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Al at CERN and SKA
17-18 September 2018, Alan Turing Institute, London

Day 1

SKA Midrange telescope for the Karoo desert in South Afnca LHC timing detectors

Overview G e n e ra | ta I kS

This two-day workshop, to be held in central London at the Alan Turing Institute,

will bring together the community of the Alan Turing Institute (ATI), Al researchers C E R N / LH C ta | ks
from industry, and scientists working with CERN or SKA surrounding the applica-

tion of Artificial Intelligence (Al) for scientific discovery. The aim is to gain an . .
understanding of what has been achieved in High Energy Physics (HEP) using D

data from CERN, and in astrophysics leveraging data obtained through radio ISCUSSIO n
astronomy. Areas of interest include processing of the raw instrument data, use of

science data products for research and applicable technology. In discussions,

possible new areas of collaboration and research will be explored.

The agenda will include a mix of invited talks, accepted submissions and gener- D a 2
ous time for discussions y

Topics of interest hd ASt rO/S KA ta I kS

« Al at very large scales

* Models used for scientific discovery . .
« Opening new doors in scientific discovery through Al d D I S C U S S I O n

« Technological discoveries and implementations

Organisers and program committee Registration &
Prof Paul Alexander, (Cambridge, UK) further

Prof Alan Barr, (Oxford, UK) information Presentat i ons:

Dr Peter Braam, (Peter Braam)

Dr Maria Girone, (CERN) // 1 / / /
Oy e e, (00 OA0 https://indico.cern.ch/event/745580
Dr Nicholas Rees, (SKA)

Prof lan Shipsey, (Oxford, UK)

Primary contact E
Dr Peter Braam pjb624@cam.ac.uk hitps /Andico cem chievent/74558(
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Machine Learning in HEP : GAN
TrackML and more

David Rousseau
LAL-Orsay
rousseau@lal.in2p3.fr

CERN/SKA workshop, Alan Turing Institute, London
17th Sep 2018

S5 LAL
IN2P3

Les deux infinis LABORATOIRE
DE L 'ACCELERATEUE
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many p! many p

Current situation: 20 parasitic collisions
High Lumi-LHC : 200 parasitic collisions

GAN and TrackML, David Rousseau, ATI, London
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Outline ML on Higgs Physics |
e = B = S ! L

At LHC, Machine Learning used almost since first data taking (2010) for
reconstruction and analysis
In most cases, Boosted Decision Tree with Root-TMVA, on ~10 variables

Boosted Decision Tree applied to Higgs physics For example, impact on Higgs boson sensitivity at LHC:
(%en(irz:_tive Adversarial Network for fast experiment T
simulation -

ATLAS Hrr 2011-2012

e —-

The Tracking Machine Learning challenge

ATLAS VHbb 2011-2012 —
ATLAS VHbb 2015-2016
CMS VHbb 20112012 _____.

ATLAS ttH 20152016

0 1 2 3 4 5
sensitivity

o
=>sensitivity gain ~50% more data (~ more LHC
GAN and TrackML, David Rousseau, ATI, London ~ running time) GAN and TrackML, David Rousseau, ATI, London 4

Conclusion

1y . . .
We (in HEP) are analysing data from multi-billion € projects=»should make
the most out of it!
BDT work well, still the recommended tool for dozen variables
classification/regression
Recent explosion of novel (for HEP) ML techniques
Focused here on two potential large speedup:

GAN for simulation

Possible novel tracking algorithms from TrackML challenge @trackmllhc :
https://competitions.codalab.org/competitions/20112

Never underestimate the time for :
(1) Great ML idea=>»
(2) ...demonstrated on toy dataset=>
(3) ...demonstrated on semi-realistic simulation =
(4) ...demonstrated on real experiment analysis/dataset =
(5) ...experiment publication using the great idea

24/10/2018 ASTERICS-OBELICS Workshop 2018 / Cambridge
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Partnering with industry for machine learning at HL-LHC
Maria Girone, CERN openlab CTO

Parinering with indlustry for
machine leaming ot HL-LHC

LHC Upgrades Working with industry New Architectures Machine Learning

Maria Girone =), CERN
CERN openlab CTO “i,< openlab

24/10/2018 ASTERICS-OBELICS Workshop 2018 / Cambridge 6




7x10'2 eV Beam Energy
10*¢ cm? s Luminosity
2835 Bunches/Beam
10" Protons/Bunch

Yom @5l

7 TeV Proton Proton

Bunch Crossing 4 10" Hz CO||IdIng beams

Proton Collisions 10°Hz

e Parton Collisions }

New Particle Production 10 Hz -L>Fb - Dg : .'_2
(Higgs, SUSY, ....) P
A

Selection of 1 event in 10,000,000,000,000

Astronomy ESFRI & Research Infrastructure Cluster

ASTERICS - 653477

Rate of new physics is 1
event in 1012

Selecting a new physics
event is like choosing 1
grain of sand in 20
volley ball courts

More collisions help physicists to observe rare &>
processes and study with greater precision.

