Calorimeter Simulation with Normalizing Flows:
CALOFLOW

— Foundation models and detector simulation, CERN —

Claudius Krause

Institute for Theoretical Physics, University of Heidelberg
and Rutgers, The State University of New Jersey

November 21, 2022

/772 e | @ RUTGERS

Zukunft. Seit 1386. UNIVERSITY | NEW BRUNSWICK

In collaboration with David Shih
arXiv: 2106.05285 and  arXiv: 2110.11377

Claudius Krause (ITP Heidelberg) CaloFlow November 21, 2022 1/14


https://arxiv.org/abs/2106.05285
https://arxiv.org/abs/2110.11377

Simulations bridge Theory and Experiment.

scattering

decay

o[

ISR/SFR

e

|

shower

%

0{6

B

Machine Learning and LHC Event Generation, A. Butter et al. [2203.07460]

Claudius Krause (ITP Heidelberg)

CaloFlow

November 21, 2022

2/14



Simulations bridge Theory and Experiment.
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CALOFLOW uses Normalizing Flows.

p
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distribution transformation distribution
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plx) = m(f(x)) |det 22
density estimation, p(x)
sample generation
.
(
v~ We have direct access to the log-likelihood.
= Can optimize based on the maximume-likelihood estimation
(no saddle point!).
= Model selection is straightforward.
v Flows are less prone to mode collapse and artefacts in samples.
=
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= Model selection is straightforward.

x Don't scale well with dimensionality.

v~ We have direct access to the log-likelihood.

= Can optimize based on the maximume-likelihood estimation
(no saddle point!).

v Flows are less prone to mode collapse and artefacts in samples.
x Sparse data is hard to model with continuous trafo.

x There is a tradeoff between sampling and inference time*.

*applies to CALOFLOW.)
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First Application: CALOFLOW to CALOGAN Data.

@ We consider a toy calorimeter inspired by the ATLAS ECal:
flat alternating layers of lead and LAr

@ They form three instrumented layers of dimension
3% 96, 12 x 12, and 12 X 6

Pb Absorber, IAr Gap, 10 GeV e
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CaloGAN: Paganini, de Oliveira, Nachman [1705.02355, PRL; 1712.10321, PRD]
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We use the same calorimeter geometry as CALOGAN

The GEANT4 configuration of CALOGAN is available at
https://github.com /hep-Ibdl/CaloGAN

We produce our own dataset: available at [DOI: 10.5281/zenodo.5904188]
Showers of e™,~, and 7 (100k each)
All are centered and perpendicular

Einc is uniform in [1,100] GeV and given in addition to the energy
deposits per voxel:
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CaloGAN: Paganini, de Oliveira, Nachman [1705.02355, PRL; 1712.10321, PRD]
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CALOFLOW uses a 2-step approach to learn p(f\Emc).

P )
Flow |
e learns py(Ey, E1, Eo| Eine)

@ is optimized using the log-likelihood.

( N

Flow I N
o learns py(Z|Eo, E1, E>, Einc) of normalized showers

@ in CALOFLOW vl (2106.05285 — called “teacher”):

@ Masked Autoregressive Flow trained with log-likelihood
@ Slow in sampling (= 500 slower than CALOGAN)

@ in CALOFLOW v2 (2110.11377 — called “student”):

@ Inverse Autoregressive Flow trained with Probability Density

Distillation from teacher (log-likelihood prohibitive)
van den Oord et al. [1711.10433]

i.e. matching IAF parameters to frozen MAF

@ Fast in sampling (= 500 faster than CALOFLOW v1)
. v
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A Classifier provides the “ultimate metric”.

s -
According to the Neyman-Pearson Lemma we have:
@ The likelihood ratio is the most powerful test statistic to distinguish
the two samples.

@ A powerful classifier trained to distinguish the samples should therefore

|earn (something monotonically related to) thIS
o If this classifier is confused, we conclude pgranra(X) = Pgenerated(X)
= This captures the full 504-dim. space.

? But why wasn't this used before?

= Previous deep generative models were separable to almost 100%!

DCTRGAN: Diefenbacher et al. [2009.03796, JINST]
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CALOFLOW passes the “ultimate metric” test.

According to the Neyman-Pearson Lemma we have:
PGranta(X) = Pgenerated(x) if a classifier cannot distinguish data from
generated samples.

AUC

DNN based classifier
AUC
GEANT4 vs. | GEANT4 vs. (teacher) | GEANT4 vs. (student)
CALOGAN CALOFLOW v1 CALOFLOW v2
et 1.000(0) 0.859(10) 0.786(7)
5 1.000(0) 0.756(48) 0.758(14)
xt 1.000(0) 0.649(3) 0.729(2)

(€ [0.5,1]): Area Under the ROC Curve, smaller is better, i.e. more confused
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Sampling Speed: The Student beats the Teacher!

