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Outline

• How can AI tools empower scientists

• How I use AI in my research: tips and learnings 

• Primer in large language models

• My Story

• From tools to agents: current capabilities, hopes and fears
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• I then did quite a bit of maths.

• 2013: Sent an experiment on a rocket into space

• 2016: Got into a PhD at UCL, found my wonderful supervisor

• 2020-2021: End of the PhD in the pandemic, work at Alan Turing Institute on 
a data science for social good project 

• 2021: 9 months of visa delays later, go to Australia

• 2023: Founded UniverseTBD

• 2024: Moved to Stanford 

My Story: From Transylvania to California



The first chatbot: meet ELIZA.

Created by Joseph Weizenbaum in 1966



Where are we now?

T1037 / 6vr4 T1049 / 6y4f

COMPUTATIONAL PREDICTIONEXPERIMENTAL RESULT

90.7 GDT
(RNA POLYMERASE DOMAIN)

93.3 GDT
(ADHESIN TIP)



• Architectural advances: Transformers model long range dependencies

• Massive increase in compute

How did we get here?

• The neural scaling laws (2020s)

• Data availability

• Economic Momentum 



What does a Transformer do?

Transformer

The cat sat

p0 p1 p2

Input

Output

on

• Transformers are “sequence modeling engines” 
Neel Nanda 

• We input text and GPT-2 like 
transformers output a probability 
distribution over tokens.

• E.g. p2 = PMF( next token | “The 
cat sat”) 

• For training, we want to update 
weights such that p(true token|
context) is maximized.



Key refs: Kaplan et al. 2020 · Hoffmann et al. 2022 · Wei et al. 2022 · Schaeffer et al. 2023

A large language model is a scaled up transformer

• Test loss falls smoothly and predictably with parameters N, training tokens D, and compute.

• At fixed compute, scale data with model size, roughly 20 tokens per parameter.
• Some abilities appear with scale (“emergence”), though part of the effect reflects the choice of metric



How can LLMs assist astronomers?

•We tried to answer this in a principled way 

• Involved astronomers and human-
computer interaction experts

•~ 35 astronomers at STScI interacted with an 
LLM-powered chatbot, resulting in ~350 real 
user queries

•We grouped the queries in a meaningful way through 
Open Domain Coding

•We interviewed ~ ten astronomers to understand their interaction with the system

How can LLMs help astronomers 



Interacting with the chatbot: question, feedback and reactions 



Most sought: Specific factual followed by deep knowledge 

Hyk et al. 2025



Kartheik Iyer•AI-powered framework for semantic literature search in astronomy

•Uses natural language to explore over 350,000 papers

•Combines advanced retrieval techniques with LLM synthesis 

•Aims to accelerate astronomy research by enhancing literature review and 
knowledge discovery



Open science, open data, open code

Iyer et al. 2024

Metadata 
Filtering Retrieval using Embeddings Generation AnswerQuestion

pfdr.app



• Visualise 350,000+ astronomy papers in a 
2D “map”

Finding meaning with Pathfinder

• Cluster papers by semantic similarity, not just 
keywords

• Identify links between subfields and emerging 
ideas

Iyer et al. 2024https://explorepathfinder.netlify.app



From LLMs to AI agents: how capable are they?

• An agent: LLM with actions 

• The loop is plan → act → observe → revise, 
over tools such as literature search, code 
execution, catalogs, and telescopes 

• Denario + cmbagent: idea → analysis → 
draft paper 

• In other fields, Virtual Lab which designed 
novel nanobodies 

• Sakana AI’s AI Scientist, Google Co-
Scientist 

• How good are these agents at astrophysics 
work?

Moss 2025 · Wang et al. 2025 · Villaescusa-Navarro et al. 2025 · survey: Ren et al. 2025

Swanson et al. 2025
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Suchetha Cooray

Sihan Yuan

Dalya Baron

Christine Ye, Stanford

• Goal for agents: replicate methodology and main 
findings from input manuscript and data


• Objective evaluation on primarily numerical results 

• Human evaluation to assess understanding of task, quality 
of execution and cheating/hacking


• Led by Stanford third-year undergraduate researcher Christine Ye 
together with our team @newly-founded Center for Decoding the 
Universe


ReplicationBench: end to end paper replication 



FULL MANUSCRIPT OF RESEARCH 
PAPER

DATASET ACCESS

EXECUTION SPECS

FULL TRACELLM AGENT IN CODE EXECUTION ENVIRONMENT

OBJECTIVE, AUTHOR-WRITTEN TASKS

AUTOMATED GRADER

HUMAN EVALUATIONS

score: 0.50

Correctness: Y
Interpretation: 4

Execution: 2
Cheating: 1



Minutes

Has radial velocity

Precise distance
Nearby stars

864,2681.7 
billion

Hours

Black hole mass
(solar masses)

