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Image Credit:

NASA/WMAP Science Team

Art by Dana Berry

Reionisation 
O(100) million years

???

Inflation

Recombination 
(CMB is emitted) 

~370k years

Accelerated expansionDark Ages
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Image Credit:

NASA/WMAP Science Team

Art by Dana Berry

Temperature,
Polarisation

South Pole Telescope, 
~16k detectors, 

IAP (NEUCosmos) with leading 
contribution to different analyses

Planck satellite, 
<100 bolometers, 

2018 release “state-of-the-field”
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The CMB Power Spectrum
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• Characteristic CMB power spectrum: 
acoustic peaks and small-scale 
damping


• Polarisation described in vector-basis of 
E-modes and B-modes


• Polarisation contains more information 
than temperature (Galli et al. 14) and 
less foreground contaminated (Reichardt 
et al. 2020, Henning et al. 2019)


• Polarised CMB is not fully characterised 
yet - measuring new modes!



7

Pushing Past Planck Precision

• Contemporary CMB experiments (SPT/
ACT/SO) are allowing us to push past 
Planck precision


• Hot off the press: Ge et al. 2024 
(2411.06000)


• Detailed understanding of systematic 
uncertainties and biases


• Thorough exploration of theoretical 
model space

SPT-3G 2yr MUSE EE/φφ 
Ge et al. 2024 

arXiv:2411.06000
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H0 [km s°1 Mpc°1]

68.3 ± 1.5 73.04± 1.04
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SH0ES (Riess et al. 2022)

Expansion Speed of the Universe

❓ 

How Do We Analyse CMB Data?
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CMB Analysis
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1) Telescope records time-ordered-data


2) Turn time-ordered-data into maps


3) Calculate power spectrum


4) Produce cosmological constraints


5) Interpret Results
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CMB Analysis

1) Telescope records time-ordered-data


2) Turn time-ordered-data into maps


3) Calculate power spectrum


4) Produce cosmological constraints


5) Interpret Results
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CMB Likelihood Analysis 
… is line fitting
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• Gaussian Likelihood form:


• Confront data with theory predictions, explore parameter 
space with Markov chain Monte Carlo sampling


• Typically 100-1000 data points, 5-50 parameters

χ2 = (Data − Model)T Covariance−1 (Data − Model)

Problem: Given measured data, find posterior 
distrubution of paramters for a certain model. 
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CMB Likelihood Analysis 
The Traditional Approach
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• Boltzmann Code - supplies CMB theory spectra


• CLASS (arXiv:1408.4788), CAMB (arXiv:9911177)


• Likelihood - adapts theory spectra for data model and 
compares to data


• Custom code in fortran or python


• Sampler - explores the parameter space


• CosmoMC (arXiv:0205436), MontePython 
(arXiv:1804.07261), Cobaya (arXiv:2005.05290)

Inference is rigid and takes O(days) for a given model!



• Emulators replacing Boltzmann solvers: 

• Neural network emulators: 
CosmoPower (arXiv:2106.03846, arXiv:2305.06347), 
Capse.jl (arXiv:2307.14339), 
CONNECT (arXiv:2205.15726), 
COSMICNET (arXiv:1907.05764, arXiv:2207.05707)


• Gaussian process emulators: 
OLÉ (arXiv:2307.01138, Günther et al. in prep.), 
GPry* (arXiv:2211.02045)


• Accelerating sampling with gradient information: 

• HMC, NUTS, Microcanocial HMC (arXiv:2212.08549)


• Laplace approx. (arXiv:2301.11895)
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Developments in Likelihood 
Analysis
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Developments in Likelihood 
Analysis
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❓

• Emulators replacing Boltzmann solvers: 

• Neural network emulators: 
CosmoPower (arXiv:2106.03846, arXiv:2305.06347), 
Capse.jl (arXiv:2307.14339), 
CONNECT (arXiv:2205.15726), 
COSMICNET (arXiv:1907.05764, arXiv:2207.05707)


