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Why GPs & VI

Use Cases
In the group we research black holes, distant Galaxies, and probe the physics shaping the
structure of the interstellar medium in our own Milky Way. To do so, we need to probe
high dimensional posteriors → VI and model smooth structures → GPs.

Figure: Cygnus A1.

Figure: M87*1.

Figure: 3D Dust1.

1Roth et al., “Bayesian radio interferometric imaging with direction-dependent calibration”; Arras et al., “Variable structures in M87*
from space, time and frequency resolved interferometry”; Edenhofer, Zucker, et al., “A Parsec-Scale Galactic 3D Dust Map out to 1.2 kpc
from the Sun”.
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Why GPs & VI

Use Cases

We already have GP frameworks for very generic models with few parameters
(e.g. gpytorch, tinygp) and VI frameworks for very generic probability densities (e.g.
numpyro, blackjax).

BUT ill-suited for
• GPs on structured spaces (regular pixel/energy spacing) with 500M+

parameters/pixels
• Highly structured models: specific likelihoods + physical priors

Numerical Information Field Theory (NIFTy) does GPs on structured spaces for
highly structured models.

MIAPbP Gordian 3 / 10



Why GPs & VI

NIFTy for Modeling & JAX for Inference

NIFTy provides
• GPs on structured spaces ← requires vectorization
• Inference on probability densities ← requires differentiation

JAX provides
• Vectorization
• Differentiation

Goal: PPL from NIFTy + derivates and vectorization from JAX
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NIFTy.re = NIFTy + jax

NIFTy

• Versatile library for expressing GPs on
structured spaces2

• Flexible VI using the information
about the shape of the model for an
accurate yet cheap posterior
approximation2

2Arras et al., “Variable structures in M87* from space, time and frequency resolved interferometry”; Edenhofer, R. H. Leike, et al.,
“Sparse Kernel Gaussian Processes through Iterative Charted Refinement (ICR)”; Knollmüller and Enßlin, Metric Gaussian Variational
Inference; Frank, R. Leike, and Enßlin, “Geometric Variational Inference”.
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NIFTy.re = NIFTy + jax

JAX

• Flexible library for composing and transforming
numerical computations by Google
(DeepMind)
• Think: NumPy + SciPy +

Auto-Differentiation (jax.jvp, jax.vjp)
• Vectorize code with “broadcasting on steroids”
• Compile code for CPU, GPU and TPU (with

constrained set of computations via jax.jit)
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NIFTy.re = NIFTy + jax

NIFTy Core Components: NIFTy + JAX = NIFTy.re

NIFTy model

lnP(θ|d) ∝ reduction(d , f (θ)) + regularization(θ)

with parameters θ, a reduction/likelihood combining data d and model f , and a
regularization/prior.

VI using JAX to approximate the posterior using Jacobians

J†
θ,ξ̄

J†
f ,θ̄

Nreduction Jf ,θ̄Jθ,ξ̄ + 1

with some matrix Nreduction, J□,△ the Jacobian of □ at location △, and ξ new latent
parameters.
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GPs & VI for Astrophysics

Demonstration

Model

τ ∼ GP(τ | 0, k)
s = exp(τ)

d ∼ N (d | s,N)

with unknown kernel k ,
given data d , and given
noise covariance N.
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GPs & VI for Astrophysics

Hands-On

$ pip install --user --upgrade "jax[cpu]"
$ pip install --user git+https :// gitlab.mpcdf.mpg.de/ift/nifty.git@dev_edh

>> import nifty8.re as jft
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GPs & VI for Astrophysics

Hands-On

iPython
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Appendix

Pure functions

• Function depends exclusively and deterministically on its arguments3

◦ No mutable global variables
◦ No mutable references as argument

• Function has not side-effects
◦ No mutations
◦ No input- or output-streams

3Google, Common Gotchas in JAX.
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Appendix

In-Place Updates

are impure and thus not permitted

import numpy as np
import jax.numpy as jnp

a_np = np.array ([1., 2., 3.])
a_jnp = jnp.array(a_np)
a_np [2:] = 10.

np.testing.assert_allclose(
a_np ,
a_jnp.at[2:]. set (10.)

)
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Appendix

Control Flow with JIT

• Imposes much tighter constraints than required by e.g. JAX’s grad

• Computation must be transparent to JAX
◦ No branching in python (i.e. no if)
◦ Use jax.lax.cond in favor of if
◦ Use jax.lax.scan, lax.fori_loop . . . in favor of while, range, . . .

• Output shape and data-type may only depend on input shape and data-type
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Appendix

Goodies

• Jacobian-Vector-Product (jax.jvp, jax.linearize)
• Vector-Jacobian-Product (jax.vjp)

• Vectorize (jax.vmap)
• Parallelize (jax.pmap)

• Transpose (jax.linear_transpose)
• Evaluate shape of function output (jax.eval_shape)
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