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Mission

<& Solve tough natural science challenges with aid of advanced
data analysis and machine learning

<& Develop new data analysis methods

<& Bridge the gap between CS and HEP communities
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Group in HEP

& Member of LHCb Collaboration
& trigger
¢ charged and neutral particles ID

< monitoring

<& anomalies detection

SHiP

Search for Hidden Particles

| CMS
& Member of SHIP Collaboration %

¢ computing resources

ATLAS

<& detector optimisation EXPERIMENT

<& computing resources

o Active participation in CRAYFIS CRAYEIS

cosmic rays found in smar tphones

& Cooperating with CMS Collaboration

¢ data certification

<& Particular projects with Atlas, Opera
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Group PhD

¢ Fedor Ratnikov - physicists

¢ ARGUS - HERA-B - CDF - CMS - LHCb - SHIP

<& triggers, data handling, calo reco, offline reco, simulation

¢ heavy flavour, tau-physics, searches: rare decays, exotica, SUSY
< Andrey Ustyuzhanin (head of the lab) - computer scientist

<& LHCb - Opera - SHiP - CRAYFIS

<& applying different aspects of ML to different problems in science
<& Denis Derkach - physicist

<& Alice - NA61 - BaBar - LHCb

<& heavy flavour, SM combination
< Andrey Sapronov - physicist (JINR PhD)

& ATLAS

< numerical computation of higher order corrections
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PID at LHCb

innermost layer » outermost layer

tracking electromagnetic hadronic muon
system calorimeter calorimeter  system

Problem: identify particle type
associated with a track/energy

photons

et =

electrons

deposited in the subdetectors —
 Charged: m, e, u, K, p ———
« Neutral: m°, v, n ey
neutrons
K?

Better PID performance — better bkg
rejection = more precise results.

PID also used for trigger (in particular ;:
for upgrade): less background — less Zu
resources (less bandwidth) T i
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High-level info from subdetectors +
track quality info = multi-class R ;Ao.;,e;ujn;(';t‘l’é/c)
classification in machine learning
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S5m |

vertex
locator

Neutral PID

0 copiously produced at LHCDb , decay to yy

high momentum 1% — merge of ECAL clusters = huge background for

radiative decays

Need for a powerful tool to discriminate signal (y) from background mo— yy
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ECAL Signatures
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Coarse granularity — separation is not straightforward
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Baseline approach [LHCb-PUB-2015-016]

Neural Network with 2 hidden layers (TMVA MLP)

| TMVA response for classifier: MLP |

IMVA

3 2EgSgnal T T TS

§ o ;{::j Background i :

14 ECAL and Pre-Shower cluster parameters = :
(grouped under shape and F 1
symmetry ) ° ] it
- 4 variables that account for the size & - 3
tails, semiaxes and orientation of the 2 % 18
+ ellipse in the ECAL b |

« 2 variables related to the energy of the TR MRl response

most (seed) and the second most
* energetic cells of the cluster ST T
» 4 variables for multiplicities of hits in the = ok B™ = K™y
PS cells matrix in front of the seed  tacoof- 3
- of the electromagnetic cluster & 2000 E
* 4 shape and asymmetry variables in the S k. 3
3x3 PS cells ” jz:: MLP response > 0.6 —
2000f- Esig~98%, Epyg~55% C
L

B mass (MeV)
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Our approach

New method: XGBoost classifier which is a Gradient Boosting over Decision Trees classifier.
Inputs

are raw energy values in 5 5 ECAL and PS cells around the cell seed. There are no any
additional input features
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Charged PID

Problem: identify particle type associated
with a track/energy deposited in the
subdetectors

« Charged: m, e, u, K, p also we have
ghosts

Standard MVA used for PID LHCb

Artificial neural networks with 6 binary
classification models

(One-versus-rest approach: separate one type
from the others)

1 hidden layer, TMVA MLP [arXiv:0703039]

Gradient boosting:
« CatBoost [arXiv:1706.09516]

