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Outline
concepts

(Bayesian approach , Uncertainty , Predictions)
* Markov Chain Monte Carlo

(Metropolis-Hastings , HM2)
& Variational Inference
(Kullback-Leibler , ELBO)

& Simulation-based Inference
(NRE , NPE)



Base Concepts



① Basiccoupts

Frequentist Approach Bayesian Approach

Probability Relative frequency Probability Degree of believe in thatevent a

3 of A !
V

given hypothesisIs TRUE
P(A) =limoccurrences

a

PJHshypothesis

Examples : Note : Nexperimentreflectionneeded

· Getting "5" in a die Examples :

·
What is the probability of for the Higgs mass

· Measuring 1 event in to be inside a given
interval ?

a neutrino experiment · What is the most probable value of the
Dark Matter mass , given some dataset ?



① Basiccoupts fixed

-randomo
Prob

.

of Hy GEN He

pin"(HH2)- PAAn)P(H
= P(Hz(He)(H)

p(t ,n(z) P( , H2) * BAYES&

&

J THEOREM

· P(Ac + P(Az) = 1

Joint ↓
ne

protesit
probability/(H)=P(A2)

· etc



① Basiccoupts 91

Typical use
of Bayes theorem

N - terior distribwood
Jos

· Dataset D = [i , fili
I

B Y ·
· Fitting function Eis plID) =pllps)

e.g. parametersoaour

· Prior Knowledge P(E)
11

Endence"a sP(D)
information about 8
!

before "seeing" D &PS):DENSITDIST.



①BasicConceptscertaintya
↳ "Credbleras"

1- p
=Spdata) do)

Low ,A
Internal containing the true

value

with "degree of belief" =1

Note the difference with frequentist :
"If the experiment were repeated many times,
this interval would cover the true value

a fraction 1-p of times
"



① BasicCots (Predictions(
① Report the posterior distribution

(typical in physics applications)

↑

82

On



① BasicCots (Predictions(
⑬ Report the"Predictivedistribution"-more common

in

statistics communitythe

P(Yx(Xx ,D) =(d+ p(yx(Xx , )p(t))
-

likelihood at a new point (X * (D)
↑

i&
*



① Basiccoupts

& The primary goal
of Bayeson

Infercice

is to estimate the posterior

PlolD=l
Typically This
normalization is

P(D intractable !



Methods
⑪ Markov Chain Monte Carlo



②MCMCGeneralPrinciples)
* It's a sampling method

-typically it suffices to have
samples of the posterior

E(f) = SHOPSO)f(0)f tipo
-1

& It builds a "chain" of samples[ ,2 ... En

& It uses the Markov property - "proposal
distribution"

q(fi(ti ,Diz , ...,01) = q(: (0i-1)



②MCMCGeneralPrinciples)
& the Chain should be Ergodic ·- It should be able to reach

any stateO
- Aperiodic (Avoid G, oscillations) I
-

& The chain should converge to

the target H(0) as its stationary
distribution acceptanceobabilityfor this

P(e) = g(010x(0,5)
move

#(8/11016) = #6/110+0) =D
"Detailed balance"

-



②MIMC (Metroplastings)
& Input : Fol , g%), to i nEst
& For t = 0, . 00 ,

N-1 nur

· ~q(0
"

10)
·5/01

%

) = min(1 I
· ununif(0, 1]
If u<< 10+ , 01 : OtH = E'(accept

Else : Et+=Ot (reject
Return <01 , 02, ..., ON]



②MIMC (HamiltonianMonts Carlo)
Motivation and key features walk

& Better exploration than MHorandomBehavior Lu
& Analogy with a satellite in orbit ↓

-

5- prob,

high
↓ prob. A

-18, ahayumoment
a

Y
- -

T

& Hamiltonian dynamics · Hamilton eqs
~

·Contain gradients ofE)-h(,) = π( -A 3d target density
target · Deterministic proposal-H = - by KF) = K(P)+) -O for At(BEReset]Hamiltonian Kinetic energy"



②MIMC (HamiltonianMonts Carlo)
& PN(0 , M) = K(p = 1 im

Ideally : since energy is conserved - ,
p:

HMC would give 100% acceptance !!
*In Practice : Numerical errors in solving equ.

we need good integrators(symplectic's
X :Runge-Kulfa - Leapfrog
X . Euler V. 4* order (Yoshida , etc)



