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COMPUTING HARDWARE

First stage of
LHC trigger

ASICs

Image: Microso ft



https://microsoft.github.io/ai-at-edge/docs/hw_acceleration/

HL-LHC EVENT PROCESSING

Compute Focus of this talk
Latency

<

1s

7.5 kHz
1 MB/evt

Offline

Challenges: -

Each collision produces O(103) particles FPGAs
The detectors have O(108) sensors

Exabyte-scale
Extreme data rates of O(100 TB/s) datasets




SIMPLIFIED HL-LHC L1 TRIGGER MENU

1u 22
» Single/double/triple muons/electrons 20 e
» Photons 31 5 3 3
» Hadronic 2 e 25,12
» Missing transverse energy Ty 36
» “Cross” triggers (not shown) 2¥ 22,12
4-jet event , 2T 90, 90
G e 1 jet 180
L PN W 0 2 jet 112 112
""" *# Thresholds set by
Hy 450

backgrounds,

limited resolution @ 4 jet + Hr 75, 55,40, 40, 400

CMS-TDR-021 L1, and rate budget ppmiss 200



https://cds.cern.ch/record/2714892

WHAT COULD WE BE MISSING?

» How can we trigger on more complex low-energy
hadronic signatures? Long-lived/displaced particles?

» What if we don’t know exactly what to look for?

» What if our signatures require complex multivariate W
o . P/ \
algorithms (e.g. b tagging)? - /

. - \1\“\..‘
» How can we improve on our traditional (often slow) Image by Mat Strasser
reconstruction algorithms?
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ML IN THE TRIGGER

Nat. Mach. Intell. 4, 154 (2022)

» (Variational) autoencoders for anomaly detection
» 1D convolutional neural networks for b-tagging

» Graph neural networks for tracking

(6 features/particle) l l l l l l l l l

(20 features/particle) “““““

(5 features/particle) """""
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https://cds.cern.ch/record/2814728
https://doi.org/10.1038/s42256-022-00441-3
http://doi.org/10.3389/fdata.2022.828666

WHAT MAKES THIS HARD? 9

» Reconstruct all events and reject 98% of them in ~10 us

» Algorithms have to be <1 ps and process new events every (25 ns) X Nimux

» Latency necessitates all FPGA design
» Algorithms have to fit on <1 FPGA

» How can we satisfty these constraints?

Latency ~ 10 us

Event 1 ——» L1 TRIGGER ALGORITHMS
Event 2 —» L1 TRIGGER ALGORITHMS FAIL
Event 3 —» L1 TRIGGER ALGORITHMS FAIL

Initiation interval = 25 ns
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https://arxiv.org/abs/1804.06913
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BENCHMARK: JET TAGGING MLP

12

Small NN benchmark correctly identifies particle “jets” 70-80% of the time

his4dml
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Used in
DP-2022-020

1804.06913 13
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for NN vertex finder
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https://arxiv.org/abs/1804.06913
https://cds.cern.ch/record/2814727?ln=en

KNOWLEDGE DISTILLATION arXiv:2006.05525 14

» Can we compress the architecture as well?

» Knowledge distillation: training a small student network to emulate a larger
teacher model or ensemble of networks

Temperature T smoothes

teacher’s distribution
(easier to learn from)
Teach - z z
eacner Distillati t S
| o Do (%) oo (%)
) T T
J=1

C
Classification — E Y lOg O ; (Zs)
j=1

Student

| 0SS


https://arxiv.org/abs/2006.05525

QUANTIZATION TYPES arXiv:2004.09602

15

» Quantization: using reduced precision for parameters and operations

» Baseline: 32-bit floating-point R

precision Sign 8 bit Exponent 23 bit Fraction

ap_fixed<widih,integer>

0101.1011101010
F— —————

integer fractional

-— -
width

» Fixed-point precision

f=-3 0 1 a=4

» Affine integer quantization

-128 Z 17 127


https://arxiv.org/abs/2004.09602

POST-TRAINING QUANTIZATION

16

AUC / Expected AUC
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Scan fractional bits
his4dml

g
1
P
I
1
i
g —— Full |
H ——- Pruned
I
Full performance

with 8|/fractional bits —®— gtagger |

—u— Q tagger
—&— w tagger |

—a— 7 tagger
—a— t tagger
|

<8,6> <13,6> <18,6> <23,6> <28,6> <33,6> <38,6>
Fixed-point precision

» General strategy: avoid overflows in integer bit

» Then scan the fractional bit width until reaching

optimal performance

ap_fixed<width,integer>

0101.1011101010
F— —————

integer fractional

_—
width



QUANTIZATION-AWARE TRAINING: HOW DOES IT WORK?

