfect embedding by celltype with jitter” is a positive control method that
represents the best possible performance and “Shuffle integration by batch” is a negative control that
does not perform any batch integration. Overall score is the mean over all datasets and metrics. Each
Datasets column shows the mean of all metrics computed over that dataset. Each Metrics column
shows the mean of that metric computed over all datasets. Metrics were assigned a value of 0 if they
could not be computed or if their performance was worse than the lowest negative control; these are
displayed as empty. c, Performance improvements annotated with code innovation for the
top-performing batch balanced 𝑘-nearest neighbors (BBKNN) implementation. ComBat-based
embedding generation was introduced in implementation attempt 429. d, Overall score for
OpenProblems benchmark v2.0.034 non-control methods, our method with and without
recombination of ideas, Gemini Deep Research35, and our method with AI co-scientist36. Y-axis lower
bound is the overall score of the “Shuffle integration by batch” negative control method. Seven
recombination, five base methods, and two AI co-scientist methods that do not match its performance
are omitted. * indicates the method is a recombination, even if not explicitly prompted for
recombination. TS, tree search; fastMNN, batchelor fastMNN; mnnCorrect, batchelor mnnCorrect.

6



An AI system to help scientists write expert-level empirical software

Fig. 7). Second, we also used Gemini Deep Research35 and AI co-scientist36 to generate and implement
21 additional ideas (Methods). In total, 6/11 base methods, 29/55 recombination, 4/9 Deep Research,
and 1/12 AI co-scientist methods (40 of 87) outperform all methods currently published on the
OpenProblems leaderboard (Fig. 2d). This demonstrates the ability of our method to understand the
best features of existing approaches and effectively integrate them for superior performance.
To further understand the conceptual space explored by our method, we obtained embeddings

for each generated code using Gemini text embedding model and computed cosine similarities
(Supplementary Fig. 8). As expected, replicates exhibited significantly higher similarity to each other
compared to all other method pairs (one-sided 𝑡-test: 𝑡 = 12.95, 𝑝 = 1.06×10−14; 𝜇duplicate pairs = 0.95,
𝜇other pairs = 0.91 ; 𝑛duplicate pairs = 33, 𝑛other pairs = 5853). Hierarchical clustering on the embeddings
revealed distinct clusters, generally representing linear methods, deep learning based methods,
and nonlinear non-deep learning methods, suggesting that our method is able to generate diverse
solutions.

Public Health: Prediction of U.S. COVID-19 Hospitalizations

The primary U.S. benchmark for COVID-19 forecasting is the COVID-19 Forecast Hub (CovidHub)21,
a large, collaborative effort coordinated by the Centers for Disease Control and Prevention (CDC). The
hub attracts dozens of expert-led teams from leading academic institutions, industry, and government
agencies, who submit weekly forecasts generated from a wide array of methodologies. These weekly
forecasts must cover new COVID-19 related hospitalizations across 52 U.S. states and territories for the
current week and three subsequent weeks over 23 specified quantiles. Submissions are evaluated using
the Weighted Interval Score (WIS), which rewards both accuracy and well-calibrated uncertainty,
with lower scores indicating better performance.
Top-performing individual models include classic autoregressive time-series approaches (e.g.,

UMASS-ar6_pooled), gradient boosting machine learning models (e.g., UMASS-gbqr), and epidemio-
logical models based on renewal equations and Bayesian estimation of the reproductive number (e.g.,
CEPH-Rtrend_covid). The hub leverages this methodological diversity by integrating submissions into
the CovidHub Ensemble, a robust aggregate forecast that has historically provided the gold standard
for epidemiological prediction in the U.S., making it a formidable benchmark to outperform.
We designed a rigorous retrospective study to assess tree search’s performance in this competitive

environment. For every forecasting period, we ran tree search to optimize and select a model using
data from the preceding six weeks, creating a rolling validation window throughout the 2024-2025
season (Fig. 3a). The weekly performance of our resulting ‘Google Retrospective’ model is detailed in
the time-series leaderboard (Fig. 3b), which visualizes our model’s performance advantage relative to
the CovidHub-ensemble and other top-performing teams. Supplementary Fig. 9 shows the temporal
variation of WIS for each of the separate validation splits, across replicates Supplementary Fig. 10. A
direct jurisdiction-level comparison confirms our model achieved a lower (better) WIS in a majority of
states (Fig. 3c), with the geographic distribution of performance shown in Fig. 3d. Overall, our model
achieved the highest performance with an average WIS of 26, outperforming the official CovidHub
Ensemble’s average WIS of 29. A representative tree and breakthrough plot is shown in Supplementary
Fig. 11.
Beyond this retrospective performance, we investigated our method’s ability to explore the solution

