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Big data challenge in particle physics
an example:
Trigger and computing challenges@LHC: speed, volume, complexity
Potential machine learning solutions

SONIC paper
Proof of concept study with Brainwave:
Heterogenous computing for particle physics
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LHC running plan
e Peak luminosity =Integrated luminosity
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PILEUP’ CHALLENGE
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140-200

<PileUp> ~ 20-50
<PileUp> ~ 50-80

HL-LHC

Run 2
Run 3

Multiple pp collisions in the same beam crossing
To Increase data rate, squeeze beams as much as possible
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FASTER AND MORE COMPLEX DETECTORS 6

Phase 1 forward plxel detector

N T =

e

e //met;:‘ s
CMS pixel (‘ultra high
speed/resolution  Number of channels o
camera’) % e Building faster detectors with better
""""""""""""""""""" ‘Phase-’ @ 66M | ,resolution
"""""""""""""""""""" ¢ phase_l,’mgM/ Triggerd computing challenges@HL-LHC:
"""""""""""""""""""" ‘Phase-2 @ 2°2B machine learning solutions
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INCREASED DATA VOLUME AND COMPLEXITY !

10X more data
at the High-
luminosity LHC
Event
complexity

C—urrent:

~ 5 minutes per HL-LHC event
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CPU seconds by Type
1600
B Analysis
1400 { W HL-LHC MC
LHC MC
1200 { ™M Non-Prompt Data
Prompt Data
1000 +
& 800 - 2027 estimate CPU:
E ~ 3.5 Million cores
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Problem won'’t get solved by
itself: Moore’s Law
continues
...out Dennard Scaling fails




TRENDING: CO-PROCESSORS :

ASIC?
Specialized co-

A11 Bionic neural engine Processor hardware
—— for machine learning:

flexibility vs speed
(efficiency)

Delivering FPGA Partner Solutions on AWS
via AWS Marketplace FPGA

Customers

AWS Marketplace k/}fféﬁﬁz ‘“ QQ ‘:.‘.
>\ o @ Eﬁ -
> "_j-,b o W o
8 [
Amazon ‘ ‘
Machine L0400 Amazon FPGA Image
® ‘ A p
INTEL® FPGA ACCELERATION HUB mage (AMI = AF)

AFl is secured, encrypted,

dynamically loaded into the

FPGA -can't be copied or
Amazon EC2 FPGA downloaded

Deployment via Marketplace

The Intel® Xeon® Acceleration Stack for FPGAs is a robust framework
enabling data center applications to leverage an FPGA's potential to increase



SOLUTIONS TO PARTICLE PHYSICS PROBLEMS .

Option 1 Option 2

re-write physics algorithms for new re-cast physics problem as a
hardware machine learning problem

Language: OpenCL, OpenMP, TBB, Language: C++, Python
HLS, ...? (TensorFlow, PyTorch,...)

Hardware: FPGA, GPU Hardware: FPGA, GPU, ASIC

e.g. track reconstruction

Option 1: Parallelized and Vectorized Tracking Using Kalman Filters
: Tracking using CNN and Graph Networks: e.£. HEP.TrkX project.

Advantages:

e Algorithms expressed as matrix multiplications: intrinsically parallelizable

e Take advantage of co-processors optimized for ML fast inference
challenges of solving our reconstruction problems with NINs.


https://arxiv.org/pdf/1810.06111.pdf
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PROOF OF CONCEPT: SONIC 10

Services for Optimized Network Inference on Co-processors

FPGA-accelerated machine learning inference as a service for
particle physics computing

Javier Duarte - Philip Harris - Scott Hauck - Burt Holzman -
Shih-Chieh Hsu . Sergo Jindariani - Suffian Khan - Benjamin Kreis -
N/

Brian Lee - Mia Liu - Vladimir Loncar - Jennifer Ngadiuba - Kevin
Pedro - Brandon Perez - Maurizio Pierini - Dylan Rankin - Nhan

Illil- Tran - Matthew Trahms - Aristeidis Tsaris - Colin Versteeg - Ted W.
Way - Dustin Werran . Zhenbin Wu

Massachusetts https://arxiv.org/abs/1904.08986

Institute of
Technology

Question:
How do we help with physics event data
processing model with industry Catapult/Brainwave
developments in co-processors?

K/Iiroft
@ Focus on speeding up the inference.
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SONIC PAPER 11

-

L. 2

e Proof of concept: Top tagging/neutrino
)y image classification on Brainwave
N/
i ¢ Implementation as service in CMSSW in
s NNON-AIsSruptive way.

Technology

= Speed and data throughput performance

i
Microsoft
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BRAINWAVE 12

e Provides a full service at

scale

") Network switch (top of rack, cluster) (more than jUSt a Single

,. /\ -- : FPGA — switch link
o u CO-Processor)

£~ FPGA acceleration board

/\ ——— NIC—FPGA link . .

