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(a) Current Modular Pipeline

Community/Decision Discover of

Survey Telescope Alert Brokers

LSST -making novelties

) Lasair q

Selection & Follow-up priorization/ Physical Insights

Classification Resource Optimization & Discovery

. “Classification Centric’

: : o Great if you can look and'maké | corhpleté . e
-assessment of the full stream :
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(b.2) AI-Agent

Spectroscopy

Defer observation

IR/NIR follow-up

Al —Agen‘t EBlue photometry

Foundation
Model
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Observation plan

pipeline
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Foundation Model

Lotent Spoce (projection)
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* Probabilities & Uncertanties
* Anomaly Score
+ Light curve parameter estimation

*» Observation Forecasting

Update Classification & Follow-up Strategy

~ Dynamical classification
AT-AGENT:

DECISION CRITERIA @ CC Sne TDE Typela AGN

Population Relevance

Rarity and Nowvelty

Extremeness Comparison

] Class-Specific Ambiguity

Complementary Data Value

Prebebility (bime)

Resource allocation & utility
Transient Class
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: Foundation Models as Infrastgucture: Al

-

A srngle large model pretrarned on masswe dlverse data ;

,Learns general repreSentations
Reused for many downstream tasks wrth little or no
retralnlng

Why?

' Replace' many task- specific models | *
. Exploit unlabeled data (self-supervised Iearnrng)
Enable transfer learning across domains.- :
-Better scallng behavior with more data & parameters
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https://ai-scope.cbpf.br/documentation/ai_scope_aion
https://ai-scope.cbpf.br/documentation/ai_scope_aion
https://ai-scope.cbpf.br/documentation/ai_scope_aion

WHISPER

Kilonova Models
Bayesian Model Selection

GRB afterglow models
Tidal disruption models Fast Parameter Inference (SBI - hundreds per night)
Physics informed Neural Networks

Supernova Models L
Magnetar driven ejecta models Nested Sampling/MCMC (only for a handful)

Combined models (KNe + afterglow)
Binary Black Hole optical flare
Models
Physical Constraints from

Transient Models (Candidate
Data)

Flux

Time [day]

If | observe one more epoch with this Telescope
would | be able to resolve the correct model? On
which band, on what Limiging Magnitude? How
many follow-up do | need? The system can
recomend spectroscopy.



Multi-band Galaxy morphology Coordinates, Posterior distribution
photometry & environment redshift, alerts + Metrics

LLM Integration Layer

\
AI 'AGENT Scientists query the pipeline
in plain English: "Show me all TDE candidates above z=0.3
| | observed in the last 24h." LLM translates to structured API
calls.
— =) LLM generates human-
readable explanations for every Agent decision: why

— — spectroscopy was chosen over deferral, which decision
Pl e criteria dominated.
Community encodes observing
¢ | | objectives as natural-language GOALS (e.g., "prioritize rare
Graph SNe-I| over AGN this season").
knowleage AlI-ASSITED DISCOVERY When the LLM Model flags a “rare”
representation PIPELINE event, the LLM synthesizes context from literature and
\ ) internal catalogs to generat.e a discovery Report.
over the whole LLM directly calls observatory APls,

broker endpoints, and scheduling systems — acting as the
orchestration layer that translates model outputs into
telescope commands. (Under development and testing in
Small Telesope)

history of arxiv
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Redback (nikhil-
sarin)

Kilonova Models
GRB afterglow models
Tidal disruption
models
Supernova Models
Magnetar driven ejecta
models
Combined models
(KNe + afterglow)
Binary Black Hole
optical flare Models
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How WHISPER will modelling these peculiar sources?

CrossMark
Kilonova Spectral Inverse Modelling with Simulation-based Inference: An Amortized
Neural Posterior Estimation Analysis
P. Darc' @, C. R. Bom' @, B. Fraga' ®, and C. D. Kilpatrick’
“('cnm- Brasileiro de Pesquisas Fisicas, Rua Dr. Xavier Sigaud 150, CEP 22290-180, Rio de Janciro, RJ, Brazil; phelipedarc@chpf.br

“ Center for Interdisciplinary Exploration and Research in Astrophysics (CIERA), Northwestern University, Evanston, IL 60201, USA
Received 2024 March 13; revised 2024 May 18; accepted 2024 May 29; published 2024 August 7
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Figure 2. Inference pipeline using ANPE—amortized inference enables rapid inference for every new spectrum observed. In the training phase, a neural-network-
based density estimator (MDN) learns the probabilistic relationship between the model’s parameters and simulated spectra, at high computational cost. Then, in the
inference phase, the trained density estimator takes the observed real data as input and infers the posterior distribution of the parameters, at low computational cost:
less than a second.



How WHISPER will modelling these peculiar sources?

