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Introduction

=> Deep boosted-jet tagging is a new yet promising
technique in the LHC experiment

¢/
%®

deal with traditional jet classification task with the
deep neural network

boosted jet (R=0.8 or 1.5) explores the rich phase-space
from the boosted region when decay particles of a
resonance merge into one jet

able to capture the full correlation of the large-R jet
constituents

Boosted-jet tagging in CMS

% include the tagging of t/W/Z/H and BSM particles,
decaying to hadrons with different flavours

*

different types of the large-R jet structure
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> Higgs to charm coupling measurement

measuring Higgs couplings with 2nd
generation fermions are the next milestone

the main difficulty to probe the H>cc signal is
the charm jet identification

boosted H»cc jet tagging technique is first
explored in CMS and improves the
measurement sensitivity

=> In this talk, we will

introduce various deep boosted-jet taggers
developed in CMS (main focus)

present an overall image of the H>cc analysis in
CMS, and explain how deep boosted-jet tagger
brings the improvement
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Deep boosted-jet taggers and Hee measurement
Boosted event shape tagger (BEST)

° o
A
> BEST: a multi-class tagger to discriminate ‘.LO’e"tZ "Z"'Sfom’ to the
. . “assumed resonance”
hadronic decays of high-pt t/W/Z/H bosons rest frame d
from jets arising from b/light quarks, and o \ = |
gluons [Phys. Rev. D 94, 094027]
-> Architecture:
. . summary of input variables [JINST 15 (2020) P06005]
% feed-forward NN with 3 hidden layers; 59 nodes ALy Sl L — _
raining quantities
1 Jet char Fox-Wolfram moment H,/H, (t, W,Z,H) my, (t, W,Z,H)
as input, 6 nodes as output ) ](;tjyge ng—wglfrzm mgmgnt Hl/Hﬁ (t,W,Z,H) mz (t,W,Z,H)
Jet 75, Fox-Wolfram moment Hy/H, (t, W,Z,H) my3 (t,W,Z,H)
9 I N p UtZ Jet 73, Fox-Wolfram moment Hy/ H,, (t, W,Z,H) myy34 (t,W,Z,H)
Jet §oft—drop mass Spherici'ty (t,W,Z,H) A; t,W,Z,H)
< 59 input features as “boosted event shapes”: oot 2oV valne A tromy AW 211
high-level jet quantities + global features Maximum subjet COV value Thrust (4 W, 2,H)
> include advanced “event shape” variables: Fox- {l} @ 59 input nodes
Wolfram moments; sphericity; aplanarity; O \ ocooooooo00 : e

thrust ...
=> Performance for all taggers summarized in p.7

(02020202020

6 output nodes
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Inputs

-> ImageTop: discriminate top vs. QCD o s oot
. . . I I 64)(18)(}'8.... 64x17xi7‘. 64x17xn1..7.. 64x8.>ii‘§ 6
jets using the 2D CNN image #iﬁ = = - . -
recognition techniques
. AK8 AN top
-> Architecture: PUPPL et D CC
o ﬂ b,bb,blep,c,uds,g
<* a2D CNN model: = = msp [
) SJZ Dense
preprocess on the low-level input additionally use the - [ bh5ep s
eepFlavour tagger
and create a jet image to pass the score
2D CNN chain average jet images after preprocessing for ImageTop
. __ [JINST 15 (2020) PO6005]
=> Input: pixelized jet image after o o
preprgcessing CMS simulation CMS simulation
> ImageTop-MD: a mass decorrelated version = ot o
107
% decorrelate mass dependency by o o
o e . . 10—4
probabilistically removing QCD events to 10° .
achieve a same mass spectrum for the top "J 10° 10°
& QCD input sample %510 15 20 25 30 35 10 %5 10 15 20 25 30 35 10

pixel pixel,
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DeepAKS

Deep boosted-jet taggers and Hcc measurement

-> DeepAKS8: multi-class classifier for t/W/Z/H tagging based on 1D CNN in ResNet architecture

R/
%*

details in [JINST 15 (2020) P06005]; @ widely-used boosted jet tagger in CMS

=> Architecture:

/7
1 %4

—> DeepAK8-MD: the mass
decorrelated version trained with
an “adversarial’ architecture

two individual 1D CNN chains in
ResNet architecture (adding
shortcuts across layers) to process

low-level features

added a mass prediction network
to predict the jet mass from the

learned features

adversarial training strategy:
minimize the joint loss will
improve classification accuracy
while prevent mass correlation
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Particles

Up to 100 PF candidates()

Sorted in descending pt order

Uses basic kinematic variables,

Puppi weights, and track

properties (quality, covariance,

dlsplacement etc.)

