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Understanding this Problem

A3D3 Institute
| | | | | |
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e FastML/A3D3 created to address real-time Al for science

S
:
Streaming data rate [B/s]

101"
LHC L1T puUNE

- Developing ML + GPU integration for large throughput computing
- Developing ML+ FPGA/ASIC for low latency computing

e Science benchmarks are competitve with the rest of Al world



Grawtahonal \Waves

Internatlonal Gravitational
\Wave Network to characterize
~Gravitational Wave

'Ripplefs’.in'Spacetime}

W
Gravitgtional Wave Observatories

gl oot

~ -,»Ienge |
N /\/Can we identify GWSs fast for
Time(sed downstream telescopes?




Typical LIGO Signai

Signal-to-noise
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— LIGO-Hanford

Signal-to-noise Ratio (SNR)

Data from the LIGO Hanford Observatory (whitened and bandpassed)
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To ensure we aren'’t seeing a glitch we use at multiple detectors
2 LIGO detectors in US + Virgo detector in Europe + Kagra in Japan


https://www.youtube.com/watch?v=bBBDR5jf9oU

Multi-Messenger Astronomy

Neutrinos

Visible/infrared light

Radio waves

Performing fast identification of GWs critical to alerting world!



LIGO Data Workflow

Cleaned
Data

Detector
Cleaning

Denoising

8192 Hz/detector

100000 channels
8192 Hz/channel

Challenge is to run this in real-time
Roughly 1 PB per year



LIGO Data Workflow

Event Detection

Black Holes/
Neutron Stars/
Anomalies

Detector
Cleaning

Denoising

8192 Hz/detector

100000 channels
8192 Hz/channel

Challenge is to run this in real-time
Roughly 1 PB per year



LIGO Data Workflow

Event Detection

Black Holes/
Neutron Stars/
Anomalies

Detector
Cleaning

Denoising

8192 Hz/detector

100000 channels

8192 Hz/channel Event AnaIySIS Alert

Parameter
Estimation/
Sky Localization

Challenge is to run this in real-time
Roughly 1 PB per year
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Our Upgraded Workflow

Event Detection

Black Holes/
eutron Stars/
Anomalies

8192 Hz/detector

Denoising

100000 channels
8192 Hz/channel

We replaced this
pipeline with a chain of
deep learning algos

Estimation/
Sky Localization




Strain

scaled GWAK features
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MLOps Toolkit

Scientist uses simulations to generate < >

@) data, priors to regularize training
<t %
- f!

| | 21,

Dedicated tools make

ML4GW Toolkit

with via simple cllent
APIls

iteration/exploration frictionless < ~

Models are
distributed and
versioned in
centralized

repositories
SN \

Dedicated inference
applications host
models, interacted

To enable fast deployment + optimized heterogeneity

]

® View as: Publ
README. md Y

You are viewing the README an: d pinne d
ML4G repositories as a public user.
Tools to make training and deploying neural networks in service of gravitational wave physics simple and accessible to all! People
Includes a couple particular applications under active research. ‘r\ .T. '

> < .7 L


https://github.com/ML4GW

Example: Stateful Caching

Conventional Processing of Time series data

First ML Inference on data Second ML Algorithm for data

Traditional |laaS

—
—

Timeseries from channel 1 ' N
\_ —
imeseries from channel
~ . \‘ ~
. Ti ;
AN




Example: Stateful Caching

Optimzied Processing of Time series data

First ML Inference on data  Second ML Algorithm for data

Snapshotter model on inference
oge service maintains most recent Client only needs to
Traditional laaS input to model as a state send updates to this state

K Timeseries from channel 1
Timeseries from channel 2 I
N © ... Timeseries from channelkI l

\ ' Predicted timeseries . * )

 * 7

Snapshd't length {

Cache on the GPU
Cacheing+optimizations speeds up ML by 10x over vanilla pytorch
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The Algos

Step 1: Denoising

- Deepclean: Cleaning up detector in real-time

Step 2: Transient detection

- A-frame: black hole merger detection in real-time
- GWAK : unmodeled (anomalous) GW detection
Step 3:

- AMPLIFI: real-time parameter estimation using LFlI

Step 4: Alert



Detector Output: /(7)

