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EIC: unique real-time system challenges
-» streaming DAQ and reliable real-time data reduction

Collision species e+pe+A p+p/A,A+A p+p/A,A+A
Top x-N C.M. energy 140 GeV 510 GeV 13 TeV

Bunch spacing 10 ns 100 ns 25 ns

Peak x-N luminosity 1034 cm™2 st 1032 cm2 s 1034 - 10*>cm2 st
x-N cross section 50 pub 40 mb 80 mb

Top collision rate 500 kHz 10 MHz 1-6 GHz

dN,/dn in p+p/e+p 0.1-Few

» Signal data rate is moderate - possible to streaming recording all collision signal
» But events are precious and have diverse topology - hard to trigger on all process

» Background and systematic control is crucial = avoiding a trigger bias; reliable data reduction
Brookhaven
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Streaming readout data flow: EIC

» EIC streaming DAQ ASIC, FPGA FPGA, xPU
—~ Triggerless readout front-end Digitizer BW: 102 Tbps - Readout BW: 102 Tbps > Storage: 10+ Thps
(buffer length : ps)
9 DAQ Inte rface tO CommOdity petector ;Efgnt End Boamﬂl g’:nt End Processor) : 53}:% Acquisition) : ﬁgﬂiﬁf“’a""" & Control
computing | |
(FELIX-type interface as the example) 0 e

Background filter if excessive background
rate (buffer length : sec - min)

— Disk (- tape) storage of streaming
time-framed zero-suppressed raw data
(buffer length : days)

— Online monitoring and calibration
(latency : minutes - days)

— Final Collision event tagging in offline
production
(latency : days+)

» Large scale prototyping with sPHENIX

| Global timing, busy & sync
L~100m | Beam collision clock input
fiber |
1 L . . Goal: O(0.1 Tbps)

Storage

Power Supply System
(HV, LV, Bias)

) 0

Cooling Systems

AN 4
[EIC-CDR] [Opportunities for Al data reduction ]
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Relativistic Heavy lon Collider (RHIC) in 2023+

[See also Cameron Dean’s talk]

The most versatile hadron collider in the world,

and world’s first and only spin-polarized proton
collider

4" Exploration of the phases of QCD matter from
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Streaming readout electronics for sSPHENIX tracker

—> Analog —Digital <«— Clock/Sync, Slow control

SPHENIX streaming DAQ for tracker

Global Timing
Module
(NSLS 1lI/sPHENIX)

Timing [«

Exp. Hall,
FEE |«p
FEE  [*
FEE |+

-

FEE

48x 10-Gbps bi-directional .o 10/100 Gbps
optical links per FELIX | Network

I ! DAQ room

MVTX RU, 200M ch INTT ROC, 400k ch ~ TPC FEE, 160k ch BNL-712 / FELIX v2 x38 (ATLAS/sPHENIX/CBM)

ALPIDE (ALICE/sPHENIX), FPHX (PHENIX) SAMPAVS (ALICE/sPHENIX)  FELIX Ref: 10.1109/tim.2019.2947972
Similar role as PICe40 in LHCb / ALICE

Brookhaven

National Laboratory

Jin Huang <jihuang@bnl.gov> AI4EIC 2022 7


https://doi.org/10.1109/tim.2019.2947972

Al in streaming readout DAQ

» Main challenge: data reduction
o Traditional DAQ: triggering was the main - : Online
method of data reduction, assisted by high level Front-end Back-end Computing

triggering/reconstruction, compression Exp. Hall
o Streaming DAQ need to reduce data

