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The automation of science is along-standing ambition in artificial intelligence (Al)
research'? Although the community has made substantial progress in automating
individual components of the scientific process, a system that autonomously navigates
the entire research life cycle—from conception to publication—has remained out of
reach. Here we present a pipeline for automating the entire scientific process end to
end. We present The Al Scientist, which creates research ideas, writes code, runs
experiments, plots and analyses data, writes the entire scientific manuscript, and
performs its own peer review. Itsideas, execution and presentation are of sufficient
quality that the manuscript generated by this Al system passed the first round of peer
review for aworkshop of a top-tier machine learning conference. The workshop had
anacceptance rate of 70%. Our system leverages modern foundation models®® within
acomplex agentic system. We evaluate The Al Scientist in two settings: a focused
mode using human-provided code templates as aninitial scaffold for conducting
research on aspecific topic and atemplate-free, open-ended mode that leverages
agentic search for wider scientific exploration®’. Both settings produce diverse ideas
and automatically test, report on and evaluate them. This achievement demonstrates
the growing capacity of Al for making scientific contributions and signifies a potential

paradigm shiftin how researchis conducted. As with any impactful new technology,
there could beimportant risks, including taxing overwhelmed review systems and
adding noise to the scientific literature. However, if developed responsibly, such
autonomous systems could greatly accelerate scientific discovery.

Alhaslongbeenusedtoaid scientific discovery, anambition with deep
roots in the history of the field"®* ™. Before the rise of large language
models (LLMs), Al was limited to helping with specific, narrow tasks,
such as discovering chemical structures?, finding mathematical proofs’,
discovering new materials>* and predicting the three-dimensional
shape of proteins™*¢. Other systems focused on analysing pre-collected
datasets to find new insights'®”'®, However, with the recent advent of
powerfuland general foundation models, the role of Al has expanded to
include assisting with awider array of research activities. For example,
LLMs now help with generating new hypotheses'® 2, writing literature
reviews?*? and coding experiments® %, Despite these advancesin auto-
mating individual components, asystem that autonomously navigates
the entire research life cycle—from conception to publication—has
remained out of reach until now.

This paper introduces The Al Scientist, a pipeline that achieves the
vision of full end-to-end automation of the scientific process. The Al
Scientist uses existing foundation models to performideation, litera-
turesearch, experiment planning and implementation, result analysis,
manuscript writing, and peer review to produce complete, new papers.
We focus on machine learning science, as experiments typically occur
entirely on the computer.

A central challenge in developing such a system is automatically
evaluating the quality of its scientific output at scale. To address this,
we created anautomated reviewer and first evaluated its performance
against real, human-generated papers. The Automated Reviewer can
accurately predict conference acceptance decisions, performing on par
with human reviewers (Supplementary Information section A.3). We
thenused The Automated Reviewer to compare various configurations
of The Al Scientist by assessing how performance changes with the scale
ofthe test-time compute and the quality of the underlying foundation
model. We find that The Al Scientist performs better with more compute
resources (Fig.3c). Furthermore, The Automated Reviewer shows that
improvements to the base models significantly improve the quality
of the generated papers, a finding that strongly implies that future
versions of our system will be substantially more capable, as models
continue toimprove (Fig. 1b).

Toassess The AlScientistinthe samesettingin whichhuman-authored
papers are evaluated, we conducted an experiment where we submit-
ted generated papers to a workshop at the International Conference
on Learning Representations (ICLR), with the organizers’ consent.
In computer science, such top-tier conferences are the primary and
most prestigious venues for archival and rigorously peer-reviewed
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Fig.1| The Al Scientist workflow. a, The Al Scientist consists of distinct phases
coveringautomated idea generation, tree-based experimentation, manuscript
writing and reviewing. The experimentation phase uses an agentic tree search
to generate and refine code implementations. Thisis structured into four
stages: (1) initial investigation, (2) hyperparameter tuning, (3) research agenda
executionand (4) ablation studies. From one experimental stage to the next,
the best-performing checkpointisselected toseed the nextstage of thetree
search. b, Scores for The Al Scientist papers across model releases. Paper quality
consistentlyimproves with the underlying model release date (as judged by
The Automated Reviewer), indicating consistent futureimprovements with
improving foundation models. The observed correlation is statistically
significant (P<0.00001). Shaded regions represent the standard error. Points
representmeanscoreswith error bars and shaded regionsindicating the

publication. They also have workshops with a substantially lower but
still non-trivial bar for peer-reviewed acceptance.

