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1. Supplementary Notes

1.1. Geospatial Analysis: Segmentation of Remote Sensing Images

We ran ERA on 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
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. Aerial and 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 paper1 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
Dataset2, a widely-used benchmark for image-level land use classification, whereby individual pixels
of each image are labeled with 17 class labels.

We prompted ERA 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
(Supplementary Table S14, Supplementary Fig. S14). 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 ImageNet3. 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)4 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. S15.

1.2. Neuroscience: Whole-Brain Neural Activity Prediction

We consider the Zebrafish Activity Prediction Benchmark (ZAPBench), a recent dataset designed to
test predictions of cellular-resolution neural activity in an entire vertebrate brain5. 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 benchmark5, 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
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over time6. 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 ERA to solve the multivariate time-series forecasting problem, predicting 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 ZAPBench5 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 model7, TiDE8, TSMixer9, Time-Mix (a
variant of TSMixer where feature mixing is ablated), and a custom Unet architecture6.

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.
Supplementary Fig. S16 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. S17.

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 layer10 for interactive conditioning. This
model achieved leading performance on 1-step-ahead predictions (Supplementary Fig. S16).

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 work5.

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 ERA to use Jaxley11,
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 models12. 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 (Supplementary Fig. S16).
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1.3. Numerical Analysis: Library for Numerical Evaluation of Difficult Integrals

We applied ERA to the problem of numerical evaluation of difficult integrals using Gaussian quadra-
tures. The gold standard, QUADPACK13, was developed in the 1980s and underlies the popular
Python function scipy.integrate.quad(). However, 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 ERA could build a
general-purpose method superior to quad(), by hill-climbing on a benchmark set of integrals for which
the standard algorithm fails but the analytic solution is known. Our dataset consists of 38 oscillatory
integrals with infinite upper limits and without other pathologies, for which quad() returned an
incorrect answer (Supplementary Fig. S18).

To build this list of integrals, we started with a long list of integrals in LaTeX form from Grad-
shteyn and Ryzhik14. We converted both the question and solution into a python expression using
SymPy15. 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.

We randomly split these into training and evaluation datasets (n=19 integrals each). We initialized
ERA with a simple invocation of quad() and prompted the system to improve it on a tree search over
1000 nodes. We scored solutions with the logarithm of the absolute fractional error (discrepancy
between the generated solution’s number and the answer’s number), where the logarithm prevented
the search from over-weighting outliers.

score = − log
(︂

1
⃒⃒⃒⃒response − answer

answer
⃒⃒⃒⃒)︂

(1)

The resulting breakthrough plot and tree structure for the search are shown in Supplementary
Fig. S19.

The best solution builds on quad() by partitioning the infinite domain into a sequence of con-
tiguous, 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. 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
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of its initial terms, providing an accurate estimate of the integral’s true value. The evolved code
correctly evaluated 17 out of 19 held-out integrals to within a fractional error of less than 3 percent
(Supplementary Fig. S20).

The evolved code always applies 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.

1.4. Towards Genuine Discovery

Several recent deployments of our core tree-search algorithm demonstrate the potential for genuine
discovery:

• Mathematical Discovery Our system was recently used to derive the exact analytical power
spectrum of gravitational radiation emitted by cosmic strings16. Operating without empirical
data or predictive modeling, the system’s search navigated the space of symbolic mathematics
to discover six novel analytical derivations to an integral that had not been previously solved,
yielding a closed-form exact solution.

• Neural Mechanisms: In computational neuroscience, the system was tasked with discovering
transition models of neural activity in an in silico larval zebrafish17. While unconstrained search
yielded predictive models relying on statistical shortcuts, providing the system with structural
priors (wiring diagrams) allowed the algorithm to autonomously discover the true, underlying
mechanisms governing the neural circuit, successfully recovering causal effective connectivity.

Within predictive modeling tasks, the scoring schemes are by construction standardized and
straightforward to implement. Yet, when applying this automated framework to novel, open-ended
scientific domains, inventing an appropriate scoring metric requires significant domain expertise
and scientific creativity. We illustrate how this can work for mathematical discovery16, with the
objective of discovering a closed-form analytical equation for the radiation spectra of cosmic strings.
Our scoring metric measured how closely a proposed analytical solution matches a high-precision
numerical solution: the system evaluated the AI-proposed analytical formulas at random physical
parameter values and computed the residual difference against the numerical integration. Minimizing
this difference lets the search discover six different analytical solutions and also a novel asymptotic
expansion. In general, the design of metrics for complex scientific problems is an iterative endeavor.
The scientific process implicitly includes creating scoring functions to try to reach a hypothesized
goal, iterating when the goal is not reached. Within ERA, this requires that the user iterates the
scoring function.

1.5. Computational Cost and Resource Utilization

Since search-based LLM optimization relies on iterative generation and empirical evaluation, it
is inherently more resource-intensive than single-shot or zero-shot prompting. Here we detail
representative computational costs required per search node for representative search runs across
our evaluated benchmarks in Supplementary Table S1.
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2. Supplementary Figures
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Supplementary Fig. S1 | 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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Supplementary Fig. S2 | Uniform Manifold Approximation and Projection18 of BBKNN (TS) on
the Immune Cell Atlas dataset. a, The UMAP projection colored by cell type shows cell-type-specific
clusters. b, The UMAP projection colored by data batch shows good batch mixing across the dataset.
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Supplementary Fig. S3 | Relative performance of base methods with optimized
hyperparameters and ERA replicates. Overall scores on the holdout OpenProblems datasets for all
replicates of methods evaluated in Fig. 2. Hyperparameters for the base methods were optimized
using the training dataset. For tree search implementations, three replicates of the full process were
performed. Dots indicate the overall score of the replicate on the holdout OpenProblems datasets.
The bar shows the performance of the replicate with highest performance in the validation dataset
(identical values to those shown in Fig. 2). The No advice and TabVI methods have no base method
code available. The batchelor mnnCorrect hyperparameter-optimized base method code failed to
compute embeddings on every OpenProblems dataset owing to out-of-memory errors.
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Supplementary Fig. S4 | Heatmap of text embedding cosine similarities among ERA-generated
methods. The similarity matrix was hierarchically clustered along rows and columns and reordered
to group similar methods together. Three distinct color bars denote major method categories. The
pairwise cosine similarities between tree search-generated solutions were greater than 0.85. For
context, the lower bound of cosine similarity, established by averaging the similarities between
GIFT-Eval’s methods (a completely different benchmark) and batch integration methods, was 0.74.
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Non-deep-learning methods
Deep-learning-based methods

Supplementary Fig. S5 | UMAP of text embeddings representing ERA-generated methods for
single-cell batch integration. The UMAP shows two major clusters: non-deep-learning methods
(blue) and deep-learning-based methods (green). We confirmed this clustering by using Gemini to
classify the code associated with each method.
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Supplementary Fig. S6 | Performance of retrospective COVID-19 hospitalization forecasts across
all replicates. Each panel displays the average WIS by reference date for individual replicates of our
proposed models, for all rolling validation dates. Lower WIS values indicate superior forecasting
accuracy and calibration. The consistent trends across replicates demonstrate the robustness and
reproducibility of tree search’s ability to generate high-performing probabilistic forecasts.
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Supplementary Fig. S7 | Visual validation of COVID-19 hospitalization forecasts. Comparison of
ground truth (Observed Data) against the CovidHub-ensemble, the lowest WIS recombination
solution (CEPH-Rtrend_covid × CMU-climate_baseline), and the Google Retrospective (TS) across
five representative jurisdictions (CA, DC, FL, NY, OK). The ERA-developed models demonstrate a
visible qualitative improvement in tracking non-linear dynamics and providing better-calibrated
prediction intervals. This comparison confirms that the numerical improvements in WIS are driven by
superior predictive accuracy across diverse temporal regimes, rather than statistical artifacts or a bias
toward low-constant values.

12



Supplementary Information for: An AI system to help scientists write expert-level empirical software

Supplementary Fig. S8 | Full-season COVID-19 forecasts across all validation splits. Comparison
between the CovidHub-ensemble (left) and the Google Retrospective (TS) model (right). The
overlapping colored ribbons represent successive 6-week validation splits throughout the 2024-2025
season.

