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CLAS12 Detector

CLAS12 Tracking with Artificial Intelligence Expe rimental Hall-B (CLAS1 2)
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> Jefferson Lab accelerator recently upgraded to 12 GeV > 4 ;u detector consisting of 6 sectors
> With addition of new experimental Hall (D) > Forward Drift Chambers are inside toroidal

> Provides beam for 4 experimental Halls magnetic field



CLAS12 Drift Chambers

CLAS12 Tracking with Artificial Intelligence

> Drift Chambers consist of three regions (inside the magnetic field)

> Each region consists of two chambers (super-layers), each with 6
layer of wires

> Each layer in super-layers contains 112 wires.

> the wire planes in each super-layers in the region are tilted by 6
degrees relative to each other to detect position of interaction of

particle in the cell.

> Particle passing through drift chambers

‘\ . / leaves signal in each layer
\ / » There are background hits in the chambers

- ,, that have to be considered by tracking
(o2se) N B Sk algorithm.

T T T > All combinations of segments in each super-
layer have to be considered by tracking
algorithm and fitted by Kalman filter to
determine if it's a valid track.
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CLAS12 Tracking with Artificial Intelligence
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Tracking is computationally intensive (~94% reconstruction time)
t relies on fitting tracks with Kalman-Filter

Reduction of track candidates to fit can lead to significant speed up of the code.
DC tracking with clusters:

1 good track

> Many combinations of clusters to form a track.
> Many end up not as valid track, though time is spend on fitting them.
> Even after fitting, some tracks are not traced to the target and have to be discarded.
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1 good track

and recovers tracks

> |f track candidate detection is replaced with Al, a method has to
developed to address the missing segment issue.

Missing segment

> |nefficiencies and dead channels in drift chambers can leas to lost tracks
> Traditional tracking algorithm also considers 5 segment combinations

be




Super-Layer

Training Data
CLAS12 Tracking with Artificial Intelligence

REAL TRACK DATA MODIFIED TRACK DATA
POSITIVE TRAINING SAMPLE NEGATIVE TRAINING SAMPLE

OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0.000000000000000000000000000000000000000000000000000 60.00 OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0.000000000000000000000000000000000000000000000000000 60.@0
OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0.000000000000000000000000000000000000000000000000000 60.00 O00OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0.000000000000000000000000000000000000000000000000000 60.00
OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0.000000000000000000000000000000000000000000000000000 60.00 OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0.000000000000000000000000000000000000000000000000000 60.00
OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0.000000000000000000000000000000000000000000000000000 60.00 OOOO0OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0.000000000000000000000000000000000000000000000000000 60.00
OOOOOOOO0OOOOOOOOOOOOOOOOOOOOOOOOOO0OOOO0OO00OOOOOOOOOOOOOO0.000000000000000000000000000000000000000000000000000 6@-00 OOO0OOOO0OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOlOOOOOOOOOOO0OOOO0OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO 60.00
60.00 OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0OOOO0OOOOOOOOOOOOOOOOOO0.000000000000000000000000000000000000000000000000000 60.00

64.00 OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0.00000000000000000000000000000000000000000000000 64.@0

64.00 O00OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0.00000000000000000000000000000000000000000000000 64.00

64.00 OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0.00000000000000000000000000000000000000000000000 64.00

64.00 OOOO0OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0.00000000000000000000000000000000000000000000000 64.00

64.00 OOO0OOOO0OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0000000000000000000.00000000000000000000000000000000000000000000000 64.00

64.00 OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0OOOO0OOOOOOOOOOOOOOOOOOOOOOOlOOOOOOO0OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO 64.00

54.00 OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0.000000000000000000000000000000000000000000000000000000000 54.@0

54.00 O00OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0.000000000000000000000000000000000000000000000000000000000 54.00

53.00 00000000000000000000000000D00D0O0O0DO0DO0DO0DO0DO0DO0DO0DO0DO0DO0DO0DO0DO0DO0DO0DO0DODO0DODODOOOIOOO00O00O000D00000D00D000D0O0D0O0DO0DO0DO0DO0DO0DO0DO0DODODO0DODO0DODODO0DODODODO0DODODODODODODODODODODODODOOOOOOO 53.00