• Gaussian process emulators: 
OLÉ (arXiv:2307.01138, Günther et al. in prep.), 
GPry* (arXiv:2211.02045)


• Accelerating sampling with gradient information: 

• HMC, NUTS, Microcanocial HMC (arXiv:2212.08549)


• Laplace approx. (arXiv:2301.11895)



• Ground-based CMB experiments (SPT-3G ’20 and ACT DR6 data) achieving Planck 
precision imminently


“With great data comes great responsibility” 

• Need: light, flexible pipeline to power consistency checks and robustness tests


• Unchartered territory: claims of new physics need confidence


• Distribution: Data and tools need to be as accessible to the community as possible


• Opportunity: 

• Field is transitioning to Python, embracing developments from previous slide


• Increased use of JAX (see JAX-COSMO for why arXiv:2302.05163)
15

New CMB Data Deserves Better



CMB Analysis with a Differentiable Likelihood



• Easy, straightforward interface with Cobaya, MontePython, CAMB, CLASS, CosmoPower, PyCapse


• Latest SPT-3G (’18 TT/TE/EE, ϕϕ) and ACT (DR4 TT/TE/EE, 6 ϕϕ) data sets available


• Manipulating data and adding new data sets is easy


• Optionally uses JAX (https://jax.readthedocs.io/en/latest/index.html)


• Automatically differentiable -> w/ diff. theory code (e.g. CosmoPower emulators) easy Fisher matrices


• Just-in-time compilation, GPU optimisation, automatic vectorisation, …

General, stand-alone, python-based likelihood

TT/TE/EE/BB/ϕϕ Intuitive access to data, 
pip-installable

Doesn’t require Cobaya, 
Montepython, CosmoMC, …

https://jax.readthedocs.io/en/latest/index.html
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import candl 
import candl.data 

candl_like = candl.Like(candl.data.SPT3G_2018_TTTEEE) 
candl_like.data_bandpowers, 
candl_like.covariance, 
candl_like.effective_ells 

candl_like.log_like({"Dl": ..., "nuisance_1": ...}) 
candl_like.chi_square({"Dl": ..., "nuisance_1": ...}) 

candl_like.data_model, candl_like.priors
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import candl 
import candl.data 

candl_like = candl.Like(candl.data.SPT3G_2018_TTTEEE) 
candl_like.data_bandpowers, 
candl_like.covariance, 
candl_like.effective_ells 

candl_like.log_like({"Dl": ..., "nuisance_1": ...}) 
candl_like.chi_square({"Dl": ..., "nuisance_1": ...}) 

candl_like.data_model, candl_like.priors

Successfully initialised candl likelihood 'SPT-3G 2018 TT/TE/EE (Balkenhol et al. 
2023)' (type: <class 'candl.likelihood.Like'>). 
Data loaded from '/opt/homebrew/Cellar/python@3.10/3.10.14/envs/jax_env/lib/
python3.10/site-packages/candl/data/SPT3G_2018_TTTEEE_v0/'. 
Functional likelihood form: gaussian_beam_detcov 
-------------------------------------------------------------------------------- 
It will analyse the following spectra: 

TT 90x90     (35 bins, bin centres spanning ell = 774.5 - 2946.3) 
TE 90x90     (44 bins, bin centres spanning ell = 325.8 - 2946.0) 
EE 90x90     (44 bins, bin centres spanning ell = 325.2 - 2945.8) 
… 
TT 220x220   (30 bins, bin centres spanning ell = 1024.4 - 2946.3) 
TE 220x220   (44 bins, bin centres spanning ell = 325.7 - 2946.1) 
EE 220x220   (44 bins, bin centres spanning ell = 324.9 - 2945.9) 
-------------------------------------------------------------------------------- 
A data model consisting of 11 transformations has been initialised. 
The following transformations will be applied to the theory spectra in this order: 

