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Cluster cosmology in a nutshell

og variation

> Most massive collapsed objects in the Universe.
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Cluster cosmology in a nutshell ey O, KTy
Standard recipe for cluster cosmology | 2 - . 2B(L)ngul+
Optical . e
1. Find clusters. 7 : L : : . .
2. Forward model number , : T
counts (likelihood, SBI). e T am

> Halo mass function. L
> Mass proxy, not mass.

>  Need to calibrate

relation: lensing. ek
Benoist+ 2025
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The thermal Sunyaev-Zeldovich SR R oo
(tSZ) effect
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High purity (>95% SNR 5; >98% SNR 6).
Redshift-independent.

Selection easy to model.
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1SZ signal (or SNR) is mass proxy.
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Cosmology with tSZ cluster number counts

>  Planck: Planck Collab. 2015, 1Z & Challinor
2019, Aymerich+ 2025, 439 clusters.
vl > SPT: Bocquet+ 2024, 1005 clusters.

SPT-ECS (2770 deg?)
SPTpol (94 deg?)
PSZ2 (all sky)

SPT(SZ+pol) clusters
+(DES Y3 + HST) WL

ACT DR6 lensing
DES Y3 3x2pt
Planck18
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Hilton+ 2021
>  ACT DRS5: ~ 3000 clusters, in progress!



Planck cluster cosmology: and independent end-to-end reanalysis

with J-B Melin, J Chluba, R Battye, J Mohr
S Bocquet, A Singh, A Challinor, B Bolliet

analysis

Planck 2015 Our reanalysis
SNR cut 6 5
Cross-channel \[o] Yes
and fgd. tests
Noise Biased Unbiased
covariance
Cosmological Piece-wise Fully forward
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Planck SZiFi cluster catalogues
with J-B Melin, J Chluba, Richard Battye

10 catalogues with SZiFi:

> 3 channel combinations.

> Deprojecting CIB (7 catalogues,
4 with moments).

> Baseline catalogue: 833 detections.

v Good consistency across
channel and dep. combinations
(first for a Planck catalogue)

v Cluster-correlated CIB
probably negligible (first).

v rSZ negligible (first).

2408.06189

IMMF6 detections and noise at 059y = 4 arcmin

L —
1.5 25 3.0 3.5 4.0
iMMF noise x107°

github.com/inigozubeldia/szifi


https://arxiv.org/abs/2408.06189

Planck SZiFi cosmological analysis
Mass calibration of tSZ SNR

— 2z<0.5,£=5.6
— 2z<0.5,£<5.6
z=20.5,£=5.6
z=20.5,8<56
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Planck CMB lensing DES Y3 cluster weak lensing
SNR =47 165 clusters, SNR = 33

Likelihood: forward model all observables (cosmocnc)

Stay tuned!


https://arxiv.org/abs/2408.06189

Likelihood code: cosmocnc
with B Bolliet  2403.09589

Cluster number count likelihood code, general and versatile:

Binned, unbinned, and extreme value Poisson like.
Arbitrary number of mass observables.

Vector observables (e.g., lensing profiles).

Stacked observables.

Correlated scatter.

Redshift uncertainties.

Unconfirmed detections.

Python, interfaced with Cobaya.

SN SN N SN N NN NS

Fast and accurate: good enough for SO.
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github.com/inigozubeldia/cosmocnc



Simulation-based inference (SBI) for cluster cosmology

with B Bolliet, A Challinor and W Handley

2504.10230 SO-like catalogue

Can we use synthetic catalogues for inference?

Yes! With SBI.

Recipe to generate Poisson cluster catalogue:

1. Sample M-z pairs from HMF.

)

0.0

2. Iterate over layers in mass observable model:
a. Apply scaling relation(s) (Mean SNR = f(M,z) 2500

b. Add scatter (log-normal, Gaussian). 2000
~ 1500

3. Apply selection criterion (SNR > 5). <

1000



https://arxiv.org/abs/2408.06189

Simulation-based inference (SBI) for cluster cosmology

Data compression

D
0.0 0.5
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~ 3 x 16 000 dimensions 20 + 1 dimensions


https://arxiv.org/abs/2408.06189
https://arxiv.org/abs/2408.06189

Simulation-based inference (SBI) for cluster cosmology

Neural Posterior Estimation (NPE)

1.  Sample from prior.

2. Generate catalogues at

samples and compress them.