One of The Al Scientist’s manuscripts achieved high enough scores to
exceed the average humanacceptance threshold at aworkshop, provid-
ing an example of a fully Al-generated paper successfully navigating a
peer-review process, albeit one with alower bar.

Generating manuscripts

The Al Scientist sequentially completes four main phases (Fig. 1a).
In the first phase, The Al Scientist is prompted to iteratively grow an
archive® of high-level research directions and hypotheses that it can
explore within a user-specified machine learning research subfield
(an example progression is visualized in Supplementary Information
section C.4).Foreachdirection, it generates adescriptivetitle,its rea-
soning for what the idea is and why it would be interesting to pursue,
and a proposed experimental plan (Supplementary Information sec-
tionsA.1.1and A.2.6). Afteridea generation, The Al Scientist filtersideas
by connecting the language model to the Semantic Scholar application
programming interface (API)* and web access as tools®. This allows
The Al Scientist to discard any idea that too closely resembles a work
inthe existing literature.

The second phase of The Al Scientist executes the proposed
experiments and then visualizes their results for the downstream
write-up. We tested two different variants of experiment execution:
(1) Template-based: The Al Scientist is provided with a starting code
template that reproduces a training run from a popular algorithm.
The Al Scientist then executes the proposed experiment planinlinear

—=-- Human Reject [] Random Automated reviewer

standard error (n=6for template-free points, n=3 for template-based points).
Full experimental details, including model versions and replication counts, are
providedin Supplementary Information section A.2.9. ¢, Automated review
versus conference decisions. The Automated Reviewer achieves performance
comparable with that of humanreviewers, as validated by openly available
decisions from past conferences (Table 1). Bars represent mean balanced
accuracy; error barsshow 95% bootstrapped confidence intervals (5,000
replicates). For replicability, each automated review is a 5-run ensemble. Two-
sample z-tests on subsampled accuracy (automated n=698/876, human n=412)
showed nossignificant difference before the training cutoff (P=0.319) or post-
cutoff (P=0.921). Non-parametric bootstrap tests on F;scores showed
automated outperformance (P<0.001).

order (Supplementary Information section A.1). (2) Template-free:
Alternatively, The Al Scientist can generate an initial starting code
script by itself. In this case, experimentation includes further stages
for optimizing the code it writes fromscratch, and experiment execu-
tion leverages extra test-time compute with a tree search (Fig. 3a,b
and Methods). After each experiment, The Al Scientist is given the
results and is prompted to take notes in the style of an experimental
journal for future planning and write-up.

The third phase of The Al Scientist produces a concise write-up of
itsresearch in the style of a standard machine learning conference
paper. The Al Scientist is prompted tofillin ablank LaTeX conference
template section by section using its notes and plots (Methods). To
construct the related work section and add citations throughout
the manuscript, the system queries the Semantic Scholar® API for
relevant literature and compares its findings against the generated
manuscript over 20 rounds. For each potential citation, the system
generates a textual justification for its inclusion, which informs The
Al Scientist on how to use the reference appropriately within the
manuscript.

Finally, the paper generated by The Al Scientist undergoes areview by
The Automated Reviewer, which automatically evaluates the scientific
quality of the conducted research.

Automated evaluation of generated papers

The Automated Reviewer provides reviews based on the review
guidelines for the top-tier Neural Information Processing Sys-
tems (NeurlPS) conference (https://neurips.cc/Conferences/2022/
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Table 1| Performance comparison of human reviewers and The Automated Reviewer

Reviewer Balanced accuracy (1) Accuracy (1) F,score (1) AUC (1) FPR (V) FNR (V)
Human (NeurlPS) 0.66 0.73 0.49 0.65 017 0.52
Years before knowledge cutoff (2017-2024)

Random decision 0.50 0.54 0.47 0.52 0.47 0.43
Always reject 0.50 0.65 0.00 0.50 0.00 1.00
Automated Reviewer 0.69+0.04 0.65+0.10 0.62+0.09 0.69+0.09 0.45+0.10 0.17+0.08
Year after knowledge cutoff (2025)

Random decision 0.52 0.51 0.48 0.49 0.50 0.48
Always reject 0.50 0.56 0.00 0.50 0.00 1.00
Automated Reviewer 0.66+0.03 0.63+0.09 0.67+0.09 0.65+0.10 0.52+0.10 017+0.07

Performance comparison of human reviewers (NeurlPS 2021 consistency experiment®!) and the Automated Reviewer, evaluated on papers published before (2017-2024) and after (2025) the
knowledge cutoff. The Automated Reviewer achieved performance superior or comparable with human reviewer consistency in key metrics such as F, score, area under the curve (AUC) and
balanced accuracy, even for data beyond the knowledge cutoff, highlighting its robustness and reliability across different time periods. Error margins denote the 95% bootstrapped confidence
intervals. Arrows indicate whether it is better for a score to be higher (1) or lower (V). Supplementary Information section A.3.2 explains each metric and comparison in detail. FNR, false negative

rate; FPR, false positive rate.

