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1. Introduction

2. Track Reconstruction
* Graph Neural Network (GNN) + Object Condensation (OC)
* Staged end to end tracking by DNN
* Quantum Computing(QC)
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From Detector Hits to Particle Tracks
* Charged particle leaves a sequence of discrete measurements, or hits

* Track reconstruction
* Which hits were produced by the same particle?
* What was the trajectory and momentum of that particle?

* DC tracking accuracy and precision directly determine physics performance

* Typical reconstruction chain
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Tracking: Finding physical structure in a set of detector measurements
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BESIII Tracking Detector - MDC

» Multi-layer Drift Chamber (MDC)

v Provides precise position & momentum measurements

v' Enables dE/dx particle identification
v' Delivers fast trigger signals

Inner Drift Chamber
(IDC)

Outer Drift Chamber
(ODC)

axial wires
stereo wires

MDC X-Y in view

PO HSED kP A

MDC Parameter Value

layers 43
oa(lp)/p 0.5@1GeV/c
a(xy) 135um

Acceptance 93% @41

Outer chamber end-plate

Inner chamber
Inner chamber end-plate

Outer chamber Step end-plate

MDC in 3D view
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— Detector Upgrade - CGEM+ODC iz

» Inner tracker - Cylindrical GEM detector (CGEM) CGEM Parameter

Value
> B_eam-backgroupq resistant # layers 3
» High-rate capability
> Better z resolution a(p)/p 0.5@1GeV/c
» Radiation-hard a(p) 130~150um (charge + time)
> Outer tracker - Outer Drift Chamber (ODC) () ~300um
» Reuse MDC outer chamber
» 35 layers
CGEM
L3
Outer Drift Chamber
(ODC)
L2 X
L1
axial wires

stereo wires

. CGEM in 3D view
CGEM+0ODC in X-Y view
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BESII
COMET Cylindrical Drift Chamber (CDC)

* COMET : search for u= —> e~ conversion

 CDC : primary tracking detector for signal electrons

. Challenges of COMET CDC tracking

No vertex constraint
* No seed from other-detector

A

* All curled low momentum tracks and 1/3 is multl _turn‘_:”

Signal and DIO (BR=3 x 10'°)
» Overlapping hits from different turns NN .
° Bremsstrahlung -> kink gﬂm I T | T J_L ...........................................
. NG direct measurements on 7 T 1 [
* High momentum tail is danger 1 [
+ High occupancy oo "lLL e e JJ _____________
.. S
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Tracking of drift chambers

* Drift chamber measure ionization electrons drift toward sense wires

* The challenges of drift chamber tracking DG cell

* Detector noise and unrelated hits contamination =
Overlapping hits nearby track/other turn’s trajectories
Left right geometrical ambiguities

Combined tracking of two tracking detectors

Manual tuning tracking alg. parameter o

Garfield++ simulation

(3 Cluster
® |onized electron
""" * Drift line
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ek y . - _ %50 100 150 200 250 300 350 400 450
dCKgrouna contamination } . i Traiectorv kinks . ) ) time (ns)
| ~/ Hits overlapping ~_/ JECHOry Multi-hits in one cell
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Traditional tracking algorithms

Template matching Transformation Combination optimization

Conformal transform

N ™ e/ T : ceIIuIar automaton
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® Hough transform
trac k > Real Space 04 Parameter Space
@ @ frack

b=-Xk+X ~
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GNN as representation learning for tracking

Chinese Academy of S

 Hit assignment problem by GNN:
» Nodes/edges — hits; Edges/nodes — hit-hit associations
- detector space vs latency space i e Ea S

* Pros
* Permutation-invariant
« Handle variable measurements
* Global attention 6
» High noise tolerance

® %
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Tracker Data (a) Graph Construction (b) Edge Classification (c) Track Construction
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Object condensation for end-to-end tracking

* GravNet+Object Condensation
* Attractive & Repulsive Potentials — pull same-track hits together, push others apart
* Same-track hits — cluster closely in latent space
Each track — condensed into a single condensation point