Artificial neural networks (NN)
* Deep neural networks, miulti-class approach

@ Fedor.Ratnikov@cern.ch
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Flat efficiency approach

o PID performace depends on particle kinematics (p,p7,7) and Niracks
o Flat PID efficiencies:
% Good discrimination for different analyses

¥ Unbiased background discrimination
% Reduced systematic uncertainties

Introduce flatness term in loss function: £ = L Adal oss + L FIat
o Flatdd: Lriat,, = LFiat.p + LFae.PT + LFiat_nTracks + LFlatn

Pions Kaons
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— Better PID efficiency flatness in p,p7,m, N¢racks than baseline
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SHiP Experiment

Active muon shield _SHiP AWAKE (previously

CNGS)

& Search for Hidden Particles

& Post-LHC era experiment for direct search of very weakly interacting
light particles
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Active Magnetic Shield

Decay volume _

Emulsion spectrometer

Hidden sector spectrometer
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<& Absorber shape optimization: background suppression at
reasonable cost
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Gaussian Process Optimization

¢ Loss function includes both
background level and cost

& 50+ configuration parameters

<& estimation in every point takes
significant time

& full GEANT simulation of 10+M
muons passing through iron

<& loss function is very irregular in
the multidimensional parameter
space

¢ Use Gaussian Processes

0O Fedor.Ratnikov@cern.ch
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Shield Optimization

Target/Magnetised hadron absgrbe:

A&st known point to an itearation

| 4

™

<& The same background
suppression

103

loss

<& Twice lighter

¢ save $%$ ii

0 1000 2000 3000 400 5000
iteration

\
|
|

Advanced optimization methods
rule in multidimensional space
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Track reconstruction at LHCb

@ The Tracking System consist of:

@ VErtex LOcator (VELO) magnet . T-stations
@ Two stations downstream /\) T.atatians track
magnet (TT) T
@ Three stations upstream magnet upstream track — —
T-stations VELOm ong frac
( _ ) _ VELO track _\
@ Two phases in the LHCb tracking:

@ finding (pattern recognition) \) downstream track

@ fitting (Kalman-filtering)

@ Main track types for physics analyses:

@ Long tracks: hits in VELO, T stations (and eventually TT).
Used in majority of analyses (B/D decays)

@ Downstream tracks: hits in TT and T stations.
Tracks from daughters of long lived particles (A, K?)

@ The same reconstruction in the trigger and offline.
@ Need to fit in the tight timing budget (35 ms for HLT1 and 650 ms for HLT?2)

A.Dziurda (CERN) EPS, Venice, 06.07.2017 9/19
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Track reconstruction at LHCb

HLT1 sequence (35 ms)

Offline VELO tracking with
simplified Kalman Filter

VELO = TT:
initial momentum estimate
pr>200 MeV

®Ht

Track

------ Search Window

------------ Reference plane

magnet T stations
TT - ( T track
VELO |
upstream track
‘ long track
veﬁ
‘ \\‘\
u v X X U v X X U v X

T1 ' T2 T3

X
‘ ! E Hough Space
z )

HLT2 sequence (650 ms)

VELO - T-stations
no pr threshold

T-station standalone tracking

Downstream tracking

@ Fedor.Ratnikov@cern.ch
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Track reconstruction at LHCb

HLT1 sequence (35 ms) HLT2 sequence (650 ms)
Offline VELO tracking with T atations V:;(;:t:-rsetsa;:::s

simplified Kalman Filter magnet

VELO = TT: VELO L | — T-station standalone tracking

initial momentum estimate upstream track (i
ong tra =
pr>200 MeV 9 Downstream tracking
VELO track

\-i.\
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Machine Learning in the LHCb Tracking

Tracking algorithms are also good places for using Machine Learning.
@ Neural Network (most often Multi Layer Perceptron (MLP))

