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Traditional cosmology uses 2-pt information

but this is no longer optimal as we probe smaller scales




Higher-order statistics

can provide information beyond the 2-pt
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Forward modeling
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Forward modeling

INITIAL S | A= {087 Qo } FINAL

Field-Level Inference -...
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Field-Level Inference

Given field data d and forward model [ infer
initial modes s and cosmological parameters A
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Field-Level Inference

Given field data d and forward model [ infer
initial modes s and cosmological parameters A
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CHALLENGE: Multimillion dimensional parameter space!
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[ 1. Need fast forward model ] [ 2. Need differentiable forward model ] [ 3. Need fast sampler ]
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Canonical HMC

p(x)

Robnik+2022
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energy levels and converge
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Canonical HMC

p(x)

“...| Canonical HMC requires
momentum resampling and
accept-reject step to change
energy levels and converge

Microcanonical HMC
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p(x, M) « 6(H(x, M) — E)

Microcanonical HMC converges
while conserving energy

X Robnik+2022



Microcanonical Hamiltonian Monte Carlo

dz = udt
du=—(d—1)""(1 —uu" )VL(2)
MCHMC

Robnik+2022



Microcanonical Langevin Monte Carlo

dz = udt
du=—(d—1)""(1 —wu")[VL(z) + ndW|

MCHMC MCLMC

Improve ergodicity by including Langevin-like stochastic term

Robnik+2022
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Experiments

* Nonlinear dark matter
e 1LPT, 2LPT, 5-step PM

* Dimensionality
e 163,323, 643

* Voxel size 4 Mpc/h
* |Inject noise
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Cross correlation
between recon and truth
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Samples of Cosmological Parameters
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Samples of Cosmological Parameters
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Dependence on dimensionality
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2023 : 2024 : 2025 © 2026 @ 2027 : 2028 : 2029 : 2030

Dark Energy Spec Instrument (DESI)

Nacy G. Romn Space Tlescope

Simons Observatory

The South Pole Telescope (SPT)

' LiteBIRD
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HIQILIF

Correlated Simulation of the Universe

DOMNIE

Zhong, Bayer, Liu, et al.
out soon
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Correlated Simulation of the Universe

HalLIF DOMMIE

Zhong, Bayer, Liu, et al.

Thank you!

Adrian Bayer
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2.2. Hamiltonian Monte Carlo

The traditional approach for sampling in the context of field-
level inference is HMC (Duane et al., 1987; Neal et al., 2011;
Betancourt, 2017). Given a d-dimensional target distribu-
tion p(z) o< e~ *(*), where z € R%, HMC uses the gradient
VL(z) to improve the sampling efficiency compared no-
gradient methods such as MH. It considers the Hamiltonian
H(z,1I), where II is the canonical momentum, and samples
the canonical ensemble in 2d-dimension phase space, de-
noted by p(z, 1) o< e # (=) The success of HMC relies
on the tuning of the Hamiltonian such the the marginal of
p(z, 1) over II converges to the target distribution,

p(z) x dIl e~ H 1), 2

Rd
The most popular choice is the Hamiltonian of a free particle,
H(z,II) = 311?(z) 4+ L(z), for which the solution is the
set of ODEs,

dz = udt,

du = =V L(z)dt, 3)
where ¢ is time and u is velocity. Following Hamiltonian
dynamics ensures the trajectory conserves the Hamiltonian,
or energy, allowing efficient exploration at a fixed energy
level. Different energy levels must be explored to obtain
an accurate set of samples in HMC, which is achieved by
resampling the momentum II according to its marginal dis-
tribution (a normal distribution) and results in inefficiencies
(Betancourt, 2017). Moreover, to ensure the target distri-
bution is converged to, HMC additionally requires an MH
accept-reject step, which in turn requires a sufficiently small
step size to ensure a frequent rate of acceptance.

2.3. Microcanonical Hamiltonian Monte Carlo

Unlike HMC which considers the marginal of the canonical
distribution, the approach of MCHMC is to tune the Hamil-
tonian such that the microcanonical distribution marginal-
i1zed over the momentum variables gives the target distribu-
tion, as follows

p(z) o | dIL§(H(zT) - E), @
Rd

where §(-) denotes the delta function, and F is the energy.

The motion of a particle under this Hamiltonian can be

written as a set of ODEs as follows

dz = udt,

du = P(u)f(2)dt, 5)

where we have introduced the projection P(u) = (I —uu?)
and force f(z) = —VL(z)/(d — 1) (Ver Steeg & Galstyan,
2021; De Luca & Silverstein, 2022; Robnik et al., 2022).
The key difference to the HMC ODEs in Eqn. (3) is the
projection operator. Unlike HMC, the MCHMC dynam-
ics converges to the target distribution while maintaining a
constant energy.

2.4. Microcanonical Langevin Monte Carlo

To further speed up reaching ergodicity, the ODEs can be
modified by considering Langevin dynamics (Grenander &
Miller, 1994; Girolami & Calderhead, 2011) such that,
dz = udt,
du = P(u) [f(z)dt + ndW],

(6)
)

where 7 is a hyperparameter and W is a standard normal
random vector. This additional term proportional to 7 can
be understood physically as a diffusion term which enforces
better exploration of the target, in turn boosting ergodicity.

MCLMC has two hyperparameters, the step size and the
amount of noise 7. Both of these parameters can be tuned
during a burn-in stage by monitoring fluctuations in the
energy and ensuring they are below a certain threshold.



Many other applications NUTS MCLMC

Stochastic Volatility 0.023
e Lattice Field Theory (Robnik+2023)

 CMB lensing (Ruiz-Zapatero+, in prep)
¢ Neal's funnel

Critical ¢* field theory
(8x8 lattice) 0016 B

0.021

(64x64 lattice)
0.005

CMB lensing - o0s
d=12288 00001 I

* Have an application? Let’s chat!



