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Coordinating overall ML for ZTF
Help (and problems) always wanted
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rb -> drb (‘braai’)
rf -> CNN
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Duev et al.
Next talk



Deep Learning with AStreaks
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“apmag.15.4 score 5%\

These are ghosts and dementors

This is how a real asteroidow@k. Short

streak. : P e
. i : apmag 16.3 score 63
" apmag 17.1 score 71

Another satellite trail

A satellite trail. Note that part of it is masked out,
and the unmasked trail is longer.

apmag 16.2 score 63

A masked bright star

What kind of streak do you see?

@® Asteroid (short streak)

Satellite (long streak - could be partially
masked)

@® Masked bright star

® Dementors and ghosts
® Cosmic rays

@® Naked stars

® Yin-Yang (multiple badly subtracted stars)

Skip (Includes 'Not Sure' and seemingly 'Blank

Images')

Need some help with this task?

Show the project tutorial



DeepStreaks

sl

vgg6
> 0.5

Yes

Plausible
candidate

Figure 2. Decision logic used by DeepStreaks to identify plausi-
ble streaks. The problem is split into three simpler sub-problems,
each solved by a dedicated group of classifiers assigning real vs.
bogus (“rb”), short vs. long (“sl”), and keep vs. ditch (“kd”) scores.
At least one member of each group must output a score that
passes a pre-defined threshold. See Section 2.1 for details.

CNNs

Duev et al.
Next talk
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Deconvolution
SUREF project

Object Blurred Deblurred Shubhranshu Singh (lIT-G)
Mentor: A Mahabal
Co-mentor: D Duev

—

C nnmlulmn Deconvolution

Point
Spread
Function

Point Point

If the PSF is known:

* Wiener Filtering
« Based on Fourier transform of the signal, the PSF, and the noise
 CLEAN
* Approximate point sources by delta-functions
 Maximum Entropy
* Fits the data with maximum entropy
* Richardson-Lucy
* lterative method - Bayesian methodology

If the PSF is unknown - Deep Learning



X

Image pairs of convolved and clean images required

Clean images: HST's WFC3 (normalised to [0, 1])

Convolved images - use ZTF PSF
HST data (For training)

2K by 4K FITS images

UV filter with 32 bits per pixel
ZTF data (For testing)

3K by 3K FITS images

g/r filter with 32 bits per pixel
During training - cropped images used

Simulated data - Using PyYRAF mkobjects and starlist commands

1000, 256x256 images with 5-15 gaussian sources

Background with poisson noise Shubhranshu Singh



Autoencoder

. | BN - Batch-Normalisation

32 filters 16 filters(with BN)

Input Image 64 filters 16fiters 32 filters 64 filters(with BN) Output (1 filter)

Contains 2x2 max-pooling From Mirapy library for Astronomy Contains 2x2 upsampling Ll vl

Input images - 64x64, 256x256 and 512x512 for different experiments.
500 epochs, Adam optimizer, learning rate of 104 (for 256x256 images)

Training set Validation set Test set
HST data 1450 images 162 images 180 images
Simulated data | 810 images 90 images 100 images

Shubhranshu Singh




Typically used - L2-norm and L1-norm

Modified loss function - mixture of L1-norm and multi-scale structure similarity (MS-SSIM)
MS-SSIM - Calculated using mean and variance of the data, at various scales.

Zhao, Hang, et al. "Loss functions for image restoration with neural networks."
Wang, Zhou, Eero P. Simoncelli, and Alan C. Bovik. "Multiscale structural similarity for image quality assessment."

£.\I.s' .s‘.s‘l.\l(l) — 1 - MS-SSIM([]) C.\Ii.r —).8. E.\I.S‘ SSIM + (0.2 - L4

Results on Simulated Data

Convolved Image | Original model Added layer Deeper Model
Average PSNR 43.99 dB 48.5 dB 51.74 dB 47.83 dB
Max. PSNR 46.80 dB 51.23 dB 55.03 dB 51.84 dB
Min. PSNR 40.11 dB 37.87 dB 40.06 dB 33.6 dB

PSNR - Peak Signal-to-Noise Ratio

HST data + ZTF PSF

Shubhranshu Singh deconvolved



Autoencoder results

ZTF image

Shubhranshu Singh



Generative Adversarial Network (GAN)

Posit Neqat

Real or fake pair?

e
n=—1

Real or fake pair?

=
- —

G tries to synthesize fake o
images that fool D

D tries to identify the fakes

[Isola et al. CVPR 2017)

Convolved
deconvolved

deblurGAN

Shubhranshu Singh



ResNET

IIIIII OUt

He, Kaiming, et al. "Deep residual learning for image recognition."

