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L Grovrtotronol Iensrng,_w ccurs when a massive
celestial body IS heolvy.:_,‘___ ugh to bend the
pdth of Ilght | . |

:-F_h e
&

° However for some observed lenses,
' normdl motter there does not hove enough
grovrty to bend spdoetlme .« T — ‘\a

= -

e ThIS suggests the exrstenoe of a new matter,
dark matter
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THE SHAPE OF GL DETERMINES
THE TYPE OF DARK MATTER

AXION DARK MATTER COLDDARKMATTER oo Bl Ry JRE
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RELATED WORK

1.CLASSIFICATION OF SIMULATED GLS
WITH DIFFERENT TYPE OF DARK MATTER:

Deep Learning the Morphology of Dark Matter Substructure

Stephon Alexander,!>? Sergei Gleyzer,? Evan McDonough,>? Michacl W. Toomey,?’ H and Emanucle Usai?

1 ] )
Broum Theoretical Physics Center, Brown University, Providence, RI, USA
2 : : . . )
Department of Physics, Brown University, Providence, RI, USA
* Department of Physics and Astronomy, Unwversity of Alabama, Tuscaloosa, AL, USA
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= No Sub (area = 0.99816)
= Part. DM Sub (area = 0.98453)
= SF DM Sub (area = 0.96766)
Macro-average (area = 0.98353) ResNet
AlexNet

= DenseNet
—_— GG

0.4 0.6 0.8 1.0
False Positive Rate

FIG. 6. ROC curve for multiclass substructure classification . - | - :
Z ; 0.4 0.6 0.8

with ResNet, as discussed in Hmtmn[ *3; False Positive Rate
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RELATED WORK

Model MSE PSNR SSIM

Deeplense / Super_Resolution_Pranath_Reddy / N RCAN 0.00089 30.50028 0.56995
Residual Dense Network (RDN) 0.0009 3049815 0.57196

SRResNet (18 Blocks) 0.0009 30.49482 0.57325

Super-Resolution for Strong Gravitational
. EDSR 0.0009 30.49347 0.57424
Lensing
FSRCNN 0.0009 30.45184 0.56641

LICENSE - @ PYTHON ()

This work was done as part of Google Summer of Code (GSoC) 2023

Hybrid FSRCNN (Feature Extraction Layers -

i : ) 0.00091 3042472  0.57249
Equivariant, Upscaling Layer - Convolutional)

Bilinear Interpolation (Baseline) 0.00333 24.7818 0.30323

Equivariant FSRCNN 0.08281 19.35347  0.54386
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RELATED WORK

3. PHYSICS-INFORMED NEURAL NETWORK
BASED SUPER-RESOLUTION

Physics-Informed Unsupervised SERSIC PROFILE
Super-Resolution of Lensing

Images: GSoC 2024 x ML4Sci I( R) - IG exp( — L R]; n

o Anirudh Shankar ( Follow ) 15minread - Nov3,2024

Learnable parameters
IS Input / output

Intermediate representations

Deterministic transforms

~ -'. -
G = A i 4 : ?
- ik o\, y) 1 S=1- a'(_-Tt H} | | jll = L:‘u_'l’.tl-.' O {__J", y] -
. Deflection angle y -

extracted . . 4 - : Tt

froem tha LR images Source image ( S) Source image Lensing images
3 . e \ dges . e ALl
lensing images reconstructed fit on upscaled

(r) using the lensing a 5ersic__ to the required

Low resolution

equation source ( Suirsia) resolution
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LIMITATION OF EXISTING METHOD:
THEY ONLY USE SIMULATION DATA

O ™

REALITY IS ALWAYS MORE DIFFICULT




PAGE 09




PAGE 11

Y
HERE COMES ANOTHER PROBLEM,

OBSERVED DATA ARE TOO SMALL

300
10000
SIMULATED OBSERVED
HR-LR PAIR HR-LR PAIR




OUR SOLUTION:
TRANSFER LEARNING

‘ Theory ‘

Lens-searching Lens equation

~

‘ High resolution simulated GLs

g o
High resolution GLs
- . . (J ) °
Classification
GLs with different °
Dark matter +

substructure

Figure 1. General Scheme in the search of Dark matter
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VIL
Se

Google Machine Learning
Summer of Code for Science
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EVALUATION
METRIC

1. MSE: measure average pixel-wise difference
2. SSIM: measure local variations and textures
3. PSNR: Peak Signhal-to-Noise Ratio
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MODEL USED

1.RESIDUAL CHANNEL ATTENTION NETWORK(RCAN):

. Residual sroun 4 Residual channel
S ' attention block

' Upscale Element-wise

module s

Long skip connection
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MODEL USED

2. SUPER-RESOLUTION RESIDUAL NETWORK(SRRESNET):

Generator Network B residual blocks

k9n64s1 ' k3nb4s1 k3n64s1 k3n64s1 k3n256s1 kK9n3s1

PixelShuffler x2

skip connection
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MODEL USED

2. SUPER-RESOLUTION RESIDUAL NETWORK(SRRESNET):

Generator Network B residual blocks

k9nB4s1 | k3nb4s1 k3n6ds1 ' k3n64s1  k3n256s1 k9n3s1

Discriminator Network k3n128s2 k3n25652 k3n512s2
k3n64s2 k3n128s1 k3n256s1 k3n512s1

PixelShuffler x2

skip connection

Leakyr RelU
Leaky RelLU

Figure 4: Architecture of Generator and Discriminator Network with corresponding kernel size (k), number of feature maps
(n) and stride (s) indicated for each convolutional layer.
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SIMULATED
DATA RESULT

Bilincar RCAN | SRResnet | SRGAN
(baseline)

0.00006921 | 0.00006035 | 0.00005981 | 0.002784

0.9756 0.9772 09765 | 0.5664
41.64 42.23 42.27 26.52
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SIMULATED
DATA RESULT

Bilinear(baseline) 1 1 Bilinear{baseline|

RCAN SRResnel SRGAN SRResnet

HR Bilinear i Bilinear

LR

SRResnet SRGAN ShResnet

(a) Sample 1 (b) Sample 2
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TRANSFER LEARNING

e After obtaing our base model, we can apply our model on real data




FAYERIEREEZING

Feature extraction Upsampling
layer layer

EINESLUNING

SMALL LEARNING RATE

) ) e

' . .
Freeze Train Train Train
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e Unfreeze all layers and use a smaller learning rate to train

Troun Troun



OBSERVED DATA
RESULT

_.B llllli‘EEiI‘% RCAN | SRResnet | Unpretrained RCAN
(baseline)

0.01010 | 0.004488 | 0.004609 0.008310
0.4467 0.7756 0.7388 0.3280
24.05 32.57 29.99 24.58
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Bilinear(baseline)

SRResnet Unpretrained RCAN

Bilinear

SRResnet Unpretrained RCAN

RCAN

Bilinear{baseline)

SRResnet Unpretrained RCAN

Bilinear

SRResnet Unpretrained RCAN
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