space more broadly by replicating, recombining, and generating entirely new forecasting strategies
(Fig. 3e). First, we tested its ability to replicate existing methods from other teams using only their
brief public descriptions from the CovidHub (Supplementary Table 7,Supplementary Table 8). Our
tree-search-based implementations (‘Base Method (TS)’) not only adhered to the provided instructions
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Figure 3 | Performance of tree search on COVID-19 forecasting. a, Rolling validation window
used for the forecasting experiments. Each search’s output is validated internally on a preceding
block of time (blue), and the resulting model is then used to make predictions for its corresponding
forecasting period (orange). Training data includes all dates on or after 2020-08-08 and prior to the
validation set. b, Time-series leaderboard showing weekly forecasting performance (Average WIS) for
participating teams and our ’Google Retrospective’ model, ordered by average WIS. Scores are
aggregated across all 52 jurisdictions and four forecast horizons. The number within each cell is the
model’s absolute Average WIS for that week. The cell’s background color visualizes the performance
relative to the CovidHub-ensemble, with blue indicating a lower (better) WIS and red indicating a
higher (worse) WIS. c, Direct jurisdiction-level comparison of forecasting error (Average WIS)
between our model and the ’CovidHub-ensemble’, demonstrating our model’s superior performance
in a majority of locations. d, Geographic distribution of our model’s forecasting error (Average WIS),
aggregated over the entire 2024/25 COVID-19 season. Lower error values (lighter colors) indicate
better performance. e, Comparison of aggregate forecasting performance for various modeling
strategies. This includes baseline models from the CovidHub competition, our retrospective model,
our replications of submitted models, novel hybrid models generated through recombination, deep
research35 and AI co-scientist36. 14 strategies (10 recombination; two Deep Research; one AI
co-scientist and one replicated baseline) outperform the official CovidHub-ensemble for the 3-week
(3 reference dates × 4 time horizons × 52 jurisdictions) evaluation period. Models that perform
worse than CovidHub-baseline are not shown.
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(Supplementary Table 9) but also exceeded the performance of the original submissions in six of
the eight cases tested; the two models that performed worse (replicating JHU_CSSE-CSSE_Ensemble
and OHT_JHU-nbxd) did not use external data present for the original method implementations. Next,
we explored whether solutions could be improved through recombination. For this experiment,
we prompted an LLM to analyze the core principles of two different parent models and then used
its synthesis to instruct tree search to generate a novel hybrid strategy combining their respective
strengths. As shown in Fig. 3e, 11 out of 28 generated hybrid models (‘Recombination (TS)’) achieved
a WIS score superior to both of their parent models (Supplementary Fig. 12). We manually verified
methodology of the output code for the recombined experiments–in all cases, the final methods
contained relevant aspects from both parent codes (Supplementary Table 9). Finally, we used
Gemini Deep Research35 and AI co-scientist36 to generate novel forecasting ideas which were then
implemented via tree search. In total, this systematic exploration yielded 14 distinct strategies that
outperformed the official CovidHub-ensemble: 10 from recombination, two from Deep Research, one
from AI co-scientist, and one of our replicated baselines. Cosine similarities between embeddings for
each generated code show clustering between different methods (Supplementary Fig. 13).
A deeper analysis of these 14 top-performing strategies reveals key patterns in how our method

achieves superior performance. The recombination models, which constitute the majority of the
winners, highlight a clear pattern of synergistic hybridization. Two base models appear most frequently
in these successful hybrids: the simple, climatology-based CMU-climate_baseline and the statistical
autoregressive model UMass-ar6_pooled. This suggests tree search consistently discovers that the most
effective strategies are built upon a robust foundation of historical averages and recent trends, which
are then enhanced by more complex methods. Indeed, the most successful recombinations consistently
fused different modeling paradigms—for instance, pairing the epidemiological CEPH-Rtrend_covid
model with the statistical UMass-ar6_pooledmodel created a hybrid anchored in the theory of disease
spread yet highly responsive to recent data trends, while pairing the powerful machine learning
UMass-gbqr model with the stable CMU-climate_baseline provided a robust seasonal foundation that
allowed the ML model to safely focus on learning short-term deviations—demonstrating an ability to
synthesize complementary strengths.
In contrast, the novel strategies generated via Deep Research and AI co-scientist represent sig-

nificant conceptual leaps beyond the existing Hub models. Rather than relying on conditional
uncertainty from past data, the DEEP-RESEARCH-CounterfactualSimulation model introduces un-
conditional uncertainty quantification by running thousands of Monte Carlo simulations over plau-
sible future scenarios (e.g., new variant emergence). Similarly, while some base models use deep
learning, the CO-SCIENTIST-STGNN-AgACI model implements a far more complex Spatio-Temporal
Graph Neural Network with a learnable graph structure to explicitly model inter-state dynamics.
The DEEP-RESEARCH-RegimeSwitchingDetection model introduces another novel concept: dynamic,
event-triggered adaptation, using Bayesian change-point detection to automatically initiate model
retraining in response to shifts in the underlying data generating process. Finally, the outperfor-
mance of our replicated CMU-TimeSeries (TS) model underscores that even when not inventing or
hybridizing, tree search excels at the fine-grained optimization of already-strong, expert-designed
strategies. Ultimately, this demonstrates the power of tree search as a scientific discovery engine, capa-
ble of systematically exploring a vast solution space to innovate, hybridize, and optimize expert-level
strategies.

Geospatial Analysis: Segmentation of Remote Sensing Images

We now turn to a problem in geospatial analysis: semantic segmentation of high-resolution remote
sensing images. Semantic segmentation is a computer vision task that involves assigning a specific
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class label to every single pixel in an image. It is essential for diverse applications, ranging from
monitoring land use, assessing the environmental impacts of human activity and managing natural
disasters. The primary difficulty is significant visual heterogeneity. Satellite images of the same
location can differ dramatically due to variations in time of day, season, and weather conditions, while
even objects within a single class (e.g. buildings) exhibit substantial diversity in size, shape, height,
function and lighting conditions.
A recent paper22 introduces the “dense labeling remote sensing dataset” (DLRSD) for advanced

remote sensing tasks, including multi-label classification, image retrieval, and pixel-based applications
like semantic segmentation. This dataset is a densely labeled version of the UC Merced Land Use
Dataset40, a widely-used benchmark for image-level land use classification, whereby individual pixels
of each image are labeled with 17 class labels.
We prompted our method to train a model to classify pixels into the land cover classes and

provided a pre-specified, reproducible 80/20 train/test split of imagery in the DLRSD dataset. For
each experiment, we validated model performance on the held out test set of 420 randomly selected
images using a standard “mean intersection over union” (mIoU) metric.
The three top performing solutions generated by tree search significantly outperformed reported

results in recent academic papers on the DLRSD benchmark, achieving mIoU greater than 0.80
(Table 1, Supplementary Fig. 14). All three solutions build upon existing models, libraries and
strategies. Solutions 1 and 3 leverage standard UNet++ and U-Net models but paired with powerful
encoders (efficientnet-b7 and se-resnext101-32x4d) pre-trained on ImageNet41. Solution 2 uses
SegFormer, a state of the art Transformer-based architecture. Key differentiators among the models
included their data augmentation and prediction strategies. The U-Net++ and U-Net models leveraged
extensive augmentation from the Albumentations library, whereas the Segformer model used a more
basic set of transforms. All three solutions employ extensive Test-Time Augmentation (TTA)42 by
predicting masks for multiple augmented versions of a single test image (e.g., horizontal flips, vertical
flips, rotations) which are then reverse-transformed and averaged to produce a final, more robust mask
which smooths out prediction errors and boosts performance. A representative tree and breakthrough
plot for Solution 3 is shown in Supplementary Fig. 15.

