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Model release date vs. SWE-Bench Verified Score
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All scores are on SWE-Bench *Verified* (500-task human-validated subset; released Aug 13, 2024). The original SWE-Bench launched Oct 10, 2023, so ChatGPT / GPT-4 / Voyager predate the benchmark (N/A).



Agenda

e The Al Scientist as a frontier stress test

e The landscape of Al systems for Al science

e Discovery as closed-loop tree search
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LLMs are used all over the place to automate parts of research...
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NanoGPT
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Al Scientist Reviewer Scores Across Different LLMs
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Publications

Real-World Challenges in Pest Detection Using Deep
Learning: An Investigation into Failures and Solutions
Aislin Scirocco ®

07 Feb 2025 (modified: 06 Mar 2025) \i;* SCO res. [3’4,7]

ICLR 2025 Workshop ICBINB Desk Rejected Submission &

Unveiling the Impact of Label Noise on Model
Calibration in Deep Learning
Aislin Scirocco ®

07 Feb 2025 (modified: 06 Mar 2025) \)j‘ SCOFGS: [3’3’3]

ICLR 2025 Workshop ICBINB Desk Rejected Submission &

Compositional Regularization: Unexpected Obstacles in
Enhancing Neural Network Regularization
Aislin Scirocco ®

07 Feb 2025 (modified: 06 Mar 2025) \i" SCOI"eS: [6,6,7]

ICLR 2025 Workshop ICBINB Desk Rejected Submission &

Released in March/April 2025
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| Can't Believe It's Not Better:
Challenges in Applied Deep Learning
Workshop at ICLR 2025

M
L

Al-Generated Papers <~ 3 papers submitted with organizer support + IRB [H24-02652]

As part of a small experiment that we believe aligns with the theme of our workshop (and with approval from the central ICLR workshop
chairs), we have included 3 Al-generated papers out of a total of 43 submissions. As a result, it is possible, though unlikely, that you may be
assigned an Al-generated paper to review. If you prefer not to review Al-generated papers, please let us know by February 11 AoE by emailing
our official email (cant.believe.it.is.not.better+workshop@gmail.com). We will review your assignments and reassign papers accordingly.
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3 METHOD
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. ,

Comment:
This should be

Hochreiter &
Schmidhuber

s S - . P

3.2 COMPOSITIONAL REGULARIZATION

Let h; be the hidden state at time £. We define the compositional regularization term as the mean | Comment:

squared difference between successive hidden states: This should be
e more precise.

<~ Check paper & Github for full analysis:
github.com/SakanaAl/Al-Scientist-ICLR2025-Workshop-Experiment/
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Al Scientist Paper Scores Across Model Releases
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The broader field: Al automating Al Research

0. Aksel e

CORE
AUTOMATION

WE’RE BUILDING
THE WORLD’S
MOST AUTOMATED
Al LAB.

Our objective: systems that optimize and automate work, starting with
research itself.

BUSINESS INSIDER

DOW 7 +0.69% NASDAQ 7 +1.73% S&P 500 7 +1.05% OIL 7 +2.9%

Al

OpenAl's chief scientist says Al is getting close to being as

CO

Recursive Superintelligence Inc.

AAPL A +2.3% NVDA A +0.38% MSFT A +0.26% TSLA M -2.38%

good as a human research intern

AMZN A +1.29% META

Introducing ml-intern, the agent that just automated the post-training
team

It's an open-source implementation of the real research loop that our ML
researchers do every day. You give it a prompt, it researches papers,
goes through citations, implements ideas in GPU sandboxes, iterates
and builds deeply research-backed models for any use case. All built on
the Hugging Face ecosystem.

autoresearch

ress: 83 Experiments, 15 Kept Improvements

A Suk

One day, frontier Al research used to be done by meat computers in between eating, sleeping, having other fun,
and synchronizing once in a while using sound wave interconnect in the ritual of "group meeting". That era is long
gone. Research is now entirely the domain of autonomous swarms of Al agents running across compute cluster
megastructures in the skies. The agents claim that we are now in the 10,205th generation of the code base, in any
case no one could tell i that's right or wrong s the “code is now a self-modifying binary that has grown beyond
human comprehension. This repo is the story of how it all began. -@karpathy, March 2026.




The broader field: Al automating science

periodic labs

Lo NN

ACCELE SCIENCE

Today, we introduce Periodic Labs. Our goal is to create an Al scientist.

Science works by conjecturing how the world might be, running experiments,
and learning from the results.

Intelligence is necessary, but not sufficient. New knowledge is created when
ideas are found to be consistent with reality. And so, at Periodic, we are
building Al scientists andthe autonomous laboratories for them to operate.

Until now, scientific Al advances have come from models trained on the
internet. But despite its vastness — it's still finite (estimates are ~10T text
tokens where one English word may be 1-2 tokens). And in recent years the
best frontier Al models have fully exhausted it.

Researchers seek better use of this data, but as any scientist knows: though
re-reading a textbook may give new insights, they eventually need to try their
ideato see if it holds.

