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W/Z-tagging in CMS

CMS Experiment at LHC, CERN

Data recorded: Mon Jul 18 19:59:10 2016 CEST TR
Run/Event: 276950 / 1080730125 ST
Lumi section: 573 V- qaq ?

Thea K. Aarrestad 2 Lorentz Invariance Based DNN for W-tagging


https://cds.cern.ch/record/2209148
https://cds.cern.ch/record/2256663
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— For W pt > 200 GeV, R=0.8

W/Z-tagging in CMS

Q|

CMS Experiment at LHC, CERN
Data recorded: Mon Jul 18 19:59:10 2016 CEST —
Run/Event: 276950 / 1080730125 L,
Lumi section: 573 V- qq’)

Thea K. Aarrestad 2 Lorentz Invariance Based DNN for W-tagging


https://cds.cern.ch/record/2209148
https://cds.cern.ch/record/2256663

W/Z-tagging in CMS

1) What's the mass of my object?

0.15

| pp 14 TeV, py gen > 3 TeV, C/A R=1 from G. Salam |
Pythia 6, DW tune

©
—_
1

| hadrons w.
0.05 | UE -

60 80 100 120 140 160
Migt [GeV]

1/c do/dm [GeV ]
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2 q
Vv pT,VZ% V<

q
q

— For W pt > 200 GeV, R=0.8

Mass smeared
by QCD radiation
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q

W/Z-tagging in CMS

Q|

— For W pt > 200 GeV, R=0.8

1) What's the mass of my object?

0.016 (o UE) . . .
0.014
0.012 r
0.01
0.008 - [QCD
0.006
0.004 -
0.002 r

0

from G. Salam

Jnou ‘v'9 eiyikd ‘Aey L dd

pt,jets > 700 GeV ]
anti-k;, R = 0.7

1/N dN/dmye, [GeV']

0 50 100 150 200 V- q q ’)

Miet [GeV]
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2 q
Vv pT,VZ% V<

— For W pt > 200 GeV, R=0.8

W/Z-tagging in CMS

Q|

2) Can | peak inside the jet?

q/9 » VS. V<

Thea K. Aarrestad 2 Lorentz Invariance Based DNN for W-tagging


https://cds.cern.ch/record/2209148
https://cds.cern.ch/record/2256663

Traditional W-tagging

Cut-based taggers trying to answer

- Q: What's the mass of my object?
A: Grooming (pruning/SD):
Remove soft and wide
angle jet constituents

- Q: Is there substructure?
A: N-subjettiness ++:
Distance between jet constituents
and hard subjet axes

If a human can think up such
algorithms, | bet a machine can too

- give DNN information it needs to
design its own grooming/
substructure algorithms

v

arbitrary units
o
o

0.2

arbitrary units

0.1
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CMS Simulation
T T

| CMS-PAS-HIG-14-008

—— SM Higgs, m = 600 GeV
-- ungroomed jet mass
—— Wa+Jets, MadGraph+Pythia6 |

-- ungroomed jet mass —

- W

o S Sl
100 150
pruned jet mass

CMS Simulation
T T

o
hS)

o
a

0.05

'CMS-PAS-HIG-14-00

8 T ‘ T T T ‘ [l

—— SM Higgs, m = 600 GeV

----- SM Higgs, m = 1000 GeV

—— Wi+Jets, MadGraph+Pythia6 —




LolLa

DNN working with Lorentz vectors
introduced for top-tagging by T. Plehn,
G. Kasieczka et. Al (arXiv:1707.08966)

- physics based deep neural network

- does not: throw huge amounts of inputs
into NN and eliminate through rankings

- does: analyse jet constituents directly,
teach NN distances in Minkowski space

All substructure/grooming algorithms in
CMS based on jet constituent 4-vectors

- by giving DNN tools to do jet
substructure, can we learn substructure
from LoLa instead of other way around

CMS Experiment at LHC, CERN
Data recorded: Sun Aug 1.23:18:32 2010 EDT
Run/Event: 142132 / 118768330

Lumi-section: 185

Orbit/Crossing: 48349290 / 2286

W-qq?

wpx; Py, Pz

—
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A

/ / E, Px, Py, Pz
[
o T


https://arxiv.org/pdf/1707.08966.pdf
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Network structure

