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. . K; and muon detector EM calorimeter
Belle Il detector including: (KLM) solenoid  (ECL)

Tracking: Vertex detectors and CDC.
Particle identification: TOP and ARICH

Calorimeter: ECL. o

e~ 76;[/7\‘ -
KL and muon detector. Silicon Vertex Detectors___ 2

First level (L1) trigger, High level trigger
(HLT) and DAQ.

(CDC)
Target luminosity: 60 x 1034 cm™2s™1 Particle Identification:

Time of propagation counter (TOP) ;
Aerogel Ring Imaging Cherenkov counter (ARICH)

Achieved luminosity: 5.1 x 10%* cm™2s™"
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The background condition getting worse when the luminosity increased
Real-time data reduction technique is essential

Two ML implementations:

3D tracker with DNN-based Z trigger | Stereo TS
L 1 trlg ger [ CDC }—" Merger H TSE Ama 2D Tracker }—[‘ Neuro 'Il"acker j N
. . = Total:
Maximum average trigger rate of 30 kHz, Stereo Stereo T8 [ mae |8 |3 ey
Fixed latency of about 4.3 us - “4{ SDHough § DNN Teacker I— I
,E 3 |L1 Trigger
g 8
DN N_baS ed Z trlgger [ ECL ]—»‘ 4x4 Trigger Cell }—-| Merger }—-{ Cluster Finding + Energy Sum |—~ % :E
. . . |
Build 3D_track in CDC with 2D track and (58)— [ [Pt ot e
StereO h|t [KLM ]—-‘ Hit }—‘| Cluster Finding } i . @

Less 600ns latency

= Hus after beam crossing

. N : L1 trigger
Denoising GNN in High Level Trigger:

High Level Trigger
Designed to further suppress the background

Denoising GNN
Online algorithm to filter out background CDC hits for track reconstruction 3
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Ay w2 @Y Ty ® 0 0 ¢ :
e S o ®® = 1. One TS uses 5 layers of wire. } :
;IL\ = ) © ‘. ...‘..... 2. Each SL(super layer) has 6 layers One TS inone SL
, !S ©® "ol \ @@ @ e e 3 Variables of each TS:
N 0:. & o0 oo track crossing angle a,
, AP il drift time t
@ @ e o o0 ¢

iz s relative angle ¢
CDC profile Track Segment(TS)

Track Fitting H =
;jt " kP “ a nodes | max g
- --‘.{’ 0

71 leaky Matrix 27 leaky N—
nodes | relu multiplication nodes | relu

YRS

nodes

Single head self attention

YuXxin Liu (KEK) @ IEEE RT 2024

Input drift time t, wire relative location ¢, crossing angle a
Output track vertex Z_0, track e, signal/background classifier output Q 4
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hls 4 ml open-source project serving for full procedure from python model - C/C++ code project

*include some function XILINX With Python
from hls4ml lib @ VITIS. it Vits HLS

With Vivado
R . o Adjust Model @
c++ codes
Keras
Train NN with "
O PyTorch ytorch (fixed- hls 4 ml C Vitis HLS RTL co-
. b simulation synthesis simulation
€ ONNX precision)
Extract weights file

®

- - Implement _
£ XILINX Comm; el ation, place | Integrate IP into || Generate | Y©S Fulfil J
. ' -ssion ! /P VHDL codes IP requirements?
CloSures and route

VIVADO!

®train model in python - @use hls4ml to export model in C/C++ - @ import to Vitis HLS and
compile and generate IP core - @import the IP core in Vivado - (G)download to hardware 5
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Delta track z Delta track theta

RTL 350 4 RTL

Software Software
40000 A Baseline 200 - Basn?line
Entries: 117815 Entries: 2984
o95(Software): 2,392 095(Software): 14.141
095(RTL): 2.375 250 4 095(RTL)- 14.444
30000 1 095(Baseline): 4.870 095(Basenne): 19.337
200 4
20000 A 150