Timing

computationally: zero-suppression, feature " la
building, lossy compression — ||
. . FEE [<11
» Opportunities for Real-time Al = 1
> Emphasize on reliable data reduction, applicable el
at each stages of streaming DAQ: Front-end N s | DAQUroom T enehes

electronics, Readout Back-end , Online computing

o Data quality monitoring, fast
calibration/reconstruction/ feedback

* Could use “traditional” computing

* Not focus of this talk, nonetheless important for NP
experiments

Brookhaven

National Laboratory Jin Huang <jihuang@bnl.gov> AIEIC 2022



Streaming DAQ stage 1: Front-end electronics

» Perform digitization (ADC, TDC, pixel readout)

o Common data reduction strategy to

. . : Stages of streaming DAQ
immediately apply zero-suppression

» Target hardware: ASIC, (smaller) FPGAs

o Common requirement of
low-power consumption, radiation tolerant

0(103) bi-directional
optical links

10/100 Gbps

Network

Online
] . Front-end Back-end Computin
» Real-time Al data reductions: —— _ PEHe
p. Ha | Timing
o I[mproved zero-suppression, e.g. small signal recovery — AR
o Feature building (example in next slides) FEE || |
o Compression (example in later slides) iEE |

DAQ room

Brookhaven
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ADC time series - feature of amplitude and time

» Wave form digitizer is popular,
output data in ADC time series

» In the front-end, NN can be
used to extra features such as
amplitude and time of arrival

o See also [ATLAS, link], [M. Potekhin,
ACAT 2022]

» Fit limited resource in FEE FPGA
or ASIC:

Emphasizes on quantized-aware
training training and pruning

Brookhaven

National Laboratory
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sPHENIX calorimeter

ADC value

Test beam data:
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[10.1109/TNS.2020.3034643]
[M. Potekhin, ACAT 2022]
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https://twiki.cern.ch/twiki/bin/view/AtlasPublic/LArCaloPublicResultsUpgrade#LAr_Phase_II_Energy_Reconstructi
https://doi.org/10.1109/TNS.2020.3034643

Pruning + Variable Bit Quantization-aware Training

[S. Miryala et al 2022 JINST 17 C01039]

» Simulated LGAD waveform data
» Highly pruned (sparsity=0.75) CNN with 8bit fixed

pruning ___,
synapses

N

precision internally strlkes good performance (smaller .ig\“ ——
error) and small mod L7
¢ é

it Precision in Hidden Layers (firstTwo|lastTwo)

8|8 8|8 8|8 6|6 6|6 6|4 4|6 8|8 6|6 8| 6|6 6|8
0.042 ' :
0.040-
_ -+ 4
Ol 0.038;
o E T
E = 0.036+
<l 0.034
5
0.032 - Small (S) MLP,. Ps=0.5 Small (S) CNN, Ps=0.75 Medium (M) CNN, Ps=0.75
B Medium (M) MLP, Ps=0.5 ' Small (S) CNN, Ps=0.5 P Medium (M) CNN, Ps=0.5
0.030

0.236 0.406 0.486 0.626 0.696 0.890 0.899 1.185 1.505 2.013 2.094 2.146 2.346 2.348 2.717 2.735 2.752
Model Size (KiloBytes)

Smaller model (resource need)
Brookhaven
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Novel hardware: in-memory computing

. Miryal PAD21, link
[S. Miryala, C , link] MAC in a heuron

» One viable Al-target hardware in FEE X )
w:
including digital processing in ASIC ”%@—d‘)—n

and FPGAs Xo™ W
» New opportunity emerges to perform "+ " I
in-memory computing that is low ¢ (DAC | 'I
latency and energy efficient [m3 [m . °C [atd)
» Example is Memristor-based crossbar ~ [®¥ == e 0C )
arrays that perform Multiply &
Accumulate (MAC) in one cycle [ Jm = EER-ou

Memristor crossbar array, a Non-Von Neumann architecture
for in-memory computing of neural networks

Brookhaven

National Laboratory Jin Huang <jihuang@bnl.gov> AI4EIC 2022 12



https://indico.fnal.gov/event/46746/timetable/?view=standard#186-towards-edge-computing-co