Witness channels: {w;(?)}

15

DeepClean

(64,512)

g gt bt HE r()
e Residual strain
after noise subtraction

10-18 -
: Controls Quantum Noise
joise

10-19 1

10

—
|
[\
—_

ASD (strain/Hz/?)
=

10

10—24- . —— ' L R s e
10 100 10°

Frequency (Hz)

Preprocess Postprocess
w(t) > CNN > p(t)
t

: Backpropagation
1

Loss function

1000 Monitored Witness channels

. 100k total Witness chanels

Noise reduced through cross
correlation w/witness channels
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Real time Monltorlng

group1

1 PEM
+ SUS
* HPI
- SQZ
ASC
PSL
ISI
LSC
IMC

oMC

+ TCS

0.8

0.6

corr1

0.4

0.2

v

0 50 100 150 200
Frequency [HZ]

e Daily monitor noise and its correlation w/1000 channels
- Find channels on a daily+frequency basis w/highest correltion

- Feed them into the NN for training and decorrelation
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Real time Monitoring

>

4 )
Coherence Monitor
. J
4 )
Cleaned Strain
(\ = aana
g 1072
2
5x10724
176 177 178 179 180 181 182 183 184
Frequency (Hz)
. J

Requirements:
- 1st/2nd highest
coherence

-  coherence > 0.2

<

Apply cleaning on
independent data

Fully automated training

(hyperparameters, ...)

4 )
Witness channels
H1:ASC-CSOFT_P_OUT_DQ
H1:ASC-DHARD_Y OUT_DQ
H1:PEM-CS_MAG_LVEA OUTPUTOPTICS_X_DQ
H1:ASC-CHARD_Y_OUT_DQ
H1:ASC-DSOFT_P_OUT_DQ
H1:PEM-CS_MAG_EBAY LSCRACK_X_DQ
H1:ASC-REFL_A_RF45 I YAW OUT_DQ
H1:LSC-POP_A_RF45_I_ERR_DQ
H1:ASC-DHARD_P_OUT_DQ
H1:SUS-ETMX_L3_OPLEV_PIT_OUT_DQ
H1:ASC-AS_A_DC_NSUM_OUT_DQ
\_ J
= |
Y
A=A =T
Preproce stprocess
w(t) CNN p(t) !
| [ ] L
Backpropagation \ - >
@tm it —

e Aim to run end-to-end turnaround in < 1h of arrival



Significant Reductior:

m clean
10-20 T = original |
Q-
FE 21
10- -
= ‘W
© T |
@ |
~ -22 .
A~ 10
<
\%L | | ]
10-23 '
Bttt SV M
Adaptable to more frequenmes

10
Frequency (Hz)
e Toolkit is adaptable for many different frequency problems

- Denoising in frequency space is a common problem



Amplitude [strain]
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A-Frame

Example Network Output for m; = 35 My, mo = 35 My, Injection

Sliding NN Score

8_

—— Network output

—— Integrated network output
=== Coalescence time

X102 LIGO strain data around GW150914

-
o

m LIGO-Hanford
| m LIGO-Livingston

(&)
1

o Tt

|
[&)]
1

L ——m
Detection statistic
(%)

0.05 0.1 0.15 0.2 0.25 03 0.35 0.4 0.45 05 055 0.6
Time [seconds] from 2015-09-14 09:50:45 UTC (1126259462.0)

Time from coalescence (s)

* Neural network targeting Compact Binary Coalescence

- Aka Black Hole Mergers
- Working to adapt this to other signatures
> Neutron star mergers
- Curriculum learning scheme and Glitch mitigation essential

» Sophisticated on GPU mixing tools for this
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A-Frame

my = 30 M@, mo = 35 M@

—— Aframe — MBTA
] cWB PyCBC-BBH
—— GstLAL PyCBC-Broad

)

3

p—
N
1

[
(W)
L

[
-
1

Sensitive volume (Gpc
0.0

o
1

-
e Best sensitivity over the highest mass mergers

- Consistent observations with running data

- In the final stages of review to become a public merger



Final metric value, a.u.
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GWAK: Anomaly Detection

e Gravitational wave signatures can have unknown shapes
- We can use Al based anomaly detection to identify these

- Al based algorithm can runs on the fly (real-time)

Core-collapse supernova (CCSN)

Detection Efficiency, SNR, window: 50

_ W
T e Unknown |gnal

\
- \\WNB =
\ Z\
\

10 15 20 25 30 35

SNR




BBH-like Signal

22

Embedded Space

e GWAK works by constructing a 11 dimensional space

- Space presents a likelihood of a signal in a specific region

» Likelihood on typical signals (bbh/sine gaussian)