(a) Oklahoma

(b) Puerto Rico

(c) Texas

(d) New York
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Supplementary Fig. S9 | Heatmap of conceptual similarities among COVID-19 forecasting
generated codes for methods. This figure displays the pairwise cosine similarities between text
embeddings of all forecasting models generated by tree search for the COVID-19 prediction task. Text
embeddings were produced using a Gemini model19. The similarity matrix was then hierarchically
clustered and reordered to group conceptually related strategies. The color-coded sidebar
categorizes each method by its origin illustrating the composition of the emergent conceptual
clusters. The No Advice methods are from the Google Retrospective study.
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Supplementary Fig. S10 | Performance of recombination experiments for COVID-19 forecasting.
Average WIS across all evaluated models on the common held-out test set. This extended plot
highlights the full distribution of search outcomes, including the 9 Tree Search generated models and
3 external models that performed worse than the CovidHub-baseline (indicated by red bars). Models
are color-coded by strategy: base methods, CovidHub submissions, and Tree Search optimized
variants (Base method, Recombination, Deep Research, and AI co-scientist).
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Supplementary Fig. S11 | Validation performance for COVID-19 forecasting. Average WIS for
models evaluated on the six-week rolling validation window covering the reference dates 2025-02-22
to 2025-03-29. Performance on the validation dates correlates with the held-out test set results; for
instance, the best-performing test model (CEPH-Rtrend_covid x CMU-climate_baseline) was
identified as the second-best performer during this validation phase.
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Supplementary Fig. S12 | Examples of COVID-19 forecasts. Observed ground truth data (black
line) plotted against predictive models across four major jurisdictions (CA, DC, FL, and NY) for the
reference dates 2025-04-05, 2025-04-12, and 2025-04-19. These dates are used as the held out test
set in the analysis in the paper. Columns represent the CovidHub-ensemble (left), the
best-performing tree search (TS) discovered recombination model (CEPH-Rtrend_covid x
CMU-climate_baseline, middle), and the Google Retrospective TS model (right). The average WIS for
this period are 11.63 for the top recombination model, 12.85 for the CovidHub-ensemble, and 14.39
for the Google Retrospective model. The TS methods generate significantly narrower confidence
bands—indicating higher predictive precision—while consistently containing the ground truth data.
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Supplementary Fig. S13 | Categories of solutions on the GIFT-Eval benchmark on the
per-dataset solution (v1). We prompted an LLM (Gemini 2.5 Pro) to categorize the code from
each of the solutions into a class of methods. The figure shows the percentage of the best codes for
each of the 92 competitions in the specified categories: Gradient Boosted Method (GBM); Ensemble;
Seasonal; Error, Trend and Seasonality (ETS); Arima20; Linear; Averaging; Decomposition and
Unobserved components model (UCM).
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Supplementary Fig. S14 | Example output segmenting DLRSD image pixels from ERA Solution
1 (U-Net++).
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Supplementary Fig. S15 | Breakthrough plot and solution tree for the geospatial segmentation
task. Top Figure Breakthrough plot for the U-Net Geospatial DLRSD solution (solution 3), showing
the evolution of the maximum score as a function of the number of nodes. The green dots label
places where the score abruptly increases due to an improvement in the code, and the label describes
the change in the code that resulted in the score increase. Bottom Figure Structure of the tree for this
same search. The color range consists of orange (lower scores) to green (higher scores) with the
highest score denoted by a diamond node.
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Supplementary Fig. S16 | Comparison of solutions to time-series and video forecasting
methods across conditions on ZAPBench. Solutions are evaluated using average mean absolute
error (MAE) across conditions (lower is better). For ERA, 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.
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Supplementary Fig. S17 | Breakthrough plot and solution tree for the ZAPBench task. Top
Figure Breakthrough plot for the ZAPBench task, showing the evolution of the maximum score as a
function of the number of nodes. The green dots label places where the score abruptly increases due
to an improvement in the code, and the label describes the change in the code that resulted in the
score increase. Bottom Figure Structure of the tree for this same search. The color range consists of
orange (lower scores) to green (higher scores) with the highest score denoted by a diamond node.
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Supplementary Fig. S18 | The dataset of 38 definite integrals with oscillatory integrands on
semi-infinite domains14, none of which were solved correctly by scipy.integrate.quad().
Parameters like 𝑎, 𝑏, 𝑐 were chosen randomly between 0 and 5 with exponents constrained to be
integers.
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-4.3