Autonomous labs are central to our strategy. They provide huge amounts of
high-quality data (each experiment can produce GBs of data!) that exists
nowhere else. They generate valuable negative results which are seldom
published. But most importantly, they give our Al scientists the tools to act.

We're starting in the physical sciences.

February 5,2026 R

GPT-5 lowers the cost of
cell-free protein synthesis

Working with Ginkgo Bioworks, we created an Al-driven autonomous
lab and achieved a 40% reduction in protein production cost.

Read the paper 7
8:42

P Listentoarticle @ Sha

45 cusp.ai

CuspAl is the frontier Al company
on a mission to solve the

breakthrough materials ne
to power human progres

A\
< Back to jobs

Anthropic STEM Fellow

®© San Francisco, CA

L3 FutureHouse

Automating scientific
discovery.

We’re a non-profit building Al agents to automate research
in biology and other complex sciences.

Learn More

:! Catherine Yeo (&)

Introducing Altara: the scientific intelligence platform for the physical
world.

and | are excited to announce our $7M seed led by
, joined by 5 3 ,and angel
investors including and leadership from OpenAl & AMD.

Today

We’re already working with early customers in semiconductors,
batteries, and advanced materials. More below.

THE SCIENﬁFIC N LLIGENCE PLATFORM

)



The verification loop of science
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The broader field: everyone is attacking the
loop (or parts of the loop)

Google

Acceleratingscientific discovery with

Co-Scientist
—

¢ 3 FutureHouse

e [ Accelerated Article Preview

3 . Dan| Pal
Keran Rong. Ryutaro Tanno, Khaled Saab, Fan Zhang. Jacob Blum, Andrew Carroll.

Kavita Kulkarni, Nenad Tomadev, Dina Zverinskl, Ivor Rendulic, Elahe Vedadi, Florian Hasler,
Luka Rimanic. Marina Boia, ivan Budiselic, Ben Feinstein, Mathias Bellsiche, Tom Sheffer,
Frevberg,

= {& Eﬁ H EE Amulti-agent system for automating
scientificdiscovery

Caralyn J. Szostkiewicz, Dmytro Shved, Gavin J. Gyimesi, Jon M. Laurent,
Adosptech v Rey 20 Samantha M. Wright, Muhammed T. Razzak, Andrew D. White, Silvia C. Finnemann,
e ek

Accelerated Article Preview ichaela M. Hinks & Samuel G.

GPT-5 lowers the cost of nature < iel—
cell-free protein synthesis
;2 periodic labs

A R N v BRI

Kosmos: An Al Scientist for Autonomous
Discovery




Where Science Is Bottlenecked

Bottlenecked by intelligence

/ R \
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B N v BRI

Bottlenecked by cost, time, and poor scalability



May 20, 2026 Research Milestone

An OpenAI model has

disproved a central conjecture
In discrete geometry
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Previously known construction of many unit distances from a rescaled square grid.




Rewritten Chain of Thought for the Solution to the Unit

Distance Problem
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benchmark (9), strategy (39), hypothesis (104), test (361), refine (30),
insight (28), prune (58), conclusion (77).

280 sub-approaches and 39 idea-line openers (strategy-type nodes).



AR3F7F1) X : Reasoning traceD{S

Most are shallow try-and-discard. At the sub-approach level: 57% (160/280)
are a single step, and 81% (227/280) are <3 steps.

Only 10% contain any refine step at all, and only 18 of 280 (6%) show a
genuine refine-loop — i.e., test — refine/re-hypothesize — test again.

The genuine iterative chains are a small handful and
they're exactly where the breakthrough came from.

"Almost-totally-real (ATR) quadratic extension," steps 82—-131 — 20 steps, with 10 tests, 2 explicit refines,
and 4 refine-loops.
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"Test" steps are the work of evaluating an idea

E.g. computing a bound, running the arithmetic, applying a known
theorem to see what it yields, estimating a size (a regulator, discriminant,
edge or point count)

Real examples from the data:

"Grid counting: r2(k) = 4-:2/\t for squarefree k..." — working out the lattice degree.

"Compare exp(d-log log d) to Erdéds allowance exp(C-d): dangerous gap..." — the size
comparison that flags the number-field route.

"Padding makes comparison harder; disjoint-union analysis confirms no amplification" —
checking an amplification trick and finding it fails.

"Standard averaging: E[X_y| = vol(Q)/covol(L)..." — the expected-overlap computation in
the final construction.
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“Propose a construction — derive/compute its
consequences (or test a toy case) — read off

the resulting scale — check it against the Sr e
benchmark and against
ST/Dirichlet/Golod—Shafarevich/Brauer—Siegel o
— narrow the construction to fix the gap.” .
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Where Mathematical Science Is Bottlenecked

Bottlenecked by intelligence

G
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Bottlenecked by cost, time, and poor scalability?