B s T | o Multi-FPGA/CPU fabric
accelerates both

Datacenter hw acceleration plane

TOR iTOR TL 7777777777777 77 °
y oeep e computing and network

compression

\V
gl L L L L S S S S S L L L L
X Ll [ L L L L S L L L L L L L L L LS

Web search — . Gen3 x8 o 9en3 2x8
i Bioinformatics =
S 7 : e Models supported:
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4 4 d 404 r‘ 4 ¢ % -/ - “ 2
: o ResNet152
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b/

Traditional sw (CPU) server plane

16

e Weight retuning
available



# Fermilab M.LIU

A PHYSICS CASE: JET TAGGING WITH RES-NET 501

Featurizer 1000 Cla,SSGS
FPGA (cats,dogs...)

25M parameters

4 G-ops/inference

ImageNet
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" PASSING JET IMAGES TO RE-TRAIN RES-NET 50 14

Top tageing benchmark dataset

e Images made from density map of the
pt of jet constituents in n* g space.

e Grey image, duplicated to RGB.

200 R 200
175 o 175
g T 102
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25 SRR 25
RN 10-1


https://docs.google.com/document/d/1Hcuc6LBxZNX16zjEGeq16DAzspkDC4nDTyjMp1bWHRo/edit
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RE-TRAIN RESNET-50 FOR TOP TAGGING 15
10° -
] —— Floating point: acc = 90.1%, AUC =9
Quant.: acc. = 84.1%, AUC = 97.5%,
—-— Quant,, f.t.: acc. = 98.2%, AUC = 93.¢
>10-14 - Brainwave: acc. = 92.6%, AUC = 98.
@)
C —
Q
O
O
= 1072+ :
> . |
O . .
O - e 8
O L » Better
8 10_3 E ’:":’ sx
10—4 ‘ . . . . .
0.0 0.2 0.4 0.6 0.8 1.0

Signal efficiency
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RE-TRAIN RESNET-50 FOR TOP TAGGING 16
Emulation 10°-
\ — FIoatlng pomt acc = 90.1%, AUC = 98.0%, 1/eg = 671
o . j ~Quant.: acc. = 84.1%, AUC = 97.5%, 1/eg = 415 )
Quantlzed model: - ‘—-— Quant., f.t.: acc. = 98.2%, AUC = 93.0%, 1/eg = 971
e Brainwave’s > 10-1] - Brainwave: acc. = 92.6%, AUC = 98.2%, 1/eg = 935
implementa,tion of -5 — - Brainwave, f.t.: acc. = 93.5%, AUC = 98.3%, 1/eg = 1?'()0 4
ResNeto0 on FPGA =
)
T 1072
e Can tune weights >
5
o State of art performance & _ . p Setter
. . : m 10
achieved with quantized )
ResNet 50 on BrainWayve
service _
10_4 - 1 - l 1 I
0.0 0.2 0.4 0.6 0.8

Signhal efficiency

1.(



#

Fermilab

CLASSIFY NEUTRINO IMAGES

|7
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Electron neutrino

0

T
80

uon neutrino

Tau

T
80

neutrino

Formdab

e Primary goal of NOVA: measurement of neutrino oscillations via vii—ve: Classifying neutrinos
with ResNet50 (transfer learning).

e Can be used in NOVA event processing as of today: see Thomas’s lightening round talk.
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** CMS COMPUTING MODEL s

Event Processing Job

Configuration | —>
ets
\ ‘ MODULE 1 ‘ ML INFER 1 ‘
‘ MODULE 6 ‘
Input Source "
; .
(data or simulation) ——— OUtpUt |

—> | Event Setup

External &, FPGA . o Deploy MS Brainwave as a service:
PIOEESSIS ] @@& OFY, ele. %, e Implemented with CMSSW
CMSSWY @‘/ \\@?‘ <4 HExternalWork module
module acquire(); produce(); e Fits CMS computing model in a non-

disruptive way
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Datacenter (CPU farm)

Experimental
Hi| Software

Network input

Predlctlon

‘ O '
' MICHIGAN ) NEW YORKMASSACHU
| Detroit WS Y § oL
- Chicago | New York

@ ©C-
PENNSYLVANIA

| OHIO
ILLINOIS :IN

"WEST -
GINIA

Indianapoli'

Speed of hghte 10 ms\ ’ /)

Nashwlle

TENNESSEE |
1 Charlotte

SINGLE INFERENCE SPEED TESTS 19

Heterogeneous
Cloud Resource

M.LIU

Inference time

o (T2 ms on FPGA +
classifying, I/0)

e Meets HLT latency
requirement

Test

e 60 ms (includes travel
latency)

°* (4/10/100) faster than
CPU-only computations

remote
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" LATENCY SCALING TEST %

Worker Node
JetImageProducer | ~~<_ .
= e
Worker Node Sol
JetImageProducer o= N

e B ~
-~--- \\
=y \\
----.\ #
>
’f

’I
-
’I
-

-’ 5000 images
Worker Node | .~~~
JetlmageProducer e Single FPGA service, multiple CPU requests

¢ Hach request sends 5000 images
N': simultaneous processes

Brainwave Service
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Mean time [ms]
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LATENCY SCALING TEST

