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well with Nvoxels
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3

Latent space 

with simple base distribution


z ~ Z

p(x) = π( f(x)) det
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Bijective transformation  f
Data space 


with more complex distribution
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Density estimation, p(x)

Sample generation

where  f(x) = z
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CaloFlow (Dataset 1)
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• Rational Quadratic Splines chosen as transformations

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

• Parameters  of a composition of RQS are NN known as MADE 
blocks Germain et al. [1502.03509]


• Goal: Learn parameters  

θ

θ
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Teacher (MAF):

Papamakarios et al. [arXiv:1705.07057] 

- Slow in sampling

- Fast in density estimation

Student (IAF):

Kingma et al. [arXiv:1606.04934] 

- Fast in sampling

- Slow in density estimation

Trained with Probability 
Density Distillation


van den Oord et al. [arXiv:1711.10433]
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Teacher MAF trained with LL, weights frozen
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        Loss = MSE(z, z′￼) + MSE(x, x′￼) + MSE(zi, z′￼i)
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Classifier scores (DS 1)
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All AUC and JSD much below 1  High fidelity    ⟹
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 flow-1: 

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

π+

Other CF models:

Uniform random of noise 
[0, 1] keV added to voxels
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Only 230 events in 
training data

 flow-1: 

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

π+

Other CF models:

Uniform random of noise 
[0, 1] keV added to voxels
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/NDF = 1.55χ2

 flow-1: 

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

π+

Other CF models:

Uniform random of noise 
[0, 1] keV added to voxels
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/NDF = 1.17χ2
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Teacher and student overlapped

 Flow 2 well-trained⟹
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iCaloFlow (Datasets 2 & 3)
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• Physical intuition

Particles propagate through calorimeter primarily in one direction

Pattern of energy deposition in given layer should be largely dependent on that in the previous layer


• Main idea

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

Condition on previous layer’s voxel energy distribution

Note: L2LFlows is an earlier work based on a similar idea Diefenbacher et al. [2302.11594]


Used one flow per layer

Conditioned on 5 previous layers
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Îia

E45
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Inductive step!

Flow-3 is trained simultaneously on all 

voxel energies beyond layer 1
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Teacher+Student pairing
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Classifier scores (DS 2 & 3)
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LLF classifier score 
better than HLF score?!