Streaming DAQ stage 2: Readout back-end

» Perform data aggregation and flow control
o Common strategy include optical data receiver Stages of streaming DAQ

in large FPGA, routing data to server memory Front-end Back-end Online
) ] Computing
» Real-time Al data reductions: Exp. Hall | [T Fiming
o Higher level feature building FEE |+
o Selection of interesting time slices, =
. . . FEE [+
background/noise rejection = 1|
o See talks, including R :
0o(10 bl—dlrgct;c;ir:]ils : 10/100 Gbps
Nhan Tran, Sergey Furletov, Cameron Dean W | DAQroom ek

» Target hardware: large-scale FPGAs

Brookhaven

National Laboratory Jin Huang <jihuang@bnl.gov> AIEIC 2022 13




Streaming DAQ stage 3: Online computing

» Online computing is an integral part of
streaming DAQ
> Blending the boundary of online/offline

Stages of streaming DAQ

: Front-end Back-end
computing Exp. Hall Timing
» Real-time Al data reductions: .
o Lossy compression FEE <1 |
> Noise and background filtering FEE_ <[
. . FEE |11
o Higher level reconstruction |
» Target hardware: R | paqroom

o Traditional computing: CPU, GPU
> Novel Al Accelerators (next slides)

Brookhaven

National Laboratory

Jin Huang <jihuang@bnl.gov> AI4EIC 2022 14



Lossy compression of data, noise filtering

» Auto-encoder (AE) is a natural choice for unsupervised learning for lossy data
compression: streaming data reduction

Input Output
\ '~ 7
v e /
\\ /] N Code N /
- \ NSNS T \/
Simple auto-encode neural network e G I DS = B
N SN Y
N e N N A AN
A Ve SN
/
/i Se N
/.- ~ A
AN J N J
Y Y

Encoder Decoder

Brookhaven

National Laboratory Jin Huang <jihuang@bnl.gov> AI4EIC 2022



Lossy compression of data, noise filtering

» Auto-encoder (AE) is a natural choice for unsupervised learning for lossy data
compression: streaming data reduction

» Same network architecture can be adopted with supervised learning to filter out noise:

further data reduction, speed up reconstruction
» See also in CMS HGCal ASIC, CLAS12 tracker offline reco.

CMS HGCal compression ASIC, CLAS12 Drift Chamber offline AE de-noise [link]
[10.1109/TNS.2021.3087100], last talk

RAW DATA GROUND TRUTH De-NOISED
a BT - ; !
2l J ¥ . T
BL e f . N = s - 4
. 2t N - ‘(
Ericoda with Decode with 3: - f ) ) i ) )
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https://arxiv.org/ct?url=https%3A%2F%2Fdx.doi.org%2F10.1109%2FTNS.2021.3087100&v=464327f3
https://indico.bnl.gov/event/10699/contributions/53921/attachments/37000/60938/AI4EIC-Gavalian.pdf

Data of time projection tracker at sPHENIX

Busiest event in SPHENIX TPC

3D X-Y-Time time frame at 50Tbps prior to zero-suppression
10% central Au + Au collision with 170kHz pile up

Data frame for 1/12 azimuth sector shown here

A FE e
3 R j
. 3 : >
BB = / mn\)'é\
= e
AE‘_j{/'" 25
= B
= 4] i
5 107 ¢
S & 3
. | ‘ ‘ ;
102 i HERNN ‘llllllll-_l__
Brookhaven 0 9 4 6 8 10
National Laboratory Jin Huang <jihuang@bnl.gov> L7
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Bicephalous Convolutional Auto-Encoder (BCAE) and
iﬂpUt tranSfOrm [Y. Huang, ICMLAZ21, https://github.com/BNL-DAQ-LDRD/NeuralCompression ]

» Input transform: fill in the zero-suppression gap and make ADC distribution much
less steep

» Bicephalous decoder: +classification decoder to note the zero-suppressed ADC
voxels and +noise voxels in TPC, based on 3D CNNs

Input transform: 7 () = log(x — 64)/6, r > 64 a. BCAE architecture summary

Inverse transform: 7 '(y) = 64 + exp(6y). reR
original transformed
10°
0.03 . 1 06 1 - ’%\
) =10* s
iey S | |f— | |8
Z 0.02 , gap 7 04 VI, []].[}w'] S 3
) 10 =11 8
;—U 4x = E_.
| 0 2 4 6 8 10 S
0.01 L log ADC value 0.2 / ©
otlh 0

