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Normalizing Flows (Overview)

Latent space
with simple base distribution
z~/Z

i
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Normalizing Flows (Overview)

Latent space Data space
with simple base distribution ﬁ Bijective transformation f ﬁ with more complex distribution
z~/Z X~ X
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where f(x) =z

Density estimation, p(x)
Needs to be tractable!

Sample generation
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CaloFlow (Dataset 1)

* Rational Quadratic Splines chosen as transformations

Durkan et al. [arXiv:1906.04032], Gregory/Delbourgo [IMA J. of Num. An., ‘82]

» Parameters 6 of a composition of RQS are NN known as MADE
bloCKS cermain et al 11502.03509]

e Goal: Learn parameters ¢
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MAF trained
with LL




CaloFlow (Dataset 1)

Flow 1: p1(F;|Finc)
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CaloFlow (Dataset 1)

Flow 1: p1(F;|Finc)

PR 5 P ;S —— En

Student (IAF):

Kingma et al. [arXiv:1606.04934]

Teacher (MAF):

Papamakarios et al. [arXiv:1705.07057]
- Fast in sampling

- Slow in density estimation

- Slow in sampling
- Fast in density estimation

Flow 2: p2(Zy|Eine, E;)



CaloFlow (Dataset 1)

FlOW 1: D1 (Ei‘Einc)
Trained with Probability

Density Distillation
van den Oord et al. [arXiv:1711.10433]

PR 5 R A ———

Student (IAF):

Chor
Fastinsampling | .éw

- Slow in density estimation

Teacher (MAF):
Papamakarios et al. [arXiv:1705.07057]
- Slow in sampling
- Fast in density estimation

Flow 2: p2(Zy|Eine, E;)



Probability Density Distillation

Teacher MAF trained with LL, weights frozen

Fast pass: Density estimation

m

Slow pass: Sample generation

Student |IAF

Slow pass: Density estimation

m

Fast pass: Sample generation

Loss = MSE(z, z’) + MSE(X, X’) + MSE(z,, z/)
+MSE(x;, x) + MSE(p,, p.) + MSE(p,, p.)
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Probability Density Distillation

Teacher MAF trained with LL, weights frozen

Fast pass: Density estimation

Slow pass: Sample generation

Student |IAF

Slow pass: Density estimation

Fast pass: Sample generation

Loss =fMSE(z, z’)H+ MSE(x, X’) + MSE(z,, z)
+MSE(x;, X)) + MSE(p,, p,) + MSE(p,, py)
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Probability Density Distillation

Teacher MAF trained with LL, weights frozen

Fast pass: Density estimation

Student |IAF

Slow pass: Density estimation

— -

—_—

Fast pass: Sample generation

Loss = MSE(z, z’) HMSE(X, x|+ MSE(z,, z)
+MSE(x;, x!) + MSE(p,, p,) + MSE(p,, py)

Slow pass: Sample generation

MNad~



Probability Density Distillation

Teacher MAF trained with LL, weights frozen

Fast pass: Density estimation

MNad~

Slow pass: Sainple generation

Slow pass: Dgnsity estimation

Fast pass: Sample generation

pX’ pX

LLoss = MSE(z,z") + MSE(x.X') +
+MSE(x;, x;) HMSE(p,, p,) i+ M



Probability Density Distillation

Teacher MAF trained with LL, weights frozen

Fast pass: Density estimation

Noise

= Slow pass: Sainple generation

Slow pass: Dgnsity estimation

Fast pass: Sample generation

Loss = MSE(z.z") + MSE(x, x') + MSE(z.. z.
MSE(x;, X)) - MSE(p,, p,) HMSE(p,, p)



Classifier scores (DS 1)

AUC / JSD
(GEANT4 vs.

CALOFLOW (teacher)

G

DNN based classifier

EANT4 vs.

