@ Machine learning for low-
latency inference
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Introduction

 Machine learning (ML) is becoming more and more popular

* Availability of CPUs, GPUs, software has accelerated adoption
 What about low-latency (FPGA/ASIC-based) systems”?

 (How) can ML inference be run effectively in O(100 ns)?
* Applications

e Future



Machine Learning (ML) is Everywhere
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Machine Learning is (almost) Everywhere

* [rends in ML towards bigger and more complicated models, more computing
(GPUs)

« — Majority of ML in physics is “off detector”

e System latency limits are
typically soft (if at all)

e No radiation

e |ssues do not impact data
collection

e Can re-run
algorithms/workflows

arxiv:1909.12285



What If...

 What If:

o System latency limits are low?
S Us

* High radiation?

 Requires dedicated
hardware

e FPGAs (or ASICs




What is an FPGA?

* Field-programmable gate array

* Building blocks:

 Multiplier units (DSPs) [arithmetic]
 Look Up Tables (LUTs) [logic]

* Flip-flops (FFs) [registers]

 Block RAMs (BRAMs) [memory]

* Algorithms are wired onto the chip

* Can only use the resources

on the chip Xilinx Virtex Ultrascale+ VU13P

12288 Multipliers

* Run at high frequency:
hundreds of MHz, 1.7M LUTs

O(ns) runtime

3.4M FFs
95 Mb BRAM




What is a Neural Network?

(2,1)
(2,1)

(2,1)



What is a Neural Network?
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Inference on FPGAs
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Inference on FPGAs
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Inference on FPGAs
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hils 4 ml

* his4dml is a software package for automatically creating implementations of
neural networks for FPGAs and ASICs

e https://fastmachinelearning.org/hlsdml/ [arXiv:1804.06913]

e pip Installable

e Supports common layer architectures and model software (keras, tensorflow,
pytorch, ONNX)

* Part of larger Fast Machine Learning collaboration
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Many Others
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ML Size / Complexity

* Regardless of toolkit, limitation of doing low latency ML is FPGA size

 Bigger FPGA — more resources = more computation

Xilinx Virtex Ultrascale+ VU13P
12288 Multipliers

1.7M LUTs
3.4M FFs
95 Mb BRAM

XILINX«

UttraScale+™

Xcvuip ™
PGD2104AAL

 Pruning and quantization are ways to reduce resources

* Challenge is maintaining performance
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Pruning

* Are all the pleces a glven network necessary’?
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" beforepruning ~ afterpruning |}

Pruning

synapses

 Are all the pieces a given network necessary? | |
_,' pruning

 Many different types of pruning
 Magnitude-based:

* Use regularization (penalty term in loss
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Pruning

* Are all the pieces a g
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his4mi 32.7% 95% |

Pruning
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Quantization
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https://arxiv.org/pdf/2006.10159.pdf

Quantization

» FPGASs are well suited to fixed-point
numbers, not floating point
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Quantization
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https://arxiv.org/pdf/2006.10159.pdf

Quantization

» FPGAs are well suited to fixed-point
numbers, not floating point

* Bitwidth can be adjusted as needed
(impacts accuracy, performance,

resources)

e Can be combined with other
customizations

* Quantization-aware training
[arXiv:2006.10159]

* Can greatly reduce size of network by
training with knowledge of quantization
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Quantization

» FPGAs are well suited to fixed-point
numbers, not floating point

* Bitwidth can be adjusted as needed
(impacts accuracy, performance,
resources)

e Can be combined with other
customizations

e Quantization-aware training
[arXiv:2006.10159]

* Can greatly reduce size of network by
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An Application






LHC Data Processing / Readout

1 kHz
1 MB/evt

— )

One
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LHC Data Processing / Readout

1 kHz

Offllne

100 kHz |

1s

Need to make decisions

' Must use FPGAs, enforced |
| ultra fast or physics suffers!

by latency requirement
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Di-Higgs Production

« HH is best way to measure scalar potential of Higgs field

e Higgs self-coupling: AHHH
* Major target for CMS and ATLAS experiments

* bbbb, bbWW, have largest o WwW T 2z W
branching ratios - . .

e |Lots of background that mimics these
signals — very difficult to record

"D, y
27




Particle ldentification

e HH — bbbb, bbTtt

 Can we design algorithms to
differentiate different collections of
particles / detector signals

* T lepton, bottom quark

* Light quarks, gluons, noise,
combinatorics

e Can we do it every 25 ns on
FPGAS?

