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O
EXp. Run time Data (PB) Total 5 5 J S &S5 F 8
S Q O 5 I XL EL I
BESIII 2008-2028 0.5 10 . o S 9 S N é\@ ST &S
s OIS LS §F5 28T g5 &
STCF : 300-500 : PP T o T T SIS SES S
9 @ ¥ I T O I V¥V YLCOT I S
CEPC - 1.5-3(H) - 2035-
500-50000 (2) DRDT <2030 2030-2035 J0a0 20402045 >2045
Data High data rate ASICs and systems 1l © © ‘ ‘ ‘* ‘ O
density New link technologies (fibre, wireless, wireline) 1 @ & © « O e O o ‘ O
Power and readout efficiency ll @ © o O ® O O
Intelligence Front-end programmability, modularity and configurability 1.2
on the Intelligent power management 1.2 ‘ ‘ ‘* O ‘ 0 ‘ .
detector Advanced data reduction techniques (ML/Al) 7.2 O
High-performance sampling (TDCs, ADCs) 13 @ © ' ‘ O . ® O ‘ .
:eDc-hni yes High precision timing distribution 3 ® @ C N O O 000 O
9 Novel on-chip architectures 15 @ O ‘ ’ O ‘ ® O ‘ ‘
Extreme Radiatiorl hardness 4 @ © © 0 o ® o 0600 »
. Cryogenic temperatures 14 o O O
environments
and longevity Reliability, fault tolerance, detector control ‘4 © O O O O ' O
. s
Cooling 74 C X ®© 0060000000
Novel microelectronic technologies, devices, materials 75 @ @& ‘ ® 0O O 000 00 O
Emerging Silicon photonics 1.5 O @ o0 ‘ ® o0 ‘ .
technologies  3D-integration and high-density interconnects 15 ‘ O .*‘ O 00000 O
Keeping pace with, adapting and interfacing to COTS 5 @ @& O C N N NN N N . ‘ ® O ‘ O .

‘ Must happen or main physics goals cannot be met

* LLHCDb Velo

‘ Important to meet several physics goals

@ R&D needs being met

ECFA detector R&D

Desirable to enhance physics reach



https://cds.cern.ch/record/2799303

Data processing system (Belle Il vs. LHCDb)

| HCb: “triggerless” readout & DAQ
e CPU+GPU based software trigger
e Had. B physics~100% T physics e ~350 GPU RTX A5000

eBelle II: L1 trigger + HLT
* Trigger efficiency:

70~95% * Part of online data processing with FPGA

N Trigger _
system

for upgrade

> _ » Storage
trigger

Latency ' 4 ~4.3 ps
Trigger rate 127 MHz A . 30 kHz 30 kHz
Throughput 3(33) GB/s 2 (32) GB/s 3 GB/s

Software Software
Trigger rate 40 MHz Ul 1 MHz ¢
Throughput 5TB/s ~0.25TB/s 10 GB/s




Heterogenous computing system

e System integrated with different devices
e System level, chip level
* FPGA widely used in frontend and trigger electrics
 FPGA, Al engine, DPU, System On Chip, Network On Chip for computing acceleration

Trigger

svstem

Devices Specifics

Software Buffer Offline

) trigger Software

* Level 1 trigger: low

latency w/ Ous
FPGA « Simple ML algorithm
available

FPGA/ | Software trigger w/ Oms

Al engine/ . CPU/EPGA/GPU system
on chip

DPU . cNN easily run on DPU

« Software trigger & offline
software

» User friendly and widely
supported

GPU




Luminosity frontier: SuperKEKB

* Asymmetric e*+e- collider Beam current: KEKB x ~1.5
e cte-— Y(4S) »BB Y
/ o, 1l R
~ very clean and well-known initial state L= /s (1+—2)—=22 (L)
2er, o, @ R,

e-7GeV Belle ll detector

Beam squeeze: KEKB / ~20
S e+ 4 GeV

Nano beam scheme

Position dumping ling

low emittance position

5 Position source target Target: | =60 x 1034 cm-2 s-
Achieved : 5.1 x 1034 cm-2 s-1 (Record)

e Data:
e 575 fb-1 (Belle Il) <-> 980 fb-1 (Belle)

Low emittance
electron gun




Belle |l detector and dataset

Vertex detector (VXD)

Inner 2 layers: pixel detector (PXD)
Outer 4 layers: strip sensor (SVD)

Central Drift Chamber (CDC)
He (50%), C2He (50%), small
cells, long lever arm

—

Ge ":*: —

y
'

Particle Identification
Barrel: Time-Of-Propagation
counters (TOP)
Forward: Aerogel RICH (ARICH)

ElectroMagnetic Calorimeter (ECL)

Total integrated Weekly luminosity [fb~!]