Perhaps LLF classifier has  
insufficient capacity 



Sparsity

• Large number of zero voxels in Datasets 2 & 3

75% for Dataset 2

90% for Dataset 3

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



0.0 0.5 1.0
Sparsity f0

0.0

0.1

0.2

0.3

N
or

m
al

iz
ed

co
un

ts

Layer 1

Dataset 2

Teacher

Student

0.0 0.5 1.0
Sparsity f0

0.00

0.02

0.04

0.06

0.08

N
or

m
al

iz
ed

co
un

ts

Layer 10

Dataset 2

Teacher

Student

0.0 0.5 1.0
Sparsity f0

0.0

0.1

0.2

0.3

N
or

m
al

iz
ed

co
un

ts

Layer 20

Dataset 2

Teacher

Student

0.0 0.5 1.0
Sparsity f0

0.0

0.2

0.4

0.6

0.8

N
or

m
al

iz
ed

co
un

ts

Layer 45

Dataset 2

Teacher

Student

0.0 0.5 1.0
Sparsity f0

0.0

0.2

0.4

0.6

0.8

N
or

m
al

iz
ed

co
un

ts

Layer 1

Dataset 3

Teacher

Student

0.0 0.5 1.0
Sparsity f0

0.00

0.05

0.10

0.15

0.20

0.25

N
or

m
al

iz
ed

co
un

ts

Layer 10

Dataset 3

Teacher

Student

0.0 0.5 1.0
Sparsity f0

0.0

0.1

0.2

0.3

0.4

0.5

N
or

m
al

iz
ed

co
un

ts

Layer 20

Dataset 3

Teacher

Student

0.0 0.5 1.0
Sparsity f0

0.0

0.2

0.4

0.6

0.8

1.0

N
or

m
al

iz
ed

co
un

ts

Layer 45

Dataset 3

Teacher

Student

Sparsity

13



0.0 0.5 1.0
Sparsity f0

0.0

0.1

0.2

0.3

N
or

m
al

iz
ed

co
un

ts

Layer 1

Dataset 2

Teacher

Student

0.0 0.5 1.0
Sparsity f0

0.00

0.02

0.04

0.06

0.08

N
or

m
al

iz
ed

co
un

ts

Layer 10

Dataset 2

Teacher

Student

0.0 0.5 1.0
Sparsity f0

0.0

0.1

0.2

0.3

N
or

m
al

iz
ed

co
un

ts

Layer 20

Dataset 2

Teacher

Student

0.0 0.5 1.0
Sparsity f0

0.0

0.2

0.4

0.6

0.8

N
or

m
al

iz
ed

co
un

ts

Layer 45

Dataset 2

Teacher

Student

0.0 0.5 1.0
Sparsity f0

0.0

0.2

0.4

0.6

0.8

N
or

m
al

iz
ed

co
un

ts

Layer 1

Dataset 3

Teacher

Student

0.0 0.5 1.0
Sparsity f0

0.00

0.05

0.10

0.15

0.20

0.25

N
or

m
al

iz
ed

co
un

ts

Layer 10

Dataset 3

Teacher

Student

0.0 0.5 1.0
Sparsity f0

0.0

0.1

0.2

0.3

0.4

0.5

N
or

m
al

iz
ed

co
un

ts

Layer 20

Dataset 3

Teacher

Student

0.0 0.5 1.0
Sparsity f0

0.0

0.2

0.4

0.6

0.8

1.0

N
or

m
al

iz
ed

co
un

ts

Layer 45

Dataset 3

Teacher

Student

Sparsity

13

 defined as avg fraction of 
non-zero voxels in layer

f0
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Low fraction of non-zero 
voxels in early and late 

layers!

 defined as avg fraction of 
non-zero voxels in layer

f0



Average layer energy deposition
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Average layer energy deposition
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Teachers match 
GEANT4 well!



Average layer energy deposition
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Student performs poorer in 
earlier/later layers (sparsity)
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Shower shape
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Shower shape
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Good overall agreement! 
Again, deviations mostly in 

early/late layers



Generation timing (DS2)
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Generation timing (DS2)
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Generation timing (DS2)
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Generation timing (DS2)
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Generation timing (DS3)
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Generation timing (DS3)
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Generation timing (DS3)
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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, /NDF, classifier scores)


Up to  speed up compared to GEANT4


• iCaloFlow for Dataset 2 & 3  [arXiv: 2305.11934]

Inductive approach works quite well!

Memory efficient (only 3 flows)


Up to -  speed up compared to GEANT4

Future work: Coupling-layer flows realization of inductive setup

χ2

𝒪(105)

𝒪(104) 𝒪(105)
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Thank you!



Backup



Pre-processing for CaloFlow
• Flow-1


Logit and Unit-space transformed  :   

,  where  is constant


Log-transformed   (  normalized by constant)


• Flow-2

Log-transformed  and   (  and  normalized by constant)





Logit-transformed voxel energies (voxel energies normalized by )


Ei

u1 =
∑N

i=1 Ei

βEinc
ui =

Ei

∑N
j=i Ej

β

Einc Einc

Einc Ei Einc Ei

Ei
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Architecture for CaloFlow
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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

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

• LR schedule


Regular Cyclic LR for  teacher

OneCycle LR for other models

π+

γ
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Cyclic LR
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Pre-processing for iCaloFlow
• Flow-1


Log-transformed  (  normalized by constant)


Logit-transformed   (  normalized by constant)


• Flow-2 & 3

Log-transformed  (  normalized by constant)


Logit-transformed   (  normalized by constant)


Logit-transformed voxel energies (voxel energies normalized by )

Einc Einc

Ei Ei

Einc Einc

Ei Ei

Ei
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Architecture for iCaloFlow
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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

Multistep LR for DS3 teacher (including flow-1)

OneCycle LR for other models

Ei
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