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generative Models

problem : have a distribution pmn.CM
2 want to sample [ "generate

"

) hew

✗ ~ Phunk)

p can be given - explicitly as function d%
- implicitly via a set of data points

{×} defining P.la/a4)t-PwiN)



applications in HEP
- event generation ( parhoiic , end - to -au)
- phase space
- Caloiwh showers

-

, , , >

this is a stochastic [random ) process CRNg) → need random

input

2- ~ plz) ⇒ ✗ = fo.CZ ) ~ pm.de/'H=Pda1aK)talent

↳ easy : Gaussian ,with " Ptmthlx)

these lectures : how to construct & train f-⊖ -6)



VAES GANS Normalcy Flows

How do we know
,
uehwu a good fate) ?

if he ʰau Panda, epd.mn explicitly : Kullback _ bibb IKL)

diwguu
1) DKL [ Paan ' Pin.ee, ] =

fdxpd.nl/yloyPdakPmodd--floyPdaI)datuPwodl



2) Earth Morris Distance ( Wasserstein melic )

works for conliam Ip known )
or dicnk ( only Saiph available ) l⇔n
dinette P Pdalu

; Pmoddj
je [1

,
V2]i c- [1

,
Nn ]

defile transport strategy ñij as a matrix relay the
"
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two sets

Pdakei = ↓
, § ñijII.guarantee

tii/ ☐nodes Pmoddi = ¥
,
§ Iii



W [Pdahuipmoid ] = min ¥
,

{ IT; / ✗i -y; /IT

"

amout of dirt
"
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⇒ scaler horribly w/ dimensionality disha

& is expensive to compute

3) generate events & look at single eats
(does alae look
realistic !

look at distributions ↳dataset dep
.)

( ( always a projection )

4) Classifier test [ 1610.06545J => train NN to disliyaush
data us

. Gen . Sounds



if pane, = 0.5 ( classifier is confused)

↳ pdah.CH =Pwµ(×)



I / Variational Aeubenlodr VAE
1312.6114

shut w/ AE part first

loss : MSE
-☒- µ '✗

diaw \
"

£msE=ʰN &
,

Ki - ✗it
din din >> dealer clout -

- din
✗! __D(E(xD

- campers information
[ "lossy ") will learn most useful talent slpresekliu of data

- genealie models sampling from z & use Dlz)

Bat : latent space not regularized



- what distribute: to Saiph fwm ?
- interpolation → gaps

¥¥¥É z~F-o.cz/x )
→ ✗ '

~ Do. (× ' IZ )
UAE give shake to latent space

✗ / FI}z=++I ×
'

In NCO
, 1)



given data × , we want to know /infer 2- of the gin .

model

☐ (z / ×) = ☐ 1×12-7 . pzlz )

É
VAE : approximate ☐ 12-1×7 by F- 12-1×1 gnal inhere )
Dr

, , [ F-HIM ,
☐HIM] = e "J TÉ¥¥⇔±

= , log F- 12-1×1 - toy ☐⇐a!,a >Eizlx)
"¥;;⇒→t÷¥ + '%i



I £msE + Pm Dry [F-G- 1×1 , V10.11]
/↓

if Geussih distr : MSE seoashrohir

←
regulates the latest spare to be Gaussian

1 7 77 I 8latent spae

Sampley : hem N 10,1 ) & then passing they Dlz )



for practiced applications : we need a conditional VAE

- condition 1 discrete or continuous ) needs to be

given to F- 8D

☐Cz
,
c) gametes ✗ for a gin a

pros : _ easy to setup /train
- explicit ump to the Inlet space

cons - rarely state of the art

- no optimality garlake



ET Gewhuliu Adversarial Networks CJAN) 1406.2661

train 2 adversarial NN : generator g : 2- → ✗
↓

with/gauss

discriminator / ☐ ( ) = {
◦ Hated data

critic
✗

11 A true data
glz)

train ☐ by miaimiij it - DG) >✗ name
& ← ☐4)'

✗ rpgen

enhaue sensitivity 1- ☐ → - log D
D → - log 11- D)

fog = e- 10yd>p.net/-loy( 1-D) >pga BCE



train g by mahig it generate soupks that look like real date

~Lg = = - log D >pgn ↓
t log 'll - D) >pga

Same

minimum , better gradients

together :
Mia wax e lay ☐G)> + log 11 - Dlglz)) )
g D Pine

is agood dassihh
tools D

Optimal point : fresh equilibria



☐opt
= Ptmeldukc

Buddah + Pgm

f. → - thy ¥!;¥
,

>
µ"