4-layer DNN doing supervised learning with
fixed-size input vectors

- feed forward sequential network
Cola LolA FC  F

- Two novel layers (ColLa and LoLa)
doing jet clustering and
implementing Minkowski metric

Technicalities

- Keras w/ Theano backend ( on Amazon)

- Loss function: Categorical crossentropy
(output :W-jet/QCD probability)

- ADAM optimiser (adapt learning rate of
model parameters during training)



Input

Four input features

- 4-vectors of the N=20
highest-pr jet constituent
of AKS8 jets

4x20 matrix ky; for each jet

ko1 ko2 -+ kon
k11 k12 k1N
k.i) = ’ ’ ’
( “’) ko1 koo -+ kon
k31 kso -+ k3 n

(4 Features x 20 constituents)

S <ozs
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Work in progress

0.24
0.22

0.2
0.18
0.16
0.14
0.12

0.1

TTTTTT]TTTTTT III|IIlIIII|III|[IIIIII|III|III|III|III|II

0.08
0.06
0.04
0.02

0

0 1 2 3

Bw @, —sww)

Bulk

| ]acD (pythias)

4 5 6 7 8 9 10
Jet constituent energy [GeV]

= 04F
< CMS

0.35— Work in progress

0.15
0.1
0.05

N L L L L

|
R

6 -4

A
-10 -8

Bw @, —sww)

Bulk

| ]acD (Pythias)

Py

R

0 2 4 6 8 10
Jet constituent P, [GeV]

-2

Cola lolA BC  F

Ve

Cis WA

-
. 04—

< [ CMS B w G, —ww)
0.35—~ Work in progress u

2 [ ]acD (Pythias)

0.3
0.25
0.2
0.15
0.1
0.05
0 |

P Ll
-10 8 6 4 -2 O 2 4

1 6 8 10
Jet constituent p,_ [GeV]

T | I | I | T | I | T |

D
) 0.3
<p.28

O
=
77

Bwa, —sww

Bulk

[ ]acD (Pythias)

Pz

Work in progress

o

—

D
III|III|III|III|III|III|III|III|III|III|III|III|III|III|III|II

-10 -8

6 -4 -2

0 2 4 6 8 10
Jet constituent p, [GeV]



Combination Layer (ColLa)

: E.g for 2 constituents Lo
£ OLAS J Kl ColLa
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Linear combinations similar to jet-clustering

- Sum of all momenta

- Each original constituent momenta —

. L : : I Can “weight”

- Linear Combmanns + trainable weights. — constituents away,
Can make subjets! reconstruct hard

subjets — groomer




Lorentz Layer (LoLa)
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Minkowski metric

explicitly used for
- m? + pr of each column (“jet”, constituents, hard subjets) m?and d

Maps Cola output onto

- Energy of all constituents (with trainable weight)

- Distance between all particles (2*min+ 2*sum)
— n-subjetiness



Overall performance

Compare performance to most
commonly used cut based V-taggers

= Ziirich*™

Work in progress

Universitat
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- LoLa performs significantly better
than current baseline

.—J
o
e

- 20% higher es at given €z
compared to best cut-based

- Nno need for mass window,
increased signal acceptance

’—J
)
&

QCD mi§tag rate

For two-W final state, 43% increase
in signal efficiency* f

pr > 200 GeV

Lola (no mass cut) (AOC=0.963)

DDT
Mpmmot + 131

1 —— MmmpT + T21

Mpmpr + LOLa

1074
0.0

We all know DNNs do better.
Whats next?

*B2G-17-007

?wﬁ :.~ BETTER

0.2

W-tagging efficiency

1.0


http://cms.cern.ch/iCMS/analysisadmin/cadilines?line=B2G-17-001
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Beyond performance
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Beyond performance

Three things to consider when making a DNN tagger:

- is the absolute performance better (compared to
common methods, a standard BDT)?
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Beyond performance

Output strongly correlated
Three things to consider when making a DNN tagger: with pr/mass

1.2

- is the absolute performance better (compared to
common methods, a standard BDT)?