T stations
magnet
@ bonsai Boosted Decision Trees (bBDT) velo T /?__ﬂ T rack
Qo upstrear::ltrack 1 rrrd O
VELO track q
Example of using Machine Learning: Fake track rejection [
downstream track
‘SBSOOETF * LHCb 5
@ After Kalman Filtering still significant 3 o,  polimiey
2500 - E
amount of fake tracks SN: ——all DK ]
8" f T . e fakes ;
@ Further ~30% fake rate reduction with 5 1500 . E
o - - .
MLP. 5 F o . 3
500000000t NUUUINIII bscoseseees:
@ First tuning for 2015 oo o 1900 :
my,. [MeV/c?]
@ speed up by factor O(90)%, ; — —_—
| S— E
° Iess than 0.5 ms per event, g E T —— g
. ‘D> 09F =
@ used in HLT?2. B z
2 O8F E
. = F LHCb 3
@ Further improvements for 2016: g O7F preliminary E
= 06 E— run 2 ghost probability _;
@ reduces HLT2 combinatorics by 40% 05F — ek E
. . . . . o run 1 ghost probability .
with negligible efficiency loss, T |
. 0 05 1
@ used in HLT1. efficiency

A.Dziurda (CERN) EPS, Venice, 06.07.2017 11 /19
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Downstream Tracking

T stations

magnet

TT T track

VELO

upstream track

long track

tracks

downstream track

& Downstream tracking contains two Multivariate classifiers

<& reject as much fake T-seeds as possible: avoiding unnecessary
reconstruction

< BBDT
<& final accepting tracks: further reducing fake tracks

& MLP

¢ Improved both fake tracks reduction and signal efficiency gain by
3-5%

<& implemented for 2017 operation
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Monitoring Robo-shifter
=

-+ 183156

Robo-shifter is machine- —
learning based system The reicton or s rn s 047

Please judge by distribution of predictions:

designed to assists the DQ .
shifter ’

@ Bad runs
[ Good runs

Given run data it can predict

probability of run being good
or bad ‘

Il

03 ) 0.6 0.7

Hint for potential problem -
Suspicious histograms:
SO u rce S iS ext ra Cted fro m ¢ /OfflineDataQuality/ALIGNMENT: page 06: IT overlap residuals: histogram

IT1TopBox dx
o o « /OfflineDataQuality/TESLA-BRUNEL: page 01: Tesla Brunel monitor:
d e C I S I O n t re e S histogram TeslaBrunelMonitor
¢ /OfflineDataQuality/CALO: page 1: Photon and Electrons Reconstruction:
histogram (gg) mass Rec/Calo/Photons
o o « /OfflineDataQuality/TESLA-BRUNEL: page 01: Tesla Brunel monitor:
CO mMmmli S S | O N e d fo I L H C b histogram Tes/aBrunelMonitor
¢ /OfflineDataQuality/RICH: page 8: PID Monitoring with J-Psi: histogram
Mass of J/psi(1S)_all

D ata Q U a | ity M O n ito ri n g « /OfflineDataQuality/ALIGNMENT: page 04: RICH HPD Panel Alignment:

histogram dTheta v phi CSide-right
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Generative Models

& Computationally heavy tasks

<& e.g. simulating shower development in the calorimeter

<& May be substituted by generative models trained on the
original task

& save orders of magnitude in computing performance

<& challenge is to keep physics performance high

@ Fedor.Ratnikov@cern.ch LAMBDA
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Problem

> We want to speed up calorimeter simulation (calorimeter showers) while keeping reasonable simulation
accuracy (correctly reproducing simulation behavior)

o consider LHCb ECAL as a practical goal

> Our ML problem formulation (hidden variables model):

x Input target
P —> wagatrix Y

K variables:

, PY, PZ, ... S ‘ energy response
P rticle £ a m p er in cells

particle type, etc

£ noise : y = G(x,£,60) ~p(y | x)

L variables:

“hidden variables”
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C.onditinnal WGAN

@ Fedor.Ratnikov@cern.ch
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Very Preliminary Results

GEANT Simulated

GAN Generated

GEANT Simulated

GAN Generated
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Triggers at LHCDb

Need to collect many
different interesting events
For this, we need to cut
very hard in order to collect
enriched data sample

