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CMS Experiment at the LHC collider

CMS Group HH: O(10?)

A/A//Eompacl Muon Solenoid

CMS DETECTOR TEEL RETURN YOKE
0 ¢ s

N
Total weight : 14,000 tonnes 12,500 tonne:
Overall diameter :15.0m
Overall length ~ :28.7m

« CMS collaboration ~4000 physicist worldwide

SILICON TRACKERS
Pixel (100x150 ym) ~1m?* ~66M channels
Microstrips (80x180 ym) ~200m? ~9.6M channels

SUPERCONDUCTING SOLENOID
Niobium titanium coil carrying ~18,000A

MUON CHAMBERS
Barrel: 250 Drift Tube, 480 Resistive Plate Chambers
Endcaps: $40 Cathode Strip, $76 Resistive Plate Chambers

 Machine Learning and Deep Learning techniques are
used for a long time in High Energy Physics

PRESHOWER
L silicon strips ~16m* ~137,000 channels

FORWARD CALORIMETER
Steel + Quartz fibres ~2,000 Channels

« Domain specific tools, e.g. TMVA, mainly BDT

* In recent years drift to common data science tools,
e.g. Tensorflow

CRYSTAL

« CERN works as hub for the exchange of knowledge and industry.iiiie,
contacts

HADRON CALORIMETER (HCAL)
Brass + Plastic scintillator ~7,000 channels

* IML - Inter-Experimental LHC Machine Learning Working Group

* Monthly meetings

* Yearly workshops: Tutorials; industry sessions, Google, Nvidia etc.
« CERN openLab, especially for industry contacts and projects

« CMS ML forum with monthly meeting
(Exchange, expert advice and control)
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CMS Experiment at the LHC collider

CMS Group HH: O(10?)

" Compact Muon Solenoid

CMS DETECTOR STEEL RETURN YOKE

Total weight : 14,000 tonnes 12,500 tonnes SILICON TRACKERS
Overall diameter :15.0m Pixel (100x150 ym) ~1m?* ~66M channels
Overall length :28.7m Microstrips (80x180 ym) ~200m?* ~9.6M channels

« CMS collaboration ~4000 physicist worldwide

SUPERCONDUCTING SOLENOID
Niobium titanium coil carrying ~18,000A

MUON CHAMBERS
Barrel: 250 Drift Tube, 480 Resistive Plate Chambers
Endcaps: $40 Cathode Strip, $76 Resistive Plate Chambers

 Machine Learning and Deep Learning techniques are
used for a long time in High Energy Physics

PRESHOWER
L silicon strips ~16m* ~137,000 channels

\
A FORWARD CALORIMETER
" Steel + Quartz fibres ~2,000 Channels

« Domain specific tools, e.g. TMVA, mainly BDT

* In recent years drift to common data science tools,
e.g. Tensorflow

CRYSTAL

« CERN works as hub for the exchange of knowledge and industry.iiiie,
contacts

HADRON CALORIMETER (HCAL) \ \' [ f
* IML - Inter-Experimental LHC Machine Learning Working Group \ LN P

* Monthly meetings

HEP traditionally uses full simulation of
« Yearly workshops: Tutorials; industry sessions, Google, Nvidia etc. the analysis process:
Physics — Detector/Electronics —

Reconstruction — Analyses
« CMS ML forum with monthly meeting (Digital twin)

(Exchange, expert advice and control) — We can train on simulation

« CERN openLab, especially for industry contacts and projects
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Overview

CMS is very active in applying Machine Learning and
especially Deep Learning to a variety of subjects

* About ~25 dedicated ML contributions on
conferences in 2019-present (not including physics

analyses)

* Annual dedicated CMS Machine Learning

workshops

« ML is transforming the field and the traditional

workflows

* New tools and new terminology

DESY. D. Kriicker

Main fields of applications

Disclaimer: some of the following
slides are collect from other talks
for illustration.

Here, | will not explain all details.

