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Introduction

Low-Gain Avalanche Diodes (LGADs) and
AC-coupled Low Gain Avalanche Diodes

LGAD

aluminum dielectic AC-pads

AR BN
JTE a . ganlayer-p
o (D JTE
- | -
Epitaxial layer — p~ N Epitaxial layer — p°

t substrate — p** T Sﬂ) t substrate — p** r

o AC-LGAD: AC pad coupled to resistive n* layer through a

dielectric.
BNL-made AC-LGAD
o Unsegmented gain layer - 100% fill factor + signal

sharing Active thickness: 30 um
o Good spatial resolution with relaxed pitch: O(30) ps timing and P @ 200 i
O(10) um spatial resolution. Pitch: 500 um
o Applications: EIC, CMS tracker Phase-3 upgrade, FCC-ee. 2x2 pads readout
ﬁ;sgkir:g.dlcal applications and future space-based particle 2.7 x 10'2 cm2 gain layer
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Charge Sharing

event 52895

We can exploit the charge sharing property of AC-LGADs.

)

- oy/lnry
Sz -~ Xla;/lnr;

(=100, —43) pm

o a = subtended angle (geometry-dependent) of the boundary of
each electrode |, where r = distance to electrode.

Pad signal [mV]
=
T

|

S

o
—

o But a noise threshold usually sets a limit on information.

o Traditional methods include peak amplitudes, integrated charge, 1 . Y i
matrix inversions. =5 0 5 10
. . . , Time from the leading peak [ns]
o Computationally challenging or spatial/temporal resolution
tradeoffs — CHI12 (15mV) — CHI14 (46 mV)

CH13 (29mV) — CHI15 (21 mV)

We propose machine learning to extract maximal information.
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Machine Learning

We propose machine learning to extract maximal information.

o Full waveform processing to harness shape correlations between pads + pad

geometry-independence = Improved position resolution!

o Challenges:

o Landau fluctuations = Use laser-MIP test beam

o Radiation damage - Parameterize as a function of fluences

o Electronics limitation - Implement processing in off-detector

electronics (FPGA)

Transformer-based architecture

o 4 waveforms x 130 time steps = projected to

Topology-agnostic Transf

AC-LGAD TCT Laser Waveform (Sparsity = 100%, Window = 17.50 ns)

Position: (0.227,0.050)
—— Event 0 Wavefoorm1l —— Event 0 Waveform 3
~— Event 0 Waveform2 ~ —— Event 0 Waveform 4

Voltage [mV]
&

150 ' ) 350
Time Step

Mt channel op 2 g~ " . .
48-dimension latent vector Vi Ch : el R e R Bl e
o CAD pad geometry j‘: = ]_,
o 6-block transformer (self-attention) - L, | i 1 = -
o Position and uncertainty heads = final positon | T i
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Transient Current Technique

Laser-assisted beam to simulate MIP
o UZH setup:
o 385 points, 25 X 25 um?spacing, 111 triggers per point

o 1064 nm, Gaussian o ~9 um, ~1 um spatial resolution, two
pulses separated by 100 ns

o Bias voltage of 60, 70, 80, 90, 100, 110, 120

AC-LGAD (4C) TCT Laser Prediction

°
o

Prediction
TestEvents . . 4 4 s e e w4 w . Tth
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Window =5 ns e W el 0 0
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See Aoki et al, Machine | Ll LoLld
learning-based reconstruction Bh eI G T
for resistive silicon sensors.
JINST, 21(08):C08015, 2026. 00 o1 oz o2 o os o

X Coordinate [mm]

With full waveform processing, we achieve a
50% improvement over current ML methods
and a 7x improvement over binary readout.

