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Introduction DASHH.

Need to speed up MC Use generative machine learning models like
* Event generation > » Generative Adversarial Networks (GANS)
» Calorimeter simulation « or Variational Autoencoders (VAES)

samples

simulation speed =

time

What about # samples”?
A. Butter et al. GANplifying Event Samples. 2021. arXiv: 2008.06545 [hep-ph]
S. Bieringer et al. Calomplification -- The Power of Generative Calorimeter

Models. 2022. arXiv: 2202.07352 [hep-ph}
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Introduction

train
:‘ - "“ Generative machine learning model _-'
. L'g;'::d : = Generative Adversarial Network (GANSs) = Unlimited data?
\“ ’.' = or Variational Autoencoder (VAES)
= Slow simulation .

e.g. calorimeter simulation
» EXpensive measurement

A. Butter et al. GANplifying Event Samples. 2021. arXiv: 2008.06545 [hep-ph]
S. Bieringer et al. Calomplification -- The Power of Generative Calorimeter Models. 2022. arXiv: 2202.07352 [hep-ph]
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Introduction DASHH.

Wall clock Consumption per workflow Run 3 (u=55) Run 4 (n=88-140) Run 5 (u=165-200)
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® MC simulation @ MC reconstruction @ MC event generation 0
® Analysis @® Group production @ Data processing 2020 2022 2024 2026 2028 2030 2032 2034
® Other
Year

MC is a big bottleneck in computing already and in 5 years the

demand for CPU time will outgrow the supply [O]
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Toy Model: Setup

» Underlying function: o ---- truth

1
P(x) = > (N _g 1)+ Ny ()
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Toy Model: Setup

. . 0.18
- Underlylrig function: 10 quantiles ---- truth
0.16 -
P(X) — — (/V_4J(X) + /V4,1(X)) 014
2 IQuant p(x)dx : notam =0.1
= "Pearson )(z-test“: e AN
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Toy Model: Setup DASHH.

. . 0.18
» Underlying function: 10 quantiles —--- truth
| 0.16 1 GAN trained on 100 data points Sample
P(X) — 5 (/V_4J(X) + /V4,1(X)) 014
" ‘ 0.12 T
= "Pearson )(z-test‘:
0.10 -
» Introduce equal probability quantiles %=
0.08 -
* Generate data ][L( {
o | 0.06 - \ ; ‘l
» Calculate deviation metric . }{' }\ 1
n / \ ! . ‘\\
A — 1 2 0.02 - l—’[l h} rﬁ \
)(nquant T nqllant Z xj o n 0.00 ‘__..//’ A 1 =7 ' "
=0 quant -8 -6 -4 -2 g 2 4 6 8
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Toy Model: Setup DASHH.

- Underlying function: e

10 quantiles ---- truth
P( ) | ﬂ/ ( ) Af ( ) 0.16 1 GAN trained on 100 data points Sample
x) = = (N _g 1 () + Ny, ()
2 ° ’ 0.14 -
" ‘ 0.12 n
= "Pearson )(z-test‘:
0.10 -
* Introduce equal probability quantiles =
0.08 -
» Generate data and calculate }l\
9) 0.06 - \ ~!,: ‘l
nquant ‘kr
A7) Z 1 0.04 - , ﬁ 1T
4 Rguant nquant xj - " 00 { \ / | \
j=O quant /P J:H ,r’_l— \
n...—00 0.00 ===t e .
L A2 quant o -8 -6 -4 -2 0 2 4 6 8
with Kt —— X (P(x), Psamples) X
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Bonus: How does the )(2 measure work? ‘HASHH
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Bonus: How does the )(2 measure work? ‘HASHH
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Bonus: How does the )(2 measure work? TASHH
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Bonus: How does the )(2 measure work? TASHH
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Bonus: How does the )(2 measure work? TASHH
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Bonus: How does the )(2 measure work?
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Bonus: How does the )(2 measure work? TASHH
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Bonus: How does the )(2 measure work? TASHH
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Toy Model: Generative Network pASHH

= Train on n4,., = 100 data

points generated from P(x) N B

discriminator

—Ix, F(9(B-x))]— 512
—X

* Prone to mode-collapse and
overfitting:

* Dropout

N B

* Noise augmentation

 Batch-statistics

—1x, F(0(B-X))1—

—X

= Generate h|gh amounts of training samples
data from Network
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Toy Model: 1D DASHH.