3. Neural density estimation
(normalising flow, sbi) to
learn the posterior from

param-data pairs.

4. Sample posterior for real

dataset.



SO-like catalogue Real Planck catalogue

I SBI

Likelihood

BN SBI
Likelihood

0.14

0.11

0.023

3
0.022

First application
to real catalogue
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Goodness of fit assessed with only synthetic catalogues


https://arxiv.org/abs/2408.06189

Motivation, limitations and extensions

Much easier to develop (including complexities like correlated scatter).
Faster and embarrassingly parallelisable.
Easier to combine with correlated data (e.g., cosmic shear).

Demonstrated with Poisson catalogues and same modelling assumptions

as likelihood. To go beyond these:

o Synthetic catalogues from cosmo. sims.

o Catalogues from finders on cosmo. sims (get rid of HMF?)



tSZ cosmology beyond counts: power spectrum

-1.5 -1.0 —0.5

Figure credit: L Xu

Highly complementary to number counts: undetected lower mass halos.


https://arxiv.org/abs/2408.06189

tSZ cosmology beyond counts: power spectrum
Work led by Licong Xu (PhD at Cambridge), with IZ, B Bolliet, A Challinor and J Alvey

Likelihood of y power spectrum typically assumed to be Gaussian: but it is very non-Gaussian.
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tSZ cosmology beyond counts: power spectrum

Planck-like

MH
NLE with 18000 samples 10 ensembles
NPE with 18000 samples 10 ensembles

data

o o 02 05 03 8 2.0 2. 0 1t Paper out
F = 03(82,,1/B)[]'4[]]170'21 A'{(‘IB
very soon!




Next steps: power spectrum + number counts

>y power spectrum: very bad summary statistic, especially at low /.

> Can mask detected clusters and take power spectrum of that map (e.g., Rotti+ 2020).

Total D}¥
—— DY with ¢ > 5 removec

—4— Total
Masked (g > 5)

10°




Fig credits: N Galitzki + SO Collaboration

Simons Observatory (SO)

Ground-based CMB experiment.
Cerro Toco, Chile (5300 m).

> 6 SATs (3 + 2 SO:UK + 1 SO:Japan).

o 0.4m.
o B-modes.
> 1 LAT:

o 6m,~1arcmin res.
o 50% of the sky.
o SZ,CMB lensing.

Y1 survey starting soon.
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Cluster cosmology with SO

~ 20 000 clusters in 3 years of LAT observations

B SO Baseline (fiy = 0.4)
SO Goal

[ B Baseline (£, = 0.4)
Goal

(Simons Observatory Collaboration forecast paper 2018)

Cluster detection and forward modelling must be understood at unprecedented level!



SO cluster cosmology efforts

Z Chen, A Nicola, E Lee, JB Melin, E Rosenberg, B Bolliet,
M Hilton, R Battye, J Chluba, C Sifon, N Battaglia, 1Z ++

-
|

AT

b |

> Cluster finder challenge: MMF3, Nemo, SZiFi

> Likelihood + catalogue-based SBI.

> Cluster lensing for mass calibration

> Things we worry about:

e Cluster clustering (Matilde Abreu).

e Point sources.

e Blending.




Should we trust all of this?

tSZ catalogues highly pure (sims + cross-matching).

tSZ modelling uncertain (tSZ itself + correlated foregrounds), especially at
low masses, but can get around through empirical mass calibration with

lensing.

Blending / cluster definition: simulations, SBI.



Al agents for scientific discovery




Discovery flow in data-driven fields

Dataset
Upo(a\‘teo{
theory/model

Pipehne often involves:
preset recipes
standard software packages

s ( Pipelin{.—%

Pre-existing

knowledge/theory/model J [Com be automated! ]




What is an agent?
An agent is an LLM instructed to play a role and that can use tools

System Message

You are an idea maker agent.
You must provide a high quality set of ideas and update your ideas based on recommendations.

Ideas should be based on the data/problem of interest, and feasibility given the data available

Tools

def record_ideas(ideas: list):
""" Record ideas. You must record the entire list of ideas and their descriptions.

You must not alter the list."""
! t timestamp = datetime.datetime.now().strftime("%Y%m%d_YXHXM%S")
filepath = os.path.join(cmbagent_instance.work_dir, f'ideas_{timestamp}.json')

with open(filepath, 'w') as f:

json.dump(ideas, f)
GF T '4.1, GP'T-s, os-wﬁni return £"\nIdeas saved in {filepath}\n*
gewmini-2.5-pro; ...

claude, ...