#277
-12.5

#253
-4.3

#258
-inf

#268
-13.8

#269
-20.6

#270
-17.5

#271
-inf

#274
-4.28

#275
-15.9

#276
-4.28

#281
-inf

#282
-4.28

#283
-27

#251
-9.13

#254
-18.1

#280
-17.5

#257
-15.4

#266
-inf

#261
-15.2

#263
-4.3

#273
-4.3

#289
-5.61

#292
-6.95

#297
-17.1

#311
-20.3

#314
-19

#300
-4.28

#301
-14.2

#308
-16.8

#312
-46.2

#298
-14.7

#299
-6.56

#305
-4.28

#307
-12.5

#310
-4.28

#313
-4.28

#316
-7.08

#278
-6.35

#279
-4.3

#284
-4.3

#285
-inf

#286
-16.5

#287
-4.3

#288
-4.3

#295
-4.3

#296
-6.96

#290
-4.3

#293
-18

#291
-33.2

#294
-19

#317
-4.3

#320
-inf

#330
-4.28

#319
-15.4

#321
-4.28

#340
-4.28

#323
-4.28

#327
-5.31

#329
-6.36

#344
-19

#324
-4.28

#302
-17.5

#304
-4.98

#309
-3.5

#315
-3.51

#303
-12.4

#306
-14.7

#318
-18

#322
-4.3

#331
-4.29

#332
-4.31

#333
-25.4

#335
-3.5

#342
-2.8

#345
-6.95

#325
-3.51

#326
-71

#328
-16.2

#360
-4.28

#369
-12.3

#350
-6.95

#359
-17.8

#364
-17.4

#368
-16.8

#354
-6.36

#348
-4.47

#349
-23.5

#352
-inf

#355
-30.8

#357
-4.29

#358
-inf

#361
-2.1

#362
-2.8

#363
-18.6

#365
-inf

#366
-9.79

#367
-12.5

#370
-2.79

#372
-6.96

#353
-4.28

#337
-23.4

#343
-6.53

#336
-inf

#338
-3.51

#339
-inf

#341
-inf

#346
-inf

#334
-inf

#373
-6.58

#374
-inf

#347
-9.57

#351
-inf

#356
-inf

#371
-3.51

#379
-4.28

#375
-6.95

#376
-11.2

#377
-3.51

#378
-3.51

#380
-17.5

#382
-14

#387
-2.1

#394
-3.14

#381
-2.82

#383
-13

#395
-inf

#388
-2.79

#389
-6.96

#390
-inf

#398
-11.1

#397
-4.28

#402
-2.1

#403
-inf

#404
-inf

#406
-2.1

#408
-inf

#416
-2.1

#418
-4.89

#412
-7.98

#413
-3.14

#415
-15.2

#410
-6.27

#411
-2.09

#414
-inf

#421
-2.79

#426
-16.9

#385
-12.5

#399
-20.2

#384
-2.12

#386
-inf

#391
-inf

#392
-8.25

#393
-15.4

#396
-2.12

#409
-4.28

#427
-2.11

#428
-14.7

#431
-21.9

#435
-inf

#438
-12

#400
-4.3

#401
-6.3

#405
-11.1

#407
-17.1

#417
-6.3

#420
-11.1

#422
-inf

#425
-2.1

#436
-27.6

#440
-19

#419
-22.3

#423
-3.34

#433
-19

#429
-inf

#430
-9.03

#432
-8.33

#454
-7.07

#450
-3.49

#451
-19

#424
-3.14

#439
-4.28

#441
-inf

#443
-2.1

#446
-64.2

#447
-3.36

#453
-19.4

#434
-2.8

#442
-3.47

#445
-inf

#448
-2.11

#437
-inf

#444
-12.5

#449
-34.3

#458
-18

#460
-13.1

#461
-inf

#463
-11.8

#467
-19.4

#468
-12.5

#474
-inf

#457
-3.36

#452
-61.3

#455
-2.11

#456
-2.92

#464
-6.45

#459
-2.11

#462
-2.11

#472
-2.92

#469
-11.4

#470
-2.11

#471
-2.11

#465
-2.11

#466
-2.11

#473
-2.11

#478
-2.09

#482
-23.6

#479
-2.11

#484
-2.11

#476
-inf

#483
-2.11

#475
-2.11

#477
-2.11

#480
-inf

#481
-inf

#493
-2.11

#488
-2.11

#489
-2.8

#486
-2.09

#487
-61

#490
-3.47

#491
-64.6

#494
-14.5

#495
-3.47

#485
-2.11

#492
-4.87

#498
-2.11

#496
-21

#497
-26.8

#500
-2.09

#501
-11.1

#503
-23.8

#505
-19

#508
-2.09

#499
-2.11

#502
-2.11

#504
-2.11

#510
-2.09

#511
-inf

#513
-11.1

#514
-2.09

#515
-2.09

#517
-2.09

#522
-13.4

#523
-2.1

#524
-2.1

#506
-2.11

#507
-61

#509
-2.83

#512
-2.11

#518
-20.3

#519
-27.7

#520
-19

#521
-2.09

#528
-22.2

#529
-6.1

#530
-inf

#536
-23.6

#538
-2.09

#547
-11.1

#552
-2.09

#539
-3.69

#541
-17.9

#548
-21.5

#551
-2.09

#540
-inf

#544
-2.09

#550
-inf

#516
-inf

#542
-2.1

#525
-2.1

#526
-11.4

#527
-2.1

#531
-11.8

#535
-11.8

#537
-inf

#543
-12.8

#546
-2.09

#549
-inf

#553
-2.11

#554
-2.09

#560
-2.09

#568
-22.7

#571
-22.7

#589
-inf

#566
-2.09

#575
-20.6

#561
-11.2

#590
-11.1

#557
-2.2

#558
-2.09

#563
-2.09

#587
-3.48

#559
-inf

#562
-2.09

#572
-11.1

#576
-23.4

#591
-2.09

#582
-15.9

#533
-2.09

#545
-14.9

#532
-inf

#534
-2.12

#555
-11.2

#556
-11.8

#588
-11.8

#569
-22.7

#581
-2.09

#564
-inf

#565
-2.78

#573
-inf

#579
-2.1

#593
-12.7

#594
-12.2

#567
-inf

#570
-2.09

#574
-20.7

#580
-22

#577
-2.09

#578
-68.8

#598
-17.2

#599
-inf

#600
-24.5

#602
-14.9

#603
-13.2

#604
-inf

#605
-63

#606
-2.09

#607
-inf

#608
-23.6

#601
-2.1

#595
-2.09

#596
-2.09

#583
-inf

#584
-61.7

#585
-24.6

#586
-12.8

#592
-15.6

#597
-17.7

#610
-24.2

#614
-2.09

#618
-inf

#616
-2.09

#619
-2.09

#609
-2.09

#611
-2.09

#612
-2.09

#613
-17.1

#615
-2.09

#617
-2.07

#642
-2.09

#639
-2.09

#620
-2.09

#626
-12.4

#623
-2.09

#624
-2.09

#621
-12

#627
-2.24

#622
-2.09

#625
-11.8

#628
-inf

#630
-62.4

#638
-2.08

#643
-2.08

#629
-2.78

#631
-2.09

#633
-inf

#637
-17.1

#634
-12.9

#636
-12.5

#632
-11.8

#635
-2.09

#644
-2.09

#647
-28.2

#650
-inf

#662
-11.1

#653
-2.08

#658
-11.1

#660
-2.08

#640
-2.09

#641
-2.09

#645
-2.09

#646
-2.09

#654
-2.09

#648
-2.09

#651
-11.4

#649
-2.09

#652
-14.9

#655
-11.1

#668
-2.09

#656
-11.2

#669
-2.09

#657
-2.09

#659
-27

#664
-2.09

#661
-2.09

#665
-17.6

#666
-2.08

#667
-80.3

#670
-2.08

#675
-2.08

#679
-11.2

#663
-61

#680
-2.09

#682
-2.09

#672
-2.09

#678
-2.09

#673
-2.08

#677
-2.09

#674
-2.09

#671
-11.9

#676
-2.08

#681
-11.3

#683
-2.09

#692
-18.4

#687
-0.884

#684
-2.08

#689
-2.76

#691
-2.09

#686
-2.08

#694
-2.08

#688
-2.09

#685
-12.5

#690
-2.08

#695
-2.09

#693
-11.4

#696
-0.884

#702
-0.884

#705
-11.3

#712
-18

#701
-2.09

#699
-2.08

#707
-2.08

#706
-2.08

#708
-2.08

#710
-2.09

#697
-11.2

#703
-inf

#711
-2.1

#698
-2.1

#704
-inf

#700
-2.09

#709
-2.09

#719
-2.09

#718
-12.5

#737
-11.2

#720
-2.08

#726
-13.2

#714
-0.884

#716
-11.8

#723
-0.884

#713
-0.884

#715
-14.6

#722
-11.2

#717
-2.78

#721
-2.08

#724
-2.08

#725
-11.1

#736
-2.08

#727
-18

#730
-0.888

#733
-11.3

#738
-1.56

#742
-11.3

#744
-0.884

#748
-0.884

#732
-2.09

#728
-inf

#729
-inf

#734
-0.884

#747
-0.874

#741
-12.5

#740
-14.1

#731
-2.08

#735
-2.08

#752
-2.08

#749
-0.884

#754
-inf

#756
-0.884

#758
-19

#764
-0.868

#765
-0.874

#772
-inf

#775
-inf

#739
-11.4

#743
-8.51

#745
-2.14

#759
-0.888

#746
-2.09

#751
-12.5

#750
-2.08

#753
-1.56

#755
-1.56

#757
-12.5

#778
-11.1

#780
-0.884

#782
-11.3

#760
-0.884

#761
-0.884

#785
-0.888

#795
-12

#763
-65.3

#770
-0.884

#767
-11.8

#768
-inf

#771
-2.08

#762
-2.08

#766
-inf

#773
-11.2

#769
-1.56

#774
-inf

#815
-inf

#816
-0.884

#818
-0.884

#783
-11.7

#786
-0.868

#788
-11.3

#796
-19.6

#784
-11.3

#787
-inf

#789
-0.874

#776
-11.1

#781
-0.884

#777
-11.3

#779
-1.4

#791
-11.8

#794
-2.13

#817
-inf

#790
-2.08

#792
-1.56

#810
-inf

#811
-0.888

#797
-0.884

#798
-0.884

#793
-11.8

#813
-12.7

#799
-19

#801
-0.868

#803
-11.3

#805
-18.8

#812
-inf

#800
-0.874

#802
-0.874

#804
-0.874

#809
-0.874

#807
-1.56

#859
-66.3

#835
-inf

#844
-inf

#806
-2.08

#808
-inf

#814
-11.1

#820
-0.884

#823
-0.884

#839
-0.888

#819
-inf

#821
-inf

#822
-11.8

#824
-inf

#870
-11.3

#830
-11.1

#833
-0.88

#843
-19

#825
-11.5

#826
-63.7

#828
-2.08

#829
-11.3

#831
-0.874

#832
-11.1

#842
-0.874

#834
-0.874

#838
-12.5

#841
-21.9

#827
-1.56

#837
-11.3

#851
-0.884

#836
-0.884

#850
-11.3

#846
-12

#848
-0.87

#852
-12.8

#845
-0.874

#847
-inf

#849
-2.09

#855
-0.874

#862
-0.874

#866
-inf

#840
-1.56

#856
-11.3

#861
-0.874

#867
-0.874

#865
-6.7

#860
-0.884

#853
-0.884

#871
-1.56

#857
-11.1

#863
-0.874

#873
-2.09

#854
-0.87

#858
-0.87

#864
-0.87

#868
-11.1

#878
-15.9

#887
-18.8

#877
-12.1

#886
-0.874

#869
-0.884

#884
-17.9

#890
-0.874

#883
-0.874

#888
-34.3

#879
-0.874

#876
-0.87

#882
-0.87

#874
-1.57

#881
-0.87

#875
-65.3

#880
-0.87

#872
-0.884

#885
-0.884

#891
-0.87

#894
-0.87

#898
-2.11

#899
-0.87

#912
-0.874

#892
-inf

#893
-0.87

#901
-11.3

#889
-0.884

#906
-11.3

#908
-inf

#903
-0.874

#895
-13.2

#896
-0.868

#900
-0.87

#902
-12.8

#904
-17.7

#897
-11.3

#909
-0.884

#905
-0.871

#907
-0.87

#916
-0.87

#919
-0.87

#922
-0.874

#915
-11.3

#917
-inf

#925
-2.1

#946
-11.3

#948
-0.868

#910
-9.01

#914
-11.3

#911
-11.2

#913
-0.877

#928
-0.87

#918
-0.87

#923
-17.7

#929
-0.874

#921
-13.2

#926
-0.871

#920
-0.87

#924
-0.87

#945
-0.877

#931
-0.87

#936
-11.3

#942
-0.87

#933
-0.87

#940
-0.87

#934
-0.87

#939
-0.87

#959
-12

#961
-0.867

#965
-11.8

#967