- Metric Is constructed by a hyperplane in the space

2D GWAK Space

Background

Contribution

Per autoencoder final metric contribution + coherence features

2. Al
M
, s ]y .
o oA ”MJ‘N.J_M\FM.. B any e 0 ™A
Ml VW‘ g, A L
|
\ TR |
| |W N
4
_g- | ™ Background
= BBH
-8 4 m Glitch
SG 64-512 Hz
-10 71w SG512-1024 Hz
_12_- Freq domain corr.
m Pearson
2000 2100 2200 2300 2400 2500 2600 2700 2800 2900

Time (ms)
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GWAK on Data

03 GWAK Detections Category 2 GWAK Detections

03 GWAK Detections

Welcome to the
Collection of Anomalies
Detected by the pipeline

1/week

1/month

1/10 years °

May 2019 Jul 2019 Sep 2019 Nov 2019 Jan 2020 Mar 2020

Date

Click on the blue dot to see detection details

¢ \Working to add this to real-time alerts

- Already running internally in LIGO
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GWAK on Data

uens

uolNQUILOD LB [euld

e \Working to add this to real-time alerts

- Already running internally in LIGO



Anomaly detetion ML
challenge

NSF HDR A3D3: DETECTING
ANOMALOUS GRAVITATIONAL
WAVE SIGNALS

Edit Participants Submissions Dumps Migrate

ORGANIZED BY: A3d3hdr
CURRENT PHASE ENDS: January 16, 2025 At 7:00 PM EST
CURRENT SERVER TIME: November 4, 2024 At 9:56 AM EST

Docker image: ghcr.io/a3d3-institute/hdr-image:latest |l

Secret url: https://www.codabench.org/competitions/2626/?secre t_key=c95f242c-3a1d-4965-8a3a-b5b6bf51089d |l
C D
Oct 2024 Nov 2024 Dec 2024 Jan 2025
Get Started Phases My Submissions Results Forum ?
(4 Challenge Overview
B Datasets Overview

% Starting kit and sample

https://www.nsfhdr.org/mlichallenge


https://www.nsfhdr.org/mlchallenge

Parameter Estlmatlon

—21 Sine-gaussian with fo =100 Hz; Q=10

Strain

01 «’\/ \ A [\f

0 259 _g-

-0.15 -0.10 -0.05 0.00 0.05 0.10 0.15
Time (s)

e Perform sky localization and gravitational wave parameters
e Perform fast parameter estimation using likelihood free inference

- Normalizing flows embed broad knowledge of waveforms

» Customized embedding to ensure compressed info

- Parameter estimation done within seconds (or potentially less!)
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Building a Pipeline

N\Mﬁ GraceDB Public Alerts ~ Latest Search Notifications Pipelines Documentation Logout

Authenticated as: Katya Govorkova

G1783271 61783271

Neighbors

Log Messages
Parameter Estimation

uID G1783271 o9 mage
Sky Localization
“ 38.3241%3
Labels A
Log Image 1 Iy
Group CBC P
Pipeline aframe A |
! H +0.16
1398425610.1230469 sky map 03903,
Search AllSky Ky \ :Ip.
¢ v
e} ‘
Instruments [H1','L1] S o ﬁ
w Q i
1] 1
g |
Event Time v 1398425610.1 o E -
4 Tl 1491.01439232
m ™ ! t
FAR (Hz) 3.087e-08 e o 4 C ' m
_(g S | ~i |
n N 1 I
1 ] P |
FAR (yr ) 1 per 1.0264 y: > (i '
3 & § :
= ° I i
1 Latency (s) 3.524 g PN 2
0 105 " Te 6 6 & & o5 o o
Links Data i ~ ™ ° o o & &
chirp-mass mass-ratio luminosity-distance
Submitted v 2024-04-29 1!
Mollview projection Corner plot
Submitted by William Benoit on April 29, 2024 11:33:18 UTC Submitted by Willlam Benoit on April 29, 2024 11:33:17 UTC

Pipeline is up and running



GPUs for MC

GPU Analyses throughput & timescales
| | | |

1 MB

°Aframe ‘

°DeepC|ean Event Size

-
o
N

1GB

&

]

