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DUNE Far-End Detector e o

+» Precisely measure neutrino L i
roperties using a beam from —_ |
ermilab w . LAASIC ColdADC ColDATA  1iii2

% Detect neutrinos from ’

galactic-core supernovae RS Hi‘r

% Search for nucleon decay ) % | s +-GD

b | th.H

o
Membrane Cryostat

One 10 kTon detector has
3000 128-channel Front End Mother
Boards
24000 FE ASICs, 24000 ADC ASICs,
0 Located almost 1 6000 COLDATAASICs
mile underground 12000 1.28 Gbps links (9.2 Tbps of
to reduce waveform data)

backgrounds from
cosmic rays

S. Miryala et al, “CDP1: A Data Concentrator Prototype for the DUNE” , IEEE TNS 20



CERN ATLAS Experiment

Calibration Board

Phase-ll Upgrade

AI—FE2 CH I P Front-End Board (FEB2)
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LAr electromagnetic : /
end-cap (EMEC) :
LAr electromagnetic Y, ~
barrel (EMB ), -
( ) LAr forward (FCal) \L—

What are the basic building blocks of matter?
What are the fundamental forces of nature? ;

[

Whatis dark matter made of? s 1 FEB2 mother board streams out ~225

Fut . Gbps of data

uture proton . .
colliders will exceed < Atotal of 1524 FEB2 boards for entire
these data rates (FCal) system, ~345 Tbps
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Towards Edge Computing

> Edge computing

< Traditionally, data processing is mostly done outside of front-end
ASICs using commercial FPGA/GPU/DSP/Neural_Chips
Introduce smartness by bringing processing inside with artificial
neural networks could be the future for front-end ASICs
Include more logic on the Front-End Electronics (FEE)
Improve quality of signals, not jUSt reduce the volume

Front-end

Y/
%®

R/
0% %

Back-end

Detector

% Immediate applications

< Waveform: Denoising, digital interpolating filters for processing of
sampled waveform, e.g. improve energy resolution through digital
peak finding in readout circuits

«» Spatial Distribution: Enhancing of 2D or 3D spatial resolution and
data reduction filtering, e.g. solving charge or light sharing
problems in pixel detectors or PET scanners

< Data Concentrator: Event reconstruction
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Conventional Readout System

- Peak
Amplifier Shaper Detector
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+» analog front end: charge sensitive preamplifier, shaping filter, peak detector, front end of
ADC and/or TDC

% digital processing chain: ADC and/or TDC, digital signal processing (zero-suppression,
encoding, transmission)

« analog circuitry requires precise design and digital assistance needed for trimming its
parameters only one sample (at peal?) is processed to estimate energy deposited In sensor

« OnDemand A-to-D conversion, whereas high resolution ADC perform better if ran
continuously

« no possibility of increasing accuracy using averaging
% Industrial trend: to reduce analog strictly to front-end up to antialiasing filter of ADC
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Streaming ADC Based Readout

SAN A for * real sensor current

" 0.04} ® sensor current
3
E
S

LI B . ;

shaping DSP o 0.02}
| filter E
v(t) . !
. { E anti ADC t
alias - —
gnd ! fillter < Anc DSP %0 2 %10-4.x10-06. x10-8. x10- 1. x10® 1.2x 1001 4 100
clock < clock. Time (s)

% continuous A-to-D conversion (waveform sampling) * ideal and convolved

% Digital Signal Processor (DSP) can perform fitting or response
interpolation leading to” —
« peak finding s e il
« time of arrival estimation 8. N etresponse
., g 0.6
% Assuming ideal forms of pulses fitting can be very £2
precise ££%
«» analytical fitting difficult on chip => FIR or Neural g oz
Network 00

0 1.x10™° 2.x10™ 3.x10™® 4.x10™® 5.x107° 6.x107° 7.x107°
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Nonidealities In signal response

3 Fitting may help, if
analytical form is
known

(time)

0 t; 1 th<ty

Where is the actual peak, or threshold crossing?

|ldeal CR-RC2 shaping
impulse response

% Can Neural Network — «oafresfermmmmmmmeme e S
“learn each channel

sighal shape™ and do 0 | (tme)

deconvolution in /" \_  Real circuit CR-RC2

general case? .\ ~ shaping impulse
..QT...............-..-.nes.ponse ......
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Machine Learning Algorithms

+ Investigated two types of neural network for peak
amplitude prediction
% Multi Layer Perceptron (MLP)
% Convolutional Neural Network (CNN)

Hidden layer[64]
NN T T T

Convolutional
Neural Network

Input layer[18]

BT Kernel

Fully connected -
network or MLP
0 How many layers? Impacts
0 How many neurons on each layer? Hardware (Power,
A Brookhaven [ Compresgion of neural r}etworks? Performance,
Q’ national Laboratory | 1 QuanNtization of data variables? Area) o