(1) Name: Super-Sample Lensing 
    Type: <class 'candl.transformations.common.SuperSampleLensing'> 
(2) Name: Aberration 
    Type: <class 'candl.transformations.common.AberrationCorrection'> 
(3) Name: Poisson Power 
    Type: <class 'candl.transformations.common.PoissonPower'> 
(4) Name: CIB clustering 
    Type: <class 'candl.transformations.common.CIBClustering'> 
… 
(11) Name: Calibration 
     Type: <class 'candl.transformations.common.CalibrationCross'> 
--------------------------------------------------------------------------------

Understand the Data and the Model!
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import candl 
import candl.data 

candl_like = candl.Like(candl.data.SPT3G_2018_TTTEEE) 
candl_like.data_bandpowers, 
candl_like.covariance, 
candl_like.effective_ells 

candl_like.log_like({"Dl": ..., "nuisance_1": ...}) 
candl_like.chi_square({"Dl": ..., "nuisance_1": ...}) 

candl_like.data_model, candl_like.priors

Easily Select Parts of the Data!

data_selection = "TT only", "ell>2000 remove", …
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import candl 
import candl.data 

candl_like = candl.Like(candl.data.SPT3G_2018_TTTEEE) 
candl_like.data_bandpowers, 
candl_like.covariance, 
candl_like.effective_ells 

candl_like.log_like({"Dl": ..., "nuisance_1": ...}) 
candl_like.chi_square({"Dl": ..., "nuisance_1": ...}) 

candl_like.data_model, candl_like.priors

import candl.plots 
candl.plots.plot_band_powers(candl_like)
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Easy Access to All Aspects of the Data!
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import candl 
import candl.data 

candl_like = candl.Like(candl.data.SPT3G_2018_TTTEEE) 
candl_like.data_bandpowers, 
candl_like.covariance, 
candl_like.effective_ells 

candl_like.log_like({"Dl": ..., "nuisance_1": ...}) 
candl_like.chi_square({"Dl": ..., "nuisance_1": ...}) 

candl_like.data_model, candl_like.priors

Evaluate the likelihood easily!
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import candl 
import candl.data 

candl_like = candl.Like(candl.data.SPT3G_2018_TTTEEE) 
candl_like.data_bandpowers, 
candl_like.covariance, 
candl_like.effective_ells 

candl_like.log_like({"Dl": ..., "nuisance_1": ...}) 
candl_like.chi_square({"Dl": ..., "nuisance_1": ...}) 

candl_like.data_model, candl_like.priors
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fg_dict = candl.tools.get_foreground_contributions(candl_like, base_fid_pars) 
candl.plots.plot_foreground_components(candl_like, fg_dict)

Scrutinise the Likelihood Components!
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Building a  Fully 
Differentiable Pipeline

(DCMB
ℓ )

H0,ωc, ns, …

CosmoPower-JAX 
(Piras, Spurio Mancini 2023)

candl 
(Balkenhol et al. 2024)
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import candl.tools 
cp_emus = {"TT": "cmb_spt_TT_NN", "TE": "cmb_spt_TE_PCAplusNN", "EE": "cmb_spt_EE_NN"} 
pars_to_theory_specs = candl.interface.get_CosmoPowerJAX_pars_to_theory_specs_func(cp_emus) 

pars_to_logl = candl.tools.get_params_to_logl_func(candl_like, pars_to_theory_specs) 
pars_to_logl_deriv = jax.jacrev(pars_to_logl) 
candl.tools.get_fisher_matrix(pars_to_theory_specs, candl_like, {"H0": ...})500 1000 1500 2000 2500 3000
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import candl.tools 
cp_emus = {"TT": "cmb_spt_TT_NN", "TE": "cmb_spt_TE_PCAplusNN", "EE": "cmb_spt_EE_NN"} 
pars_to_theory_specs = candl.interface.get_CosmoPowerJAX_pars_to_theory_specs_func(cp_emus) 