—

o
o
l

DINGO-IS

Core hours per event
2
lI\:t

1074} HL-LHC Reco —

Classifica‘t‘ion MiniAOD

1076 o ° _
Param. Est. SNe IceCube Sim

-8 | | | | | |
1010-4 101 102 10° 108 10" 1014
Throughput [events/hr]
B 20 0 e
Offline hr m S ms

Latency Requirement

For large
algorithms
parallelizability
and shear
compute is
unprecedented

Major demand
emerging in
many domains
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Computing Demands

CPU Analyses throughput & timescales

— T T i | T 102 GPU Analyses throughput & timescales
- g | l | | |
> 1 MB
Af
8 103 B Param. Est. & . é o G>) ° ame ‘ .
8 c{sampling) Event Size (T_) °DeepCIean Event Size
oL _
n o 10 °
S 10l B 1 o DINGO-IS B
o s 5 i
8 a%jz‘ 2 563
O 101 DUNE - 5 DUNE
@) G Param. Est. SNe O ‘
Variable Star HL-LHC Reco .
10-3|- Classificatia Anomaly Detection % _ 107% |- HL-LHC Reco -
MiniAOD °
lceCube Data Classifica‘t‘ion MiniAOD.
-5 GP Regresosion N °
10 1 0—6 | _
Param. Est. SNeo IceCube Sim
10—7 | | | | | |
1074 10" 102 10° 108 10" 104 10-8L L o L_ L L_ o
Throughput [events/hr] 107 107 10 10 10 10 10
Throughput [events/hr]
B = e
Offline hr m S ms | . | _
Latency Requirement Offline hr m s ms

Latency Requirement

Arxiv: 2306.08106

High Energy Physics - Experiment Have a Whltepaper OUtIInIng
submited on 13Jun 2023 Inference Workflows Demands

Applications of Deep Learning to physics workflows

= I'X],V > hep-ex > arXiv:2306.08106



https://arxiv.org/abs/2306.08106
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Building an Ecosystem

LAX(VE

- DEEP UNDERGROUND
NEUTRINO EXPERIMENT

DUNE infernece as-aserivce

= == K
N S %" arxiv:2301.04633
CMS Inference-as-a-service a\ tS RG
(arxiv:2402.15366v1) ) KAGR

Tracking-as-a-service

LIGO inference-as-a service
arxiv:2108.12430

e Super-SONIC

ICECUBE - Landing page of SW for laas for Physics

Starting to Investigate  ghared toolkit across many experiments



https://arxiv.org/html/2402.15366v1
https://arxiv.org/html/2402.15366v1
https://arxiv.org/pdf/2301.04633.pdf
https://arxiv.org/pdf/2301.04633.pdf
https://indico.cern.ch/event/1330797/contributions/5796611/attachments/2820244/4924638/ACTS_as_a_service_ACAT2024.pdf
https://arxiv.org/abs/2108.12430
https://arxiv.org/abs/2108.12430
https://indico.cern.ch/event/1372201/overview

Building an Ecosysten;

Accelerated Al
Algorithms for
Data-Driven
Discovery

|

ICECUBE = Landing page o1 oVv 10r Iaas 10r FnysIcs
Starting to Investigate  shared toolkit across many experiments



https://arxiv.org/html/2402.15366v1
https://arxiv.org/html/2402.15366v1
https://arxiv.org/pdf/2301.04633.pdf
https://arxiv.org/pdf/2301.04633.pdf
https://indico.cern.ch/event/1330797/contributions/5796611/attachments/2820244/4924638/ACTS_as_a_service_ACAT2024.pdf
https://arxiv.org/abs/2108.12430
https://arxiv.org/abs/2108.12430
https://indico.cern.ch/event/1372201/overview

What Is Critical’.;

e \We would like to highlight commonalities across domains
= Computing demands

» Critically connected infrastructure for ML science deployment

» Inference differs from training —

= Software Stack
»  With all ML algorithms aim for a set of core software tools
» Containerization: Apptainer/Kubernetes/...
= ML Problems
» Awareness of the diversity of problems is critical (Not just LLM)

» Highlighting the similarity across scientific domains is critical



Timelines

Updated me O1 w= O2 == O3
2023-01-23
80 100 100-140
Mpc  Mpc Mpc

LIGO

40-50
Mpc

30
Mi)c

0.7
Mpc

KAGRA |

Virgo

'Now

G2002127-v18
DUNE timeline and
various astro timelines 2
. o 30000
(Rubin/LSST) 0
. . V4
Should also flgure IN OUr Ezoooo
overall schedule ©
{g 10000
|_

