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Readout system (Belle Il vs. LHCb)

eBelle Il: L1 trigger + HLT e HCDb: “triggerless” readout & DAQ
* Trigger efficiency: e CPU+GPU based software trigger
*Had. B physics~100% T physics * Rate of physical process: ~MHz

70~95% * No hardware trigger available

N Trigger _
system
D Software
> _ » Storage
</ trigger

Latency '*: ~4.3 ps
Trigger rate 127 MHz A . 30 kHz 30 kHz
Throughput 3(33) GB/s 2 (32) GB/s 3 GB/s
iil'{ C l\? -—>-— ?:i);tgv:arrf —> Buffer — ?:i);tg\;\grze —— Storage
| L] 'l ! .
Trigger rate 40 MHz v 1 MHz

Throughput 5 TB/s ~0.25 TB/s 10 GB/s



Readout and DAQ system(ALICE)

e ALICE: continus readout
e TPC w/ triggerless readout + others w/ hardware trigger
* TPC signal: ~100 ps, physical event rate 50 kHz, TPC signal overlap
*\ery basic hardware+ more effective software trigger

Trlgger
system
-—-
. Buffer > Sc?ftware » Storage
—
ALICE
Latency ~1 us ~30 s
Throughput 3.4 TB/s 0.7 TB/s 100 GB/s

| Heart Beat (HB) | Physics trigger

e HB: ~10 kHz
¢ Time Frame: ~50 Hz , S J_l_I_IJ_'_LL

Time
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‘ 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

apparatus with data acceleration
.« i« . Continues readout
e % (less-hardware

- :..¢..  + Powered by hardware
.. o= dcceleration . e
Heterogeneous

_—
LY

- “ . - v
. - » Pt : Ve e
T P, .. _ l‘. '. . » "~ "
) = . ' As » -
.' . i A . ‘..Q.' .-
P .‘. .'
o.. I 5 & &
: ‘e TS |

»
»
- . »
W » ’ - '|‘ 7 2 : 4 4 3 X .
" ~ W~ E » A Sov'w < v - ) - . » W -
'-‘ .'., & \.._\ ~r D : y ‘: < - o - X
o’ .. . o - . .A”’-uﬁ —— A . » ; - ) "
o 1 - . F -, “ v ' : > p »
- ve ¥ . At L - L. . ke > - ) .. o® : .
. b L s 3 Y K . ™ \ . -~ . » . . - . >
e - . v o tmy - e S . X - SN A e
.:. < ; : . : .y .' 4 .. p - » ¢ .4::..4 2 gl I ) . ..
o d . : .-‘. ot ... : m - ’ 3 T YRy B ek .
5 - £ . . - ""A"" -‘. 4.. "‘.‘. '.‘ 5"- .. S c. 4

Trigger-less [ e =
datareadout "

l.'“..l

44 Data readout g’




Roadmap of machine learning on “FPGA”

Verilog/VHDL | |
— Credit: Y. -T. Lai @ KEK
software
C++ SOftware — P Vivado™ HLS
' : Synthesis SOﬂW:re FPGA firmware (PL)
M v VIVADO
QK QKeras IPcore '
TensorFlow - 4
) PyTorch | .
Keras O il *\‘ ML inference
HLS tool
A Conifer his|4/ml
CNN?? —
GNN’)? FWXMa(:hina JF’NN _mwm‘
FPGA + Al engine
(PL)
- Vitis
W XILINX
Hand-writtern | ™ VITIS
ML in C++ —
tensorH-ow
Pytereh This design flow does
Vitis Al NOT include Vivado for
- { YILINX ~ firmware makinginPL. > ' P |
> a VITIS. DPU + Al engine
L (no PL)




Belle Il trigger system
Max. trigger rate: 30 kHz @ 6 x 1035 cm=2s-! ¢ Challenges:

* Physics trigger ~15 kHz * low multiplicity trigger vs. background
Latency limit: ~5 usec (SVD APV25 buffer * High track trigger vs. crosstalk
structure)  Drawback of track trigger at endcap
* A fixed latency of about 4.4 usec  Latency budget vs. transmission and
Event timing resolution: 10 nsec logics
CDC, ECL: main triggers for tracks and '
clusters, KLM: trigger muon, TOP: event timing
Stereo T'S
[ CDC j—> Merger > TSF A;.isaL 2D Tracker ~ Neuro Tracker .
— Total:
Stifeo Stereo TS > 3D Tracker 5/ g ~ 25tUT4
Axial TS S @)
3DHough + DNN Tracker éo g
,é S L1 Trigger
[ ECL j—» 4x4 Trigger Cell > Merger - Cluster Finding + Energy Sum é %
S A
| TOP ) Hit ~ Pattern Matching Z§ C%
i KLM j Hit ~ Cluster Finding > @

~ dus after beam crossing



Motivation of Neural Network for L1 Track trigger

DAQ system is designed to handle 30 kHz CD_C Off-orbit background
* Physical trigger ~15 kHz, require S/N = 1 | Signal track /
L1 trigger rate depends significant on background \track
"y . K 1D — + .
condition e = VXD Final focus
Advanced CDC algorithm to further suppress background _— / —__magnets
A fixed latency of about 4.4 usec / / \
> 1000 L1 track trigger Rate vs Luminosity
-+~ 900 Early 2022 .. . .
O 800 Late 2022 (High Background) Tracks z, distribution after trigger
(- 2024 _ th1
= _ 700 Vg Targetine  G/N =1 : ] e e
g 2 600 - Background S6bev 1871
?I, & oo / " 39.5% <= Signal track
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Luminosity (x 10°* cm™s™1) Offline track vertex z,(cm) 3
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Basics of L1 CDC trigger
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Deep Neural Network for Z trigger

A
T
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tdrlft or otner \_,:}::"‘\ . N *» """ \_ J output(3)
10 wireswith  —— = Foe e | '

. m \‘~“*~1\f\j\ : :
low precision input(71) 5N e i

\::E‘:\:\‘} .
e

attention value

* |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)

Performance

X

H

J\

12'|5 ns

latency

Parameter #Attention #hidden #hidden activate precision Total multiplier

value nodes layer

Values 27 27 2 Leaky Relu Float 16 4,185
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Development flow of DNN on FPGA
. dwae g

Belle Il UT4

Vivado ™ HLS

S+ T | [his4ml VIVADO!
Tensor ' .
O PyTorch e
® Machine Learning model * tran;i-:ion e Translate into Verilog/ ©® Start fitter ® Evaluation
® Parameter VHDL FPGA language
Train DNN with Extract weights _ Import file 1n . .
—) : AP == (C simulation
pytorch and bias vitis hls W I S—
XCVUO080, XCVU160
A 4 25 Gbhps with 64B/66B
Using IP Core 1n C/RTL .
S ¢==  Qenerate [P ¢ . . == C synthesis
vivado cosimulation
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Performance of DNN algorithm

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

B Signal (RTL)

RTL
350 - RIL Background (RTL)
Software Software .
40000 Baseline Baseli — Signal (software)
T 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 ~ 095(RTL)" 14,444
30000 A 095(Baseline): 4.870 II 095(Basenne): 19.337

20000 4 150 A

100 - LA
10000 - 1l e
50 - Rl ehak- o
0 JL 0 Y 0 20 4l0 60 80
40 ~20 0 20 40 -100 =75 -50 -25 0 25 50 75 100
L baao ffline hra-.NN line o
Z](\)(N B ngflme(cm) BIAW _ Ooff Q Q (%)
- ROC Curves
 Latency : 76 clock = §92.8 ns ;require: < 600ns
 FPGA resource (UT4: Virtex UltraScale XCVU160) usage: |

e DSP: ~70%, LUT: ~50%, others <30%
 AUC do not get large drop comparing RTL and software simulation
* At signal efficiency ~95%