-11.1

#930
-19

#938
-0.87

#941
-inf

#935
-11.3

#947
-0.871

#943
-0.87

#944
-0.87

#932
-0.87

#937
-inf

#966
-14.7

#951
-11.3

#952
-0.87

#960
-0.87

#949
-0.87

#953
-11.6

#957
-0.87

#958
-0.87

#956
-0.87

#964
-0.871

#955
-19

#963
-0.87

#950
-0.87

#962
-0.87

#980
-0.87

#982
-0.87

#973
-0.87

#954
-11.3

#971
-0.87

#972
-0.87

#969
-0.87

#976
-11.1

#968
-11.3

#974
-35.6

#970
-0.87

#977
-0.871

#979
-0.867

#981
-11.1

#983
-12.5

#984
-0.867

#986
-11.1

#992
-2.69

#988
-17

#990
-0.87

#991
-0.87

#989
-0.87

#985
-0.867

#987
-11.3

#993
-0.867

#994
-inf

#999
-11.3

#1006
-0.867

#1011
-1.75

#995
-0.87

#996
-0.87

#998
-0.87

#1001
-12.8

#997
-0.871

#1009
-0.869

#1007
-0.87

#1008
-0.87

#1000
-0.867

#1005
-2.08

#1013
-12.1

#1002
-11.9

#1004
-0.867

#1010
-0.867

#1003
-0.867

#1012
-19

1014
-0.851

#1015
-18.7

#1016
-11.3

Supplementary Fig. S19 | Breakthrough plot and solution tree for the numerical integration
task. Top Figure Breakthrough plot for the Integral tree search, showing the evolution of the
maximum score as a function of the number of nodes. The green dots label places where the score
abruptly increases due to an improvement in the code, and the label describes the change in the code
that resulted in the score increase. Bottom Figure Structure of the tree for this same search. The
color range consists of orange (lower scores) to green (higher scores) with the highest score denoted
by a diamond node.
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Supplementary Fig. S20 | Scores of the best numerical integration routine applied to the
held-out set of 19 integrals. Zero is a perfect score. The generated function solved 17 of 19 integrals
to within 3 percent. The standard function, scipy.integrate.quad() failed in all these cases.
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3. Supplementary Tables

Supplementary Table S1 | Computational budget and execution costs per search node across
evaluated benchmarks. We report the average number of request and response tokens processed
by the language model per node, alongside the average sandbox execution duration and hardware
requirements. The overall computational cost scales linearly with the total number of nodes
explored during the search.

Task Request Tokens Response Tokens Duration (min) Sandbox Type

Batch Integration 16,171 4,183 8.0 GPUb

Covid Forecasting 9,607 3,392 1.2 CPU
GIFT-Eval 15,828 9,308 53.3 CPU
Integrals 224,415a 6,074 1.5 CPU
Geospatial 7,186 3,172 16.4 GPU
ZAPBench 16,809 8,036 192.2 GPU
a The request token count for the integrals is artificially inflated due to tokenization of images in the
prompt.

b The GPUs used in this study are NVIDIA Tesla T4.

Supplementary Table S2 | Kaggle Playground Series (Season 3) Competitions included in the
experiments.

Competition Name Episode
Regression with a Tabular California Housing Dataset s3e1
Binary Classification with a Tabular Stroke Prediction Dataset s3e2
Binary Classification with a Tabular Employee Attrition Dataset s3e3
Binary Classification with a Tabular Credit Card Fraud Dataset s3e4
Tabular Classification with a Wine Quality Dataset s3e5
Binary Classification with a Tabular Reservation Cancellation Dataset s3e7
Tabular Regression with a Gemstone Price Dataset s3e8
Regression with a Tabular Concrete Strength Dataset s3e9
Binary Classification with a Tabular Pulsar Dataset s3e10
Regression with a Tabular Media Campaign Cost Dataset s3e11
Binary Classification with a Tabular Kidney Stone Prediction Dataset s3e12
Regression with a Wild Blueberry Yield Dataset s3e14
Regression with a Crab Age Dataset s3e16
Binary Classification of Machine Failures s3e17
Forecasting Mini-Course Sales s3e19
Predict CO2 Emissions in Rwanda s3e20
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Supplementary Table S3 | Prompt for Kaggle Playground competitions. The prompt is used for
ERA on the Kaggle Playground Benchmark. This example is for Season 3 Episode 17.

Prompt for Kaggle Playground Competitions

Please write the python code to work on a Kaggle competition. Use any model you like.
Kaggle competition name: Binary Classification of Machine Failures
The competition is evaluated as follows: Submissions are evaluated on area under the ROC
curve between the predicted probability and the observed target.

Submission File
For each `id` in the test set, you must predict the probability of a
`Machine failure`. The file should contain a header and have the following
format:

id,Machine failure
136429,0.5
136430,0.1
136431,0.9
etc.

Here are a few lines of each of the files:

file_name : sample_submission.csv

file_contents:

id,Machine failure
79996,0
100009,0
etc.

====
file_name : test.csv

file_contents:
etc.
====
file_name : train.csv

file_contents:
etc.
====
Please provide complete code that will generate the submission file in the
format below:

```python
YOUR CODE
```
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Supplementary Table S4 | Expert advice for Kaggle Playground competitions. The prompt is used
for the TS with Expert Advice on the Kaggle Playground Benchmark.

Expert advice prompt for Kaggle Playground competitions

Here is high level advice: Instead of putting all your effort into a single model, experiment with
combining two or more models. Start with simple averaging of predictions and then explore
more advanced techniques like stacking.
Try out several different types of models (e.g., gradient boosting machines, linear models, and
even simpler models like logistic regression) to see how they perform.
Look for opportunities to go beyond standard preprocessing. Investigate the data for potential
leaks, and consider using optimization libraries to find the best way to combine your models’
predictions.
While feature engineering is a crucial skill, it’s also important to recognize when it might not be
the most important factor. Sometimes, the choice of model and ensembling strategy can have
a bigger impact. Don’t be afraid to try a more "brute-force" approach with powerful models
that can handle raw data effectively.

Supplementary Table S5 | Boosted decision trees for Kaggle Playground competitions. The
prompt is used for the TS with Boosted Decision Tree on the Kaggle Playground Benchmark.

Expert Advice Prompt for Kaggle Playground Competitions

Given the code you are given please rewrite any library code (such as XGBoost, LightGBM, and
CatBoost) by making internal algorithmic choices that produce performant training code and
models that generalize well in many situations. Things you can try are alternative representa-
tions of data, using different step size algorithms, using the output of a strong learner as input
to the next weak learner. If the code contains such libraries, please extract the raw code that is
being used in the library and rewrite it to improve performance.
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Supplementary Table S6 | Example code generated by ERA. We prompted ERA to generate a
solution for single-cell batch integration. We refer to this solution as BBKNN (TS).

Example code generated by ERA.
from typing import Any
from sklearn . decomposition import TruncatedSVD
from sklearn . neighbors import NearestNeighbors
from scipy . sparse import lil_matrix , csr_matrix
import numpy as np
import scanpy as sc
import anndata as ad
import heapq # For efficiently getting top K elements from merged lists

# Define parameters for the config .
# These values are chosen to balance computational cost and integration performance
# for datasets with up to ~300k cells and 2k genes .
config = {

'n_pca_components ': 100 , # Number of PCA components . Recommended : 50 -200.
# Captures sufficient variance while reducing dimensionality .

'n_neighbors_per_batch ': 10, # Number of neighbors to find within each batch . Recommended : 5 -15.
# This defines the local batch context for each cell.

'total_k_neighbors ': 50, # Total number of nearest neighbors to retain for the final graph . Recommended :
15 -100.