24/10/2018 ASTERICS-OBELICS Workshop 2018 / Cambridge
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The LHC experiments are working closely with DAY TR

Real time event categorization

industry via CERN openlab on machine learning Data monitoring & certification

» Fast inference for trigger systems
* Focus on adoption of accelerators (GPUs, FPGAs) Data Reconstruction
. . . Calorimeter reconstruction
* Engineering resources dedicated to support the Boosted object jet tagging
. . . . Data Processing
application porting and increase knowhow on deep « Conputiing e uptmttion
learning techniques +  Predicting data popularity
* Intelligent networking
Data Simulation

AL e e ‘ * Adversarial networks
e o\' . 425000 A by « Fast simulation
Zs ) Data Analysis
* Knowledge base

Data reduction
Searches for new physics

e

Irﬁage Classi i Object D

COMPUTER VISION
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T L A S ]

CERN openlab is launching a a project with A“4icron
to investigate applications of Machine Learning in
data intensive environments

* Using an FPGA based co-processor from Micron

PIIK A“\?‘\“‘IIL‘

‘‘‘‘‘‘‘

llllflll.fﬁ‘m- 2.10°

* In CMS show that ML techniques can be \

\
applied in the Level-1 trigger. Complex % prm—

decisions very close to real time (micro- ‘ \\ ” -l i “[\k\\
seconds) \

* In DUNE the challenge is application in large — NEUTRINO

e events are 5GB and the data rate is

5TB/s

X A \

Investigating Accelerated Architectures for
real-time selection and image recognition.

24/10/2018 ASTERICS-OBELICS Workshop 2018 / Cambridge
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LHCDb is exploring particle identification in _\
the RICH detector

« Convolutional neural networks to
classify particles based on the radius

corrected lacal y

« Comparing several modern
frameworks: Keras, TensorFlow, and
Caffe

Two ongoing projects in openlab with
E4 and IBM

nnnnnnnnnnn

ASTERICS - 653477
I\k

w— pion

04 == proton
e——,
o3

¥
e

' I O Y

Object Identification.
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Deep Learning for the
future of the Large
Hadron Collider

Maurizio Pierint

24/10/2018 ASTERICS-OBELICS Workshop 2018 / Cambridge 11
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A Topology Classifier

tt
/ Deep

Topology
Classifier

1)
@@=/, 05: 0520,
Calo Image Particle Sequence Abstract Image High-level Feature = : 8 8
Classifier Classifier Classifier Classifier ‘;% 05 B ON
i) N IR )
Raw images of the :‘ rt?;Z:iZi:nOfas Based on ai abstract Use high-level features >\) (RO 0
calorimetry hits fed to ir? el representation of the as inputs to a fully O 9 8 8
a convolutional NN. P reconstructed particles connected NN. -
NN. as an image to feed to

a convolutional NN.

Photons Charged Tracks Neutral Hadrons
. asiy

. e .
' p .=
L4 -
=, = iR — >
' ¢
. . fy - = XX
& 1 R} Y
o ., i ’-)?-).-) >0/ D
i : I S S
; ¢ - ' ‘ >
4 . . e .
O P e R I PR B pr > s g . & ¢ 1 &
: An example of a t event as the input of the raw-image classifier. 2 : (a) Photons (b) Charged Particles (¢) Neutral Hadrons
D D E European

erc =

9
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blem

Complicated:
Nneed to be fast
(10 ms) and with

very small
resources

1 KHz

1MB/evt
—

10°

— j_z tagger, auc
—— j_t tagger, auc
10—1 4

bkg. mistag rate

1073

— | g tagger, auc
- |_q tagger, auc
= j_w tagger, auc

=91.6%
= 88.8%

=92.1%

=91.4%
=93.7%

Easy

I 16 inputs

64 nodes
activation: ReL.U

32 nodes
activation: ReLU

¢

3R nodes
activation: ReL.U

HLS4ML Preliminary =

5 outputs

0.0 0.2

=23

0.6 038 1.0 activation: SoftMax

24/10/2018
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Too much of a good thing
- (how to drink New Physics from a 40 Tb/s firehose)

