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Technical development multi agent coordination and assessment of the paper's strongest 
claims 

Source paper  ScientistTwo Pioneering the Human Knowledge Frontier with Autonomous AI by Jaehyun 
Nam, Jinsung Yoon, Yanzhou Pan, Yubo Wang, Rui Meng, Parthasarathy Ranganathan, and Tomas Pfister. 
First published as arXiv:2609.19644v1 on September 17, 2026. 

Executive assessment 
ScientistTwo is a substantial advance in autonomous machine learning research because it joins problem 
analysis, hypothesis generation, experimental design, implementation, ablation, manuscript preparation, 
and simulated peer review in one coordinated system. Its strongest evidence is empirical: 86 of 107 
completed benchmark tasks improved on the reported human state of the art, a success rate of 80.4 percent, 
with a mean relative gain of 25.2 percent and a median gain of 7.7 percent. The system also produced 
executable code and papers that scored competitively in automated review. 

The paper nevertheless overstates what those results establish. The benchmark starts from existing machine 
learning papers, codebases, and measurable tasks; it does not show autonomous selection of socially 
important scientific problems or independent discovery in laboratory science. Its publication quality is 
evaluated partly by automated reviewers, while the human study finds competitive but not uniformly superior 
work. The fairest conclusion is that ScientistTwo demonstrates a credible autonomous research pipeline for 
well-specified computational problems, not a general independent scientist. 

From science assistant to autonomous research system 
The technical path to ScientistTwo is best understood as a sequence of capabilities that gradually closed the 
scientific loop. Specialized scientific prediction systems first showed that AI could solve difficult scientific 
subproblems. The best-known example is AlphaFold's protein structure prediction system, which 
demonstrated expert-level scientific utility within a tightly defined domain. These systems could produce 
valuable answers, but they did not formulate and prosecute an open research program. 

Tool-using language-model agents then learned to interleave reasoning with external action. ReAct reasoning 
and acting provided a general pattern for planning, invoking tools, observing results, and revising the next 
step. Scientific agents need this loop because hypotheses cannot be assessed through language alone; they 
must be translated into calculations, code, searches, or experiments whose outcomes alter the plan. 

A second advance was objective evaluation. FunSearch's evaluator guided program search showed that a 
language model can generate candidate programs while an external evaluator selects and improves them. 
AlphaEvolve's evolutionary coding framework extended this idea with automated evaluators and iterative 
program evolution. The important change was epistemic discipline: the system's proposals had to survive 
executable tests rather than merely sound plausible. 

End-to-end research agents broadened the scope from solving one optimization problem to producing a full 
research artifact. The AI Scientist automated idea generation, coding, experimentation, visualization, writing, 
and review. The AI Scientist version two added tree search and parallel experimentation, reducing 
dependence on a rigid human-authored template. These systems established that the complete paper-
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production loop could be automated, but they still faced weaknesses in experimental rigor, causal diagnosis, 
and verification. 

The next step was to make the loop auditable and resource-aware. ScientistOne's chain of evidence 
emphasized traceable evidence linking claims to experiments, while MARS budget aware research search 
used modular construction, reflective memory, and budget-aware search. ScientistTwo integrates these 
directions into what it calls “problem-driven autonomous discovery” (p. 6): it begins with a human-defined 
challenge, diagnoses limitations, generates hypotheses, screens them efficiently, conducts full evaluations 
and ablations, and subjects the resulting paper to simulated review and rebuttal. 

Capabilities required for independent scientific work 
Moving from assistant to independent agent required more than stronger text generation. ScientistTwo 
combines six operational advances. 

•  Problem decomposition. It converts a broad target into actionable limitations and research questions 
rather than accepting the source paper's framing unchanged. 

•  Hypothesis search. Multiple agents propose distinct mechanisms, inspect prior work, and refine ideas 
before expensive experiments begin. 

•  Executable experimentation. Ideas become code, datasets, baselines, and metrics. Failures can be 
diagnosed from logs and results rather than discussed abstractly. 

•  Efficient evidence allocation. A subset-first screen rejects weak ideas on representative benchmark slices 
before compute is committed to full evaluations. 

•  Causal and robustness checks. Ablations, multi-dataset testing, and multiple metrics test whether an 
improvement is attributable to the proposed mechanism and survives beyond one favorable setting. 

•  Adversarial quality control. Simulated reviewers criticize novelty, methods, and evidence; rebuttal agents 
respond with clarifications or new experiments; integrity checks compare claims, citations, and code 
against the evidence. 

How the lead agent coordinates specialized agents 
The productive coordination mechanism is not a single top agent issuing one large prompt. It is a staged 
control system with explicit artifacts and gates. The lead orchestrator maintains the research state and 
routes each artifact to agents with narrower responsibilities: literature and limitation analysis, hypothesis 
generation, coding, experiment execution, result interpretation, ablation design, writing, and review. Each 
stage leaves a durable output that the next stage can inspect. 

Coordination works because agents are coupled through evidence rather than conversation alone. A 
proposed idea must yield runnable code and measurable results. Weak candidates are removed through 
subset testing; stronger candidates receive full benchmark evaluation. Review agents then create structured 
criticisms, and rebuttal agents convert actionable criticisms into revisions or supplementary experiments. 
The top agent uses these outputs to decide whether to continue, revise, branch, or stop. 