100

“ ]
50
0 1 T T T 0

-40 20 40 —100 =75 =50 =25 0 25 50 75 100

bt 0ffing b NN

Z}(\);N . zgfﬂine(cm) Gamr . egfﬂine(o)
Latency: 76 clock = 551.2ns(required < 600ns); 0%°=2.7cm; g?=14°

Classifier output RTL co-sim vs sqftware sim

ZSUIIWU\ i lati Vs Zdolul dwar i
- 100 o 10°

mam Signal (RTL) ] s Entries: 10000

Background (RTL) 75 ' Mean x: 2.924

— Signal (software) : Std x: 20.090

—— Background (software) 50 _ Mean y: 2.774
Std y: 20.323 “
N o 102§
25 g
E 5
>
@ ] T
| E
PEB B =]
[a'd 0t g

_50 4
—75 :*.w
—100 T T T T T T T 10°
0 20 40 60 80 100 =100 -75 =50 =25 O 25 50 75 100
Q(%)

software sim z
Signal efficiency ~95%, Background reject rate ~85% 6
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@

Al Engine Array, 6 x 4 Al Engine Tiles and corresponding \
Al Engine-PL/NoC Interface Tiles

AlEngine | AlEngine || Al A
Tile

Tile

il
il
il
i

L ADAPTABLE

ADAPTABLE INTELLIGENY
ENGINES
A
ENGINES
VERSAL™ k -
OSP

AlEngine || AlEngine || Al A
Tile Tile

i
i
i

AlEngine || AlEngine Al
Tile Tile

ool
]
I3
i
i
=
%

AlEngine [| AlEngine (| Al Al
Tile

i
*’%
*’%

¥1E
"%

Versal VCK190 System On Chip(SOC) Al engine array

SOC:

Programmable Logic(PL):.
FPGA, programmable digital circuit

Al Engine(AlE): (highly optimized for compute-intensive applications)
Very-Long Instruction Word(VLIW) processor with Single Instruction Multiple Data(SIMD) vector unit

Process System(PS): Two Arm cortex processor
Network on chip(NOC): Designed to handle data transfer with high speed and reliability

Others: DDR; PCIE; Ethernet core 7



) 2 ff» Z DNN deployment on Al engine

SHANDONG UNIVERSITY

hid3

Highly optimized computational function that
runs on Al Engine hardware

Connect multiple Al Engine Kernels to
build a complete high-performance
application

DNN algorithm structure in Al engine

XILINX
Single head self attention G rap h V ITI S ,

s
/{1: Soft- 4 £ Track Fitting

/ h Hiﬁ! (@] % v . .

! f’ L . - e Design L fLieies Synthesis and Compile
: 2 P < <A hardware code implement hardware link
7’ s ST : oo A % platform in C/C++ P

e 0 c— ‘ ‘7_“/ ,.‘,_- ‘ .‘ 2
:: ® L -,'::*LT .9 Q '
A N\ VIVADO
>
- ‘Sk‘ Download to Generate
board bin file
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@ multiply-accumulate(MAC) o _
In AIE API, @ matrix-multiplication(MMUL) €N be used. MAC is simpler and MMUL is complex

simulation result simulation result

—e— layerl(leakyrelu) "1 |—s— total Iatency]
-=- layer2(softmax) M
~a- |ayer3(no act.) (5, 11.78)
—+— layerd(leakyrelu)
’U“.)m layer5(tanh) ’U?m
c 2
= >
() 2000+ (W]
S o
[V} 6 (4, 5.66)
(_4_5‘ 1500 f_-'_U‘
| (2, 2.41) (3, 2.98)
500 1 (1,2.1)
1 even‘t(mac) 1 evenf(mmul) 4 ev_enté(mmul) 8 eventé(mmul) 16 evenfs(mmul) : 1 even‘t(mac) 1 evenf(mmul) 4 ev.enté(mmul) 8 eventé(mmul)lﬁ evenfs(mmul)
Input Input
Best latency is about 2.1us =
. . . /ffd Soft- g £ Track Fitting
1. All data in Al engine is float32 .
L Y A 7 5 A
. . o .- <oy 0
Softmax: levent(mac) use approximations; others use LUT 2 aWZ et
ey g 3 W
N