» Fake quantization: using 32-bit floating-point under the hood

» Straight-through estimator: during backpropagation, ignore quantization
operation (treat as identity) Activaton Layer Actvaton Laye

fp32
ap

Wfp32 _ (Swa Wz’4)fp32 q P32 — I/ 32 fp32 az’4 _ [nt( 5 )

Weights FP32 FP32 -> INT4
Multiply Accumulate Requantization

INT4 L
0O—0

T [

i Activation ,o‘; Straight
Activations , Function ' -~ETTougt;h
fp32 14\ fp32 ’ stimator
2 = (S, hi4) ~——i
Derivative ‘ ‘ |

[e]elele)

OO0OO]

Straight Through Estimator

«— Backward pass




Area

QUANTIZATION-AWARE TRAINING: RESULTS

arXiv:2006.10159 18

» Full performance with 6
bits instead of 14 bits

» Much smaller fraction of
resources

» Area & power scale
quadratically with bit width

I I 7
----- Quadratic fit /,"
40001 ® PE area /
3000
//.
2000 !
/’,.,/,,
1000 =
o .
.......... arXiv:2004.08906
0 5 A 6 3 0 12 14 16

Bitwidth

Ratio Model Accuracy / Baseline Accuracy

1.04 -

1.02 -

1.00 -~

0.98 -~

0.96 -

0.94 -~

0.92 -~

== (QKeras CPU
- (QKeras FPGA
== == Post-train quant.

0.90

Bitwidth

Resource Usage (%)

Xilinx VU9P
00 9 = LUT
e FF
e DSP
40 -
30 -
20 -
10 1
O -
| | | | | | |
4 6 8 10 12 14 160
Bitwidth



https://arxiv.org/abs/2006.10159
https://arxiv.org/abs/2004.08906

PRUNING + QUANTIZATION-AWARE TRAINING arXiv:2102.11289 19

» Quantization-aware pruning (QAP): iterative o'
. > |

prunlng Can further reduce the hardware : :"0..1..*:: _________ Woomnnnnes A <P _
: - : 0.9 _
computational complexity of a quantized R |
i Percent pruned (approx.) |
model - * 98.8% :
0.8]" X 96.6% ;

, ® 90.0%
» After QAP, the 6-bit, 80% pruned model _ v 80.0% |
. . . 0.7 A 70.0% -
achieves a factor of 50 reduction in BOPs ‘ < 60.0% ‘

. i » 50.0%
compared to the 32-bit, unpruned model 0el . 40.0% -
i e 30.0% }

| Lottef ticket pruning *  20.0%
05 e 32-bit *  10.0% |

. . [ T T 6-bit e 0.0%
» Study using Brevitas . | | |
10° 10° 10

BOPs

Bit operations (BOPs) definition:
arXiv:1804.10969



https://github.com/Xilinx/brevitas
https://arxiv.org/abs/1804.10969
https://arxiv.org/abs/2102.11289

HESSIAN-AWARE QUANTIZATION (HAWQ) arXiv:2011.10680 20

» Hessian of loss can provide additional guidance about quantization!