Neuroscience: Whole-Brain Neural Activity Prediction

We now consider the Zebrafish Activity Prediction Benchmark (ZAPBench), a recent dataset designed
to test predictions of cellular-resolution neural activity in an entire vertebrate brain23. The benchmark
uses a novel dataset capturing brain activity of a larval zebrafish over a two-hour session using
light-sheet fluorescent microscopy, resulting in 3D brain volumes recorded over time. Throughout
the recording, the animal was exposed to distinct visual stimulus conditions designed to elicit a
range of different behaviors. The raw volumetric video data was extensively processed to align,
motion-stabilize, and segment into activity traces, resulting in a final data matrix of activity traces for
71,721 neurons across 7,879 time steps.
Several state-of-the-art forecasting methods were evaluated on the benchmark23, including time-

series forecasting methods that operate on the extracted activity traces per neuron, as well as a
volumetric video prediction model (a Unet variant) that directly processes the 3D brain volumes
over time48. The video-based approach exploits spatial information that is lost when converting the
data to time series, but is computationally expensive. Among the different methods evaluated on
the benchmark, the video-based Unet model achieved the best overall performance, especially in the
setting where only a short window of past context is available.
We prompted our method to solve the multivariate time-series forecasting problem, predicting
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Table 1 | Comparison of model performance on the DLRSD benchmark. The table shows the publication
year, architecture, key features, and reported mean Intersection over Union (mIoU) for tree search
solutions and the methods from the referenced papers.

Method Year Architecture
Type

Key Features / Tech-
niques

mIoU

Solution 1 (TS) 2025 CNN (UNet++) ‘efficientnet-b7’
encoder, 8-fold TTA

0.81

Solution 2 (TS) 2025 Transformer(SegFormer) ‘mit-b1’ encoder, 4-
fold TTA

0.82

Solution 3 (TS) 2025 CNN (U-Net) ‘se_resnext101_32x4d’
encoder, 7-fold TTA

0.80

RE-Net43 2021 CNN (Region-
based)

Region Context
Learning

0.762

FURSformer44 2023 CNN+Transformer Custom fusion mod-
ule

0.753

SCGLU-Net45 2024 CNN+Attention Spatial-Channel-
Global-Local block

0.666

MA-UNet46 2022 Attention+U-
Net

Residual encoder
with simAM

0.619

W13 Net47 2025 CNN
(Lightweight)

Multi-stage encoding-
decoding

0.580

the output activity of all neurons for up to 32 time steps ahead in the time-series domain, given their
past 4 time steps of activity as context, using the dataset splits provided by ZAPBench23 which split
each stimulus condition into 70% for training, 10% for validation, and 20% for testing per stimulus
condition. We used the validation set for model selection, including hyperparameter tuning and early
stopping, and to obtain a score to guide the tree search. We score solutions using mean absolute error
(MAE) averaged across the prediction horizon, and compare solutions found by tree search against
the methods included in ZAPBench: These include a linear model49, TiDE50, TSMixer51, Time-Mix (a
variant of TSMixer where feature mixing is ablated), and a custom Unet architecture48.
Our initial experiment using tree search led to a best-performing model that uses a rich feature

set from the input window, combining temporal convolutions, a learned “global brain state”, and
neuron-specific embeddings. The model then processes these features through a series of weight-
shared residual blocks and a final dense layer to generate the multi-step prediction in one shot.
Figure 4 shows the result of this model, compared to other baselines. In that figure, the mean baseline
predicts the average over the context window, while the stimulus baseline predicts the average for
each stimulus phase. Remarkably, the model produced by tree search outperformed all other baselines,
including the best-performing video model, except for 1-step-ahead predictions. A representative
example of the breakthrough plot and tree is shown in Supplementary Fig. 16.
We then developed a separate model tuned specifically for 1-step-ahead predictions with another

tree search. The resulting solution is conceptually similar to the first in that both architectures
generate a learned global context vector to inform their per-feature predictions. However, this model
computes its global context using a dynamic attention mechanism for weighted aggregation and
modulates feature representations through a FiLM-like layer52 for interactive conditioning. This
model achieved leading performance on 1-step-ahead predictions (Fig. 4).
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Figure 4 | Comparison of the best tree search solutions to time-series and video forecasting methods
in terms of grand average mean absolute error (MAE) across conditions on ZAPBench (lower is
better). For our method, we report the performance of three different solutions (blue), and compare
them against baselines (red). Alongside our best general solution (TS), we include results from two
specialized runs: a tree search that was optimized for 1-step ahead forecasting as well as a solution
prompted to use Jaxley, a differentiable biophysical neuron simulator. The dotted and solid lines
represent the mean and stimulus baselines, respectively. To account for variability due to random
number generator seeding, each method was run three times. We report the mean, with error bars
indicating 95% confidence intervals.

Both of these solutions are orders of magnitude faster to train than the best-performing video
model–less than two hours on a single T4 GPU, as compared to 36 hours on 16 A100 GPUs for the Unet
model. In addition, our solutions effectively use cross-neuron information to generate predictions, a
major challenge highlighted in previous work23.
A key future direction is the development of models that incorporate biophysical information and

are more interpretable. The forthcoming synaptic-level structural reconstruction of the larval zebrafish
brain used for ZAPBench provides a unique opportunity to develop such models by integrating
anatomical wiring diagrams. As an initial exploratory step, we prompted our method to use Jaxley53,
a JAX-based library for differentiable simulation of biophysically detailed neuron models, for the
tree search. The resulting best-performing solution simulates each neuron independently using
single-compartment Hodgkin-Huxley models. Crucially, it dynamically modulates each neuron’s
biophysical parameters based on its recent activity history. To account for inter-neuronal interactions
without the computational cost of direct synaptic simulation, the model then processes the outputs of
these independent simulations through a latent autoencoder. This learns a system-wide corrective
signal, effectively modeling a functional connectome–a reasonable hybrid approach in the absence of
the structural connectome. While this model did not outperform the top-performing video model, it
was competitive with time-series baselines (Fig. 4).