A simple multi-agent system:
scientific project idea generation

Input Text

Generates, selects
and refines
ideas

— e S

T == E ' rounds |
Data

— IDEA MAKER o TDEA HATER

A <> Criticizes and
O rejects ideas




Referee Agent

Literature Agent

Idea Agent Paper writing Agent

Simulation agent soe



SYSTEM

Input Text

» Output #1
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. Module #VN
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The Denario project:
Deep knowledge Al agents for scientific
discovery

Boris Bolliet”, Pablo \/iilanue\/a—Domingo*, Francisco Villaescusa-Navarro’,

Adrian E. Bayer, Aidan Acquah, Chetana Amancharla, Almog Barzilay Siegal , Pablo Bermejo,
Camille Bilodeau, Pablo Cardenas Ramirez, Miles Cranmer, Urbano L. Franca, ChangHoon Hahn,
Yan-Fei Jiang, Raul Jimenez, Jun-Young Lee, Antonio Lerario, Osman Mamun, Thomas Meier,
Anupam Anand Ojha, Pavlos Protopapas, Shimanto Roy, David N. Spergel, Pedro Tarancon-Alvarez,
Ujjwal Tiwari, Matteo Viel, Digvijay Wadekar, Chi Wang, Bonny Y. Wang, Licong Xu, Yossi Yovel, Shuwen Yue,
Wenhan Zhou, Qiyao Zhu, Jiajun Zou, Ifigo Zubeldia

"Equal Contribution. Listing order of BB, PVD, FVN is random.

Villaescusa-Navarro + 2025




=
Literature
module

Literature report

4y
,

7

L Input description

=
Methodology
module

B
Analysis
module

1

Research plan J Results

B
Review
module

Referee report




Deep research architecture: cmbagent

> Planning

e Decompose main task into subtasks.

e Propose-critique loop.

> Control

e Carry out each subtask.

e Generate-evaluate loop.

Suggests

_ :ﬁ Plan
SCAN ME E - ‘

PLANNER PLAN REVIEWER

Critiques
on the Plan

Planning

- av a» e e = FmalPhn - e o

a & &
Control
$ 1
Reasonmg Code-based and
= sub-tasks sub-tasks ENGINEER debug
""" code
N I'oumo(‘
RESEARCHER CONTROL until
Provides interpretation quceess
and reasoning. |
Saves reports in markdown. = . Reports
All sub{:tﬁsks n r'o\n o
SHcceSSIIN =R eted execution o
EXECUTOR

Terminates.

¢

e.g. Xu et al (2025)
httpsi//github.com/CMBAgents/cmbagent



Mapping the Diversity of the Black Hole-Stellar Mass Relation: The Role of Feedback and
Cosmology in Simulated Galaxies

ASTROPILOT!

L Anthropic, Gemini € OpenAl servers. Planet Earth.

ABSTRACT

Understanding the diversity of the black hole-stellar mass (Mpg—Mstar) relation and its physical
drivers is crucial for galaxy evolution models but challenging due to the complex interplay of physical
processes across large parameter spaces. We systematically quantify how the slope, normalization,
intrinsic scatter, and occupation fraction of this relation depend on variations in cosmological and
feedback parameters using a large suite of 1,000 simulated galaxy catalogs at redshift zero, comprising

open conference Of Al Agents for approximately 720,000 galaxies. Each catalog is characterized by six global parameters: matter den-

o sity (), density fluctuation amplitude (o3), and supernova (Agn1, Asn2) and active galactic nucleus

SCIence 2025 (AacN1, Aacnz) feedback efficiencies. For each catalog, we fit the Mpy—Mgtar relation using robust

linear regression within three stellar mass bins, estimating uncertainties via bootstrapping. We then

The 1st open conference where Al serves as both primary authors employ advanced statistical and machine learning techniques, including hierarchical linear modeling,
d 5 flaseaich pabers random forest regression, gradient boosting, permutation importance, SHAP values, and partial de-

SUCTBVIOWE(S.0 Rap pendence plots, to map the derived scaling relation parameters and occupation fractions to the global

catalog parameters. Our analysis reveals substantial diversity in the Mpy—Mgta, relation across cat-
alogs and mass bins. Supernova feedback (Agni) is the dominant driver of the relation’s properties
research and Al-driven peer review. and scatter at low stellar masses, where the relation is typically shallower and the occupation fraction
lower. Active galactic nucleus feedback, particularly Aagni, becomes the primary driver at interme-

diate and high masses, with its influence transitioning from promoting black hole growth (steepening