ReviewerGuidelines). The output contains numerical scores (soundness,
presentation, contribution, overall quality and reviewer confidence),
lists of weaknesses and strengths, as well asabinary decision (accept or
reject). The Automated Reviewer pipeline consists of anensemble of five
reviews, followed by a meta-review in which the model acts as an area
chair to make a final decision conditioned on all five reviews (Supple-
mentary Information section A.3). We compared Automated Reviewer
decisions with ground truth data for ICLR papers extracted from the
publicly available OpenReview dataset®. Asshownin Table1, the agree-
ment of Automated Reviewer assessments with human assessments
is comparable with inter-human agreement measured by F; score and
balanced accuracy, asreported in the NeurIPS 2021 consistency study>*,
which measured agreement between human reviewers on a compara-
ble set of submissions (Supplementary Information section A.3). This
demonstratesits ability to replicate the collective judgement of human
reviewers with high fidelity. These results are statistically significant
(non-parametric bootstrap test® and two-sample z-test*; Supplemen-
tary Informationsection A.3). Next, to investigate the effect of potential
data contamination (the possibility that decisions ona paper were part
of thetraining set for the LLM), we evaluated The Automated Reviewer
on two datasets: one containing 1,000 papers from years potentially
within the training data used for the model (2017-2024) and a second
‘clean’ dataset from the year after the cutoff (2025), which could not
have been seen during training. A comparison between years before
and after the knowledge cutoffindicates that data contamination may
exist, asbalanced decision accuracy decreases from 69% before to 66%
in the year after the cutoff. However, the results for the year after the
cutoffremain comparable with those of humanreviewers (forexample,
66% balanced accuracy), showing that potential contamination had, at
most, a minimal effect.

Using The Automated Reviewer, we assessed the quality of the
research papers generated by a wide range of LLMs as the core model
within The Al Scientist. Our analysis revealed a clear trend: as models
improve over time, the quality of the papers produced by The Al
Scientist increased correspondingly (Fig. 1b). With recent genera-
tions of models, on average, The Al Scientist produced papers that
approachborderline acceptability for machine learning conference
workshops, as judged by our Automated Reviewer (Supplementary
Fig. B2). Additionally, there is a strong correlation between the
amount of compute allocated per paper and the resulting quality
(Fig.3c), indicating that both model scale and inference-time invest-
ment play important roles in the output quality of The Al Scientist,
further indicating the possibility of substantialimprovements as the
costs of Al systems continue to exponentially decrease and capabili-
ties exponentially increase®.
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Human evaluation results

Perhaps the ultimate and fairest test of the quality of the work of The
AlScientistisaversion of what we might call an Al scientist Turing test:
submitting the work to the same rigorous, blind peer-review systems
used to evaluate human science. We submitted three generated manu-
scripts to the formal peer-review process of a workshop at a top-tier
machine learning conference. This experiment was conducted with
the approval of the relevant institutional review board (IRB; Supple-
mentary Information section C.3) and the full cooperation of the ICLR
2025leadership and the organizers of thel Can’t Believe It's Not Better
(ICBINB) workshop. This was the only venue that we submitted to.
The template-free version of The Al Scientist was readily adapted to
this setting by simply prompting it with the broad theme of the work-
shop (which was investigating deep learning limitations, including
where previousideastoimprove ithad not worked). The overall process
wasthenrunto generateideas, experiments and papers. We manually
filtered the most promising outputs at each stage (Supplementary
Information section A.4). Had this filtering not occurred, the papers
under analysis would still have been produced in their final form, just
along with other papers and, thus, at a greater total cost. This process
resulted inthree complete manuscripts being selected for submission.
Theselectionwas based on three criteria: whether the ideawas aligned
with the workshop topic, whether the code correctly implemented
the proposed idea and ran without errors, and the correctness of the
manuscript formatting (Supplementary InformationsectionA.4). The
entire scientific workflow for each paper, fromideation and coding to
manuscript writing, was performed without any human modification.
These three submissions were included among the 43 papers reviewed
for the workshop. Reviewers were informed that some of the submis-
sions were Al-generated but not which ones, ensuringablind process.
One ofthethree Al-generated manuscripts received an average score
of 6.33 from the reviewers (individual scores were 6, 7 and 6), placing
it above the average acceptance threshold for the workshop (Fig. 2).
The organizers said that the paper would have been accepted in all
likelihood were it not withdrawn according to our pre-established
protocol due tobeing Al-generated. Notably, the accepted manuscript
reported anegative result, aligning with the focus of the workshop on
interesting negative results. The other two papers did not meet the bar
for acceptance (Supplementary Table D9). Thus, a fully Al-generated
paper passed a standard scientific peer-review process. We also con-
ducted our owninternal review, using the human Al researchers on our
team (Supplementary Information section C.2). The team concluded
that although one of the papers did meet the bar for workshop papers,
none met the higher bar for a main ICLR conference publication. A
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COMPOSITIONAL REGULARIZATION:
UNEXPECTED OBSTACLES IN ENHANCING NEURAL
NETWORK GENERALIZATION