Time Series Forecasting: GIFT-Eval

General Time Series Forecasting Model Evaluation (GIFT-Eval)24 is a benchmark for time series
forecasting, derived from 28 datasets from seven diverse domains, with 10 different frequencies,
from seconds to years, receiving ∼4 new submissions per month, from black box deep learning to
foundation models. Submissions are scored on official train/validation/test splits using a normalized
Mean Absolute Scaled Error (MASE) metric, calculated relative to a seasonal naive baseline.
We applied our method in two phases. We began with a per-dataset solution whereby the

search discovers an independent solution for each. The second unified solution created a single
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a general-purpose forecasting model using only basic libraries by hill climbing against the average
score for the entire GIFT-Eval.

Per-dataset solution Here we allowed our method to use a full suite of Python libraries, including
scikit-learn, statsmodels, and xgboost. The results in Supplementary Table 10 are better than
the results in the May 18, 2025 leaderboard, outperforming foundation models54–56, deep learning
models49,50,57 and standard time series methods like ARIMA58. The discovered solutions showed
strong convergence towards gradient boosting and ensemble/decomposition models (Supplemen-
tary Fig. 17).

Unified solution We wondered whether the code mutation system could create a unified, general-
purpose forecasting library from scratch, by hill climbing with a single code on the average MASE on
the entire GIFT-Eval dataset. To manage the benchmark’s diversity, we allowed library to have an
adaptive configuration system, whereby it could generate up to 8 preset hyperparameter configurations
to adapt to the diversity of datasets, with a validation step selecting the best performing configuration
for each dataset. As the search progressed, date and trend-related features often led to performance
breakthroughs leading to a model that sequentially forecasts and subtracts individual time series
components, including a base level, trend, seasonality, datetime-based features, and a final residual
correction. Supplementary Fig. 18 shows the breakthrough plot and tree structure for the search. The
configurations (Supplementary Table 11) include date-specific features, including one that featurizes
holidays in a specific set of countries ([‘US’, ‘DE’, ‘CN’, ‘GB’, ‘CA’, ‘AU’]) . The resulting unified
solution is highly competitive on the leaderboard (Supplementary Table 10).

Numerical Analysis: Library for numerical evaluation of difficult integrals

Finally, we turn to a problem in numerical analysis, the numerical evaluation of difficult integrals
using Gaussian quadratures. The gold standard was developed59 by U.S. government research
laboratories in the 1980s, widely used as the core library underlying the popular Python function
scipy.integrate.quad(). Nonetheless, this function can fail in multiple ways, among them: the
underlying algorithm can fail to converge; the algorithm samples its integrand, and the sampling may
miss important features; the algorithm loses precision when the problem exhibits precise cancellations.
While standard techniques exist to address these problems, we asked whether our method could

build a general-purpose method superior to quad(), by hill climbing on a benchmark set of integrals
where the standard algorithm fails but where the analytic answer to the integral is known. We
constructed this set of integrals from a standard applied mathematical reference book60, focusing on
oscillatory integrals with infinite upper limits and without other pathologies, but where the standard
quad() library returned an incorrect answer. This led to a set of 38 integrals (Supplementary Fig. 19).
We split these in half at random, using 19 for scoring the search and holding out the other 19 for
evaluation. We then initialized our method with a simple invocation of quad() and prompted the
system to improve it, scoring solutions with the logarithm of the absolute fractional error, where
the logarithm prevented the search from over-weighting outliers. Supplementary Fig. 20 shows the
resulting breakthrough plot and tree structure for the search.
The best solution builds on quad() by partitioning the infinite domain into a sequence of contiguous,

finite subintervals whose lengths may increase geometrically to cover the domain’s tail more efficiently.
The definite integral is thus transformed into an infinite series, where each term is the numerical
integral of the integrand over one of these finite segments, calculated using quad(). For integrals that
converge slowly, such as those with oscillatory integrands, direct summation of this series is impractical.
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The algorithm therefore applies Euler’s transformation, a powerful series acceleration technique,
to this sequence of segment integrals. By repeatedly averaging adjacent terms, the transformation
extrapolates the limit of the slowly converging series from a finite number of its initial terms, providing
an accurate estimate of the integral’s true value.
Whereas scipy.integrate.quad() fails on every problem in the held-out set, the evolved code

correctly evaluated 17 out of 19 of held-out integrals to within a fractional error of less than 3 percent
(Supplementary Fig. 21).
The evolved code always applies scipy.integrate.quad() first. It only falls back to its more

specialized methods if quad() returns a large error estimate, returns NaN or Inf, or raises an exception.
This means the evolved code is as accurate as quad() in less pathological cases and so could reasonably
be used as a drop-in replacement.

Discussion

Our work introduces an AI-based system that drives a Tree Search (TS) with a Large Language Model
(LLM) to systematically create and improve software for scientific tasks. By defining the problem
of creating scientific software as a search for a program whose output maximizes a quality score,
we convert software creation into a “scorable task”, producing empirical software. Our method
is novel in its LLM-driven rewriting approach, which allows for the flexible integration of domain
knowledge and external research ideas. The ability of frontier LLMs to closely follow instructions
enables efficient exploration of research ideas. Our method builds upon ideas from several distinct
but related areas of research: Genetic Programming, Generative Programming, the application of
LLMs to code, Automated Machine Learning (AutoML), and agents for scientific discovery.