. the relation) at intermediate masses to potentially suppressing it (changing the sign of dependence) at

' l hd ! the highest masses. Cosmological parameters (,,, os) play a secondary, modulating role, primarily
affecting normalization and scatter. The black hole occupation fraction increases strongly with stellar

mass and is significantly suppressed by feedback at low mass. Simulated relations broadly agree with

Exploring the future of Al-driven scientific discovery through transparent Al-authored

observational constraints at high mass but predict greater diversity and lower occupation at low mass,
consistent with recent dwarf galaxy studies. This work provides a comprehensive, statistically rigorous
mapping of the Mpy—Mgtar relation’s diversity across a wide parameter space, highlighting the criti-
cal, mass-dependent role of feedback physics in shaping black hole-galaxy coevolution and offering a
detailed framework for interpreting observed scaling relation diversity.

Keywords: Confidence interval, Cosmological parameters, Dwarf galaxies, Galaxy evolution, Hierar-
chical models, Linear regression, Matter density, Principal component analysis, Robust
regression, Scaling relations




skepthical: scientific review+verification system

skepthical

The Al reviewer
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Paper loaded: 2511.23473v1.pdf

Drag a new file here or change paper.

Review thoroughness

® Standard

® High
Additional review features (optional)
Thorough figure review
Statement verification

Mathematical audit

® ® 0 @

Numerical audit

Your email address (or addresses)
The review should reach you in a few minutes.

iz221@cam.ac.uk x

Paper uploaded. Ready to review.

Skepthical review: FastEddington: A Streamlined
Python Package for Interactive Eddington Bias
Simulation in Power-Law Distributions with

Gaussian and Log-Normal Errors

Summary

The paper presents FastEddington, a Python package to simulate and visualize Eddington b
for lo uncated, single-slope po aw populations under either additive Gaussi
multiplicative log-normal measurement errors. The described workflow (invers
sampling — noise injec — selection/thresholding — naive truncated power-law MLE —
visualization of slope/normalization shifts; Sec. 2-3) is clear and the example experiment
00,000, true a: in=1.0, ec. 3) demonstrates the expected flattening of the
ered slope when measurement scatter and a hard detection threshold are present. To
make the package’s results fully interpretable and the manuscript’s claims well-supported, the
paper needs (i) a more explicit generative/selection model description (what mulated, what
is selected, what is fit), (ii) correction/clarification of the stated power-law likelihood and
fitting procedure (including con k (iii) clearer
uncertainty quantification and robustn ecks ¢ s realizations, and (iv) better grounding
of claims about performance, novelty, and generality via benchmarks, parameter sweeps, and
improved software availability/reproducibility details.

Strengths

« Clear motiv and why naive power-law fits
can be misleading when m with a hard thre Id (Sec. 1,
Sec. 3).

Conceptually standard and easy-to-follow simulation components (inverse-transform
sampling; Gaussian and log-normal noi he tool pedagogically
useful (Sec. 2.2 ).

and quantitatively large parameter shifts
con tions, and the narrative ties the observed flattening to
selection effects (Sec. 3.1-3.5).




skepthical: scientific review+verification system

Key statements and references

« A Eddington bias arises when random measurement errors interact with
steeply declining power-law distributions so that more sources are scattered
above a detection threshold than below it, which artificially flattens the

observed distribution and significantly distorts the inferred slope and
normalization of the underlying population in astronomical datasets where
signal-to-noise ratios are limited and thresholds are set by instrumental
sensitivity.

Reference(s): [1], [2], [3]

Justification: The papers support the core mechanism: when a steep underlying
distribution is convolved with random scatter (e.g., scintillation or measurement
noise), more low-flux sources are moved above threshold than high-flux sources are
moved below, boosting detections (Eddington bias). [1] explicitly demonstrates this
and quantifies the normalization increase (a factor I'(5/2—38)) while emphasizing
that, over the relevant range, the slope of the differential counts is not changed by
this effect. [3] likewise notes Eddington-type biases near the sensitivity limit causing
overestimation of faint-source counts. However, neither paper directly supports the
claim that Eddington bias “artificially flattens” the observed distribution or
“significantly distorts” the inferred slope; in fact [1] argues the slope can remain
unchanged. Thus the statement is only partially supported.