CaLoFLow* CALOGAN* | GeEaNT4!
teacher | student

| training | 22482 min | + 480 min 210 min 0 min

ti ti
generation Me | 365 ms | 0.08 ms 0.07 ms 172

per shower

on our TITAN V GPU, T: on the CPU of CaloGAN: Paganini, de Oliveira, Nachman [1712.10321, PRD]
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CALOFLow: Comparing Shower Averages: e

CaLoFLow
teacher

CaLoFLow
student

GEANT4

CALOGAN

Claudius Krause (ITP Heidelberg)

GEANT4 CaloFlow student CaloFlow teacher

CaloGAN

010 20 30 40 50 60 70 80 90
ncellD

Layer 0

010 20 30 40 50 60 70 80 90
ncelliD

Layer 0

Layer 0

010 20 30 40 50 60 70 80 90
celliD

Energy (Mev)

Energy (Mev)

Energy (Mev)

Energy (Mev)

scelp

6 celip

o

sc

n

b c

Laver1

0123456769101
ncelo

Laver1

0123456789101
ncello

Layer1

0123456789100
ncell o

Laver1

0123456789101
c

nceln

CaloFlow

Energy (MeV)

Energy (MeV)

Energy (Mev)

Energy (Mev)

scelo

celin

o

oc

celn

2 3
Aceno

Layer 2

2 3
acenD

Layer 2

Energy (MeV)

2 3
Acenn

November 21, 2022

Energy (MeV)

Energy (Mev)

Energy (MeV)

10/14



CALOFLOW: histograms: e™
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CALOFLOW: histograms: e™
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We are now applying CALOFLOW to other datasets, too.

We have a rapidly evolving field: need a survey of current approaches
on a common dataset!

= Fast Calorimeter Challenge 2022 Y .

Michele Faucci Giannelli, Gregor Kasieczka, CK, Ben Nachman,
Dalila Salamani, David Shih, and Anna Zaborowska

@ Dataset 1:  AtlFast3 trainig data (v: 368, m: 533 voxels)
[2109.02551, Comput.Softw.Big Sci.] CK, |. Pang, D. Shih [2210.14245]

o Dataset 2:  simulated detector (e™: 6480 voxels)
CK et al. [in preparation]

@ Dataset 3:  simulated detector (e~: 40500 voxels)
CK et al. [in preparation]
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https://calochallenge.github.io/homepage/
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Taming Jacobians 1: with Autoregressive Blocks

MADE Block

p
bijector input cond. input
Q Q [e] . 0 O O
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transformation parameters
\

J<i)

Implementation via masking:

@ a single “forward" pass gives
all GX’.(X,'_]. oo -Xl)-
= very fast

@ its “inverse” needs to loop
through all dimensions.
= very slow

Germain/Gregor/Murray/Larochelle [arXiv:1502.03509]

@ Masked Autoregressive Flow (MAF) is slow in sampling and fast in inference.

Papamakarios et al. [arXiv:1705.07057]

@ Inverse Autoregressive Flow (IAF) is fast in sampling and slow in inference.

Kingma et al. [arXiv:1606.04934]
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Taming Jacobians 1: with Autoregressive Blocks

MADE Block G<i)
4 N\
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= very slow

Germain/Gregor/Murray/Larochelle [arXiv:1502.03509]

@ Masked Autoregressive Flow (MAF) is slow in sampling and fast in inference.
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@ Inverse Autoregressive Flow (IAF) is fast in sampling and slow in inference.
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Taming Jacobians 2: with Bipartite Blocks

(0ca(x€B) &  Oecn(x € A)|

@ Coordinates are split in 2 sets, transforming each other.

-+ Forward and inverse pass are equally fast.
— Not as powerful as autoregressive blocks.

Dinh et al. [arXiv:1410.8516]

XA

Y permutation |—>

XB

RQS(x5;0(xa))
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Adding Noise is important for the sampling quality.

training with noise

= n* GEANT
29
900 — test with noise 10 = 2.0 n* CaloFlow, no noise
I training without noise = . 8 N
800 —— test without noise 3 m* CaloFlow, with nolse
=4
o}
1
10t 5§ 15
H
—10007 100 10
-1200
~1400 {
-1600{ 10-1 05
-1800 {
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@ The log-likelihood is less noisy, but smaller. Yet, the quality of the
samples is much better!

@ This is due to a “wider” mapping of space and less overfitting.
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CALOFLOW: Flow I+l histograms: e
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CALOFLow: Flow Il histograms: e*

10
25 4
8 20 3
6 15
2
4 10
2 5 1
GO.DO 0.25‘ 0.50 0.75 1.00 GO.JO 0.25 0.50 0.75 1.00 00.:)0 0.25 0.50 0.75 .00
Eratio, 0 Eratio, 1 Eratio, 2
8 3.0]
5
2.5
6 4
2.0
3
4 15
2 1.0
2
1 0.5
0 ook o ‘ 0.0 =
0.00 0.25 050 0.75 1.00 0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
Sparsity in Layer 0 Sparsity in Layer 1 Sparsity in Layer 2
+ " — +
e™ GEANT L=.1 e™ CaloFlow teacher
- + +
~__1 e* CaloGAN [ e™ CaloFlow student

Claudius Krause (ITP Heidelberg)

CaloFlow

November 21, 2022

14/14



Nearest Neighbors: e™ (student)

Eior=5.0 GeV. Etor = 10.0 GeV/ Etor = 20.0 GeV/ Egor = 50.0 GeV/ Eor = 95.0 GeV/
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Comparing Shower Averages: ~
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Flow | histograms: ~
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Flow Il histograms: ~
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Nearest Neighbors: ~ (student)
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Comparing Shower Averages:
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CALOFLOW: Flow | histograms: 7
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CALOFLOW: Flow I+l histograms: 7™
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CALOFLow: Flow Il histograms: 7"
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CALOFLOW: Nearest Neighbors: 7" (student)
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