0000000000000000000000000000D00D00DO0D0DO0D0O0DO0DO0DO0DO0DO0DODO0DO0DO0DO0DODO0DODO0DOOOOOOO0OO0O0DO00O00O0D0O0D0O0DO0O0D0O0D0DO0DO0DO0D0O0O0DO0DO0DO0DO0DODO0DODO0DO0DODO0DODO0DODODODODO0DODODODODODODODODODODODODOODOOOOO 54.00 0000000000000000000000000000D00D0D0DO0D0DO0DO0DO0DO0DO0DO0DO0DODO0DO0DO0DO0DO0DO0DODO0DOOOOIOOO0OO0O0O00O0D0O00O0D0O0D0O0O0D0O0D0D0O0D0O0D0O0DO0DO0DO0DO0DO0DODO0DO0DO0DO0DODO0DODO0DO0DODO0DODO0DODODODODODODODODODOOODOODOOOOO 54.00
OOOOOOOO0OOOOOOOOOOOOOOOOOOOOOOOOOO0OOOO0OO00OOOOOOO0.0000000000000000000000000000000000000000000000000000000000 53.00 OOO0OOOO0OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0.0000000000000000000000000000000000000000000000000000000000 53.00
OOO0OOOO0OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0OOOOOOOOOOO0.0000000000000000000000000000000000000000000000000000000000 53.00 OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0OOOO0OOOOOOOOOOO0.0000000000000000000000000000000000000000000000000000000000 53.00
OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0.00000000000000000000000000000000000000000000000000000000 55.00 OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0.00000000000000000000000000000000000000000000000000000000 55.@0
OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0.00000000000000000000000000000000000000000000000000000000 55.00 O00OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0.00000000000000000000000000000000000000000000000000000000 55.00
OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0.00000000000000000000000000000000000000000000000000000000 55.00 OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0.00000000000000000000000000000000000000000000000000000000 55.00
OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0.00000000000000000000000000000000000000000000000000000000 55.00 OOOO0OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0.00000000000000000000000000000000000000000000000000000000 55.00
OOOOOOOO0OOOOOOOOOOOOOOOOOOOOOOOOOO0OOOO0OO00OOOOOOOO0.000000000000000000000000000000000000000000000000000000000 54.00 OOO0OOOO0OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO000000000.000000000000000000000000000000000000000000000000000000000 54.00
OOO0OOOO0OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0OOOOOOOOOOOOO0.00000000000000000000000000000000000000000000000000000000 55.00 OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0OOOO0OOOOOOOOOOOOO0.00000000000000000000000000000000000000000000000000000000 55.00
OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0.00000000000000000000000000000000000000000000000000000000000000000000000 40.00 OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0.00000000000000000000000000000000000000000000000000000000000000000000000000000 34.@0
OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO00.00000000000000000000000000000000000000000000000000000000000000000000000 40.00 O00OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOlOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO 34.00
00000000000000000000000000D0O0DO0DO0DO0DO0DODO0DODODODODO0DODODODODODODODODODODODO0ODODOO0OOOO 34.00

000000000000000000000000000000000D0O0D0O0DO0DODO0DODODODO0DODODODODODODODO0OD0OO0O0O0OOO 34.00

000000000000000000000000000000000D0O0D0O0DO0DODO0DODO0DODO0DODODODODO0DODODOODODO0OO0OOO 34.00

OOO0OOOO0OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOlOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO 39.00 OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0.0000000000000000000000000000000000000000000000000000000000000000000000000000 35.00
OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0.00000000000000000000000000000000000000000000000000000000000000000000000 40.00 OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0.00000000000000000000000000000000000000000000000000000000000000000000000 40.@0
OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO00.00000000000000000000000000000000000000000000000000000000000000000000000 40.00 O00OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOlOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO 40.00
00000000000000000000000000000000D00O0D0OD00O 00000000000000000000000D00D0D0O0D0O0DO0DO0DO0DODO0DODO0DODODO0DODO0DODODO0DODO0DODO0DODODODODO0DODODODODODODODODODODODODOODO0OOOO 39.00 000000000000000000000D00D0D0DO0D0DO0DO0DO0DO0DO0DO0DO0DO0DO0OOOOOO0O0OO00O0DO0D0O0DO0DO0D0DO0D0O0O0DO0O0DO0DO0DO0DO0DO0DO0DO0DO0DO0DODO0DO0DO0DO0DO0DO0DODO0DODO0DO0DODO0DODO0DODODO0DODODODODODODODODO0DODODODODODODODODODODODODOOODOOOO 39.00
00000000000000000000000000D00D00D00D0DO0O0DO0OO0OOOO0O00O0D0O0DO0D000D00D00D00D0O0D0O0D0O0O0D0O0D0DO0DO0O0DO0O0DO0DO0DO0DO0DODO0O0DO0DO0DODO0DODO0DODODO0DODO0DODODODODODODO0DODODODODODODODODODOODODOODOOOOO 39.00 00000000000000000000000000D00D00D0D0D0DO0O0DO0CO0OOOJIOOO0O0O00O0D0O0D00000D00O0D00D0O0D0DO0D0O0O0D0O0D0DO0DO0O0DO0O0DO0DO0DO0DO0DODO0DODO0DO0DODO0DODO0DODODO0DODO0DODODODODODODO0DODODO0DODODODODODODOOODOODOOOOO 39.00
00000000000000000000000D00D0D0D0DO0O0DO0DO0D0DO0O0DO0OOOJIOOO0O00O0D000000000000O0D00D00D0O000O0D0O0DO0O0DO0DO0DO0DO0DO0DO0DO0DO0DO0DODO0DODO0DODO0DO0DODO0DODO0DODODODODO0DODODODODODODODODODODODODOODOOOOO 39.00 00000000000000000000000D00D0D00D00D0D0D0DO0O0DO0COOOJOOO0O00O0000000000000D00D000O000O0D0O0D0O0O0DO0DO0DO0DO0O0DO0DO0DO0DO0DODO0ODO0DO0DO0DO0DODO0DODO0DODODO0DODO0DODODODODODODODODODOODODOODOO0OOO 39.00
OOO0OOOO0OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOlOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO 39.00 OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO0OO0.000000000000000000000000000000000000000000000000000000000000000000000000 39.00

