Improving the Hydra Classifier for Data Acquisition at GlueX

Manav Bilakhia® (Student), Colin Gleason! (Advisor), Matthew Anderson® (Advisor), Thomas Britton* (Advisor), Torri Jeske(Advisor)?
1Union College, Schenectady, “Thomas Jefferson National Accelerator Facility

GlueX and Hydra Examples of Good and Bad Plots Experiment 1 Results
| FCAL Occupancy | FCAL Occupancy
* GlueX s_tudles QCD by searching e e e ———
for exotic mesons[1] |
» Hydra Is an extensible framework Jv
for training, managing, and o ooo| - I
eva|uating Al Figure 2(a): Good Figure 2(b): BAD fADC12 13 Figure 2(c): Bad Crate_17 2
. - - - Research Questions o
Hydra aims to aid and support shift || , ~an our model recognize these plots that have broken electronics as bad? £ o
Crew W!th Identifying data (Experiment 1) ;
anomalies » Can we develop a non-machine learning algorithm that can be used to g |
» Approximately 5 TB in 3 hours identify what subcategory of bad the image falls under? (Experiment 2) 5 "
Problem: Imbalanced Dataset, Solution: The 3 9.4 |.
Knockout Plugin bt 20
» The Knockout plugin uses old runs to emulate a = cosnic
missing electronic component Mediar
1 0| £ = e Outliers
° TN " ), _ o _ A Mean
Flgure 1: the GIueX detector (Left). The Can Hydra learn that this Is a bad image? (Exp 1) Figure 3: Plot classifications 990! o oe135250395 & 10 15 20 do 60 &G
FCAL Sub-Detector (Right) 03 O B B O niots i woiting ot 0 %0
» Electronics in the FCAL: Experiment 1 ( Experiment 2 Experiment 2 Results
. Map the whit '- | : :
2,800 channels My full dataset jbonls Froerhes e bk Algorithm Algorithm
. ' i d the filter - ifferen
Up to 16 Channels Ina tADC " Natural plots: Plots that are \' Imiarlrt\ljjaegeelnOnttoethleter filter Good Bad
o Up to 18 TADCS In a DAQ Crate from e:perimental rtm: and ~resultantimage '~ ; ~' Good 11030 0
» Atotal of 12 DAQ crates in the il \ 00
Images | Synthetic |f 1275
detector | All other labels mages - resulant ) e B 5 cE6
» FCAL’s Hydra model has five N | - % % Effectively O
different labels, two of which are shuffle ___training _ e al L
All other labels Synthetic ves » Perform K-fold Cross-Validation
‘Good’ and ‘Bad’[4] bad plots i _..f' .
Split | Split N 1.... (Experiment 1)
. e 99 /The image is \
Extend the “Bad™ category for the | bad a_ndgme * Add more filters to experiment 2
FCAL such that Hydra can tell | L C Jﬁ'fﬁé;?fc?fm (a) Filter 1 (b) Filter 2 dd >1% of etic had Dl
which fADC or DAQ crate Is ‘ : rinin | febad E— e— A . >d1/(’) Ot synt et'Ct ad plots
brOken All other labels \ device /-/ / i y teS ralnlng >
\ Eailure modes are easily visible it _————— = * When Hydra flags a plot as bad,
th lot y Traininé dataset  Validation dataset Testing set run it as the base |mage in EXp 9
c occupancy p 0 (a) Resultant 1 (b) Resultant 2
)C E#xE Acknowledgments [=i T N
G LUEX ‘g_s;c,fse_,!;fes,-s?nmat,!;a?A?celeratorFacllltyGluex Acknowledgements: gluex.org/thanks % :Ii|:||ll'||:lj:|,,.l i @‘ H Y D R A @EPS(] EJONL{(E)(EQE
and References Bkl




	Slide 1