Belle Il Online luminosity Exp: 7-35 - All runs

=
~
un

- Integrated luminosity
B Recorded Weekly

=
e
o

=
N
u

=
e
o

~
(8

e (4Ge'0

Csl(Tl) + waveform sampling

e Features:

| K./u detector (KLM)

Outer barrel: Resistive Plate Counter
(RPC)
Endcap/inner barrel: Scintillator

e Near-hermetic detector

e Vertexing and tracking: o vertex ~ 15um, CDC spatial res. 100um o(P7)/Pr ~ 0.4%

 Good at measuring neutrals, 19, y, K.... o(E)/E ~ 2-4%



Motivation of Neural Network for L1 Track trlgger

DAQ system is designhed to handle 30 kHz . CDC
» Physical trigger ~15 kHz, require S/N = 1 | Signal Off—07b|t background
e 200350 kHz (total rate) -> ~15 kHz (physics rate) track / track
L1 trigger rate depends significant on background % Iy Final §
condition e - VXD mlgan ;cszus
Advanced CDC algorithm to further suppress background / — B d
A fixed latency of about 4.4 usec \
1000 C L .

>, L1 track trigger Rate vs Luminosity Tracks z, distribution after trigger
"‘7'; 900 Early 2022 3 th1
@) 800 Late 2022 (High Background) E Entries 998145
- 2024 - Background cube 1871
—_— ,_\700' ----- Target Line S/N =‘| 105 .
% “ 600 = 39.5% <= Signal track
B g 500 / 4 :
© T 400

I
o © 3S00
X ; 200 =
= 7100 s
cxg 0 | —100l | l—810l | l—EISOl | l—4101 l l—éol J li(l)il l l21(.’)l l l410l l l610l | l810l l l100
= 0 : 2 . 4 > Offline track vertex z,(cm)

Luminosity (x 103* cm™2s71)
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Axial wire

3D Track trigger base on
2D track and Stereo TS 3

10N

Hough transformat

Build 2D track with axial hits
using

layer

Track Segment (TS) Finder

in every super

CDC 2D
hit map




Deep Neural Network for Z trigger

tarife fOr other
10 wireswith  ——» =
low precision

input(71)

attention weights

-
I ?\;----:.,

\\\\\\\\

L
\
XY
W\

\\\\‘

\ L
o W\

N W
AR
AN
A%

N ARYY
N
A ‘S\
s8N Wy
SN \\‘\\
S e
SIS
\k"

attention value

FPGA resource
& B
100 % __________________________________ o
® o O
. ‘ ‘ ‘ Z
L . @
® o ® @ prob
® o O
\. J output(3)
] )
hidden layers

* |nputs: Drift time tq4:if;, Wires relative location ¢,.;, Crossing angle « for

priority wires + Drift time for all other wires
* |ntroduce the self-attention architecture to “focus” on certain inputs
* QOutput track vertex zo, track 6 and signal/ background classifier output (Q)

Parameter

#Attention
value

#hidden
nhodes

#hidden
layer

Performance

X

H

J\

12'|5 ns

latency

activate precision Total multiplier

Values

27

27

2

Leaky Relu Float 16 4,185




Development flow of DNN on FPGA

Keras pEE

-?

TensorkFc

O PyTorch

® Machine Learning model

® Parameter

® C/C++

transition

® Translate into

ardware

Vivado™ HLS

Belle Il UT4

VIVADO’

Verilog/VHDL FPGA

language
*include some function
from hls4ml lib
Convert NN to ,
c++ codes Adjust Model
Train NN with
pytorch (fixed-
precision)
Extract weights file

Commi Meeting

-sSsion

Timing
closure?

Implement

and route

® Start fitter

-
-~
o "
-
.

[
"

® Evaluation

C
simulation

\

Vitis HLS
synthesis

ation, place [«

Integrate IP into
VHDL codes

Generate
[P

With Python
With Vitis HLS
With Vivado eo, B e
8§ LT A
Q» .. -
Xilinx UltraScale
- RTL co- XCVU080,' XCVU160

Fulfill
requirements? 10



Quantization-Aware Training (QAT) for FPGA implementation

* Quantization is essential technique to speed up inference, reduce resource
usage
 Embedded system, edge device
* Fake quantization during training
* For example, convert 32-bit floating to 8-bit integer
* Reduction in the model size, memory bandwidth 4x
* Optimization item: performance vs. latency vs. resource usage