1 ! ! ) 1 ) )
2015 2016 2017 2018 2019 2020 2021 2022 2083 2024 2025 2026

2027 2028 2029

- CMS Publ

- Total CPU

— 2021 Estima
—8— No R&D
-@®- R&D mo
= = 10 to 20

T |
0 2021 2023 2025 2027 2029 2031 2033

Year



Recag

e \We are building a real-time GW pipeline using ML
- Latency and throughput are critical element in the design
- Effective integration of heterogeneous compute is critical
pelines are up a N rnal and soon externall
- We see this as a path to be a main pipeline for future (O4) running
- We encourage many others to build on our toolkit
e \While our focus is on GW the tools here are broadly applicable
- SBI toolkit has already been adapted for Kilonovae

- In discussions for adapting parts of the toolkit for other time series

- More collaborations within GW and byeond



Thanks!
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LIGO Data Workflow

Detector
Characterization

8192 Hz/detector

Use Withess
Channels to
denoise

100000 channels
8192 Hz/channel

Challenge is to run this in real-time
Roughly 1 PB per year
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LIGO Data Workflow

Detector
Characterization

8192 Hz/detector

Black Holes/Neutron Stars/???
Use Withess
Channels to

denoise

100000 channels
8192 Hz/channel

Challenge is to run this in real-time
Roughly 1 PB per year
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LIGO Data Workflow

Detector
Characterization

8192 Hz/detector

Black Holes/Neutron Stars/?7??

Use Withess
Channels to
denoise

100000 channels Eyent Characterization

8192 Hz/channel Alert

R Parameter Estimation/
w@ Sky Localization

Challenge is to run this in real-time
Roughly 1 PB per year

-
e =8
@3 f(“ .

e




Detector
Characterization

8192 Hz/detector

Frequency [Hz)

Correlation
On previous data

100000 channels
8192 Hz/channel

Current workflow
Uses (CPU) LIGO data grid
With rule based algorithms

40

Current Workflow

Cleaned
Data

Event Detection

Fast Template Matching

Event Characterization

Markov chain MC
®#®  (Expensive)

o W

&

Q
JO\
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Our Upgraded Workflow

Detector
Characterization

Event Detection

LIGO strain data around GW150914

Amplitude [strain]

8192 Hz/detector

NN-based Algos
A-Frame/Neutron Star/IGWAK

DeepClean
NN based AE

Event Characterization

Normalizing Flow
Likelihood Free
Inference

100000 channels
8192 Hz/channel




Computing Resourceg

LIGO Data Grid Nautilus HyperCluster

LIGOs computing ecosystem | |, cojlection of computing clusters
of mostly CPU resources containing 1000s of GPUs

Limited GPUs, workloads not Containerized workloads
scalable

Easily scalable with Kubernetes
GPUs resources are not

sufficient to support large ML With Kubernetes infra, can

workflows easily migrate to other cloud
resources

& Nautilus
S

NRPs GPU resources makes it possible for us to scale to full analyses



Throughput [seconds of data / second]

Large Scale deployment
—

o A= e Throughput of 3800

N y -
’ s’'/s achieved
Containerized Triton Deployment
0 16GB V100 16GB ,/'__——': -------

100 years of data in 2
Tendiedviotecias We e k S !

Condor scheduler

< < <
= ) =
o o o
S (S) (S)
= = =
o3 o o0
() () @
@ oy) oY)

/ < < < <
- - —_ —_
o o o o
S} [S) [S)

- —_ -

o) o o

() () (@)

@ @ (o0)

10x speed up from
conventional GPU +

LIGO Data Grid Shared Filesystem

_ [l cPU Local [} GPU Local [} GPU laas Distributed M O re pOSSi b I e ( F P 1 6)

3:

2 g

1-—'

0__'

S |
16

Ability to scale
processing to large
clusters with k8s

| |
128 1024
Seconds of data per batch
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Current Usage

Phil Harris, MIT
LIGO GPU/CPU Usage Per Day, Last 6 Months

® 59,000 GPU-hrs, Peaking at 100 GPUs

100

80

60

40

20 I
0, o o N S o LA Al hg, o) Wh -~

09/13 09118 09/23 09/28 10/03 10/08 10/13 10118 10/23 10/28 /02 11/07 M/12 1A7 NM/22 1127 12/02 12/07 12/12 12/17 1222 12/27 01/01 01/06 01/11 0116 0121 0126 01/31 02/05 02/10 02/15 02/20 02/25 03/01 03/06 03/11

om il L B ‘“ hLuAn Ahl ?ML“ SA“ o B |\ S L | . VS
‘ Namespace 0sq-ligo,

Algorithm Training of a black hole merger algorithm




What Algorithms exist?