Ground Truth Data

o 125
Sensor » FEE(Amplifier + O » Neural
Response Shaper + ADC) vee® %, Network »
(] 30
Modelled in Sampled ®
Mathematica framework Waveform ‘ S
(CJ’ Objective Estimate the peak amplitude
@ Data sets Sensor response (Practical)
3400 points on each waveform
~ ]
= 10000 waveforms
= Sampled Waveform Set Data set split into 80% train, 10% validation,

10% test
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Inferencing Accuracy (MAE)

16-32-16 1521 0.0836098

32-64-32 5089 0.0611916

64-128-64 18369 0.0528343

128-256-128 69505 0.0516194

256-512-256 270081 0.0583198
% Varied number of neurons 5
on hidden layers 5 007
% Analysis is performed for 2 om0
Sensor response £ o0es
% Acceptable inferencing g o0
accuracy

10¢ 10°
num. of parameters
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Quantization and Pruning

before pruning after pruning

% Quantization of weights as
4-bit, 6-bit and 8-bit fixed
point instead of 32-bit floating
bit numbers

«» Pruning reduces the network

% Pruning with Quantitation
Aware Training (PQAT) for
efficient inferencing accuracy

pruning _ _ _
synapses

pruning
neurons

-———

recson m HlddenLy rs(ﬁrst'I‘w |1 stTw 0)
44 46 64 48 6|6 B|4 68 84 6|6 48 86 6/8 88

R I U

0.051

0.041

0{03:~ 0.594 0.73 0.738 0.866 0.874 0.882 1.01 1.018 1.154 2414 2918 3.08 3.422 3.584 3.746 4.088 425 4.754

Model Size (KiloBytes)

Evaluation of Quantization Aware Training
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ASIC Design Methodology

Conventional Digital Design Flow

L 4
Register Transfer
Level (RTL
‘ —=

L
Placement, CTS,

Routing, Signoff

L‘,\ Brookhaven

National Laboratory

VHDL

Verilog

Physical Design

(Cadence Innovus)

«» Design of Neural Network

¢
%*

First, building and optimizing Neural
Network model

- tools available: Tensor Flow,
PyTorch or Caffe2 frameworks
Second, training of NN model to
estimate kernel weights, in GPUs
New tools and methodologies to
bridge the conventional flow with
python-based frameworks
Quickly adapt to the changes in
neural network

Verification automation at various
stages

13



High Level Synthesis (HLS) tools for
a neural processor design

N

s e JC- L QR 4D

V' 4 N

Open-source Intermediate Commercial RTL
framework in format, Python HLS tool from Generation
the community to C++ Siemens

C/C++ to HDL ‘

< HLS4ML framework

«» Generates C++ code for the neural network Digital

% Reads in weights and bias from Qkeras Design

% Supports only MLP and CNN Flow
< Catapult

% Maps C++ code to RTL (Verilog / VHDL)
% Also offers verification framework
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Preliminary RTL Results and
Verification

Develop ML 0844

Algorithms — QKeras 0.843

0.842

0.841

- HLS4ML
- 0.839
0.838
C++to HDL Catapult ..,
QKERAS HLS4ML CATAPULT
y—
< MAE Verification is performed at
various level
* % Good match (< 1%)
L".‘ Brookhaven
National Laboratory 15



Al ASICs for Radiation Environment

- _
| / \
Transient :
(SETs) Static (SEUSs)

Total lonizing Dose
(TID)

» TID tolerant digital design 0 ™
« Performance degradation of devices over times «
» Neural processor must be rad-hard =
* New process corners are introduced 87"
» SEE tolerant digital design * - I II 1

TID Effects on an Inverter (Typical Corner)

* Triple Modular Redundancy (TMR) on registers
* Protect all the configuration registers

m 100 Mrad =200 Mrad 500 Mrad

L? Brookhaven

National Laboratory 16

S. Miryala et al, “Single Event Upset (SEU) Cross-Section Measurements of Sequential Elements with TMR in a 65nm process,” IEEE NSS, 2020



Al ASICs for Cryogenic Detectors

-2
1 0 ' L] I I I 1 I L] I 1 I 1 l
T increases from 43K to 93, 162, 241, and 300K NFET

Commercial process design Kits for
,10\285Ig)CdeS|gn support from -40°C to

1074

10°° |-

WxL=10x1pmxum

Drain-Source Current (A)

Cryogenic temp range from -185°C Y L d
to -269°C are of interest for scientific .

applications 10710 - -
CMOS device reliability is an issue el VL L
due to Hot Carrier Injection (HCI) L. -
Custom SP I CE model T. Chen et al., “CMOS reliability issues for emerging cryogenic

Lunar electronics applications,” Solid State Electron., vol. 50, pp.