Genetic Programming— The idea of automatically evolving computer programs to solve a problem
is not new. Genetic Programming (GP) provides a foundation to our work. In GP, a population of
programs is iteratively improved using evolutionary principles like selection, crossover, and mutation.
The fitness of each program is determined by a "fitness function," which is directly analogous to our
"quality score"61. While GP has been successful, it traditionally relies on random mutations and
structured recombination of code fragments (e.g., swapping sub-trees in an abstract syntax tree). A
key difference in our system is the use of an LLM to perform intelligent, semantic-aware "mutations"
by rewriting the code, which can produce more complex and meaningful variations than the random
changes typical in GP.

Generative Programming— Our system can be viewed as a modern, AI-driven realization of this
concept. In traditional generative programming, a developer creates a program generator (using
techniques like templates, domain-specific languages62, or metaprogramming) that produces tailored
source code for a family of related problems63. In contrast, we employ an LLM guided by a tree search
as the generative engine. This approach offers greater flexibility, allowing the system to synthesize
novel programs by exploring a vast solution space and integrating diverse domain knowledge in ways
not easily achievable with more template-based methods.

LLMs for Code Generation — The advent of large language models pre-trained on vast code
corpora has revolutionized code generation. Systems like OpenAI’s Codex64 and Google DeepMind’s
AlphaCode65 have demonstrated the ability to generate correct and complex code from natural
language descriptions. These systems are typically used for "one-shot" generation from a prompt. Our
approach differs by using the LLM in an iterative refinement loop. Instead of generating code from
scratch, our LLM rewrites existing software candidates, guided by a search algorithm (TS) that uses
the quality score as a signal.
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Combining LLMs and Search — The most closely related work involves combining LLMs with
search algorithms to overcome the limitations of one-shot generation. A recent example is Google
DeepMind’s FunSearch, which uses an LLM to search for new mathematical discoveries16. FunSearch
works by pairing a creative LLM with an automated evaluator. The LLM suggests improvements (new
code) to an existing program, and these improvements are only kept if they pass evaluation. This
creates an evolutionary feedback loop. This is conceptually very similar to our system’s use of an
LLM rewriter and a quality score. However, our system generalizes the search process using TS, a
robust algorithm for exploring large search trees. Our system also incorporates knowledge from the
literature.

AutoML— our work is conceptually related to Automated Machine Learning (AutoML). AutoML
systems aim to automate the process of building machine learning pipelines by searching for optimal
model architectures and hyperparameters. The goal is to maximize a performance metric (e.g.,
accuracy, F1-score) on a validation dataset66, which fits our definition of a scorable task. While
AutoML focuses specifically on finding the best model within a fixed set of ML frameworks, our system
is more general. It can rewrite any software, including pre-processing steps, complex simulations, or
mathematical heuristics—areas that fall outside the typical scope of AutoML.

Agents for science problems— This sub-field has seen remarkable, expert-exceeding performance
from highly specialized systems67. Much of the existing literature focuses on agents that either
automate standard workflows within a single domain, such as computational biology68–72, or act as
ideation assistants whose proposals require significant human validation73,74. Instead of specializing
in one domain, our system demonstrates a general problem-solving capability, achieving expert-
exceeding performance on public leaderboards and in academic literature across multiple fields.
To summarize, we have developed a method that combines a code mutation system based on Tree

Search12,13 with the ability to integrate complex research ideas. Such research ideas could come
from the published literature, from research agents (e.g.35,36,75) or from combining previous ideas
and solutions that the LLM has found itself. Because the system creates code that can follow a specific
idea, it can search over externally supplied research ideas. We demonstrate over a wide range of
scientific scorable tasks that reaches an expert-level when integrating and exploring complex research
ideas.
Our method created 40 methods that beat the best known method for scRNA-seq batch integration

and 14 methods that outperformed the CDC ensemble for epidemiological prediction. Additionally,
our method achieved state of the art performance on geospatial reasoning, neural activity prediction,
time series prediction and algorithms for computational mathematics. With minimal prompting, the
system invents and implement ideas for combining complex architectures (U-Nets, transformers) for
a fundamental task in geospatial reasoning, and in neural activity prediction it was not only able to
outperform all methods on the current benchmark, but easily incorporates a biophysical simulator
into a performant solution.
Trial and error is essential to scientific progress, both for humans and for the automated approaches

we outline here. The system generates expert-level solutions extraordinarily quickly, reducing explo-
ration of a set of ideas from weeks or months, to hours or days. Accelerating research in this way
has profound consequences for scientific advancement. Based on this work, we believe that progress
in scientific fields where solutions can be scored by machines is on the precipice of a revolutionary
acceleration.
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Code Availability

We are open sourcing the best candidate solutions generated from each of the examples outlined in
this paper (github.com/google-research/score). Additionally, we are providing a user interface to
examine the full tree search data for a representative example of each of the six scientific problems
discussed in the paper. The interface allows inspecting the solution progression and breakthrough
plot as the tree search proceeds, as well as highlighting the code diffs.
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Methods

Code Mutation System

We prompt an LLM (Supplementary Fig. 22) providing a description, the evaluation metric and the
relevant data. The LLM produces Python code, which is then executed and scored on a sandbox.
Searching over strategies dramatically increases performance: The agent uses the score together with
output logs and other information to hill climb towards a better score. We used a tree search (TS)
strategy with an upper confidence bound (UCB) inspired by AlphaZero13. A critical difference from
AlphaZero is that our problems don’t allow exhaustive enumeration of all possible children of a node,
so every node is a candidate for expansion. We therefore modify the UCB algorithm to count visits
and compute mean values using the tree. However, when sampling a node to expand, we sample
directly from the whole set instead of recursing from the root like AlphaZero.
We also note that the algorithm differs from traditional TS, in that the scoring of the nodes do not

involve random rollouts (e.g. of a game) to estimate the value of a node. Yet there is still randomness
for scoring each node, caused by the sampling of the LLM itself, which produces a distribution of
different codes (scores) for each fixed prompt.
We use a PUCT tree search algorithm to explore the space of notebooks12. The PUCT (Predictor +

Upper Confidence bound applied to Trees) algorithm is described in Algorithm 1. For tree 𝑇, and
executed candidate 𝑢, we define the flat prior 𝑃𝑇 (𝑢) = 1

|𝑇 | . To make it easier to tune the exploration
constant 𝑐𝑝𝑢𝑐𝑡 across tasks, we convert task-specific scores TaskScore(𝑢) to rank scores RankScore𝑇 (𝑢)
in the PUCT formula. We define RankScore𝑇 (𝑢) = Rank𝑇 (𝑢)−1|𝑇 |−1 , when |𝑇 | > 1, and 1 otherwise, where
Rank𝑇 (𝑢) gives ascending-order ranks to the candidates.

