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Data processing in Particle Physics
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CMS as an example
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A quest for accelerated Machine Learning inference
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CMS High Gramu{c;rl'fy

Calorimeter Reconstruction

Accelerated machine learning opens up Al application domain in real-time system
and offers novel solutions to computing challenges. See our white paper.



https://fastmachinelearning.org/images/coproc_whitepaper_v0.pdf

Accelerated ML in embedded systems

ASIC/FPGA
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See Nhan'’s talk on Monday:
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Real-time machine learning in embedded systems for

particle physics
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Accelerated ML for HLT/offline
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No faster CPUs for free
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2020 estimates
—— Run4: 200PU and 275fb~!/yr, 7.5 kHz, no on-going R

-@®- Run4: 200PU and 500fb~!/yr, 10 kHz, no on-going R&D included

ms = 10 to 20% annua | resource increase

Challenge

Offline l

&D included
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Highlight the opportunities and challenges.
Review current developments... with a bias
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# Trending in Industry. Heterogeneous Computing -
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#Heterogeneous Computing Paradigm -

~

COPROCESSOR
(GPU,FPGA,ASIC)

COPROCESSOR
(GPU,FPGA,ASIC)

/

Pros: Pros:
scalable algorithms less system complexity
scalable to the grid/cloud no network latency

Heterogeneous heterogeneity (mixed hardwares)
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Services for Optimized Network Inference on Co-processors

full story

Fermilab-led team tests Azure Al

for particle physics data challenge
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Question:
Can we/How can we take advantage of
heterogenous computing as-a-service for our big
data problems?

Published in CSBS



https://arxiv.org/abs/1904.08986
https://customers.microsoft.com/en-us/story/724137-fermilab-led-team-tests-azure-ai-for-particle-physics-data-challenge
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‘Teach’ Res-Net 50 about particle physics 10

Res-Net 50 (25M parameters)

Featurizer Classifier
CPU
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Quantized Res-Net 50 performance 2

Quantization matters:

* Floating point—> Quantized
model brainwave’s
iImplementation of ResNet50
on FPGA
* Loss in performance

* Re-train the model with fixed
precision regains the
performance

10° -

Background efficiency
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| —— Floating point: AUC = 98.0%, acc. = 90.1%, 1/eg = 671
| === Quant.: AUC = 97.5%, acc. = 84.1%, 1l/eg = 415
1 —-= Quant,, f.t.: AUC = 98.2%, acc. = 93.0%, 1/eg = 971

Jleeeees Brainwave: AUC = 98.2%, acc. = 92.6%, 1/eg = C ”
| — - Brainwave, f.t.: AUC = 98.3%, acc. = 93.5%{1/eg = 100007
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s It faster? Inference speed 12

Test integrated in CMS software stack

External V | FPGA
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remote (10/100) faster than CPU-only
gcomputations
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Computing: data throughput
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S
Simultaneous processes

T

Max data throughout: 600-700 images/sec, Comparable with V100 GPU (with large

batch sizes).
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SONIC: latest explorations

GPU-as-a-service at the LHC

https://arxiv.org/abs/2007.10359 —

Hardware
platforms

,, _

GPU-as-a-service for DUNE

https://arxiv.org/pdf/2009.04509.pdf



https://arxiv.org/pdf/2009.04509.pdf

Standard HEP computing

GPU as-a-service with Triton "

Al Inference Cluster
(CPU | GPU)