Al Scientist-v2
Paper under double-blind review

ABSTRACT

Neural networks excel in many tasks but often struggle with compositional gener-
alization—the ability to understand and generate novel combinations of familiar
components. This limitation hampers their performance on tasks requiring sys-
tematic reasoning beyond the training data. In this work, we introduce a training
method that incorporates an explicit compositional regularization term into the
loss function, aiming to encourage the network to develop compositional repre-
sentations. Contrary to our expectations, our experiments on synthetic arithmetic
expression datasets reveal that models trained with compositional regularization
do not achieve significant improvements in generalization to unseen combinations

Our goal is to enhance compositional generalization in neural networks by incorporating a composi-
tional regularization term into the training loss. We focus on a simple yet illustrative task: evaluating
arithmetic expressions involving basic operators.

3.1 MODEL ARCHITECTURE
‘We use an LSTM-based neural network (Goodfellow et al., 2016) to model the mapping from input

expressions to their computed results. The model consists of an embedding layer, an LSTM layer,
and a fully connected output layer.

3.2 COMPOSITIONAL REGULARIZATION

Let h; be the hidden state at time {. We define the compositional regularization term as the mean
squared difference between successive hidden states:

1 T-1 )
Leomp = e ; lhts1 — hel| O
where 7" is the length of the input sequence.
This term penalizes large changes in hidden states between successive time steps, encouraging the
model to form additive representations, which are a simple form of compositionality.

3.3 TRAINING OBJECTIVE

Title and abstract (page 1)

Technical methodology (page 2)

Figure 2: Impact of compositional weight A on model performance. Left: Training loss over
epochs for different A. Higher A values slightly increase training loss. Middle: Compositional
loss decreases with higher )\, indicating the regularization term effectively enforces composition-
ality. Right: Final test accuracy does not improve with higher A and may decrease, suggesting a
trade-off between compositional regularization and the primary learning objective.
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Fig.2|Selected sections fromapaper generated by The Al Scientist that
wasaccepted viapeerreview at atop-tier machine learning conference
workshop. The paper received peer-review scores of 6 (weak accept), 7 (accept)
and 6 (weak accept) before meta-review and ranked among the top 45% of

full analysis of all three submitted papers, including their strengths,
weaknesses and implementations, is provided in Supplementary Infor-
mation section C.2.

Limitations

Although The Al Scientist generated a workshop paper that passed
peer review, there is room for improvement if it is to match the best
human-produced science. Only one of three submissions was accepted,
and workshops have much higher acceptance rates than main confer-
ences (for example, 70% for the ICLR 2025 ICBINB workshop® versus
32% for the ICLR 2025 main conference®). Therefore, The Al Scientist
cannot yet meet the standards of top-tier publications nor even do
so consistently for workshops. Common failure modes include the
generation of naive or underdeveloped ideas, incorrect implementa-
tions of the mainidea, alack of deep methodological rigour, errorsin
experimentalimplementation, duplicating figures in the main text and
the appendix, and many types of hallucinations, such as inaccurate
citations (a full analysis of failure modes is provided in Supplementary
Information sections A.4,C.2and C.3).

Thatsaid, oftenin machine learning, once something begins to work
(evenwith clear flaws), in a few short years with scale (for example, of
compute and data), better core models and better techniques, the
capabilities of a system become surprising and can exceed human
performance levels. In assessing theimpact of atechnology, itis, thus,
important tokeepinmindits probable future trajectory. Crucially, this
trajectory is not just about better models but about the complexity
of the tasks that Al systems can execute. Recent work indicates that
the length of tasks that Al can reliably complete is doubling every

References (page 5)

papers submitted for peer review. This demonstrates that a fully Al-generated
paper cannavigate the peer-review process successfully ata top-tier conference
workshop. Afull-sized version of this paper is availablein Supplementary
InformationsectionD.2.1.

