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= Almost all high energy physics analyses rely on a large

number of simulated proton-proton collisions (= “events”)

» Higher LHC luminosity (= more events) & detector upgrades
(= more complex data) = fast simulation techniques

needed to stay within computing budget

50000

= In CMS, two simulation chains (FullSim/FastSim) are used T | Tescy y
. . . 8 40000 = No.R&Dimprovements . // m
that produce output of same dimensionality/structure: g | T ’
GEN > sm >  DIGI >  RECO 20
Event generation Detector simulation  Digitization Reconstruction S 50000k
®
FullSim GEANT4 analyze as if data T L0000l
© i /
FastSim Is\:g?j%fég"h parametrized same use GEN info - =z= |
= 15% of P energy loss 9 5x faster 07021 2023 2025 2027 2029 2031 2033 2035 2037
sim. events 100x faster ’ Year
> In total FaStS|m = 1OX faster than FU|IS|m twiki.cern.ch/twiki/bin/view/CMSPublic/CMSOfflineComputingResults

Refining fast simulation using machine learning — Moritz Wolf 1


https://twiki.cern.ch/twiki/bin/view/CMSPublic/CMSOfflineComputingResults

INTRODUCTION

» FastSim advantage in speed comes at the price of decreased accuracy in some of the final observables

(N.B.: standard analyses use
GEN > SIM > DIGl > RECO > AOD >  NanoAOD

further processed data formats Event Detector Digitization Reconstruction  “Analysis further

e.g., AOD or NanoAOD)

generation simulation Object Data” processed
analysis format

» Aim: increase FastSim accuracy to promote its wider usage

>
= Possible FastSim tuning approaches: © o
=]
= Internal tuning of functions/parameters (within SIM/RECO) 3 FullSim ML
= Post-hoc tuning (after NanoAOD)
FastSim

= Reweighting = defining weights for individual events/objects/...
e.g., DCTR introduced in arXiv:1907.08209

= Refining = changing (high-level) observables Speed
e.g., Wasserstein-GAN for air showers in arxiv:1802.03325
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INTRODUCTION

SIM - Dial - RECO >

Detector Digitization Reconstruction
simulation

FullSim

SIM - Dial - RECO >

GEN
Event
generation

Detector Digitization Reconstruction
simulation

FastSim

4
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"‘ X ~e.g, NanoAOD

M
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’
7 ML

End-to-end
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INTRODUCTION

= Focus on jet flavour tagging: 4 NanoAOD DeeplJet discriminators:

Jets

b+bb+lepb, c vs b+bb+lepb, c vs uds+g, g vs uds FastSim

nB“ )}CVB“ nCVL“ NQG “
(Deeplet NN softmax output nodes: b, bb, lepb, c, uds, g; arXiv:2008.10519)

» FastSim/FullSim discrepancies O(10 %)

0 L
Discriminator

* Training sample: SUSY simplified model , T1tttt" Jet-based tree

simulated with FastSim and FullSim

FastSim
(same GEN events, no pile-up) GEN 2\

Jet 2

Fast Full

SIM,DIGI,RECO,(Nano)AOD

» Match jets using AR angular criterion s
ulisim

> Jet triplets: (GEN, FastSim, FullSim)
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L2
REFINING (REGRESSION) — GENERAL IDEA © !
= FastSim
Refined
Employ regression neural network to refine FastSim:
= Input: FastSim variables x5t = 4 DeeplJet discriminators
Parameters y = ptCEN, nCEN true hadron flavor (b, c, or light quark/gluon) _i—|—
>
= Qutput: Refined variables xRefined = 4 Deeplet discriminators 0 L 1
Discriminator
= Target: FullSim variables xful' = 4 DeeplJet discriminators
Input Output Target
xFast g 2 xRefi. XxFull
9 ~
9 &
a &
y
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REFINING (REGRESSION) — NN ARCHITECTURE