* GAN (red) and KDE (green) reach higher
value than training data

10 quantiles
100 data points

=
-
-

e sample: only data points

e KDE: data + smooth, continuous function

e GAN: data + smooth, continuous function
* 10.000 GANed points match 180 true ones

 Statistical uncertainty of training data
becomes systematic uncertainty of the 500 ||
model

j—

-

L
n
Q)
=

(=

(D

combined quantile x?
0
>
=

101 102 103 104 10° 10°
number GANed
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Toy Model: 1D DASHH.

 Interpolation more noticeable for sparse data

20 quantiles 50 quantiles
100 data points 100 data points
< 100, P |
@ [J)
< £ 10%
> = IGAN sample
D Ky 1200 N
5101 S 1300 N
- c 1200 N\ [
o o101 KDE
@ O
21000 YT
100 102 10° 104 10° 10° 101 102 103 10% 10° 106
number GANed number GANed

 However, quantile measure breaks down for sparse data
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Toy Model: 1D DASHH.

- large n,,ny — global properties of the fit
100 10 quantiles 20 quantiles 50 quantiles
100 data points 100 data points 100 data points
Q v A
5 5 £ 1%
> GAN > > IGAN sample
O, A e e
010~ \ sample o v 200 -------------------------------------------------------------------
9 \\ KDE 2l0” : IS 288 """"""""""""""""""""""""""""""""""""
S L — —— 5 S10 KDE———
B e e s 1000 y—
1200
101 102 10° 10* 105 106 101 102 103 10* 105 10° 107 102 10° 10% 105 10°

number GANed

number GANed number GANed

 However, quantile measure breaks down for sparse data
Sebastian Bieringer Realistic Calomplification
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Toy Model: 1D DASHH.

« Examine high Mquant and high n;... . —— train data
2 — KDE
» Generate 100 - ng... s
- Examine which data convergesto .| = .
0 fastest I —
» GAN amplifies data by a factor ~5 B e e
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Toy Model: 1D DASHH.

~D nquant_)OO 9
)(Nquant — )( (P(X), Pdata(X)) 10-1 : : ::(r;iEn data
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M}){z (P(.X), P(x)) p— O N o~ e best GAN

72
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N
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 GAN amplifies data by a factor ~5
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Toy Model: 2D

» Ring with gaussian radius
= GAN is trained on cartesian coordinates

« Quantiles are calculated on polar
coordinates

GAN has to learn correlations
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Toy Model: 2D

» Quantiles in radial and angular direction

Sebastian Bieringer

6

4 -

256 training points

Realistic Calomplification

2.0

1.5

6

GANed sampled
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Toy Model: 2D

» Quantiles in radial and angular direction

=
-

16 quantiles
256 data points

radial quantile X
<

-
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o
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number GANed

=
-

16 quantiles

256 data points

P

[

= GAN

D)

O

€107t

E samp F

S | 500 KDE

(@)

G 1000
10741 2000

101 102 103 10* 10> 1

number GANed

Realistic Calomplification
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Bonus: Why is the KDE )(2 so bad? 'DASHH.

» KDE ,underfits” the gaussian
radial distribution

= GAN ,overfits” the uniform
angular data

........

11111111
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Toy Model: 2D DASHH.