Multi-Wavelength Analysis of Kilonova Associated
with GRB 230307A: Accelerated Parameter
Estimation and Model Selection Through
Likelihood-Free Inference

Phelipe Darc*
Centro Brasileiro de Pesquisas Fisicas (CBPF)
Rua Xavier Sigand, 150, Urca, Rio de Janeiro, Brazil

Clecio R. Bom
Centro Brasileiro de Pesquisas Fisicas (CBPF)
Rua Xavier Sigaud, 150, Urca, Rio de Janciro, Brazil
Centro Federal de Educagio Tecnoldgica Celso Suckow da Fonseca (CEFET-RJ),
Av. Maracand, 229 Maracanii, Rio de Janciro, Brazil.

Gabriel S. M. Teixeira
Centro Brasileiro de Pesquisas Fisicas (CBPF)
Rua Xavier Sigand, 150, Urca, Rio de Janeiro, Brazil.

Charles Kilpatrick
Center for Interdisciplinary Exploration and Research in Astro- physics (CIERA)
and Department of Physics and Astronomy
North-western University, Evanston, IL 60208, USA
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How WHISPER will modelling these peculiar sources’?

The progenitor of the GRB 230307A: a decision through a Bayesian analysis

Viviane Alfradique, Rodrigo da Mata, Clécio R. Bom(]
Centro Brasileiro de Pesguisas Fisicas,
Rua Dv., Xavier Sigaud 150,
22290-180 Rio de Janeiro, RJ, Brasi

TABLE I. Summary statistical results.

In {3' f 2™ j Maximum In(.L) BIC Dimensions KN model Referemnce

BNS system (2-component kilonova) 23.07 -108.12 382.86 17 [29]

BNS system (Merger-Nowva) -08.45 -182.50 525.12 15 [30)

BNS system (General Merger-Nova) -08.05 -181.06 515.82 13 I31]
NS+WD system (magnetar spin-down) - -87.19 323.97 14 [16]
SBH+WD system (TDE - 4/3 polytropes stars) -8398.99 -8458.49 17126.20 15 132]
NS+BH system (2-component kilonova - Ejecta rel) =3849.79 =-3932.98 BO27.80 15 [29]

Our results show a statistical preference for a BNS or NS-WD
progenitor producing a kilonova powered by a magnetar and “°Ni decay, characterized by a °Ni mass
of ~ 4x10™* My, and an ejecta mass of 0.06 M. Furthermore, under the assumption of a BNS origin

within this model, we infer binary component masses of m; = 1.8170%5 M and ma = 1.6170°%3 My,
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How:Al-Scope can accelerate Transient Research? -

® The LLMs report evaluates population level features and call attentions to interesting and outliers

Probing the origin of the kilonova candidate GRB 230307 A: analysis of host galaxy and offset

CLECIO R. Bom,' Davi C. RODRIGUES, ™! ARIANNA CORTESL** AMANDA E. ARAUIO-CARVALHO," DANIEL RUSCHEL-DUTRA,’
- il - - 7 - - = e .o -

GIULIANO I0RI10,° LUIDHY SANTANA-SILVA,' CHARLES D. KILPATRICK,” FABRICIO FERRARL® Luis LOMELI-NUREZ,* )

THOMAS HARVEY,” DUNCAN AUSTIN,” CHRISTOPHER J. CONSELICE,” NATHAN ADAMS,” AND ROBERTO CID FERNANDES®

500 [y g (%)  GRB 230307A
3 s ] . ) kilonova
- . Mode "

400 ) :
i 5 1o

20

----- 099 sim. data

) ] former home galaxy
-=-=-- 05% sim.data - .

-----

Ky (km/s)
The time to arrive at the merger position departing from the disk compared to the total kick
of binary system, given a galaxy mass model and BNS population simulation overlap only
0.1% within the 2o region of the galaxy mass model. Accepted to ApJ Letters 2026.



Howwﬁd Scope canraccelerate Research’?

===== 17 Dark Sirens (no weighting)
w17 Dark Sirens (r-band lum.)
0.08 .
- m— GW170817-BS (PV+VLBI)
. . . '-E m— Bright+Dark sirens
Improved constraint on the Hubble constant from dark sirens with > 0.06 -
LIGO/Virgo/KAGRA O4a E
3 I
o
Viviane Alfradique®,* Clécio R. Bom®, Gabriel Teixeira®, and André Santos < 004+
Centro Brasileiro de Pesquisas Fisicas, ot -
Rua Dr. Xawvier Sigaud 150,
22290-180 Rio de Janeiro, RJ, Brazl
002
0.00 . .
20 40 60 80 100 120 140

Ho (km/s/Mpc)
Event(s) Method (s) Hy (l{m/s,f\lpc) oy, (km/s/Mpc)

01-03 — 47 dark sirens ' Catalog (K-band luminosity-weighted) + BNS/NSBH/BBH population (PLP model with fixed parameters) 12 5 (18%)
01-04a — 142 dark sirens 2 Catalog (K-band luminosity-weighted) + BNS/NSBH/BBH population (FullPop-4.0 model) T (23%)
01-04a — 142 dark sirens * Catalog (K-band luminosity-weighted) + BNS/NSBH,/BBH population (BPL+3peak model) 15. f} (19%)
01-04a — 142 dark sirens * BNS/NSBH/BBH population (FullPop-4.0 model) 20.6 (27%)
01-04a — 137 dark sirens * BBH population (semiparametric B-spline model) 21.3 (37%)

