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Introduction / 
Motivation

🧪  Towards automated scientific discovery
• LLMs have been becoming increasingly capable in math, coding and scientific 

reasoning domains.

• We already see instances where LLM-based systems can improve the productivity 

of human researchers.

• And many groups are working on end-to-end AI research agents (encompassing 

iterated hypothesis generation, testing, and writing reports detailing findings).

✅  Reproducibility is a critical component of science
• Scientific progress hinges on trustworthy results.

• Automated science needs automated reproducibility (reimplementing an 

experiment based on a description of the experiment design and reproducing 

reported results).

• Necessary (but not sufficient) skill for automated scientific discovery.

Where are we in this graph?



NanoGPT Speedrun
• Community-driven improvements to GPT-2 training. Competition 

based on minimizing wall time of training a GPT-2 implementation to 

reach a target cross-entropy loss of 3.28 on validation set of FineWeb.

• (As of May 2025) 21 records reducing training time from 45 → 3 min. 

Encompasses diverse code-level changes, ranging from high-level 

algorithmic to hardware-aware optimizations.

• Can AI research agents reproduce each record with sets of hints of 

various formats and levels of detail?

• LLM pre-training task which can help monitoring for recursive self 

improvement abilities.



Benchmark



Benchmark
• Record reproduction: given a set of hints m which is any subset 

of the hint levels {1, 2, 3}, can an AI research agent reproduce the 

speedup from the record?

• Record optimization: given no hints m = {0}, how does an AI 

research agent’s record improvement trajectory compare to 

humans?

• Metric: fraction of speedup recovered (FSR).



Level 1 - Pseudo code Level 2 - Description Level 3 - Paper



Agent Scaffolds

• AI research agent: specific LLM + search scaffold.

• Search scaffold: programs that iteratively make use of an 

LLM for finding a solution to a given task.

• Each search step follows three stages: implementation, 

execution, analysis. A new node is branched from either a 

randomly chosen buggy node or the highest-performing node.

• For each scaffold, we use the same budget of 20 steps.



How Do Current Agents Fare?



Reproducing individual records

• Without hints, agents fail to recover more than 

20% of human speedups.

• Pseudocode (level 1) and pseudocode 

combinations are the most effective hints.

• Multi-AIDE outperforms other search 

scaffolds.

Cumulative speedrun

• Used best model (o3-mini) with best search 

scaffold (multi-AIDE).

• Performance significantly drops.



LLMs exhibit subtle differences in more 
granular behaviors.

Search tree composition

• R1 generates more buggy nodes under 

AIDE/multi-AIDE. 

• Gemini-2.5-Pro tends to produce fewer buggy 

nodes, but it lags behind on FSR metric. 

• Claude-3.7-Sonnet generates the most buggy 

nodes with the fraction increasing over time. 



How we know agents are faithfully reproducing 
the target code changes (and not unrelated 
solutions)?

Embedding based similarity

• Compare code embedding distances between 

agent and human solution.

• Positive correlation between higher similarity 

score and FSR for richer hint formats.

LLM-as-a-judge based similarity

• Use a LLM as a judge (R1), prompting it to 

assess what fraction of the ground-truth 

changes were successfully reproduced.

• Positive correlation between higher similarity 

scores and FSR.



Record 3 is 
Muon Optimizer

Record 5 is 
smallest code 
changes.
ReLU - ReLU^2

Record 12-14 uses 
FlexAttention API 
which is outside the 
knowledge of LLMs.



Summary

• Overall there remain large gaps in the ability of AI research agents to 

reproduce human research innovations even when given detailed hints 

(e.g. pseudocode), a crucial capability towards the path of automated 

science.

• The Automated LLM Speedrunning Benchmark is a challenging and 

flexible evaluation that can measure progress towards automated 

reproducibility by reproducing incremental advances across a chain of 

research innovations.

• Models exhibit different behaviors/failure modes and with the analysis 

tools associated with the benchmark, we can better understand more 

granular model behavior and avenues for improvement.

So maybe we are here