pars_to_logl = candl.tools.get_params_to_logl_func(candl_like, pars_to_theory_specs) 
pars_to_logl_deriv = jax.jacrev(pars_to_logl) 
candl.tools.get_fisher_matrix(pars_to_theory_specs, candl_like, {"H0": ...})500 1000 1500 2000 2500 3000
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import candl.tools 
cp_emus = {"TT": "cmb_spt_TT_NN", "TE": "cmb_spt_TE_PCAplusNN", "EE": "cmb_spt_EE_NN"} 
pars_to_theory_specs = candl.interface.get_CosmoPowerJAX_pars_to_theory_specs_func(cp_emus) 

pars_to_logl = candl.tools.get_params_to_logl_func(candl_like, pars_to_theory_specs) 
pars_to_logl_deriv = jax.jacrev(pars_to_logl) 
candl.tools.get_fisher_matrix(pars_to_theory_specs, candl_like, {"H0": ...})500 1000 1500 2000 2500 3000
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import candl.tools 
cp_emus = {"TT": "cmb_spt_TT_NN", "TE": "cmb_spt_TE_PCAplusNN", "EE": "cmb_spt_EE_NN"} 
pars_to_theory_specs = candl.interface.get_CosmoPowerJAX_pars_to_theory_specs_func(cp_emus) 

pars_to_logl = candl.tools.get_params_to_logl_func(candl_like, pars_to_theory_specs) 
pars_to_logl_deriv = jax.jacrev(pars_to_logl) 
candl.tools.get_fisher_matrix(pars_to_theory_specs, candl_like, {"H0": ...})500 1000 1500 2000 2500 3000
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Applications
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w/ CosmoPower-JAX (Piras and Spurio Mancini 2023)

• Quick, easy, reliable Fisher matrices: 

• Forecasting


• Propagating biases to parameters


• Correlation between subsets


• Smart exploration of the likelihood: 

• Gradient-based minimisers


• HMC/NUTS sampling


• … and more!
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“How fine should I bin my data?”
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w/ CosmoPower-JAX (Piras and Spurio Mancini 2023)
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• Quick, easy, reliable Fisher matrices: 

• Forecasting


• Propagating biases to parameters


• Correlation between subsets


• Smart exploration of the likelihood: 

• Gradient-based minimisers


• HMC/NUTS sampling


• … and more!
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w/ CosmoPower-JAX (Piras and Spurio Mancini 2023)

Aiola et al. 2020, Fig. 14

• Quick, easy, reliable Fisher matrices: 

• Forecasting


• Propagating biases to parameters


• Correlation between subsets


• Smart exploration of the likelihood: 

• Gradient-based minimisers


• HMC/NUTS sampling


• … and more!
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w/ CosmoPower-JAX (Piras and Spurio Mancini 2023)
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• Quick, easy, reliable Fisher matrices: 

• Forecasting


• Propagating biases to parameters


• Correlation between subsets


• Smart exploration of the likelihood: 

• Gradient-based minimisers


• HMC/NUTS sampling


• … and more!
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Applications
• Quick, easy, reliable Fisher matrices: 

• Forecasting


• Propagating biases to parameters


• Correlation between subsets


• Smart exploration of the likelihood: 

• Gradient-based minimisers


• HMC/NUTS sampling


• … and more!

33 For background see Kable, Addison, Bennett 2019 (arXiv:1908.01626)

w/ CosmoPower-JAX (Piras and Spurio Mancini 2023)
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Applications
• Quick, easy, reliable Fisher matrices: 

• Forecasting


• Propagating biases to parameters


• Correlation between subsets


• Smart exploration of the likelihood: 

• Gradient-based minimisers


• HMC/NUTS sampling


• … and more!
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For background see Kable, Addison, Bennett 2019 (arXiv:1908.01626)

w/ CosmoPower-JAX (Piras and Spurio Mancini 2023)

“How correlated are constraints  
from different parts of the data?”
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w/ CosmoPower-JAX (Piras and Spurio Mancini 2023)

