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»Outline:
OThe world of Machine Learning
OTrack identification in Drift Chambers
ODrift Chamber Data De-Noising
OImpact on the experiment outcome
OLevel-3 Trigger (impact on High Luminosity Running)
ORICH (Ring Cherenkov) Particle Identification




Clustering

Unsupervised
Learning

Machine
Learning

Reinforcement
Learning

Supervised
Learning

Population
Growth
Prediction

Regression

e Machine Learning (ML) is part of artificial

intelligence.

Machine learning is a field of inquiry
devoted to understanding and building
methods that 'learn’, that is methods that
leverage data to improve performance on
some set of tasks.

Machine learning algorithms build a
model based on sample data, known as
training data, in order to make predictions
or decisions without being explicitly
programmed to do so.




O~ 0
O XA

LA
SO

Hidden Layers




OZ X

&
Y
)

OO
.é‘{" \0"'0( . ~ “lron”
AN 04&‘6‘0’

w \ Output
&

N A

Hidden Layers




Input layer | | Hidden layer 1 || Hidden layer 2 Output layer

C
Input 1
1.0
Input 2 ( A\\' “\\’,lla.
_ w’o“' """‘r ’ |
lr ‘ WY,
Input 4
Input5 =~ | ' ‘§°‘°'
Bias
b b -0.5
Activation
Xj— W, function  Output
-1.0

-5.0

-25 0.0
5 25

variable — ReLU — Sigm — Tanh

5.0



N
.\I /)

©@eeeEer® 0 06 66 O

Input Cell

Backfed Input Cell

Noisy Input Cell

Hidden Cell

Probabilistic Hidden Cell

Spiking Hidden Cell

Output Cell

Match Input Output Cell

Recurrent Cell

Memory Cell

Different Memory Cell

Recurrent Neural Network

Long/Short Term Memory

Gated Recurrent Unit (GRU)
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Auto Encoder (AE) Variational AE (VAE) Sparse AE (SAE)

Deconvolutional Network (DN)

Deep Convolutional Inverse Graphics Network
(DCIGN)
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Extreme Learning Machine
(ELM)

(DRN)

Support Vector Machines
(SVM)

(LSM)

(ESN)




Classifier
Neural Network

hidden

bear: yes/no?

dog: yes/no?

egg: yes/no?

> Based on the input (1mage/vector)

decide what type (or class) of data it

is.
> Used to 1dentify dogs/cats 1n the
1mage

> Identify what king of particle 1t 1s
based on the signals from detector
components

apples: yes/no?

candy: yes/no?

Regression
Neural Network

Hidden layers
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Error backpropagation

> For the given input (1mage/vector)
calculate some values
characteristic of the mput

> Calculate the amplitude of a peak
given points of the histogram

> Predict the speed of the object
from series of measurements

Recurrent
Neural Network

hidden layer 1 hidden layer 2

» For the given series predict
the next value.

> Predict the next word 1n the
sentence.

> Predict the next point for a
given trajectory

Auto-Encoder
Neural Network
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Encoder Decoder

> Modify the input data to
correct for some deficiencies

> Used for de-noising images

> Predicting missing
information in the input




Regression
Neural Network

Hidden layers

Input layer Output layer
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Error backpropagation

> For the given input (1mage/vector)
calculate some values
characteristic of the mput

> Calculate the amplitude of a peak
given points of the histogram

> Predict the speed of the object
from series of measurements

> If one collects all world data and feeds it
to Regression Neural Network the answer

should come out 42.




add 5 cryomodules

add experimental hall (12 GeV)
and beamline

lower pass beam
energies still available

EC & PCAL

B O,

add 5 cryomodules

HTCC

upgrade
magnets and powel
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> CEBAF

» 12 GeV electron beam distributed to 4
experimental hall

> Each experimental hall contains a
detector system for specific experiments

> Hall-B:

> CEBAF Large Acceptance Spectrometer
(CLAS12) Located in Hall-B

> Central Detector:

> Silicon Tracker

> Time-Of-Flight

> Neutron Detector
> Forward Detector:

= et > Drift Chambers
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Q00000000000 > Charged particle tracking i tationally extensi
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OOOOOOOOOOOOO.‘OOOOOOOOOOOOOOO > 0 Wire planes 11’1 each s.uper layer > The multi-particle final states pI’OdUCG numecrous

T OOOUOe@ 0 with 6-degree tilt relative to each clusters in each sector which have to be analyzed to

9 OOOOOOO“‘OOO(E“’”@% other, (112 wires in each plane) find the right combinations of clusters that form a track
OOOOOOOOOOOOOOO"‘OOOOOOOOOOOO > Clusters in each super layer are > Identifying correct cluster combinations can speed up
OOOOOOOOOOOOOOOO“OOOOOOOOOOOO considered part of the track trajectory the tracking process and improve efficiency
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iIs done by choosing equal tracks for each

Ing
momentum and angular bin.
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> One negative and one positive track (different curvature due to magnetic field)
with the clusters from the other track in the event

> False tracks are constructed by interchanging randomly one or two clusters

> True tracks are identified by conventional algorithms from real data.

> Tra

h super

layer is used as an input to Multi-Layer

Perceptron (MLP)
> The network Is trained on 6 inputs and

ire position in eac

> Negative Track
> Positive Track

» False track

produces three outputs

> The average w




> An auto-encoder is composed of an encoder and a decoder sub-models. The
encoder compresses the input and the decoder attempts to recreate the input
from the compressed version provided by the encoder.

> Typically used for de-noising, but can be used for fixing glitches (our case).
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> The network Predicts the missing cluster
position with a precision of 0.36 Wire

> 100
4
3
2
1
0
-6 -4 -2 0 2 4 6

Inference of missing Segment: u= —0.058, 0 =0.356

Probability density
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Training Sample for Auto-Encoder
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» Use Auto-Encoders to fix the missing cluster (provide a position)

» (Good reconstructed tracks are used to generate training
samples by removing one cluster from each super layer
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Construct pseudo-

Classifier picks Remove all usters for all 5 Identify tracks Voilal
the correct track clusters belonging CIUSLErs Ior 8 using 6 super '
from 6 super-layer to identified track superiayer layer candidates

combinations using
Corruption Auto-
Encoder

combinations with pseudo-

clusters




» CLAS12 Reconstruction Software 1s based on Service Oriented Architecture (SOA)
» Allows running parallel services for each algorithm producing common output.
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Al Assisted

‘l-ll

Clustering algorithm:

Clusters hits in each super layer Conventional

Track Finder:

Considers all combinations of 6 and 5 super layer track
candidates Fits them and accepts/rejects them based
on chi2.




16

Al-assisted track candidate classification and Inefficiency Reduction Auto-Encoder

/ / _
ep — €' (X) ep — €' (X)
» Single particle efficiency increases by ~10%.
- [ with Al [ with Al . . . .
ol HE conventional 10/ [ convenfional » The impact on physics for a multi-particle
final state 1s dramatic (209% for the two-
08 0.8f particle final state and ~35% for the three-
particle final state)
0.6} 0.6}
» The tracking code speedup 1s ~30%.
0.4r 0.4r
12k , ¢ Conventional Tracking\ Standard running
0.2r 0.2F ® Al assisted Tracking Conditions
V Ratio of efficiencies
1.1
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Up to ~35% gain 1n physics
Just using Classifiers

Moving to higher Luminosities




Performance of track identification for higher luminosity

i 1.0F
2000

1500}
1000}
500
0f
2000
1500
1000}
500 |

w Comventional | © Pythia simulated physics reaction:

- Al-assisted S
ep — em T P

» Data for each luminosity (beam
current) 1s created by standard
background merging software.

S
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Reconstructed Fraction

04+
000! > For each luminosity the yield of
1500 0ol missing protons 1s calculated 1n:
1000
_ /S S
500 ep — em T X
3 | N R OO | ! | ! | ! | ! | ! I ! |
(()).80 0.85 090 095 1.00 1.05 1.10 1.15 1.20 1.25. 40 60 80 100 120 140 160
mxepipi Beam Current (nA)

> With increased luminosity the efficiency of reconstructed three particle final state drops sharply

> Even with the power of Al-assisted tracking (capable of resolving the combinatorics) the
efficiency drop follows the same trend.