Up to 7 SVs0) (inside jet cone)
Sorted in descending Sip2p order
Uses SV kinematics and properties

(quality, displacement, etc.)

| umberchosen to include a/ candidates for = 90% of the events

features

Architecture
. Particles
&

— E
particles, ordered by pr

T

<SVs ordered by S:on

Fully
connected

(1 layer)

Output

Output

Category Label

H (bb)
Higgs H (cc)

H (VW*—=qqqa)
top (bcq)
top (bqa)
top (bc)
top (bq)

W (cq)
W (q9)
Z (bb)
Y4 Z (cc)
Z (qa)
QCD (bb)
QCD (cc)
QcCDh QCD (b)
QCD (c)
QCD (others)
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ParticleNet

based on graph NN [Phys.Rev.D 101, 056019 (2020)]

tagging at CMS [CMS-DP-2020-002]

with flat (pr, mass) distribution

CLHCP 2021

=> ParticleNet: A multi-class jet classifier for t/H/W/Z tagging
achieve state-of-the-art performance for large-R jet

ParticleNet-MD: The mass-decorrelated version trained

Deep boosted-jet taggers and Hcc measurement

EdgeConv: an analogous convolution,
operated on the graph by finding k-nearest
neighbours for each node

. result in a new
s ‘@ \ / il \ /. graph structure
/\. .//.\2’ D ’

. DGCNN explained
-> Architecture:
% treata jet as an unordered set of particles in the n-¢ space 2D coordinate PO
3

architecture with EdgeConv operation)

> Input: low-level features of PF candidates / SVs

2 .

use graph NN which maintains the permutation-invariant
symmetry (model based on Dynamic Graph CNN (DGCNN)

SR Vo o
W ¥ 3 ) - > o .
) \ e y
. . hea IS
Mo N
3

typical top jet image as a

“point cloud”

Conggiao Li (PKU)

CLHCP 2021

EdgeConv Block
k=16, C = (64, 64, 64)

v

——
EdgeConv Block (|ntermediate
k=16, C = (128, 128, 12graphs with high
oordinate &
feature
EdgeConv Block dfmension)
k = 16, C = (256, 256, 256)

2

[ Global Average Pooling

|V

v

Fully Connected
256, ReLU, Dropout = 0.1

v

add shortcut Fully C<>2nnected
inspired from E> v
esNet Softmax
EdgeConv block ParticleNet full architecture
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Deep boosted-jet taggers and Hee measurement
Performance in boosted-jet tagging

ROC comparisons on various taggers [JINST 15 (2020) P06005]
Higg(s vs. QCD

mass sculpting effect in various taggers
[JINST 15 (2020) P06005]