Work in progress e WWwW =wz)
QCD (Pythia8)

- is the tagger pr-dependent?

o =
[e0] o
1 1 1
. [
[
[

o
»

Signal Discriminant
. -

Discriminant vs. pr

Jet Py (GeV)

o
=)
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Beyond performance

Output strongly correlated

Three things to consider when making a DNN tagger: with pr/mass
- is the absolute performance better (compared to o, Tworkin progress o ww oo
common methods, a standard BDT)? § .o,

- is the tagger pr-dependent? % /-’——_—
_ﬂ 0.6 -’ Nominal

- does the tagger sculpt the mass spectrum? 2.
-50.2
n Discriminant vs. pr

500 1000 1500 2000 2500

Jet Py (GeV)

=
N

Work in progress o W(WwW =wz)
QCD (Pythia8)

=
o
1

)

Nominal

&

o
»

o
[N

Signal Discriminant
Fo
<
-~
Py

Discriminant vs. mass

o
<)

60 80 100 120 140

MMDT jet mass (GeV)

20

o
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Beyond performance

Output strongly correlated
Three things to consider when making a DNN tagger: with pr/mass

1.2

- is the absolute performance better (compared to
common methods, a standard BDT)?

Work in progress e WWwW =wz)
QCD (Pythia8)

o

.6 Nominal
¢

fa
o

o
o

- is the tagger pr-dependent?

o
»

- does the tagger sculpt the mass spectrum?

Signal Discriminant

Discriminant vs. pr

500 1000 1500 2000 2500

These three measures are equally important in

o
=)

quantifying performance Jet Pr (GeV)

e Work in progress o W(WwW =wz)
-IE . QCD (Pythia8)
~
- ’I \

g > K ¢

E 0.6 - ‘ * + +’ ’ Nominal

a s

B 0.4 4

(-

_9 0.2

N Discriminant vs. mass

60 80 100 120 140

MMDT jet mass (GeV)

20

o
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Beyond performance

Output strongly correlated
Three things to consider when making a DNN tagger: with pr/mass

=
N

- is the absolute performance better (compared to
common methods, a standard BDT)?

Work in progress e WWwW =wz)
QCD (Pythia8)

o

.6 Nominal
¢

fa
o

o
o

- is the tagger pr-dependent?

- does the tagger sculpt the mass spectrum?

Signal Discriminant

o
N

Discriminant vs. pr

500 1000 1500 2000 2500

o
=)

These three measures are equally important in

quantifying performance Jet Pr (GeV)
. " v Work in progress o ww = wz)
A DNN will naturally learn that pr and mass are C o] Qo (pyhise)
discriminating variables unless you penalise it for it! E - ./'\
= o ¢
E 06 1 * * ” Nominal
2 e $ ¢ o
B 0.4 -
-
_9 0.2
v Discriminant vs. mass

60 80 100 120 140

MMDT jet mass (GeV)

20

o
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Beyond performance

Output strongly correlated
Three things to consider when making a DNN tagger: with pr/mass

=
N

- is the absolute performance better (compared to
common methods, a standard BDT)?

Work in progress e WWwW =wz)
QCD (Pythia8)

o

.6 Nominal
¢

fa
o

o
o

- is the tagger pr-dependent?

- does the tagger sculpt the mass spectrum?

Signal Discriminant

o
N

Discriminant vs. pr

500 1000 1500 2000 2500

o
=)

These three measures are equally important in

quantifying performance Jet Pr (GeV)
. " v Work in progress o ww = wz)
A DNN will naturally learn that pr and mass are C o] Qo (pyhise)
discriminating variables unless you penalise it for it! E - ./'\
= o ¢
E 06 1 * * ” Nominal
2 e $ ¢ o
B 0.4 -
-
_9 0.2
v Discriminant vs. mass

60 80 100 120 140

MMDT jet mass (GeV)

20

o
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pt dependence
pr-dependence is a problem because
- signal efficiency is variable, requires
working point scaling with pr <D:' 025 cms —Iolcolu;m.lna.] ————

Work in progress
-------------- QCD Reweighted

- pr (tagger validation region) !=
pT (signal region) 0.2

—— WprimeWZ Nominal
.............. WprimeWZ Reweighted

|IIII|IIII|III

One method to cope: reweight training set 019 nominal
event-by-event to be flat in pr-space 0 /
- passed as sample weights to training i / prwveighted
005l || X
ozﬁ S T T