# This forms the global batch - integrated graph .
}

def eliminate_batch_effect_fn (
adata : ad.AnnData , config : dict[str , Any]

) -> ad. AnnData :
# Create a copy to ensure the original input adata remains unchanged .
adata_integrated = adata .copy ()

# --- Preprocessing : Normalize , log -transform , scale ---
# These are standard initial steps for scRNA -seq data.
# Use adata .X which contains raw counts .
sc.pp. normalize_total ( adata_integrated , target_sum =1 e4)
sc.pp. log1p ( adata_integrated )
sc.pp. scale ( adata_integrated , max_value =10) # Clip values to avoid extreme outliers

# --- Batch Correction : ComBat on the gene expression matrix ---
# This step applies a more robust linear model - based batch correction
# directly on the gene expression data before dimensionality reduction .
# ComBat modifies adata_integrated .X in place .
sc.pp. combat ( adata_integrated , key='batch ')

# --- Dimensionality Reduction : PCA on the ComBat - corrected data ---
# n_comps cannot exceed min( n_obs - 1, n_vars ). Robustly handle small datasets .
n_pca_components = config .get(' n_pca_components ', 100)
actual_n_pca_components = min( n_pca_components , adata_integrated .n_vars , adata_integrated . n_obs - 1)

# Handle edge cases for PCA and graph construction where data is too small .
# If PCA cannot be run meaningfully , return a minimal AnnData object to avoid errors .
if actual_n_pca_components <= 0 or adata_integrated . n_obs <= 1:

print (f" Warning : Too few observations ({ adata_integrated . n_obs }) or dimensions ({ adata_integrated . n_vars })
for PCA/ graph construction . Returning trivial embedding .")
# Provide a placeholder embedding and empty graph structure .
adata_integrated .obsm['X_emb '] = np. zeros (( adata_integrated .n_obs , 1))
adata_integrated .obsp[' connectivities '] = csr_matrix (( adata_integrated .n_obs , adata_integrated . n_obs ))
adata_integrated .obsp[' distances '] = csr_matrix (( adata_integrated .n_obs , adata_integrated . n_obs ))
adata_integrated .uns[' neighbors '] = {

'params ': {
'n_neighbors ': 0,
'method ': 'degenerate ',
'n_pcs ': 0,
'n_neighbors_per_batch ': 0,
'pca_batch_correction ': 'none ',

},
'connectivities_key ': 'connectivities ',
'distances_key ': 'distances ',

}
return adata_integrated

sc.tl.pca( adata_integrated , n_comps = actual_n_pca_components , svd_solver ='arpack ')

# Set the ComBat - corrected PCA embedding as the integrated output embedding .
# This 'X_emb ' will be directly evaluated by metrics like ASW , LISI , PCR.
adata_integrated .obsm['X_emb '] = adata_integrated .obsm['X_pca ']

# --- Custom Batch - Aware Nearest Neighbors Graph Construction ---
# This implements the expert advice : find neighbors independently within batches , then merge .
# This part of the code remains largely the same , but now operates on the
# ComBat - corrected PCA embedding ( adata_integrated .obsm['X_emb ']).
k_batch_neighbors = config .get(' n_neighbors_per_batch ', 10)
total_k_neighbors = config .get(' total_k_neighbors ', 50)

# A list of dictionaries to store unique neighbors and their minimum distances for each cell.
# Using dictionaries allows efficient updating if a cell is found as a neighbor from multiple batches .
merged_neighbors_per_cell = [{} for _ in range ( adata_integrated . n_obs )]

# Group cell indices by batch for efficient querying .
batches = adata_integrated .obs['batch ']. values
unique_batches = np. unique ( batches )
batch_to_indices = {b: np. where ( batches == b)[0] for b in unique_batches }

# Pre -fit NearestNeighbors models for each batch 's data using the corrected PCA embedding .
# This avoids refitting the model for every query .
batch_nn_models = {}
for b_id in unique_batches :

batch_cell_indices = batch_to_indices [b_id]
# Ensure there are enough cells to fit a NearestNeighbors model (at least k_batch_neighbors + 1 for self -

exclusion , or just > 0 for min k=1)
if len( batch_cell_indices ) > 0:

# Fit with a k that is at most the batch size to avoid errors if k_batch_neighbors is too high for a small
batch .

k_fit_effective = min( k_batch_neighbors + 1, len( batch_cell_indices )) # +1 to ensure self -loop can be found
and excluded
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Example code generated by ERA (continued).
if k_fit_effective > 0: # Only fit if there are points available

nn_model = NearestNeighbors ( n_neighbors = k_fit_effective , metric =' euclidean ', algorithm ='auto ')
nn_model .fit( adata_integrated .obsm['X_emb '][ batch_cell_indices ])
batch_nn_models [b_id] = nn_model

# Iterate through all possible query batches and target batches to find neighbors .
for query_batch_id in unique_batches :

query_global_indices = batch_to_indices [ query_batch_id ]
if len( query_global_indices ) == 0:

continue # Skip empty query batches

query_data = adata_integrated .obsm['X_emb '][ query_global_indices ]

for target_batch_id in unique_batches :
if target_batch_id not in batch_nn_models :

continue # Skip target batches that were too small to fit an NN model

nn_model = batch_nn_models [ target_batch_id ]
target_global_indices = batch_to_indices [ target_batch_id ]

# Ensure n_neighbors does not exceed the number of points in the target batch .
k_for_query = min( k_batch_neighbors , len( target_global_indices ) -1) # -1 to avoid finding self as

neighbor if batch is query batch
if k_for_query <= 0: # No valid neighbors can be found in this target batch

continue
# Query neighbors for all cells in the current query batch against the target batch 's data.
distances , indices_in_target_batch = nn_model . kneighbors ( query_data , n_neighbors = k_for_query ,

return_distance =True)

for i_query_local in range (len( query_global_indices )):
current_cell_global_idx = query_global_indices [ i_query_local ]

dists_for_cell = distances [ i_query_local ]
global_neighbors_for_cell = target_global_indices [ indices_in_target_batch [ i_query_local ]]

for k_idx in range (len( global_neighbors_for_cell )):
neighbor_global_idx = global_neighbors_for_cell [ k_idx ]
dist = dists_for_cell [ k_idx ]
# Exclude self - loops : a cell should not be its own neighbor in graph construction .
if neighbor_global_idx == current_cell_global_idx :

continue

# Store neighbor and its distance . If already present , keep the minimum distance ( closest
connection ).

if ( neighbor_global_idx not in merged_neighbors_per_cell [ current_cell_global_idx ] or
dist < merged_neighbors_per_cell [ current_cell_global_idx ][ neighbor_global_idx ]):
merged_neighbors_per_cell [ current_cell_global_idx ][ neighbor_global_idx ] = dist

# Convert collected neighbors and distances into sparse matrices .
rows = []
cols = []
data_distances = []

for i in range ( adata_integrated . n_obs ):
# Retrieve all candidate neighbors for cell 'i', sort by distance , and take the top 'total_k_neighbors '.
current_cell_candidates = list( merged_neighbors_per_cell [i]. items ())

if not current_cell_candidates : # If a cell has no valid neighbors after all filtering
continue

# Use heapq for efficient selection of the smallest distances .
selected_neighbors = heapq . nsmallest ( total_k_neighbors , current_cell_candidates , key= lambda item: item [1])

for neighbor_idx , dist in selected_neighbors :
rows. append (i)
cols. append ( neighbor_idx )
data_distances . append (dist)

# Create distance matrix . Handle case with no neighbors found at all for the entire dataset .
if not rows:

distances_matrix = csr_matrix (( adata_integrated .n_obs , adata_integrated . n_obs ))
else:

distances_matrix = csr_matrix (( data_distances , (rows , cols)), shape =( adata_integrated .n_obs , adata_integrated
. n_obs ))

# Symmetrize the distance matrix : if A is a neighbor of B, then B is also a neighbor of A,
# with the distance being the maximum of the two observed distances ( ensures undirected graph ).
distances_matrix = distances_matrix . maximum ( distances_matrix .T)
distances_matrix . eliminate_zeros () # Remove any explicit zeros created by max operation

# Create connectivities matrix ( binary representation of connections ).
connectivities_matrix = distances_matrix .copy ()
connectivities_matrix .data [:] = 1.0 # All non -zero entries become 1.0 ( connected ).
connectivities_matrix . eliminate_zeros ()
connectivities_matrix = connectivities_matrix . astype ( float )

# Store the custom graph in adata .obsp. These keys are used by scib metrics .
adata_integrated .obsp[' connectivities '] = connectivities_matrix
adata_integrated .obsp[' distances '] = distances_matrix

# Store parameters in adata .uns[' neighbors '] for completeness and scanpy /scib compatibility .
adata_integrated .uns[' neighbors '] = {

'params ': {
'n_neighbors ': total_k_neighbors ,
'method ': 'custom_batch_aware_combat_pca ', # Reflects the integration strategy
'metric ': 'euclidean ',
'n_pcs ': actual_n_pca_components ,
'n_neighbors_per_batch ': k_batch_neighbors ,
'pca_batch_correction ': 'combat ', # Indicates ComBat was applied before PCA

},
'connectivities_key ': 'connectivities ',
'distances_key ': 'distances ',

}
return adata_integrated
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Supplementary Table S7 | Prompt for recombination of baseline method ideas. The prompt
instructs Gemini to identify the main differences in the principles of top-performing solutions, obtained
from tree search runs seeded with baseline methods. This generated summary then serves as part of
an explicit instruction for tree search to create hybrid strategies.

Prompt for summarizing differences between two baseline methods.

Compare these two code solutions to the same problem of integrating single-cell batch effects.
Explain the main principles that differ between the codes:

CODE 1: [CODE FROM BASELINE 1]

CODE 2: [CODE FROM BASELINE 2]
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Supplementary Table S8 | Configuration of COVID-19 forecasting data splits.