1 13 TeV) (13 TeV) _ j j (|13 TeV)
> E T T T T I T T T T I T T T T I T T T T I T T T T I T T T E > 1 = T T T I T T T T T T T T T I T T T D B T I T T T T I T T T T T T T T T T T T T T T T i
2 F CMS ] Q - CMS | < - CMS [inclusive (AK8) T
o [ . . ] B - . . O g
'© | Simulation i '% | Simulation Simulation . eep::z- ’
:q:,) 10 Higgs boson vs. QCD multijet | = _,|_ Higgs boson vs. QCD multijet 1 2 Dijet sample - DeepAKs D> E
§o) E 300<p]" <500 GeV, ™" <2.4 E g 10 E 1000 < p°" < 1500 GeV, ™"l < 2.4 - Higgs bi:s°" tagging, Ejs: 50% ]
c [ 90 <mg;° <140 Gev ] c E 90 <m™® < 120 GeV [ 600<p. <1000 GeV, "' < 2.4 ]
-} | ] S B sD L ]
o s {1 0 i 1
(@)
=< 10°fF 3 2 102 =
O F ] (&) o E
© - ] © - ]
28] - ] m i 4 ]
10_3 — = 10_3 = =
g 3 3 — DeepAK8 3
- —DeepAK8 3 - ---DeepAK8-MD ]
B --- DeepAK8-MD B —BEST ]
B — double-b T B —double-b T
10_4 L 4’"| LA o by b s _4 | , o | | | | | | | | , TRNTER ST S S
0 0.1 0.2 0.3 0.4 0.5 0.6 107, 0.0 0.4 0.6 0.8 1 200 250 300
Signal efficiency Signal efficiency Mgp [GeV]
ROC comparisons on ParticleNet vs. DeepAK8 [CMS-DP-2020-002] ParticleNet mass-decorrelation effect
(13 ToV) [CMS-DP-2020-002]
a 1 E| TTrrrrrrrrt T 117 T 11T TTrrrrrrrrr |E > 1 E T T T T T T T T T T T T T (13 Tev)
c - CMS 3 - - CMS 2 02kems A
2 L Qs . - - () . . . . = . g
O | Slmglat/on Prellmlnary i (:) | Simulation Pre//m/nary 0.18 [ Simulation Preliminary -o-Inclusive =
s 10k H—bb vs. QCD multijet B 5 10-1L H--ce vs- QD muttjet 0.16 [ Dijet sample ., =5% =
o F 500< p:e" <1000 GeV, %"l < 2.4 | 3 ] E 500 < P2 <1000 GeV, ™"l <2.4 'j 0.14 - H—ct t_a?gin9= ParticleNet-MD Heg=1% —
% E 90 < mg;, < 140 GeV ; E g E 90 < mg;, <140 GeV ’ 012 %_500<p1: <1000 GeV, ™' <2.4 -, =0.5% é
o L — DeepAK8 ] 1 o s 010 =
(@))] b (@) ]
Z -2 --- DeepAK8-MD ;i | ~ 2 ) o =
8 10 s ParticleNet J 8 10 E e 0.08 E *:g:* E
o " - -ParticleNet-MD ] m ¥ 1 0.06 g’ Y E
" % DeepAK8-DDT (5%) i i D anD i 0.04f =
;| DeepAKE-DDT (2%) ; P:ft?cleN;t 0.02F =
10 E_ _E 10 E_ -.- ParticleNet-MD _§ o ' — ‘ — ‘ S — ‘ S — mﬂ
- ] C % DeepAK8-DDT (5%) ] o 14} .
i i i * DeepAK8-DDT (2%) ,\(2}121 T T ﬂih&ﬂ;
1 0—4 A ’f‘: 1 L L L L L N NN R 1 0—4 L ':' L | L L L | L L L = E 0.8 ;ﬂ :
0 01 02 03 04 05 06 0.7 08 O 02 04 06 08 1 ok ‘ ‘ ‘ ‘
Signal efficiency Signal efficiency 50 100 150 200 250 300

Conggiao Li (PKU) CLHCP 2021 27 November, 2021


http://dx.doi.org/10.1088/1748-0221/15/06/P06005
http://dx.doi.org/10.1088/1748-0221/15/06/P06005
https://cds.cern.ch/record/2707946/files/DP2020_002.pdf
https://cds.cern.ch/record/2707946/files/DP2020_002.pdf

VH->cc: first channel for Hcc measurement
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Deep boosted-jet taggers and Hcc measurement

3 full leptonic channels:
OL: Z->vv; 1L: W->2v; 2L: Z>00

reconstruct H>cc decay with two R=0.4 jets

probe larger fractions of the available /ﬂ
phase space

./V‘

require two c-jets from DeepCSV score

define SR: two jets with the high c-tagging score

further train to separate VHcc signal vs. backgrounds
CRs defined for V+b/c/light jets, and tt

extract VHcc signal by the simultaneous fit on SR (on BDT)
and all CRs (on c-tagging discriminant)

event with pt(V)<300 GeV

CLHCP 2021

reconstruct H>cc decay with one R=1.5 fatjet

improve signal purity with large pr(H)
allow to better exploit the correlations of
two charms when they are contained in
the same jet

/H
4

./V‘

require one cc-jet from the DeepAK8-MD score (R=1.5
version)

train to separate VHcc signal vs. BKG,
using only kinematics properties - no mass/flavour
information