01-04a - 15 dark sirens ° Catalog (no luminosity weighting) 12.6 (18%)

GWI1T0R1T & Bright (vp corrected) 12.5(18%)
GWI17T0817 7 Bright (v,+VLBI) 4.6(7%)

01-04a — 17 dark sirens ® Catalog (no luminosity weighting; GW likelihood Gaussian approximation, eq. 5) 11.4 (16%)
01-04a — 17 dark sirens 8 Catalog (r-band luminosity-weighted; GW likelihood Gaussian approximation, eq. 5) 13.5 (18%)
01-04a — 17 dark sirens ® Catalog (no luminosity weighting; full GW likelihood, eq. 6) 13.4 (17%)
01-04a — 17 dark sirens ® Catalog (r-band luminosity-weighted; full GW likelihood, eq. §) 11.5 (15%)

01-04a — 17 dark + 1 bright siren ® Bright (host) + Catalog (r-band luminosity-weighted; full GW likelihood, eq. 6) 8.0(11%)

01-04a — 17 dark + 1 bright siren (EM) ® Bright (vp+VLBI) + Catalog (r-band luminosity-weighted; full GW likelihood, eq. &) {Jf]_.[}:l_] 4.1 (6%)
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Alert Streams GCN notices & crrculars brokers

"(FINK) dbvLLM : Elhe Catalogues (DESTDELVE DESI, SPLUS open
- powered by S v B T . <

LSST GAIA, ZTF)

: Probablllty maps (L[GO Skymaps) or transrent ‘ Processrng and analysié of images and spectra
posrtlons + unce'rtalntres (GRB FXT) ' :

A restrict Version is open . @, e oocumenmuon  Toon 3 . [ senin |
oline. If you-are interested to '

unleash the full (fun) - | " AI-SCoPE Portal
fu_nwalltles._l_eﬁe' e Smart Cosmic Exploration with Al

The Smart Cosmic Exploration with Al (Al-SCoPE) is designed to maximize the
efficiency of astronomical data distribution by integrating state-of-the-art
technologies ahd artificial intelligence.

-https://ai-scope.cbpf.br/
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"CPU Cores 1128

Storage&GPU s + ’ +
SSD 1 & 2: 1'TB PCI-E 4.0 NVMe (Operatlng Sygtem&Appllcatlons) HOTE ‘
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Lab-IA

4 Physlcs

HPC cluster composed of 21 (twenty-one)
racks, including 17 (seventeen) compute
racks, 1 (one) rack for control servers, 2 (two)
racks for the parallel file system (FS) with a
total capacity of 1.3 PB, and 1 (one) rack
housing InfiniBand EDR switches. Each
compute rack contains 8 (eight) servers,
totaling 136 (one hundred and thirty-six)
compute nodes. Each compute server is
equipped with eight V100 GPUs. The nominal
power consumption of the cluster is 610 kVA,
and its peak performance reaches 8.9 PFlops
(Rpeak).

D T

Train from Scratch a 70B parameter LLM
~1-2.5 month.

1088 GPUS + additional 1.3 Pb Storage

Total Rmax Rpeak Power
Rank  System Vendor  Cores (PFlop/s) (PFlop/s) (kw)

-y

D)
@
CBPF

8.85 546.58




Coordinators: Clecio R. Bom

Slack channel: #tvs-lims-foundational-models

Telecons: TBD
Goal:

Develop TVS related Agents-and LLMs
to assist TVS community ‘
Integration between informed Al -
agents, LLMS and recommendation
systems with,B%kers : g :
Built community efforts in AI Agents Portal for development of Al agents
.and Generative Al in TVS . integrating. public alerts + public
TR : ' R avalible datasets already-up

Current Status




e Al can do more than classification.

e Agentic Al can encapsulate contextual information efficiently
e There are many more modules going on (e.g. Cosmology).

e Al can help people get informed decisions on what is the best transient for follow-
up based on the possible scientific outcome, and otimize spectro and photometric
telescope time.

e Local tunned Infrastructure for astronomy, Local Run and development of LLMs,
fine-tunning, Rags.

Demonstration video:

hitps://www.youtube.com/watch?v=\WojdkXPaghPw - ABC and LLM report (LLMs detects a fail fit due to a weak
choice of modelling right away)

hitps://youtu.be/vizQ3tLfixY - Foundation Model APl and LLM coding for Astro



https://www.youtube.com/watch?v=WojdkXPqhPw
https://www.youtube.com/watch?v=WojdkXPqhPw
https://www.youtube.com/watch?v=WojdkXPqhPw
https://youtu.be/vlzQ3tLftxY
https://youtu.be/vlzQ3tLftxY
https://youtu.be/vlzQ3tLftxY
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