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Experiments deploying streaming readout DAQs

Examples in focus of this talRHIC (PHENIX, sPHENIX), CEBAF (BDX, CLAS12), EIC (E

1+ This talk is an hkaomplete review of the field,
see also experiments including at LHC (LHCb, ALICE, AMBER), at FAIR (CBM)
1 Streaming Readout Workshop seridsij]

ks In this session: Marco Battaglieri, Diana McSpadden
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https://indico.jlab.org/event/519/

Nuclear collider experiments:
unique real-time system challenges leads to streaming DAQ

R RHIC L

Collision species Q NnQ 0 n nfo,0 0O n nfo,0 O
Top xN C.M. energy 140 GeV 510 GeV 13 TeV

Bunch spacing 10 ns 100 ns 25 ns

Peak XN luminosity 1034 cm? st 10%2cm? st 1034y w~Pom?st
X-N cross section 50> 0 40 mb 80 mb

Top collision rate 500 kHz 10 MHz 1-6 GHz

dN,/d" in p+plke+p 0.1-Few

y {ATYyLFEt RF O Npoishle to atreaynthdrré&chidirip Sl chtysion signal
y . dzii S@Syda ' NB LINS OA 2 didard koyiiBgerfoh & frocésd O S NA S
. FO13aANRdzy R ' yR &aeéail Swildidghadiggerdifsi N2t A a ONX.
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Physics only accessible with a streaming DAQ;
e.g. low p; HF in hadronic decay - window to gluon dynamics

. Universality test on gluon Sievers eff.
SPHENIX@rans. spin asymmetry,#fy Df dz2y { AR@SHEESIHFXD NHIWASSNBRS &LAY | ady

SPHENIX, BUP 2022, sHR{52022-001 (BNL EIC TF) L. Zheng, 10.1103/PhysRevD.98.03401.:
& :""|""|""|""|""|""|"_'(')|""|""|"":
0.03F" sPHENIX Projection, p'+p—D%D +X, P=0.57 2 e
- ——o— 6.2pb'str. p+p, Years 1-3 . °P
0.02- _¢— 86pb’str. p+p, Years 1-5 N © g only
- Kang, PRD78, }, = A, =0 .
0.0 wsnsmsssnn Kang, PRD78, A, = -A, = 70 MeV =
O%—%—Q——O—%—‘é%_‘_’;:_‘_ -
S0.01 e ‘ﬂ"\wf@ — 10% pos
T e _ » parton level
N 7 petll 15
0.021 - E 3
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Streaming readout electronics: SPHENIX as example

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

SPHENIX streaming DAQ for tracker

Global Timing
Module
(NSLS [I/sPHENIX)

Exp. Hall Timing [«
FEE |+
FEE

FEE
FEE

A 4 4

48x 10Gbps bidirectional !
optical links per FELIIB(

=

MVTX RU, 200h INTT ROC, 406k TPC FEE, 166k BNL712/ FELIX v2 x38 (ATLAS/sPHENIX/CBM)
ALPIDE (ALICE/sPHENIX), FPHX (PHENEXMPAVS (ALICE/SPHENIXELIX Ref:10.1109/tim. 2019.2947972
Similar role as PICe40 in LHCb / ALICE
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https://doi.org/10.1109/tim.2019.2947972

Streaming readout data flow: EIC as example

} EIC streaming DAQ ASIC, FPGA FPGAXPU

rbiniggerless readout frorgnd Digitizer BW: 10¢ 6 LJA M w3 ¢ REJEzi . ibRs 1
(buffer length >9) )

rwAQ int_:erface tO CommOdity perector ;Efgnt End Board) g’:nt End Processor) : %:% Acquisition) E EEEZ?WMOH & Contrel
computing : |
(FELIX as the candidate in all EIC [ BW. OG0 bps)
pr0p08a|$ I l Global tim_ir{g, busy&.sync
Background filter if excessive backgrot L~100m : Seam collsion clock input
rate : i [Goal: 01 Tops) >

rHDisk/tape storage of streaming
time-framed zeresuppressed raw data .
(buffer length : %

HONline monitoring and calibration e

Power Supply System
(HV, LV, Bias)

(latency : minute}y

'bFinal Collision event tagging in offline
production

(latency : daysy

LVDS ~ 5m
Analog ~ 20m

Cooling Systems

[EIGCDR]
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Al in streaming readout DAQ

} Main challenge: data reduction Stages of streaming DAQ
BTraditional DAQ: triggering was the main

method of data reduction, assisted by high level | Frontend Backend Computing
triggering/reconstruction, compression Exp. Hall |, g

BStreaming DAQ need to reduce data |
computationally zeresuppression, feature == I
building, lossy compression ==