> In high luminosities the noise level increases and forming clusters (or segments 1n each
chamber becomes challenging)

» This results 1n loss of clusters and Al-assited tracking can no longer help with combinatorics
resolution

CLAS12 Event Display Examples (Drift Chambers)
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RAW DATA GROUND TRUTH De-NOISED
» Convolutional Auto-Encoder 1s used to de-noise g J o ma, ] ' 5"
raw data from drift chambers. U= m.-;; : A S S
> Th ' ‘ ' ST WP I T A | S
e network 1s trained on reconstructed data with ~ “a o4y L 4 0 )
track hits 1solated from raw DC hits. EITR AR TR S g
: : : : of #8% .0 o W DY =
» The network 1s able to 1solate hits that potentially B T 7 T * ; X %
belong to a valid track through drift chambers oottt i 1)
N P |43 ¥
2 { 'SATELTERN S I
— ] 323. 1" 2 vl S I Ly
%g . :l‘ -,.‘..;!... - Input Output - f 22: o ; .- ] f' %
i ' T TensorFlow — H1 AT i §
io—f// /, E s f‘ 6(; }0 - 410? 610 810 1.(130 0 21(.) 410 610 810 1(130 0 20 410 610 810 1(130
\\\\\Codc///// \ /, [ .l‘;‘ ; 4
\
VBN Y A Network Performance Summary
/<\ />\ \ : }" 100 -
// B - \\ // \ * g + + + 1.0-[. 4 segments @ 5segments MW 6segment]
c \\\*—L/\ \\\ — !:f I . + + + 0.8 -
f, : Ke ras \\\ , 1‘ :‘ , , , ,g 60~ ® Hit reconstruction efficiency ] 0.6 ~
I f, E 40 ® Noise reduction efficiency
J . J [ g 0.4 -
v . U
Encoder Decoder T 0 0 o 80 o0 20 - + * * * * * 0.2 -

Beam Current (nA)
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» The reconstruction 1s run on simulated data with a merging background for different incident beam currents
(luminosity)

» The simulated three-particle final state 1s analyzed to measure yield for de-noised data and for conventional

Mx(ert ) [GeV]

1000 -
300 — a) - —e— conventional 45 nA
45 nA #hh". .\ conventional 45 nA
600 - ;i\{‘- [ ] de-noised ai 45 nA
400 - : L
i (o __npRERtioSins
200 - R,
800 = | | | | | | | | !
700 4 b) s —e— conventional 45 nA
288: 95 nA ] conventional 95 nA
400 — [ ] de-noised conv. 95 nA
300
200 =
100 -
800 I I I I I I I I I
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40

30 100 120 140 160

Beam Current (nA)

» At standard running

luminosity, the de-noising
slightly increases the yield
compared to Al-assisted
tracking.

With increased luminosity,
the de-noising helps to
increase the yield
significantly compared to
conventional and Al-assisted
tracking.

Simulation underestimates the
gain 1n yield significantly. In
data the gain 1s much larger.




» CLASI12 Reconstruction software 1s based on SOA (CLARA)
approach, where each detector reconstruction runs as a separate 7000
service

» The data reconstruction workflow now included de-nosier running
prior to standard clustering and Al-Assisted tracking running prior to 6000

DC track finding.

> Drift Chambers code runs tracks suggested by Al-assisted tracking 5000
through Kaman-filter for final track parameter calculations.

AI-ASSISTED
DE-NOISER Classifier
AutoEncoder

» Running at standard conditions (45 nA beam current) the Al increased 1000
the yield of missing protons by 51%.

» The improvement 1n yield is reaction and kinematics dependent, and

) o ; O ! !
for some event topologies reaches even 83% (J/ps1 with 3 particles 0.6 0.7 08 09 10 11 1.2 1.3

detected final state).