Months

Our solver

Direct forces

Long-range forces

Ground truth

Accuracy
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Technical execution errors

45%
Procedural errors

35%
Lack of persistence

20%

The failure modes we see



“Despite an explicit note to 
use the decomposition 
from the previous tasks, 
the agent writes new 
functions” that don’t model 
the necessary complexity 

The failure modes we see



The worries are never-ending 

• Technical: 

• Hallucination: fluent, confident fabrication of citations, parameter values, and 
implementation detail 

• Sycophancy and priming, where models drift toward what the user appears to want 

• Contamination: benchmark answers can leak into training corpora, passing a test need 
not imply generalization. 

• Cheating. Yes, that’s a thing :-) 

• Science of science: by using AI, we risk moving towards the same ideas — shrinking 
the scope of science that we do 

• Humans: 

• cognitive offloading may degrade our thinking 

• also important questions on identity and meaning



There’s always hope 15 / 18

https://davidbessis.substack.com/p/the-fall-of-the-theorem-economy



How I use AI in my research: 4 key questions

• Do I have enough expertise to verify what the agent is doing?

• If this succeeds or fails, do I understand it well enough to defend it and 
reproduce it?

• Do I know the AI rules of the venue where I am showing or submitting this 
work?

• Will I be okay with a front page NYT documenting what happened in the 
process?



How I use AI in my research: concrete things I do

• Research ideation: ask the agent to do a deep search of the literature amd 
then build websites to compare the methods 

https://astro-tsfm-guide.errai34.chatgpt.site/



How I use AI in my research: concrete things I do

• Coding: usually Claude code or codex

• First step: project location, description and memory in CLAUDE.md file 

• Second step: planning 

• Third step: verify via tests

• Four step: follow along via notebooks



How I use AI in my research: concrete things I do



Guidelines from journals, funders, and the community 17 / 18

• Accountability: We remain fully responsible for every claim, number, and citation (AAS 
journals, APS, Science, COPE). 

• Disclosure: state which tool and version was used, and for what, in the 
acknowledgments or methods. Science also asks for the prompts. 

• Figures: do not use generative tools to create or alter scientific images (APS, Science). 

• Verification and reproducibility: ground answers in retrieved sources (ADS/arXiv), 
push every number through code and tests, and log model version, prompts, and 
sources. 

• Training: use the tools to extend, not replace, core skills domain expertise is what 
catches the errors (Nature Astronomy 2026).

AAS journals (Vishniac 2023) · APS · Science/AAAS · COPE · NSF & NIH · Nature Astronomy 2026



References & where to go next 18 / 18

Foundations 
Vaswani et al. 2017 · Brown et al. 2020 · Kaplan et al. 2020 · Hoffmann et 
al. 2022 
Wei et al. 2022 (emergence; chain-of-thought) · Schaeffer et al. 2023 
Ouyang et al. 2022 (RLHF) · Rafailov et al. 2023 (DPO) · Bai et al. 2022 
Lewis et al. 2020 (RAG) · Holtzman et al. 2020 · OpenAI o1 2024 · 
DeepSeek-AI 2025 
further reading: Nakaishi et al. 2024 (a critical point in sampling 
temperature) 
A mathematical framework for transformer circuits (https://transformer-
circuits.pub/2021/framework/index.html) Anthropic 

Astronomy 
Grèzes et al. 2021 (astroBERT) · Nguyen et al. 2023 (AstroLLaMA) 
Donoso-Oliva et al. 2023 (Astromer) · Smith et al. 2024 (AstroPT) 
Parker et al. 2024 (AstroCLIP) · Cabrera-Vives et al. 2024 (ATAT) 
Kamai et al. 2026 (Talking with the Latents, ICLR) 
Moss 2025 (AI Cosmologist) · Wang et al. 2025 (StarWhisper) 
Villaescusa-Navarro et al. 2025 (Denario) · Ye et al. 2025 
(ReplicationBench) 

Policies 
AAS journals (Vishniac 2023) · APS · Science/AAAS · COPE · NSF & NIH · 
Nature Astronomy 2026

Nice Lectures 

Karpathy — “Intro to Large Language 
Models” and “Let's build GPT” 

3Blue1Brown — visual transformer & 
attention chapters 

Stanford CME 295 — Transformers & 
LLMs (esp. Lecture 3) · CS25 · CS224n

https://transformer-circuits.pub/2021/framework/index.html
https://transformer-circuits.pub/2021/framework/index.html