0.81 0.8

Noise T rkiics 2 - Noise
0.6 e « Signal 0.6 e « Signal
0.4 : 0.4
* 0.2
§ 00 """-*--...-....gg,...--fg:."“@,
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-0.4 .
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point point
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Physical space Latent space Physical space
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Post processing for hit assighnment ‘

* GNN embeds hits into latent space for track clustering, then:

1. selects high-confidence condensation points as track seeds (tg)
2. assigns hits within their latent-space radius (t;)
3. separation between different tracks (t)
4. decodes full track parameters
Physical space Latent space Latent space Latent space Physical space
o Signal T, o 4 1
© BaCkgrouﬁd o 02000 tp threshold o o(;.00 ty, t, threshold o @
GNN ° 0% .° Selection ° . : °
o8 °© 0 oo o © Clustering Feoy o ©  assign hits to
o o o , o °se o oY o tracks
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GNN Model for DC tracking 1At

« Applied to BESIII arXiv:2602.14571 and COMET drift chamber tracking

« MDC or CGEM (CGEM clusters) + ODC combined tracking as input

e

GravNet Layer

End to end solve

* Cluster results
Latent coordinates
Wights

° Track parameters "tassssssssssssssssssnnsannnannt® LL2 1
Position Ot ..... t ......................................................................................................... - .........................
Momentum wepd
charge 0lJ[Tad@lelilo[ShFIleli Cluster coordinates, B values

* Hits parameters Track Parameters Position(x, y, z), momentum(px, py, pz), charge
Hit flight length

9 J Hit Parameters Flight length, turn ID, left/right ambiguity
Turn ID
Leftright ambigUity L

:] -GravNet Block .—Linear Layer(LL), Batchnorm Layer(BNL), ELU Activation(ELU)
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MDC high P+ track performance

Track efficiency : better than baseline

pr resolution : comparable with baseline after fitting

Processing time: 45ms / event for double-track

Innovations: first application of NN to predict hit-level flight length and left-right ambiguity

100 Scaled Flight Length Prediction
Single-traCk ’T+ g}_, Single-traCk nt — Baseline Finder s Signal o
5, 1O _M 2 ~—— GNN Finder - Noise '
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Combined tracking across detectors: CGEM & ODC

CGEM clusters + ODC hits — Tracks

CGEM+0DC View (XY Plane)

« Track efficiency: ~90% (p; > 0.5 GeV/c) <
. \\\
1.0 @~ BES GNN 10 @i~ BES GNN S \,‘\
90% - I ———— s s I ‘ S — . 90% | ':‘Q"‘ i ;
0.8 0.8 \ /,
} } \
é 0.6 . _?C_j 0.6 . %.;\//
£ Track effiency vs pr g Track effiency vs cos6
g 0.4 § 0.4
l_ '_ CGEM Detailed View
0.2 0.2 T
0002 04 06 08 1.0 12 14 00700 —0.75 -050 -0.25 0.00 025 050 075 100 , T N
pr [GeV/c] cos 6
End-to-end joint reconstruction validated
2026/8/18 Zhang Yao(zhangyao@ihep.ac.cn) Quantum Computing and Machine Learning Workshop 2026 Sun Yat-sen University (Shenzhen Campus) 14




BESII - A

Towards end-to-end staged tracking via DNN

* Staged Tracking Pipeline

1. Hit Filtering — cleaner input with fewer hits
2. Differentiable Clustering — end-to-end learnable association
3. Track Refinement — physics-guided smoothing

Stage1(optinal): Stage?2 : Track finding Stage3 : Track refine
Hit filter —P{ track paremeter/hit :}

il #."‘_ . . -\l_ ﬁ--m‘-.'_,-—i'"-r._
' e pred. —»={  hit assignment { e N
(== sgna ’ -'

CondensationGravNet cluster space features

Transformer

pred. track

encoder

soft-gate + bandwidth

L N

hit assignment —b{ hit filght length )
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MDC low P performance with Staged Tracking