Reject rate
o
(@)

Background rejection rate

* Background rejection rate ~85%
0.2 - —— baseline (AUC = 0.92
—— DNN TRG(software (ALC=O.98) |
—— DNN TRG RTL (AUC = 0.97)
e DNN trigger with HARDWARE under commissioning, close to o o2 oa o5 o8 10

Efficiency

operate Signal efficiency



AMD Versal projects

SCALAR ADAPTABLE INTELLIGENT
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Overview Portfolio Developers Resources

Overview

curved gradient divider -
Programming . P
Languages ‘
Domain- IZI et &%@ <z> e]
Specific %

2% Qs Libraries

' Vision & Quantitative Data Analytics i
: ‘ ° HPC Graph Data Compression i
: Codec Finance & Database P P Security

0446 ©

Partner Al l: L
Libraries — D
X =
Common

Libraries
Basic Linear Utilities
Algebra
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Heterogeneous Acceleration Any Application Any Developer D DD O

Highly integrated, multicore compute platform that can Dynamically customizable at hardware and software levels Architected around a programmable network on chip (NoC),
adapt with evolving and diverse algorithms. to fit a wide range of applications and workloads. Versal adaptive SoCs are programmable by software Edge Deployment Denioyrment Cloud Deployment
developers and hardware programmers alike.




DNN implementation on Versal ACAP

 R&D of a new general FPGA device using the Versal ACAP
 Heterogenous acceleration (VCK190, VCK5000 evaluation Kit)

[ |
4 I
e Al engine —
ENGINES ENGINES ENGINES
. O
T DUAL-CORE
| ARM® CORTEX"-A72
j APPLICATION
PROCESSOR
S
® ® o © DUAL-CORE | AgigilA\;LE DSP
| Am;ec:::'e;énsr HARDWARE ENGINES
. . . . ‘ Zg f PROCESSOR
I . . . . ‘ e PL.ATFORM
S | ® & ° | oNTROLLER.
© prob Nt
. . . . output(3) PROGRAMMABLE NETWORK ON CHIP
‘ T ' 32Gb/s MIPI
e : S MU]L?'O:A“ uﬁgﬁin mr::f:xsu czeg(r;o
UG1079
112Gb/s ) GPIO |
attention value
Figure 2: Al Engine Array  \. /
Figure 4: Al Engine
Cascade Stream  — ¢
AIE Memory Access —» - >
AXl4 Interconnects — . .
Scalar ALU Fixed-Point
Scalar Vector Vector Unit
Dedicated Register Register
Int t - . - : .
,"Ne;ﬁf’b’;gg;ng Files Non-linear Files Floating-Point
* Deterministic Functions Vector Unit
e e -
Scalar Unit Vector Unit
4—
_ AGU AGU AGU Instruction Fetch

& Decode Unit
Load Unit A Load Unit B Store Unit

:

Memory Interface Stream Interface

Local, Distributed Memory
* No cache misses
* Higher bandwidth X21763-040519 X25020-011321




DNN acceleration on Versal ACAP

bufdd
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Layer 1 Layer 2 Layer 3 Layer 4 Layer 5

 DNN implementation: Input nodes 71 27 27 27 27

1 33 Output nod 27 27 27 27 3
* Model on a “graph SPEE TOTES
T T Active Func. LeakyRelLU| Softmax — LeakyReRU| Tanh
* Dense layer on a “kernel

* Al engine: C++ based coding on Vitis v Al Erging Resource Uiikation
® Al engine Iibraries Tiles used for Al Engine Kernels: 5 of 400 (1.25 %)
. . o . Tiles used for Buffers: 7 of 400 (1.75 %)
* Al engine specific functions

Tiles used for Stream Interconnect: 8 of 450 (1.78 %)
" " 11 DMA FIFO Buffers: 0
°
Scaler’ Vector englnes’ plpe“nlng’ etc. Interface Channels used for ADF Input/Output: 4 (PLIO: 4)
Interface Channels used for Trace data: 0