Cumulative Probability

o

AC LGAD TCT Laser Position Prediction

1.0 :
/7 Ouralgorityom—— 99%
/ 3 90%
0.8 1 }
Current type of ML
Binary
0.6 - readout
Improvement > 50%)
0.4 1 direction !
~—— Amplitude Sharing with Amplitude Boundaries
0.2 —— Amplitude Sharing with Truth Boundaries
’ —— Amplitude Matrix using Truth Positions
—— Recurrent Neural Network (High)
Recurrent Neural Network (Low)
0.0 Binary Readout
0 20 40 60 80 100 120 140

Total Reconstruction Error [um]

Indicates potential resolution of 10 um from 500 um
x 500 pm pixels
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Topology-agnostic model on TCT

Transformers allow topology-agnostic learning
o Self-attention = readout pads as unordered set of tokens

o Can learn cross-pad correlations purely from distances and waveform
features

Cumulative Probability

o 10 um on 500 um pitch is 2% of the sensor pitch, competitive with the
best results in the literature

o I AC-LGAD (4C) TCT Laser Prediction Residual Error R AC-LGAD (4C) TCT Laser Prediction Residual Error
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RNN preserves Transformer
~10 um resolution. reaches ~6.6 um.
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AC-LGAD (4C) TCT Laser Prediction

Test Events

\

Cumulative Probability

90%
Proof of concept
implementation of application
on FPGAs with h4lml yields | ________|
similar performance 50%

20 40 60 80 100
Reconstruction Error [um]

—— CIM Sparse 100%, Window 17.5 ns

—— CIM Sparse 50%, Window 17.5 ns
CIM Sparse 25%, Window 17.5 ns

—— CIM Sparse 12.5%, Window 17.5 ns
CIM Sparse 6.25%, Window 17.5 ns

20

40

éo 8‘0 100
Error Residual [um]

o Extremely robust to data sparsity

o No major performance drop up to 8x

compression
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Test beam

Test beam to bypass TCT generalizations.
o TCT deposits a fixed charge at a known point
o Test beam deposits charge at unknown location = data reconstruction now becomes the constraint

o CERN SPS H6 beam, 120 GeV pions
o Chubut 2, 4 channels readout board

o Mimosa telescope

o CAEN DT5742 digitizer, 500 MHz @ 5 GS/s
o Cold box @ -12°

other detectors

MO M1 M2 M3 M4 M5
) cold box / ~N /0
120 GeV /e w
------- AfrpH -
i
off DUT
I I I T T 1
0 200 400 600 800 1000
z [mm]
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Test beam reconstruction

A custom reconstruction pipeline to achieve high resolution.

1. Decode and Event Sync 2. Cluster and Mask 3. Telescope pre-alignment
Parse EUDAQ2 binary. For each Hot pixels masked by comparing # off  |Millepede-ll/Track Chi*2 global fit of]
EventIDSyncOnline container, we times pixel is hit vs # of times pixel is| |each plane’s 6 DOF (x, vy, z, a, B, V)
write CAEN, TLU, and Mimosa fired. If ratio > 50, we mask. using
events together to ensure sync. Clustered by pixel centroid: Track x?/ndof
P = ® ~
Omeas = Wi ~ 5.2, ym R= Rz (V)Ry (5)Rx(a) %900 ! ! ! ‘ ‘ ' ! ' ! '%
800 eeco %
4. Track fit 5. DUT alignment and tracks 6. Machine Learning ot | Qur pipeline Our
Straight-line GBL with Gaussian kink| [SNR-gated charge-weighted centroid| | CIM + Transformer encoder. Takes cool implementation 16000
DOF at every scatterer, prior from + eta correction + CFD50 timing with full 1024-sample waveform and 12
Highland formula. time-walk correction. Tracks features (peak amplitude, charge 500 of Corryvreckan
extracted with iterations of closed- fraction, etc) to learn position and 400} 4000
form 2D Kabsch SVD. timing information. 00
MIMOSA26_0 MIMOSA26_2 MIMOSA26_3 MIMOSA26_4 MIMOSA26_5 200 {2000
Global Residual Y Global Residual Y Global Residual Y Global Residual Y Global Residual Y
w00 [ i Entries 138925 I I Entries 138607 | I Entries 137102 i i Entries 124981 I i [Entries 130003 ] 100
Mean -0.63 Mean 0.40 Mean 0.40 Mean 0.17 Mean -0.72 N . . . ) . A
Std Dev 6.79 Std Dev 1.99 Std Dev 6.33 Std Dev 4.96 |Std Dev 6.36 00 5 10 15 20 25 30 35 40 45 5(9
3000 F E 1 1 1 1 x?/ndof
2 200} 1t 1 A 1t 1t fﬁ‘, 1 o Achieved chi? of 1.02 vs. 24.25
| A
1000 f 1t 1t / \ 1t 1t / \\
LN VARNS R AP AR E | AV ARN SR | A AR R A VAN
—40  —20 0 20 40 —40  —20 0 20 40 —40 -20 0 20 40 —40  —20 0 20 40 —40 -20 0 20 40
Residual [pm] Residual [pm] Residual [pm] Residual [pm] Residual [pm]
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Topology-agnostic model on TB

