Accelerating astronomical and cosmological inference with preconditioned
Monte Carlo

(2022, MNRAS, 516, 2, 1644-1653)

Minas Karamanis, Florian Beutler, John A. Peacock, Davi

Statistics Journal Club, OA UW, May 224, 2024



Probability density intergals from
from a random sample

1 If the points x; are drawn according to
| xp(x)dx z—zi X, the p(x) distribution

« Expected value of any function f of x is also easy to calculate

_ 1 If the points x; are drawn according to
E(f)—f f(x)p(x)dx N Zi f(x) the p(x) distribution




mportance sampling

ility density, and we need a random sample from it,
to calculate something for it (expected value, percentiles, or any
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We draw a sample
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Then, we assign ,weights” for
_— each point
p(x) / @(x)
0.20 A |
~ (and we will use this weight for
0.15 ~Integrals, historgrams, etc.)
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- When we add the weights
to the sample, it looks as if
~ we have a sample from
~ the target p(x) distribution




Probability density integrals In
Importance sampling

d value of x Is:

=0 xplx)ae= [ x B pfx) = Lxw(x) ol

:%Zi [Xiw(xi)]:%Zi [x;w,], where W(X):%
* Expected value of any function f of 8 is also easy to

calculate o normalization
E,[f(0)] = /f(9)w(9)p(9)d9//w(9)p(9)d9

1 If the points 6; are drawn according
»=—2 [ (8)w(6)] to the p(6) distribution




Notation

Bayes formula:
P
P(6|D,M)=

D|6,M)P(6 |M)
P(D|M)

likelihood prior
L(0)(6
posterior P(Q) — ( ;7( )

evidence




We could use importance sampling
to sample form the posterior

01 Draw sample from: z(6)

02 We need sample from: £(6) #(6)

So, we weight sample with:
03 w(0)=2(0)7(6) x(6)=L(06)

04 This is very inefficient, if
likelihood is significantly
different from the prior




Sequential Monte Carlo (SMC)

It is similar to the importance sampling, but in
couple of stages
p(0)=(0)

pr(0)=(6)L(6)

p:(0) x TO)LOY, t=1,...,T

Pi=0<Br<...<Br=1




Sequential Monte Carlo (SMC)

Weight at every step:
w(0;) = pi(0i—1)/ pi-1(6:-1)
So, the total, combined weight is:

Pr _ Pr

W=W, W,...

We need some reshuffling / resampling of
the sample




Step 1

(1) Mutation. The population of particles 1s moved from { 9;‘_1 }le
to {Qf}f: | using a Markov transition kernel K,(0'|9) that defines the
next important sampling density

pi(0') = / Pi-1(0)K,(07]60)do. (4)

In practice, this step consists of running multiple short MCMC chains
(i.e. one for each particle) to get the new states 6 starting from the
old ones 6.




Step 2

(11) Correction. The particles are reweighted according to the next
density 1n the sequence. This step consists of multiplying the current
weight W¥ of each particle by the appropriate importance weight

w(6;) = pi(Bi—1)/ pr—1(6;—1). (5)




Step 3

(111) Selection. The particles are resampled according to their
weights, which are then set to 1/N. This can be done using multi-
nomial resampling or more advanced schemes. The purpose of this
step 1s to eliminate particles with low weight and multiply the ones
with high weights.




Evidence

* We start from a sample from the prior and set
the evidence to z=1

* Evidence at every step can be updated,
according to the sum of the weights (at every
stage)

N
Zt/Zr—l — Z Wtk_1wr(9fk_1)

k=1




Metropolis-Hastings

“standard algorithm”

* proposal step

* acceptance step




How we sample
effectively?

y




Alternative way

Use simple proposal
distribution, but in changed
parametrization

N (u,1) < proposa
(/ where

u=f(6)

“Preconditioning”




The authors approach

* Density estimation algorithm (from
the current sample)

* Neural networks
— Encoders (sample - Gaussian)

— Special network that is a bijective
mapping, So:
* sample - Gaussian

* Sample in multidimensional
Gausslian

— easy and control-able and short!




Metropolis-Hastings

Optimal proposal
distribution for Gaussian
target distribution

N (6,2.38°=/ndim)

0 where % is covariance
matrix of the Gaussian

And then the acceptance
rate is 23.4%




“Normalizing flows"”

»

aussian




MCMC in the changed
(preconditioned)
coordinates

o = min (11 pﬂ(@’)q(ﬁmr))
pa(0)q(0'|6)

poC ) det 252
o= mmn | 1, Z
ol F 0| det 2




Proposal distribution in
preconditioned vs regular
coordinates

0 = f(u)
Q' = f(uf)
o B9 ="uog)

8 4 ;




B PMC (1.5 x 10%calls) B PMC (1.6 x 10%calls)

—— NS(136.1 x 105 calls) —— NS(222.1 x 105 calls)
—— SMC(118.0 x 10%calls) —— SMC(9.6 x 10% calls)
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Examples




Distribution

Model evaluations (x 10°)
PMC NS SMC

Rosenbrock
Gaussian mixture
Primordial features
Gravitational waves

1.5 136.1 118.0
1.6 222.1 9.6
0.4 213 19>
0.4 10.2 4.6




Thank you!




	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29