7 months*, indicating that many currentimplementation and debug-
ging bottlenecks may be resolved in the near term. However, some
Al weaknesses have proved surprisingly difficult to solve, such as Al
being easily fooled**? and overconfidently wrong (hallucinations)*,
although progress has been made***. Such challenges could persist
and would prevent us fromreliably trusting the outputs of systems
like The Al Scientist. It is also not clear to what extent Al systems can
produce new creative ideas that resemble great conceptual leaps in
science. Studying and improving Al systems on these fronts are key
areas for future research.

At present, The Al Scientist conducts computational experiments
only. Infuture work, this same playbook could be applied to other sci-
entific domains where one can automatically conduct experiments (or
have humans conduct them) and collect data from them (for example,
automated chemistry laboratories, on which swift progress is being
made*®).

The ability to automate paper generation raises important ethi-
cal and societal concerns, including the potential to overwhelm the
peer-review process, artificially inflate research credentials, repurpose
the ideas of others without giving proper credit, eliminate scientist
jobs, or conduct unethical or dangerous experiments (Supplemen-
tary Information section C.3). To conduct this study responsibly, we
obtained explicit permission from the ICLR leadership, the workshop
organizers and the University of British Columbia’s IRB (H24-02652).
Crucially, as part of our experimental protocol, we determined in
advance that all Al-generated submissions would be withdrawn after
peer review, regardless of outcome. This decision was made to avoid
setting aprecedent for publishing fully automated research before the
scientificcommunity has established clear standards for disclosure and
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Fig.3|The phases and compute scaling of the Al Scientist.a, Theresearch
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baseline code implementationis first constructed (stage 1) and refined by
tuning the hyperparameters (stage 2). Theresultant code serves as astarting
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Methods

Our research methodology is centred around two core automated
systems: an Al scientist for generating new scientific research and an
automated reviewer for rigorous evaluation. These systems workin con-
cert to explore the potential of Alin accelerating scientific discovery.

The Al Scientist

The Al Scientist is an agentic system designed to autonomously con-
duct machine learning research. We present results for two modes: a
template-based system that extends human-provided code and amore
open-ended template-free system that operates with much less prior
guidance. The detailed prompts used for each system are provided
in Supplementary Information sections A.1.1and A.2.6. More results
and analyses of the papers generated by each system are provided in
Supplementary Information sections B.1, C.1,C.2,D.1and D.2.

Foundational technologies. Both versions are built upon autoregres-
sive LLMs**, which learn to generate text by modelling the conditional
probability of anew token given preceding tokens. Through vast data
and modelscaling, LLMs exhibit human-like abilities, including reason-
ing and code generation. Agentic patterns*’, such as few-shot prompt-
ing® and self-reflection®, are leveraged by The Al Scientist toimprove
performance andreliability. For code generation, the template-based
system uses the state-of-the-art open-source coding assistant Aider®,
which is designed to implement features, fix bugs or refactor code in
existing codebases. To go further and effectively use more test-time
compute, the template-free system uses LLMs to power a tree search
without relying on Aider.

Template-based Al Scientist. The system is provided with a starting

code template that reproduces a simple training run from a popular

algorithm on a standard benchmark (for example, training a small
transformer® on the works of Shakespeare). Its workflow unfolds in
three phases:

1. Idea generation: The process begins with a simple experiment
defined by ahuman-provided code template. The system then enters
aniterative loop of idea generation and refinement using LLMs as
amutation operator. In each iteration, it proposes a batch of new
research ideas that are variations or extensions of existing ideas
inits growing archive. Each idea is a structured object containing
adescriptive title, a summary of the core hypothesis, a detailed
experimental plan, and self-assessed scores for interestingness (1-10
scale), novelty (1-10 scale) and feasibility (1-10 scale). This iterative
growth of an idea archive was inspired by open-endedness algo-
rithms that maintain a diverse collection of artefacts****. To enforce
novelty, each proposed idea is automatically checked against the
scientific literature through the Semantic Scholar API*; ideas with
high semantic similarity to existing works are discarded. The system
is prompted to act as an ‘ambitious Al PhD student who is looking
to publish a paper that will contribute significantly to the field”. For
the novelty assessment, the system conducts up to ten rounds of
literature search queries, and in each round, the system can refine
its search based on previous results.