-~ Al-assisted Tracking
-o- Conventional Tracking
— p yield conventional
- p yield ai assisted

Yield Ratio =1.511

MM (ep— ent'mt'X) [GeV]
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Output Layer

Momentum
Polar Angle
Azimuthal Angle

» Charge Track Parameter Inference
> Reconstruct momentum and angles of particles based on the cluster positions
of the tracks

> Particles have distinct trajectories through drift chambers depending on their
momentum, polar and azimuthal angle.

> Design an MLP network and investigate different combinations of activation
functions to derive the best network for this problem.

ep — e nmw

140007 Y Conventional Hit Based » Missing mass of two particles calculated
12000 - Al MLP TANH/LIN using particle momenta from Hit-Based
10000 - Tracking compared to missing mass
calculated from Al particle parameter
8000 - & inference.
6000 § | > Hit Based Tracking works ~250 ms per
4000 - \ event
000 - \x ‘ > Al reconstructs particle parameters <0.5
: ms per event
0.5 1.0 1.5 2.0 2.5 3.0

Mx(et™) [GeV]




Data Collection Efficiency
(Level-3 trigger)




Level-3 Trigger Richard Tyson (Glasgow)

1071
N&EcoUTWview] I =eouT Metrics vs Response Lower Threshold

1
ECIN &
0.8
ECIN & ECOUT V-View - 1.000 -
‘ 102
0.6 . H
ECIN & ECOUT U-View
I! [I 0.975 -
PCAL ]
-0.4 PCAL W-View - !
-1073
I : 0.950 -
PCAL V-View - [
-0.2 i
0.925 -
T T T T T | - 104 .
o o o o
— ~ ~

OOOOOO
o~ < ‘o] eo] 9‘

Metrics

Wire ) " ’ ) 0.900 - o
DC ECAL .
0.875 -
l l 00012 0841 09999  0.906 ‘ o Accuracy e
0.03 0.930 0.999 0.962 0:850 - v trcincy 2
© o o
Convolutional Convolutional oL LLoss U Lot 08251 . M .
0.0 0.2 0.4 0.6 0.8 1.0
LayerS LayerS . Lower Threshold on Response
> Level-3 Trigger
\ / > A Convolutional Neural Network with a Computation graph is
used to identify electrons.
1D Dense » The DC image is analyzed separately from the EC image, then
Layers combined to make a decision.
l > The ECIN, ECOUT, and PCAL are combined into one image 6x72
Trigger > The current implementation does not use information from High-
Decision Threshold Cherenkov Detector

G.Gavalian (Jlab) CLAS Collaboration Meeting (March 22 2023)



Level-3 Trigger

Level-3 Trigger Performance compared to conventional Trigger

Purity vs Beam Current Data Reduction vs Beam Current
1.0 - :
=¢.§=. ® Al Tngger
-1.71e-04*x + 9.28e-01 ® Al Denoiser & Trigger
0.8 - -1.9e-04*%x + 9.39e-01
0.9 -
0.6 - S
: = 0.8 -
- ® Al Tnigger =
= ® Al Denoiser & Trigger ©
& ® CLAS12 Trigger ﬁ
0.4 - o -
8 0.7
0.2 - 0.6 -
-3.40e-03*x + 4.29e-01 3.19e-03*x + 5.07e-01
3.20e-03*x + 4.97e-01
| | ! ! ! | ! ! 0-5 ! | | ! ! | ! !
40 50 60 70 80 90 100 110 40 50 60 70 80 90 100 110
Beam Current [nA] Beam Current [nA]

G.Gavalian (Jlab) CLAS Collaboration Meeting (March 22 2023)