CALOFLOW (student)

low-level 0.701(3) / 0.092(3)

0.739(3) / 0.131(4)

" [highlevel | 0.551(3) / 0.013(2) | 0.556(3) / 0.015(2)
.| low-level 0.779(1) / 0.185(2) 0.854(3) / 0.313(6)
high-level | 0.698(2) / 0.104(3) | 0.726(3) / 0.128(3)

All AUC and JSD much below 1 = High fidelity
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77T flow-1:

Uniform random of noise
[0, 0.1] keV added to
voxels

Other CF models:
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y shower shape

Center of Energy in An in layer 1 Width of Center of Energy in An in layer 1
1072 107
107 T |10+ 9
W{ﬁ;“ L“HM BlY Teacher and student overlapped
100 -50 0 50 100 0 25 50 75 10 — Flow 2 well-trained
'mm]| 'mm]|
Center of Energy in An in layer 2 Width of Center of Energy in An in layer 2
10_1€
10~
1072
107
~100 =50 0 50 100 O 25 50 75 100
'mm]| mm]
GEANT4 [ 1 ~ CaloFlow teacher i v CaloFlow student



Average generation time / Event [ms]

Generation timing

GEANT4 CPU [0(10%) ms]

101 102 103
Batch size

104

10



Average generation time / Event [ms]

Generation timing

10° =

104 e GEANT4 CPU [©(10%) ms]

103 =

102~

101 \‘~~ss
~\\.‘

100 -

101

102 ———— —rr —r

10° 101 102 103 104

Batch size
-®- CF CPU

10



Generation timing

Average generation time / Event [ms]

-
o
o

e GEANT4 CPU [0(10%) ms]

~

n
Sy ~

-
-
N

Sy \\
TSl ‘\N
\\‘ s\\~
\\\\\
‘‘‘‘‘ °
\\\\
o
\\‘ __________
10° 101 102 103 104
Batch size

-®- CF GPU -®- CF CPU




iICaloFlow (Datasets 2 & 3)

* Physical intuition
O Particles propagate through calorimeter primarily in one direction
O Pattern of energy deposition in given layer should be largely dependent on that in the previous layer

 Main idea
o Have ONE flow to learn each layer’s voxel energy distribution inductively!

o Condition on previous layer’s voxel energy distribution

O Note: L2LFlows is an earlier work based on a similar idea piefenbacher et al. [2302.11594]
o Used one flow per layer
o Conditioned on 5 previous layers

11



iICaloFlow (Datasets 2 & 3)
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iICaloFlow (Datasets 2 & 3)

Flow 1: P1 (Ei‘EinC)

F E, Fi— E; Fys

] 1 1 1 1
MAF trained with LL @ @ @ @ @

ool R !

Lia Laq Li—1)a Lia L45a
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iICaloFlow (Datasets 2 & 3)
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iICaloFlow (Datasets 2 & 3)

Teacher + Student
pairing
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iICaloFlow (Datasets 2 & 3)
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Flow 3: p3(Zia|Eine, Ei, Ei—laj(i—l)aa i)
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iICaloFlow (Datasets 2 & 3)

Flow 1: p1(E;|Einc)

Tt t i
L 4 [

Flow 3: p3(Zia|Finc, Eis Bi—1,Z(i—1)a, 1)

Inductive step!

Flow-3 is trained simultaneously on all
voxel energies beyond layer 1

11



iICaloFlow (Datasets 2 & 3)

Flow 3: p3(Zia|Finc, Eis Bi—1,Z(i—1)a, 1)

Teacher+Student pairing

11



Classifier scores (DS 2 & 3)

low-level features

high-level features

AUC JSD AUC JSD
DS2 teacher 0.797(5) 0.210(7) 0.798(3) 0.214(5)
DS2 student 0.840(3) 0.286(5) 0.838(2) 0.283(4)
DS3 teacher | 0.911(3) | 0.465(6) | 0.941(1) | 0.561(3)
DS3 student || 0.910(8) | 0.462(18) | 0.951(1) | 0.601(5)

12



Classifier scores (DS 2 & 3)

LLF classifier score

low-level features

high-level features

better than HLF score?! C ISD AUC ISD
Perhaps LLF classifier has
insufficient capacity ~ SidsY 0.210(7) 0.798(3) 0.214(5)
DS2 s 0(3) 0.286(5) 0.838(2) 0.283(4)
DS3 teacher 0.911(3) 0.465(6) 0.941(1) 0.561(3)
DS3 student || 0.910(8) | 0.462(18) | 0.951(1) 0.601(5)
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Sparsity