» Flat loss landscape: Lower bit width

» Sharp loss landscape: Higher bit width

Flat Loss Landscape Sharp Loss Landscape

— Floating Point values — Floating Point values

S DR 4-bit Quantization e nennas A 8-bit Quantization


https://arxiv.org/abs/2011.10680
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PRUGRAMMING HARDWARE (FPGAS) For more: https://youtu.be/iHgOmmIgOQUU 22

» Say you want to program an “adder” function on an FPGA

module adder(
Lthput wire [4:0] a
Lhput wire [4:0] b,
output wire [4:0] vy
)3 b - -
assign y = a + b;

endmodule \\\\\~___’,///’

» Register transfer-level (RTL)

Synthesis
code is “synthesized” into gates /


https://youtu.be/iHg0mmIg0UU

PROGRAMMING HARDWARE (FPGAS) 23

» What if instead we specity an Al model

QConv2DBatchnorm

kernel (3x3x3x32)
bias (32)

gamma (32)

beta (32)

iteration = 306151
moving_mean (32)
\moving_variance (32)

QActivation

quantized_relu

QConv2DBatchnorm

kernel (3x3x32x32)
bias (32)

gamma (32)

beta (32)

iteration = 306151
moving_mean (32)

| moving_variance (32)

QActivation

quantized_relu

QConv2DBatchnorm

kernel (3x3x32x32)
bias (32)

gamma (32)

beta (32)

iteration = 306151
moving_mean (32)
\moving_variance (32)

QActivation

quantized_relu

Flatten

QDense

kernel (2048x10)
bias (10)

High-Level Synthesis

Activation

Softmax

softmax



DESIGN EXPLORATION WITH HLSAML JINST 13, P07027 (2018) 24

» hls4dml for scientists or ML experts to translate ML algorithms into RTL firmware

AMD T
LN [ & XILINX

PyTorch

nnn Y
Model / hIS 4 ml FPGA flow

\ DY (inteD)

model —~— HLS
conversion

ASIC flow

Machine learning model
optimization, compression »[7‘

Tune configuration o
lat , th hput,
nlsaml vO.7.0 ey troughput, NMenior

A Siemens Business

coming this week!


https://fastmachinelearning.org/hls4ml/
https://arxiv.org/abs/1804.06913
https://fastmachinelearning.org/hls4ml

MANY TOOLS WITH DIFFERENT STRENGTHS

25

» FINN (NNs): https://finn.readthedocs.io/en/latest/

» Confier (BDTs): https://github.com/thesps/conifer

» fwXMachina (BDTs): http://fwx.pitt.edu/

» FlowGNN: https://github.com/sharc-lab/tlowgnn

(b) FlowGNN Architecture with Multiple Node Transformation, Multiple Message Passing, and parallelized Edge Embedding

)

Message
Buffer 1

Nodes received
messages

Size: N
\—
4 Node N

Embedding
Buffer

Bank 2

>< D4

Node Transform. (NT)

Load Shared Weights

v

NT Unit 1

v

NT Unit 2

Multicast to responsible
MP units based on
destination nodes

mE-to-Mh

Node Adapter
Embedding
Queues Re-batch
— &
—* multicast
to
T responsible

—_— MP units
\____/

Edge Embedding (EE) + Message Passing (MP)

MP Unit 1
Gather Edge embedding Scatter
(source node @ mmem to dest. node)

MP Unit 1
|, Gather Edge embedding Scatter
(source node o) ] to dest. node)
—_— MP Unit 1
. Gather Edge embedding Scatter
(source node) F @ HEEEE to dest. node)
— MP Unit 1
_y| Gather Edge embedding Scatter
(source node) I @ HEEEE to dest. node)

4 Message )
Buffer 2

Bank 2

Bank 3
Size: N/4

Bank 4

Size: N/4

___________________________________________________________________________________



https://finn.readthedocs.io/en/latest/
https://github.com/thesps/conifer
http://fwx.pitt.edu/
https://github.com/sharc-lab/flowgnn
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CMS Phase-2 Simulation 14 TeV

i L1 Muon p. > 20 GeV |

: f EMTF § -
100~ o EMTF++ 4

Rate [kHZ]

Al circuit for ultrafast inference on FPGA

hls 4 ml
Q|

+’I/I/’I/IIIIIIIIllillllillllillllillll
OO 50 100 150 200 250 300 350

PU

Ih

w1

i
|

4 Inference time: 240
ughput 104 Gb/s

Dense Network
23 =30 25 =20

I T


https://cds.cern.ch/record/2714892

EXTENSION: MEASURE MUGN DISPLACEMENT CMS-PRF-21-001 28

3 hidden layers

/ with 30/25/20 nodes

\/

llllll

2 output nodes:
. q/QI (no vtx constraint)