Algorithm 1 UCB tree search (PUCT)
Input: GenerateAndExecute(), TaskScore() to define rank scores RankScore𝑇 (𝑢), exploration constant

𝑐𝑝𝑢𝑐𝑡, and a root node 𝑟.
1: 𝑇 ← {𝑟} ⊲ Initialize the tree with a root node.
2: 𝑉 (𝑟) ← 1
3: for all iterations do
4: 𝑁𝑡𝑜𝑡𝑎𝑙 ←

∑
𝑢∈𝑇 𝑉 (𝑢) ⊲ Get total visits across all nodes

5: Select 𝑢∗ ← argmax𝑢∈𝑇
(
RankScore𝑇 (𝑢) + 𝑐𝑝𝑢𝑐𝑡𝑃𝑇 (𝑢)

√
𝑁𝑡𝑜𝑡𝑎𝑙

1+𝑉 (𝑢)
)

⊲ Select node with highest PUCT
score

6: 𝑢𝑐 ← GenerateAndExecute(𝑢∗) ⊲ Expand the selected node and Execute
7: 𝑇 ← 𝑇 ∪ {𝑢𝑐}
8: 𝑉 (𝑢𝑐) ← 1
9: for all ancestors 𝑢𝑎 of 𝑢𝑐 (excluding 𝑢𝑐) do ⊲ Backpropagate results
10: 𝑉 (𝑢𝑎) ← 𝑉 (𝑢𝑎) + 1
11: end for
12: end for
13: return argmax𝑢∈𝑇TaskScore(𝑢) ⊲ Best solution found

Adding Research Ideas to the Code Mutation System

When an expert solves difficult scientific problems, they often search for prior work for ideas. Prior
work could be sourced from highly cited papers, specialized textbooks, or search engines. The search
for prior work can also be powered by LLMs35,36,75–78.
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We emulate the expert behavior by injecting instructions for carrying out research ideas into the
prompt of our code mutation system (Figure 1). We applied the research instruction injection for
scRNA-seq batch integration, COVID prediction, segmenting remote sensing images, and whole-brain
neural activity prediction. While the most successful outcomes used top methods from the literature,
we also used two LLM driven search strategies: Deep Research from Gemini 2.5 Flash35 and AI
co-scientist36.
For running these searches, we provided the tools with background information from the main

problem description, and instructed the models to create distinct ideas (Supplementary Table 12).
After manually filtering proposals and removing one proposed scRNA-seq batch integration method, we
prompted Gemini to format the ideas into a structure consistent with our baseline method descriptions
(Supplementary Table 13). Finally, we ran our method on these ideas to create empirical codes that
could be scored.

Recombination Experiments

For both scRNA-seq batch integration problem and COVID-19 forecasting, we combined ideas from
methods already generated using tree search. For the scRNA-seq batch integration problem, we used
the first versions of our 11 baseline methods. For the COVID-19 prediction problem, we used the eight
replications of models submitted to CovidHub. We first took the top-performing node from each tree
search run seeded with one of these methods, based on its score on the validation set (for COVID-19
prediction, this included six weeks of reference dates from 2025-02-22 to 2025-03-29). Then, for
every pair of these methods, we prompted Gemini 2.5 Flash to compare the two methods and explain
the core technical similarities and differences between the two parent models using a consistent
prompt (Supplementary Table 6). The explanatory response was then added to the the prompt, along
with a statement instructing tree search to recombine the ideas by combining the best parts of both
approaches (Supplementary Table 14). Subsequently, we ran our method to generate new hybrid
strategies. This process yielded 55 recombined methods for the scRNA-seq batch integration problem,
and 28 for the COVID-19 prediction problem (evaluated on the three-week holdout set 2025-04-05 to
2025-04-19, see Fig. 3d).

Gemini embeddings For each tree search implementation, we input the code snippets to the Gemini
text embedding model79, and the resulting 3,072-dimensional output vectors served as the semantic
representations of their respective implementations.

scRNA-seq batch integration

For all scRNA-seq experiments, we ran tree search with 500 nodes. Each experiment took roughly
seven hours to execute on our infrastructure.

Dataset We sourced a dataset from CZ CELLxGENE Discover27 to use for hill climbing with tree
search. To identify datasets distinct from the six OpenProblems.bio test datasets but that have
similar characteristics, we filtered to datasets that contain only healthy human cells, with primary
cell count ≥ 2,000, at least 10 unique cell types, at least seven unique donor ids (i.e. number of
batches), and contain at least two unique assays that are also present in the OpenProblems.bio
datasets. This filtering process identified 22 candidate datasets. After manually investigating
the candidate datasets, we selected the dataset 364bd0c7-f7fd-48ed-99c1-ae26872b1042 version
ffdaa1f0-b1d1-4135-8774-9fed7bf039ba19.
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Within the selected dataset, we applied quality control metrics and data processing steps identical
to the processing performed on the OpenProblems.bio datasets80,81, yielding a processed dataset with
normalized expression values, highly variable genes, principal components, and 𝑘-nearest neighbors
all computed. For computational efficiency, we randomly selected two disjoint subsets of 𝑁 = 20, 000
cells each, attempting to match (batch, cell type) distributions of the entire processed dataset.
The “train” dataset was used for model training and selection of the highest-performing node in a
single tree search. The “validation” dataset was used to select the best tree search for methods in
which we ran multiple replicates of the same algorithm (Supplementary Fig. 1).

