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What is MC tuning?
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What is MC tuning?

« MC is based on theoretical models
e There are free parameters in the theory

Constraining these parameters to take on values that are
consistent with existing data is call “MC tuning”.



Basic MC tuning recipe

1. Pick set of parameter values

2. Generate MC events

3. Plot 1D observables from MC and reference data events
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This work: ldeas and Contributions

. Replace data-MC comparison based on X? agreement of 1D
histograms with NN-based high-dimensional discrimination

I. Use the full radiation pattern inside jets as input, instead of
a handful of observables

Il. Learn event reweighting function to avoid several
expensive generation calls

V. Tune generator parameters by back-propagation



NN-based high-dimensional
data-MC comparison.



Fundamental Approach

e Question: does Pgenerator (T|0) match Ddata(T)?

.

Jo.

* Instead of checking 1D histograms, let a NN do this p,O pd 0 )
for you in high-dimensions (accounts for correlations)

O

@ Can still plot 1D distributions and calculate x# to cross-check NN
performance vs. your physics intuition



Experimental Setup

* Dijet events at in pp collisions at 13 TeV, produced with Pythia 8.230
via the numpythia package in scikit-hep (500 GeV < p; < 1000 GeV)

cikit

\Hkp
o o

» Jet clustering with FastJet via the pyjet package in scikit-hep (anti-k;
R=0.4; jet pr > 10 GeV, select 2 leading jets)

 Specify pecg variations

e Write out to HDFS

 Train a classifier using PyTorch

« Method sensitivity in terms of binary ROC AUC



Binary Classitication Tasks vs. pursg=1.0 Baseline

0.9
O  FCN on nparticles

0.8

0.7 :
Q t
<
Q | I
@)
n'd
0.6
| . @
O
0.5 I o
0.4 s} AN o)) ~ ™ s} AN o O



Use full radiation pattern
inside jets.



Use more complex input features

» Can use much more complex inputs such as
properties of all particles in the event



Binary Classitication Tasks vs. pursg=1.0 Baseline
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Learn event reweighting
function.



L earning the MC Event Reweighting




lTune generator parameters
by back-propagation.



Tuning Algorithm

Algorithm 1 Proposed tuning algorithm.

Require: : Opt, an optimization algorithm (e.g., RMSProp) with hyperparameters
A. b, the batch size. np, the number of training iterations of the discriminator
per generator iteration. .Z, the binary cross-entropy loss function.

Require: : (g, initial discriminator’s parameters. 6y, initial value of the pertur-
bative parameters to tune. Pyc(6g), the pre-computed empirical distribution
of simulated events.

1: while 6 has not converged do

fort =0,....,np do
Sample {CE(i)} ~ P4.t. a batch of events from the real data.

Sample {z'(* b_ ~ IP’MC(HO) a batch of simulated events.

Compute {w(’)( ) b1 ={f(2’W|0)}o_, simulated batch event weights.
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end for

Sample {z/(D}°_, ~ Py (6p) a batch of simulated events.

Compute {w®(0)}_; = {f (z/¥|0)}o_, simulated batch event weights.

go < Vo S, wlm(e) 22;1 w® (0)Z (D( l(z)), 1)
12: 0 < 6 — Opt(6, gg; \)
13: end while
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Tuning Algorithm

2: fort=0,...,np do
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Summary: ldeas and Contributions

. Replace data-MC comparison based on X? agreement of 1D
histograms with NN-based high-dimensional discrimination

I. Use the full radiation pattern inside jets as input, instead of
a handful of observables

Il. Learn event reweighting function to avoid several
expensive generation calls

V. Tune generator parameters by back-propagation



Thank you!

Questions?

You can find me at: & michela.paganini@yale.edu
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