4 x 4 quantiles 8 x 8 quantiles
256 data points ' 256 data points

10°

-
-
o

GAN

2

GAN

N

<D P
@ A,
— —1 p—
- +
O (o)
D -
O O

sample

=
-
N

combined
combined

102,

101 102 103 104 105 10° 101 102 103 104 10° 10°
number GANed number GANed

» Unsurprisingly, the dependence on the number of quantiles persists
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Toy Model: 2D DASHH.

Do the same thing again: 1071 - SR
N —— KDE
' ' ' . : — GAN
- Examine high n,.,. and high 7, N AN
- - 1 NF
. Train on n&uant data points Lo pest NF
o 107 1~ el
» Generate 100 - ng,, S
» Examine which data converges to O
(fastest)
103 B
2IO 4IO 6|O 8|O 1(I)O 1éO 1210

N quant
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Calorimeter Simulations: Data pAsHH
I
B

B B
. o

» 269K photon showers at 50 GeV in International Large Detector [1]

/Image- A KUnknown true A KHarder learning task — training on A
distribution, limited data i iNi i i
@haped dataj N 4, \multlple training set sizes unfea3|blej

sum in
3x3
patches

project
along
| z-Axis
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Calorimeter Simulations: Architecture DASHH.

« Change to location-aware VAE-GAN architecture — 2202.0/352 [hep-ph] [2]
Input Output

\ Latent

‘ /
—|
[ Bncater ] 22 (7] Bt o [
/ —| O \ \
‘Image-
ghaped data 3

Discriminator [-| Real /Fake

~ |
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https://arxiv.org/abs/2202.07352

Calorimeter Simulations: Architecture DASHH.

* Change to location aware VAE-GAN architecture [2,3,4]

1x1x30 1x10x10 32x10x10 8x8x8

6x12x12  6x10x10 P 8x6x6 8x6x6 8x3x3 Tx1x1
128x 3" ; G 4\ 3% 3 ( Ix6x06 OHx0Ox0 / : / @ @ @
h(? | / _ﬁ/// Average
o '\'u"() 1) Upsample Upsample 3x Pooling
- ' v i ' Laver - : ILC L Minibatch Discrimination
Lincar Layer Convolution LC Layex LC Layer LC Layer Convolution ayer !
I Leaky ReLU Leaky ReLU : Leaky ReLU Leaky ReLU Concat Diff
Reshaping - Leaky ReLU ReLU .
Batch Norm Batch Norm Spectral Norm Linear Layer

‘Image- |
ghaped data 3
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Bonus: VAE-LAGAN Architecture pnAsSHH

1x1x30 1x10x10 32x10x10 8x8x8

_— 1 ) <192 6x10x10 ) 1\1;) // 8X6X6 8X6X6 8X3X3 1x1x1
| 28x3x. ; 6 4\ 3x3 6Ax6x 6x0x0 / / I ‘- | @ @ @
mi B
, / '. -t .. " m __/// Average
. ~ N(0. 1) Upsample Upsample | | 3x Pooling
I ‘ ' , Layer | - LC L Minibatch Discrimination
Linear Layer Convolution LC Layer LC Layer LC Layer Convolution ayer i
Teons Leaky ReLU Leaky ReLU : Leaky ReLU Leaky ReLU Concat Diff
Reshaping . Leaky ReLU ReLU .
Batch Norm Batch Norm Spectral Norm Linear Layer

» Change to location aware VAE-GAN architecture [2,3,4]:
 discriminator Is trained twice per generator batch

+ learning rate 8 X 107°
» 24h training ~ 50000 epochs of the 1k dataset
* model selection using JSD to training data
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Bonus: VAE-LAGAN Architecture pnAsSHH

Stride stride

.l |
» ~—— J\\per patch

-
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. »f

3
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o

.‘

-

OSSO0 5 0505055050505
Mllllll\llllllllllllllllllllllllll“

Convolutional Layers (left) use the same filters for every position of the image,
Locally Connected (LC) Layers (right) use different filters [2].
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Calorimeter Slmulatlons Setup DASHI—L