250 500 750 1,000
ADC value

Brookhaven
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https://github.com/BNL-DAQ-LDRD/NeuralCompression

count

Comparison with existing algorithm

[Y. Huang, ICMLA21], BCAE Code and model available at https://github.com/BNL-DAQ-LDRD/NeuralCompression
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ADC value

—200 0 200 400 600 800 1,0001,200

2d histogram density
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32.09
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0.33 2
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Jin Huang <jihuang@bnl.gov>
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https://github.com/BNL-DAQ-LDRD/NeuralCompression

BCAE Compressor with noise filtering

non-signal

[Y. Huang, IEEE RT22, I|nk] signal vs non-signal signal
signal Tean = 969.;176
. . nonsignal mean = .
SPHENIX simulation o O
A s L ETNE 1 . s
3MHzp +p TPC i EE I : i EE I : ; s W
. d 2-4_”'6'9 e 10 2 ::2"-'-' e Mg 10 % 10 7.50
Streamlng ata - ::: 8 o :;1. ::j: -.::g ::: 8 ":, 8
- oL 6 Legrre g, ook 6 .' 6 7.25
BCAE with ' 2 P E ‘ 33 o R . .
wit compression - £ 2 s " TSI L AN 2 2 7.00
- 0 P 5ty B S 0 0
. . . e oS Y 6.75
ratio 204:1 and 95% signal 7S
2 ow /4 6.50
M 150
retention (recall) 0 0 0
125 125 125
150 175 0 150 175 0 fo 175 0
075 mean abs. difference of log ADC on signals fraction of zero suppressed 0.60 fraction of noise filtered
070 — valid, 0.4826 | | -
o —— train, 0.4927
0.50
0.94 1
0.45
0.93 - 0.40 ~
_ 0.35 .
0.92 1 — valid, 0.9496 — valid, 0.5085
—— train, 0.9478 | 0301 —— train, 0.5007
500 750 1000 1250 1500 1750 2000 0 250 500 750 1000 1250 1500 1750 2000 0 250 500 750 1000 1250 1500 1750 2000
\ epoch epoch epoch
Brookhaven
AI4EIC 2022 20
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https://indico.cern.ch/event/1109460/contributions/4893305/

Novel Al Accelerators for streaming DAQ

[See also talks in architecture session]

» A new family of Al chips is emerging with non-von Neumann Architectures
Designed for NN computing, similarities to ML on FPGA

Massive on-chip activation/weight storage on sRAM

Good integration with popular Al tools

Energy efficient and high throughput

» Significant throughput gain with testing of BCAE on Graphcore IPUs, a
Dataflow Architectures processor for Al application

(¢]

o}

(¢]

o}

CPU GPU IPU
SIMD/SIMT architecture. Massively parallel MIMD. ¥
Designed for scalar processes Designed for large blocks of Designed for fine-grained, high- : ]
dense contiguous data performance computing - =
- > snnhunn
7N 7N .
NEEEE S B
ard —
NEEEE S R TER PR A
| [ | w
] e E s
> > .
o o o2 » III?III g
NEEER
. ]
l i [
Model and data spread across Model and data tightly coupled,
Off-chip memory off-chip and small on-chip cache, and large locally distributed Neural network Mapped to Cerebras wafer
and shared memory SRAM (placed and TOUted)

[G raphCore Web, Illk] Jin Huang <jihuang@bn|.gov>[Cerebras ComplletrMB@xDS; ﬂ] 21


https://www.graphcore.ai/bow-processors
https://docs.cerebras.net/en/latest/cerebras-basics/how-cerebras-works.html

Summary

» Streaming readout is a paradigm shift adopted by many modern Nuclear Physics
(NP) experiments, driven by diverse event topologies and stringent bias control

