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Applications of Gravitational Lensing

- Test the theory of GR - Mass distribution of lenses - Structure Formation History
- Geometry of the space - Dark matter substructures
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“Looklng for needles ina haystack ”
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Machine Learning and Lens-finding

Training Phase

Labels Machine
Eaat Learning
Images > Sa -1 Features Algorlthm
Extractor
Prediction Phase y
Feature Trained
Image > Exiractor || Features Classifier Label




- , 4
. - Dy
.. ‘e
. - .

ng Lensing




Supervised Machine Learning

Training Phase
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o Machine
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Avestruz, Li et al. 2018
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Supervised Machine Learning

Training Phase
Yes or

No Machine

98x8, Bx3 o] 4x4, 3x3 L -
04 04
: : earning
02 02
01 01

00

8x8, 1x

07

06

0s

Algorithm

H ] H OG .7; yyyyy

Prediction Phase

Trained
Image * HOG g Mﬂm]"m’i Classifier Yes

Avestruz, Li et al. 2018




Machine Learning Algorithms

Supervised Learning
Logistic Regression
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Training
Set

Validation
Optimal ModeP€!

Accuracy

C
(Increasing Model Complexity)

Model must be regularized to prevent
over-fitting. Cross validation on a
separate test set is used to decide the
optimal amount of regularization.



Supervised Machine Learning

Training Phase

Yes or .
No ™ Linear
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Avestruz, Li et al. 2018




Receiver Operating Characteristic Curves
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True Postive Rate

—— HOG HST, AUC = 0.976
—— HOG Stack-LSST, AUC = 0.809
—— HOG Single-LSST, AUC = 0.625
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False Postive Rate Avestruz, Li et al. 2018




Supervised Machine Learning (DL)

Training Phase
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R.0.C Curves (DeeplLens vs HOG)
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Detected Images in LSST Mocks

Lanusse, Ma, 'Li et al. 2017



Sorted by area under the ROC curve
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Team_name_submit type AUROC TPRO TPR10 description_short author.1
1q resnet_ground_7bf8089 Ground-Based 0.9814321 8.993713e-02 0.4534297041 CNN Francois Lanus;E_J
10 —DeepLens—-Resnet-Voting Ground-Based 0.9804913 2.445130e-02 0.1027/314963 CNN Quanbin Ma
20 LASTRO EPFL (11i) Ground-Based 0.9749255 7.493794e-02 0.1131977256 CNN Mario Geiger
3 cas_convnet_mean Ground-Based 0.9634215 2.022629e-02 0.0761790327 CNN Colin Jacobs
22 Ground Ground-Based 0.9557059 0.000000e+00 0.0071018193 CNN Emmanuel Bertin
23 Ground Ground-Based 0.9557059 0.000000e+00 0.0071018193 CNN Emmanuel Bertin
24 Ground_fixed Ground-Based 0.9557059 0.000000e+00 0.0071018193 CNN Emmanuel Bertin
25 Ground_fixed Ground-Based 0.9557059 0.000000e+00 0.0071018193 CNN Emmanuel Bertin
9 Philippa Hartley2 Ground-Based 0.9310191 2.237273e-01 0.3453159911 SVM / Gabor Philippa Hartley
7 Philippa Hartley Ground-Based 0.9293543 2.123763e-01 0.3316908714 SVM / Gabor Philippa Hartley
27 Manchester-NA2 Ground-Based 0.8913778 2.803645e-04 0.0075297887 Human Inspection Neal Jackson
28 Manchester-NA2 Ground-Based 0.8913778 2.803645e-04 0.0075297887 Human Inspection Neal Jackson
29| Manchester-NA2-Submission2 Ground-Based 0.8913778 2.803645e-04 0.0075297887 Human Inspection Neal Jackson
30LManchester-NA2-Submission2 Ground-Based 0.8913778 2.803645e-04 0.0075297887 Human Inspection Neal Jackson |
4| All-star Ground-Based 0.8365358 7.181615e-03 0.0186123524 edges/gradiants and Logistic Reg. Camille Avestruz |
13 CAST-GB Ground-Based 0.8347916 2.005535e-05 0.0003810517 CNN / SVM Clecio Roque De Bom
31 YattalensLite Ground-Based 0.8191702 2.194382e-04 0.0021145867 SExtractor Alessandro Sonnenfeld
16 LASTRO EPFL (13b) Space-Based 0.9325338 4.773626e-03 0.0779692201 CNN Mario Geiger
8 | resnet_bdOaad0 Space-Based 0.9225303 2.206807e-01 0.2904204271 CNN Francois Lanusse I
15 GAMOCLASS Space-Based 0.9210117 7.416406e-02 0.3570444584 DL / CNN Marc Huertas-Company
6 CMU-DeepLens-Resnet-Voting Space-Based 0.9145407 0.000000e+00 0.0082046692 CNN Quanbin Ma
1 space Space-Based 0.9143197 6.755404e-04 0.0127852282 CNN Emmanuel Bertin
19 res_bottleneck_87b7e8a Space-Based 0.9068996 7.506005e-05 0.0038030424 CNN Eric Ma
32 CNN_kapteyn Space-Based 0.8179482 1.000625e-04 0.0002001251 CNN Enrico Petrillo
21 CAST-SB Space-Based 0.8128851 6.909326e-02 0.1186942145 CNN  Clecio Roque De Bom
5 Manchesterl Space-Based 0.8101726 7.354597e-03 0.1739837398 Human Inspection Neal Jackson
18 ilippa Hartley pace-Base e- abor ilippa Hartley
17 Philippa Hartley Space-Based O 8012731 2. 934848e 02 0. 0717323859 SVM / Gabor Philippa Hartley
12 Attempt2 Space-Based 0.7626792 0.000000e+00 0.0008265498 CNN / wavelets Andrew Davies
11 YattalensLite Space-Based 0.7622929 0.000000e+00 0.0003502802 Arcs SExtractor Alessandro Sonnenfeld
2d All-now Space-Based 0.7346352 4.900040e-02 0.0659031545 edges/gradiants and Loglstlc Reg Camille Avestruz I
2 GAHEC IRAP 1 Space-Based 0.6580909 1.127113e-03 0.0090920476

