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Cosmology with galaxy clusters, 
simulation-based inference and AI agents



Cluster cosmology in a nutshell

➢ Most massive collapsed objects in the Universe.

➢ Number as a function of mass and redshift 

powerful cosmological probe



Cluster cosmology in a nutshell
Standard recipe for cluster cosmology

1. Find clusters.

2. Forward model number 

counts (likelihood, SBI).

➢ Halo mass function.

➢ Mass proxy, not mass.

➢ Need to calibrate 

relation: lensing.
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Credit: ESA/Planck Collaboration

The thermal Sunyaev-Zeldovich
 (tSZ) effect

✓ High purity (>95% SNR 5; >98% SNR 6).

✓ Redshift-independent.

✓ Selection easy to model.

✓ tSZ signal (or SNR) is mass proxy.



Cosmology with tSZ cluster number counts

Hilton+ 2021

➢ Planck: Planck Collab. 2015, IZ & Challinor 

2019, Aymerich+ 2025, 439 clusters.

➢ SPT: Bocquet+ 2024, 1005 clusters.

➢ ACT DR5: ~ 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

Planck 2015 Our reanalysis

SNR cut 6 5

Cross-channel 
and fgd. tests

No Yes

Noise 
covariance

Biased Unbiased

Cosmological 
analysis

Piece-wise Fully forward 
modelled



Planck SZiFi cluster catalogues

10 catalogues with SZiFi:

➢ 3 channel combinations.

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

➢ Baseline catalogue: 833 detections.

with J-B Melin, J Chluba, Richard Battye

github.com/inigozubeldia/szifi

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

✓ Cluster-correlated CIB                                           
probably negligible (first).

✓ rSZ negligible (first).

2408.06189

https://arxiv.org/abs/2408.06189


Planck SZiFi cosmological analysis

IZ, Melin, Chluba & Battye, 2408.06189

Mass calibration of tSZ SNR

Planck CMB lensing
SNR = 4.7

DES Y3 cluster weak lensing
165 clusters, SNR = 33

Likelihood: forward model all observables (cosmocnc)

Stay tuned!

https://arxiv.org/abs/2408.06189


github.com/inigozubeldia/cosmocnc

Likelihood code: cosmocnc

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.

✓ Fast and accurate: good enough for SO.

with B Bolliet 2403.09589 



IZ, Melin, Chluba & Battye, 2408.06189

Simulation-based inference (SBI) for cluster cosmology

Can we use synthetic catalogues for inference?

Yes! With SBI.

with B Bolliet, A Challinor and W Handley

2504.10230

Recipe to generate Poisson cluster catalogue:

1. Sample M-z pairs from HMF.

2. Iterate over layers in mass observable model:

a. Apply scaling relation(s) (Mean SNR = f(M,z)

b. Add scatter (log-normal, Gaussian).

3. Apply selection criterion (SNR > 5).

SO-like catalogue

https://arxiv.org/abs/2408.06189


IZ, Melin, Chluba & Battye, 2408.06189

Simulation-based inference (SBI) for cluster cosmology

Data compression

IZ, Melin, Chluba & Battye, 2408.06189

~ 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. 



IZ, Melin, Chluba & Battye, 2408.06189

SO-like catalogue Real Planck catalogue

✔ ✔

Goodness of fit assessed with only synthetic catalogues 

First application 
to real catalogue

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:

○ Synthetic catalogues from cosmo. sims.

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



IZ, Melin, Chluba & Battye, 2408.06189

tSZ cosmology beyond counts: power spectrum

Highly complementary to number counts: undetected lower mass halos.

Figure credit: L Xu

https://arxiv.org/abs/2408.06189


tSZ cosmology beyond counts: power spectrum

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

Work led by Licong Xu (PhD at Cambridge), with IZ, B Bolliet, A Challinor and J Alvey

Planck-

like sim.

data



tSZ cosmology beyond counts: power spectrum

Planck-like 

data

Paper out 
very soon!



Next steps: power spectrum + number counts

➢ y power spectrum: very bad summary statistic, especially at low l.

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



Simons Observatory (SO)

Ground-based CMB experiment.

Cerro Toco, Chile (5300 m).

➢ 6 SATs (3 + 2 SO:UK + 1 SO:Japan).

○ 0.4 m.

○ B-modes.

➢ 1 LAT:

○ 6 m, ~1 arcmin res.

○ 50% of the sky.

○ SZ, CMB lensing.

○ Y1 survey starting soon.

Fig credits: N Galitzki + SO Collaboration



Cluster cosmology with SO

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

(Simons Observatory Collaboration forecast paper 2018)

~ 20 000 clusters in 3 years of LAT observations



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, IZ ++

➢ Cluster finder challenge: MMF3, Nemo, SZiFi

➢ Likelihood + catalogue-based SBI.

➢ Cluster lensing for mass calibration

➢ Things we worry about:

● Cluster clustering (Matilde Abreu).

● Point sources.

● 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.



AI agents for scientific discovery



Discovery flow in data-driven fields



What is an agent?

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



A simple multi-agent system:
scientific project idea generation







Villaescusa-Navarro + 2025





Deep research architecture: cmbagent

➢ Planning

● Decompose main task into subtasks.

● Propose-critique loop.

➢     Control

● Carry out each subtask.

● Generate-evaluate loop.





skepthical: scientific review+verification system



skepthical: scientific review+verification system



Being extended to include data

by Dulain Thannippuli 

(Master’s student at Cambridge) 

skepthical: scientific review+verification system

skepthical-ai.org





AI 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!
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“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 AI/ML for the Rubin LSST DESC)