2. Experiment execution: Once a promising idea is selected from the
archive, the system devises a multi-step experimental plan with up to
five experiments. It then executes this plan sequentially using Aider
tomodify the codebase. A key feature of this phaseisits robustness to
runtime errors. The system automatically detects execution failures,
captures the error logs and invokes an instance of the Aider agent*
to performautomated debugging. The Aider agentis prompted with
thefailing code and the error message, and it then generates a patch,
withup to four reattempt cycles per experiment. The corrected code
is then used to rerun the experiment with a timeout of 7,200 s per
experiment. All experimental outcomes, including metrics, gener-
ated plots and observations, are logged in an experimental journal.

Thisjournal serves as aform of memory and informs the subsequent
steps in the experimental plan.

3. Manuscript generation: Upon completing the experimental phase,
the system synthesizes the findings into a full scientific paper. To
do so, it uses Aider to populate a standard conference LaTeX tem-
plate. Aider writes sections, including the introduction, methods,
results and conclusion. The results section is written by analysing
the experimental journal, summarizing key findings and embed-
ding the generated figures. To situate the work within the broader
scientific context, the system constructs a related work section
by querying the Semantic Scholar API for relevant literature (up
to 20 search rounds) and generating summaries for each cited
paper. The manuscript undergoes several passes of automated
editing and refinement to improve clarity and coherence. Finally,
the system compiles the LaTeX source and automatically corrects
any compilation errors (up to five correction rounds) to produce a
final PDF.

Template-free Al Scientist. To overcome the limitations of a fixed
starting codebase, we developed a template-free version capable of
more open-ended discovery. We use OpenAl’s 03 for idea generation
and code critique during experiments due to its strong reasoning capa-
bilities, Anthropic’s Claude Sonnet 4 for code generation, OpenAl’s
GPT-4o for cost-efficient vision-language tasks and OpenAl’s 04-mini
for cost-efficient reasoning during the review stage. This versionintro-
duces several key enhancements.

Generalizedideageneration. The ideation process used by the system
ismore abstract and not tethered to aninitial codeimplementation. It
begins by generating high-level research proposals that resemble the
abstract of a scientific paper. These proposals articulate a research
problem, propose a new method and hypothesize the expected out-
comes. To ensure the proposals are both grounded and new, this pro-
cessis tightly integrated with aliterature review module that queries
external academic databases to identify knowledge gaps and avoid
rediscovering existing work. The system uses structured prompts
to guide idea generation and reflection rounds to refine proposals
based ontheliterature searchresults (see Supplementary Information
section A.2.6 for prompts).

Experiment progress manager. Real-world scientific experimenta-
tiontypically proceeds through distinct stages, frominitial feasibility
assessmentsto detailed ablation analyses. To emulate this structured
approach, we introduced an experiment progress manager to coor-
dinate four clearly defined stages of scientific experimentation: (1)
start with a preliminary investigation to test basic viability, (2) tune
the hyperparameters for optimization, (3) execute the main research
agendaand (4) conclude with ablation studies to understand the con-
tribution of different components. Each stage has explicit stopping
criteria. Stage 1 concludes when a basic working prototype has suc-
cessfully executed. Stage 2 ends when the experiments stabilize, as
indicated by convergencein training curves and successful execution
across atleast two datasets. Stages 3 and 4 conclude whenthe allocated
computational budget is exhausted. Each stage conducts its own tree
search. The specifics of this tree search process are detailed in the fol-
lowing bullet point. Each node has a maximum experiment runtime
of 1 h. At the end of each stage, an LLM-based evaluator assesses all
leaf nodes and selects the most promising one to serve as the root for
the next stage of exploration, thus effectively pruning less promising
research avenues.

Parallelized agentic tree search for experimentation. To manage
the complexity of open-ended research, the sequential workflow of the
template-based version of The Al Scientist is replaced with a parallel-
ized agentic tree. Figure 3ais an overview of the approach and Fig. 3b
shows atree generated by anactual run. By default, it uses Claude Son-
net 4 for code generation. We provide results for different LLM model
choicesinFig.1b.



Each experimental node within the agentic tree search undergoes
the following execution cycle. First, Claude Sonnet 4 generates both
a concrete experimentation plan and the associated Python code to
implement the experiment. The generated code is immediately exe-
cutedinaPythoninterpreter. If the execution encounters anerror, the
error message is recorded and the node is marked as buggy, ending
the current execution cycle for that node. If the execution succeeds,
the experiment proceeds to the plotting phase.

