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Auto-differentiable methods for Cosmology in Julia
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How to get cheap gradients: Auto-differentiation
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building a symbolic
o representation of the code.

Symbolic representation of a computer program
generated by auto-differentiation
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observables.

IJ.;I:D u b J k = l ® Combining the two dimensions Lower triangle compares Limberdack to Cobaya when both use
I m e r a C _j high-dimensional Cosmological approximations to compute their theory.
. Upper triangle shows comparisons when Limberjack employs
analyses are pOSS|bIe emulation to match exact computations.
In this plot Cobaya uses MH and LimberJack HMC.
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