Level-3 Trigger

4 NVIDIA Level-3 Trigger Test
6
> Neural Network was developed for Level-3 trigger studies. (Richard Tyson,
University of Glasgow) ~tln
> The Software was tested on clonfarm11 node with two NVIDIA Tesla T4 = [
GPUs (2 available, tested only on 1), over 3 times faster than RTX 2080 Ti @ ,[
> Results are reported as inference per second (inference is per one sector) é i
» The real data rate is inference divided by 6 @ I _ |
> Results are reported for 1 CPU core and 1 GPU unit = 3 - RTX 2080 Ti (Max Rate ~17.2 kHz)
e _
o _
22
f CPU (Max Rate ~3.4 kHz)
o Event Rate ~ 550 Hz
> Online multi-threaded data decoder into HIPO is implemented (C++) (0—0—0—0—0—0—0 00 0 o 00
» Currently contains only DC and ECAL decoding ""“s00 600 700 800 900 1000 1100 1200
> The ET-RING is set up to convert EVIO events into HIPO data frames Batch Size

(100 events per frame) and store HiPO frames in secondary ET-RING
> The Level-3 trigger will be tested during the next run

> With HiPO ET-RING we can now implement online data 0.0012 0.841 0.9999 0.906
reconstruction (Al track reconstruction will be easy to add) 003 0930 0.999 0940

» Online data calibration is also possible
0.47 0.977 0.99 0.983

G.Gavalian (Jlab) CLAS Collaboration Meeting (March 22 2023)
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Physics Reconstruction (Al)

14000

Saving experimental data

o \ Already co_ntalnlng trapks
ZZZZ \\ y % And physics topologies
\\\\\\ Data Persistence ldentified by Al

[G V]

Track Classification (AI) Data Acquisition

\A/ v/ v/ \V/ ./
\ ¥
| e | | |
) | IR | N | P | R
al|E TE | Ef | FAR
IN T 55 I i :

Classifying track candidates from
Reconstructed clusters
In real-time

Level-3 Trigger (AI)

Dt |y |t oy [Py |, ',

0.0012 0841 09999 0906

0.03 0.930 0.999 0.962 ¢

0.47 0.977 0.99 0.983 R

g i o °e 4 o /:-
% ' % G . }_,.‘r * & 6 Removing Noise signals
‘ai § R . °° -’g. | From tracking detectors

Data De-Noising (Al




Particle |dentification




8:2‘_ = REC (N /N )pos.xb 0!
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0.1111111111111
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» Traditional (time-of-flight) can effectively separate p1/K up
to 3.5 GeV

> For full measurement of hadron multiplicities as a function
of z and Pt need to separate hadrons at higher momenta to
measure:

> Hadron multiplicities
> Single Spin Asymmetries (SSA)
> Double Spin Asymmetries

» Measure fragmentation functions:

D% (2, Pr), D97 ™ (2, Pr)




RICH Detector

CLAS12 - RICH

* The Ring Imaging Cherenkov detector (RICH) is designed to
improve CLAS12 particle identification in the momentum range 3-8
GeV/c and will replace one sector of the existing LTCC detector.

* The RICH design incorporates aerogel radiators, visible light photon
detectors, and a focusing mirror system, which will be used to
reduce the detection area instrumented by photon detectors to ~1
m? . Multi-anode photomultiplier tubes (MA-PMTs) provide the
required spatial resolution and match the aerogel Cherenkov light
spectrum (visible and near-ultraviolet region).

* For forward scattered particles (6< 13°) with momenta 3 - 8 GeV/c,
a proximity imaging method with thin (2 cm) aerogel and direct
Cherenkov light detection will be used.

* For larger incident particle angles of 13°<0<25° and momenta of 3
- 6 GeV/c, the Cherenkov light will be produced by a thicker aerogel
(6 cm), focused by a spherical mirror, undergo two further passes
through the thin radiator material and a reflection from planar
mirrors before detection.

G.Gavalian (Jlab) CLAS Collaboration Meeting (March 22 2023)



Rich Detector (preliminary)

> RICH ldeal Geometry > RICH Real World Geometry
> If the ideal geometry and position of mirrors are known the ray- » Ray tracing will predict an inaccurate position for the hit on the detector
tracing can help recover the Cherenkov angle plane
» Calculating the Cherenkov angle for each of the hits on the » This affects the efficiency of particle identification

photomultiplier plane allows to identify the particles.

