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Overview: 

1. CMB Analysis


2. JAX, Automatic Differentiation


3. Application of a Differentiable Likelihood


4. Conclusions


Takeaways: 

1. Forecasting in ΛCDM (and simple extensions) made fast and robust


2. Accessible python likelihood, easy access to data, comparison with SPT, ACT
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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 Likelihood Analysis 
The Traditional Approach
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• Boltzmann Code - supplies CMB theory spectra


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


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

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



• Ground-based CMB experiments (SPT-3G, ACT, SO, S4) pushing past Planck precision


“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


• Field is embracing differentiable emulators: CosmoPower (arXiv:2106.03846), Capse 
(arXiv:2307.14339), Günther 2023 (arXiv:2307.01138), …


• Increased use of JAX: Campagne et al. 2023 (arXiv:2302.05163), Piras & Spurio Mancini 2023 
(arXiv:2305.06347)
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New CMB Data Deserves Better



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

8[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


• 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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CosmoPower-JAX 
(Piras and Spurio Mancini 2023)

H0,

χ2
ωc,
ωb,
ns,
As,
τ,…

(DCMB
ℓ )

Applications of a  
Fully Differentiable Pipeline

candl 
(Balkenhol et al. 2024)



Applications

• Fisher forecasting made easy: 

• E.g. optimal band power bin width


• Other applications: 

• Gradient-based minimisers/samplers


• Correlation between subsets

11

F = ∂Dℓ

∂θ

T
C−1 ∂Dℓ

∂θ

F = − H(ℒ)

candl.tools.get_fisher_matrix()

jax.hessian(like)
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https://github.com/deepmind/optax
https://github.com/blackjax-devs/blackjax
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For background see Kable, Addison, Bennett 2019 (arXiv:1908.01626)

“How correlated are H0 constraints  
from different parts of the data?”

• Fisher forecasting made easy: 

• E.g. optimal band power bin width


• Other applications: 

• Gradient-based minimisers/samplers


• Correlation between subsets



Why Should CMB-S4 Care?
1. Forecasting in ΛCDM (and simple extensions) made fast and robust 

• Easily propagate instrumental design, analysis choices through to parameters


• No finite differences: no multiple likelihood evulation points, no tuning of step 
sizes, …no numerical jibberish!


2. Accessible python package with intuitive access to data products 

3. Easy comparison with SPT and ACT data

15



https://candl.readthedocs.io/en/latest/

Extensive Documentation

and Tutorials:

https://candl.readthedocs.io/en/latest/


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


• candl is a python-based, stand-alone, CMB likelihood


• candl comes with extensive documentation and tutorials


• candl is differentiable giving easy access to Fisher matrices


• candl can easily be interfaced with Cobaya, Montepython, 
CosmoPower, Optax, BlackJAX, …

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/


BACKUP SLIDES



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



22

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
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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, …

import candl.interface
cobaya_dict = {‘likelihood':
candl.interface.get_cobaya_info_dict_for_like(candl_like)}

Stand-alone

Easy access to data

Straightforward 

interface
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Related Work
• Increasing use of JAX and differentiable likelihoods more generally in Cosmology:


• Campagne et al 2023, JAX-COSMO, arXiv:2302.05163: 
Library of different cosmological calculations.  
Examples showing the power of differentiable theory code and likelihood. 
Part of differentiable universe initiative.


• Piras and Spurio Mancini 2023, CosmoPower-JAX, arXiv:2305.06347: 
Differentiable emulator written in JAX.  
Compatible with vanilla CosmoPower models.


• Implicit likelihood inference (arXiv:2104.12992), MUSE (arXiv:2112.09354), …

25
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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 
distribution of parameters for a certain model. 