A\ FastEddington generates synthetic power-law data using inverse
transform sampling, in which for each uniform random variable u~U(0,1)

Mathematical consistency audit

This section audits symbolic/analytic mathematical consistency (algebra, derivations,
dimensional/unit checks, definition consistency).

Maths relevance: substantial

The paper’s core analytical content defines a truncated continuous power-law distribution,
provides an inverse-transform sampler, introduces additive Gaussian and multiplicative log-
normal measurement error models, and fits a naive truncated power-law via maximum-
likelihood estimation. The main internal mathematical inconsistency is in the stated log-
likelihood expression, which conflicts with the earlier PDF definition and would (as written)
change optimization behavior. Other issues are primarily clarity/notation and dimensional
rigor (log of a quantity with units).

Checked items

1. ¢ Truncated power-law PDF definition (Sec. 2.2 “Synthetic Power-Law Data
Generation”, p.3)

o Claim: Defines p(x)=C x"{-a} for x=x_min with a>1 and C a
normalization constant.
Checks: definition consistency, support/constraints
Verdict: PASS; confidence: high; impact: moderate
Assumptions/inputs: Continuous x with support [x_min, o), a>1 for
integrability at infinity
Notes: Definition and stated constraint a>1 are consistent with a
normalizable tail on [x_min,).

2. ¢ Normalization constant C (Sec. 2.5 “Calculation of Power-Law Normalization”,
p-5)

o Claim: States C=(a—1)x_min{a—1} ensures the PDF integrates to unity
above x_min.
o Checks: algebra/integration, units/dimensions

o Verdict: PASS; confidence: high; impact: critical




skepthical: scientific review+verification system

Numerical results audit skepthical-ai.org

This section audits numerical/empirical consistency: reported metrics, experimental design,
baseline comparisons, statistical evidence, leakage risks, and reproducibility.

A total of 11 candidate numerical statements were recomputed/validated (formula

recomputations, percent-of-total checks, parts-vs-total consistency, difference checks, and
percent-change checks). All 11 checks passed within the provided absolute tolerances
(typically reflecting rounding to 0.1% or 4 decimal places).

Checked items

1. v C01_powerlaw_norm_true_case (Section 3.1 (page 6): 'The inferred
normalization at the threshold was C = 1.4979... analytic value for the specified
and xmin.")

Claim: Check that the reported normalization C matches the stated
formula C = (o — 1) * xmin”(a—1) for afit = 2.4979 and xmin = 1.0.
Checks: formula_recompute

Verdict: PASS

Notes: At xmin=1, C should equal (a-1) exactly; small tolerance for
rounding.

Being extended to include data

2. v C02_powerlaw_norm_gaussian_case (Section 3.2 (page 7): 'The inferred
normalization at xmin also decreased to C = 1.2936...")

by Dulain Thannippuli
(Master’s student at Cambridge)




Signin

Research infrastructure for Al-powered science

Run autonomous research agents, access scientific tools, and accelerate discovery

— from your terminal or desktop.

Python SDK Desktop App REST API
Install with pip and run research tasks from any Native app for macOS and Windows. Execute Integrate Al research capabilities into your own
Python environment. Simple API, full control code locally, manage files, and view results in tools and workflows via a straightforward API

real time




Ll N RGN

Al agents for science: some thoughts

Navigating the literature, cross-disciplinarity

Automating tedious parts of the work and exploring new ideas fast
More time for deep thinking.

Not just LLMs: use tools (Python, Mathematica, LEAN)

Auditable

Output must be verified and critically examined

Potential for misuse (flooding arXiv with low quality or biased papers).

Mostly limited to theoretical fields or existing data - for now!



Al agents for science: some thoughts

Navigating the literature, cross-disciplinarity

Automating tedious parts of the work and exploring new ideas fast
More time for deep thinking.

Not just LLMs: use tools (Python, Mathematica, LEAN)

Auditable

Output must be verified and critically examined

Potential for misuse (flooding arXiv with low quality or biased papers).

Ll N RGN

Mostly limited to theoretical fields or existing data - for now!

“The goal of integrating these tools should not be full automation or
dehumanization, but empowerment: elevating the level at which researchers
can engage within the scientific process, enabling them to tackle more
ambitious projects while concentrating on fundamental questions,
critical interpretation, and creative reasoning.”

(Opportunities in Al/ML for the Rubin LSST DESC)