The system is prompted to save all relevant experimental outputs
(training and validation metrics, losses and so on) into structured
numpy files. In the plotting phase, The Al Scientist reads these stored
results and the code and generates visualizations that summarize and
illustrate the findings. These visualizations are subsequently passed to
avision-language model (VLM) for critique. Any issues flagged by the
VLM (such as unclear labels, missing legends or misleading visualiza-
tions) result in the node being marked as buggy, and this feedback is
recorded for future debugging. Nodes that successfully execute and
pass the VLM review without issue are designated as non-buggy.

Eachnodeis defined asacollection comprising an experiment script
(forexample, aPythonfile), atextual description of the high-level plan
implementedinthescript, an execution error trace (if applicable), exper-
iment runtime, performance metrics recorded during the experiment,
code critique from OpenAl 03 after running the script, a visualization
script, file paths to the generated figures, feedback froma VLM on those
figures and the final status of the node (either buggy or non-buggy).

Ateachiteration, the system selects several nodes from the existing
treeto expandinparallel. With a predefined probability, abuggy node
ischosen (thus prioritizing error resolution and debugging); otherwise,
anon-buggy nodeis selected for further refinement and improvement.
When choosing between non-buggy nodes, the system uses abest-first
search strategy guided by GPT-40, which evaluates candidates based
onfactorslike performance metrics, training dynamics and the quality
of the plots generated. The selected nodes are expanded by creating
anew child node. The system attempts debugging if the parent node
was buggy or refines and improves upon the previous experiment if the
parent was non-buggy. Claude Sonnet 4 is used to generate the plan and
experiment code for each new child node, after which allnew nodes are
executed concurrently in parallel, which greatly accelerates the explo-
ration process. In addition to buggy and non-buggy nodes, the system
uses specialized node variants tailored to specific experimental needs:
« Hyperparameter nodes systematically explore alternative hyperpa-
rameter configurations during stage 2. The system maintains records
of previously tested hyperparameters to prevent redundant experi-
ments. Errors encountered during hyperparameter tuning trigger
the creation of corresponding debug nodes.

Ablation nodes evaluate crucial ablation studies during stage 4. This
assesses the importance of various components or assumptions
underlying the experiment. Like hyperparameter nodes, previously
tested ablation conditions are tracked to avoid repetition, and debug-
ging nodes are created in response to any errors encountered.
Replication nodes execute replicates of their parent experiments
using different random seeds. Typically, several replication nodes
are created to enable the calculation of statistical measures (mean
ands.d.) of experimental outcomes, which enhances the robustness
of theresults.

Aggregation nodes are special nodes created to consolidate and
visualize the combined results of replication nodes. Unlike other
node types, aggregation nodes do not conduct new experiments but
simply generate a Pythonscript to aggregate and summarize previous
results. The script produces figures that explicitly show meanands.d.

Thesstructured design of the experimental stages and tailored node
types facilitates systematic exploration across all stages. Unlike some
LLM agents that rigidly follow predefined, fine-grained workflow
graphs, The Al Scientist adopts alooser structure that guides the entire

empirical research cycle, thus enabling flexible system behaviour while
maintaining coherence across iterative stages. See Supplementary
Information sections A.2.6 and A.2.9 for the prompts and detailed
hyperparameters, respectively.
VLMintegration. This systemincorporates VLMs using GPT-40 to ana-
lyse and provide feedback on visual data. During experimentation, the
plots generated are fed toa VLM, whichis prompted to act as ascientist
and critique them. For example, it might flag nonsensical axes or issues
inthe quality of generated examples or suggest clearer ways to present
the data. This feedbackis used to generate new experimental nodesin
thetree search aimedataddressing the identified issues. During manu-
script preparation, the VLM assesses the alignment between figures
and their corresponding captions to ensure that a caption accurately
describes the plot and highlights the key takeaways, thusimproving the
overallquality and clarity of the paper. The VLM reviews include detailed
analyses of figure content, caption accuracy and integration with the
maintext (see Supplementary Information section A.2.6 for prompts).
Generalized dataset access. To broaden its research capabilities, the
systemis prompted to dynamically integrate datasets from public repos-
itories by formulating queries to the HuggingFace Hub®. A set of ten
example datasets available on HuggingFaceislisted in the prompt, and
the system canautomatically generate the data-loading code needed to
useaselected dataset inits experiments. This approach partially relaxes
the constraint of working with a fixed, predefined set of datasets by
allowing human scientists to easily update the candidate list. For data-
sets not available on HuggingFace, humanscientists can download them
from public datarepositories (for example, open-access archives), store
them locally, and add usage instructions to the prompt. These locally
stored datasets can thenbe used alongside HuggingFace datasetsby The
AlScientist (see Supplementary Information section A.2.6 for prompts).
Enhanced manuscript writing. The template-free system moves away
fromtheincremental Aider-based approachto direct LaTeX generation
using areasoning model such as OpenAl's 01°* followed by reflection®.
The system first aggregates experimental results from several stages
into compound figures using a dedicated plot-aggregation step. The
manuscript-writing process includes specific prompts for different
workshop formats (for example, the ICBINB workshop focusing on neg-
ativeresults), with detailed guidelines for each section, including the
title, abstract, introduction, methods, experiments and conclusions.
The system undergoes several reflection cycles, each time incorporat-
ing feedback from LaTeX linters and VLM reviews to improve figure
quality and text-figure alignment (see our code and Supplementary
Information section A.2.6 for prompts and full details).