1 Opportunities forRealtime Al =1

BEmphasize oreliable data reductiopapplicable el

at each stages of streaming DAXnt-end O‘l"‘)b*féi?ciif’.i”ni'si DAO room e

electronics Readout Backend, Online computing

B Data quality monitoring, fast
calibration/reconstruction/ feedback

1 Also applicable to triggered DAQ.

 Not focus of this talk, nonetheless important for
streaming experiments
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Streaming DAQ stage 1: Front-end electronics

1 Perform digitization (ADC, TDC, pixel readout)

BCommon data reduction strategy to
Immediately apply zersuppression

Stages of streaming DAQ

Frontend Backend onine

} Al opportunities: Exp. Hall | [ Computing
BImproved zeresuppression, e.g. small signal recoveryjps== *lﬁ
BFeature building (example in next slides) =
BCompression (example in later slides) =t

} Target hardware: ASIC, (smaller) FPGAs s—
BCommon requirement of " baQroom M

low-power consumption, radiation tolerant
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ADC time series - feature of amplitude and time

C o : 3 .11 1 sPHENIX calorimeter
1 Wave form digitizer is S oo \ | Test beam data:
popular, output data in ADC 3"’00_ \ 1 [10.1109TNS.2020.3034643
time series \
1 In the frontend, NN can be f \
used to extra features such as =« /[ B\, _
amplitude and time of arrival S ! i

v Fit limited resource in FEE
FPGA or ASIC:
Emphasizes oguantized
aware training training and

pruning

Sample number

[arXiv:2204.13223]

Fully Connected
Network or MLP

[

P /PPN
/ ,//’ )‘:v. AN |
o A N f.i. W
XK 2\
L e e s
A7,

Brookhaven

000e00000000000000
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https://doi.org/10.1109/TNS.2020.3034643

Pruning + Variable Bit Quantization-aware Training
[S. Miryaleet al2022JINSTL7 C01039

before pruning after pruning

v Simulated LGAD waveform data

} Highly pruned (sparsity=0.75) CNN with 8bit internal
precision strikegjood performance (smaller error)
and small model si

pruning ___,
synapses

A\/A(

oii’o

pruning .
neurons

it Precision in Hidden Layers (firstTwo|lastTwo)
4 6|4 4|6 8|8 6|6 8| 6|6

inn |h

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 . Medium (M) CNN, Ps=0.5

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)

88 88 88 6|6 6|6

0.042

0.040-

0.038-

2 0.036-
< 0.036

0.034 -

Smaller error

0.030
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Novel hardware: in-memory computing

[S. Miryala CPAD21link] MAC in a neuron

1 Traditional Atarget hardware in FEE ’“wm )
iIncluding digital processing in ASIC ’”E@—d‘)—n
and FPGAs X~
} New opportunity emerges to perform " 'T "i‘
in-memory computing that is low Ea E3 oAC |
latency and energy efficient [mWen [mWsz LA roc T
1 Example i¢lemristor-basedcrossbhar ~ [=% == LGN oc TRSS
arraysthat perform Multiply &
Accumulate (MAC) in one cycle e Jm e =)o

Memristor crossbar array, a Neé¥on Neumann architecture
for in-memory computing of neural networks
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https://indico.fnal.gov/event/46746/timetable/?view=standard#186-towards-edge-computing-co

Streaming DAQ stage 2: Readout back-end

1 Perform data aggregation and flow control

BCommon strategy include optical data receiver
In large FPGA, routing data to server memory

Stages of streaming DAQ

o
} Al opportunities: FrEOX”Pi:? Sackend Computing
BHigher level feature building FZE +:>‘ —
BSelection of interesting time slices, —AR
background/noise rejection FEE]|:
BTwo example projects in next slides — |
} Target hardware: largecale FPGAS " eame 1 DAQ room ek
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FPGA based data filter for sPHENIX and EIC

[Y. Corrales Morales, RHIC AUMIRK]
DOE Funded project aireaming readout data reconstruction on FGlnitiated by LANL, MIT, FNAL and NJIT

FELIX (ATLAS/sPHENIX)

o,

[ v sipixets)
INTT (Si Strips)

Online
buffer

Trigger signal
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https://indico.bnl.gov/event/15479/#138-machine-learning-based-fas

FPGA based data filter for sPHENIX and EIC

[Y. Corrales Morales, RHIC AUMIRK]
Producereakttime selection of HF everlts KA (0 A y LJdzi [ OfradzacopNR VAL @S