Client CPU |
.. Vey -
DRI 77
~~~~O/~&
ClientCPU |-
------------ Load
Balancer

o
Client CPU "’ -

Example in neutrino: speedup, saturate GPUs

@
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Accelerating Proto-DUNE reconstruction

https://arxiv.org/pdf/2009.04509.pdf

P rOtO - D U N E Reconstructed ProtoDUNE-SP Event Labelled with CNN Track Score. Run: 5387, Event: 128178, TPC: 1.
Largest LArTPC ever built @ 500[
= 4502— I0-9
. . 4003— —10.8
Busy environment: cosmic ray E -_: ﬂf_f .
muons & beam - T / |
300:— : _ —0.6
250;— q —0.5
Reconstruction chain: 200 \ :n;"j. —04
Noise mitigation, 150/~ | 03
hit finding, 1005 . 02
pandora pattern recognition, VE | | | | | i B
0O I1 OOOI — I2000I — I3000I — I4000 — I5000 — I6000

-> CNN EmTrkMichelld B


https://arxiv.org/pdf/2009.04509.pdf

M.LIU

Speed up with GPU server .

CPU
Drop?ut Flatten Egeﬁ? DIEOpOUt Wall time (S)
i f ML module non-ML modules Total
220 110 330
y Y | R ;g) Track ' Single GPU server
- %:Q Shower J (NVIDIA T4)
ﬁ:’:ﬁ:; "~ : %@ None v
I Qs Wall time (s)
Siomete ML module non-ML modules Total
% ~11s 110 330
s ~ l'preprocess * ttrdnsmit * liravel *  lopu
CNN EmTrkMichelld /s 2s 04%s 1.8s
_ On CPU, Based on Ping latency Time on the
~20x speedup of EMMichelTracklD module preparing NN 2Gbps ethernet  between Towa GPU

Inputs bandwidth and FNAL



Saturating the GPUs
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SONIC: latest explorations

GPU-as-a-service
https://arxiv.org/abs/2007.10359 _ — —
Hardware
platforms

\

GPU-as-a-service for DUNE T

https://arxiv.org/pdf/2009.04509.pdf “/// . -A { go Yl. IL l’\ n
N complexity )

More benchmark riven by use cases
to test scaling for HLT/offline



https://people.ece.uw.edu/hauck/publications/FaaST_ML.pdf
https://arxiv.org/pdf/2009.04509.pdf

Algorithm complexity... at the LHC

FACILE DeepCalo* ResNet
CMS Hadronic Calorimeter channel ECAL cluster top quark image
regression classification

regression

2K parameters 10 M parameters




Single GPU server inference speedup =
FACILE DeepCalo* ResNet

HCAL channel ECAL cluster top quark image
regression regression classification

-
GPU as-a- 2 ms (GPU) 0.1 ms 1-2 ms (GPU/FPGA)
service

M.LIU



GPU scaling and Dynamic batching -

1-24
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60x gain
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GPU usage: 45%



Batch size/network bandwidth

—»

Where do we gain?

~ Algorithm complexity

»

QRS
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SONIC: latest explorations

FPGA-as-a-service Toolkit

s

GPU-as-a-service ~ hls 4 ml
https://arxiv.org/abs/2007.10359 _— - — O P eh Source ILO O‘ (3

Hardware

. Flexibility

platforms
GPU-as-a-service for DUNE T _— —
https://arxiv.org/pdf/2009.04509.pdf ” A { gor l Hq "
 complexity

More benchmarkriven by use cases
to test scaling for HLT/offline


https://people.ece.uw.edu/hauck/publications/FaaST_ML.pdf
https://arxiv.org/pdf/2009.04509.pdf

hIS4mI : accelerating ML on hardware fastmachinelearning.org/hls4ml

An open source project - join the conversation!

model

Usual ML

Keras

TensorFlow
PyTorch

compressed
model

software workflow

K

TensorFlow

PYTHRCH
€ ONNX

hils 4 ml

HLS
conversion

i/

tune configuratio
precision
reuse/pipeline

/

Co-processing kernel

Custom firmware
design

Vivado™ HLS

f

Hl.s /

COMPILER

Menior

Catapult

Originally designed for LHC triggers applications but broad and growing user base

25


http://fastmachinelearning.org/hls4ml
https://fastmachinelearning.org/collaboration.html

FPGAs-as-a-Service Toolkit (FaaST) -

VITIS+ hls 4 ml

. Number of | Batch Inf./s  Bandwidth

Algorithm — Platform Devices Size |[Hz] |Gbps]
FACILE AWS EC2 Fl 1 16,000 36 M 23
/ FACILE FACILE Alveo U250 1 16,000 86M 55
e FACILE  T4GPU L] 16000 8M 5.
ResNet-50 AWS EC2 Fl 8 10 1400 6.7
ResNet-50 V100 GPU 8 10 1,700 8.1
ResNet-50 ASE | | 460 2.2
ResNet-50 T4 GPU 1 10 250 1.2

ﬁ ResNet

Xilinx Machine Learning Suite

FPGA-as-a-service Toolkit



https://www.xilinx.com/products/acceleration-solutions/xilinx-machine-learning-suite.html#tabAnchor-overview
https://people.ece.uw.edu/hauck/publications/FaaST_ML.pdf

Future prospects

Integration in full scale production in experiments

: processing for full-scale protoDune-SP reconstruction, FACILE@HLT
in CMS...scaling with multiple models.

Al algorithms suitable for physics data/with domain knowledge
embedded

Graph neural networks, Energy flow networks, see Nhan's talk.

Hardware awareness in training for co-processor workflow

e.g. Brainwave studies explore re-training with quantized version to
achieve the best performance in precision.

Most studies performed using Cloud services/on-premises clusters
SONIC in High Performance Computers (HPCs)
r accelerate ML-based simulation/reconstruction etc...

Q7

Data

M.LIU
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SONIC: Not limited to ML y

Given a heterogenous computing hardware:

re-cast physics

re-write physics

algorithms for new problenll as a machine CMS,
hardware learning problem |
Language: C++, Python i
L anguage: OpenCL TensorFlow, PyTorch,... FERY . .
OpenMP,TBB, HLS, ...? S
HFe)Irdware' FPGA GPU Hardware: FPGA, GPU,AS'C e
Parallelized and Vectorize Tracking with ML \ :
Tracking Using Kalman . .
Filters g g * Algorithms parallelizable ‘
. . Charged particle Tracking
e.g.On GPUs Solutions with ML e.q., With graph neural networks

HEP. TrkX.



https://arxiv.org/pdf/1810.06111.pdf
https://arxiv.org/pdf/1810.06111.pdf
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The now/future computing paradigm? -

reterogeneous _—
computing as-a-service s
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COPROCESSOR
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Cerebras WSE Largest GPU

1.2 Trillion transistors 21.1 Billion transistors
46,225 mm? silicon 815 mm? silicon

Emerging technologies...
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Accelerated discoveries with Real-Time Al

Data
~1 PR/ 1 kHz
/ 100 kHz 1 MB/evt .
> Ofﬂlne.z
Analysis
A /' e /”94
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Al Algorithms

ASIC/FPGA Heterogenous computing /CPU

!

hs4 ml &———F——— »

Co-design




Throughput [events/s]
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Throughput .

FACILE
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