CR defined by inverting the BDT cut / N; for tt BKG

apply cc-tagging selection on three WPs

finally extract VHcc by fitting on the fatjet soft-drop mass

event with pr(V)>300 GeV
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DeepAKS8 for Hcc measurement

=> The DeepAKS8 tagger explores the merged di-charm phase-space
for the first time in analyses

Y/

% identify H>cc jet while vetoing while bb-/light-flavour jets

Y/

% use are-trained tagger adapted to R=1.5 jets

4

./\/‘

NS

% eventually fit the soft-drop jet mass to extract the H->cc signal
Calibration of the H>cc tagger is crucial to analysis

% H->cc/H->bb jet calibrated with the g>cc/g->bb proxy jet, using the
QCD multijet sample

S

% background jets assigned with a rate parameter extracted from
the CRfit

=> Stringent limit on H>cc, with 35.9 fb-1 data

95% CL exclusion limit on pviH-c)

Resolved-jet Merged-jet Combination
(pr(V) < 300GeV) | (pr(V) >300GeV); OL 1L 2. All channels
Expected 45118 7373 7972 7273 571% 3718
Observed 86 75 83 110 93 70

s cf. ATLAS [ATLAS-CONF-2021-021], with 139 fb-1 data
Lvi(H->cc) <26 (31) obs. (exp.)

=> Expect better limit with full Run 2 (139 fb-1) data, utilizing a more
competent H>cc tagger

Conggiao Li (PKU) CLHCP 2021
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,’QO/
,H -

score(H — cc) + score(QCD)

(13 TeV)

—

- CMS
| Simulation
I H—cc vs V+jets

V+jets efficiency

N
Q
|

performance (
cc-tagger

b 4

1072 *

f the

0.4 0.6
H—cc efficiency

0.8 1

35.9 fb' (13 TeV)
il S A

Il VH(H—bb)

LI L
—4— Observed
[ vz@z—ce)
Il single Top Cu i
[ z+jets I VH(H—>cc), p=21 ]
—— VH(H—cc) x 100 55 S+B Uncertainty |

T T
-~ CMS -
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signal extraction on the large-R jet mass
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BDT (high-level inputs)

; -> Novel DNN approaches for the boosted-jet
: tagging open a new era

feed-forward NN (high-level inputs)

R/

% allow direct use of high-dimensional low-level
inputs and output multi-class scores

R/

% can be designed to explore jet substructure and
flavour information simultaneously

R/

% capture the underlying symmetry and physics
principles with the dedicated NN model

. -> Deep taggers are deployed to an increasing
Tl number of CMS analyses

% DeepAK8 successfully used in the H>cc
graph NN - (fow-level inputs) measurement, exploring the untouched di-charm
phase-space to improve the sensitivity

i X . S e_J_(i’ ) X ] . . . . . . .
/\' = / © e e % achieve impressive results in various ongoing CMS

analyses
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Backup
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[
ImageTop: details

-> Standardisation of the jet image CNS Sruary eNS say
% shift the jet to the origin I
% rotate and flip: major axis in the
vertical & maximum intensity is TR .
in the lower-left quadrant CUU T b CEEEET phel
o

*

pixelize into the 37 x 37 grid, with An=A¢ =3.2

—> DeepFlavour

designed for AK4 (R=0.4) b-jet tagging

1D CNN + RNN (LSTM) network based on the low-level inputs from the charged
PF candidates / neutral PF candidates / SVs

output six scores

Charged (16 features) x25{ 1x1 conv. 64/32/32/8 RNN 150 b
bb
Neutral (6 features) x25 1x1 conv. 32/16/4— RNN 50 Dense lepb
200 nodes x1, c
_ 1x1 conv. 64/32/32/8— RNN 50 100 nodes x7 I
g

Conggiao Li (PKU) CLHCP 2021 27 November, 2021 1 2
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DeepAKS8(-MD): details

Variable Definition
For both charged and neutral particles.
log pr logarithm of the particle’s pp Sum m ary Of DeepA K8
log £ logarithm of the particle’s energy
log(pr/pr(jet)) logarithm of the particle’s py relative to the jet pp inp ut Variab[es
In| absolute value of the particle’s pseudorapidity