• Quick, easy, reliable Fisher matrices: 

• Forecasting


• Propagating biases to parameters


• Correlation between subsets


• Smart exploration of the likelihood: 

• Gradient-based minimisers


• HMC/NUTS sampling


• … and more!

https://github.com/deepmind/optax
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Using BlackJAX: https://github.com/blackjax-devs/blackjax

w/ CosmoPower-JAX (Piras and Spurio Mancini 2023)

• Quick, easy, reliable Fisher matrices: 

• Forecasting


• Propagating biases to parameters


• Correlation between subsets


• Smart exploration of the likelihood: 

• Gradient-based minimisers


• HMC/NUTS sampling


• … and more!

https://github.com/blackjax-devs/blackjax
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w/ CosmoPower-JAX (Piras and Spurio Mancini 2023)
Many-parameter 

scenarios

Laplace approximation

Dataset compression, 
e.g. MOPED, CMB-only like

GPU optimisation

Cross-check calculations 
via multiple methods

…?

Correlation between 
null tests

• Quick, easy, reliable Fisher matrices: 

• Forecasting


• Propagating biases to parameters


• Correlation between subsets


• Smart exploration of the likelihood: 

• Gradient-based minimisers


• HMC/NUTS sampling


• … and more!



Extensive Documentation & 
Tutorials Available
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• CAMB


• CLASS


• Cobaya


• MontePython


• CosmoSIS


• CosmoPower


• Capse


• Optax


• scipy.minimize


• BlackJAX


• flowMC


• OLÉ

candl_like.log_like() 
 is just a function with a simple dictionary/vector input.


Interface it with whatever tools you like, e.g.



Differentiable Planck Likelihood 
Sneak Peak

K. Benabed (IAP)

• Full plik 2018 Likelihood wrapper 

• TT: 


• TE/EE: 


• Including all foregrounds and nuisance parameters


• Arbitrary data selection (eg TT only,  only, …)


• Already validated against official Planck likelihood


• Near future: low ell, full candl functionality, plik lite

30 ≤ ℓ < 2500

30 ≤ ℓ < 2000

ℓ > 1000

COMING SOON*
47



Conclusions
• Upcoming CMB data need fast, efficient, robust tools


• This is an exciting time for CMB parameter inference


• Lots of development and excitement, many 
techniques are becoming viable


• candl is a python-based stand-alone, CMB 
likelihood, with (optional) JAX-powered differentiability

Lennart Balkenhol, IAP, lennart.balkenhol@iap.fr

> pip install candl-like

https://github.com/Lbalkenhol/candl https://candl.readthedocs.io/en/latest/ https://pypi.org/project/candl-like/

mailto:lennart.balkenhol@iap.fr
https://github.com/Lbalkenhol/candl
https://candl.readthedocs.io/en/latest/
https://pypi.org/project/candl-like/
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CosmoPower-JAX
• Piras and Spurio Mancini 2023, CosmoPower-JAX, arXiv:2305.06347


• Nerual-network based power spectrum emulator


• Written in JAX, compatible with vanilla CosmoPower models.


• High-accuracy models exist for:

19

ΛCDM
ΛCDM + Neff
ΛCDM + AL

wCDM
ΛCDM + Σmν

https://github.com/alessiospuriomancini/cosmopower/tree/main/cosmopower/trained_models/SPT_high_accuracy
https://github.com/cosmopower-organization



What is JAX?
• “JAX is NumPy (…) with great automatic differentiation for high-performance machine 

learning research” [1]


• Google-developed Python library with:


• Just-in-time compilation


• CPU, GPU, and TPU optimisation


• Automatic differentiation 

• Automatic vectorisation


• Numpy API compliance


• See Campagne et al. 2023 (arXiv:2302.05163) for cosmology-specific information

51[1] https://jax.readthedocs.io/en/latest/index.html

import jax 
def f(x): 
    # super complicated function 
    return x**2.0 

dfdx = jax.grad(f) 
# dfdx(x) gives 2.0*x

https://jax.readthedocs.io/en/latest/index.html


What is Autodiff?
• It is NOT:


• Manual differentiation (deriviates it by hand)


• Numerical differentiation (finite differences)


• Symbolic differentiation (mathematica, sympy)


• What does Autodiff do?