O

23 input

—P
nodes

» Extends idea to measure muon
displacement as well as pr

» Stay tuned for Run 3 results



APPLICATION: B-TAGGING @ L1

CMS-DP-2022-021 29

» Upgraded HL-LHC level-1 track trigger information enables b-tagging with a

neural network to improve the HH — 4b search

» Input features for 10 particles within each jet: particle type, momentum, and

vertex information

LELLEE L

e AAAAAAAAAA

e LA A AL
.

(50 features)
(20 features) '

(10 features)

(6 features/particle)

v

(1 feature)
b-tag score

v

\ 4

Dense layer

Pointwise convolution
(per particle dense layer)

Efficiency

o
»

O
I

o
\V)

; N
QN 00

QuadJet+HT

Ratio to

_L

1

CMS Phrase-2 Simulation Preliminary

14 TeV, 200 PU

: o raatatateangTeey T 490
| oY u¥

n ’-o-".l

| ...'.' ....

__ * a"

- ...-.-I.. ..'

140" LH - bbb events

4 QuadJet+HT OR Jets+Muon OR b-tag NN @ 20 kHz

- -+ Modified QuadJet+HT OR Jets+Muon @ 20 kHz

i ~2X greater efficiency at low
|

}+++ *o, mun for same rate!

200 600 800

1000

my,, (gen) [GeV]


https://cds.cern.ch/record/2814728

IMPLEMENTATION: B-TAGGING @ L1 CMS-DP-2022-02130

» But does it fit and meet timing? ap_fixed<width,integers
» After quantization, can implement NN with 9 bits 0101.1011101010

integer fractional

» Latency of 60 ns, Il of 5 ns per jet, and <12% of FPGA ]

Q)Q Q)’\ QJQ/ Q)O)
o0 O o
QR QR Q

NERRNRNNY
AAAAAAAAAA

(20 features/particle)

(5 features/particle) """""
T —_——

(6 features/particle

Deregionizer

50 features

(20 features) '

(10 features)

(1 feature) v

b-tag score

his 4 ml

Jet sort

b-tag NN

v

\ 4

Pointwise convolution Dense layer
(per particle dense layer)



https://cds.cern.ch/record/2814728

Nat. Mach. Intell. 4, 154 (2022)

APPLICATION: ANOMALY DETECTION AT 40 MHZ  oata challenge: mpp-hep.github.iozanczoz1 3

» Challenge: if new physics has an unexpected signature that doesn’t align with
existing triggers, precious BSM events may be discarded at trigger level

» Can we use unsupervised algorithms to detect non-SM-like anomalies?

» Autoencoders (AEs): compress input to a smaller dimensional latent space then
decompress and calculate difference

» Variational autoencoders (VAEs): model the latent space as a probability
distribution; possible to detect anomalies purely with latent space variables

\

Key observation: Can build an anomaly
— U score from the latent space of VAE directly!
No need to run decoder!

2
| 5 RZ:Z%

12podul



https://doi.org/10.1038/s42256-022-00441-3
https://mpp-hep.github.io/ADC2021

FPGA IMPLEMENTATION

» CNNs as the basis for (V)AEs for anomaly detection

» Good anomaly detection performance for unseen signals

Nat. Mach. Intell. 4, 154 (2022)

Data challenge: mpp-hep.qgithub.io/ADC2021 32

Sioni 11:11 AM

i Stay tuned

+ o \/
(LQ = bt, A = 4l h* = v, h0 = 171) at P> for Run 3...
» VAE fits in latency and resource requirements for HL-LHC!
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1075} -
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https://mpp-hep.github.io/ADC2021
https://doi.org/10.1038/s42256-022-00441-3
https://twitter.com/xmpierinix/status/1629061902490804226

APPLICATION: GRAPH NEURAL NETWORK TRACKING IN FPGAS

33

» Traditional tracking algorithms scale quadratically with the number of hits
» New algorithms (based on graph neural networks) may be able to do better

» Proof of concept study: use GNN to classify good track segments (edges)
» Can this fit on an FPGA?