2
3. If vector is float32 and width 8, one AIE can do 8 times mac in one sys clk at most
4

MMUL is more potential for compute-dense situation compared to MAC. 9
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GNN for CDC background filter
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Developed a GNN algorithm (based on BESIII’s algorithm) for Belle Il CDC hits

clean up
* Inputs: TDC, position coordinates r, ¢ Noise filtering [——| Clustering —| Fitting
&, oe’® et 1
no e \ / : g 3 ‘
G _ (N‘ E) / . :....0 .7.. K/-: v ;
. . CDC hit )
N \ producedsby Construct the grgl:;: S;Lygte:eby Cluster the Track fitting
Ny . charged - graph selected hits =
‘ o = GNN = 2 parti?:les SN
Node:
Wires of CDC

A fully
connected
—>  2ayer node .o
network network

Layer2

Edge:

Connect nodes

Edge classifier:

Connects nodes - true
Connects background - false

EEEEEERN Layer8

10
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®-y plane x-y plane(via GNN}
Dy 3 . @
2 i ; :
. ":! ) ongin \]‘ r::.
o el ) ": -F& - w . 50 §
PR T LN N Simulation data from belle Il particle gun
B ) 'l“ w ..:"\. .'.‘-:. ’ :
% - ’
*ay a - - . =50
Before After
4000
4000
Npredicted predicted 3000
. - . ] 3000
Efficiency —Z2— =~98% Purity —Z5— =~ 98%
Ns:gna! Nan 2000 2000
1000 e
Ib%e °-f’9?\// 0 0
N, 29 10 05
U, 23 04 06 08 Mome, 105, 08 10
0 00 02 O% . nc entyp2%. 04 06 -
( el Signal selection efficiency um (Ge-”a.)o °'°5"gohza\ celection purty
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[2A%]) v 4:/» Z Deployment structure

8 layer denoising GNN structure

1. Offline GNN algorithm constructed by 8 layers of graph model
2. For the demo propose, one layer of graph model implemented on AIE
3. Futher model optimization needed for training a online GNN algorithm

12
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Test bench setup for GNN deployment

clot_4 : design_2_al_engine_0_1_

tup - hw_ila_ 1 Status - hw_ila_ 1

Interface
Interface

Interface

1. Data generator in PL output raw data R AIE
2. Use eNN to construct the graph in PL. ? | | p— ﬁl
- | data | epsilon nearest
. ) ) : E— E@N ;
3. Denoising GNN deploy on Al engine which result will e e e |
send back to PL _
¢ nearest neighbor An ila at PL side will monitor the GNN result & receiver 7 s
5. ILA(Integrated Logic Analyzer), sample signal inside ‘ g bits data st & tine
the FPGA o e
hw ila 1
| Wavefarm - hwe lla 1
«2lQ + e > » WM @ a 3 ¥
% E LA Status: Idle
E E MName
E N Bslot 0
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2250
72, 2196) 7 —— AE 72, 7.0)
—&— FF
2000 - 6| - wr
— 72, 5.88)
=
1750 - =
c 5-
—_ o
v 1500 T (27, 4.5)
2 N 4
a =
—
c 1230 (27, 1255) S
] 31
- 2
% 1000 et
32 (27, 2.27)
(18, 876) A
750 - e
l_
500 A (9, 0.81)
(9, 386) 01 A~T5 oM TI5 oM (27 001) A |75 0.01)
T T T T T T T
9 18 27 72

T
9 18 27 72

input node number input node number

One iteration is implemented for this demo, instead of 8 iteration in the real model

Latency: 2.2ms for 72 input nodes
Resource usage: AIE: 7%  LUT: 5.88%  FF: 0.01%

14
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CNN algorithm for STCF PID