» Requiring large factors of data reduction computationally and at high throughput

» Driving the need of Al-based algorithms and platforms

o Feature extraction, compression, signal selection/background noise removal, reconstruction
o Utilizing ASIC, FPGA, and emerging novel Al accelerators

Jin Huang <jihuang@bnl.gov> AI4EIC 2022 22



Join us! A Postdoc Advertisement

» BNL plan to open a postdoc position in coming months on real-time Al-
based data reduction for sSPHENIX and EIC

» Interested candidate please contact jhuang@bnl.gov

SPHENIX TPC data frame | sPHENIX detector, first data in 2023 | EPIC detector for EIC in 2030+

National Laboratory Jin Huang <jihuang@bnl.gov> AIEIC 2022
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Streaming DAQ and real-time Al:

A new and paradigm shift for experiments in next NP LRP

NP Physics Streaming DAQ

e Diverse topology * New physic capability accessible only via
* Stringent sys. Ctrl streaming DAQ

e Max data preservation b Example: adopted for sSPHENIX and EIC

e Require data reduction computationally

N _ N

Opportunities for Realtime Al

e Specialized Al algorithm for reliable and

high-performance data reduction

* Novel hardware emerging for high-
throughput Al computing

Physics need - Streaming DAQ - Opportunity for real-time Al - Enhanced physics program

AN

Brookhaven

National Laboratory

Jin Huang <jihuang@bnl.gov>
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sPHENIX Streaming data flow

Exp. Hall : DAQ room — Analog —Digital — Clock/Sync, Slow control
|
|
T FEE, Buffer At ~ us : DAQ,, Buffer At~'s Storage
Detector ~(Ebigitizert]—~{TASIC/RRGATT 1| FELIX Int?rface —{ Servers [—[ Disk>Tape |
N o __L

. Trigger M« Timing

ADCs: O(100)Tbps
Expect 100% usage

O(10k)x ASIC: zero suppression

Optical BW: 20Tbps

Expect 10% usage 38x FELIX Interface: trigger throttling, buffer

PCle BW: 5Tbps
Expect 5% usage

Network BW: 1.5Tbps
Expect 10% usage

Buffer: ~7PB
Few days of buffer

9 Brookhaven

National Laboratory Jin Huang <jihuang@bnl.gov> AIEIC 2022 26




RHIC transition to the Electron lon Collider (EIC)
CD-1 Approval in 2021, Science Phase in 2030+

[EIC CDR] Electrons ! il

IR10 -

lons Polarimeters 41 GeV Arc

Polarized
Electron
Source

Electron Cooler

* Injector

i Linac
Possible Detector

Location
oL ,'.3‘

.

lon Transfer
Electron Storage Line

RS N

Rin
. IR4
inlile lon Rincg
Injector (RCS) 9
(Polarized) » Highly polarized electron and nucleon beam:s,
lon Source lon beams from D-> U or Pb.

» Hadrons up to 275 GeV, Electrons up to 18 GeV
» Vs =20 GeV -141 GeV, supporting two IPs
» High luminosity 103*cm2s (> 100x HERA luminosity)

Jin Huang <jihuang@bnl.gov> AI4EIC 2022 27



FYI19  FY20
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High Level EIC Reference Schedule

FY2l FY22  FY23

e

CD-1(A)

