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The need of Al for astronomical spectroscopy
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Large amount of data
+

Complex physical models and

multiple parameters
+

Effects of atmosphere and
INnstruments

Traditional methods
for spectral analysis
are not adequate
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First steps of Al in astronomical spectroscopy

Teff Strengths
Logg, * Much fa;ter*

[Fe,/H], * Better with low res spectra
Sro * Better with Low SNR spectra

(e.g. Ness+2015, Ting+2018S, Weak
Keown+2013, Ambrosch+2023) eaknesses

* Error estimates

* Interpretability

* Results depend on the training
sample
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ocientific Al for astronomical spectroscopy

New tools for interpretability

Domain adaptation to use (e. g. Ambrosch+2023, Candebat,
models for training Sacco+2024)
(E.g. O'Brian+2021,
Belfiore+2029]
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ocientific Al for astronomical spectroscopy

Normalizing flows to calculate

posterior distribution
(e.g. Kang+2022, 2023, Iglesias-
Navarro+2024 Candebat+ 2024
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Combination of photometry and

spectrosopy
(Guiglion+2024, Candebat+,in prep]
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Al 2.0: foundation models

Attention is all you need

Specific and small
dataset

Add & Morm

Multi-Head
Atterttion

Add & Norm

Very large Dataset

Finetuning

(’-\) Pretraining
@ Foundation Model Finetuned LLM

LLM Architecture

Vaswani+2017
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Al 2.0: foundation models

Self-Supervised Learning pre-training Cross-Domain Generalization

Masked Language Translation Language
Madeling (MLM) Modeling (TLM)

Token

Token embeddings

embedings Position
Position embeddings
embeddings Language

Lample & Conneau 2019

Scalling Law

Summarize
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Xio&Zhu 2025

Annotated task

- Task adapted model
specific dataset ask adapled mode

Large generic corpus
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Foundation models in astronomy

Astronomy based LLMs.

Information

Transformer-based Model for Stars .
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Foundation models in astronomy

Task: Stellar Spectra to Stellar Spectra
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Al 2.0: Al agents
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Al agents in Astronomy

An Al agent able to use CIGALE to fit SED

Knowledge Learning

* Knowledge Distillation: Extract
insights for SED model design by
reflecting the fitting process
Knowledge Validation: Verify and
score the sxtrocted knowledge by
expearimenting it on cbservations

Knowledge Example:

For gross underestimation in the MWIR
bands, exploring o wider range of
fracAGM values in the AGN modue to
impraove the fit in thess bands.

[Seore: 0.12)

Summarization

Summarize the enfire reasening
process and generate conclusions
regarding the scientific guestions

mephisto's 4
Reasoning and
Learning Process -

o T

O

X

Input State
Data, SED model,

Fitness

Reasoning Process

a. Prompt Template:

<CIGALE User Document™
Pleass refine current SED model
to generate M new SED models
o better match the observation.
<Input State Infarmation>
Refer to balow knowledge and
temporal mamary to propose
mare reasanable SED models.
<External Knowledge Bae>
<Temporal Memary=

b. Instruct CIGALE with proposed
SED models

¢ Evaluate sach state and sort
their order

Memory Example
dustatt_modified_starburst’ model
wiag revised and led to improved fits
in optical bands ke cosmos.SC_V but
warsened (it in MIR bands such as
cosmas UVISTA_Y.
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Al agent for Gamma ray astronomy
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Al and spectroscopy towards 2040+

Deploy current Al tools
for the next generation

of IFU and MOS Develop new tools for

data reduction, survey
strategy, scheduling

Foundation models and
Agents for Astronomy?

An INAF data analysis hub for the next
ESO facility
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