« DTOF as a PID subdetector of STCF 7 Yao et al.@SDU

* CNN algorithm developed for Kaon/pion identification

 Kaon/Pion MC simple, 800w
; C

C - FC

s

_ convolution

oo "’!-

-
I
e
-
—_—
-~
—_—
+
—
-

100 20 308 o 500 [ ¢ [T

single event

EfficientNetV2 pion Signal Efficiency with 2% Misidentification Rate _ s
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Y. Q. Mao @(SDU)

Training float Quantified int DPU subgraph
Training [——® quantified [——| compiled [——— R)Zpll)(())};:?i
A A A
'8 ? ' C— N\ r N\
Quantizer Quantify the compiler Hardware Vitis-Al " .
data set architecture ;i me Xilinx Runtime
specified
_ Deployment
vai_c_tensorflow2 scripts
Specialized A
API quantitative r A
datasets Python C plus

1.Training at the software level
2.Quantization and compilation using the Vitis-Al

3.Vitis-Al Runtime and Xilinx Runtime tools were used for deployment
16
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Inference result based on 10000 sample
» Batch size 4 or 6 due to DPU PE limitation Y. Q. Mao @(SDU)

Latency -
(ms)

Latenct (ms)<

(6.7]
5.4

tj - B

(VCKSOOO 4PE) Pevice (CPU) (RTX3090) (VCK5000 6PE) (CPU) (RTX3090)
DPU based on Versal ACAP shows ~7 times(CPU)/ ~2 times(GPU) faster inference time

196.1 [194.4] 195.3]

182 -4 (1788 & | | 1%1 (1944

151 3
'd
- %
- 09
'63.4
& £ : & &

% (VCK5000 APE) CPU) (RTX3090)  (VOK5000 6PE) ‘e  (CPU) (RTX3090)
DPU based on Versal ACAP shows ~7 times(CPU)/ ~3 times(GPU) higher throughput

FPS

17
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RN )
A=), V'fﬁg Summary

The neural network algorithms deployments on Versal ACAP has been made.

For DNN deployment
Best AIE DNN latency is about 2 us(MAC)
MMUL method shows more potential when input event number increases.

For GNN deployment
When input 72 nodes, latency is about 2.2ms
Resource usage is low(7% for Al engine, 5.88% for LUT)

For CNN deployment
EfficientNet bO of model zoo deployed on the DPU of Versal VCK5000
2 times faster inference time compared with the RTX 3090
3 times higher throughput compared with the RTX 3090

18
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BACK UP
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Axial wires Stereo wires

® CDC wire

Super Layer

Central Drift Chamber(CDC)

Axial l
Stereo s
.is:i:t:.:
< 1200mm »
CDC

1. CDC is a gas detector

2. Electric field on the wire

3. Particle ionized gas

4. Electron after ionization drift towards the wire

Track information:

Location for CDC hits(x, vy, z, layer)
TDC, ADC
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AN
[2A%]) v 4:/» Z Deployment structure

8 layer denoising GNN structure

1. Offline GNN algorithm constructed by 8 layers of graph model
2. For the demo propose, one layer of graph model implemented on AIE
3. Futher model optimization needed for training a online GNN algorithm

14
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AIE deployment

in.1 / out1
Kernel: . basic coding unit

buf3g L3_dense2

C++/C or AIE API(vector datatype) which width is fixed to 4,

8, 16, 32 el

_dmal[2] buf39 L3_dense3

buf22

>
mory II Memory,

buf23 collect3

in2
in[Q out[0] ll in1 ; out1 n in3 ; out1 n
> [ ——> —_
Stream Memory Memaory Memory _ ‘”_ Memory Memory

In/out ports of kernel: Graph:
Buffer type:
Read after store (extra time needed for storage) I S

Stream type: |
Free running if not stall

L3_densel

Al Engine(AlE):

tile

DMA control

26 ’ 1 SWITCH

Me

,"‘ layer3_collect

buf21
o ||

mory ®& Memory

/AI Engine Array, 6 x 4 Al Engine Tiles and corresponding
AlE Where kernels placed(16KB program memory)

e bark 03 j‘> Memory Bank:
e | G, o Place buffer (32KB data memory) (weight & bias)
\T‘.%Z: . bl | el -. -