No QAT QAT
LUT ~46% ~27%
DSP ~64% ~56%
| atency 551 ns 488 ns
(70 clock) (62 clock)




Performance of DNN algorithm

D6|ta traCk Z D9|ta traCk theta CIaSSifier OUtpUt

B Signal (RTL)

RTL
350 - RTL Background (RTL)

Software

40000 Baseline :oftw:gre —— Signal (software)

7 aseline
. : — Back d (soft

Entries: 117815 300 Entries: 2984 Ackground (software)
095(Software): 2.392 I 095(Software): 14.141
095(RTL): 2.375 250 1 095(RTL): 14.444

30000 A 095(Baseline): 4.870 II 095(Basenne): 19.337

200 A Il
20000 A 150 A

10000 A |'|I o - ':-":'-— = 1
~40 ~20 0 | 20 40 -100 -75 =50 —ismommeo thisl. 50 o 75 100
ZNN _ ngflme (cm) gNN _ ngf ine o Q (%)
. ROC Curves
* Latency : 76 clock = 551.2 ns ;require: < 600ns
* FPGA resource (UT4: Virtex UltraScale XCVU160) usage:

e DSP: ~75%, LUT: ~45%, others <30%
 AUC do not get large drop comparing RTL and software

Reject rate
o
(@)

Background rejection rate

0.4 -
SI m u Iat I O n 0.2 - —— baseline (AUC = 0.92) ‘
. . . —— DNN TRG software (AUC = 0.98) |
* At signal efficiency ~95% o owmemmc-om |
0.0 0.2 0.4 0.6 0.8 1.0

* Background rejection rate ~85%

Efficiency

Signal efficiency



GNN based CDC track finder

e Motivations of introducing a GNN track Comput.Phys.Commun. 259 (2021) 107610
finder (SOFTWARE)

CDC Hits

e Low efficiency for displaced vertices CDC
 Efficiency decrease as displacement
Increase GNN SVD
' ' Track Finder
 Important signature for new physics VD Closters
search CDC Tracks Y%
> SVD CKF

* Higher background
» CDC wire inefficiencies M Remaining
CDC Tracks
SVD Clusters

e Bad wires or electrics

* Decreased efficiency Combined . SVD Tracks SVD
Fit Standalone
PXD CKF
Track F'it

 Modular structure for track finding, with flexible
of reconstruction sequence 13


https://arxiv.org/abs/2003.12466

Model I: GNN for CDC track background filtering

* Developed a GNN algorithm (based on X. Q. Jia (SDU) et al. BESIII’s algorithm) Xiaogian Hu (SDU)
for Belle [l CDC hits clean up
* |Inputs: TDC, position coordinates r, ¢

e

CDC hit
e Classify the

produced by Construct the P Cluster the Track fitting
charged — graph — grap GNrﬁ V| - selected hits —
particles
| Graph model .
: I
A fully | ! , , o _ 0
connected : . I_ |t Se|eCtIOn eﬂ'ICIenCy 984 A)
—> | 2-layer R edge —> | node '\—>| edge —> | node ... edge . i . . . .
network network | network network network -
g i : : Hit selection purity  : 97.9%
______________________
Belle Il simulation (own work)
x-y plane x-y plane(via GNN) . comformal plane a space cluster on a space
Be o e , vl e | o] e - emen | 20(] e Lo
. .; ‘:}.. ) . . . gtr)ilgsi .}'.. . "O_is_e | . . 2:;:1 . ngisg origin
. ;.. .l_s . - *. “ "'.“
P e .3’:'-'.'.' . ael v
i . “: ...“ - muo'“a:cd‘.,oo'o ’g — s
) é’ .", © e " o '
® L . ;
N, - B }‘ .
- \.
00000 ; 1007 Mw‘. )
-100 -50 0 50 100 -0.02 0.00 0.‘02 0.04 0.06 0.08 0.10 0.12 -0.2 0.0 0.2 0.4 0.6 0.8 1.0 -0.2 0.0 0.2 0.4
xem) o x(em) X(em ~-n cos(a) cos(a)

U+ p- (particle gun)  GNN noise filtering ~ Transform space  Transform a space  DBSCAN clustering 14


https://indico.ihep.ac.cn/event/19757/contributions/138736/attachments/71067/85929/%E9%87%8F%E5%AD%90%E8%AE%A1%E7%AE%97%E5%92%8C%E6%9C%BA%E5%99%A8%E5%AD%A6%E4%B9%A0%E9%9D%92%E5%B2%9B%E7%A0%94%E7%A9%B6%E4%BC%9A-%E8%B4%BE%E6%99%93%E5%80%A9.pdf

