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The OLÉ learning strategy

Pillar 1: Online learning:

● Requires no pre-training
● Accuracy requirements set by data
● Trains only as much as required
● Applicable to any cosmological model out of 

the box

Pillar 2: Active Sampling:

● Theory code samples double as training data
● Sampler automatically guides training to most 

relevant region
● Only the most important points are used to 

train the emulator
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Standard Inference Pipeline

Sampler
E.g. MontePython or Cobaya

Theory Code
E.g. CLASS or CAMB

Request point

Likelihood

Return 
Observable

Return 
Log-likelihood

3



The OLÉ Pipeline

Sampler
E.g. MontePython or Cobaya

OLÉ interface
Choose emulate or compute

Request point
OLÉ emulator

Theory Code
E.g. CLASS or CAMB

Emulate point

Compute point
Save in cache
(if relevant)

Likelihood

Return 
Observable

Return 
Observable

Return 
Log-likelihood
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Using OLÉ in MCMC analysis

The emulator takes the part of the theory code, the 
slowest component in the MCMC pipeline, thus 
greatly speeding up the inference pipeline.

1. Initial training phase
2. Testing-dominated phase
3. Likelihood dominated phase
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Speed-up can reach O(100)



Validation 1: 
ΛCDM with 
Planck

OLÉ speed-up factor: ~98
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Validation 2: 
Extended 
Cosmology with 
Planck
OLÉ speed-up factor: 354
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Validation 3: 
Extended Cosmo 
with Planck + 
SPT-3G + DESI BAO
OLÉ speed-up factor: ~20
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Validation 4: 
Stage-IV LSS 
forecast

OLÉ speed-up factor: ~59
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Validation 5: 
NEDE with 
Planck + BAO + 
supernovae
OLÉ speed-up factor: ~31
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Easy to install, easy to use!

1. Clone from GitHub:
https://github.com/svenguenther/OLE

2. Install locally with
pip install .[MPI]
(MPI extension optional)

a. Set MontePython path if using
3. You are ready!

a. (Assuming you have CLASS/CAMB and 
MontePython/Cobaya already)

● To use with MontePython:
python montepython_interface.py -p input.param

● To use with Cobaya, just import in the input .yaml
from OLE.interfaces.cobaya_interface import *
and turn emulation on in the theory settings, run as normal

● For examples and explanation, check the GitHub repository and 
the online documentation: ole.readthedocs.io
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Backup Slides
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The OLÉ Emulator

● Emulates observables, not evolution
● Compression: Principal Component Analysis (PCA)
● Emulator: Gaussian Processes
● Quality Criterion: Log-likelihood (χ2)
● Further speedup: just-in-time compilation (jit) and 

differentiability

1. Automatically determine from Likelihood 
code which observables to emulate

2. Compress observables to feature space via 
PCA: turns e.g. O(104) Cls to a handful of PCs.

3. Emulate PCs with Gaussian Processes
4. Test accuracy of emulator

a. Retrain if necessary
5. When performing well, jit
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Gaussian Process Kernels

1. Anisotropic Radial Basis Function (RBF)
2. Linear Kernel
3. White Noise Kernel

1 parameter per input dimension (fit to training set)
1 parameter per input dimension (fit to training set)
1 parameter (set by PCA compression)
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Figure credit: GPJax website, Pinder & Dodd

https://docs.jaxgaussianprocesses.com


Gaussian Process Kernels

1. Anisotropic Radial Basis Function (RBF)
2. Linear Kernel
3. White Noise Kernel

Describes smooth variations of the PCA 
components around their mean.
One length scale per input dimension: essentially 
the length scale over which a support point provides 
an accurate prediction.
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Figure credit: GPJax website, Pinder & Dodd

https://docs.jaxgaussianprocesses.com


Gaussian Process Kernels

1. Anisotropic Radial Basis Function (RBF)
2. Linear Kernel
3. White Noise Kernel

Captures linear dependence of PCA components on 
input parameters.
Less conservative than RBF, more confident when 
extrapolating.
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Figure credit: GPJax website, Pinder & Dodd

https://docs.jaxgaussianprocesses.com


Gaussian Process Kernels

1. Anisotropic Radial Basis Function (RBF)
2. Linear Kernel
3. White Noise Kernel

Effectively sets an upper bound on the achievable 
accuracy, preventing overfitting to minor artifacts.

Set from the variance in the residuals after 
truncating PCA components after a given order.
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Testing Accuracy in OLÉ

● GPs automatically provide both a prediction 
and an uncertainty estimate

● Required accuracy depends both on the 
uncertainty of the data, position in parameter 
space, and consequently the likelihood value
○ Less accuracy is required for poorly measured 

quantities and far from the maximum 
likelihood

Accuracy test:

1. Sample five realisations from the GPs at given 
point θ (at GP 1σ boundary).

2. Evaluate likelihood for all realisations and find 
median difference to likelihood of GP mean.

3. Test that this estimate of the error on the 
likelihood is smaller than the maximal 
allowed value

4. If yes, accept emulated point. If not, reject and 
recompute with theory code, add point to 
emulator cache, updating emulator.
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Types of OLÉ interface calls

● Theory code calls used for 
training

● (Irrelevant) theory code calls not 
used for training

● Tested+accepted emulator calls
● Tested+rejected emulator calls
● Untested emulator calls

As confidence in the emulator grows, 
fewer calls are tested.

When confidence is high, the emulator 
is jitted for maximum speed-up.
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The OLÉ NUTS sampler

With a differentiable likelihood, 
inference can be sped up with gradient 
based sampling.

Speed-up of SPT analysis by an 
additional factor 4

1. Train emulator with standard Metropolis-Hastings
2. When trained, switch to emulator
3. Minimise negative log-likelihood to find best-fit and 

compute Fisher matrix
4. Perform gradient-based NUTS sampling
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