Chinese Academy of Sciences

* Low-momentum track efficiency: ~20% improvement

i i beeiald
Event display A —
1 1 LI 1 L) ~~- Pred track

1.0} .A_LH—I—O—o—I-C-—QI\.__._I_.___. 1 ! >3 H=+0.044 0-0.088
> 140 e Baseline: u=-0.001 0=0.030
c oo ——— S3 DSCB: p=-0.005 0=0.035
L 08} S - 120 —— Baseline DSCB: yy=-0.001 0=0.001 |
L o -0—"—0"
o _e- v 100 |- -
o6r e 1 &
c ‘/ + 80 |- -
= £
© Hp- =
204t Track efficiency vs pT 1 8 e} A Momentum .
o | { :
U] Yoo / : / <

0.2 F . e, e
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0.0 1 | 1 L 1 0 1
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COMET CDC GNN tracking performance
Event display —

2-stage NN tracking performed on CDC a multi-um track =TTl

NN pred (217 pts)
* MLP hit filter + GNN tracking ™ Angle —— o e o =100
“ | u v 3

distribution giiif Multi turn

15000 A

* Performance

* 96 hit efficiency with 98% noise reduction
* 100% tracking efficiency
* Momentum resolution ~5%

..............

—0 100 -0.075 -0.050 -0.025 0.000 0.025 0.050 0.075 0.100
Ay (rad)

Demonstrating multi-turn tracking with GNN for the all-stereo DC

AposZ = pred — truth Turn ID MAE per event

ROC: Efficiency vs Noise Rejection ke pre}d s 50000 4 L. i Sn_ |e turn ' 7T Mean=0.444
1.0 w .
|A momentum Single turn A position inge tu

_ Bl 200004 = TIPS Multi t o] g . Multi turn 4000
Eos ROC of hit filter distribution ulti turn woof distribution ,
G 15000 e
= o6 000 Turn ID prediction
; Random
= 10000
g 04 20000 2000
5
502 30001 10000 1000
"

0G0 0.2 0.4 0.6 08 1.0 0- i |

_ . . _ =Y ; " ol , -
Noise Rejection (TN / all noise) Ap (MeVc) —400 —200 0 200 400 0 1 2 3 4 5
AposZ (mm) MAE = mean(|pred — true|)
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DC hit assighment with Quantum Computing
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* A demonstration to solve hit assignment problem with QC

Hit candidates SI_|d|ng QUBO Solver Vote merge
windows
Cell/hit candidates ) window_size=6 5  Build helix qubo — » BF/SA/QAOA —» overlapping cell multi-
arranged in the @ overlap=2 Get Q_win output bitstring window voting then
direction combine track
H |tS Cand|date o e 2 3 ca o6 c6 7 s o cwe o1 ez 13
Track candidate windows | windos o + Q_wine] |
window 1 + Q_win[1] /|
[ window 2 + Q_win[2] ]
QUBO Ising QAOA Ansatz Measure Optimizer
F(x) — xi=(1-2))/2 — p layer cost + mixer — Bitstrings sampling — COBYLA / grid
H = ZhiZi + 23iZiZ; parameter vy, B estimate energy Update parameter
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DC hit assignment with Quantum Computing

* BF(Brute Force) guarantees the exact optimum by full enumeration (small-scale only)

* SA(Simulated Annealing) temperature-controlled random search to approximate
low-energy solutions

BFE SA  QAOA Preliminary result
Succ. rate 1006 | 94% 00 * BF: exact baseline (small windows, 84% success, 0.08s)

gap<1% * SA: best cost-performance balance
Gap median 0 | 00025 0.0000 * QAOA p=1: near-optimal (gap~0, bitoverlap=0.92)

Gap mean 0 0.0054 0.0009
Bit overlap 100 077 0.92 * QAOA p=1 achieves near-optimal CDC hit assignment,
outperforming BF and SA,
time/window  0.04s  0.08s 9.4s
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 We demonstrated
* End-to-end GNN joint reconstruction (CGEM + CDC)