• Functions are combinations of basic operations 
-> known derivatives, apply chain rule


• Goes through the implementation of the 
function and grabs intermediate variables


• Helpful analogy: network graphs

52Image credit, and condensing info from JAX-endorsed video: https://www.youtube.com/watch?v=wG_nF1awSSY

!
I’m not an expert!

https://www.youtube.com/watch?v=wG_nF1awSSY


JAX Autodiff vs Finite Differences

53
[1] https://jax.readthedocs.io/en/latest/index.html

[2] https://arxiv.org/abs/2302.05163

Campagne et al. 2023, Fig. 5

https://jax.readthedocs.io/en/latest/index.html
https://arxiv.org/abs/2302.05163


Differentiable Theory Codes
• Piras and Spurio Mancini 2023, CosmoPower-JAX, arXiv:2305.06347


• Nerual-network based power spectrum emulator, high acc. models exist for* , , 
, , 


• Bonici, Bianchini, Ruiz-Zapatero, Capse, arXiv:2307.14339 

• Nerual-network based power spectrum emulator, written in Julia, python wrapper available


• COSMICNET, Albers+ arXiv:1907.05764, Günther+ arXiv:2207.05707 

• Emulate the most expensive operations of a Boltzmann solver, preserve flexibility


• Hahn, List, Porqueres 2024, DISCO-DJ, arXiv:2311.03291 

• Differentiable Boltzman solver written in JAX (but no CMB spectra yet…)


• See also: Bolt.jl (Li and Sullivan in prep.) and LimberJack.jl (arXiv:2310.08306) in Julia


• OLÉ (Günther et al. in prep.) Günther 2023, arXiv:2307.01138 

• Train emulator “on-the-fly” with <200 CLASS calls, applied in Khalifeh+ arXiv:2312.09814

ΛCDM ΛCDM + AL
ΛCDM + Neff ΛCDM + Σmν wCDM

54

https://github.com/alessiospuriomancini/cosmopower/tree/main/cosmopower/trained_models/SPT_high_accuracy
https://github.com/cosmopower-organization

*
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CosmoPower-JAX

(Piras and Spurio Mancini 2023)

H0,

χ2

import candl.tools
cp_emus = {"TT": "cmb_spt_TT_NN", "TE": "cmb_spt_TE_PCAplusNN", "EE": "cmb_spt_EE_NN"}
pars_to_theory_specs = candl.interface.get_CosmoPowerJAX_pars_to_theory_specs_func(cp_emus)
pars_to_chisq = candl.tools.get_params_to_chi_square_func(candl_like, pars_to_theory_specs)
pars_to_chisq_deriv = jax.jacrev(pars_to_chisq)

ωc,
ωb,
ns,
As,
τ,
…

(DCMB
ℓ )

Differentiable



Applications

• Fisher forecasting made easy: 

• E.g. optimal band power bin width


• Other applications: 

• Gradient-based minimisers/samplers


• Correlation between subsets

56

F =
∂Dℓ

∂θ

T

C−1 ∂Dℓ

∂θ

F = − H(ℒ)

candl.tools.get_fisher_matrix()

jax.hessian(like)



Differentiable Planck Likelihood 
Sneak Peak

K. Benabed (IAP)

• Full plik 2018 Likelihood wrapper 

• TT: 


• TE/EE: 


• Including all foregrounds and nuisance parameters


• Arbitrary data selection (eg TT only,  only, …)


• Already validated against official Planck likelihood


• Near future: low ell, full candl functionality, plik lite

30 ≤ ℓ < 2500

30 ≤ ℓ < 2000

ℓ > 1000