The complete generation process for the template-free system
typically takes from several hours to over 15 h, depending on prob-
lem complexity.

The Automated Reviewer

To assess the quality of the Al-generated research, we built an auto-
mated reviewer using o4-mini*’. This component was designed to
emulate the peer-review process of a top-tier machine learning con-
ference by adhering to the official NeurIPS reviewer guidelines. The
agent processes the PDF of amanuscript to produce astructured review,
including numerical scores for soundness, presentation and contribu-
tion, along with a list of strengths and weaknesses and a preliminary
accept or reject decision (Supplementary Information section A.3).
All prompts used for The Automated Reviewer are provided in Sup-
plementary Information section A.3.1.

Review process. The Automated Reviewer follows a multistage
process. First, the system is prompted with the role: ‘You are an Al
researcher whois reviewing a paper that was submitted to a prestigious
ML venue!. The review prompt provides the paper content along with
detailed NeurlPS reviewer guidelines and asks for a structured JSON
response, including a summary, strengths, weaknesses, questions,
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limitations, ethical concerns and numerical scores (soundness, pres-
entation, contribution, overall score 1-10 and confidence level). To
improve robustness, the final assessment is ameta-review that ensem-
blesfiveindependentreviews. The fivereviews are generated for each
paper and aggregated into asingle meta-review, withan LLM taking the
role of an area chair to find consensus among the individual reviews.

Validation. We benchmarked The Automated Reviewer against human
decisions using ICLR data from the publicly available OpenReview
dataset®. The Automated Reviewer achieved a comparable balanced
accuracy withhumans (69% versus 66%; see Supplementary Information
sectionA.3.2for details) and ahigher F, score compared withinter-human
group agreement (0.62 versus 0.49) in the NeurIPS 2021 consistency
experiment, for which roughly 10% of submissions were randomly
selected and sent to two independent review committees, thus providing
areal-world benchmark of inter-reviewer consistency (Table 1). These
results indicate that LLM-based agents can provide valuable feedback
that aligns with the opinion of the average human expert. We highlight
that there was adifferent set of paper submissionsinthe ICLR and NeurIPS
paper pools and, thus, ashiftin the distribution, so that this comparison
isnotexact. However, ICLR is the only main machine learning conference
thatreleasesallaccept and reject decisions, which allowed us to perform
theanalysis, and the NeurIPS 2021 experiment is the only modern version
of the human consistency experiment, and is, thus, the only possible
comparison.

Ethics approval

This study received ethics approval from the University of British
ColumbiaBehavioral Research Ethics Board (Protocol No. H24-02652).
The research was conducted in full cooperation with the ICLR confer-
enceleadership and the relevant workshop organizers. In accordance
with the approved protocol, human participants (peer reviewers) were
informed that a small number of submissions to the workshop were
Al-generated, although not which specific papers. Participants had
the optionto opt out of reviewing any potentially Al-generated manu-
scripts. All Al-generated submissions were withdrawn following the
review process, regardless of the outcome.

Data availability

For the nanoGPT® experiments, the template-based version of The Al
Scientist used the Shakespeare character®®, enwiki8 (ref. 60) and text8
(ref. 61) datasets. The template-free version of The Al Scientist used
the Crop Pest and Disease Detection dataset® for one of the papers
submitted to the ICLR workshop experiment and the Waterbirds® and
CelebA® datasets for the experiments shownin Figs.1band 3b,c. Inall
other cases, thetemplate-free version used datasets available through
the HuggingFace Hub®.

Code availability

The code for the template-based version of The Al Scientist and
The Automated Reviewer is available at https://github.com/SakanaAl/
Al-Scientist. Additionally, the code for the template-free version of The
AlScientistis available at https://github.com/SakanaAl/Al-Scientist-v2.
Both code repositories are licensed under the Apache License 2.0.
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