An(jet) difference in pseudorapidity between the particle and the jet axis [ _ _ _ ]
Ad(jet) difference in azimuthal angle between the particle and the jet axis CMS TS 201 9 01 7
AR(jet) angular separation between the particle and the jet axis

AR(subjet 1)
AR(subjet 2)

angular separation between the particle and the subjet leading in pr
angular separation between the particle and the subjet subleading in py

min AR(SV) angular separation between the particle and closest secondary vertex
WpupPI PUPPI weight of the particle
q electric charge of the particle
isMuon if the particle is identified as a muon
isElectron if the particle is identified as an electron
isPhoton if the particle is identified as a photon
isChargedHadron if the particle is identified as a charged hadron
isNeutralHadron if the particle is identified as a neutral hadron
JroaL fraction of energy deposited in HCAL

For charged particles only. A default value of 0 is assigned for neural particle.
pvAssociationQuality

flag related to the association of the track to the primary vertices

lostInnerHits quality flag of the track related to missing hits on the pixel layers
dyy transverse impact parameter of the track
d, longitudinal impact parameter of the track
dyy /”dw significance of the transverse impact parameter
d.[og, significance of the longitudinal impact parameter
X’ Jdof x* value of the trajectory fit normalized to the number of degrees of freedom
qualityMask quality flag of the track
cov(q/p,q/p) variance of the track parameter ¢/p
cov(A, \) variance of the track parameter A
cov (e, @) variance of the track parameter ¢
cov(dyy, dy,) variance of the track parameter d,,
cov(d,,d,) variance of the track parameter d,

cov(dyy, d.)
cov (o, dy,)
cov(A, d,) covariance of the track parameter A and d,
Nhel pseudorapidity of the track relative to the jet axis
Pr.el Tatio

covariance of the track parameter d,, and d
covariance of the track parameter ¢ and d,,

track momentum perpendicular to the jet axis, divided by the magnitude of the track momentum

Dpar,rel Tatio track momentum parallel to the jet axis divided by the magnitude of the track momentum

dayp signed 2D impact parameter (i.e., in the transverse plane) of the track
dyp /oo signed 2D impact parameter significance of the track
dsp signed 3D impact parameter of the track
dsp/osp signed 3D impact parameter significance of the track
trackDistance distance between the track and the jet axis at their point of closest approach
Table 5.2: Input variables of each jet constituent particle.
Variable Definition
log pr logarithm of the SV’s py
log E logarithm of the SV’s energy
log(pr/pr(jet)) logarithm of the SV’s py relative to the jet pyp
In] absolute value of the SV’s pseudorapidity
An(jet) difference in pseudorapidity between the SV and the jet axis
Ad(jet) difference in azimuthal angle between the SV and the jet axis
AR(jet) angular separation between the SV and the jet axis
mgy mass of the SV
Niracks number of tracks associated with the SV
x*/dof x* value of the SV fit normalized to the number of degrees of freedom
doyp signed 2D impact parameter (i.e., in the transverse plane) of the SV
dyp/oap signed 2D impact parameter significance of the SV
dsp signed 3D impact parameter of the SV
dsp/o3p signed 3D impact parameter significance of the SV

cos(Psy, (PV,SV))  cosine of the angle between the SV momentum and the vector pointing from the primary vertex to the SV

Table 5.3: Input variables for each secondary vertex (SV) inside the jet.

Conggiao Li (PKU)

CLHCP 2021

Deep boosted-jet taggers and Hcc measurement

@

ConviD
3,11,32
ConvlD
3,/1,64
ConvlD
3,/1,64
+
ConvlD
3,/1,64
ConviD
3,/1,64
\L ConvlD
\’L 3,/1,32
ConvlD ConvlD
3,/2,64 3,/1,32
ConvlD ConvlD
3,/1,64 3,/1,32
+ +
ConvlD ConvlD
3,/1,64 B,0,5
ConvlD ConvlD
3,/1,64 3,/1,32

\ 1\

\/ v

ConvlD ConvlD
3,/2,128 3,/2,64

] v

ConviD ConvlD
3,/1,128 3,/1,64

\ v

+ +

R
YT

v v
ConvlD ConvlD
3,/1,128 3,/1,64

\ v
ConvlD ConvlD
3,/1,128 3,/1,64

v ¥

+ +

\ N4

Global Global

average pool

Concatenate

v

FC
512,ReLU

\2

DropOut
p=02

v

FC
17, Softmax

Cross-entropy
loss

(2)

average pool
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Data/MC comparison

data/MC comparison on single-jusamples [JINST 15 (2020) PO6005]
BEST

35.9 fb™ (13 TeV)

