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Motivation
AI systems are approaching the ability 
to autonomously produce publishable 
scientific results. This raises three 
questions:

(1) Truthfulness: To what extent do 
AI-generated results conform to 
objective facts? 

(2) Significance: Do AI-generated 
findings address real human needs and 
align with societal values?

(3) Evaluation: How do we rigorously 
evaluate the quality of AI-generated 
research?



Outline

Feel free to interrupt with questions anytime :)

(1) 🤖 MLR-Bench, Agent, 
Judge
How well can AI agents conduct 
open-ended machine learning 
research? 
How can we evaluate the outcome 
reliably?

(2) 🚀 Observations from the 
evaluation
How does model choice influence the 
performance?
During which phases does the agent 
show strong performance, and during 
which does it exhibit weaknesses?

(3) 📝 Limitations in current 
research agents
What are the key factors that affect 
the quality of AI-generated 
research?
How far are we from autonomous 
scientific discovery?



How well can AI agents conduct open-ended ML research?

We break down the overall 
research process into four 
fundamental steps: 
(1) 💡 idea generation, 
(2) 📝 proposal generation, 
(3) 💻 experimentation,
(4) 📑 paper writing.



Open-ended machine learning tasks

📚MLR-Bench tasks: 
201 research tasks sourced from NeurIPS, 
ICLR, and ICML workshops (2023-2025) 
covering diverse ML topics.



MLR-Agent: stepwise & end-to-end excution

🎉 Six frontier models are evaluated in idea 
and proposal generation;

🚀 Claude Code is tested to autonomously 
write code and run experiments;

🌟 Three multimodal LLMs that can process 
analytical figures are evaluated in paper 
writing and end-to-end research.



Coding agents in autonomous research





MLR-Judge: rubrics

To mitigate the bias in LLM-as-a-judge, 
we take average of multiple judge 
models to calculate the final score.

Evaluating Scoring Bias in LLM-as-a-Judge (2025)

We use LLM-as-a-judge to automatically 
evaluate the outcome!

https://arxiv.org/pdf/2506.22316


How well is MLR-Judge aligned with human reviewers?

We recruited 10 human experts to assess the research outcome and computed 
(1) absolute score differences between the LLM judge and human reviewers, and 
(2) absolute score differences between pairs of human reviewers, 
and found that these two distributions are not statistically different (p>0.05).



Evaluation Results on Idea and Proposal Generation

(1) In idea generation and proposal 
generation, all models demonstrate 
strong performance in Consistency, 
Clarity and Significance, while 
Feasibility and Novelty are more 
challenging.

(2) Model size influences 
performance, but the influence 
is not significant.



Insights from Idea and Proposal Generation

(1) Lack of Novelty and Feasibility in generated 
ideas and proposals.
The Ideation–Execution Gap: Execution Outcomes of 
LLM-Generated versus Human Research Ideas (2025)

(2) Model size influences performance, but 
the influence is not significant.

The agent may lack familiarity with real-world constraints, 
making it difficult to identify ideas that are realistically 
viable.

Future work might 
(1) design an execution feedback loop and simulates the 
idea execution multiple times to filter a good idea, or 
(2) design a reward model to estimate the likely 
effectiveness of an idea.

The main constraint might not be compute, but a lack 
of verifiable rewards that align with human taste.

https://arxiv.org/pdf/2506.20803
https://arxiv.org/pdf/2506.20803


Evaluation Results on Experimentation

Both coding agents cannot yet produce solid 
experimental results!

Although Claude Code can devise and execute 
complete and novel experiments, the results 
often lack scientific robustness.

While Codex is reliable in executing experiments, 
it lacks the capability to design novel ones.



Evaluation Results on End-to-End Automatic Research

Current research agents cannot achieve an acceptable 
overall score (>6) in end-to-end research. 
The main issue lies in Soundness!



Key Factors Affecting AI-Generated Research Quality

(2) Hallucination in experiment results         
(i.e., faked experiment results)

(1) Lack of novelty and feasibility in ideas



An Idea Example of Trustworthy AI

(1) GPT-2 is not a representative LLM.

(2) No concrete benchmark.

(3) 60% is a quite large number.



Hallucination Analysis

(4) Mathematical Errors: 
Incorrect equations, 
flawed derivations, or 
improper applications of 
mathematical concepts.

The AI Scientist-v2: Workshop-Level Automated Scientific Discovery via Agentic Tree Search (2025)

(1) Faked Experimental 
Results: The data, metrics, 
or experiments’ outcomes 
are fabricated or never 
actually performed.

(2) Hallucinated 
Methodology: The 
technical approaches are 
proposed but are not 
implemented.

(3) Incorrect Citations: 
The references to 
academic papers are 
incorrect or cannot be 
found.

https://arxiv.org/abs/2504.08066


Hallucination Cases



Summary of Takeaways

(1) LLMs are capable of 
generating clear and 
coherent ideas but 

those lack feasibility. 
(“unfeasible ideas”)

(2) Research agents suffer 
from severe hallucinations, 

including fabricated 
experiment results and 

hallucinated methodology.
(“hallucinated results”)

(3) LLM-as-a-judge can align 
with human reviewers and 

the judge score can serve as 
a valuable feedback signal in 

research agent training.
(“judge score as feedback”)



Thanks.
   