Maintained competitive resolution after custom reconstruction. s 9R—QL G=k Qr — QB
o At full fiducial, we beat charge imbalance and matrix inversion methods by ~3x. Qr+ QL Qr+Qs
o 17.6 um on 500 um pitch is 3.5% of the sensor pitch, competitive with the best results in the literature

o Current results limited by statistics and lower bias voltage

1.0 pe—trmmeeee= . —— 1.0 g .
i —— 99%
0.9 09 pb—f—AF =
90%
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= = ;
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5 0.6 5 0.6 F =
5 =t
0.5 0.5 FHH-——F++—+++++
2 2 : 50%
= 04 = 04F =
E DN
g 0.3 £ 0.3 50%
5 - 5 =< 50 pm: 19.2 pm
0.2 7 /. ' <=+ Binary readout: 201.1/281.5/358.8 pm 0.2 :z ;gg 52 ggg ﬁ:z
,/ /' — = Charge imbalance: 184.4/371.6/508.4 pum ] —— < 350 pm: 34.2 pm
0.1 /i =+ Matrix inversion: 134.5/246.1/430.8 pm ] 0.1 < 450 pm: 42.4 pm ]
[ === Transformer: 45.9/122.0/409.5 pm ] full fiducial: 45.9 pm
0.0 T S S e e S S S S S 0.0 PR W S U S S I S S S e e e e s e S ey e S
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Total position residual A [pm] Total position residual A [pm]
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Temporal studies and limitations

Transformer model uses time evolution to improve resolution
o Typically assume waveform peak is centered in a fixed time window

o Intest beams, pulse arrival fluctuates (time-jitter)

50 In-hull r50 Full ROI
5 o Topology agnostic: +1.37 um
Model and training 190V 100V /IQOAK IOOV/,O Fullwaveform: +4.18 um
GeoRead, no augmentation 4.18 5.80 6.28 9.74
Full-waveform, no augmentation  3.29 5.29 331 9.07

Validate “topology-agnosticity” with different geometries.
o Reconstruction with triangular pad patterns
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Conclusions

We applied frontier ML architectures on TCT and test beam data, yielding

©)

©)

©)

©)

@)

TCT - beat traditional methods by ~7x and 2% of pitch is competitive

ML - topology-agnostic model extremely robust to data compression

Test beam reconstruction - custom pipeline achieved high accuracy (Corryvreckan)

Test beam - beat traditional methods by ~3x and 3.5% of pitch is competitive with literature

Current results limited by statistics and lower bias voltage

Several open questions are to be investigated.

o Geometry dependence - validate topology-agnostic model
o Irradiation campaign with Ljubljana to test post-irradiation performance
o More statistics for test beam runs o Future test beams: we would love
o Reconstruction pipeline to be published soon: we welcome collaborators and other to collaborate!
teams to try! gaetano barone @brown.edu or
don wong@brown.edu
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Additional material
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L = 6 blocks a
Uncertainty & .
5 22 comen)
Transformer | X1 | Transformer | X5 | Transformer
block block block
Bias

voltage v #=3,wip:i/Y,wi (one weight w; per pad from a linear layer)

Per-pad
waveforms
(4 pads, 130

samples each,

Position head
(pad weighting)

Pad
coordinates s

Corner
encoding

(a) Model overview (406 336 trainable parameters)

Linear

Linear

@—)()?—)@—) =

Multi-head
self-attention
(4 heads; every pad
attends to every pad)

voltage embedding

LayerNorm

Linear 1 — 96
+ SiLU

h

one vector per pad

h' = v(v) ® LN(h) - s(h,v) + B(v)

(b) Transformer block
(c) AdaLNSN: voltage-conditioned normalisation
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