DeepClean strain
noise estimates

Incoming T yd
request DeepClean <
with Hanford
streaming .

state

updates

Detection
Statistic

g— > Parameter

pL
A J
\ Cleaned Strain
Noise
> subtraction

- Detector Denoising => Deep Celan

DeepClean
Livingston

Previous
snapshot

states

e Core Algorithms:

- Black Hole Merger detection => A-frame
- Al based anomaly detection => GWAK
- Neutron Star Merger detection

- Parameter Estimation



Time Series Caching%

Transitioning to larger datasets

{ &) >
\ 7

L

. W

Asynchronously loaded Batch of windows
chunk of segments sampled from chunks

Chunked loading of background data

GPU batching can be enabled through chunked data loading
Parallel time series processing allows fast training



Computing Challengé

e GW data is time series data
- Our toolkit targets critical time series setup
e Vanilla ML processing workflow
- Load ML model and shove data through it :
» 512s of data per second (s’/s) on 16 GB V100 GPU
» 1 year of data is 17hrs of computing
» 100 years (needed for analysis) is 70 days
e Joo slow to iterate on ideas

e Our workflow utilzes optimized schemes to avoid these issues



Connecting with ML

Commons

ML
Commons

MLPerf Tiny Inference
A benchmark suite for ultra-low-power tinyML systems

Machine learning innovation
to benefit everyone.

ML Challenges

e Aiming to build a website hosting Scientific ML Challenges

A3D3 Institute
) | | | | |
= /
M g'9}- FPGA/ASIC 1 PBlyr -
o 1 TBlyr
g - ®
-‘(E —
S
o CPU/GPU
= _
= LHC HLT
o
&

ZTF

Neuro °
107 ° ° -

IceCube @) Netflix 4K UHD
| |

| | | |
1078 1076 10-4 1072 10° 102 10* 106
Latency requirement [s]

Would like to highlight
Criticality of
Scientific Problems

107 Ho LT

Support from NSERC
FAIRUniverse

—
Q

—_

o
—
nN

1010

Streaming data rate [B/s]

108

| Accelerated Al
Algorithms for
Data-Driven
Discover y

Connecting
With Hardware

\

FastML Science
(Work in Progress)

}_'
———— LHC trigger
DUNE on-detector *t4D TEM

HEDM
(BraggNN)

Quench detection™

108}~ MLPerf Tiny (IC)
Beam trol
}—
104
1 2 | | | | | |
qO‘g 107 105 1038 10~! 10! 103

Reference latency


https://cs.lbl.gov/news-media/news/2022/new-fair-universe-project-aims-to-build-supercomputer-scale-ai-benchmarks-for-hep-and-beyond/
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A Vision

e Can we align science across ML Challenges?

- Details here following C. Herwig, N. Tran (Fermilab)

Scientific Moonshots
Domain A Domain N
Al - 1; Benchmark Benchmark
Real-time 1A 1N
Al - 2:
0 Control
17
o Al - 3:
§ Autonomous
<
Al - 4:
Foundation
Al - 5: Benchmark Benchmark
Generative 5A 5N



https://indico.cern.ch/event/1290850/contributions/5425293/attachments/2662942/4613803/230507%20ml%20challenges.pdf

50

Anatomy of an Algo

Good Data/Simulation Critical software Software/hardware
For training tools that deployment
consolidate info infrastructure
Augmentations?