ImageTop(- MD)

35.9 o' (13 Tev)

DeepAKS(- MD)

35.9 fo™ (13 TeV)

c c g FTTTTTTT T R ULAARE R nan c 3
35 Slngle u sample —o— Qata = 10 Slngle-u sample e Data = 10 Slngle w sample e Data
o 7 I} ) o
2 107F CMS AKB jets = Single & 107 CMS Al Jots = Single & 107 CMS AKS jets — ginglet
LD 408 p.** > 200 Gev QCD multijet 12] P Tie‘ > 200 GeV QCD multijet §2 p.** > 200 Gev QCD multijet
GCJ ] i < 2.4 = t\It_\l\;ujets qc) 108 i <2.4 = tVi\l\;ulets CIC.) 108 M <2.4 = t\li\l\;tlets
Lﬁ 10 . . VvV Lﬁ 105 ) . Vv Lﬁ 105 . Vv
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. . 5 10 rpmcey T Snger g 0 agmcey | Smet
L multije multije
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' - : -
. > 5 W L 5 W
9 S M ( H erwi g) S h OWS th e w 10 ST SM (Herwig) = Bkg unc (stat) 10 ST SM (Herwig) = Bkg unc (stat)
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ImageTop-MD (t vs. QCD)
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CLHCP 2021

DeepDoubleX(-MD)

Deep boosted-jet taggers and Hcc measurement

> DeepDoubleX (V1): a bb/cc-flavour tagger based on 1D CNN+GRU [CMS-DP-2018-046]
% NN similar with DeepJet (for R=0.4 jet tagging) architecture [JINST 15 (2020) P12012]

7/

=> Architecture;

Y/

length sequence

=> Inputs: low-level features from PF candidates / SVs and global features

-> Model upgraded to V2:

7/

Y/

NN architecture for DeepDoubleX (V2)
-0
-8
-0

Charged PF candidates
601 particles x 30 features

Neutral PF candidates
1001 particles x 10 features

Secondary vertices
101 vertices x 5 features

Expert (jet-level)
1 jet x 27 features

ConvlD
2 layers (32+32)
Dropout = 0.1

ConvlD
2 layers (32+32)
Dropout = 0.1

ConvlD
2 layers (32+32)
Dropout = 0.1

GRU
1 layer (50)
Dropout = 0.1

GRU
1 layer (50)
Dropout = 0.1

GRU
1 layer (50)
Dropout = 0.1

Conggiao Li (PKU)

»
»

—

Dense
1 layer (100)
Dropout = 0.1

—

% achieve up to 40% improvement from the V1 performance

% optimize and add more input features; drop irrelevant features to shorten inference time

% MD version: introduce additional “adversarial loss” in training: use KL divergence to quantify the shape difference

ROC for DeepDoubleX (V1) [CMS-DP-2018-046]

% separate 1D CNNs to process low-level features + gated recurrent units (GRU) applied after CNNs to handle the variable-

. CMS simuiation Preliminary 2016 (13 TeV) - CMS simuiation Preliminary 2016 (13 TeV)
L0 P (e e
[a) r 1 o r
8 F 300 < jetpr < 2000 GeV 8 F 300 < jetpr < 2000 GeV
e [ 40 < jet mgp < 200 GeV e [ 40 < jet mgp < 200 GeV
©  —— DeepDoubleBvL, AUC = 97.3% © r —— DeepDoubleBvL, AUC = 86.3%
= double-b, AUC = 91.3% =  —— DeepDoubleCvL, AUC = 91.4%
=) i) double-b, AUC = 73.7%
D (=)
S bt
R RZ]
= o1k SRLNIS =
Output
2 nodes
(softmax)
37variations:
bb vs light 102 102~ -
ccvs Iight
ccvs bb
joebnfi b b A b b b b b Ly josb Ll b b b b b b e Ly
00 01 02 03 04 05 06 07 08 09 10 00 01 02 03 04 05 06 07 08 09 10
Tagging efficiency (H — bb) Tagging efficiency (H — cc)
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