Object tagging and object calibration

especially Jets and taus are flagship applications

Physics analyses

In addition

Triggers (e.g.: NN on FPGAS)
Reconstruction/Calibration

Fast Simulation
— GANs

Data Quality Monitoring
Computing workflows
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DeepJet

om m

Muon

Electron

Charged Hadron (e.g. Pion)

— — = - Neutral Hadron (e.g.Neutron)

CMS uses a Particle Flow approach

« Identify each particle by the combined information
of all sub-detector

« combine to jets of particles

Jet identification had been one of the first application of
Deep Learning in HEP

» b-quark jets vs g/u/d/s-jets etc.

displaced

» The classical approach looks jot | v charged

for secondary vertices

« There is plenty of information
in the correlation between
the individual tracks
and vertices and — input of changing length,
global event - : solution
characteristics jet * Recurrent networks (RNN)

» Convolution NNs (CNN)

DESY Page 6

Number of tracks changes from
collision to collision




DeepJet

The latest approach on b-quark jet tagging

CMS uses a Particle Flow approach

« Identify each particle by the combined information

of all sub-detector

« combine to jets of particles

Jet identification had been one of the first application of

Deep Learning in HEP

» b-quark jets vs g/u/d/s-jets etc.

» The classical approach looks
for secondary vertices

« There is plenty of information
in the correlation between
the individual tracks
and vertices and
global event
characteristics

DESY.

displaced

tracks charged

lepton

jet.

eavy-flavour
jet

jet

Number of tracks changes from
collision to collision

— input of changing length,
solution

* Recurrent networks (RNN)

» Convolution NNs (CNN)
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Evolution of CMS b-tagging

« 2015 handcrafted

« Mainly the same information
« 2017

* mid 2017

M. Verzetti

deepCSV

CSVv2(nn) and cMVAV2(BDT)

deepdJet (DeepFlavour)

« The gain is due to the usage of all available particle

information in a deep network

|Charged (8 features) x6 |—

deepCSV

Dense
100 nodes x 5 layers

|Secondary Vix (8 features) x1 |

|Global variables (12 features) |—

bb

Steady
development of
DL taggers over
the last 4 years
DESY. Introduction | D. Kriicker

deepJet

Charged (16 features) x25 b
Neutral (8 features) x25 I::b

c

|

Global variables (15 features) 9

see next page
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https://indico.cern.ch/event/745718/contributions/3146638/attachments/1753044/2841151/ML4Jets2018.pdf

Deeplet

Global features

1x1 Convolutional layers

15 features

Charged tracks
16 features
25 tracks

Sec. Vertex
12 features
4 vertices

Neutral tracks
6 features
25 tracks

Conv. 1x1
64/32/32/8

Conv. 1x1
64/32/32/8

Conv. 1x1
32/16/4

DESY. Short Overview| D. Kriicker

RNN 150

Automatic feature engineering

RNN (LSTM layers)
Builds summary of the information

Dense
200 nodes
1 layer

EMILBOLS (VUB)

L3

TensorFlow

Dense

100 nodes
5 layers

Complex machinery
with ~500k of parameters
613 input features

lepb

Multiclass output
Can work as c-tagger, b-tagger and
quark gluon tagger
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Training DeepJet
Big data

\E =13 TeV 419 6" (13 TeV, 2017)

misid. probability
misid. probability

1071 el A 2M JetS 10" == DeepJet
o — o DeepCSV
e 30N jetS [~ \.)| —&— DeepJet with SF applied
: — 1 ooM Jets ........ —&— DeepCSV with SF applied
S Ung ..... T S 777 ttas Sttt I N

2 --c ———— L -=-cC
10 - - 10_2 | A udsg with SF applied [~
o A c with SF applled

1 0_3 1 0—3

8 09 1 . . . . . . 0.8 0.9
b jet efficiency b jet efficiency

Training on simulation data,

Training needs large amount of data Good but smaller performance on
real data

DESY. Introduction | D. Kriicker Page 10



Top etc. tagging

Typical problem how to
handle a varying number
of particles, here: 1d CNN

« Atop decays into a b quark and a W — lep,had

Particles

features

« If the momentum is large the form a common jet

(I4Iayers)
« Boosted topology in fat jets (AK38) connected| |Output

>
particles, ordered by pr Fully

« Top-tagging < identify such jets

v
ago o ‘z ‘p ‘dol ‘H

8 (1 layer)
| —
= SVs ordered by S:on

Low boost: Large boost:

unmerged decay products Top products merged in

-> top decay products a single large-R jet DeepAKS8

resolved as 3 R=0.4 jets

Flavor « Up to 100 particles

» Each particle comes with 42 features
* 14 layers is indeed deep

« Upto7 SV with 7 features

» Trained with 50 million jets

« Residual net (short cuts between layers)