developments supporting cryogenic s ses, un. 2006
range

CUStOm Standard cell libraries and o 5::%::::5":“::::::: oot W) gt
timing libraries gl ecsoe SN ) 2
Neural processors for cryogenic o .
detectors must adapt Ewf anc” " e
J. Hoff et.al., “Cryogenic Lifetime Studies of 130 nmand ~ 1°'F Vol 3
65 nm nMOS Transistors for High-Energy Physics 10°f y
Experiments”, TNS, 2015~ F
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Novel Devices - Memristors

_M_ al— Capacitor
= von Kleist 1745

Resistor Capacitor
Fundamental
circuit V=R-i q:C'V
elements J' 4)@

SYYY - A

Resistor
Inductor P Georg Ohm 1827
p=L-i
:

Missing fourth element ?

Inductor
National Laboratary Michael Faraday 1831
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Novel Devices - Memristors

()

W\~

Resistor

v=~R-iI

Sl

*

Capacitor

g=0-v

f

®

J

SYYY -
Inductor

¢p=1L-i

)

Memristor

p=M-q

@

IEEE TRANSACTIONS ON CIRCUIT THEORY, VOL. CT-18, NO. 5, SEPTEMBER 1971

Memristor—The Missing Circuit Element

I @ Brookhaven
National Laboratory

507

LEON O. CHUA, SENIOR MEMBER, IEEE
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Advantages

Metal 6 v —
1 emristor
< CMOS compatible Metal 5
XS MemOry benefits Metal 4 Memristor
*Dense Memristor
- Metal 3
 Nonvolatile Via 2
* Fast Metal 2 [—
* Low power Metal 1 Via 1
* High endurance
Rad-Hard

9 \/
%Y %

Beyond Moore: Integrating
memristors with standard logic

Memristor

Layer

- ~ CMOS
k' NBal;ngnglif_Dbgr\ggg Layer

20



-V Characteristics and device modelin

": time = (0 s-> 200 ns) 1

::::sienr Ana]ysis‘ “tran: :ime = (0s-> 200 ns) 16_ 0 . LRS
- 1.1 3 : - 16.0 .
| g 100
L 0.5 : -
D 1 20 20 -
@O SIS -
TiO @®® TiO = E 6.0 5 6.0 -
1U2-¢ 1 — = -0. - i =
’ %@@ : 0.3 - s i
@D : .
o | 0.7 140 140 -
Rox(W/D) Rorr(1-W/D) -1.1 1 .22.0 :
-22.0 -

0.0 8.0 16.0 24.0 38.0 R i e ) e kB e i b e L R R |
time (ns) -1.0 -0.6 -0.2 0.2 0.6 1.0
* V) |>
Response to a sinusoidal excitation Vread

Vreset Vset

¢ Resistor with varying resistance, Low Resistive State (LRS), High Resistive
State (HRS)
«» Neuromorphic Computing, Memristor as a Synapse, Memristor as a
Neuron
«» Device models are essential for circuit simulations
« ldentify commercial fab houses that can fabricate at wafer level
L? Brookhaven

National Laboratory 21




Cross Bar Arrays and Simulations

X1 — V1
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Von-Neumann Architecture: Issues

=1 . §o
) 2 £ 8
Memory Memory with —> s g e 2
Embedded Q> | S =9
10 Computation L5, S £
Memory IO limitation Huge amount of > s s
iy data transfer I — S <<
3 — Registers to/from t 'g ¢
£ T - - memory = . Much less
= > Registers data
Compute — 2. e transfer
3 No explicit data read
Conventional Architecture In-memory Architecture

Von-Neumann

.... Bottleneck
I Memory Arra

Processor

[A. Biswas et al, JSSC’19]
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In-Memory Computing

Xy Wo
synapse

% Multiply And Accumulate (MAC)
implementation could be carried out
either in Digital or Analog

« Improves the energy efficiency of the
system by reducing the data transfer

between the processor and memory

» unit.
oLl locliMATey R0 L | % Improve the memory bandwidth
E seselfdiconaseosruaonen 1 _b,tf,ne,we,gms ................ Bl because Of multiple memory access for
' 7 \ [
B oct g veraging |-~ [0 Youra) parallel processing.
§ S 256x64 CSRAM Array :
! . 3
:{ Local SRAM Array #15 9 ; 1 .
i 5 i : Ny
=== R e N Yo 3 Digital Domain | Yourk NZW"" IN;

A ;
Z Eigla . 5 - GRBLs;AC I @ADC @DAC
‘ 1 Y

o X'z Analog Domain | Vyavk = NZ Wi X Vo,

Y. ]
Convolution Inputs A L

) Y
N- Number of columns @mav
(r\ Brookhaven W- filter weights
National Laboratory Va_ analog Voltage
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