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| . Read documents/code
2. Execute code

3.Web search
4. Make plots
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|.Agents for (analytic) surrogate modeling

2.Agents for transient searches

3.Agents for cross-disciplinary workflows



Surrogate models are ubiquitous in sciences
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|.Agents for surrogate/emulator modeling

- Surrogates are computationally cheap models used to
approximate expensive simulations

- Strong case for agents:

| .Verifiable objective function (simulator ground truth is known)
2. Rapid low-cost Iterations

3. Rich/high-dimensional search space
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Generate candidates — Fit sim.data — Validate and simplify
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See also:AlphaEvolve (arXiv:2506.1313 1), Autoresearch (Andrej Karpathy)
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Analytic/symbolic target model
+ Compactification/Interpretation
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Agentic solution
outperforms

Islam, DWYV, et al (2605.11280)

Waveform error (] better)
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https://arxiv.org/abs/2605.11280

incoming wave 1 incoming wave 2

\.\ / Another example of agentic analytic modeling:
Surface water wave scattering

water surface
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https://arxiv.org/abs/2606.28280

2. Transient searches — new black hole mergers

| .Verifiable objective function (maximize synthetic signal detection)
2. Rapid low-cost Iterations
3. Rich/high-dimensional search space

GW231229 133732

500

400
— Old volume sensitivity

300
— New

200

o 100
X1.5In VT

500

400

Frequency (Hz)

300

200

50 100 150 200 250 300 350
Primary source-frame mass m; (M) 100 8

—0.4 —0.2 0.0 0.2 0.4
teps — 1387892270.7043457 (s)

DWV et al (in prep)

11

25

- 20



3.Agents for cross-disciplinary
scientific forecasting

Science « Astrophysical distribution « Detector Forecast
of compact objects
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Probing cosmic reionization with gravitational detectors

Years after the Big Bang

| billion 4 billion illion 13.8 billion
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Probing cosmic reionization with gravitational detectors

Forecast of cosmic reionization channels
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Probing renormalization group running with 3G detectors

Renormalized
angular momentum
quantum number

Forecast of renom. group param. of GW150914

3G networks

@ 2.81e-03 single 3G detectors
1 @2.62e-04
@ 1.64e-03
[0.010 Voyager / 2.5G
@0.195
10-3 1072 10-1



NASA Al/ML
STIG group WEEK SPEAKER

Overview
Module 1: Large Language Models as Autonomous Agents

LLM API Basics

RAG & Function Tools

LLM as Agent

Model Context Protocol (MCP)
Module 2: Deep Learning Frameworks

PyTorch and Autodifferentiation

JAX
Module 3: Neural Network Basics
Inductive Blases

Jan 26 Convolutional Neural Networks (CNNs)

https://ai4astro.org/



https://tingyuansen.github.io/NASA_AI_ML_STIG/
https://tingyuansen.github.io/NASA_AI_ML_STIG/
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Agentic systems can be powerful in areas with:
|.1.Verifiable objective function

2. Rapid low-cost Iterations

3. Rich/high-dimensional search space
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C Speedup: 3.5x total, 2.4x ODE, 8.4x waveform Ridge + phase corr.
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Agents can help in multiple areas of
. . Agent step
astrophysical data analysis:
I * Surrogate mOdeIIng Forecast of cosmic reionization channels
2. Next gen. detector forecasts | m- Double power law SFR
. I Flattened power law SFR
3. Transient searches
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What open problems in your field are
naturally suited for agentic applications!?
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