PR l
0 1000 2000 0

w |-
oL
o:
O_
N
(=g
o=
St
-
oL
o
o_
(o)

SOIIII||III|IIII|IIII|IIII|I

K8 jet P, (Ge



pt dependence

Such strategies yields loss in overall
performance, but reduced pr-dependence

No “truth” for which solution is better
before running full analysis including
systematics for pr-dependent tagging

=
N

QCD mi§tag rate
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100 5
] Nominal (AOC=0.963)

-
o
o

'—I
)
&

104

pr-weighted (AOC=0.938)

pr-weighted

N

Work in progress

nominal

0.0

Work in progress
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o
[

o
I
1
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200000050000 0
g Pt b

=
N

e W(W = W2 -
QCD (Pythia8) cC o
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Work in progress

W gt by by

Di

e W(W = W2
QCD (Pythia8)

pr-weighted

scriminant vs. pr

500

1000 1500 2000 2500

Jet Pr (GeV)



Universitat

[ X ) [ ) UZH
Mass sculpting Zrich
16000
Work in progress W (W' = WZ)
14000 - QCD (Pythia8)
After cut(1% &g, W (W' = W2Z)
12000 - After cut(1% &g, QCD (Pythia8)
LoLa > 0.93
10000 -
n
-
S 8000 -
>
(W]
6000 H
4000 A
2000 -
#MC events
0 L L L L 1 1 1
0 50 100 150 200 250 300

Softdrop mass (GeV)
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Mass sculpting

Bulk of remaining 1%
0.055 arein
W-mass window
— 0.04 -
©
Q
-
B 0.03
£
=
<E' 0.02
0.01 A
Normalised
0.00 : : T T T T T
0 50 100 150 200 250 300

Softdrop mass (GeV)
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Mass sculpting

| smart DNN will learn W-mass

- good! Clearly W-mass != g/g-jet mass

Bulk of remaining 1%
_ 0057 are in
Unfortunately, we often estimate background in W-mass window
mass sidebands 0044
©
Q
- bad! After cut on tagger, mass is sculpted g 0.03 4
making background difficult to constrain £
>
<E' 0.02
Mass-dependence in itself not a problem, .
background rate uncertainties are | Normalised

- trade-off between efficiency and (analysis- °” o 100 10 200 20 %0
dependent) systematics. Softdrop mass (GeV)

Hot topic in ML: adversarial NNs that penalise
loss if mass is learned (see C. Shimmin et. Al)

- loss in efficiency, gain in analysis sensitivity


https://journals.aps.org/prd/abstract/10.1103/PhysRevD.96.074034

Model grooming

Despite common beliefs, a DNN is NOT a black
box

- series of multiplications/additions and
pre-computed activation functions

- you can (and should) read out the weights of
your model for each layer (or feature)*
Does network learn something (un)expected?
- with physics-based trainable weights like in
LolLa, easier to disentangle
Also allows you to prune your DNN

- remove ~zero-weights from network. Reduces
processing time with same performance

*model.layers]i].output
model.get_layer(layer_name).output

2500

2000

1500

1000 -

500
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Layec 1
W W 1% . b,
BN

7 | |b.
L.

Lz(\-j

teanable 4caimable

biases

we(oé\\'\‘ S

How are my features
X weighted?

CMS preliminary

— 3 F.C.
u [ LolLa
[ Cola
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Summary and outlook

The idea behind LoLa is to give DNN the rules of Minkowski space, jet clustering and
substructure and let it do the rest

analyse constituents directly with large set of trainable weights

For use in tagging, absolute performance is not a sufficient measure

- pr-dependence + mass-sculpting resilience may be equally important depending on
the analysis performed

- should strive to implement taggers in a full analysis chain before making final
decisions (pr-reweighting, mass penalising, etc.)
The question “What can we learn from the machine?” is getting more interesting than

“What can we teach the machine?”