Model Il: GNN for offline track finding

* Find track parameters: momentum, starting position and charge
* Find unknown number of tracks = Object Condensation (arXiv:2002.03605)
 Computing resource and time constraint may reducible

Noise filtering —| Clustering —| Fitting | L. Reuter et. al. (KIT) arXiv: 2411.13596

— Forward connection Linear layers (LL) | GravNet block e ‘

- ELU activation | GravNet layer Output
______ : : —— Batchnorm layer Output lavers |
> Skip connection - (BNL) P 4 Object condensation layers
e Clustor R
space P Q
. o S T T v 7] W -
Detector hits T T T T T T TS T PO L G U G S
) ) ) ) I / ’/’ ----------------------------- T \ | ! 1 ! I 1
O D . ', ; ) ! P! b b, ! " I
= © O 0O Input matrix ' & : LL2 1t 18 1 ! Bvalue = 3 O
I i E A E | | L S o 1, —>» LL o : »
O O O X1 | N Fq : ' P : G : : oy ! Loy ot : i Cluster coordinate 1
, , : , “ : b | '
X2 Y2 F2 Initial : : E ; ‘ : E ! ' : ! byt o : * Final
O O O X3 | Y3 F3 ) LL ; LL P> LL P¥BNLP> LL ) —) BNL ‘ : : ! . ' ] :_L: :_) LL Track parameter layers
F | ) L SEEE EE SR e S :
- X. |Y. | .. |F. [ : 5 | . | | ] | . 5 Momentum Px
O O < Q Xn Yn Fn : E S1 E / ! I I : 1 I I : LL (] py
| ! GravNet layer ! [ : ] S ] . * p;
o o \ ! SR TR TR
) O O O ' N L ’ , 1 1 ! J ,l . ' Starting R
————————————————————————————————————————— i ST T R T —> position * vy
LL 5w
* |nputs: Z
oy Chfl':ge e charge

e X and y wire position

 TDC and ADC of signal information

 |ayer, superlayer, and layer info. with suprlayer
 Adjustable Parameters

» /97,812 trainable parameters (3MB weight files)


https://arxiv.org/abs/2411.13596

Performance of GNN

 Model Il (Object condensation) shows better clustering performance than

model |

* Track finding efficiency do not increase that much
* Failed in the track finding, even clustering of hits shows better

performance

* Further improvement is needed

4444444444

J“. '. ) .o

®
« &
.$~

‘\ 20 4

Model | GNN

Match Trackl - Ongin Trackl (51)
Match Tra

80 -

70 4

60 4

50 4

10 4

® 1:classl(77)

2: class2 (32)

@ Match Track2 - Ongin Track2 (54)

-70

-60 -50 -40 -30 -20 -10

16



Training samples for GNN

e Simulate 1 million events with over 4 million tracks
 Train: Validation =4 :1

* [raining samples contain different topologies that cover all interested event features,
to not bias the model, no conservation laws involved here!
— crucial step to be agnostic about the physics processes

e Sample features

* Low momentum tracks forming circles in the CDC (Pi< 0.4 GeV) <-> High momentum
tracks

» Short tracks <-> tracks penetrate all CDC layers
 Small opening angle <-> well isolated two tracks

U

14

H

17



Performance of GNN

* Efficiency of displaced vertex tracks . Reuter et. al. (KIT) arXiv: 2411.13596
improved from 85.4% with a fake rate of o — -
2.5%, compared to 52.2% and 4.1% ] Befle fi Simulation Barrel
» The other performance similar as original > '

algorithm T o8-
. " O

* Momentum px , Py, Pz starting position vk, & e
vy , Vz ,charge .

. . g . O -
 Provide initial inputs for GENFIT o
C . =

 GNN prediction is drawn according to the 0.2- —— Baseline Finder ~ —— CAT Finder

track parameters predicted by the GNN . ~t— Basellne Fitter ¥ CAT Htter
"0 10 20 30 40 50 60 70 80 90
v)'¢ (cm)

18


https://arxiv.org/abs/2411.13596

time

CNN algorithm for STCF PID

DTOF as a PID subdetector of STCF
 CNN algorithm developed for Kaon/pion identification

Kaon/Pion MC simple, 800w

12

10

Imagenet Top-1 Accuracy (%)

kaon-
- —/2
- —18
: i °
- 1 convolution
— ﬁ\\
- 1 /.- -l l | - .- l /.- .- l Aenlenllend 1 Sellenfienl l ded i) l ded b L l -
100 200 300 400 500 600 700 800
channel
single event

EfficientNetV2

EffNetV2-XL(21k)

L(21k)