Partially reconstructed signals

3 LHCDb Simulation
(circa 2021)

—
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Vladimir V. Gligorov, CNRS/LPNHE
On behalf of the LHCb collaboration

Al @ CERN and SKA, Alan Turing Institute, London 17.09.2018
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A lot of signal = a lot of data to process! And this data volume will only rise..

. ___ ~4Tb/s
— b HARDWARE
400 Gb/s l EmEm TRIGGER 40 Tb/s l
60 Gb/s l REAL-TIME ALIGNMENT & 1-2 Tb/s l REAL-TIME ALIGNMENT &
CALIBRATION CALIBRATION

FULL RECONSTRUCTION

FULL RECONSTRUCTION

STREAMS PERMANENTLY RECORDED STREAMS PERMANENTLY RECORDED
FOR FURTHER PROCESSING AND FOR FURTHER PROCESSING AND
INFERENCE BY ANALYSTS

5.6 Gb/s l SIGNAL AND CALIBRATION DATA 40-80 Gb/s l SIGNAL AND CALIBRATION DATA

INFERENCE BY ANALYSTS

LHCb real-time data processing today LHCb real-time data processing circa 2021

..and rise again

500 Tb/s l

CALIBRATION

?? Tb/s l L REAL-TIME ALIGNMENT &

FULL RECONSTRUCTION

STREAMS PERMANENTLY RECORDED
FOR FURTHER PROCESSING AND
INFERENCE BY ANALYSTS

LHCb real-time data processing circa 2032

24/10/2018 ASTERICS-OBELICS Workshop 2018 / Cambridge
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CMS,/!

Direct optimisation of the
discovery significance when
training neural networks to

search for new physics in

particle colliders

Adam Elwood and Dirk Krucker

adam.elwood@desy.de I

24/10/2018 ASTERICS-OBELICS Workshop 2018 / Cambridge
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A HEP search approach

+ Searches for new physics can be framed as signal/background classification
problems

+ Typical machine learning approach to classification is to optimise accuracy
or area under ROC curve

Correct classification of signal or background has the same weight

* When searching for new physics actually care about statistical significance
of signal counts over background counts

Don't care about the purity of the background classification (particularly when there
are large systematic uncertainties)

Standard approach HEP approach

I = background
B - signal

Background Signal Background Signal
A.Elwood - DESY prediction  prediction prediction  prediction

Astronomy ESFRI & Research Infrastructure Cluster
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Loss functions to directly optimise
significance
- To train neural networks that take account of this, can design a loss
function based around the direct optimisation of the significance
Try to obtain the optimal bin to count signal and background events
For a batch of N training events:
s = (N correctly classified signal events)
b = (N incorrectly classified background events)

Maximise standard estimate of exclusion significance based on gaussian statistical

uncertainties:
s/Vs+b

Maximise Asimov estimate of discovery significance (including systematic
uncertainty):

A.Elwood - DESY % arXiv:1007.1727v3

3

24/10/2018

ASTERICS-OBELICS Workshop 2018 / Cambridge



Astronomy ESFRI & Research Infrastructure Cluster
ASTERICS - 653477

B UNIVERSITY OF
¥ CAMBRIDGE

H2020-Astronomy ESFRI and Research Infrastructure Cluster
(Grant Agreement number: 653477).

Accelerating Science by Repurposing
Machine Learning Software

Bojan Nikolic
ATl London — 18 September 2018

24/10/2018 ASTERICS-OBELICS Workshop 2018 / Cambridge 18
GGG



Astronomy ESFRI & Research Infrastructure Cluster
\ ASTERICS - 653477

Astronomy ESFRI & Reseqrch Inhashucturd Cluster

Wallelock time to solition for maximnm Zernike order T Wallelock time to solution for 2048 x 2048 grid size
Installation: i e R P O -k
= NumPy ' v — NPy L=
i w0 o I —- o
T
w7 N L
O I y | O rC | I conda install pytorch cuda91 —c pytorch o i
Tensors and Dynamic neural networks ~ Automatic differentiation
i ) ) Trivially easy to offload to GPUs: -
in Python with strong GPU acceleration w 4 L
10 o =
0" o E
T T T T T T T T
107 10* 2 3

N (pixels)

UNIVERSITY OF - ERSITY OF

] ‘RS )
8" CAMBRIDGE ; " CAMBRIDGE

Summary

>100x performance improvement in minimising functions

Small, contained, software effort needed

e Perfect integration with standard Python environment

Out-of-box support for GPUs and multi-threaded CPUs
Easy to use (& install!)