Latency optimization on Versal ACAP

NAME lO.DCOOCO us 1l.ElC'ClDC'O TES 2.000000 us 3.000000 us 4.000000 J 5.000000 up
> Tile(23,0)
> Tile(23,1)
> Interface Tile(23)
> Tile(24,0) |
> Tile(24,1) : :
>Tile(24,2 | |
> Tile(25,0 :
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Total
Input nodes 71 27 27 27 27 —
Output nodes 27 27 27 27 3 —
Active Func. LeakyRel. U Softmax — LeakyReRU Tanh —
Ver.0 latency ~12us ~B06us ~1.5Us ~5.5US ~9.9us ~86us
Ver.1 latency ~2.1us ~1.3us ~1.5Us 0.9us ~0.2us ~5US
Ver.2 latency ~0.48 us ~0.93us ~0.33us ~0.40us

Total 305 clk cycles one instance. Clock period 10ns.
Latency running on Versal ACAP is 3.05us




Real-time and Al integrated High Level Trigger
lardware _JFPGA 4

Switch

2v XILINX 4
VITIS.HLS a VITIS. 4

Trig | Trig
2 2

® User ® Program e Translate into ® Start fitter ® Evaluation
| application solution  Verilog/VHDL
Optional | FPGA language

r ----------------

Detector1

Storage

Detector2




GNN for CDC track background filtering

* Developed a GNN algorithm (based on X. Q. Jia (SDU) et al. BESIII’s algorithm) Xiaogian Hu et al (SDU)

for Belle [l CDC hits clean up
* |Inputs: TDC, position coordinates r, ¢

.\'
G = (N, E) / X
CDC hits
produced by Construct the
—> —_ . charged - graph
G N N . particles

Belle Il simulation (own work)
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s :
- . 0.8 e
S | e
D 06 .
: O
Clarfs'gy theb Cluster the Track fitting &
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Transverse Momentum Resolution (2.6-2.8) 0.0 1 | | | | | !
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Acceleration on Versal ACAP platform
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particles
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— graph edges by
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Cluster the
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Track fitting
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Demo of GNN implementation on Versal ACAP

latency
start point

graph construct

data g
generator

9 9, 12]
18 18, 12
27 27,12

Latency of simple
Implementation with only 1

iteration of GNN algorithm on

[9, 5]
18, 5

27, 3]

Versal I1s In order of ~ms

: offline
epsilon nearest g
S > | denoising
& gnn
receiver

AXIS
100mHZ

32bits data at a time

latency(us)

AIE

[—

Struct graph

Physical constraint

———

PL
VIVADO! -

P

Clusting

=

Sort edges of the same track
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time

CNN algorithm for 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

kaon-

i B C e C P FC
2= —{18

E —{1s
11:_—

. Iy convolution j
10:_— *\l\.

A3 ' = .
= :

: : k pi
Yy ((=1) (() (C+1)

PO ST SN T VT S W N VT T WA U NN U VAT ST U T W T U VNN T VNN W NN U VT U U N W T N U U

0 100 200 300 400 500 600 700 800

channel
single event

EfficientNetV1 EfficientNetV2

. . . . . 0 . . . . .
- pion Signal Efficiency with 2% Misidentification Rate
EfficientNet-B7 EfiNetV2-XL(21k 36 100.0
841 AmoebaNet-C <7 etv2-xL{21k) 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100 |99.3 | 98.6  95.5 | 91.9
- _—_—-. ) 35
AT.ofb WNA. e 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100 100 | 100 | 100 | 100 | 100 |99.5 | 98.1 95.8 - 97.5
- Y - 34
ey »7 NASNet:A  ..-*" SENet _ 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100 |99.7 | 99.8 | 99.2 | 96.5
o O= ” oot o
2 P2 — 33 - 95.0
= ot =86 o 100 | 100 | 100 | 100 | 100 | 100 | 100 | 99.7 100 | 100 | 100 | 100 | 100 | 99.8  99.5 |98.5 94 '
. ov
8 .-+ ResNeXt-101 @ - NFNet-F4 ro) 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100 |99.7 | 99.9 | 99.3 | 98.7 | 97.3 91.9
2 801 QNI A 3 EffNetV2-L -~ F3 — 31 92,2
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Implementation on DPU with Vitis Al