Silicon Strips:
78um x 16mm (A)/20mm (B) INTT

A N7 7

R YN

R=9.8cm I 1
I 1
- i , I
7.4cm gk I :\i*' I
- - - _ I !
4.1cm 1 :
I ]
Silicon pixels: ’ R=2.5cm - = I |
27um x 29um e = = i I |
- . 12 1
Raw Pixels Pixel Clustering 1 Edge Candidates Selection :
: I
e PPl J

|

. ; N
\ .l'rl / : \'\
FELIX (ATLAS/sPHENIX) \
\_\ oo 1 \\
> = 9 - e — . b o |
H il L.D‘ S : E | X
25
| = £ ] —
a I Trigger
_ I 5 Event?
. ~ 3
- I o
- I
Segment Classification (Hit Graph) I Track Construction Affinity Matrix Prediction (Track Graph) Trigger Detection
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https://indico.bnl.gov/event/15479/#138-machine-learning-based-fas

Another example: GEM TRD tracking/PID

[S. Furletov, IEEE RTR2K]

GEM TRD tracks GNN Pattermeco, track fit and Pllon FPGA test bench

()] 4000 MO1_AXI + j microblaze_0_axi_intc microblaze_0
e 180 .Y. MO2_AXI + )
= E—E MO03 AXI o fre—— = S_aXi
= 3500 Xn MO4:AX\ I - -'s-_axi_ac\k _H I gg‘:SSUPT —
-B mgz‘:;: I isr;tar;c;:;r]esetn interrupt 4 II Clk MICFOBlaze -
160 - - processor_clk A‘ et
3000 processers MicroBlaze
\ AXI Interrupt Controller }
140
2500
gnn2df 0
erconnect
1 20 =+ s_axi_control = HLB
2000 'e_0_xlconcat {:z::!t(_n d e =
100 dout[1:0] Gnn2df (Pre-Production) GN N pattern recognltlon
1 500 trd_fit 0
oncat .
Cl4 s axi AXILIteS s
80 1000 ap_dk |:‘ ] interrupt =
—‘f | | DNN/LSTM track fit
Trd fit (Pre-Production)
60 500 :
trd_ann3_0
40 0 "+ s_axi_AXILiteS |: ] .
ap_dk interrupt
g 4
-50 0 50 100 150 200 % e _ DNN PID module

X strips

Trd_ann3 (Pre-Production)
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https://indico.cern.ch/event/1109460/contributions/4893023/

Streaming DAQ stage 3: Online computing

1 Online computing is an integral part of

streaming DAQ
BBlending the boundary of online/offline
computing
1 Al opportunities:
BLossy compression
BNoise and background filtering
BHigher level reconstruction

} Target hardware:
BTraditional computing: CPU, GPU
BNovel Al Accelerators (next slides)
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Frontend
Exp. Hall

FEE

FEE

FEE

FEE

O(10) bidirectional |

A 4 4 4

Stages of streaming DAQ

Backend

Timing

** 10/100 Gbps

optical links | DAQ room Network
|
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Lossy compression of data, noise filtering

1 Auto-encoder (AEls a natural choice for unsupervised learning for lossy da
compression: streaming data reduction

Input Output
LRI 7
v A7

/
\\ /] N Code N /
v \\ 4=k // B
Simple auteencode neural network POl = G I =
/N = /N /N — / \\
N ~ N =7\
I N\~ SOV
/
A Se N
/1,7 ~
AN J AN J
Y Y

Encoder Decoder
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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 watlpervised learning to filter out noise
further data reduction, speed up reconstruction

1 See also in CM3GCaASIC, CLAS12 tracker offlreeo.
CLAS12 Drift Chamber offline AEmbese [ink]

CMSHGCatompression ASICLQ.1109/TNS.2021.308710D

Encode with Decodsoi
\ on-detector ASIC i cavead
| FPGA

é é

48-pixel input Transmit 16 x 3b outputs

\ 336 bits 48 bits

Decoded 48-

pixel image)
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See also: talk bpiana McSpadden
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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 XY-Time time frame at 50Tbps prior to zesappression
10% central Au + Au collision with 170kHz pile up

Data frame for 1/12 azimuth sector shown here R

10° £
s 10t
(] -
10° |
\ 10°
Brookhaven 0 2
National Laboratory Jin Huang <jihuang@bnl.gov> log
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Bicephalous Convolutional Auto-Encoder (BCAE) and
input transform  (axiv:2111.05423]

1 Input transform: fill in the zerguppression gap and make ADC distribution much
less steep

} Bicephalous decoder: +classification decamenote the zeresuppressed ADC
voxels and +noise voxels in TPC

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- I | ’%\
: =10* 5
iey S | |f— | |8
;E 0.02H 5 gap 704 M []:H}w-'] S R E Reg. loss L,
’_C:} 10 dx E E‘E'i X
~ 3 - =

0 2 4 6 8 10 S
0.01 L log ADC value 0.2 / °
otlh 0 :
250 500 750 1,000 o 1 2 3 4 5 6 7

ADC value T (+ADC value)
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https://indico.cern.ch/event/1109460/contributions/4893305/



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