ResNet paper arXiv:1512.03385

= ResNet-like skip connections = learn only residual corrections
= Preprocessing: transform input variables/parameters N L:';ﬁit“, LeDi(t};iiLtU
e.g., logit-transform logit(x) = In (ﬁ) to map from (0, 1) to (-oo, o)
= Postprocessing: transform back & enforce Deeplet constraint
(original Deeplet softmax output nodes need to sum to 1) |dentity
Input Output Target
b0 4x Residual BIocIj/ bo
o
= =
xFast v n xRefi. XFul
8 - LeakyRelU LeakyRelU 8
(o) - Dropout ~ Dropout ~ z 9
a <%
5 E
a. Identity g
y
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MMD: Maximum Mean Discrepancy (ensembles)
MSE: Mean Squared Error (jet-jet pairs)

REFINING (REGRESSION) — LOSS TERMS

= Primary loss:

(distribution-based)

= Comparing ensembles of jets not jet-jet pairs

MAE:

Mean Absolute Error (jet-jet pairs)

given two samples from P( X) and Q(Y):

MMD(P, Q) szxw]

=1 j=1

= To cope with independent stochasticity in both simulation chains

n =m = batch size =4096
k: Gaussian kernel (adaptive o)

= Additional loss: MSE/Huber (output-target pair-based) - correct for deterministic FastSim biases

= Use Huber loss:
Input

ln:{

0.5(z, —

Yn)?

if |z, — yn| < delta

delta * (|z, — yn| — 0.5 * delta), otherwise

xFa st

o
=
72
i
)
W
o
]
Q.
)
| o
o

Output

4x Residual Block

\ 4

LeakyReLU

LeakyRelU

Dropout ~

Dropout ~

(combination of MSE/MAE, less sensitive to outliers)

Target

xFU”

o0
A=
(7))
(72 ]
Q
U
()
e
Q.
e
(7]
O
o

Identity

MSE
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N.B.: include parameters
in MMD to take account
of correlations



REFINING (REGRESSION) — LOSS TERMS

Combine loss terms via MDMM algorithm:

= Reframe problem as constrained optimization using Lagrangian:

MDMM: Modified Differential Method of Multipliers

Pareto front

(set of all optimal

solutions, shape
unknown)

L=f()—1x*(e—g(@)) > convergence mathematically formalized

= Minimize f(0) (primary loss, ,Loss #1“) subject to g(6) = ¢ (additional loss, ,,Loss #2°)

The Modified Differential Method of Multipliers

A .
o0 Possible
< starting
L O points
)
S Lo
5
0.5 |:|
E £
2
0'%.0 0.5 1.0 1.5 > =

Loss #1

= Gradient descent for NN parameters 6, gradient ascent for Lagrange multiplier A + damping

Input

xFa st

o
=
72
i
)
W
o
]
Q.
)
| o
o
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4x Residual Block

LeakyReLU LeakyRelU

\ 4

Dropout ~ Dropout ~

Identity

o0
A=
(7))
(72 ]
Q
U
()
e
Q.
e
(7]
O
o

Output

Target

xFU”

MSE

[1] explanatory blog post, [2] original paper, [3] PyTorch implementation 9



https://www.engraved.blog/how-we-can-make-machine-learning-algorithms-tunable/
https://papers.nips.cc/paper/1987/file/a87ff679a2f3e71d9181a67b7542122c-Paper.pdf
https://github.com/crowsonkb/mdmm

REFINING (REGRESSION) — TRAINING

= Plot: training convergence in plane of the two loss terms

= Primary loss: MMD(Refined, FullSim) (horizontal axis)

= Constraint: Huber(Refined, FullSim) (vertical axis)

= No MDMM (dash-dotted lines)

» Only one loss or constant weighted addition

» Convergence might not be optimal

= With MDMM (solid lines)

> Scan of different € values (horizontal dashed lines)

» Convergence to desired point on Pareto front

» Choose € = 0.084
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jet-jet pairs close to FullSim

Huber(Refined, FullSim)