* Large number of zero voxels in Datasets 2 & 3
o 75% for Dataset 2
o 90% for Dataset 3
o cf. 30% for photons and 60% for pions (Dataset 1)

* Adding [0, 5] keV uniform noise to voxels ensure that flow does not
only learn zero voxels

13
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Average layer energy deposition
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Average layer energy deposition
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Normalized counts
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Generation timing (DS2)
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Generation timing (DS3)
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Summary
* CaloFlow for Dataset 1 [arXiv: 2210.14245]

© Good performance on DS 1 (histograms, )(2/NDF, classifier scores)

° Up to O(10°) speed up compared to GEANT4

» |CaloFlow for Dataset 2 & 3 [arXiv: 2305.11934]

O |Inductive approach works quite well!
o Memory efficient (only 3 flows)

o Upto O(10%)-0(10°) speed up compared to GEANT4

o Future work: Coupling-layer flows realization of inductive setup



Thank you!






Pre-processing for CaloFlow

Flow-1

© Logit and Unit-space transformed E. :

ZN o I i =a+(1—-2a)u; and a=10"°.
i=1""" i .
Uy = U = where f# is constant o il

S ook = R

O Log-transformed E.

1ncC
Flow-2
© Log-transformed £, . and E; (£,

1nc

(E: . normalized by constant) logqo (Einc/33.3 GeV) € [—2.5,2.5]

1nc

and E; normalized by constant)

logo ((E; +1 keV) /100 GeV) — 1 € [—2,4]

© Logit-transformed voxel energies (voxel energies normalized by E)
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Architecture for CaloFlow

input | hidden | output

Teacher | 378 | 1 x 378 | 8464

! Student | 736 | 1 x 736 | 8464
N Teacher | 533 | 1 x 533 | 12259
§ Student | 500 | 1 x 500 | 12259
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Training details of CaloFlow

* Noise added to voxels during training

© Uniform random of noise [0, 0.1] keV for £~ flow-1

o Uniform random of noise [0, 1] keV for other models

* LR schedule
© Regular Cyclic LR for y teacher

o OneCycle LR for other models

24



Cyclic LR

maXx LR &

pase LR / \/\/’\
Step size
Batches/Epochs
(a) Regular cyclic LR
max LR

Annihilation phase

base LR

Batches/Epochs

(b) OneCycle LR
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Pre-processing for iCaloFlow

* Flow-1
O Log-transformed E; . (E. . normalized by constant) "7 °%u s ey € 151
© Logit-transformed E; (£, normalized by constant) E: — z: = (E; +rand[0.5 keV1)/65 GeV.
y; = log ; ﬁiui’ u; = a+ (1 —2a)x;,
* Flow-2 &3
© Log-transformed E. . (E; . normalized by constant) Tia — Ziq + rand|0, 5 keV]

i . Tio = Lia] Y T = Liq
© Logit-transformed E; (E; normalized by constant) b

Ui = a+ (1 — 204)12-@
O Logit-transformed voxel energies (voxel energies normalized by E) Via = log —%




Architecture for iCaloFlow

dim of number of layer sizes number of

base distribution| MADE blocks|input | hidden |output| RQS bins
FLow-1 45 8 206 |2 x 256| 1035 8
FLow-2 teacher 144 8 256 |2 X 256| 3312 8
D521 B Low-2 student 144 g 256 |2 x 256| 3312 | 8
FLow-3 teacher 144 8 256 |2 X 256| 3312 8
FLow-3 student 144 8 348 |2 x 384| 3312 8
Flow-1 45 8 256 |2 x 256| 1035 8
FLOW-2 teacher 900 8 206 |2 x 256| 20700 8
D53 ELow-2 student 900 g 256 |2 x 256] 20700 | 8
FLOW-3 teacher 900 8 256 |1 x 256| 20700 | 8
FLow-3 student 900 8 256 |1 x 256 20700 8
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Training details of iCaloFlow

* Noise added during training

© Uniform random of noise [0, 5] keV added to £; and voxel energies

LR schedule
o Multistep LR for DS3 teacher (including flow-1)
o OneCycle LR for other models
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