Strategy Validation Reference Dates Test Reference Dates Horizons Locations Metric

Google Retro. 1 2024-10-05, 2024-10-12, 2024-
10-19, 2024-10-26, 2024-11-02,
2024-11-09

2024-11-16, 2024-11-
23, 2024-11-30

1–4 weeks 52 US WIS

Google Retro. 2 2024-10-19, 2024-10-26, 2024-
11-02, 2024-11-09, 2024-11-16,
2024-11-23

2024-11-30, 2024-12-
07, 2024-12-14

1–4 weeks 52 US WIS

Google Retro. 3 2024-11-02, 2024-11-09, 2024-
11-16, 2024-11-23, 2024-11-30,
2024-12-07

2024-12-14, 2024-12-
21, 2024-12-28

1–4 weeks 52 US WIS

Google Retro. 4 2024-11-16, 2024-11-23, 2024-
11-30, 2024-12-07, 2024-12-14,
2024-12-21

2024-12-28, 2025-01-
04, 2025-01-11

1–4 weeks 52 US WIS

Google Retro. 5 2024-11-30, 2024-12-07, 2024-
12-14, 2024-12-21, 2024-12-28,
2025-01-04

2025-01-11, 2025-01-
18, 2025-01-25

1–4 weeks 52 US WIS

Google Retro. 6 2024-12-14, 2024-12-21, 2024-
12-28, 2025-01-04, 2025-01-11,
2025-01-18

2025-01-25, 2025-02-
01, 2025-02-08

1–4 weeks 52 US WIS

Google Retro. 7 2024-12-28, 2025-01-04, 2025-
01-11, 2025-01-18, 2025-01-25,
2025-02-01

2025-02-08, 2025-02-
15, 2025-02-22

1–4 weeks 52 US WIS

Google Retro. 8 2025-01-11, 2025-01-18, 2025-
01-25, 2025-02-01, 2025-02-08,
2025-02-15

2025-02-22, 2025-03-
01, 2025-03-08

1–4 weeks 52 US WIS

Google Retro. 9 2025-01-25, 2025-02-01, 2025-
02-08, 2025-02-15, 2025-02-22,
2025-03-01

2025-03-08, 2025-03-
15, 2025-03-22

1–4 weeks 52 US WIS

Google Retro. 10 2025-02-08, 2025-02-15, 2025-
02-22, 2025-03-01, 2025-03-08,
2025-03-15

2025-03-22, 2025-03-
29, 2025-04-05

1–4 weeks 52 US WIS

Google Retro. 11 2025-02-22, 2025-03-01, 2025-
03-08, 2025-03-15, 2025-03-22,
2025-03-29

2025-04-05, 2025-04-
12, 2025-04-19

1–4 weeks 52 US WIS

Google Retro. 12 2025-03-08, 2025-03-15, 2025-
03-22, 2025-03-29, 2025-04-05,
2025-04-12

2025-04-19, 2025-04-
26, 2025-05-03

1–4 weeks 52 US WIS

Google Retro. 13 2025-03-22, 2025-03-29, 2025-
04-05, 2025-04-12, 2025-04-19,
2025-04-26

2025-05-03, 2025-05-
10, 2025-05-17

1–4 weeks 52 US WIS

Google Retro. 14 2025-04-05, 2025-04-12, 2025-
04-19, 2025-04-26, 2025-05-03,
2025-05-10

2025-05-17, 2025-05-
24, 2025-05-31

1–4 weeks 52 US WIS

All other TS 2025-02-22, 2025-03-01, 2025-
03-08, 2025-03-15, 2025-03-22,
2025-03-29

2025-04-05, 2025-04-
12, 2025-04-19

1–4 weeks 52 US WIS
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Supplementary Table S9 | Method descriptions used for replicating COVID-19 models submitted
to the CDC’s CovidHub.

CEPH-Rtrend_covid

“Use a renewal equation method based on Bayesian estimation of Rt from hospitalization data.
Model forecasts should be obtained by using a renewal equation based on the estimated net
reproduction number Rt. Apply a lowpass filter to the time series of weekly hospitalizations,
then interpolate it to daily resolution. Then use MCMC Metropolis-Hastings sampling to
estimate the posterior distribution of Rt based on the filtered data, considering an informed
prior on Rt based on COVID-19 literature. The estimated Rt in the last weeks of available data
is used to forecast Rt in the upcoming weeks, with a drift term proportional to the current
incidence. Finally, use the renewal equation with the posterior distribution and trend of the
estimated Rt in the most recent weeks of hospitalization data."

CMU-TimeSeries

“Use an ensemble of AR-based time-series models, involving a basic quantile autoregression fit
using lagged values of covid-related hospitalization counts (normalized by population). The
data should be smoothed in time. Fit the model jointly across all jurisdictions using the most
recently available 21 days of training data. Learn each of the 23 quantiles using a separate
quantile regression with nonnegativity and quantile sorting constraints applied post hoc."

CMU-climate_baseline

“Use an ensemble of historically formed quantiles. Using data from 2022 onwards, this clima-
tological model should use samples from the 7 weeks centered around the target week and
reference week to form the quantiles for the target week, as one might use climate information
to form a meteorological forecast. To get more variation at some potential issue of general-
ization, one can form quantiles after aggregating across geographic values as well as years
(after converting to a rate based case count). This model should use a simple average of the
geo-specific quantiles and the geo-aggregated quantiles."

JHU_CSSE-CSSE_Ensemble

“Use a Multi-Pathogen Optimized Geo-Hierarchical Ensemble Framework (MPOG-Ensemble).
Forecast state-level COVID-19 hospitalizations using a combination of time series forecasting
methods, organized across three hierarchical levels. At the individual state level, forecasts are
generated using Holt-Winters Exponential Smoothing. For regional predictions, which group
states based on past 2 years covid-19 activity trends identified through the Louvain method,
Long Short-Term Memory (LSTM) models are employed. Additionally, a LSTM model that
covers all states is implemented. These three-tiered model outputs are integrated, selecting
weights based on their recent performance in terms of Mean Absolute Error (MAE) to produce
the final prediction."
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OHT_JHU-nbxd

“Use a neural network that encodes the data inputs using a TCN (Bai et al. 2018) and decodes
the result into a forecast using N-BEATS (Oreshkin et al. 2000). This is a residual block type
architecture that generates point forecasts from univariate time series data. The network
accepts a fixed lookback window of time points as input, and has a set number of output
nodes corresponding to the length of the forecast horizon. Extend the network with additional
residual blocks that output error variance forecasts (evaluated using a likelihood loss function)
which allows generating quantile forecasts, assuming a parametric (gamma) error distribution.
Additional predictor variables are incorporated using a temporal convolutional network (TCN;
Bai et al. 2018). The TCN accepts one input channel for each predictor time series (or static
variable), including past values of the target variable, and outputs a single channel with the
same length as the lookback window. The TCN output channel is used as the input to the
extended N-BEATS network. Each value in the TCN output sequence is a non-linear combination
of the predictor variables at that point and all previous points in the lookback window, which
preserves the temporal structure of the input. Forecast is the median of an ensemble of such
models with varying lookback window sizes and random initializations."

UM-DeepOutbreak

“Use a deep neural network model with conformal predictions. The neural network architecture
is a sequence-to-sequence model based on recurrent units and self-attention modules. It
is trained in a multi-task setting where each region is considered a task. The uncertainty
quantification is conducted post hoc with conformal predictions that follows adaptive conformal
inference to adapt to distribution shifts. Spatial correlation is not considered."

UMass-ar6_pooled

“Use an autoregressive model with shared coefficients across locations: AR(6) model after
fourth root data transform. AR coefficients are shared across all locations. A separate variance
parameter is estimated for each location."

UMass-gbqr

“Use gradient boosting quantile regression. Do gradient boosting using features summarizing
signal activity, properties of the location, information about the timing of forecast creation, and
the forecast horizon."
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Supplementary Table S10 | Prompt for replicating COVID-19 models submitted to CovidHub by
injecting method descriptions as {method} into existing tree search prompt.

Prompt for replicating models submitted to CovidHub.