0.092

0.078

Trained for 100 epochs with 500 batches

CMS Simulation Preliminary

0094, —— No MDMM, only MMD loss
No MDMM, only Huber loss
—-—- No MDMM, MMD + Huber
MDMM, MMD + Huber, € =0.086
MDMM, MMD + Huber, € =0.085
0.0901 MDMM, MMD + Huber, € = 0.084
MDMM, MMD + Huber, € =0.083
0.088 1 MDMM, MMD + Huber, € =0.082
MDMM, IXMD + Huber, € =0.081
v~y starting
0.086 -~ T T
points
*. \
0.084 |- Pl /'/ —————————————————————————————————————————————————————
/
/
0.082 - -mmmrmmmmeeee o
.
\‘
0.080 1 \.\
4
*
0.50 0.75 1.00 1.25 1.50 1.75 2.00 2.25 2.50

MMD(Refined, FullSim) / MMD(FastSim, FullSim)
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REFINING (REGRESSION) — RESULTS

(2]
=
(7]

Simulation Preliminary

0.5

0.4

Fraction of Jets

L

0.3

0.2

(13 TeV)
T T T L
- FullSim

707

FastSim

FastSim Refined

|

o

CMS simulation Preliminary

0.2

04 06 0.8 1
DeepdJet b+bb+lepb Discriminator

(13 TeV)
———

T

I]\’II\‘HI‘\II‘\II‘\II‘\II]\[IlHllH\llHIIH

o

T

T

T

L

~ FullSim

FastSim

FastSim Refined

IJ\[II\‘HI‘\II‘\II‘\II‘\II]\[I'HI'\H'IH'IH

—_
o
T

o
oo}
TTTTT

Ly

0.2

0.4 06 08 1
DeepJet ¢ vs uds+g Discriminator

[0
2016

(0]

c
o

Fract

Fraction of Jets

0.14
0.12

0.1
0.08
0.06

0.04

o
o
<

o
o
)

o
o
3

o
o
=

0.03

0.02

NI

CMS simulation Preliminary
0 0.18 = T

I Ao Ay I A A I, Z |

(13 TeV)
et

- FullSim

FastSim

FastSim Refined

\‘\l\‘lllll \II|III|II\|\\\‘\\\‘III|III|!\I‘\\\

o

CMS Simulation Preliminary

0.2 04 06 0.8 1
DeepdJet ¢ vs b+bb+lepb Discriminator

(13 TeV

T

\II\‘]H\lll\lllHllHH‘\]II‘III\‘IH

L e

T T T T

FullSim

T

FastSim

FastSim Refined

\II\‘JI\\lll\lll\\ll\\\I‘HII‘III\‘II\

T

02 0.4 06 08 1
DeepJet g vs uds Discriminator

b tag binned by working point

CMS simulation Preliminary

(13 TeV)

0.9
0.8

0.7

0.6

Fraction of Jets

T ~L\|||1III|IIII|IIII|

LI L L L L L L L I L L L L Y L |

e
Wi

FullSim

FastSim

—— FastSim Refined

IIII|IlII|IIII|IIII|]III|IIII|IIII

> T 700 2
= I /:
S, / 7
IS ”
D e T
AN A AN AN A A A AN A A A A N A XA A

€ E1.1;— 3
2119 1= 3
wnl= - _
© u3_ C a
W09 L 3

0 01 02 03 04 05 06 07 08 009

DeepJet b+bb+lepb Discriminator
l l l
loose  medium tight

10% mis-tag 1% mis-tag

0.1% mis-tag

1



REFINING (REGRESSION) — RESULTS
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SUMMARY & OUTLOOK

v ResNet-like regression NN can be used as post-hoc refinement layer to FastSim output

= Considerably improved agreement with FullSim output

= Improvement in correlations among output observables and external parameters

CMS Simulation Preliminary (13 TeV
—— 1

-~

v'Validation in TTbar events (different event topology)

i FullSim .
2 05— -]
. . o = FastSim .
v' Corresponding pull request merged into CMSSW S ol i Rtied
- o.af— —f
02f .
= Extend to other variables/objects (e.g., jet substructure) o E
= Tune directly to data? o- :
1.2
D6
2 R S ey
Wito gl =

0 02 0.4 06 08 1
DeepJet b+bb+lepb tag Discriminator
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