100

1o
Simultaneous processes

T

Tests:N=1,10,50,100,500

» Moderate increases in mean, standard deviation, and long tail for latency
o Fairly stable up to N = 50
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1 10 50 100 500
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M.LIU
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800 -

iInferences per second
= N W ~ ol (@) ~
o o o o o o o
o o o o o o o

o

DATA THROUGHOUT COMPARED TO GPUS

M.LIU

R

1000
Brainwave cloud service GPU ® Azure ResNet-50 GPU
200 - A TF ResNet-50 GPU
V¥V TF ResNet-50 GPU (train)
0y
~ ____________Z____A____E___ﬁ___ﬁ'
$ 600 - A
c
. ﬁé@ NVidia GTX 1080, TensorFlow v1.10
T _
U
Single FPGA/ =
Pat:allel CPU jObS 200 - v 4 \ 4 4 \ 4 \ 4
5000 inferences/image- w o ° ° ® ® ®
10° 10 10 " 10°
# simultaneous processes 0 | 2'0 3'0 4'0 5'0 6'0 7'0
Batch size

Comparable max data throughout: 600-700 images/

80
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Summary and outlooks

e Proof of concept study with Brainwave:

e Integrate heterogeneous computing in our software framework

e We are doing studies to benchmark other options (speed and scaling):
e Intel Open Vino, AWS, Google TPU...
e Other (top) user’s considerations for a dream Heterogeneous Computing Platform:
¢ Flexibility: Model support
e ¢.8. Support for Graph Neural Networks

e Support for ML framework

e As a service: Cloud and Edge. Cost model.

e Only works if we can solve our problems with ML! See showcases in the Lightning round

talks.
24



MOORE’S LAW AND DENNARD SCALING

7 | .
10 . Transistors
(thousands)
6
10
5
10 |
. Single-thread
4 . Performance
10 ~ (SpecINT)
3 . Frequency
10 : (MHz)
2 Typical Power
10 - (Watts)
/| Number of
10 " Cores
0
10

1975 1980 1985 1990 1995 2000 2005 2010 2615

Original data collected and plotted by M. Horowitz, F. Labonte, O. Shacham, K. Olukotun, L. Hammond and C. Batten
Dotted line extrapolations by C. Moore

Single threaded performance not improving
~20085: “The Era of Multicore”

QS

Moore’s Law
continues
...but Dennard
Scaling fails




COMPUTING PLATFORM PROS & CONS:

More
Flexible

Homogeneous

Specialized

More
Efficient

Q0

Conventional
programming

Alternative
programming

Can't change
functionality

C/C++

Verilog CUDA

Verilog

Software/Electrical

Today's standard, most programmable,
CPUs . . .
good for services changing rapidly
Manycore Many simple cores (10s to 100s per chip), useful if
CPUs software can be fine-grain parallel, difficult to maintain.
GPUs Good for data parallelism by merged threads (SIMD),
High memory bandwidth, power hungry
Most radical fully programmable option. Good for
FPGAs streaming/irregular parallelism. Power efficient but
currently need to program in H/W languages.
Structured Lower-NRE ASICs with lower performance/efficiency.
ASICS Includes domain-specific (programmable) accelerators.
Custom Highest efficiency. Highest NRE costs. Requires high
ASICs volume. Good for functions in very widespread use that
are stable for many years.
Electricity bill

engineer hours
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SONIC: IMPLEMENTATION IN CMSSW 27
Extornal Reea
processing S/ GPU ete. |
7/ A
rodule | Lacaure()]  produce)

Deploy MS Brainwave as a service:
e Implemented with CMSSW ExternalWork module
* Fits CMS computing model in a non-disruptive way
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SONIC: IMPLEMENTATION IN CMSSW 28
Neutrino Computing Challenges

Arode deck

AT Intensity frontier: DUNE

DAQ crates Field cage suspension
chimreys

* Largest liquid argon detector
ever designed

* ~IM channels, 1 ms integration
time w/ MHz sampling
— 30+ petabytes/year

Sanford Underground
Research Facility

Fermilab

o ———————— ~

» CPU needs for particle physics will increase by
more than an order of magnitude 1n the next decade

M.LIU



3 Fermilab RyuN-28°3 DATA ENABLES FIRST OBSERVATIONS

] 6.0E+34
Example: First

observation of ttH 5 0E+34
using particle Run 2

data_ — 4.0E+34

?é
=, 3.0E+34

ttH production %
g t g 2.0E+34
_____ H 1.0E+34
g f 0.0E+00

e Peak luminosity

—|ntegrated luminosity

HL-LHC 3500
"Run5  Runé6

"Runt ~ Run2 "Run3
Trigger- Trigger Trigger
Rate: -Rate: -Rate:
~500Hz = ~1 kHz ~1 kKHz

10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31

*

Year

Run4

M.LIU

9

|
|
o
|
'

Trigger-
Rate:
~7.5 KHz

3000
o

2500

N
o
-
o

1500

- 1000
Trigger-
Rate: | 500

' ~7.5 kKHz

| . [ o
32 33 34 35 36 37 38

Integrated luminosity [fb!]