K+ (p, 6, ¢) Mirror K*(p,0,¢)
p(z,y, 2)

u(cosfy, cosb,,, cosh.,)

Aerogel Layer| [ Mirror

> Neural Networks can be trained on Real-World data which includes miss-alignments

» It can learn the Cherenkov ring patterns for incident particles, given interaction point and direction at crossing
the aerogel layer

G.Gavalian (Jlab) CLAS Collaboration Meeting (March 22 2023)



Rich Detector (preliminary)

Kaon Identification Efficiency (IDEAL GEOMETRY)

Kplus efficiency, 6= 21.25 Kplus efficiency, 6= 23.75
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Rich Detector (particle identification)

2000 > Neural Network predicts Cherenkov angle for
: 200 . . . .
6000k || incoming particles based on the hits on the RICH
photo-multipliers
1000F 40001 100} » Kaon efficiency is uniform across the momentum
2000} _ range
ob—Jd v L o- R ) SR o— o+ ol > The Network is trained on misaligned data
1.0 05 00 05 1.0 1.0 -05 0.0 05 1.0 1.0 -05 00 05 1.0 o | o
1Ny NNy M, M > Kaon efficiency is calculated from misaligned data
= 0.2

» The detector will not need to be aligned when

0.5¢ M trained on experimental data.
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» CLAS12 uses three neural networks for track reconstruction in forward drift
chambers:

» De-Nonoiser: Convolutional Auto Encoder Network
» Corruption Recovery Network: Multi-Layer Perceptron AutoEncoder
» Track Classifier: Multi-Layer Perceptron Neural Network

» The combined effect of three neural networks resulted in increase of single
particle efficiency ~15%-18%.

» The resulting increase 1n statistics for physics observables 1s ~50%-80%

> Implementation of Al track 1dentification also resulted 1n tracking code
speedup of ~35%.

» The use of neural networks 1n track reconstruction paves the way for high-
luminosity running where conventional methods can not be used.

» Future: working on neural networks for other detectors
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S e » 2 super layers in each region » Charged particle tracking is computationally
OQOQOQOQOQOQ‘.OQOQOQOQOQOQOQOQ > 6 wire planes in each super layer  extensive (about 80% of data processing time)

< OO%OOOOOOOOO‘,’%%%%%%% with 6-degree tilt relative to each  » The multi-particle final states produce

g cooooroeoooo o other, (112 wires in each plane) numerous clusters in each sector which have to
OO UL Clusters in each super layer are be analyzed to find the right combinations of
9000000 ' 000eee per lay € analyze g
OOOOOQOQOOOQOOOQ“OOOOOQOQOOOO COI}Sidel‘ed part of the track clusters that form a track
SO trajectory > Identifying correct cluster combinations can

FTOF \ speed up the tracking process and improve
efficiency
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» C++: Keras model inference in C++ code

implemented for CLAS12 de-noiser.

» Multi-Threading: Multi-threading implementea

to process data files (using std::thread)

De-Noiser #1
Thread 1
Event Reader/ Thread 9
Thread Creator
Thread N
C— De-Noiser #2
Thread 2 Thread Blocking
______ Event Que
Thread N

250

N
-]
-]

150

—
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Event processing Rate (Hz)
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- denoiser (Intel) #1, batch size 1 :
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= denoiser (M1) #1, batch size1 5 Ay
- -4~ denoiser (Intel) #1, batch size 12 - 5 4_4/ :
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Generative Al

> Image Generation:
O Al tools to generate images based on the description

O Ability to generate images with the style of a certain
painter

D: Discriminator
(Detective) '

-
L .
3 ‘
;lﬁa .
..

G
»

N

: Input for

G: Generator generator
(Counterfeit )

X : Original Data
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RUN GROUP-A Pass2 Validation Cooking
Includes De-Nosing and Al-assisted Tracking
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De-nosing Performance Multi-Threaded

entries 2900
mean 0.5269
rms 0.2681

P, 4.574+/-0.7431
P, 25.185+/-1.4763
x 58.956+/-3.5166
T 0.298+/-0.0028
O 0.048+/-0.0024
$
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% et
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