Jun 2021

FY24  FY25

& |k

CD-23A | CD-3
Jan 2024 Apr 2025

FY26

FY27

Fy28  FY29

FY30

Construction Phase

of operations
Apr 2?31

FY3I FY32 FY33 FY34 FY35 FY36

CD-4A CD-4 ]
*Appmvestart Appmvep*o] SClence Phase

completion
Apr 2034

Conceptual
De: (i

sign

Early CD-4A Early CD-4
Completion  Completion
Apr 2031 Apr 2032

Infrastructure | Design |
’g nventional Construction | 777777
Conceptual
Design
‘ Research & Develdpment I—\
Accelerator | : Desien
Systems : g :
[—‘4 Procurement, Fabrication, Installation & Test Z%%VB”?H%
r : "77,) Full RF Power Buildout
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Conceptual
Design
‘ Research & Develgpment I—‘
Project | : )e;i ,
Detector i g : : |
for LLP C‘OnSt -uction ’; Procurement, Fabrication, Installation & Test V///A
ts at CD-2/3A Commlssmmng V//A
Notional FY20 FY2l FY2: FY23 FY24 FY25 FY26 FY27 FY28 FY29 FY30  FY3I FY32 FY33
Schedule |
27 R and Generic Research & Development and Design
Detector T I i
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| Construction & Installation

}’//////////i
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& Pre-Ops
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—y
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Results from Bicephalous AE with transform iiv2iii0ses)

oround truth AE bicephalous AE  bicephalous AE
w. transform ]
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Memristor

(o)

AW~

Resistor

v=R-i

N

o+

Capacitor

q=C-v

®

J

SYYY -
Inductor

)

Memristor

IEEE TRANSACTIONS ON CIRCUIT THRORY, VOL, CT-18, NO. 5, SEpTEMBER 197]

Memristor—The Missing Circuit Element

National Laboratory

LEON O. CHUA, SENIOR MEMBER, IEEE

AT

Tra t Analysis * ": time = (0 s -> 200 ns) 1
16.0 -
- i
10.0
2.0
<
&
= -6.0
-14.0
-22'0 _- | R LS PR Rk SR (X B BRLEX PRUIEY PELES) RALES Pl LI KALEY Il oo PELEN B BELEN) (L |
-1.0 -0.6 -0.2 0.2 0.6 1.0
i Vread I
Vreset Vset

507

Jin Huang <jihuang@bnl.gov>

« Resistor with varying resistance
<+ Low Resistive State (LRS)
< High Resistive State (HRS)

AI4EIC 2022
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15 kHz calo trigger + 10% streaming DAQ
Iy | 10 GB/s data logging
OUTER HCAL U e —

SC MAGNET
INNER HCAL
EMCAL
TPC
INTT
MAPS

ENDCAP ORI & N

FLUX RETURN 1X 1 Detector

9 Brookhaven

National Laboratany Jin Huang <jihuang@bnl.gov> AI4EIC 2022 31



Online computing for streaming data - compression

» Lossless compression
o Compress by ~1/2
o Well established fast compression
algorithm

» Lossy compression

o Opportunity for unsupervised machine
learning based on data
o This work: Bicephalous Convolutional

Neural Encoder for compressing zero-
suppressed data and noise filtering

Brookhaven

National Laboratory

0.65 -

Compression ratio [out/in]

0.45 -

Jin Huang <jihuang@bnl.gov>

Lossless compression test [LDRD19-028, sPHENIX]

0.60 1

EBDC compression
2x10Gbps ethernet
48 proc. 2x Xeon4216
1.3TB TPC FTBF data

—&— Qzip
- |z4
—-— |zop

50 7.5 10.0 12.5 15.0 17.5 20.0
Compressed throughput [Gbps]

AI4EIC 2022
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Compressibility check: thanks to suggestion from Brett!

» The lossy-compressed code is hardly compressible further losslessly

Zip Ratios of Raw Zip Ratios of BCAE-compressed
T
30 - gzip mean 10.10 301 — gzip mean 1.08
bzip mean 16.20 bzip mean 1.09
»5 7z mean 12.44 254 — 7zmean 1.11
—— BCAE ratio 26.98
20 - 20 -
15 4 15 1
10 - 10 -
5 7 5 J—r |
0 = F_ 1 1 I 0 ) :l |_| ) i -
20 25 30 35 1.07 1.08 1.09 1.10 1.11

Brookhaven

National Laboratory
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)

LGAD signal sample [LDRD 21-023, JINST in press]

Current focus:

Deep dive into NN
regression for LGAD
tracker-TOF data

Brookhaven
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Blured boundary with offline computing
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https://indico.bnl.gov/event/13530/