Please write the python code to work on a competition.
{method}
I’ve already loaded the train / test files and split out the x and y parts.
Please provide a new definition for the function below, complete with imports, that will
generalize well. However, do not do any cross-validation in here. Your function should expect
options to be passed in via the config argument. I’ll use cross-validation myself to select which
of the options in the config_list generalizes best.
{method}

from typing import Any # Don't forget this!
import pandas as pd

def fit_and_predict_fn(
train_x: pd.DataFrame,
train_y: pd.Series,
test_x: pd.DataFrame,
config: dict[str, Any]) -> pd.Series:
"""Make predictions for test_x by modeling train_x to train_y.
Do not do any cross-validation in here.
"""
mean_y = np.mean(train_y)
return pd.Series([mean_y] * len(test_x), index=test_x.index)

# These will get scored by code that I supply. You'll get back a summary
# of the performance of each of them.

config_list = [{}]

And format it like this:

# YOUR CODE
# YOUR config_list
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Supplementary Table S11 | Expert manual inspection of adherence of ERA implementation to
COVID-19 modeling methods.

Method Judgment Notes

CEPH-Rtrend_covid x
CMU-TimeSeries

Follow

CEPH-Rtrend_covid x
CMU-climate_
baseline

Follow

CEPH-Rtrend_covid x
JHU_CSSE-
CSSE_Ensemble

Follow

CEPH-Rtrend_covid x
OHT_JHU-nbxd

Follow Translates 𝑅𝑡 into engineered features (lagged differences,
ratios).

CEPH-Rtrend_covid
and
UM-DeepOutbreak

Follow Feeds mechanistic-inspired features into GRU-based en-
coder, predicts quantiles via pinball loss.

CEPH-Rtrend_covid x
UMass-ar6_pooled

Follow +
Innovate

Simulates from normal distribution in transformed space
then inverse transforms to derive quantiles.

CEPH-Rtrend_covid x
UMass-gbqr

Follow Implements mechanistic model components as input fea-
tures to ML model.

CMU-TimeSeries x
CMU-
climate_baseline

Follow AR model with climatological features as predictors.

CMU-TimeSeries x
JHU_CSSE-
CSSE_Ensemble

Follow Hierarchical ensemble of QuantReg AR models with
performance-based weighting.

CMU-TimeSeries x
OHT_JHU-nbxd

Follow Ensemble of bagged QuantReg AR models.

CMU-TimeSeries x
UM-DeepOutbreak

Follow LightGBM quantile regression models with iterative fore-
casting + conformal-like calibration.

CMU-TimeSeries x
UMass-ar6_pooled

Follow Ensemble of AR QuantReg models on fourth-root trans-
formed data.

CMU-TimeSeries x
UMass-gbqr

Follow LightGBM quantile models on population-normalized data
with (un)smoothed lags + direct multi-horizon prediction.

CMU-
climate_baseline x
JHU_CSSE-
CSSE_Ensemble

Follow Hierarchical ensemble of climatological models.

CMU-
climate_baseline x
OHT_JHU-nbxd

Follow Feeds climatological quantiles into LightGBM to learn di-
rectly from seasonal baseline.

CMU-
climate_baseline x
UM-DeepOutbreak

Follow LightGBM to predict central trend + climatological model
for empirical quantile spreads.

CMU-
climate_baseline x
UMass-ar6_pooled

Follow Seasonally-aware method for estimating uncertainty based
on empirical quantiles of AR residuals.

Continued on next page
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Supplementary Table S11 – continued from previous page
Method Judgment Notes

CMU-
climate_baseline x
UMass-gbqr

Follow Feeds climatological statistics as features into LightGBM.

JHU_CSSE-
CSSE_Ensemble x
OHT_JHU-nbxd

Partially
Follow

Hierarchical structure (state, regional, national models) +
adaptive MAE-weighting.

JHU_CSSE-
CSSE_Ensemble x
UM-DeepOutbreak

Follow +
Innovate

Secondary model to predict error magnitudes & find quan-
tiles of normalized residuals.

JHU_CSSE-
CSSE_Ensemble x
UMass-ar6_pooled

Follow

JHU_CSSE-
CSSE_Ensemble x
UMass-gbqr

Follow Combines predictions from ‘adaptive’ model trained on re-
cent data & ‘stable’ model trained on longer history.

OHT_JHU-nbxd x
UM-DeepOutbreak

Follow

OHT_JHU-nbxd x
UMass-ar6_pooled

Follow Feature engineering + ensembling + variance-stabilizing
transformation _ recursive forecasting.

OHT_JHU-nbxd x
UMass-gbqr

Follow Uses LightGBM predicts parameters of Gamma distribution.

UM-DeepOutbreak x
UMass-ar6_pooled

Follow

UM-DeepOutbreak x
UMass-gbqr

Follow

UMass-ar6_pooled x
UMass-gbqr

Follow LightGBM quantile regression on fourth-root transformed
target.

DEEP-RESEARCH-
CSTGT

Follow Simplified static graph + synthetically generated policy
feature.

DEEP-RESEARCH-
MetaEnsembler

Follow Meta-model to predict WIS.

DEEP-RESEARCH-
FairnessAwareOptimization

Follow Iterative re-weighting approximates composite fairness loss.

DEEP-RESEARCH-
RegimeSwitchingDetection

Follow

CO-SCIENTIST-
STGNN-AgACI

Does not
Follow

AR quantile regression model using LightGBM. Omits AgACI
stage, replaces with simpler post-processing.

CO-SCIENTIST-MAPS Partially
Follow

3-stage ensemble: substitutes core models (GNN, TCN, GPR,
MLP) with feature-engineered LightGBM proxies.

DEEP-RESEARCH-
GenomiWastewater
Fusion

Follow Uses mock API calls.

DEEP-RESEARCH-
AdversarialRecalibration

Follow +
Innovate

Implements a post-hoc GAN structure. Composite loss func-
tion combining adversarial + pinball loss.

DEEP-RESEARCH-
BehavioralSensing

Follow Simulates external data.

Continued on next page
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Supplementary Table S11 – continued from previous page
Method Judgment Notes

DEEP-RESEARCH-
HierarchicalBayesian
NODE

Follow Three-level model: Negative Binomial observation layer,
Neural ODE for jurisdiction-level dynamics, global hyper-
priors for partial pooling.

CO-SCIENTIST-HGPC Partially
Follow

LightGBM quantile regression, uses feature engineering as
proxy for complex stages.

DEEP-RESEARCH-
PIDM

Follow Implements conditional Denoising Diffusion Probabilistic
Model (DDPM) with U-Net backbone, with loss function a
weighted composite of standard diffusion loss and a physics-
based regularization term derived from an SEIR-H model’s
outputs. Probabilistic forecasts generated by sampling from
the learned reverse process.

CO-SCIENTIST-HQE Partially
Follow

Trains multiple base models, feeds their predictions into
a meta-learner, then applies a conformal prediction step
to adjust final quantiles. Uses multiple LightGBM models
instead of suggested Prophet/TBATS for diversity, manually
implements conformal prediction instead of using MAPIE.

DEEP-RESEARCH-
CounterfactualSimulation

Follow +
Innovate

Follows Monte Carlo structure: defines uncertain drivers
with distributions, simulates N trajectories by applying sam-
pled shocks to base median forecast, calculates empirical
quantiles. Introduces Poisson noise on top of scenario-
driven forecasts.

rep-OHT_JHU-nbxd Follow Implements TCN encoder and N-BEATS decoder architec-
ture, including extension of parallel residual blocks to fore-
cast mean and variance for Gamma distribution. The final
forecast is generated as a median of an ensemble with vary-
ing lookback windows and initializations.

rep-CMU-TimeSeries Follow Implements a quantile autoregression model fit jointly
across jurisdictions on smoothed, population-normalized
data.

rep-UMass-
ar6_pooled

Follow Uses OLS on lagged, fourth-root transformed data to create
a shared-coefficient AR model, then calculates separate
variance parameters for each location based on residuals.

rep-UM-
DeepOutbreak

Follow Implements sequence-to-sequence model using a GRU and
self-attention, with location embeddings. Uncertainty quan-
tified post hoc using split conformal prediction on a recent
time window.

rep-UMass-gbqr Follow Uses LightGBM with engineered features (lags for signal
activity, location and population for location properties,
date components for timing, and the horizon itself).

rep-JHU_CSSE-
CSSE_Ensemble

Follow +
Innovate

Implements three-tiered hierarchical ensemble, using Holt-
Winters, regional LSTMs with Louvain grouping, and a
national LSTM, combined with MAE-based weighting. Uses
scaled residuals to create prediction intervals that adapt to
the magnitude of the forecast to generate quantile predic-
tions.

Continued on next page
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Supplementary Table S11 – continued from previous page
Method Judgment Notes

rep-CMU-
climate_baseline

Follow +
Innovate

Averages geo-specific and geo-aggregated quantiles within a
centered weekly window. Introduces a configurable ’smooth-
ing_factor’, which regularizes final predictions by pulling
them towards zero.

rep-CEPH-
Rtrend_covid

Follow Lowpass filtering, daily interpolation, MCMC for Bayesian
Rt estimation, and a renewal equation forecast. The Rt
forecast correctly incorporates a sophisticated drift term
that is modulated by the current incidence level.

retro_1 Follow
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Supplementary Table S12 | Full GIFT-Eval leaderboard (05/18/2025 snapshot).