Bl \Vetcalf et al. 2018



Machine Learning and Lens Modelling




Machine Learning and Lens Modelling




Predictions vs True Values

Predicted vs True Einstein Radius for c=0°
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More details in James’ Talk tomorrow.
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Machine Learning and Crowd-sourcing

Machlne Learnln
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COMPUTER VISION: WESTERN SHIELD — CAMERA MICROSCOPY MASTERS POPPIN' GALAXY
SERENGETI WATCH

www.zoohiverse.org

SNAPSHOTS AT SEA COMET HUNTERS JUNGLE RHYTHMS SHAKESPEARE'S WORLD
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Crowd-sourcing and Lens-finding (CFHTLS)

No. of classifications

Example Subject Trajectorles
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Crowd-sourcing and Lens-finding (CFHTLS)

J0902484-010232 | J143100.2+56%603 .1143353.6+54810 J220215.2+012124 | J221306. 1500708

..0' ' »

SW36 ‘.7

J2M519.7+005758 | _J221716.5+015826 J020810.7-040220 J021021.5-093415 J021225.2-085211
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More et al. 2015



Crowd-sourcing and Lens-finding (DES)
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Crowd-sourcing and Lens-modelling

Draw an ellipse to
model the lens

Move the cursor to
reconstruct the image

Mass Model
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Save Lens Models

Source Model

Draw an ellipse to
model the source

Image Plane

Predicted images

< Save Models
< Load Models
% Upload Images

Load Mass Models Upload Lensed Images



http://linan7788626.github.io/pages/LensWranglerPlusPlus/

= http:llrlnianear;'?e788626.github.ig{cpeaganeeslAMNH Hoopm!ael S



http://linan7788626.github.io/pages/Hoopla/
http://linan7788626.github.io/pages/Hoopla/
http://linan7788626.github.io/pages/AMNH_Hoopla/
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Gravitational lensing is useful, but we will encounter some problems
in the upcoming Big Data Era, such as identifying and modelling strong
gravitational lenses.

Deep learning works better than traditional methods and human eyes
in the detection of SG lenses. Lens modelling can be improved by
utilising deep learning (automatization and higher efficiency).

Crowdsourcing is an alternative way to deal with the problems of
lens-finding/modelling in the big data era; it is primitive cooperation
between humans and machines.

The problem mentioned in the introduction can be solved with
machine learning or/and Crowdsourcing. More such problems in
astrophysics and cosmology will be solved in the same way.



In the Near Future

e Apply the plpellnes to the data of large scale sky surveys

The DES Survey LI RN L | THe DECals Survey
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CMU-DeeplLens



0
C
T
-
a
Q
Q
(-
=
>3
U
U
=
T
S
3
)
U
T
=
£
v
=
<

EXEXTIG

:az1s ndjno

9X0X9Gg

:az1s ndino

CIXTIX8CI

:az1s ndgno

ETXETXTI

:29z1s mdino

GPXGYXTE

:a9z1s ndino

28284

:az1s ndino

prowss ‘T of

[ood 3ne |

N

C19-992-1NsY

T

C19-992-1°NsY

T

2/ ‘219-992-19NS*YT

4

N

9G2-8CT1-1°NSYH

T

9GZ-8CT-1ONSY

T

2/ ‘99782 T-19NSoYT

4

N

8CT-79-1ONSY

T

8CT-79-1°ONS9Y

i

Z/ ‘8T1-¥9-19NSY

\

N

79-CE-1PNSY

P

79-CE-1PNSY

T

z/ ‘v9-2E-19NSoY

4

N

CE-9T-1ONSY

T

CE-9T-1ONSYH

a5

GE-9T-1ONSY

4

N

‘N'g‘NIA

¢€-LX), AUO)

l

a3ew]

The first block is a single convolutional layer with an ELU activation function

and batch normalisation. The last block is a single fully connected layer with
a sigmoid activation function, which outputs a probability between 0 and 1.

Lanusse, Ma, Li et al. 2017



The Vanishing Gradient Problem

20p

&%,
N —_ <
= S 56-layer
— ~
C S
t —_ 7 -l TE
O 10k g 10k -0 I(i'\trr
ch L
k= S6-layer =
£ 5
E —
- 20-layer
0 - { -
{0 1 5 6 0 1 5 s

> 3 A ) 3 3
iter. (1e4) iter. (1e4)

Increasing network depth leads to worse performance



I D S R — Lanusse, Ma, Li et. al. 2017

Input [32xNxN] llnput [32xNxN]

\ g The building blocks of a residual
- ol pestty network architecture.
4

Non Linearity

N

1x1, 64, /2 || 1x1, 32, /2

e Left: Undecimated ResNet-16-32

¥
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Non Linearity

Conv 3x3, 16 onv 3x3, . .
[Cone 9 19 e Right : ResNet-32-64,/2 unit
S s simultaneously increasing the

Non Linearity Non Linearity

depth of the output (from 32
channels to 64) and down-
sampling by a factor 2 its
resolution.
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Output [64x(N/2)x(N/2)]

(a) ResNet-16-32 (b) ResNet-32-64, /2