More details: arXiv:1

24/10/2018 ASTERICS-OBELICS Workshop 2018 / Cambridge
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ML Iin Breakthrough Listen

Building Search Pipelines and Labelled Datasets for Transient Discovery

Griffin Foster

University of Oxford, Department of Physics

University of California at Berkeley, Department of Astronomy s ,: UNIVERSITY OF
W eee g [ OXFORD

24/10/2018 ASTERICS-OBELICS Workshop 2018 / Cambridge 20
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BREAKTHROUGH
LISTEN

Green Bank Telescope arkes Telescope
Green Bank, WYV, USA New South Wales, AUS

LOFAR International Stations
SKA-low Site, Australia Ireland, UK, Sweden

24/10/2018 ASTERICS-OBELICS Workshop 2018 / Cambridge
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Automated Planet Finder (APF)
Lick Observatory, CA, USA

MeerkAT
SKA-mid Site, South Africa

21




Astronomy ESFRI & Research Infrastructure Cluster
ASTERICS - 653477

KOI 1199
™

O =1
MJD: 55696.1692

RA: 19:34:58. 488

DEC: +38:56:21.48

J:I : 1424.9660701 MHz
o

Drift: 0.2788 Hz/sec
SNR: 252578

L

Doppler Drift Search
(typically ~1 Hz resolution)

ime (Seconds)

f Efrest

dt c e . S

F=

"

= L
= -
; i I —

e e o AR s i), ARSI $ St ST L
-100 -80 -60 -40 =20 0 20 40 60 80 100

PRAIICY (F e M= HIE) Siemion et al. 2013

The signal is unknown (anomaly detection problem)
Radio receiver noise is not Gaussian
RFI -dominated false detections

We want to find transforms to maximized S/N

24/10/2018 ASTERICS-OBELICS Workshop 2018 / Cambridge 22
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Deep Feature Model: Residual Network

FRB CNN ResNet Model

Group Name | Output Size | Stack Type
N g 342 x 9256 5 39 % 1] 5
conv( 342 x 256 x1 [ |32 x 1| x1
convl 171 x 128 %32 | [T 7] %1
x conv2 12 x 32 x 32 | [3x3]x2
identity

X
oo

conv3 10 x 8 x 64 [3 % 3] x

X
o

convd 5x4x128 [3x3

avg-pool

fe

N
I
O}
>
[2)
=
)
S
o
]
s
L

16.28 16.30 18.49 18.50 18.51 18.52
Time [s] Time [s]

DM [pcem™3)

A

DM [pcem™3]

-0.005 0.000 0.005 -0.005 0.000 0.005
Time [s] Time [s]

24/10/2018 ASTERICS-OBELICS Workshop 2018 / Cambridge 23
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AstroStatistics & Astrolnformatics
in the context of the SKA and LSST

Jason McEwen
WWW.jasonmcewen.org
©@jasonmcewen

Mullard Space Science Laboratory (MSSL)
University College London (UCL)

Al for CERN and SKA, Alan Turing Institute
September 2018

AstroStatistcs & Astrolnformatics

24/10/2018 ASTERICS-OBELICS Workshop 2018 / Cambridge
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ML Outline

Deep learning methods for radio interferometric imaging

Visibilities Dirty image Convolutional layers Recovered image

. © Distributed and parallelised algorithms
¢T

—

© Online algorithms

© Uncertainty quantification

© Machine learning
Figure: Deep learning architecture for interferometric imaging (Allam & McEwen, in prep.)