Boost (pr [jet]) Substructure

CMS-PAS-JME-18-002

DESY. Short Overview | D. Kriicker Page 11


https://cds.cern.ch/record/2683870
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Our networks are typically
in the order of 10°-10° parameters

DESY. Short Overview | D. Kriicker
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How to feed in a changing number of objects » 1

Many Deep Learning approaches have been
developed for imaging, i.e. dense regular grid of points;

e H. Qu and L. Gouskos.
or text processing, i.e. sequences

,ParticleNet: Jet Tagging via Particle Clouds”

« Not straightforward how to connect to typical HEP https://arxiv.org/abs/1902.08570
problems « BsedonY. Wang et al.
. Jetimages in (17, ») plane are sparse ,Dynamic Graph CNN for Learning on Point Clouds”
« Varying number of particles in cone from jet to jet M. Fey and J.E. Lenssen.

,Fast Graph Representation Learning with
PyTorch Geometric”

* Recurrent nets: pyordered particles https://qgithub.com/rusty1s/pytorch _geometric
« Convolution: particles as 1d string of inputs

 Standard solution so far

* New approach: Geometric learning or

Our data are not images
* Graph networks — no regular grid
(Hot subject on this year NIPS dozens of papers)

DESY. Introduction | D. Krlcker Page 13


https://arxiv.org/abs/1902.08570
https://github.com/rusty1s/pytorch_geometric

EdgeConv network

S
X. . . i3
Ji3 \ /

« Compute k-nearest neighbors ./ \.

-114

graph

» Defines a local neighborhood on which
a convolution operation work

» For the first layer this is the (An, Ag,pT) plane wrt. jet
= ReLU(Op, - (x;

« Apply EdgeConv, here U,m
X =

im e Iim
jii,jes Y

* Dynamic Graph CNN
means the recalculation

X.
Jis5

of the k-nn in the x’ space

single
Hadron

DESY. Introduction | D. Krticker

Jtl
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a, 2 ot
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Tau-lepton tagging

« CMS investigates deep NN for tau-lepton
identification

« Similar complexity as the shown b tagger

« Here at DESY, we started to investigate a Graph
Network approach

* Promising results similar performance with a model
that contains 10 times less parameters

- Time advantage in interference

FC{x}:

Solves 3 problems:

- varying number of
features

- representing non-
image-like data

- fast interference

DESY. Introduction | D. Kriicker

O PyTorch
@ PyToreh

EdgeConv.
k=3, h = FC{128}

\J
Global Mean Pooling

\/
Classifier:

FC{256, 1}
\J
Sigmoid

~20k parameters

y

EdgeConv:
k=4, h = FC{128}

Y

EdgeConv:
k=4, h= FC{256}

v

EdgeConv:
k=4, h = FC{512}

\/
Global Mean Pooling

\/

Classifier:
FC{512, 1}

\4
Sigmoid

~50k parameters
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Physics analyses



Searches

Using ML methods (BDTs, NNs) has become the default Please note!

for new analyses :
« These are ongoing analyses

Two example analyses from DESY . Results are not approved

* Supersymmetry « Therefore no numbers, no data plots

« Higgs

» Access to data (and simulations) is
restricted and controlled by the
collaboration

« CMS has recently relaxed the rules
under certain conditions (mostly
driven by possible ML publications)

DESY. Introduction | D. Krticker Page 17



Ex.1: Search for supersymmetry in events with one lepton

CMS 35.9 fb' (13 TeV)

1800[{pp = 99,9 — tt X0 NLO+NLL exclusion
—Observed* 16
=z Expected+ 16, o iment ]
1400 =

[GeV]

>-1600 theory

my

1200
10005—
8003—
eoof—

4001

200

—
o
&

00 800 1000 1200 1400 1600 1800 2000 2200
m; [GeV]
published Run Il result on 2016 data

DESY. Introduction | D. Kriicker

95% CL upper limit on cross section [pb]

« SUSY signal: T1tttt
2 gluinos that decay
to 4 top quarks
+ 2 neutralinos
(Dark matter candidate)

« Important SM background
top-anti-top pair (ttbar) with
2 leptons where
one lepton is missed in the reconstruction

Can we do better with a neural network? — Sure,but ...