___—_.

EffNetv2-L _~" F3
- y ViT-L/16(21k)
"F; EffNet-B7(repro)
/, ¢
—.
1 _m==="" EffNet-B7
=" 5
- “ B6
/ -
¢ 85
FO g
7’
7’
7’
v
B4

1 :f lvi '1 -:) ('i
Training time (TPU days)

/

((=1) () (£ +1)

FC

Polar Angle [deg]

pi

Z. Yao et al.@SDU

pion Signal Efficiency with 2% Misidentification Rate
36 100.0

100 | 100 | 100 | 100 100 | 100 | 100 | 100 100 100 | 100 | 100 99.3 98.6 95.5 91.9
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¢/ 99.3 100 100 | 100 100 | 100 | 100 | 100 99.7 100 | 100 | 100 | 99.7 100 | 100 | 99.7 99.4 | 98.2 98 85 0
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Heterogenous computing platform
 R&D of a new general FPGA device using the AMD Versal ACAP

 Heterogenous acceleration (VCK190, VCK5000 evaluation Kkit)

* Al engine (AIE)

UG1079

Cascade Stream —>

AIE Memory Access ——»
AXl4 Interconnects —»

Dedicated
Interconnect

* Non-blocking
* Deterministic

o
>

\

Local, Distributed Memory
* No cache misses
* Higher bandwidth

X21763-040519

ENGINES ENGINES

DUAL-CORE
| ARM® CORTEX"-A72

APPLICATION
{ PROCESSOR

VERSAL™

DOk ADAPTABLE
| ARM CORTEX-RSF

REAL-TIME HARDWARE

( PROCESSOR

PLATFORM
MANAGEMENT
| CONTROLLER

| i

32Gb/s
GENS
W/DMA ETHERNET CORES
& CCIX CORES

Figure 4: Al Engine

Fixed-Point
Scalar Scalar ALU Vector Vector Unit

Register Register
Files Non-linear Files Floating-Point
Functions Vector Unit

Scalar Unit Vector Unit

AGU AGU AGU Instruction Fetch

& Decode Unit
Load Unit A Load Unit B Store Unit

Memory Interface Stream Interface

X25020-011321

PROGRAMMABLE NETWORK ON CHIP

DDR4 58Gb/s MULTIRATE ETHERNET  INTERLAKEN

INTELLIGENT
ENGINES

DSP
ENGINES

MIPL )

400G
CRYPTO LVDS
ENGINES

l 112Gb/s GPIO I
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CNN algorithm implementation

AMD Vitis™ Al Integrated Development Environment

Vitis™ Al ONNX
Tools & RUNTIME
Components

Domain-
Specific
Architectures

Supported AMDZ1 AMDI1 AMD{V AMD AMD

VERSAL VeERSAL 2ZYNO ALVe=0 RYZe=N Al
Tal'gets Al Core Al Edge UltraScale+

Training float Quantified int DPU subgraph
3 ;s : Deploy to
Training »| quantified »  compiled - thel l)(;\'ll‘(l
A A A
' ? - A\ . \
Quantify the Hardware
data set architecture
specified

: Deployment
vai_c_tensorflow?2 :

scripts
Specialized A
API quantitative 4 A
datasets Python C plus



CNN algorithm implementation

Inference result based on 10000 samples
CPU GPU (RTX4090) DPU (VCK5000)

DPU Temporal performance

CPU Temporal performance

8

GPU Temporal performance
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Inference time
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0 - - 5 - - » 0 20 30 40 50 60 70 0 10 20 30 40 50 60 70
Batch size Batch size Ratrh <ize

o

CPU Temporal performance GPU Temporal performance DPU Temporal performance
1000 1000 1000

800 A 800 1 800 -

600 - 600 - 600 1

400 A 400 A 400 -

Througput/(sample/s)
Througput/(sample/s)

0 200 200 -

./F+ —& —e

0 T T L T T T 0 T L T Al L] 1
° 10 2 » “ % o0 70 o - - - o - e - 0 10 20 30 40 50 60 70
Batch size Batch size Batch Size

Throughput

DPU based on AMD Versal ACAP shows ~13 times(CPU)/~3(GPU) faster inference timez2



Summary and prospects

» Advanced data reduction technigue is essential for next-generation HEP experiment.

» Al/ML integrated with heterogenous computing acceleration
- DNN with hardware based L1 track trigger for improving background rejection
» GNN based hit filter, and DNN were implemented on AMD Versal ACAP
» CNN based PID algorithm for STCF running on DPU has advanced performance

than CPU/GPU
- Both GPU and DPU can be a solution to accelerate data processing for online or

offline data processing system
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