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Particle track reconstruction is a pivotal task in modern high-energy physics
experiments. Traditional methods like the Kalman filter, though effective, face
significant challenges in scalability and computational efficiency in environments
with high track multiplicity and noise. To address these limitations, the TrackML
competition was established to discover new, effective approaches for reconstructing
particle trajectories with both high performance and quality. In this work, we
introduce TrackNET, a deep learning model based on a GRU recurrent neural
network architecture that reconstructs particle tracks by concurrently processing
multiple seeds, beginning from hits on the first detector layer and iteratively
predicting the region on the next detector layer where subsequent hits are likely to
appear, thereby constructing the track. Unlike the Kalman filter, TrackNET avoids
complex algebraic computations and has a minimal memory footprint, processing
only a small subset of hits at a time. This efficiency enables the parallel execution
of hundreds of models to generate a list of track candidates with high recall.
These candidates are then ranked based on a relevance criterion to identify the
most accurate tracks. When applied to the TrackML dataset, TrackNET achieved
promising results in both processing speed and reconstruction accuracy. These
results highlight TrackNET’s potential as a scalable, efficient solution for particle
tracking, with promising implications for future collider experiments and high-
energy physics research.

PekoHCTpyKLHMS TPEKOB 4YacTHL SIB/seTCH KJIO4eBOH 3anaueidl COBpeMEHHBIX KC-
NIePUMEHTOB B 00/1aCTH (DU3UKH BbICOKHX Hepruil. TpaqHULHOHHBIE METOLBl, TAKHE KaK
¢uabTp Kanmana, XoTd U M0O3BOJSAIOT LOCTHYb BEICOKOIO KayecCTBa, HO CTaJKHBAIOTCS
CO 3HaYMTeNbHBIMH NpoO/IeMaMH MaCIITAOUPYeMOCTH H BBIUMC/IUTENbHOH 3G (PeKTHB-
HOCTH B cpeJaX C BBICOKOH MHOXKEeCTBEHHOCTbIO TPEKOB M BBLICOKHM YDOBHEM ILIyMa.
Yro6bl yCTPaHUTb 3TH OrpaHHYeHHsi, ObJIO OPraHH30BaHO copeBHOBaHHe TrackML
C LeJsbl0 IMOHCKAa HOBBEIX, 3()(eKTHBHBIX MOAXOJOB K DPEKOHCTPYKLHH TpaeKTOpHi
YaCTHL, C BbICOKOH NPOU3BOAUTENbHOCTBIO M KayecTBOM. B aToll pabote npeacrasieHa
TrackNET — Mopenb riy6okoro oGyueHHs Ha OCHOBE apXHTEKTYpPbl PEKYPPEHTHOH
HefipoHHOH ceTn ¢ 61okaMu GRU, KoTopast peKOHCTPYHpYeT TPeKH YacTUL MyTeM
OHOBpEMeHHOH 00pabOTKH HECKOJNbKHUX CHIOB, HauHMHas C XHTOB Ha NepBOM cCJloe
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JeTeKTOpa M HTEPaTHBHOIO NpeACKa3aHUs 00JIacTH Ha CJeAYIOLIEM CJI0e IeTeKTopa,
Tfle, BEPOSATHO, HAaXOLATCS IOCJeNyIOUHe XUTHl. B orTauuue oT ¢uiabtpa Kammana
TrackNET us6eraeT c/10XKHBIX anre6panueckKuX BBIUUCIEHUH U MMeeT MHUHHMaJsbHBIH
cren B NaMsATH, oOpabaTbiBas 3a OAMH Pa3 TOJNBKO HeBOJbLIYI0 4acTb XHUTOB. Ta-
Kasgs 3(G(HeKTHBHOCTb MO3BOJAET MapajJeslbHO 3aMycKaTb MHOXKECTBO MoJesed /s
reHepalyy KaHIUIATOB TPEKOB C BBICOKMM IOKasareseM 3(P(EKTUBHOCTH. 3aTeM 3TH
KaHAUIAThl PAaHXKUPYIOTCS N0 KPUTEPHIO pesieBaHTHOCTH. [Ipu nmpuMeHeHHH K Habopy
nanHbix Track ML monens TrackNET pocrturaetr mMHorooGenamomux pesyabTaToB Kak
10 CKOPOCTH 00pabOTKH, TaK M [0 TOUHOCTH PEKOHCTPYKLUMH. DTH pe3yJsbTaThbl MOJ-
yepkuBatoT noreHunan TrackNET kak macurra6upyemoro, 3@eKkTHBHOrO pelleHHs
115 TPEKMHTa 4acTHL NIPYU NPUMEHEHHH 1S OyLYLIHX KOJIaiIepHbIX SKCIIePHMEHTOB
U UCCJIeOBAaHUU B 00/1aCTH (PU3UKH BBICOKUX HEPTUH.
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