Local
GPU NRP NRP



What computes are here?

e \Within the FastML Community there is a broad range
- We often try to characterize this range by customization

- Low Latency and Low Power need more customization

[ | I I I

51019_ FPGA/ASIC 1 PBlyr ]
1 TB/yr
g '@
S 1017_ |
5
o CPU/GPU
S 105 o
. LHC HLT This is our focus here
B 109 We want to
ol understand the high
throughput
o component

Ne ro°

107
IceCube @) Netflix 4K UHD

Latency requirement [s]



GPUs for ME

102 GPU Analyses throughput & timescales
e
c | | | " 4GB | '
o) 1 MB
5 °Aframe ‘
E °DeepC|ean Event Size
0] I —

o 10
g) DINGO-IS
-]
O
— -2
— DUNE
O
O ‘

1074} HL-LHC Reco -

Classifica‘t‘ion MiniAOD

1076 o ° _
Param. Est. SNe IceCube Sim

| | | | |
10~* 101 102 10° 108 10 1014

Throughput [events/hr]
B | e
Offline hr m S ms

Latency Requirement

For large
algorithms
parallelizability
and shear
comput is
unprecedented

Major demand
emerging in
many domains



Deploying to Scalg

CPUs
ModelA
Coprocessor ModelB
CPUs X (GPU/FPGA/IPU/
etc)
Coprocessor
(GPU/FPGA/IPU/
etc) g A
ModelCJ
> -
CPUs LModelDJ

Clients Servers



Proof we can
10k CPUs & 200 GPUs

CMS Simulation (13 TeV)
‘feo.24:_"l|"'|"'|'"l"'l"'l"'l"lllll|ll
CICJ 0.22 | ONIC jobs

> _
> 02}
50
£ oal
S 0.14 f
C 012}
© 0.1}
-c_'lu‘o.os;
€006
S 0.04 F -
Z 0.02 |

PU "direct-inference" jobs -

P PURTT TS MY I S G—

03 32343638 4 42444648 )
12% speedup out of a maximum 13% Throughput [evt/s]




A3D3

e An institute to unite real-time Al

- Quickly looking for people to be part of extended team

Accelerated Al
Algorithms for
Data-Driven
Discovery




An Institute: A3D3

¢ \We have been awarded a new institute to explore real-time Al

- Accelerated Al Algorithms for Data Driven Discovery (A3D3)

Neutrinos

137 fo ' (13 TeV)

Measured
neural activity

SSS Dynamical Model

LH C - - i‘.‘ﬁ_{t--’m—v Generator g md
T : | ] hahy =) \ | 7|

Physics

60 80 100 120 140 160 180 200
mg, (GeV)




Gravitational Waves

e Actively building an Al alert system to be deployed at LIGO

——p WLW-*‘A“"“ Developed Al-based

Mf‘w lr\ivé

i
s@

Denoising and
BBH detection

—
<

0.75s
=== offline

ASD ratio (cleaned/uncleaned)

57.5 60.0 625
Frequency [Hz]

JeepClean inference:
[ Traditional LDG pipeline, single GPU

[l Cloud laaS, 1 x 64 vCPU node
[l Cloud laaS, 1 x 4 GPU nodes
[ Cloud laa$, 2 x 4 GPU nodes
[l Cloud laaS, 4 x 4 GPU nodes
[]Cloud laaS, 8 x 4 GPU nodes

Constructed a
GPU-as-a-service
integration for

GW low latency alerts

_
|
£
9
A
)
Q
1]
2
Q
g
q
L
=
2]
3
O
o~
S
S
Q
O

1e-3 1e-2
Time to run per second of data (s / s')

x1000 reduction in overall throughput
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Neutrino Physics

 We are pursuing the same idea in Neutrino physics

FC 128
Dropout  Flatten +ReLU  Dropout

020 e,

Sigmoid

48x48 “patch” 2DConv 48 n
X +RelU L
S .
/ . @ + Model (big batch)
P Model (dynamic batching, big batch)
7 — Shower £ CPU-only (w/o Triton)
ﬁ pes None o -$- w/ Triton on GKE-4gpu, dyn bat Off, avg bat sz =1692
' @ 4 -%- w/ Triton on GKE-4gpu, dyn bat On, avg bat sz =692
/ g
- o
o

50 A
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ﬁ%-i”?\'%';eﬂ-—-;; \-—r_ré‘.?r—r_ﬂi@?':‘??_fﬁt
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Number of simultaneous jobs

Large Factor in speed up
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aring for the future

. FPGA/ASIC

LHC L1T puNE
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CPU/GPU
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Latency requirement [s]
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LIGO Challenge:
Can we find all mergers

LIGO Hanford

N
=
>
v
c
@
3
o
@
—

(S

LIGO Livingston

0.7 0.8
Time (sec)

e | |GO has 10%° channels at 1024 Hertz

e | ooking for subtle signals hidden in the noise
Real-time Detailed (10k core) analysis every millisecond
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LIGO Path to success

Sky
localization
Merger Type
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ML4GW toolkit

e Enable a complete Al pipeline we have developed ML4GW

- Comprehensive toolkit for ML pipeline in Gravitational \Waves

README. md

ML4AGW

Tools to make training and deploying neural networks in service of gravitational wave physics simple and accessible to all!