32



L1 t ldentification

NN algorithm capable of accepting more T
leptons than traditional

 Network is 3 layer dense model, uses
information about particle pr, n, ¢, and type

* QOutputs decision in 38 ns (9 clocks @ 240
MHz)

Combined efficiency

hls 4 ml

CMS Phase-2 Simulation 14 TeV, 200 PU
1_ ________________________________________________________________________
0.8
0.6
0.4} hl < 2.1
i —+ NN
0.2 Cut-based
- —*— Calorimeter-only
B S L e

0 20 40

60 80

100 120 140 160 180 200

CMS TDR-021

Gen. P, (GeV)
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L1 b-quark Identification hls 4 ml

NN trained to identify b-quarks using collection of particles

* Architecture includes featurizers that act on each particle individual

° Sig nifica ntly iIm proved CMS Phase-2 Simulation Preliminary 14 TeV, 200 PU

1

P - o Bl Ba ""‘9“",‘3""“ P
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400 600 800 1000

vV VW

Pointwise convolution Dense layer
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Anomaly Detection

 What if we don’t know exactly what we are looking for?
* ML offers unique solution to this challenge (no traditional alternative)

 Broad field of anomaly detection




Fast Anomaly Detection?

 Depending on anomaly, we could have none left in recorded data

* | ow-latency ML is the only option!

1 MB/evt

— D

One
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Conclusions A3D3 institute
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Precision
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Di-Higgs Decays

» Lots of background that mimics these signals — very difficult to record

 Low mnH IS most critical, but produced object have lower energy
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Fast Anomaly Detection

» Algorithm could take in relevant objects
In each event

 Low latency is significant limitation on
anomaly detection

 Performance depends on signals

True Positive Rate

| B ERR

True Positive Rate

DNN ROC h* - v
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his4dml Support

e Support for:

« MLPs, BDTs [arXiv:2002.02534], CNNs [arXiv:2101.05108], Binary &
Ternary NNs [arXiv:2003.06308], Quantization-aware training (QKeras)
[arXiv:2006.10159], Modified GarNet architecture (GraphNN)
[arXiv:2008.0360], RNNs/LSTMs/GRUs [arXiv:2207.00559]

* Active maintenance and development

 Many applications for fast ML in physics (low latency, low power)
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Layer index

Applications

- 1 - - - T T T 1T T T T 1
- AREUS Simulation
- EMB Middle (n, $) = (0.5125, 0.0125)
- <u> =140

i

0 A ] pata s Bo L,r"'ﬂ.h‘_!J-LL .

Er [GeV]
AN

—
— Input samples

true energy

:. T N )
L 1 1 l 1 1 1 | 1 1 1 l 1 1 1 l L 1 l 1 | 1
9 ‘ 0 20 40 60 80 100 120
| _ BC
| arXiv: 2111.08590
sy "
or ‘ eh CMS Phase-2 Simulation Preliminary 14 TeV, 200 PU
5t % 102 E == . HOCO-VX
O I == Tue'¥x
5'_ 4 Bl PUTrk
4+t - | W Fake Trk
| - % PV Trk
] ' '
\ -
2r H
10° |.&
2 | - IH
O 1 1 1 1 1 1 1 ﬁ
0 50 100 150 200 250 300 350 1 ol
: n
1 "
n index i HE
-15 -10 - : 0 ) 10 15
. Zp [cm]
Eur. Phys. J. C (2021) 81 :969 T e

44