@ Fedor.Ratnikov@cern.ch

| 40 MHz bunch crossings l

| hardware trigger (-1 MHz) |

software trigger (-10 kHz)

offline analysis

| discovery! |

LAMBDA
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Triggers at LHCb

40 MHz bunch crossings rate

v

LO Hardware Trigger:
1 MHz readout, high E1/Pt signatures

450 kHy\t 400 kHz p/pp 150 kHz e{y

\muons

had
adrons ™ ¥ K_/ photons,

our topic

Oot'o[‘
G «
o (s}

i o
o z
> o
B S
8
g . c9

" Software High Level Trigger

29000 CPU cores

Offline reconstruction tuned to trigger time
constraints

5 kHz Rate to storaae
2 kHz 2 kHz 1 kHz
Inclusive Inclusive/ Muon and
Topological Exclusive DiMuon

electrons

Muons, hadrons, photons are particle species

Fedor.Ratnikov@cern.ch
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LHCb topo-trigger

* HLT-1 track is /‘-»
looking for either S ..
one super highPT AN \~/~ ;
or high displaced . ........ \\, @
track '

HLT-1 track: 100 kHZ HLT-1 2-body SV: 50

* HLT-1 2-body SV N y
classifier is looking ., /
for two tracks OR
making a vertex

HLT-2 Topo: 2-4 kHZ ®

* HLT-2 improved s -
topological classifier g9 "
uses full /e

reconstructed event
to look for 2, 3, 4
and more tracks

oL-o g ________________________________________________________________________________________________________________________________________________________________________________________________|]
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Data

Event is represented

. _ as set of SV's
) Monte Carlo samples (used as signal) are simulated

. : : SV Sv SV SV SV
with B decays of various topologies ¢

True match to signal

|
v

) Generic proton-proton collisions are used as SV SV SV SV
background sample (also includes some signal) other preéelections
) Most events have many secondary vertices =Y SY S'V
ML
) Goal is to improve efficiency for each type of signal Y ¢
events with fixed efficiency for background If at least one SV in the event passed all

stages, the whole event passes trigger
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ROC curve, computed for events

10 ROC fqr events

- model rate: 2.5 kHz rate: 4. kHz

* Output rate = false positive
rate (FPR) for events (since
background = generic event)

o
o

o
()

* Optimise true positive rate
(TPR) for fixed FPR for
events

0.4

TPR, signal events efficiency

* Weight signal events in such |

Way that Channels have the °8.00 0.01 0.02 0.03 0.04 0.05 0.06
FRP, background events efficiency

same amount of events.

* Optimise ROC curve in a
small FPR region
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Available decision variables

flight distance

impact parameter

of second track '
transverse momentum

(x, y)-plane

A

SV impact parameter

e number of tracks
mass, corrected mass,

transverse momentum (X, y)-plane

beam axis (z-axis)

pseudorapidity

decay vertex of studied particle
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Online part using Bonsai BDT

* Features hashing using bins
before training

* Converting decision trees to
n-dimensional table (lookup
table)

2
. . - . ’ ; A =
* Table size is limited in RAM % B s]

e

(1Gb), thus count of bins for ' &

each features should be
small (5 bins for each of 12
features)

* Discretisation reduces the
quality

@ Fedor.Ratnikov@cern.ch LAMBDA
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Topological trigger results

N-Body trigger Performance Comparison
(bars correspond to trigger efficiency for different decay modes)

. B — K*[Ktn |utp~

“ Bt - n"K K™

. B? - D [Kt"K 7 |uty,

. BY - (18 [utp | K* K nta

B - D;[K*K 7~ |n*
B - DY K ntat|D-[Ktn 7]

20

10

2 3 4 5 &

Run-| (Before optimization) MatrixNet

https://github.com/vyandexdataschool/LHCb-t -tri r
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Summary

<& QOur group has quite a lot of successful stories to demonstrate
power of modern CS approaches to the High Energy Physics

& MPD@NICA is a very interesting project
<& attractive physics program
<& active development phase
<& nice and convenient location

< many possibilities for applying our expertise

< We would like to discuss a possible task(s) to get involved into
the detector R&D in the most efficient way
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