Includes a couple particular applications under active research.

Pinned

] DeepClean | Public

Nonlinear noise subtraction from gravitational wave strain data

@ Python w3 %e

& mlagw  public

Torch utilities for doing machine learning in gravitational wave physics

@®Python W1 %7

] pinto | Public
Job environment management and execution tool

@ Python %3

(] aframe | Public
Detecting binary black hole mergers in LIGO with neural networks

@ Jupyter Notebook 13 % 16

& hermes | Public

Inference-as-a-Service deployment made simple

@®Python W2 %4

& typeo | Public

Functions as scripts as functions

@ Python %2

4

&® View as: Public ~

You are viewing the README and pinned
repositories as a public user.

People

2ETQTTO
&=

Top languages

@ Python @ Jupyter Notebook
@ Makefile

Most used topics Manage

deep-learning gravitational-waves

mlops python


https://github.com/ML4GW

Hermes: Inference -as-a
service deployment

Snapshotter - > Preprocessor - > Aframe neural
TorchScript TorchScript network - TensorRT
Previous data put on GPU, maintained as state Streaming update representing a batch of new data
L J

Batch element O
Batch element 1

- Background for estimating PSD
- Discarded whitening filter settle-in
- Timeseries to be windowed into batch

Batch element k




Third transient event catalog: GWTC-3

LIGO-Virgo-KAGRA Black Holes LIGO-Virgo-KAGRA Neutron Stars

O30

LIGO-Virgo-KAGRA | Aaron Geller | Northwestern

-\ A~
11 events 44 events in 03a, 55 total 35 events in O3b, 90 total
from O714+02 1041 “subthreshold” events in 01,02,03a (catalogs are cumulative)




GWAK Space%

e GWAK stands for GW (QU)AK like guacamole

BBH, SNR: 43.0

wn o w o w o w o
[\ o ~ wn o [\ ')
— —

SG 512-1024Hz, SNR: 30.0

______
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GWAK Space

e Using autoencoders we cosntruct a similar space

We Make a 5D Space

BBH-like Signal
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GWAK Space

I Background
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GWAK Algorithm

Detection Efficiency, SNR, window: 50

\\\\ 1/hour
1/da
—~~BA y 1/week

N
(&)
1

10

1/year

N, \ \.\\ 1/month

45

Signal to Noise Ratio (SNR)



Supervised Training Z'-qq
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Input
Space

Discriminator

NN Self-Supervised Space
Add Self-Supervision

Build Unbiased
Inputs
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Hermes: Inference -as-a
service deployment

-

~

/

Export

/

Managing model e
repository

Pythonic S
interfaces to
protobuf configs
Simple support for
stateful streaming
models

Supports Torch

and TensorFlow
export

-

Acceleration

~

https://github.com/ML4GW/hermes

/

/

N

Deployment

/

Conversion of Torch e

models to ONNX
ONNX — TensorRT
conversion with

FP16 support

Python contexts
for deploying a
local inference
service
Throughput and
latency metrics
monitoring service

Inference

/

Asynchronous
inference request
submission and
response handling
Input/output
shape/dtype
inference

Hermes is our python package for end to end
inference-as-a service


https://github.com/ML4GW/hermes

Computing Ecosystemm

%RAY ’\ APPTAINER

L%@ﬁ aw

PyTorch Lightning

Ray: Handle distribution of CPU brokers for data
PyTorch Lighting: Optimized training and model development

Luigi: lightweight task execution, Kubernetes support contrib (Spotify)
LAW: Wrapper for Luigi to enable Condor/Slurm support (HEP)

Kubernetes for distribued server balance
Open source tools some from industry



ML in GW Processing

Online Offline

Large scale analysis of archival

Real-time analysis with goal of data for

alerting electromagnetic
astronomers (MMA) of

o e Endto end searches
significant events

e Validating new methods,

Detect events — Localize on Sky performing new research

— Send public alerts

. . o Main consideration is throughput
Main consideration is latency ghp

What we want now w/Nautilius
Potential Future Use Case

=4 Nautilus
—