Bottlenecked by cost, time, and poor scalability



Megakernel nips:/ix.commildepue/status/2052110690526409207

£ ) will depue @ &}

https://hazyresearch.stanford.edu/blog/2025-05-
ook hem uptfampy seem to oz inting ot ome eaty powerttrarme [PAARATOMOBIo O TS

megakernel stuff which is sick

ex: fully contained training megakernel could be great for automated
research

Flapping Airplanes %

(4/5) One thing we’ve built is a “kittens” virtual machine that takes over the
whole GPU and allows new kinds of co-optimization. We can go past the

traditional sequential kernel model - for example, fusing entire training runs N a n o G P I S e e d ru n
into a single kernel and even weirder stuff.

20 min per experiment



https://x.com/willdepue/status/2052110690526409207
https://hazyresearch.stanford.edu/blog/2025-05-27-no-bubbles
https://hazyresearch.stanford.edu/blog/2025-05-27-no-bubbles

Short-horizon vs. long-horizon tasks

Short-horizon tasks: easier for agents because feedback is fast and measurable:
code passes tests, loss goes down, benchmark score improves, runtime
decreases.

Long-horizon scientific tasks: harder because the feedback is delayed, noisy, and
often conceptual: Is the problem important? Is the hypothesis meaningful? Are the
baselines fair? Does the experiment support the claim? Is the result robust?



mean performance vs. rare discoveries

For discovery systems, we may care less about E[mean
performance] and more about E[max discovery under a compute
budget.



Learning to Discover at Test Time

Mert Yuksekgonul*!, Daniel Koceja*!, Xinhao Li*4, Federico Bianchi*3
Jed McCalebS, Xiaolong Wang4, Jan Kautzz, Yejin Choiz, James Zou“'s, Carlos Guestrin“, Yu Sun*12
! Stanford University 2NVIDIA 3 Astera Institute 4 UC San Diego  Together Al

Abstract

How can we use Al to discover a new state of the art for a scientific problem? Prior work in
test-time scaling, such as AlphaEvolve, performs search by prompting a frozen LLM. We perform
reinforcement learning at test time, so the LLM can continue to train, but now with experience
specific to the test problem. This form of continual learning is quite special, because its goal is to
produce one great solution rather than many good ones on average, and to solve this very problem
rather than generalize to other problems. Therefore, our learning objective and search subroutine
are designed to prioritize the most promising solutions. We call this method Test-Time Training to
Discover (TTT-Discover). Following prior work, we focus on problems with continuous rewards.

We report results for every problem we attempted, across mathematics, GPU kernel engineering,
algorithm design, and biology. TTT-Discover sets the new state of the art in almost all of them:
(i) Erd6s’ minimum overlap problem and an autocorrelation inequality; (i) a GPUMode kernel
competition (up to 2x faster than prior art); (iii) past AtCoder algorithm competitions; and (iv)
denoising problem in single-cell analysis. Our solutions are reviewed by experts or the organizers.

All our results are achieved with an open model, OpenAlI gpt-oss-120b, and can be reproduced
with our publicly available code, in contrast to previous best results that required closed frontier
models. Our test-time training runs are performed using Tinker, an API by Thinking Machines,
with a cost of only a few hundred dollars per problem.



Can ideation be separated from execution?

Is hill-climbing bad?



Is designing hill-climbable problems

@ Andrej Karpathy & o]

| packaged up the "autoresearch" project into a new self-contained
minimal repo if people would like to play over the weekend. It's basically
nanochat LLM training core stripped down to a single-GPU, one file
version of ~630 lines of code, then:

- the human iterates on the prompt (.md)
- the Al agent iterates on the training code (.py)

The goal is to engineer your agents to make the fastest research
progress indefinitely and without any of your own involvement. In the
image, every dot is a complete LLM training run that lasts exactly 5
minutes. The agent works in an autonomous loop on a git feature branch
and accumulates git commits to the training script as it finds better
settings (of lower validation loss by the end) of the neural network
architecture, the optimizer, all the hyperparameters, etc. You can
imagine comparing the research progress of different prompts, different
agents, etc.

github.com/karpathy/autor...

Part code, part sci-fi, and a pinch of psychosis :)

autoresearch

Autoresearch Progress: 83 Experiments, 15 Kept Improvement -

ﬂ Neel Guha
3

| wrote a blogpost about writing machine learning research papers (e.g.,
NeurlPS, ICML, ICLR, etc.). The core idea is that most papers follow one
of a predetermined set of templates. The post talks about each
template, describes their rules, and offers examples...

The “Data Artifact Paper”

The “Horse Race Paper”

The “New Paradigm Paper”

The “Resurrected Baseline Paper”
The “Unification Paper”

The “Problem Solving Paper”

The “Discovery Paper”

The “Countervailing Wisdom Paper”

a new skill?

12 hours

11 hours

10 hours

9 hours -

8 hours

7 hours

6 hours -

5 hours

4 hours

3 hours

2 hours -

1 hour

30 min

Exploit a vulnerable Ethereum smart contract

Train adversarially robust image model

Exploit a buffer overflow in libiec61850

Fix bugs in small Python libraries
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Thank you'

J. Foerster J. Clune
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