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* Facing 25 times the amount of data

* What do we need to understand the data? (read: find new physics)

* Precision predictions
* Higher order amplitudes
* Event generation
* Shower

* Detector simulation

® Peak luminosity =—Integrated luminosity
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* Optimized analysis for high-dimensional data

* Likelihood free inference
* Optimal Observables, Unfolding
* Anomaly detection

* Uncertainty treatment for ML methods
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How can ML help?
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1. Generate phase space points

— set of four-momenta p,

2. Calculate event weight

Wevent :f(xla Qz)f(xlv Qz) X %(xlax?pl’ . 9pn) X ](pl(l/'))
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Matrix element

3. Unweighting

keep events with

W -

Wmax

>re[0,1]

\

Phase space mapping

Bottlenecks

1. Slow matrix element calculation
¢ Complexity grows exponentially with

- # final state particles
- Precision (LO, NLO, NNLO, ...)

2. Low unweighting efficiency

¢ Discard most events if w; < wmax
¢ Optimize phase space mapping

= J(p(r) = (f x M)~




ML for Amplitudes

Approximation with Regression
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Example
gg — yrg(g) @LO

— A better formulation of the problem

— Find p(A | x, T) (from now on x is implicit)

ook training amplitudes

870k test amplitudes
N _ ) —>p(A)=dep(A\W)p(W\T)
Standard approach ~ JdW pA[w)g(w)
Training data
T = (phase space points x, Amplitudes A'(x)) . L

Loss
Z = (A'(x) — NN(x))?

-5 Aleatoric

PROBLEM: For limited data there is no unique solution



p(A) = de pPA|w)pw|T) ~ de p(A | w)g(w) Building the loss function
Approximate g(w) by minimizing KL divergence

Z gy = KLIg(w), p(w | T)]

Bayesian network
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(A) = JdA do A p(A|lw,T) qg(w)

= Jdco g(w) A(w) with Alw) = r.dA A p(A|w)

Uncertainty splits into 6,,,,,; and o C)red

GtOt — JdA da) <A>) pAlw) g(w)
- J ® 4(0) |A%) - A@) + (K@) - (4))']
= 6 odel T pred
f T~
Data intrinsic (noise)* Convergence”

*not easily separable in the limit of exact training data



+ Deviations at 1 percent level
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Performance worse for rare points with large amplitudes (collinear) Roughly Gaussian but enhanced tails



Enforce training on samples with AA > 20
— include them 5 times in each epoch
— Repeat 4 times
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No change in performance Tails reproduced for training data

Improvement for test data



Enforce training on 200 samples with largest uncertainty o, ,
— include them +3 times in each epoch
— Repeat 20 times

140 - largest 100% Ann § :

gg - vvyg - o L 99 2 YvYg | process-boosted

largest 1% Ann 10~ . N 0.00

1201 -boosted W (u=0.17 | u= —0.00,
process-booste AGRVE , .

BNN training | largest 0.1% Ann 10-2 1 o=0.96) | o= 0.94)
E 55 i training

'T'é, 80 | % 10-3 i

S 60- - = i test
a 8 10—4 |
40- L ; 5
20 - E|__lr'| E; 107

. . | q:: E| [ B | ; | |
—-0.04 -0.02 0.00 0.02 0.04 -7.5 =50 -25 -0.0 2.5 5.0 7.5
Arain) 4+ gverflow bin (ANN(W)-A) / Omodel(W)

Significant improvement in performance
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Gray shades indicate statistical limitation of training data...
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Fast evaluation of NN can accelerate event generation
Standard NN give little control over prediction
Bayesian networks provide uncertainty estimates

Boost network performance for precision or calibration

Precision better than 1%
' Method applicable to all regression problems
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