> Training sample is composed of real track data for positive sample and a modified track data where one of the segments
s replaced with random segment in the drift chamber from the same event

> The segment is chosen to be closest to the track, since we found that network learns best when negative sample is very
close to positive sample.

> For CNN an image with dimensions 36x112 was used, for ERT and MLP 6 features were used which are average wire
position of the segment in each super-layer.

> (more details on how to chose training sample is in the published work, see Summary)



Training Data
CLAS12 Tracking with Artificial Intelligence

Conventional metrics does not reflect true performance of the network.

CNN > Training accuracy also reflects false positives, which are not crucial for
our case as long as true positive is given higher probability of being a
good candidate.

> New metrics was introduced to measure network performance on event-
by-event basis (not track by track)

ERT > Ah is the percentage of the “true” tracks in the event identified by
network as good candidates with higher probability than other candidates
in the same event.

> If two candidates have sharing segments the one with higher probability
MLP IS taken.
Confusion Matrix
27000
den 24000
Model Al Training | Time to | Time to wrong 21000
Type Metric | Metric | Metric | Metric Accuracy| Train Predict T 18000
/ sample © < 000
MLP 96.5% 20.2% 04.7% 1252 sec 4 us 2 115000
19000
Rightt 16000
ERT 93.3% 19.9% 1.7 sec S us
13000
' 0)
CNN 96.4% 30.1% 457 sec 1.2 ms @@00’ Q@’\“

Predicted label



RQSUltS (Comparison of conventional and Al tracking)
CLAS12 Tracking with Artificial Intelligence
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Drift Chamber Layer

Drift Chamber Layer

X($1,332,$3,O>335,$6) => Y($175132,37373?4,CE5,$6)

Drift Chamber Layer

Al Tracking

CLAS12 Tracking with Artificial Intelligence
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Auto-encoders:

> An auto-encoder is a type of artificial neural network used to learn efficient
data codings in an unsupervised manner. The aim of an auto-encoder is to
learn a representation (encoding) for a set of data, typically for dimensionality
reduction, by training the network to ignore signal “noise”

> The input and output of encoder is vector of the same size. And it learns the
output vector even if there is a corruption in the input.

Input Output
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\ N - - //
\ / S Code 77 \ /
/ N\ \ 7/ \ /
\/ \ / /
X A )\ A
/ \ /N /N /
;o\ /L < \ / \\
/ \ /= ~A / \
/
;7 N
hd N \\
N Y, N Y,
Y Y
Encoder Decoder

> What we want Network to do:

> Given combinations of 5 segment data network should predict the
position of 6th segment

> The 6 segment track candidate can be validated with track classifier.



Al Tracking

CLAS12 Tracking with Artificial Intelligence

» Starting from fully reconstructed tracks (with 6 segments),
we introduced corruption into training data set.

; > Xl represents the average wire position in the segment.
T1,Ts, T3, Ty, T, Tg) " > The network was trained with corrupted data as input and

)

)

)

Introduction of Corruption into data set

(331, L2,T3,T4,T5, .’IJG) <

original data as output

> The network was tested on 6 segment data by corrupting
one of the segments and having network to reconstruct
missing segment information.

> The average position of segment was reconstructed with

12 12 .
accuracy of 0.36 wires.
/ N S
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\ \
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Summary
CLAS12 Tracking with Artificial Intelligence

> Neural Network track candidate classification was developed and implemented into
CLAS12 reconstruction code.

> Provides 99.7% track identification accuracy and results in x4 code speed up.

> Neural Network based on Auto-Encoders successfully corrects for inefficiencies in Drift
chambers (recovers 99.8% of the tracks with missing segments)

> Track Classification using Al:
> https://arxiv.org/abs/2008.12860
> Auto-Encoders for track reconstruction:

> https://arxiv.org/abs/2009.05144

> There are ongoing work on denoting Neural Networks for Drift chambers using auto-
encoders and LSTM for track segment reconstruction, soon to be published

> CLAS12 reconstruction is in JAVA, present work was done using DL4J libraries:
> https.//deeplearning4j.org
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