This architecture addresses three common multi-agent failure modes. First, specialization reduces context 
overload. Second, shared experimental artifacts constrain agents to the same facts. Third, gates prevent 
enthusiasm from propagating unchecked: an idea does not advance merely because another model endorses 
it. The paper's ablations support the importance of these controls, especially idea refinement, subset 
screening, benchmark breadth, and the review-rebuttal loop. 

Assessment of the headline statement 
“ScientistTwo autonomously generates expert-level, publishable papers and fully verified, executable 
codebases.” Source paper abstract p. 1 
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Claim Supporting evidence Necessary qualification 

Expert level and publishable 

Automated review scores were comparable 
to or above accepted-paper averages in 
several venue comparisons. Nine human 
reviewers assessed 33 papers as competitive 
overall. 

Publishable is not established by actual 
acceptance for these generated papers. 
Human ratings were favorable but not 
uniformly superior, and the paper 
concedes that the system does not 
consistently reach spotlight or oral caliber. 

Fully verified executable 
codebases 

On a 49-task ICML audit subset, reported 
scores were reproduced in 49 of 49 cases, 
with no detected specification violations, no 
detected hallucinated references among 
1,814 citations, and method-code alignment 
in 49 of 49 cases. 

This is strong internal verification of a 
subset, not independent verification of 
every one of the 107 attempted tasks or of 
scientific truth beyond the benchmark. 

Consistently outperforms 
human state of the art 

Among the 107 completed tasks, 86 
improved on the source paper's benchmark, 
with a mean relative gain of 25.2 percent and 
a median gain of 7.7 percent. 

The ordinary meaning of consistently is too 
strong: 21 completed tasks did not 
improve. The benchmark also excludes 
tasks that failed to complete and focuses 
on selected computational problems with 
existing papers and code. 

Higher average AI review 
ratings 

ScholarPeer scores were higher for 
ScientistTwo papers in all three venue 
groupings shown in Table 4. Stanford Agentic 
Reviewer scores were higher for the ICLR and 
NeurIPS comparisons. 

Under the held-out Stanford reviewer, 
ScientistTwo scored lower than ICML 
spotlight papers, 5.7 versus 6.1. 
Automated review is evidence of model-
perceived paper quality, not a substitute 
for independent human peer review. 

What the evaluations show 
The broadest result is the 86 of 107 improvement count reported in Figure 1 and Section 4.1. The average gain 
of 25.2 percent is impressive, but the median of 7.7 percent shows that a smaller number of large 
improvements lift the mean. This does not invalidate the result; it clarifies its distribution. 

Automated review was conducted with ScholarPeer and the Stanford Agentic Reviewer. ScientistTwo 
obtained average scores of 7.5 and 5.7 respectively, corresponding to predicted acceptance rates of 91.9 
percent and 72.1 percent in the paper's evaluation. The more probative venue comparison is mixed: 
ScientistTwo exceeds the listed ICLR and NeurIPS accepted-paper averages under both reviewers, but trails 
ICML spotlight papers under the Stanford reviewer. 

The human study is also more nuanced than the abstract. Nine experienced reviewers evaluated 33 papers. 
The papers averaged 3.7 on standalone quality and 3.0 on parity with the corresponding human work, 
meaning roughly comparable overall. ScientistTwo was favored on experimental strength, while human 
papers retained a slight advantage in methodological rigor. These results support expert-level assistance and, 
in some cases, competitive autonomous work. They do not support universal superiority. 

Limits on the independent scientist interpretation 
ScientistTwo's autonomy begins after a human supplies the problem, an existing paper, and an experimental 
environment. The system therefore automates much of the research execution cycle but not the prior 
decision about which problem deserves attention. It also operates mainly in machine learning, where 
hypotheses can be tested quickly in code and scored by established metrics. That setting differs sharply from 
fields that require new instruments, physical samples, clinical governance, long time horizons, or judgments 
that cannot be reduced to a benchmark. 

SuperIntelligence - Safety & Alignment 2026 V3N3 Toward AGI Science - Math - ATP

https://arxiv.org/abs/2601.22638


ScientistTwo Autonomous Research System Summary    4 

The authors themselves acknowledge that the system “does not yet consistently achieve the caliber of 
spotlight or oral presentations” (p. 18). Average cost was approximately 3,765 US dollars per project and a run 
usually required two to three days, according to Section 4.5. These figures may be economical relative to 
some human research projects, but they also encourage careful task selection and make exhaustive 
replication important. 

Bottom line 
The headline statement is partly supported but not fully supported as written. ScientistTwo convincingly 
demonstrates autonomous generation of technically serious machine learning papers and runnable code for 
many supplied benchmark problems. It often improves on reported baselines, survives substantial internal 
integrity checks, and earns competitive automated and human evaluations. 

Three phrases should be narrowed. “Fully verified” should be limited to the audited subset and the paper's 
own verification procedures. “Consistently outperform” should be replaced with “outperformed on 86 of 107 
completed tasks”. And “higher average review ratings” should specify the reviewer and comparison set 
because the held-out Stanford reviewer did not favor ScientistTwo in every venue comparison. A defensible 
formulation is: 

Across 107 completed machine learning benchmark tasks, ScientistTwo improved on reported human 
state of the art in 86 cases and produced runnable papers and code that received competitive automated 
and human review scores. A 49-task audit subset reproduced all reported scores and found no detected 
specification violations or fabricated citations. 
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