- by probing layer-wise LolLa output, hope to learn something new about substructure!
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Backup




Model

- 4 [ayer DNN doing supervised learning with
fixed-size input vectors

- feed forward seguential network

- Two novel layers (ColLa and LoLa) implementing
Minkowski metric and "substructure” calculations
(see later) and two fully connected layers

* Technicalities
- Keras with Theano backend
- Loss function: categorical crossentropy
- ADAM optimiser (adapt learning rate of model

parameters during training)

* Train 200k + Test 60k + Val 60k on AWS

Universitat
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co_la_1_input: InputLayer

input:

(None, 4, 20)

output:

(None, 4, 20)

v

co_la_1:CoLa

input: | (None, 4, 20)

output: | (None, 4, 35)

o Youm Yemm

lo_la_1:LoLa

input: | (None, 4, 35)

output: | (None, 7, 35)

flatten_1: Flatten

input: | (None, 7, 35)

output: [ (None, 245)

dense_1: Dense

input: | (None, 245)

output: | (None, 100)

'

activation_1: Activation

input:

(None, 100)

output:

(None, 100)

Fully
Connected
I

Y4

v

dense_2: Dense

input: | (None, 100)

output: [ (None, 50)

'

activation_2: Activation

input:

(None, 50)

output:

(None, 50)

Fully
Connected
1

A\

v

dense_3: Dense

input: | (None, 50)

output: | (None, 2)

Output

\ J \
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Model summarised

Input: Combination layer(Col a): Lorentz layer(Lol a):
4-vectors of N = 20 - /Sum of all momenta Compute kinematics for

highest pr jet Each original momentum Cola output.
constituents
of AK8 jets

ko1 ko2 -+ kon

kl 1 ]Cl 9 kl N 1 C C ~ LoLa 7 pT(kJ>
k, ) — ) ) ) 2,N+2 2,M k. =X . — E ~
( u,z) ko1 koo - ko ‘ L ‘ . J J w'g_m) g)(km)
o ; ; 5
ksa ks2 -+ k3N 00 -~ 1)Cyniz - CN,M) \ Wi, djm)
kﬂai k,u,i CO—LE %Maj = k,u,i Cz'j ];'j ILLa ]%j
(4 x 20) (4 x 35) (7 x 35)

l l

Summing and weighting all  d2,, and m2 use Minkowski
constituent should allow distance

network to calculate subjet o o
axes &5y = (kj — k) ug"” (ki — km)u
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The basic setup

<05z CMS. W, -ww
Signal 028 e Work in progress QCD (Pythia8)
0.24
- 320k fully merged hadronic W-jets (AK8) o Typical W-tag window:
from W' =WZ —=4q (Mw = 0.6-4.5 TeV) o6l 65-105 GeV
0.12E
- why small training set?— Do not mix oSa
signal samples until one is understood O 04E
(can change with W polarisation etc.) o0 S

| T T
150 200 250 300
AK8 mMDT [GeV]

50 100

Background

- QCD Pythia8 non-W jets <o.05] CMS Bw e, ww)

0.045— Work in progress QCD (Pythia8)

- Danger: Jet substructure strongly
depends on shower generators (different
description of gluon radiation). Different
QCD MC might yield different results

Disclaimer: The following contains student
work in progress studies and not CMS
approved results

11585} I IIIII]IIlIIIIIII
100 120 140 160 180 200
Number of jet constituents




What does LolLa learn?

Input:
4-vectors of N = 20

highest pr jet
constituents

Ei.. En ko, koo -+
ki1 k12 -
ko1 koo -
k31 kso ---

Ko, N
k1N
ko N
k3, N

Combination layer(Col a):

-, Sum of all momenta
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Lorentz layer(LolLa):

Compute kinematics for

Cola output.

HOW DOES THIS BIAS MASS AND P+7?!

Summing and weighting all
constituent should allow
network to calculate subjet
axes

d2jm and m2 use MinkowskKi

2
d2,, =

distance

~ ~

(kj — km)uguy(lgj — k:n)y
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What does LolLa learn?
- Compare to training after
removing variables sensitive to mass and pr
Nominal (AOC=0.963) Work in progress

no > pH (AOC=0.963)
1 —— no pr, mass (AOC=0.956)

. that passes
sum of all 4-momentum (“jet” 4-vector)

1071 - no 2 pH, pr, mass) (AOC=0.956)

- not much impact on overall performance

- not much information taken from LolLa
‘n-subjettiness”