Interaction network

0 »
A, M, Edge Node Edge
¢ . - > - - » -
@ ! block | AEYCELLE 4 block ! block




GNN EDGE CLASSIFICATION PERFORMANCE Front. Big Data 5, 828666 (2022) 34

__Seclor: (1,0)
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| == Full graphs —eo— Brevitas (QAT)
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» Build realistic (segmented) graphs for L1 trigger applications

» <8-bit quantized GNN can achieve good edge classification performance


http://doi.org/10.3389/fdata.2022.828666

GNN FPGA IMPLEMENTATION

Front. Big Data 5, 828666 (2022) 35
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» Small graphs (~30 nodes, ~60 edges) easily fit on 1 FPGA
» Within L1T latency (300 ns) and Il (50 ns) requirements
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http://doi.org/10.3389/fdata.2022.828666
https://2022.ecmlpkdd.org/wp-content/uploads/2022/09/sub_1256.pdf
https://openreview.net/forum?id=6u7mf9s2A9
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BEYOND LHC

Nuclear physics
Accelerator control
Neutrino physics

Multi-messenger
astronomy

Electron & X-ray
MICroscopy

Neuroscience

LIGO - A GIGANTIC INTERFEROMETER

GRAVITATIONAL WAVE BLACK HOLE SPACETIME

MIRROR

A “"beam splitter” splits the
light and sends out two
identical beams along the

4 km long arms.

Laser light is sent into
the instrument to
measure changes in
the length of the two

The light PIREOR
waves bounce
and return:

A gravitational wave affects the
interferometer’s arms differently;
when one extends the other contracts
as they are passed by the peaks and
troughs of the gravitational waves.

arms. 5 Normally, the light returns unchang-

ed to the beam splitter from both
arms and the light waves cancel
each other out.

-»XXX)

CANCEL EACH

LIGHT WAVES
OTHER OUT

BEAM SPLITTER LIGHT DETECTOR

If the arms are disturbed by a
gravitational wave, the light waves
will have travelled different distan-
ces. Light then escapes through the
splitter and hits the detector.

LIGHT WAVES HIT
= M | THE LIGHT DETECTOR

BEAM SPLITTER LIGHT DETECTOR

sPhenix Trigger Detector along the beam pipe

electron gun
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Booster vbeam
MicroBoolE, ICARUS, SBND

PrS

- Booster

proton energy: 8 GeV

~ Main Injector
”~ o0 0% 1 G e ¢ Wi
e proton energy: 120 GeV.
: SN s e S B

“DUNE v beam

‘\"i-:'

-
AN
§-‘ ,‘{4

4

“k

B . cagegenmt TSR =R Sy i 'E k" 1
= £

.1“ e

backscattered
electron detector

specimen

secondary
electron detector

stage




SUMMARY & OUTLOOK 37

» ML allows us to better reconstruct our data and
save potentially overlooked data

Accelerated Al
Algorithms for
Data-Driven
Discovery

» Codesign principles can enable ML on hardware
with stringent constraints

» Community (fastmachinelearning.org, e-group
hls-fml@cern.ch) and Institute (a3d3.ai) developing
open-source tools and techniques to enable this

» hls4dml: expanding open-source
toolkit for translating ML into hardware aimed
at trigger applications and more...

» Applications range from momentum regression,
to b-tagging, tracking, and more!

» Enhance future particle physics program


https://fastmachinelearning.org/
https://e-groups.cern.ch/e-groups/EgroupsSubscription.do?egroupName=hls-fml
http://a3d3.ai
http://fastmachinelearning.org/hls4ml




STRUCTURED VS UNSTRUCTURED PRUNING
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» Unstructured pruning: removing some connections regardless of placement

» Structured pruning: removing all input/output connections of particular nodes

Unstructured Pruning Structured Pruning




FAST ML FOR SCIENCE WORKSHOP 2022

» Excellent overview talks for reference

Why Fast ML

Readout: Machine learning has hugely
custom ASICS | impacted analysis at the LHC:
SRRt inte
- - . cornerstone of our work now
ﬂ". oy
i ot
o I :‘ { The challenge of the

"

HL-LHC requires us to revise
the entire data-flow pipeline

] .

w 3 -t

i

s ®

ENEAEN

Hugely increased
complexity of
events: machine learning
can help address
every aspect!

