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smoothandindiemap

IS theattfge

themap above induces a changeinensities givenby
If L

jYIigny

Pix 912 det III 912 det 1
T

Poffogafff Tjacobianmatrix dxd Jiya I 8

9 NC0,1 Gaussian then f is a normalizing map

Transformation deforms the simpledensity via volumeexpansions contrasto

f would need to befairly complicated if we want Pix to be
an arbitrarily complex density



Normalizingflo_ws buildcomplexmap bycomposing manysimplemaps

f f of o of flowofmaps
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Wegeta finite family of distributions 9 with increasingcomplexity
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Remarks

i only works for distributions with continuous random variables

if flow is finite 1 N discrete time

ii All f mapsneed tobe syoth invertible otherwise changeof
variable theorembreaks



I formalizing flasdeep generativernodds

learn a normalizing Iw fo between a latentspace Z 9Iz NCZ10,1
and the data x Paataext where O are learnable parameters

ftp.tfjf parametrizedby deepNN with n layers

once fo is learned
wecan generatesyntheticdata generativemodel

2 we have an approximation of Pdata densityestimation

densityestimation

IS thethgate xena
generation DATA

9 No It PdataX1
baseprior soura targetdistribution

i ZoNo ItAncestral sampling
ii Xue tito

non compressed Latentrepresentation Z fo Ix
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thegoalis to approximatethetarget distribution Pdataix

g my

minimizethe KL divergence DalPalatalPo faxPintalogIgf
L Due PalatalPo EpaatallogPol HIPdata

Hint EplogP
L T Ipdata logPo irrelevant whenminimizing

pindependentoft

given the datasample Xi in we can approximate the integral

via Monte carlo

IDIjgfogyx.MX
MAXIMUM Likelihood

ESTIMATION

G arggax logPolxil by solving with gradientdescent



Notice that ne allow for the ext computation ofthe likelihood
of the data

any y my mm

L I E log9 foix logDet84.1

computational efficiency of the Jacobian is Ocd

main challenge is to reducethe complexity by modelling toappropriately

I.NFinthew.it
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Requirements

p

d d

12 985 needstobeeasy to compute

I 31 sufficiently expressive gj andenough depth N n Ornot layers

4 efficient calculationofthe Jacobian

Exity betterthandissary ideally Old



I AEieflows Gott Az b
gggRgd

invertible matrix

Not expressive enough e.g N10,111
g

N b ATA

complexity of Ocd for Janobian

A diag A I Old butthenno correlationsbetweendimension

Affinemaps canbeused as a buildingblock for moreexpressive flows
permutation layers 5 11 and

normalization layer diagonalAl

2 Plaflows

80121 Z t v hewtz b
VWEIRD
b e IR
ha non linear

activationfunction
Analytical Jacobian

Det Il s n t h Wiztb Wtv

a complexity of Ocd for the Janobian

the inverse g exists for specialvalues of parameters

DIFFICULT TO COMPUTE INVERSE NOTANALYTICAL



3 Autoregressiveflows Kingma etal 2016

Eain dimension is transformed conditioned on theprevious dimension

z g CZ I
z's gal Z Z J Z

y
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É Zzz

oakedAutoregressive flow Ig5 Er
1 yjlzi.intYz

conditioner NeuralNetwork

MADE marked Autoenioderdist estimationI Germainetal 2015

special architecture thatenforcesautoregressivestructurewith binarymaskmatrices

on Aslong as gil is invertible the flowis invertible Zi g fzi.co
these flowshavetriangularJacobianmatrices J I
logDet51 log I I É É1 É Ocd complexity

so Notice that byconstructionthesemodels are sensitive to the
order of x x xd the flow requires permutation ofthe
entries between layers in order to increaseexpressivity



Affinefransformations

g canbe any invertible transformation e g Affinemap

Zi g Zi coil exp dict Zi il Zi tm Z ti

Tang Elation

Lot Moi Neuralnets

expaf guarantees that scaleto to mapisinvertible

inverse Zi g ti coil exp to Zi Moi

Jacobian logDetJgIl É to NONEEDToINVERT the NN

theforwardpass z Ts z is fast sinceeachdimension
can be parallelized onepass

thebackwardpass z Z slowerby factorOld

Zi g ti Cj theinverse Zi requires
computing Z ti beforehand

ftp.sityestimaticnisfz
Sampling slog



Invautoregessiveffow IAF
h i n

z g I z I I
Zz
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z e g z z g zi zi t

Zd ZdZ'd 94 Z Zal

IAF issimilar to MAF with tat g esg

Zi giza Cj Zi Zi

spensityestimationi

ÉÉÉt aver stunt trains
Forfastsampling we can train IAF to approximate a pretrainedMAF

MAF teacher already trained

IAF student trained on outputof teacher

Etat data strainIAFwith
data

z If If z hÉf ÉÉ
usedforcalorimeter fastsimulation



4 couplingflows Dinh et al 2015,20177 REALNNP

Autoregressive flows have an asymmetry in computational time

Old times slower in sampling Mat or evaluating the
density IA

this can be solved by changing the AF setup in
the followingway

partition the dimensions into tweets AandB

n i n
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TitiZi 912,181271

Z Z for it k
iniomponents

y g zaCf z Zk for i k

inverseflow is straightforward

Zi Z's it k

Zi g Z's Giz Zal I ask
100



Notice that unlike MAF here imputing theinverse doesnot

require iterating
ffouwandandbackward passeswhavey

Titian is Iggy

theomecomplexity

T tIiataj dgleets l É I

Id K xK matrix

A single couplingflow layerwillalways leavesunchanged data
components the A part Wethereforeneedto stack
several layers andpermute in betweento transform

all thedata
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