218k Geant4 10 2
0.15 4= 1k Geant4 0.10 - 10-3
{= VAE-GAN
019 0.05 - 10~*
0.05 - 10-5
2 2 2
S o 2
=1 g1 =1
Evaluate 1D 0 0 b————— 0
] 600 800 1000 150 200 250
metrics, Euis [MeV]
. a.u.
calculated on .
lMages 0.06 -
0.04 -
0.02 -
40 60 80
CG, |pixels] CG, |pixels] number of active pixels

/ﬂnage- A
Qhaped data 3
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Calorimeter Simulations: Setup pASHH

218k Geant4 4
0.15 9= 1k Geant4 0.10 - 18_3 7
1= VAE-GAN 7
010 0.05 - 10—
0.05 - 10_5
2 2 2
S o o
=1 =1 =1
Evaluate 1D o ol oA
600 800 1000 150 200 250 10 10

Eixel > bMeV [MeV]

metrics, Byis [MeV]
calculated on
Images

10 12 14 16

CG, |pixels] CG, [pixels] numbe]; of a5ctl\i/\[fe \/pixels
above ¢

/ﬂnage- A
Qhaped data 3
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Calorimeter Simulations: Setup pASHH

= Split into 218k validation data points and 50k evaluation data points
» Generate quantiles by dividing the validation set into equally populated parts

1 splits 2 splits 3 splits 4 splits

250
225
>
= 200
L,? 175

150

1000 600 1000 600 1000 600 1000
Eyis [MeV]
@ nknown true A

distribution, limited data
\_ /
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Calorimeter Simulations: Setup pASHH

. — 1 8i 1%
Calculate deviation metric Dy(g||p) =~ D | gilog- + p;log -

0.€Q ~(8i + P ~(gi + p;)

1 splits 2 splits 3 splits 4 splits

250
225
>

QO

= 200

e

& 175
150

1000 600 1000 600 1000 600 1000
E.is [MeV]

KUnknown true A
distribution, limited data
\_ —/
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Calorimeter Simulations: Results ‘nASHH

» Evaluate for fixed training (1k) and evaluation set sizes (95k, 10k, 50k)

- Use less than ng,../ 10 bins

E Evis

JS -

10—1 3

10—2_; 11{".51{“.
10—3 E

llllll
s ®
.

a
-“-
.
.
™

L]
. n "

- o
- -
:

1k—1000k

218k validation
showers

Geant4

— VAE-GAN

4 16 64 256 1k 4k 16k

nquant

Sebastian Bieringer

Epixel > HMeV

4 16 64 256 1k 4k 16k

16 64 256 1k 4k 16k

/’/):m11n1/\'4-

nquant

(" H

O \

Kmultiple training set sizes unfeasiblej

Realistic Calomplification
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Calorimeter Slmulatlons Results DASHI—L

- - Erixel > 5MeV

» Evaluate for fixed training .- S ” > -
Set Slze 103 1k—1000k | 10_3% ii (k—1000k

« Add multiples of the e ,/
training set size B e o B e /R e

= Use less than n,../ 10 bins 7

-------
s ="
. "

s ®

.

103 E

10—4 3 ,

10—°

4 16 64 256 1k 4k 16k 4 16 64 256 1k 4k 16k

KHarder learning task — training on A
Kmultiple training set sizes unfeasiblej

nnnnnnn
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Calorimeter Simulations: Results ‘nASHH

» Evaluate for fixed training (1k) and evaluation set sizes (95k, 10k, 50k)

- Use less than ng,.,/ 10 bins _ Evis V8 Epeax
Djs ;
10—1—;
10—2é

» High-scale features: limited by amount of :
training data 1073 3

1k—
1000k

= | ow-scale features: GAN estimation can 218k validation

not be matched by adding more data ¥ ower

1075 —— VAE-GAN

' I r
4 16 64 25 1k 4k 16k

nquant
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Calorimeter Simulations: Results ‘nASHH