- How to connect the NN response to the observed data to
estimate the background in the signal region?

Page 18



100 epochs, batch size = 2048 Early stopping to stop training once the
DNN DETAILS  oropout with rate of 0.01 model performance stops improving on
a hold out validation dataset with
Preselect events : T patience of 10 epochs.

-1 Lep, no Veto, LT > 250, S
regularisation

HT > 500, nJ >3 nb) >=1,

Dropout layer

iso_track veto

L2
L
!

754
i

ZZ
K7 P
DR KA
SS9
A K AN
" N
7 \
ot RS \
f— =\
S ,
e S
\',
4 é"'i!ii$>€§§
2 &
£ S e

0, '
AL P
KIHETX W\
£ RN
AL NN

17 input variable

10 10

Class 0 = DilLep Ttbar
Class 1 = SemilLep Ttbar
Class 2 2 Wijets + others
Class 4 = Signal

SoftMax
o probabilities
|
k=1 €k
¢
K 2
°s purple
K 2

.
.

k=1 f?i.

A. Mohamed, SUSY 1Lep ,DESY, RWTH

11.06.19



Multiclassification L AT M MR
15001000 || 0.84%+ 0.01 | 1.0+ 0.05 | 0.72 + 0.03
15001200 || 0.84 = 0.01 | 0.98 £ 0.04 | 0.72 + 0.03
16001100 || 0.84 = 0.01 | 0.98 £ 0.05 | 0.73 =+ 0.03
17001200 || 0.84 = 0.01 | 0.98 £ 0.05 | 0.73 + 0.03
. 4 1800_1300 || 0.84 & 0.01 | 0.98 + 0.04 | 0.71 + 0.03
Classes 1900100 || 0.84 £ 0.01 | 0.07 = 0.05 | 071 £ 0.03
_ 1900_1000 || 0.84 + 0.01 | 0.96 + 0.04 | 0.71 + 0.03
» 3 class represent different backgrounds 1900.800 || 0.84 £ 0.01 | 0.94 + 0.05 | 0.72 & 0.03
_ _ 2200100 || 0.84 &+ 0.01 | 0.96 & 0.05 | 0.73 & 0.03
« 1 class is the search region 2200800 || 0.84 = 0.01 | 0.96 + 0.04 | 0.71 % 0.03
* The simulation is normalized to the data in the
background classes by solving the equation system
tt— 1 Y; = Ay X;
oo x (tt — 1)1 + B x (tt — Ul)1 + y x (W.J + others), = (data)| Y, — data counts A i
A.. — MC t 84 11 12 13 atay
m Xz] | (;‘OU;’I Sf h b k d B X A21 A22 A23 = dCLtCLQ
X (= 1)y + B x (i = W)y + 7 x (WJ + others), = (data)3 ¢ —» Scale Iactor Ior each backgroun As; Asy  Ass datas

1 — number of CRs

W J 4+ others j — background number

ax (tt = D)z + B x (tt = )3 +v x (WJ + others)s = (data)s

)

— T1t*
use «a, f and

Typically, physics analyses itself uses smaller networks
(or BDTs). Main problem here how to calibrate the data

» Creates a nice data/MC agreement -> estimate
performance aka data driven background estimation.

Background in signal region
(not shown here)

* Independent of the signal point

DESY. Some results ... | D. Kricker Page 20
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Ex2. How to know what is relevant?

Opening the neural net black box in a Higgs search

« Complex neural nets do not tell us how they come « Higgs — 1t

to a decision _ _
« Observation published last year

« 10" thousands of parameters (CMS) Phys. Lett. B779 (2018) 283

« Several dozens of input variables * New study with a multiclass NN ongoing

« Important to understand what is driving the decision . .
Relevance propagation of variables as

» If the network is just a chain of matrix multiplication and app"ed inH — 1t
function mappings why not just do a Taylor expansion

« arXiv:1512.02479

S.Wunsch, R. Friese, R.Wolf, and G. 2"d order Taylor
Quast, Computing and Software for Big P

Science 2 (Sep, 2018) 5, doi:10.1007/ coeff!c_;lgnts as .
s41781-018-0012-, arXiv:1803.08782 | Sensitivity metric