Evaluating scRNA-seq Batch Integration on the OpenProblems.bio Benchmark We down-
loaded the OpenProblems v2.0.0 input and solution data from s3://openproblems-data/resources/
task_batch_integration/datasets/cellxgene_census/ and raw performance metrics from s3://
openproblems-data/resources/task_batch_integration/results/run_2025-01-23_18-03-16/score_
uns.yaml. We computed control-scaled metric results identically to the published OpenProblems
results. Briefly, for each (dataset, metric), lower and upper bounds on raw scores are defined
as the minimum and maximum values achieved by the seven “control” methods. Raw values were
linearly scaled between those extrema and clamped to be in [0, 1]. Overall score was computed as the
arithmetic mean over all 78 measurements (13 metrics computed for each of 6 datasets) with NaN
values replaced by 0 (i.e., failure to compute a metric causes it to be considered the worst possible
score).

Replication of Existing Methods for Batch Integration The OpenProblems.bio benchmark profiles
the performance of several state-of-the-art existing methods. As of July 11, 2025 there were 19
different methods. Three methods have implementations in both R and Python: LIGER and pyliger,
Harmony and Harmonypy, and batchelor mnnCorrect and mnnpy. After grouping reimplementations of
the same method, there are 16 separate research ideas. From this list, we excluded all six foundation
model methods (UCE, SCimilarity, scGPT (zero shot), scGPT (fine-tuned), Geneformer, and
scPRINT) because they perform very poorly on the benchmark and use a much larger training set.
For example, only a single foundation model (UCE) performs better than the negative control of “No
integration” which simply performs PCA on the dataset. We further excluded scANVI, which is a
modification of scVI that is trained using cell type information. Since cell type information is used
to define the metrics, this represents data leakage and consequently we consider scANVI a control
method. This resulted in nine existing different research methods to optimize with tree search.
For each of the nine existing methods, we obtained the manuscript PDF corresponding to the

method. To obtain a short method description from the manuscript, we used Gemini 2.5 Pro Thinking
to summarize the paper (prompt in Supplementary Table 15, example output in Supplementary
Table 16). For batchelor fastMNN, which is a faster implementation of batchelor mnnCorrect, there
is no separate publication and thus we provided the paper PDF of batchelor mnnCorrect as well as
the docstring corresponding to batchelor fastMNN from https://rdrr.io/github/LTLA/batchelor/
man/fastMNN.html (Details section) with a slightly adjusted prompt. Finally, the method summary
is added to the tree search notebook, and is used to come up with better code solutions given the
method summary.
For each of the nine methods, we ran three replicates of tree search. For Fig. 2, we selected the

replicate that had the best performance based on the validation set score. We show the performance
of all replicates in Supplementary Fig. 3.
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Hyperparameters To determine optimal hyperparameters for each base method, we employed
Optuna, an automated hyperparameter optimization framework82. Search spaces were defined across
integer, float, and categorical parameter types by experts. The optimization process ran for a total of
five times the number of parameters. In each trial, a model was trained using a sampled parameter
set and evaluated based on a performance metric that Optuna’s Tree-structured Parzen Estimator
(TPE) sampler aimed to maximize. All hyperparameter optimization was conducted solely on the
training dataset. The best identified hyperparameter set was then utilized to train the final base
methods and evaluate them on the held-out OpenProblems dataset.

COVID-19 prediction

Dataset Our primary data source was historical confirmed COVID-19 hospital admissions, which
corresponds to the target variable specified by CovidHub. These data are published weekly by the CDC
within the National Healthcare Safety Network (NHSN) Hospital Respiratory Data (HRD) dataset83.
Preprocessing was kept minimal–missing values in the dataset were replaced by zeros to enable tree
search to find executable code with the criterion score (WIS). The only additional data source used to
augment the target for our model was static jurisdiction-specific population values from the CovidHub
GitHub Repository21. For comparing model performance in Fig. 3c, we use all of the models submitted
to Forecast Hub which make predictions at a state by state level and have forecasts for at least 75
percent of the season and time horizons. We ran tree search with 2000 nodes for each reported run.

Replication of existing COVID-19 prediction models We selected eight models for replication from
those that had submitted to CovidHub based on the following inclusion criteria: (1) The method must
be reproducible solely using historical COVID-19 hospitalization data, without reliance on external
predictor variables, (2) The model submission must include predictions across all specified time
horizons, and (3) Model submissions must be available for over three months (12 weeks) to enable
meaningful comparison. Three models were excluded for failing these criteria: two were ensembles of
external forecasts, and one relied entirely on additional data. An additional five models were excluded
because they did not provide predictions for all forecast horizons. These five models originated
from the same forecasting team. As all our analysis involves aggregating model performance across
horizons, we have excluded these five models from all comparisons. Overall this gave a selection of
eight models for replication.
To instruct the search algorithm, we provided the method descriptions from the original authors’

official submission metadata. For example, the metadata for the UMASS-arc6-pooled model states:
“AR(6) model after fourth root data transform. AR coefficients are shared across all locations. A separate
variance parameter is estimated for each location.” We integrated these concise descriptions directly
into the tree search prompt as part of the model directions, transforming them into instructions by
prepending ‘Use a/an’ (see Methods, Supplementary Table 8).

GIFT-Eval Benchmark

We applied our tree search methodology to the General Time Series Forecasting Model Evaluation
(GIFT-Eval) benchmark24. The search begins from a root node defined by an initial code template
and proceeds via hill climbing, where new candidate solutions are generated and evaluated against
the GIFT-Eval validation folds. At the end of a tree search, we evaluated the solution on the held-out
test set using MASE point forecast as the scoring metric. Our results are based on a 5/18/2025
snapshot of the dataset, official leaderboard and scoring, all of which have been updated since. See
Supplementary Table 10 for a complete snapshot of the leaderboard.
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We adhered to the benchmark’s framework, utilizing the official dataset source from Hugging
Face, its pre-defined training, validation, and test splits, as well as the scoring and evaluation code
commonly used in the existing submission notebooks.