Decisions: driven
by physicists
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Streaming DAQ and real-time Al:
A new and paradigm shift for experiments in next NP LRP

October 3,2022

M. Swiatlowski (TRIUMF)

NP Physics

* Diverse topology
e Stringent sys. Ctrl
* Max data preservation

Streaming DAQ

* New physic capability accessible only via
streaming DAQ

* Example: adopted for sPHENIX and EIC

* Require data reduction computationally

SOUTHERN METHODIST UNIVERSITY

Scan the QR Code or visit the link below for registration information

4 N

Opportunities for FastML
* 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 >

indico.cern.ch/e/fml2022 40

OCTOBER 3-6, 2022

https://indico.cern.ch/e/fml2022
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SCIENTIFIC ML CHALLENGES
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A3D3 Institute

| FPGA/ASIC

CPU/GPU

LHC HLT

Google Cloud

Streaming data rate [B/s]

101
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LIGO 4IF

Neuro %0
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COMMON GOALS
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» Tools

» Accessible workflows like HLS to
make hardware more accessible
domain scientists

» ML techniques

» Efficient training and
implementation methods
codesigned for specific hardware

» Hardware

» Evolving compute platforms, e.q.
power-law growth in FPGA logic

42

Domain-
inspired ML

Machine
learning
techniques




LHC REAL-TIME SYSTEM: LEVEL-1 TRIGGER CMS-TDR-021 43

» Reconstruct all events and reject 98% of them in ~12.5 us

» Individual algorithms usually have to be < 1 us and keep up with new events every 25 ns
» Latency necessitates all FPGA design (many algorithms running on 729 FPGAs!)

» Individual algorithms usually have to fit on < 1 FPGA
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https://cds.cern.ch/record/2714892

NEURAL NETWORK OPERATIONS
k
th=(Z,w

activation function —

L multiplication

Pl

1" 1

+ bj)
\ addition

L4

Maps nicely onto FPGA
resources: high 1/0,
DSPs, LUTs, etc.




HOW ARE THEY REPROGRAMMABLE? GATES, LUTS, AND FPGA FABRIC
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» Operations can be implemented with core operations (gates)

LUT

LUT

LUT

Output

Output

0

1

i—*i—*OO>

t—*i—'oo>

—_— O = O

1

v—tr—aco:D

Ll el Bl el By y

LUT

Output

1

'—av—aoo>

1
1
0

A
0
0
1
1

— O =1 T

0
0
0

r—ar—*oo:]>

| O | =] O

» Gates are like look-up tables (LUTSs)

Programmable
interconnect

/'34
JL JL J1

Programmable
logic blocks

-n| LUT |u-|.u-‘| LUT lm.nl LUT |t-

o [

—i.u—u.-—l--—n.—n.-—

o)l LUT |~.~\ LUT ln.nﬂ -

i

» If we can (re-)program arbitrary LUTs and (re-)connect them however we want,
we can (re-)implement whatever algorithm we want!



MODERN FPGAS
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» Pros:

» Reprogrammable interconnects
between embedded components that
perform multiplication (DSPs),
apply logical functions (LUTs),
or store memory (BRAM)

» High throughput I/0O: O(100)
optical transceivers running at
O(15) Gbps

» Massively parallel
» Low power

» Cons:

FPGA
“programmable hardware?”

sfls]]= [lE]l=
SIS NSNS JIS)

SISIEIEIENEISIE)E)
SIEIEIEIEIENEIEIE)
SN NENEN IS
SIS _JENEL )

» Requires domain knowledge to program (using VHDL/Verilog)