QCD mi§tag rate

- Remove Lola mass and prvariables reduce
performance significantly 10-4

\Ol.lil t 0'4} f?l;fj \ 0.18 1.0
-La INg elrTticlencC
- worst when 99ihg y
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LolLas future

Study LoLa output column-wise to | |
Energy enhanced new-physics effects in longitudinal channel
AT WD)

understand what LoLa is learning
AP (qg = W Z)

- picking up substructure or not?

but transverse channels dominate the SM cross section

Study discriminating power for longitudinally
versus transversally polarised W bosons arge cross section N
due to t-channel singularity
(only there for transverse) ¢ —>—NNANNZ

—Wr vs W, tagger?

231'(13 TeV)

As part of fun
5% M L MU0 7008 —r———r—————T—
OCO Herwig, M™® 4 1 OCO Pymias, M7® 4«

1 1 1 %’ - S:",iguv QCD Ncru: L - .t . 6 S,:‘I,(s-\,w QCD Pyhia8 M ~ e

- Y sy Y na

train LoLa to do Pythia QCD vs. Herwig & et 1 8 pestiorops =34}
W 0.06 ® Data M w1 4“ ) W 0.06 ® Data M 1 ,N.
- . : n.\r.u:'“ ’ T ._._- A (I."-M:". oo
¥ Dua MZT o o v Dwa M,

0.04

to understand where shower differences  Le-

arise? B
— P, » 200 GaV, iy < 2.4 —— P, » 200 GaV, iy < 24
v T —— ¥ ——
1

0.02

3 I
|
2 —4— i
s % _ R s
05 == . o5 .
1000 1500

Data




What's the mass of my object?

CMS Simulation
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Pruning

Universitat
Zurich™

- Remove soft, wide-angle radiation

arxiv:0912.0033

- recluster jet with C-A, remove recombination if

min(PT1,PT2) <and A1,2 >@. 2_m

P11+ P12

pT

Modified Mass Drop Tagger (aka Softdrop, f=0)

« Remove all soft emission

arxiv:1402.2657
arXiv:1307.0007

- decluster with C-A, remove recombination if

min(pri, pr2)

P11+ P12



http://cds.cern.ch/record/2001192?ln=en
https://arxiv.org/abs/1307.0007
https://arxiv.org/pdf/1402.2657v2.pdf
https://arxiv.org/abs/0912.0033
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Can | peak inside the jet?

N-subjettiness 21
CMS Simulation

CMS-PAS-HIG-14008" = T 7 7 7] ] arxiv:1011.2268
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T e moomes » How compatible jet is with having N axis

----- SM Higgs, m = 1000 GeV
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http://cds.cern.ch/record/2001192?ln=en
https://arxiv.org/abs/1305.0007
https://arxiv.org/abs/1011.2268

Mass: Softdrop

* Recluster jet with C-A algorithm. Then decluster
and check if subjets pass

min(pr1, pra2) -
cu

pr1 + P12 /

Soft threshold

<A£;2>ﬂ\

Angular exponent

- in CMS B=0, Zcut = 0.1 (modified Mass Drop)
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Remove if fails
soft drop
_

Tuned parameters:
Zcut @nd 3

B=oco
no grooming
B>0
soft, wide angle removed
some soft-collinear removed

B=0
all soft emissions removed
odified Mass Drop limit

g<o CMS default

all soft and collinear
emissions removed




Substructure: N-subjettiness

- pr-weighted sum over all constituents of the distance w.r.t the

closest of N axes in a jet

1 .
W= Y primin ((ARqy), (ARz,k)"-(ARN,k(
K

algorithm

Distance between momentum of

Each constituent assigned to nearest subjet!

axis obtained by undoing last (N-1) steps of clustering

constituent k w.r.t momentum of
rest-frame subjet N

small T, indicates compatibility with N axes hypothesis
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http://inspirehep.net/record/1311934/files/JME-14-001-pas.pdf
http://inspirehep.net/record/1311934/files/JME-14-001-pas.pdf

Energy correlation functions (EFCs)

- Signal jets satisfy the inequality 2e3 << (e2)2,

explaining the definition of the N2
observable

- Less discriminating power after grooming

applied
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https://link.springer.com/article/10.1007%2FJHEP12%282016%29153