Model MASE Type

Per-dataset 0.671 ERA
TTM-R2-Finetuned 0.679 fine-tuned
timesfm_2_0_500m 0.680 pretrained
TabPFN-TS 0.692 pretrained
chronos_bolt_base 0.725 pretrained
Unified 0.734 ERA
chronos_bolt_small 0.738 pretrained
PatchTST 0.762 deep-learning
TEMPO_ensemble 0.773 fine-tuned
VisionTS 0.775 pretrained
Chronos_large 0.781 pretrained
Moirai_large 0.785 pretrained
Chronos_base 0.786 pretrained
Chronos_small 0.800 pretrained
Moirai_base 0.809 pretrained
TFT 0.822 deep-learning
N-BEATS 0.842 deep-learning
Moirai_small 0.849 pretrained
TTM-R2-Zeroshot 0.915 pretrained
DLinear 0.952 deep-learning
Auto_Arima 0.964 statistical
TimesFM 0.967 pretrained
TTM-R1-Zeroshot 0.969 pretrained
Auto_Theta 0.978 statistical
TIDE 0.980 deep-learning
Seasonal_Naive 1.000 statistical
Timer 1.019 pretrained
Auto_ETS 1.088 statistical
Lag-Llama 1.102 pretrained
DeepAR 1.206 deep-learning
Naive 1.260 statistical
Crossformer 2.310 deep-learning

39



Supplementary Information for: An AI system to help scientists write expert-level empirical software

Supplementary Table S13 | Example configurations from the final unified solution for the
GIFT-Eval task. Each dictionary defines a complete forecasting strategy discovered by the tree search,
combining different components of the Iterative Decomposition Model. The validation process selects
the best configuration for each dataset.

Unified Solution Example Configurations

config_list = [
{

'name': 'seasonal_naive_baseline',
'description': 'Robust baseline...',
'components': [{'type': 'base', 'method': 'seasonal_naive_adaptive'}],
'transform_log': False, 'non_negative': False, 'version': 4,

},
{

'name': 'additive_damped_linear_LogTransform',
'description': 'General-purpose additive model...',
'components': [

{'type': 'base', 'method': 'median_all'},
{'type': 'trend', 'method': 'polynomial', 'degree': 1, 'damping_factor': 0.90},
{'type': 'seasonal', 'method': 'average', 'window_multiplier': 5.0},
{'type': 'residual', 'method': 'median', 'window_size': 18, 'decay_factor': 0.90},

],
'transform_log': True, 'non_negative': True, 'version': 4,

},
{

'name': 'date_features_seasonal',
'description': 'Robust additive model with key cyclical and datetime features...',
'components': [

{'type': 'base', 'method': 'median_all'},
{'type': 'datetime', 'features': [

['dayofweek', 'hour'], 'month', 'is_month_start', 'weekofyear',
'is_weekend', 'is_quarter_start',
{'name': '_is_holiday_flag',
'country_codes': ['US', 'DE', 'CN', 'GB', 'CA', 'AU']}

]},
{'type': 'seasonal', 'method': 'average', 'window_multiplier': 4.0},
{'type': 'residual', 'method': 'median', 'window_size': 14, 'decay_factor': 0.92},

],
'transform_log': False, 'non_negative': False, 'version': 4,

},
% ... other configurations can be added here ...

]
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Supplementary Table S14 | 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-Net21 2021 CNN (Region-
based)

Region Context
Learning

0.762

FURSformer22 2023 CNN+Transformer Custom fusion mod-
ule

0.753

SCGLU-Net23 2024 CNN+Attention Spatial-Channel-
Global-Local block

0.666

MA-UNet24 2022 Attention+U-
Net

Residual encoder
with simAM

0.619

W13 Net25 2025 CNN
(Lightweight)

Multi-stage encoding-
decoding

0.580
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Supplementary Table S15 | Prompt for Gemini Deep Research to generate ideas to integrate
single-cell batch effects.

Prompt for Gemini Deep Research.

I am developing new methods for winning single-cell batch integration competitions, as
proposed by the Kaggle and extensively researched in the single-cell genomics community.

Briefly: Modelers are asked to develop a function, eliminate_batch_effect_fn, that
transforms raw gene expression count data from multiple batches into a low-dimensional
embedding or feature matrix. This transformed output should effectively remove technical
variation (batch effects) while rigorously preserving biological information (e.g., cell type
identity). The performance of these methods is evaluated against a suite of metrics that
quantify both batch mixing and biological conservation.

The key problem is to develop a method that takes an AnnData object of raw gene ex-
pression counts with batch labels and returns an AnnData object with a batch-integrated
low-dimensional embedding in the .obsm['X_emb'] field. The method must excel across
a diverse set of evaluation metrics, including ASW Batch, ASW Label, ARI, NMI, Graph
Connectivity, Isolated Labels ASW, Isolated Labels F1, kBET, iLISI, cLISI, PCR, and Cell Cycle
Conservation Score, aiming to maximize their average.

The following principles should be obeyed when choosing models:
* **Batch Effect Removal**: Prioritize techniques that explicitly model and mitigate batch-
specific variations without collapsing biological signal.
* **Biological Conservation**: Ensure the integrated representation retains and accurately
reflects genuine biological differences, particularly cell type distinctions, as measured by
clustering and silhouette metrics.
* **Scalability and Efficiency**: Given the large dataset sizes (e.g., 329, 762 cells × 2, 000
genes), models must be computationally efficient and avoid out-of-memory errors.
* **Constraint Adherence**: The implementation must strictly avoid using cell_type
information during integration and should primarily leverage scanpy, sklearn, numpy, scipy,
tensorflow, torch, jax, or equivalent native implementations rather than specialized
single-cell packages.

This task aims to develop a SUPERHUMAN METHOD for solving this problem.

Please give me 10 highly novel and creative ideas with detailed implementation notes for the
set of methods I should explore for solving this task. I aim to create the best method for solving
this problem, preferably creating the best ever method.
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Supplementary Table S16 | Prompt for formatting Deep Research ideas into a structure similar
to baseline method descriptions.

Prompt for formatting Deep Research ideas.

Structure the given idea into the following format:

<description>
Your description about the method goes here.
</description>

<steps>
Your list of steps to implement the method goes here.
</steps>

<notes>
Strengths and weaknesses of the idea goes here.
</notes>
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Supplementary Table S17 | Prompt for guiding ERA to generate hybrid strategies.

Prompt for guiding ERA to generate hybrid strategies.

We have up until now done experiments with two major types of codes, that are described
in detail below. PLEASE CREATE AN ALGORITHM THAT USES THE BEST PARTS OF BOTH
STRATEGIES TO CREATE A HYBRID STRATEGY THAT IS TRULY WONDERFUL AND SCORES
HIGHER THAN EITHER OF THE INDIVIDUAL STRATEGIES.

[Output from Supplementary Table S7.]
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Supplementary Table S18 | Prompt for summarizing existing batch integration methods. The
prompt instructs the LLM to write a brief description and steps of the method. This generated summary
then serves as part of an explicit instruction for tree search to create an optimized version of the
existing batch integration method. Example output is shown in Supplementary Table S19.

Prompt for summarizing differences between two baseline methods.

Given the following paper, please identify the main method being proposed. Then write a very
short method description. This method description will be used to reproduce the method. DO
NOT mention the algorithm by name.

Your output must follow this format:
<description>
Your very short description goes here.
</description>

<steps>
Your short list of steps goes here.
</steps>
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Supplementary Table S19 | Example of existing method description (BBKNN) given to ERA. ERA
used this short method description to further optimize the method.

Example of existing method description (BBKNN) given to ERA.

<description>
This method performs batch correction by modifying the neighborhood graph construction
step. For each cell, its nearest neighbors are identified independently within each batch, rather
than across the entire combined dataset. The resulting batch-specific neighbor lists for each
cell are then merged to create a single, integrated graph. This approach assumes that shared
cell types exist across batches and that biological differences are greater than technical batch
effects.
</description>

<steps>

1. For each cell, iterate through every batch in the dataset.
2. Find the k-nearest neighbors for the cell from within the current batch, based on a given

distance metric (e.g., Euclidean distance in PCA space).
3. After iterating through all batches, merge the identified neighbor sets for the cell into a

single neighborhood.
4. Repeat for all cells to construct a batch-corrected neighborhood graph.

</steps>
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