T3 O . I Supernova classification
I e B ‘ Photometric classification

| @ Photometric Supernova classification by machine learning
. I (Lochner, McEwen, Peiris, Lahav & Winter 2016)

Relative improvement in SNR
|

Relative number of measurements A /N o Limited training data.
Figure: Improvement in signal-to-noise-ratio (SNR) e Go beyond single techniques to study classes.

s Otfect DES_SNOWIZ9 DAT 7037, Typet
AstroStatsics & Astolnformaics . = p e
- N & b o
) i . & o
3 4 L
3-8 1 .{ T\
z 2 ~
% a » \
g I ‘ i
" 16 .8 5 - 6 XL
3 =1 /~ : &
*_uf R Py d I “ -3
0 20 40 60 80 100 otite T o £y s = =
doys post B moximum Time Tee
(a) Templates (b) Generic parameterisations (c) Wavelets (non-parametric)

Figure: Feature selection classes (in order of increasing model independence)

e Integrate physics into machine learning (scale and dilation invariance).

e Understand physical requirements: representative training, redshift.

Jason McEwen AstroStatistics & Astrolnformatics

24/10/2018 ASTERICS-OBELICS Workshop 2018 / Cambridge
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The Univers i') of Manchester

Rob Lyon
Umversuty of Manchester (SKA Group)

@scienceguyrob N\ robert.Iyon@mahchester.ac.uk

24/10/2018 ASTERICS-OBELICS Workshop 2018 / Cambridge 26
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MANCHESTER

The University of Manchester

Einding,Pulsars

Analog to digital samples.

Complex search pipeline applied (RFl removal, sifting...).
Identifies significant signal detections.

Detections recorded as “candidates”. ‘
Candidates are summary detections that must be filtered.

Al'at CERN"and SKA Sept. 17th-18th'2018

24/10/2018 ASTERICS-OBELICS Workshop 2018 / Cambridge 27
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Credit: SKAO

MANCHESTER

& - ?3 te - “ % -

- - - 4 L & 9, *= -
e e '..'"'? o0 s e T W "»f!;s- .
P IR A AR S8
"'i.;,-”} S T 3

& rf 'e é .’ - ¢f. a"': {f.;,é:’ «:;f P9 2 ¥A’ . » .
oy & b
‘Candldate Voluntes -.Incr easifig! ¢ ¢
l' ‘ - 4
1,500 search beams for SKA Mid.
Each producing 1,000
candidates per scan.

1.5 million candidates per scan.

Agscan can be as short as 180
Seconds = 48 per day.

That’s 72 million pefiday.

There are >10 Oooﬁﬂn-target
examples for each interesting
candidate.

At best 150 good candidates per
beam, per-scan. That’s 7,200 per
day.

-

3 p

< oL . 4
P

-3 ;hedrﬂwr sify of M.Jl hestef s P P

-

Credit: LOTAAS Collaboration (Chia Min Tan et. al.).

Al at CERN and SKA Sept. 17th-18th 2018
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MANCHESTER

The University of Manchester .

Recent Efforts (

*< , designed to overcome class M?Balance
Networks (CNNs, GANs) ap lied to tha/

¥

Al at CERN and SKA Sept. 17th-18th 2018 '
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Optical transient surveys of
today and tomorrow :

machine learning applications

Stephen Smartt
Queen’s University Belfast

" e x
PBH'STARRS a Large Synoptic Survey Te!escpe
A | L4 b,

IR —

) —
N —

Ken Smith, Dave Young
Darryl Wright
Amanda Ibsen

24/10/2018 ASTERICS-OBELICS Workshop 2018 / Cambridge
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Machine Learning to junk the bogus

6 ecliptic nights

Real Objects 250,000 REAL Cutouts

Known

Asteroids: Train Classifier

AR EARNEA SR
. 3 DEEDEEG: Bn

Bogus objects - e.g.:

ffraction
pikes’

m 2 . ". i : Input layer
- . — hidden layer 1 hidden layer 2
RV
| e 3 layer
o : 0 (plus dropout to avoid overfitting)
Convolutional Neural Network +
Softmax filter

I
A

750,000 BOGUS Cutouts

Trained Classifier applied to hourly incoming stream of objects
Objects (up to 6 images per object) with median RealBogus Score < Decision Boundary rejected