* Low-p; efficiency: significantly improved

* All-stereo CDC tracking: validated

* Performance: better than baseline

* Hit-level ambiguity & flight length: first NN-based solver
* CDC hit assignment: QC solver applied

Thanks for your attention!
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Hit efficiency Track criteria

N}:r_lgtched tehed
l matcne
€hits = T detectable Phits > 50%, Nyt > 6
Nyt
Njnatched s the number of hits on the track that match
the truth, and NZgtectable js the number of detectable . .-
hits on the truth track associated with this Track effICIency
reconstructed track. pﬁgﬁgﬁhed
€track = N detectable
. . track
Hit purity N/natched s the number of reconstructed tracks that
Njatched match the truth, and NZetectable g the number of
Phits = —qssigned detectable tracks in the sample.
_ hit
N2si9me4 s the number of hits on the reconstructed
track.
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MDC
43 layers

CGEM(3 layers) + ODC(35 layers)

2026/8/18 Zhang Yao(zhangyao@ihep.ac.cn)
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Datasets @.2...
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MDC Dataset, train:validation = 9:1

Event type Py [GeV /c] cos6 Particle type Number
high pt multitrack 0.15~1.5  -0.93~0.93 mrm” 2 X 10°
nearby track 0.15~15  -0.93~0.93 mtm™ 2 x 10°
non origintrack  0.15~15  -0.93~0.93 mtm™ 2 X 10°
low pt multi track 0.04 ~0.16 -0.93~0.93 n#*nm ntn pp 2 x 10°
CGEM+QODC train: validation: test = 8:1:1
Event type Py [GeV /c] cos6 ¢ [rad] Particle type Number
Single-track 0.15~1.5 -0.93~0.93 0~2m T 2 x 105

Monte Carlo full simulation of BESIII detectors
Mixed background from real data

Quantum Computing and Machine Learning Workshop 2026 Sun Yat-sen University (Shenzhen Campus) 22
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Category Example process Action non-signal physical J
. . . process
Low quality Tracks with < 6 hits Remove Fmmm =] N
conv, compt Remove
Relabeling Decay tracks > 7 turns Label as noise
lonized hits Label as signal Reassign hits
___________ IN
i 7
Track splitting ~ Multi-turns track Split ’
Detector edge bounces Split by turn
A LF Detector edge 1/ %
o e PR Multi-turns track g e bounces Split 1
: : . R (A S At M N g { X
- Split by turn o g X
o ™, " \ \
' N
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Fake Track and Clone Track Rate

* GNN method of Fake and clone rate lower than
baseline

0.2 - - - . - 0.10
BESIII Simulation SingleParticle BESIII Simulation SingleParticle m~

=
H
]

0.05

0.00 ~f=e=t—o—f—o—f—o—f—o—t—o—t—o—t—o——o]

Track Fake Efficiency
o
o
b
b
p
p
y
[ ]
y
y
b
Track Clone Efficiency

|
o
=
1
|
s
=}
o
1

—4— BOSS Fitter ~ —¢— GNN Fitter —$— BOSS Fitter  —¢— GNN Fitter
T T T -0.10 T T T I I

0.25 050 075 1.00 125 1.50 025 050 075 100 1.25 1.50
pr [GeV/c] pr [GeV/c]

|
=
[N

% BOSS i GNN Jji
Fib 001 + 001 0
TR
’ m 001 + 001 )
. Sl 0.09 + 0.03 007 + 003
FEaES :
& 0.08 + 003 0.03 + 0.02
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» Traditional tracking methods
» Track finding: Pattern matching, Hough transform, etc.
» Track fitting: Least-squares method, Kalman filter fitting, etc.

» Baseline method
» Traditional track finding + GenFit fitting(Kalman)

CCCCCCC
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» Gap remains: NN vs. traditional (track parameters, e.g. low pt)
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