Direct Memory Access(DMA) & Switch
Communication mechanism for non-neighboring AIE8
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mac1_3
Input: Dataln3 buf2 bufs

o e
e
kernel3

maci_1 .
Input: Dataln1 (; bufo buf3

) o o
e Wiy R vy Wy

kernel11

bufi (xs L2 buf4

s Wiy

Input: Dataln2 {
out Y,
iy Wiy

kernel12

Single head self attention

[fremary

\
\

Track Fitting

_dma(0)

ng) out[0] <
n S

_dma[1]

ing
am

ouro]

Deployment on VCK190

buf23 (==l

B graph2

kernel23

buf21 (L] bufé ﬂw RE bufo & bufio
N - e ot ot
kernel21 f Kernel2 softmax

—mall] buf22

oy our1 il J
S i Wemory 8 Memory

graph4

~dmaf1) buf30 macd 2 buf16

Ll buf26 firzEled bufi2 ra h 3
.
kernel32 kerneld2 \

em oy maci3 oot \\ s sefattention g _dmal] _dmal2] _ mac4 3 buft simple buf1s
o
ot

8
buf14
__ing) in[g) oug) m L ! out n
oy Wream == = r«amm Memory V‘mwv Memory Memory M Stream

| ingg) oo, i oucy N m
Kernel33 Kernel3 self_mul kerneld3 kerneld simples
~dma(0] mac4_1
_dmal0) buf2s mac3_1 bufl1 buf2g buf15

o il n
e 2, ol Stream WY Memary N-mm Memory
<am W Yermar ™ Wemory ™ Memary

kerneld1

Output: DataOut1 (
g
»

kernel31

3

@ To improve the parallelization, one graph represents one
dnn layer.

@ All math operation use the AIE API

® AIE APl is linear operation, so non-linear operation use
approximations or LUTs
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The Belle |l detector
Vertex detector (VXD) — '“ —

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

icle Identification
arrel: Time-Of-Propagation counters
OP)

orward: Aerogel RICH (ARICH)

G'W\

Central Drift Chamber (CDC)
He (50%), C2Hs (50%), small
cells, long lever arm

F (4Gew

K./u detector (KLM)
Outer barrel: Resistive Plate Counter
(RPC)
Endcap/inner barrel: Scintillator

ElectroMagnetic Calorimeter (ECL)
Barrel: CsI(Tl) + waveform sampling

Level-1 trigger system Data acquisition (DAQ) system Computing system
CDC+ECL+TOP+KLM Maximum 30 kHz L1 trigger GRID
L1 trigger latency 5 psec 1MB/event Tens of PB / year 3

~
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GNN for CDC background filter

Developed a GNN algorithm (based on BESIII’s algorithm) for Belle Il CDC hits

clean up
* Inputs: TDC, position coordinates r, ¢

G=(NE /

Noise filtering

k.

* Clustering

=~

.
.
b -
. « =
b 4
Z .
e, - . . -

Fitting

o E . CDC hits ——
. < 4 produced by Construct the assify the Cluster the Track fitting
NG , h graph edges by | hi
Ao —> GNN —_> e charged - grap - GNN selected hits -
X Yy o N\ particles
I\ .
Simulation (own work)
x-y plane w-y planeivia GNN) comformal plane fust: spac
L3 e s e . ‘@ - wi@]_— 5_—
T I Y e ¥ o] * o
LI T L ! or
R -.‘i - - - . 0 \'|
. ,:- :_:_-1_-;4-"""‘"«-: E o« J——
B Bt ] ;
ST .o %
S s . N ‘\

U+ Y- (particle gun)  GNN noise filtering

Transform space

Transform a space

DBSCAN clustering
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Denoising GNN:

L]

-

L

.

A

Online algorithm to filter background and keep signal

Node:

Signal or background on wire
Edge:

Connect nodes

Edge classifier:

Edge connects nodes - true

Edge connects background > false DL hits

produced by
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