Per-dataset Solution We conducted separate tree searches for 92 of the 97 GIFT-Eval datasets,
excluding the five largest due to computational constraints; for these, the naive baseline score was
used in order to produce the aggregated leaderboard score. For each dataset, we used a search of
300 nodes, with the agent permitted to use a broad suite of machine learning libraries, including
scikit-learn, XGBoost, and statsmodels. Supplementary Fig. 17 shows an analysis of the types of
models used across the 92 different solutions.

Unified Solution Here, we created a single, unified forecasting library that could generalize across
all 97 datasets. We used a tree search of over 1,000 nodes, guided by the geometric mean of the
normalized MASE scores across all datasets, providing a single objective function to optimize. To force
the model to reason from first principles, its access was restricted to basic libraries (numpy, pandas,
and holidays).
The resulting solution consists of two components: a single forecasting library and a list of

eight preset configurations. For each dataset, the best-performing configuration is identified on the
validation set. This selected configuration is then used with the unified library to produce the final
forecast on the test set, allowing the model to adapt its strategy without seeing test data.
The final solution was developed iteratively. An initial search yielded a base model with a MASE

of 0.82. A key breakthrough occurred in a subsequent run when the search space was expanded to
ten configurations and the agent was advised to use the holidays library, which improved the MASE
to 0.77 (Supplementary Fig. 18). A final 500 node refinement run pruned the configurations to an
optimized set of eight, achieving the final MASE of 0.734.
The final solution sequentially models and removes fundamental components of the series, with

the final forecast being the sum of the individual component forecasts. This approach allows the
model to be highly configurable while systematically accounting for different sources of variation in
the data. This process is outlined with the following steps:

1. Preprocessing: The input series first undergoes basic cleaning, including median imputation
for any missing values. An optional log-transform (log1p) can be applied to stabilize variance
in series with exponential growth patterns.

2. Base/Level Component: A base level is established using simple but robust methods like a
seasonal naive forecast or a rolling median of recent data points. This component captures the
basic magnitude of the series.

3. Trend Component: The residuals from the base component are then modeled to capture linear
or polynomial trends. This step includes a damping_factor to prevent unrealistic long-term
extrapolation by gradually flattening the trend.

4. Seasonality Component: The residuals from the trend component are analyzed to model
cyclical patterns (e.g., weekly, yearly). The model identifies the cycle length and forecasts
seasonality by averaging values at the same point in the cycle (e.g., the average value for all
Mondays).

5. Datetime and Holiday Features: To capture special events and non-seasonal cycles, features
are extracted from the timestamp (e.g., dayofweek, is_holiday_flag). The model calculates
the median effect of each feature category from the remaining residuals and adds it to the
forecast.

6. Residual Correction: As a final step, a correction is made by modeling the median of the most
recent unexplained errors. This autoregressive-like step helps correct for short-term biases in
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the model. A decay_factor fades its impact over the forecast horizon.

To apply the unified solution to a new dataset, one would first split the historical data into training
and validation sets. Using the library’s adaptive configuration system, one can then find a suitable
forecasting strategy by evaluating the eight preset configurations on the validation data to select
the best-performing one. This provides a strong, data-driven starting point that can be used directly.
For more specialized applications, one can also create a custom configuration, allowing for manual
refinement of the model’s components and making the library both powerful out-of-the-box and
flexible enough for expert tuning.

Difficult Integrals

We carried out a tree search over 1000 nodes, using a list of integrals in Supplementary Fig. 21.
To build these lists of integrals, we started with a long list of integrals in LaTeX form from

Gradshteyn and Ryzhik60. We converted both the question and solution into a python expression
using SymPy84. Most expressions included free parameters, often with value constraints. To enable
numeric evaluations, we generated random values for all parameters consistent with the constraints.
Once an integral and its answer were in the form of SymPy expression objects, we evaluated

answers numerically by substituting our chosen parameter values using sympy.Expr.subs() and
evaluating via sympy.evalf(). We build integrand functions suitable for scipy.integrate.quad()
via sympy.lambdify for efficient evaluation. We compared each numerical answer to the number
returned by scipy.integrate.quad() and discarded cases where the numbers agreed within the
latter’s error estimate. We also discarded cases where that error estimate was greater than 2% of the
numbers’ magnitude.
All conversions from LaTeX to SymPy and all constrained parameter generations were performed

by Gemini using specialized prompts. The resulting SymPy expressions and parameter values were
examined manually for correctness. These manual steps were the limiting factor on the scale of our
dataset.
The scoring function we used during training used the absolute fractional error (discrepancy

between the generated solution’s number and the answer’s number) via a logarithm to prevent outliers
from dominating the result.

score = − log
(
1 +

���response − answeranswer
���) (1)
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Supplementary Fig. 1 | Experimental design for single-cell batch integration. a, We sourced our
tree search development dataset from CELLxGENE. After filtering and manually selecting the dataset
364bd0c7-f7fd-48ed-99c1-ae26872b1042 version ffdaa1f0-b1d1-4135-8774-9fed7bf039ba (see
Methods), which has a similar profile to the six datasets used in the OpenProblems.bio Batch
Integration benchmark (distinct datasets also in CELLxGENE), we sampled 20,000 cells for the
training split and 20,000 for the validation split. b, For each of the 11 base methods, we generated a
detailed method description and inserted it into a prompt to initialize the tree search. We ran three
independent tree search replicas per method, using the training split for hill climbing. From each
tree, we selected the top-performing node based on its training score. We then evaluated each top
node’s script on the validation split and selected the best one based on validation performance. The
best implementation per method was finally evaluated on the OpenProblems.bio holdout datasets,
and the corresponding scores are reported as final results.
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