②MMmiltonianMonte
Caro

a
w

Leapfrog
& For t = 0 , 1, ..., N -1

· P-N(o ,
M)

·↳Leapfrog( , , =, L)
~

·(, ) = minGe , exp[-H(& ) + H( , Pt)])
· Accept/Reject #dem to MH

Return <01 , 02, ..., ON]



Methods

⑪Variational Inference



③VariationalInference

·
en

true posterior
*Optimisation method P

& Approximate inference &
& Existing research beyond famlyora
parametric approach family closest
* Arguably the most active

research field in stats nowadays*o



③VariationalInference

How got (8)

& Information- theretic guideline-
K((51q] = JdtNo) logn /Relative

entropya
#

↳"Kullback-Leibler Divergence" (FORWARD)
Excess information-
content when using

KL(q1n] = Sooquot log glono)
I instead of it

&
:Reverse KL

7 #
KL =o iff q= I



③VariationalInference KL[q(π]
* Ho = p(OID) Lis target

is the posterior

* q - 9, - -
: optimisable parameters

9
,
(0 PID)
- In pD

doglos- KL[qn]KLA] =) P(D ,o)

-
·- -Jdog)bypo) + log PD ELBO

fa(t)

"ELBO" : Tractable



③VariationalInference KL[q(π]
* Input :. (0) =pID(p(t)

·Ac(0) ·Xo initial parameters' values
· N # number of iterations

*For += 0, ...N-1M umber of samples
· Eiv9)0)
·TakVallog(-lM

· <t + 1 =Xt-VA gradient Descent



Methods

⑭ Simulation-based
-

Inference (SBI)



④SBI(Motivation)
* Highly complex experiments , highly chimensionalta

&Binnedanalysis typila
# Unlanned

pDX( Likelihood

& True likelihood is

commonly intractable



④SBI(Motivation)
e.g. at
L :

Iy T Hadron-level
Theory parton-level

momenta splitting Detector Observables
params

. interactions

0- zp-Es Ed-> X

-
Latent variables



④SBI(Motivation)

↑ (x(0)
= Sp(x(za)p(zd(zs)p(zs(zp)p(zp()dzpdEsdEd
= Intractable

* Analyses este don't compute this
= Low dimensional modeling - Typically good

enough& Arguably insufficient for
complicated signals



#SBI/General Principles)
mem SIMULATOR

· theory/physics model
8 : physical params of interest↳ en4 : other stochastic parametersmA : Solving the inverse problem
->

x

How? Selecting sets ofSimulated data
compatible with OBSERVED data



#SBI/General Principles)
& Decades old idea (see "Approximate Bayesian Computation")

ABC~80's)
with computational disadvantages
* Meteoric revival in the last decade thanks to ML

plan) mem
Neural Ratio

or Estimation
plos(o)-fSummf : g(0)Neural Density

w Estimationdependeavor ↳ ↳ VARIATIONAL DISTRIBUTION



SBINRpproximate Likelihood ratios
norpoca

.

Didi; zil
di - P(d) z= 50, 1)

classifier output :

I =(1)
e.g. a

Neural network
(if equal pirs)



④ SI(NRE) -
Training data for

SIMULATOR I the Neural network
with parameters-y(x = d =40,Y-class 1 :do =

<Y Ed, z3
p(t, 2) = p(y(0)pD0) zi) = 1 Fi

play) = p(y)p(o)Fina[dsil,]]T
z =o fi



#B (Neural Posterior Estimation)

* Data is only "class 1" : D =<)
N

i=1

& Target :
= varational [

Neural net-

P(0)Yobs) &(EYob, distribution
based]

-

c parametric form)

& cost function N

Ep(K+ /plq)) = C(x) =-Slog(1.



#SBI(cont ... !

& Neural Likelihood Estimation also possible
(similar to NPE) and nowadays gaining popularity
* NRE conceptually promising /recasting density
estimation as a classification problem is a great selea)
but in practice is less practical than NPE

& The model inside SBI can be anythingmodern
implementations include Diffusion Models or Transformers)

& Open issues > very active area of research !



BAYESIAN
INFERENCE

MCMC VARIATIONAL
INFERENCE

MI HMC ELBO SBI
Forward
KL NPE

NRE

NLE