NETWORK TUNING: PARALLELIZATION & TIMING J. Instrum. 13, PO7027 (2018)47

» Decreasing reuse factor, increases parallelization and decreases latency

RF=4

his4dml 3-layer pruned, Kintex Ultrascale

mult 50 T Reuse Factor =1

—m— Reuse Factor = 2
—#— Reuse Factor = 3
—#— Reuse Factor =4
mult 40 1 —=— Reuse Factor = 5
—#— Reuse Factor = 6

10 -

<8,6> <16,6> <24,6> <32,6>
Fixed-point precision

» Algorithm comfortably fits in latency requirements (<1 ps)

<40,6>

~35 clocks
@ 200 MHz
=1/5ns

~15 clocks
@ 200 MHz

= /5 ns


https://arxiv.org/abs/1804.06913

ULTRA-LOW LATENCY RECURRENT NEURAL NETWORK
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SCALING TO LARGER GRAPHS Front. Big Data 5, 828666 (2022) 49

1 clock cycle =5 ns
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» Modified design can scale to much larger graphs (~1400 nodes, ~2800
edges), for longer latency (6 us) and Il (2 us)


http://doi.org/10.3389/fdata.2022.828666

FAST ML SCIENCE BENCHMARKS arXiv:2207.07958 50

1. Define generic ML benchmarks for bespoke

FASTML SCIENCE BENCHMARKS:

domain problems that attract interest from a
ACCELERATING REAL-TIME SCIENTIFIC EDGE MACHINE LEARNING

broad community of system and ML experts

2. Design benchmarks to satisfy challenging

scientific requ irements that overla P with a Javier Duarte”! Nhan Tran 2 Ben Hawks? Christian Herwig ’
Jules Muhizi® Shvetank Prakash® Vijay Janapa Reddi’

number of systems

4 . . - 0
Set of 3 benchmarks inspired by low-latency edge T [ oot Seronce
o o D 1 010 e —
ML use cases In science & Sensor Data Compression
© —
: : ®© L
» Cover a wide range of latency/data rate constraints ° Jet Classification
E 1 08 - _
» Unique set of qualities 8
o))
Formalized Scientific Edge Real-Time
Benchmark | Workload(s) | Computing | Constraints 10°- MLPerf Tiny (IC) 7
FastML Science Benchmarks (this work) v v v v Beam Control | |
SciMLBench (Thiyagalingam et al., 2021) v v v l X - T
LHC New Physics Dataset (Govorkova et al., 2021) X v v v 10%- MLPerf Mobile (NLP) N
MLPerf HPC (Farrell et al., 2021) v v X X
BenchCounil AIBench HPC (BenchCouncil, 2018) v v X X
MLCommons Science (MLCommons, 2020) v v X X 102 | | | | | |
ITU Modulation Classification (ITU, 2021) X x | v 10® 107 10® 107 107 10" 10° 107

Reference latency [s]


https://arxiv.org/abs/2207.07958

CURRENT & FUTURE BENCHMARKS

arXiv:2207.07958 51

Type Benchmark In]g.)u.t Pipeline | Real-time Misc. Req. Baseline Model
Precision Rate Latency Parameters
Supervised Learning Jet Classification 16b 150 ns 1 s - 4,389
Unsupervised Learning | Sensor Data Compression 9b 25 ns 100 ns area, power (65 nm) 2,288
Reinforcement Learning Beam Control 32b 5 ms 5 ms = 34.695

» Particle jet classification for level-1
trigger: ~1 us latency

Sensor data compression: ~100 ns
latency and additional area/power
requirements

Reinforcement learning for steering
accelerator beams: ~5 ms latency

Future: Time sequence analysis for
gravitational wave or neural data, and
more?
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NSF INSTITUTE: A3D3 52

» Tightly coupled organization of domain scientists, computer scientists, and
engineers that unite three core components which are essential to achieve real-

time Al to transtform science: Al techniques, Computing Hardware, Scientific
Applications

» Collaborators welcome! Check the a3d3.ai for events OAC-2117997

Accelerated Al
Algorithms for
Data-Driven
Discovery

< Scientific
Applications

Computing
Hardware

Domain
inspired-ML

Artificial
Intelligence
Algorithms

ML-specific
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https://a3d3.ai/
https://www.nsf.gov/awardsearch/showAward?AWD_ID=2117997
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