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Surrogate Models with ML
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Introduction: generative models

A generator is nothing other than a function
that maps random numbers to structure.

E > {3

Deep generative models: the map is a deep neural network.
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Introduction: GANS

. Generative Adversarial Networks (GANSs):
A two-network game where one maps noise to structure
5 and one classifies images as fake or real. '
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Introduction: VAES

. Variational Autoencoders (VAES): ,
. A pair of networks that embed the data into a latent space
. With a given prior and decode back to the data space. '
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Introduction: NFs

. Normalizing Flows (NFs):
. A series of invertible transformations mapping a known
. density into the data density.

Optimize via
maximum likelihood
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Introduction: Score-based

. Score-based
. Learn the gradient of the density instead of the probability :
. density itself. 5

Forward diffusion (training)
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Calorimeter ML Surrogate Models

visible cell energy [MIPs]

4 10t 10° 10! 102
e* GEANT [ e* GAN 10 o 21 02 1 2491 10
10! Yy GEANT [y GAN /
on Sia 2 2102 2110.11377 Many papers on
100 1705.02355 ' :
..n-u-u-ﬂ—-Hn ' -' [ ] [ ]
- th bject -
R , , 6 NF IS SUD|EC
10_2 z 10‘2_ d v AE [ [ ]
1 -3 4 th | Q
0 — Geant4 See e |V| n
10-4 BIB-AE: ~
-~ Biwp =0.05 2 . f | |
% O [ | I | I I A N 402 ,81\'LD =04 !
10 w04 i review 10r a
102 10-1 100 10t 10°3 : : . ‘ 0.00 0.25 ‘0.50 0.75 1.00
Eo (GeV) 1072 101 100 101 Ei. brightest, layer2
visible cell energy [MeV]
1072 x10°3 x1074
n 1 T T T n S L L B B L IR R o 5.00 T —— L AL N
Q [ (1 CaloScore: VP ] 0} - [ ] CaloScore: VP 1 0} [ 1 CaloScore: VP i
-'E 1.20[-1 CaloScore: subVP N -*E 1.20- [ CaloScore: subVP -'E 1 CaloScore: subVP
() - [ 1 CaloScore: VE [0 [] CaloScore: VE D 4.00 [] CaloScore: VE ]
§ 1_00:_511111113 Geant4 _: § 1.00 i Geant4 _: E iU Geantd ]
'T;U 0.80| - Té 0.80| - Té 3.001 7
E E Score | E 2206.11898
= 0.60[- . = 0.60[- n Z B
] ] 2.00
0.40| . 0.40| N [
0.20- [ Jl ] 0.20[- . : f—‘ ] i ]
000: II I L L \[ | I I I I | I I I I | I I I J: 000 :J I T | | I T | | I T | | T N | T N | J - |: 000_ | | | | IJJLT—vT*‘l _J
— 50 T T T T —~ 50p—m—m—mm™mmm™™——rm———— 77— — 50 w T
o\o - | A | 8 | o\o - | | | | | | | o\o ] Ul o Io ] ] ] o
= o 5 8 g o = T ° o o2 = 8 o
8 0 o —° L° 2 o NN o ) 8 O—%—%8 10— 8 8 B g o 8 0 o NN N MY o) o 2)
c [ o c I c I © o o © ® g o
9 _50_ I il il il il I il il il il I Jo il il il I il L 9 _50 _J I il il il il I il il il il I il il il il I il il il il I il il il il I il il il il I_ 9 _50_ | L L L | L L L | L L L | L L L | L L L | L L Il
“Hq:') 0 100 200 300 qqq:,) 0 500 1000 1500 2000 2500 3000 H‘-IG:) 0 2000 4000 6000 8000 10000
o Number of hits a Number of hits a Number of hits

See also https://calochallenge.github.io/homepage/


https://iml-wg.github.io/HEPML-LivingReview/
https://iml-wg.github.io/HEPML-LivingReview/

ATLAS Collaboration, 2109.02551

Integration into real detector sim.
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The ATLAS Collaboration fast simulation (AF3) now
includes a GAN at intermediate energies for pions




ATLAS Collaboration, 2109.02551

Integration into real detector sim.
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ATLAS Collaboration, 2109.02551

Integration into real detector sim.
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The new fast simulation (AF3) significantly improves jet
substructure with respect to the older one (AF2).
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Differentiable Simulation

X~ N(u,o)
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Differentiable Simulation

X~ N(u,o)

'

X = np.random.normal (mu,sigma)

'

RemOved Z = np.random.uniform(0,1)
randomness from x = sigma*Phiinv(z)+mu
S|m U |atOr (Phiinv = inverse Gaussian CDF)



Differentiable Simulation

Removed
randomness from
simulator

X~ N(u,o)

'

X = np.random.normal (mu,sigma)

'

Z = np.random.uniform(0,1)
X = sigma*Phiinv (z)+mu

(Phiinv = inverse Gaussian CDF)

Now, can compute

d/du and d/do
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Removed
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X~ N(u,o)
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Z = np.random.uniform(0,1)
X = sigma*Phiinv (z)+mu

(Phiinv = inverse Gaussian CDF)

Now, can compute

d/du and d/do

We can then do:
oSim
ou

sim(ug + €) = sim(yy) + €



Differentiable Simulation
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p(x|6)
p(x|6y)

Here, instead of emulating p(x | @) directly, we learn

(turns the problem of generation into classification)



30

p(x|6)
p(x|6y)

(turns the problem of generation into classitication)

Here, instead of emulating p(x | @) directly, we learn

Benetit: easy to
iIntegrate complex
data structure

> e (symmetries, etc.)
s F Downside: large
‘gt weights when @ is
IR - far from @,

Image: Linear Collider Detector Project



Step 1: Differentiable Surrogate Model

f(x,0) = argmax Z log ' (x;,0) + Zlog (1 — f'(z;,0))

J! 1€0¢ 1€0

See also 1805.00020



Step 1: Differentiable Surrogate Model

f(x,0) = argmax Z log ' (x;,0) + Zlog (1 — f'(z;,0))

J! 1€0¢ 1€0

Step 2: Gradient-based optimization

0" = argmax Z log f(xz;,0") + Z log(1 — f(x;,0"))

ZEOO iEHl

See also 1805.00020
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Other examples
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Other examples

2002.04632
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Remark about Objective Functions

Today: can we use ML to (1) interpolate in the
high-dimensional space, (2) define optimal
metrics, and (3) find the best values of 6.




Remark about Objective Functions
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If doing gradient-based
optimization, the target also
needs to be differentiable. For
example, target could be
resolution of some
reconstructed object. This
could itself be a neural network!
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Today: can we use ML to (1) interpolate in the
high-dimensional space, (2) define optimal
metrics, and (3) find the best values of 6.



https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/JETM-2022-002/

The EIC detector(s) may the first ECAL Hits
large-scale detectors optimized
with machine learning.

On our side, we are looking
into the calorimeter system(s).
| am excited to hear about B
other efforts as well! i

Plot from Fernando Torales Acosta

ﬂHRIVERSIDE ff:ff\”\ uﬁ ELawrence Livermore

National Laboratory
BERKELEY LAB

Miguel Arratia and co. Aaron Angerami and co.




Al/ML can do more than
improve data analysis!

We can use these tools
to optimize our detectors
- a qualitatively new
application of ML!

This is an exiting time to be working on this topic - let’s use
the best tools to get the best physics out of the EIC!
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