CG, vs CGy, _ Eyis V8 Epeak V8 CGy vs CG,,
JS

« Evaluate for fixed training  ». P 43 By

IS
S

set size
« Add multiples of the s — i
training set size o I oy
. 103 S gzaEn.téAN 107 4/ 107>
| Use IeSS than ndata/ 10 bInS | zll | 1I6 | 6I4nquj>n6tl 1'k | 4'k Ilf'ik | éll | 1I6 | 6I4 anjf l'k | 4'k Ilék | éll | 1I6 | 6I4 anjf 1'k | 4'k Ilék
» High-scale features: limited by amount of training data
» Low-scale features: GAN estimation can not be matched
by adding more data
KHarder learning task — training on A

Kmultiple training set sizes unfeasiblej

Sebastian Bieringer Realistic Calomplification 27.04.2022 | CDCS X



Calorimeter Simulations: Results ‘nASHH

How good is the density estimation actually?

» Compare to KDE and histogram estimators (maximizing log-
likelihood of cross-validation sets)

a.u.

243k Geant4
0.008 - -
- |1k Geant4
0.006 4 — histogram _
—  KDE
0.004 - -
0.002 - _

OOOO | - | ! | ' | ' |
1000 600 700 300 900 1000
Eyis [MeV]

600 700 300 900
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Calorimeter Simulations: Results ‘nASHH

_ Ery;
. Generate 10° samples DS | gt o Es
" valldatloll SNIOWETS

fror_n every density | 1000k sampled observables

estimator 0.008 - VAE-GAN "

| == histogram
0.0060 1 —— KDE 1k
0.004 -

* GAN outperforms _ 5k
standard density L)
estimators 0.002 et 1k

i
0.000 S T T T T T T
4 16 64 256 1k 4k 16k

nquant
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Calorimeter Simulations: Results ‘paAsH

_ Evis — Epeak — Evis VS Epeak
Djs o Djs - Djs o
243k validation showers 243k validation showers
1 1000k sampled observables 0.008 - 1 1000k sampled observables 1k
6 0.008 7 —— VAE-GAN 1k - 1k 00871 — vAR-GAN
« Generate 10” samples - | et
0.006 1 —— KDE 1k 0.0691 —— kpE o
from every density T ~
bk ] bk
eStI m ato r 0.002 - ‘, ‘‘‘‘‘ ?l}i 00021 ) ii o
0.000 I‘ ! -I‘“' : ! | ! | ! | ! | 0.000 ! ! | ! | ! | ! | ! | 0.00 - T | ! ! | ! | ! |
4 16 64 256 1k 4k 16k 4 16 64 256 1k 4k 16k 4 16 64 256 1k 4k 16k
nquant nquant nquant
_ CG, _ CG, _ CG, vs CG,
Djs Djs Djs
0.03
0.02
0.002 -
* GAN outperforms
" ) 0.01 A
standard density | o1
eStImatO rS 000 le | 1I6 | 6I4 I2$6I 1Ik | 4Ik Ilflik 000 éll | 1I6 | 6I4 I2$6I 1Ik | 4Ik Ilék 0 4 | 1I6 | 6I4 I2$6I 1Ik | 4Ik Ilflik
nquant nquant nquant

KHarder learning task — training on
Kmultiple training set sizes unfeasiblej

Sebastian Bieringer Realistic Calomplification 27.04.2022 | CDCS X



Conclusion DASHH.

» What about # samples”? How many new points should we generate from a
generative model?

» Depends on GAN setup and problem

* For high-scale observables (e.g. mean, standard deviation, low
moments) generative network limited to the amount of training
data

* For a smooth interpolation (e.g. segments of the distribution,
Integrated quantities) a generative networks outperform even
higher numbers of data
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Why do we need
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where we can use the CDF F of the underlying histogram
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h — 0 and hn,n — oo the integrated square error between the true underlying function and the histogram converges to 0. In the same limit the
measure fulfills
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