24/10/2018 ASTERICS-OBELICS Workshop 2018 / Cambridge




Astronomy ESFRI & Research Infrastructure Cluster
‘\ ASTERICS - 653477

Astronomy ESFRI & Reseqrch Infrastructurd Cluster

Summary : scratching the
surface of potential for LSST

® PTFidyb
prrflagg

Multiple machine learning to provide . rrrad

probability of physical classification Bt Jigpipous spamovas 1

sna0o7bi

4o

H10%

ghmnonuclnv i a
Srzoon uperngvae 110

PTF10bhp® 4o, re~Coll |
la Explosions g o SBperovas™® 1102

|dentify the outliers

Fiien
PTF10x8 T 1

Real-time, every day - ability to trigger
rapid follow-up

Ca-rich Transients
SN2008h8

Peak Luminosity [erg s™']

a
Ngﬂmslntevmomul 10
PTF'O‘"’E" . umlnoally?
NaC3000TH

Peak Luminosity [MV]

ransients |
PTF10igs® 110

Cross match with radio, x-ray, gamma- e e |,
- i .PGO—MMOT!O .". i
ray surveys, LIGO-Virgo sky i

. . * V1300 500 {10"
localisation maps for GW : e "

“

[
P60-¢820T-081119

10° 10'
Characteristic Timescale [day]

Enormous discovery potential in data,
but completeness and probabilistic
approach essential

Understand the population -
repeatability and completeness

24/10/2018 ASTERICS-OBELICS Workshop 2018 / Cambridge
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Classifying radio galaxies with
deep learning

Vesna Lukic, Marcus Brliggen
University of Hamburg
Beatriz Mingo, Judith Croston
The Open University, UK

24/10/2018 ASTERICS-OBELICS Workshop 2018 / Cambridge
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Current work

Morphological classification for LOFAR surveys: Capsule
Networks versus Convolutional Neural Network

Current work

» Sources from the LOFAR catalogue of sky
survey in 120'240MHZ, eventua”y all Sky Vi Lul\n \l Bru"v(u !+ B. Mingo,? J. (ruxtol}'

| Hamburge rte, University of Hambury, Gojenbergsweg 112, Ha 1029, Germany
hm of Physical Sciences, “The Open University, Walton Hall, Milton Keyne MK7 6AA, UK

- A new window into the universe
= > 100 mi"ion gaIaXieS Accepted XXX. Received YYY; in original form ZZZ

ABSTRACT

eration radio surveys will yield an unprecedented amount of data, warranting

v use of machine learning techniques. Convolutional neural netw
deep learning technique that has proven to be the most successful in cl.
data. However, they are limited in their capacity to model hiera
an image and are not rotationally invariant. Capsule networks have been developed to
address these issues by using capsules comprised of groups of neurons, that describe
properties of an image including the relative spatial locations of features. We utilise
images from the LOFAR galaxy zoo, which has attained higher resolution images re-
vealing richer and more complex morphologies compared with previous surveys. The
increased complexity rest a broader variety of morphology within each
as well as added noise anc reased potential conta 2 with intruding sou
presenting further challenges for machine learning algorithms. The current work ex-
plores the performance of different capsule network architectures against a standard

convolutional neural network consisting of 8 convolutional layers, in rej prudurm" the
classifications into three classes of data. We obtain an overall precision of 92.8% and
85.1% using the convolutional network and default capsule network mlnmnm re-
spectively, when training on the al and augmented images. The convolutional
network almost always outpe my variation of the capsul
to be more rob nd the pooling operation
significant diminishment in performance as radio galaxy morphologies display some
amount of intra-class variability.

C 0 n CI u S I OI IS Key words: Astronomical instrumentation. methods. and techniques: radio contin-

uum: galaxies

* Machine learning is essential in analysing data from
future astronomical surveys

* Previous work focused on using convolutional neural
networks

- Our first work used PyBDSF to characterise sources into
different # components

* Current work shows performance of convolutional
network surpasses that of capsule network models

* Sources have varying levels of noise as well as potential
intruding sources
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Some ML and Al challenges in
current and future optical and
near infra imaging datasets

Richard McMahon (Institute of Astronomy,
University of Cambridge)
and

Cameron Lemon, Estelle Pons, Fernanda Ostrovski, Matt Auger, Manda
Banerji, Vidhi Lalchand
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Astronomy ESFRI & Rest

-9 HOW MANY STARS WILL THERE BE IN THE SECOND GATA DATA R_ELEASE?