- ≤
'
Y p!I%3z

=
- DKL ( Pdata , Pdalatpyen ) - DAL /Pgm . Pdatatpgen)

= - 2 Dgs [ Palak , Pga] t 2kg2

Lg → e log (1- Dopt ) >pyas
= DKL [ Pym , Pdalatzpges] - log 2

↳ minimal for Pain = Potala



training : y freeze g
take a batch from haiuj data
- " -

gin data } train D
repeat freeze ☐

saiph fun generated data → g



problems WI SANS
- contingence Min - hee× Unstable

vanishing gradients him ☐
1705.09367

↳ by regularization 1801.04406

- metrics her success

- mode collapse GAN gets shed in visions cycle

g tears to produce realistic 11€
D will be fooled
them ☐ will lean 2 's are real

then g will focus on 2 's



ways to impure GANS
→ replace discriminator by critic

☐ lean Wasserstein distance between

Pdaha & Pgen

WGAN 1701
.

07875

SAN

pro : great , realistic single imagers

☒a : distributions only @ 060%)



3-1 Normalizing Flows

VAES & GANS temp implicitly ( only across to sarples , not PG))

Flows learn PG) explicitly

key idea : learn complicated coordinate has formation

target|ʳÉ• distdist
.

¥É.

z

dim -2 = dim ×



for coordinate tanto I = flÉ)

pcx) = ITH ) / det d¥¥ /
"

= a- If-4×1) I det °%¥- I
→ need Jacobian dekniat

→ need inverse É = f-
'

(E)

IT (Z) uniform
✗ = fcz ) = zz

PQ)¥'% pcx> = 1 . 12-21
"
= É☒



÷:
⇒

""E-
bijector works in both ways

ITCZ ) ≤-PʰY PG)

density estimator

first idea : flz ) = NNCZ ?

does not work well - invert ANN ?
- Jacobian ~⑧



Flows avoid these probus by learning
parameters of a series of invertible

, pre
- defined

transformations ( w/ trackable Jacobian)
chain of

☒a-lᵗ↑H¥t↑ . . . .-1T¥ birders
is abigedr

perm penn
blocks 1505.05770

✗ = Ca ° Cry ° 9,2 . . .

C
,
(Zo) -20 ~ IT. ( Zo)

PK) = 11-06-07 # I def %¥ˢ←
,

[
"

k=l



training - max log p for min
.
NLL )

- use Dr
, ,

to fit to (hominid) forget faction

⇒ more stable than GANS , better perfume than VAES

in more detail

inside each block
, assume the halo factories

ÉCÉ
,pi ) = file. ,Ñ. I , Czttzilñe ) , . . . . Cnlznclñnl)ᵗ

giri still depend on zjcitj) to

capture correlations



there are 2 main architectures to tone Jacobins
↳ 01ns) ⇒ Ocn)
hnatix is triangular

① autoregressive models

in, = coast . Ñz(2-,) =#Z, , -22)
f f

Mitt
, _ . _

2-i. , )

Pki) plxzlx , ) £p(✗31×2 , × , ) . . .

PG) = IT Pki IX. . . . ×:-, )
i=l

On)
✗ i

= Cic -2,;) J = ( )
det f- IT

,
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NN realization : MADE Cmasked Aubencok for Density
Eshka )

Zi -22 23 2-a 1502.03509
O

f forward : single callgig

.

" " last

incense loop n -times slow
Mi µ, µ, try

to get allzs

↓ ↓ ↓
µ Mitzi/ frzftazc ) µu(2-112-212-3)



&;!i%¥⇒÷Sampling PG)

MAF IAF

170507057 1606
.
04 934



② Coupling Layer based flows Real NVP 1605-08803

Cbiporlit ) INN

split 2- in 2 sets 2-A ZB
3.din

z
-

"in ÷÷tÉ⇐I→
forward ✗

A
= -2A

equally fast in both ✗
☐
= CBCZB ,µ CZA ))

directions
inverse 2-A = ✗a

ZB = C-
'

[✗is ,MCÉ



Met 21 = \ I 0 \
8¥
, %÷B←

diag.at
how about ccz.fi)

↳ detailed choice depends on domain
base gaussian C- co

,
co) r logit

anilin ( Oc 1) ] sigmoid

affine coupling layer Ccz
,Ñ) = 2- -0 expis) tt = ✗
Sit



inwse : ( x -t) 0. exp C-s) = 2-

ldety / = exp (Es)

piecewise splines [monotonic)

↑gz
- linear

, quadric 1808.03856

- Rational Quadrate spd.ws 1906.04032

C =dzÑ&a,✗ta◦-
11

bzxh & bad +bot✗ . . . location inside bin
! ai bi aim by NN