If you are an Al developer, bring your TensorFlow and PyTorch trained models to directly infer on Versal using Mipsology Zebra and build, configure, and deploy computer vision applications on FPGA

Al Inference Development

platforms with Aupera Video Machine Learning Streaming Server solution.

Key Features

Explore partner solutions and articles, and learn about the key features for Al Inference Development with the VCK5000

@
Perf/$ Video-Heavy pipeline
AMD VCKS000 .
nVidia A100 B
nVidia A30 nVidia T4 .
nVidia A10

nVidia T4

0.0 1.0 20 3.0 4.0 5.0 6.0 .
Img/s/$ (ResNet-50 v1.5) AMD VCK5000
Neural Network x86

0 10 20 30 40 50 60
# of video streams

2x TCO Reduction vs Mainstream nVidia GPUs 2x End-to-End Video Analytics Throughput vs
nVidia GPUs
» 2x perf/w and perf/$ compared to Nvidia Ampere with .
standard MLPerf Models e Full pipeline from H.264 decode to computer vision to up
to 10 Al models
» Achieves 90% compute efficiency .
e Video decode and CV run on x86 CPU or discrete U30

e Consume less than 100W at card level
Alveo card

* Plug-in based pipeline composition from FFmpeg /
Gstreamer

AMD Vitis™ Al Integrated Development Environment

Tools & RUNTIME

Components
."tvm

Domain-
Specific
Architectures

Supported AMDIl1 AMDIl AMDAA AMDAA AMDA

AMD VERSAL VERSAL 2ZYND ALV=0 RYZ=N Al
Targets Al Core Al Edge UltraScale+

CPU

® TensorFlow
[

e °  OPyTorch @

VCK5000
(FP32)

Easy to Use with Familiar Frameworks

Easy-to-use software flow for any CPU & GPU users, no
hardware programming required

Run inference from Tensorflow framework directly on
board

State-of-the-art model supported with mainstream
frameworks PyTorch, TensorFlow, TensoFlow 2 and Caffe

Setting up explorer 's environment in the Docker container...
Running as vitis-ai-user with ID @ and group 0

Docker Image Version: ub
itis AI Git Hash: 6a9

Build Date: 2023-06-26
orkFlow: pytorch

itis-ai-user@dell-Precision-7960-Tower:/workspace$ 1s



Implementation of CNN on DPU

Training float Quantified int DPU subgraph

w . . Deploy t
quantified compiled thirl b(();\(dn‘?l

f_% f_%

Quantizer Quantify the compiler Hardware  vitis Al o
datq set T architecture i . Xilinx Runtime
specified
Deployment

val_c_tensorflow2

scripts
Specialized A
API quantitative
datasets Pvthon C plus

» Training performed same as typical software model development
» Quantization and compilation using the Vitis-Al tool (AMD)

» Vitis-Al Runtim and Xilinx Runtime tools used for deployment on Versal ACAP
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Summary and prospects

- Advance data reduction technique (real-time, ML/AI) is essential for new/upgraded
collider experiments
» System design, algorithm and heterogeneous platform developments

» DNN algorithm was designed for L1 trigger, implemented to FPGA
« DNN/GNN algorithm for L1 trigger/HLT was approved able to be implemented to
Versal ACAP

A possible solution for latency-limit algorithm of HLT (e.g. track seed finding)

» DPU based on Versal ACAP shows 8-15x(CPU)/2-4x(GPU) inference time
performance for the STCF PID CNN model

» A possible solution for HLT (CNN algorithm)
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