position & brightness on the sky

1692 919 135

radius & luminosity

76 956 778

radial velocity
14 099 l Fty amount of dust along
Solar System 7 631 the line of sight

objects

87 733 672
550 737 -

variable sources

www.esa.int 2 ' The second data release of ESA's Gaia mission is scheduled for publication on 25 April 2018. European Space Agency
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Example of junk’ issues with
Imaging Data

e XXL-SDSS-DES sample = 1497 sources

* But 13% of them (197 sources) do not have a DES i,
magnitude

Not due to a non-detection
Y det i i Y det
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VDES J2325-5229 a z = 2.7 gravitationally lensed quasar discovered using
morphology-independent supervised machine learning: GMM

gri i Model Residual
' »
6.. - % »
- » - -
s T o‘ - e
' - .
el ¥ g
-’ o 5
- .
. = -
V‘ '. - e -
J2325-5229 asa g, r, and i DES Y1 colour composite, an i-band image, an i-band
image model and the residuals from subtracting the model from the image. All .
cutouts are 10.0 arcsec in size. North is up and East is left. Rate Of dISCOVE I’V Of le nsed quasa rs
80
H ALL (n=212)
70
60

50

40

30

20

0
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Evolving Compute/Memory
Analytics Architectures

Steve Pawlowski

Vice President, Advanced Computing Solutions

September 17, 2018

©2018 Micron Technology, Inc. Al ri ghlsmserved Information, products, and/or specifications are

subject to change without n t| - Alli nfrm afion pmvdedona “AS IS” ba: |sw|th ut warrantie: f
any kind. Statements including regarding their features, availabii Iuncﬂonllty
compatibility, areprovd d for irm tion: Ip urposes only and do not modify the warranty if any, ®
applicable to any produ dmew ngs may not be to scale. Micron, h e Micron logo, and all other M[:mn
trademarks are the property of Micron Te! chmbgy Inc. All other frademarks areth e property of theil
respectlveawners.
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Neural Network HW = JBOM - “ Just a Bunch of MAC’s/ External
Memory and on-chip cache”

“Systolic Style” Architecture

ldata in

— [ A — cataou
datain

Simple Pipelined Design

/ l Disadvantage
Low Utilization
Hard to map algorithms
external data out
—
Memory

Fine Grained Architecture
\ m_
of “Multiply and Accumulate”

blocks connected to External m_
Memory

Advantage:

High Utilization/Efficiency
Disadvantage

Complex HW/Compiler

At their core, all Machine/ Deep
Learning Machines are large array

Source: FWDNXT Inc.

16 9712018 Mcron'
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Looking Forward —
Stacking Memory on top of the ML Compute fabric, we can get high bandwidth,
low energy and...yes...capacity.

Programmable, scalable platform as processor in memory
Memory vault

NoC Parallel cores
architecture

| Buffer | | Buffer |
[MAc][mAC] | | [MAC][MAC]
[mac][mac] || [mac][mAc]

Logic die

for neural computing N Processing Engine

o
PIM based accelerator

Hybrid Memory Cube (HMC)
Heterogeneous integration Q1. Neural computing Iay‘er ‘should meet
. Flexible logic die design thermal and area constraint in 3D stacked
o DRAM
5"» Q2. NeuroCube should be programmable
Arica‘ed by Micron to cover different types of nheural network
[J. Jeddeloh "12 TVLSI]

[Kim et al., NeuroCube, ISCA 2016]

"Combining memory and processing resources in a single device has huge potential to increase

the performance and efficiency of DNNs as well as others forms of machine learning systems.

It is possible to make a trade off between memory and compute resources to achieve a different
balance of capability and performance in a system that can be generally useful across all problem sets.”

- https:/ /www.graphcore.aifblog/why-is-so-much-memory-needed-for-deep-neural-networks

9712018 Mcron'
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How can you implement Deep Learning now... For larger networks/larger memory capacity
Deep Learning processor

- High Performance Memory

. Best performance per power
Accelerator cores 1024 MAC units @ 250 MHz
2tz 2 Peak Throughput 512 G-ops/s
- Best Utlllzat'on Architecture Fined Grain Cached Architecture
X X Memory DDR4 and High Perf Memory
- Efficient use of memory bandwidth Mermory B/W P—
L lat Power (Board) 48 W
- Low latency
- Scalability: IoT to cloud
D féhcron't
25 91712018 ‘fﬁcron' 26 1 9/17/2018 4\4’|cron'
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Conclusion

* Al/ML/NN techniques are widely used in HEP,
astrophysics and radio astronomy

* A collaboration with industrial partners is
guite common

* Specialised hardware is under development

* There are many areas for collaboration in SKA
and CERN data analysis related to ML in the
frames of the OpenlLAB.
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