Deep Taylor Decomposition

DESY. Short Overview | D. Kriicker Page 22



Analysis strategy

four most sensitive final states of tt-pair studied: ed, eth, MTh, ThTh

loose baseline selection (trigger requirements, suppression of large backgrounds)

multi-class NN with 2 signal classes (ggH, qgqH) & several background classes (control regions)
selection & validation of NN input variables based on 1D and 2D GoFs §>

2 hidden layer with 200 nodes each — :

{

%] - g o i
S P . S - i
s 2| @ SREL 29K 4
32 8| XRS5 VEE o |
2 2| @O KR :
= 5| OSSN ,
‘ e I e LT i
€ B3 + E
g’ 02 04 06 08 1 '—
— NN output

cross section

production
modes

DESY. Short Overview | D. Kriicker Page 23



Apphcatron to M v Yol order (oo wnity

e intatetins |

Understandable Deep Learning
becomes important if we want to
claim discoveries

e o e e Gy e o > W@ -
-

W g e — - — - ——

DESY. Short Overview | D. Krlicker Page 24



Fast Simulation



Computing Load

« The LHC will start its 3rd data taking

. CMS Run | Run |l Run Il HL-LHC
period in 2020
o _ 2010-2012 2015-2018 2020-2023? 2026-203x
* Already now itis not obvious that the int. Lumi 25/ 150/fb 300/fb  3000/fb
computing resources scale with the 5 oo
double amount of data Raw Data 3PB 36 PB : F
PU 35 55 200

« The High Luminosity LHC will create a

10 times larger dataset New compact (50x smaller)

data formats are available for
- Large datasets implies even larger analyses

simulation datasets: about 85% CPU

resources had been used here

* Our fast (parametrized) simulation are
often not sufficient for ML based
analyses

DESY. ID. Krlcker Page 26



GANSs for fast simulation

« Several CMS related
groups studying different
approaches

« To my knowledge:

No official CMS
approach

« Main interest in HGCAL
for the HL-LHC

upgrades
« But also full event
simulation

 GANs based on
GraphNeural Networks
for HGCAL (hexagonal
structures)

 Reconstruction
1902.07987

DESY. Some results ... | D. Kruicker

W-GAN

Use Wasserstein GAN to simulate <
o
electromagnetic calorimeter g
O
Z
L= D(z) - D(G(2))—- S
~A(IVDIl2 = 1)* = 1)~ =
2 2
=3 kil — ai(@))” = (es — ai(G(2)))?|
) A N S B B d A
D: Discriminator > ot IS o}
o 80 . Q
G: Generator O ¢ 1 5
z:  True inputs g soL 1 £
z:  Random inputs w - . 9 L
y: True labels v L WoAN,2060vs = —— Geant4, 326eve" ¥ . 7
40 WGAN,32GeVe | = —— Geantd, 70 GeV o~ ]
c«: Random labels - N woansoowe | 8 " Soth g E
. B . WGAN, 32 GeV e’ e
a: Constrainer outputs 20 ooy ] (7] ¢ WGAN,70GeV e ]
i:  Position and Energy l? G wemsewe v | b el -
20 40 60 80
Label E [GeV] Ecum, ai [MIPS]
Method Hardware 20GeVe” Speed-up | 90GeVe™  Speed-up
Martin Erdmann, Jonas Glombitza, Thorben Quast: GEANT4 o a"éCPU O (500 ms) - 0 (2000 ms)
Precise simulation of electromagnetic calorimeter WGAN ~  Tntel é(eon Cl(;U E5-1620 52 s i 52 ms 230
showers using a Wasserstein Generative Adversarial :vaﬁ N‘I:I\II)I?IAS::&"‘ i((fsi).()OGSII;U 3; s xllt::o 3§ s x:‘::)
.3 ms X .5 ms X

Network (1807.01954)
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CHEP 2019

Computing in High Energy, 4-8 Nov. Adelaide, Australia
-« CMS®
 ATLAS: GANs and VAEs (for electromagnetic calo) (here)
« CERN openlab: 3DGAN (here)

DESY. Page 28


https://indico.cern.ch/event/773049/contributions/3563145/attachments/1937030/3210379/20191104-FCSDNNCaloSim-CHEP_final.pdf
https://indico.cern.ch/event/773049/contributions/3474762/attachments/1937793/3211928/GANsimulation_T2_draft0.pdf

