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The stage: problem and solution idea
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Fast assessment of design with local surrogate model

To assess detector design i for task j, simulation + reconstruction has to be developed

=> resource demanding
=> not differentiable wrt design
-> High complexity (pixels, hits, ...)
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Fast assessment of design with local surrogate model

To assess detector design i for task j, simulation + reconstruction has to be developed
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=> not differentiable wrt design .
=> High complexity (pixels, hits, ...) arg mé}n 5(X7 D@ (X))
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|dea: replace with surrogate conditioned on local design parameters 6

-> minimizes 0 between the true and reconstructed x How to
-> gives gradient of jwrt O choose ¢ ?
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Mutual information (MI): proxy for ¢ truth vs measurement

Information theoretic metric: MI(A, B) — H(A) — H(A’B)
= average reduction in uncertainty about A when observing B=b

= average amount of information that B conveys about A
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Mutual information (MI): proxy for § truth vs measurement

Information theoretic metric: MI(A, B) = H(A) — H(A|B)
= average reduction in uncertainty about A when observing B=b

= average amount of information that B conveys about A

3 (Dual) Formulation as a Divergence between distributions
—MI can be written as a problem of finding a parametrizable function
—Implement as a neural network

(https://arxiv.org/abs/1801.04062)
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https://arxiv.org/abs/1801.04062

Mutual information (MI): proxy for 0 truth vs measurement

Good choice for (S

min é(z, £) ~ max MI(z, z)

Strengths of MI:
Task agnostic
Tells us if information is conserved during sim+reco process
Captures non-linear dependencies
X is multidimensional
—MI able to cover large part of phase space

—MI able to cover multiple tasks at once — ¢ can be multi-task
Drawback: Must be recomputed for each design and inputs
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Data & Studies

- Geant4 simulation of calorimeter

- Study single particle shot orthogonally at
detector

- Two types of layers: absorber (cheap, lost
info) & scintillator (expensive, yields info)

- Particles: photons

- Recovering energy deposited

material segments

absorber Pb
absorber Pb

scintillator PbWQ4
absorber Pb

scintillator PbWQO4
scintillator PbWQO4
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Data & Studies

- Parameter 6 = layer thickness
- Task: energy resolution
- Constraints: thickness sum

material segments

Studies:

- 1,2,3 layers

- 700 collision events

- Transfer learning: build up knowledge
across optimization iterations -> stitch
together local areas to give big picture

absorber Pb
absorber Pb

scintillator PbWQ4
absorber Pb

scintillator PbWQO4
scintillator PbWQO4
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Local surrogate setup

Gives access to p( ") | 0)—a scalar which encompasses sim+reco process

- Testing surrogate optimization wrt to design parameter layer thickness

Geant simulation
Calo hits
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Regression Surrogate
(MI wrt design
params)
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Base Study 1 layer
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Base Study 1 layer: energy distribution evolution
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Base Study 2 and 3
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Base study 3 layers: energy distribution evolutions
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Transfer learning study, 50 events only, 1 layer
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Transfer learning study, 50 events only, 3 layers
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Challenges and Peculiarities

- Many sources of stochasticity throughout optimization loop
- Unknown / local minima

—challenging to pinpoint and interpret results and find implementation errors

- Ml is sensitive to coverage of distribution (~ #events)
- Miis a metric for an ensemble of events

—projects set of observations to a single value

K.A. Wozniak et al: ML optimal detector design
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Conclusion

Problem:
development of detector involves simulation + reconstruction
—resource demanding & non-differentiable

Solution:

- Surrogate model which maps out local design parameter space and allows for
detector optimization

- Mutual information as a viable metric to encompass high-dimensional
complex design space

Paper: https://arxiv.org/abs/2503.14342

Promising results applying solution to typical HEP tasks

Next steps: transfer learning for Ml, add particle ID objective

23
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The stage: problem and solution idea
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Mutual Information - The Theory

MI(X,Y) = H(X) — H(X|Y)
H ... entropy

a,b
MI(A, B) = [, [, pla,b)log 22"~ dadb

Equivalent to Kullback-Leibler divergence between the joint distribution and the
product of the marginals

Dy (P(X,Y)||P(X) ® P(Y))
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Mutual Information Estimation with DNNs

Mine: Mutual Information Neural Estimation

Donsker-Varadhan dual representation of D

Dy.(U||V) = sup Ey[T] - log(Ev[e")

For a class of functions T for which the expectations are finite

=> Chose T to be parametrized by a neural network Tg

Dy (P(X,Y)||P(X) ® P(Y)) = sup Epyy, [To] — log(Epx)ery)le™])
G
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Mutual information: # layers vs energy

- Ml score for set of designs Y: energy

- Design 8 = number of layers in detector deposited

- Tasks: true energy of particle in each layer
deposited energy

/_\ X: true particle energy

S s MI
%s V/(IE res) Plateau after
Ml oc inverse of 8 majority of
energy S energy absorbed
. =
resolution £
Low MI — Material change in
Energy " | 30 layer 10:
containment qum ayers CSum lead -> brass
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Mutual information: # layers vs particle ID

- Ml score for set of designs

. . K x'Y: energy
- Design 0 = number of layers in detector deposited
- Tasks: ID of particle in each layer
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photons
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Reconstruction Benchmark

Proof of concepit:

- Testing surrogate optimization wrt to several design and input parameters

(#layers, layer thickness, particle energy)

- Comparing MI to ‘standard’ benchmark based on reconstruction error

/\

events
- photon 1-20Gev <_ 5|97 X em
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Surrogate: Scintillator and Absorber Thickness

Applicable to more complex multi-layer problems

Absorbers
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M| Model - architecture

X, Y ... input random variables

Forward [1... permutation

P(X,Y) ~ NN(X,Y)
P(X)® P(Y) ~ NN(X,II(y € Y))
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Reco-Surrogate: Transfer learning

- Design 8 = thicknesses of absorber and scintillator
- Metric O = energy accuracy
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Transfer Learning Hypothesis:

Surrogate is able to map out local 6 landscape across design tests 34
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MINE algo

Algorithm 1 MINE
) « initialize network parameters
repeat
Draw b minibatch samples from the joint distribution:
(D), 2(1), (b) 2(0)) ~ Py 5z
Draw b sdmples from the Z marginal distribution:

Evaluate the lower—bound

_ll,l.z(tl)

V() « 1 > o To(x®,2) —log(: 3;_, ™
Evaluate bias corrected gradients (e.g., moving aver-
age):

G( ) T()V( )
Update the statistics network parameters:
0«0+ G(09)

until convergence

https://arxiv.org/abs/2208.05484
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