Input

4 ResNet Blocks
64 filters

Output

y
3x3 Conv
1 filter

Total parameters - 261,761

Shubhranshu Singh



deconvolved
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Mag(Deconvolved) vs Mag(ZTF image)
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Remove artifacts near bright sources

Use a better PSF model

Improve the ResNet architecture

Make a pipeline for processing 3k x 3k ZTF images



RNN - Vinu (ZTF)
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NN

=0 (W, |hi_y,2¢])

ry = ()’(“.;- - [h{—l-J'fI)

he = tanh (W - [re # heoy, 7))

hf = (l — :f) *h’_l + 2 *ill

Image courtesy: https://colah.github.io/posts/2015-08-Understanding-LSTMs/

SURF project
Vinu Sankar (lIT-G)
Mentor: A Mahabal

Co-mentor: M Graham

Wavenet
Dilation
Long range
But needs to be deep.
Seqg2seq
© 0 © 0 © 0 0 © 0 0 0 0 © 0 0 .9 onu
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Figure 3: Visualization of a stack of dilated causal convolutional layers.

Error associated in mag.

Irregular temporal gaps, sparse data.
Padding inputs for RNNSs.

RNNSs tend to forget long Ics.
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Tackling challenges

Stitching

v

T
o

dt as input to RNN.
Use GRUs or LSTMsl'l instead of vanilla RNN cell.
Drop points with dt > 4 months.
Stitching instead of padding.

hy — GRU Cell 1 GRU Cell 2
Input: [dt, mag] [dt, mag]
Time: t, t,

Class
probability
scores

|

[ MLP

GRU Cell

} Output layer

} Classifier

} Feature extractor

} Input layer
Vinu Sankar



Static RNN models
Zero-padding
Stitching
GRUCell, FastGRNNCEll, various hidden units 16, 32, 64, 128

Dynamic RNN models
Bucketing in batches
Masking
Various inputs
dt, mag], [dt, dm], [t-to, dt, dm, mag, magerr], [dt, mag, dm/dt, t-to]...
nputs tried with/without normalizing
Drop points with dt > 4 months

Best model:
Static RNN with stitching, drop dt>120, input [dt, mag] (normalized)

Vinu Sankar
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RNNs and delta-ts j:
A
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T
-
X ® >
THAL A I
. . . [emn] (O]
using for multiple filters | s
& *) &)
http://colah.github.io/posts/2015-08-Understanding-LSTMs/
X: Input time series (2 variables); M: Masking for X;
s: Timestamps for X; A: Time interval for X,
X='47 49 NA 40 NA 43 55] M=-1 1 0 1 0 1 1]
INA 15 14 NA NA NA 15| 0 1 1 0 0O 0 1.

. . A _[00 01 05 15 06 09 06
s=10 01 06 16 22 25 3.1 00 01 05 1.0 1.6 19 25.

Figure 2. An example of measurement vectors x;, time stamps s,, masking m,, and time interval §,.

Che et al. 2018 Nature DOI:10.1038/541598-018-24271-9

Naul et al. (encoder-decoder)

Best model: Static RNN with stitching, drop dt>120, input [dt, mag] (normalized)
96% for easy classes

Should certain delta-ts be ignored?



Output Attention

$ vectors
Encoded =~ 1
sequence f
Encoder Attender
RNN RNN
Y N
Input Input Time Steps
Activation

Using transformersl'!
Combining CNN + RNN
Train on ZTF + CRTS
Teston ZTF

Vinu Sankar



Plans

- Classification: Variable sources [+architecture] (JKM, UW)

- Visualization to understand/improve transient classification
- BTS (Adam Miller)

- Deep Coadds (Danny Goldstein)

- Zooniverse with light curves (Richard Walters)

- RNN (visiting postdocs)

- Transfer learning (UNC)

- Asteroid light curves? (Rex)

- Babamul [broker]

- Gaia/ALERCE synergy

Help always needed
Thursday 2 PM meetings
Coordinating overall ML for ZTF

aam@astro.caltech.edu
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features/variability -> classification

[Hackday possibility]



Abszalute nag

Abszalute mag

Timescale-Luminosity plot (Dan, Anna, ...)
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advanced dynamic plotting -> filtering/discovering ...

[Hackday possibility]




Planned Zooniverse Campaign

1.5 1.0 0.5
Days Prior to Event

Fainter sources

ndet >=2

ssdistnr > 8

Exactly 1 source within 30 arcsec

DIFFERENCE

drb > 0.8

DO+ |+

TASK

Is the object seen in the center
image real or bogus.

kKeal

Bogus

Skip

NEED SOME HELP WITH

TASK

What type of real is the object

Orphan Transient

Variable

Supernova

Other

Back

TUTORIAL

of the difference

TLII® TAOKS
HIS TASK?

TUTORIAL



ZTF Brokering architecture

kowa I S ki ML/DL models Kafka consumer

.t |

HTTPS python client Light curves
\ s moneo External
- - b GUI > . g Catalogs
traefik.io h
reverse proxy / : . .
multiple aiohttp instances i i
load balancer managed with gunicorn zwmkwerse for Iabellng
Data: DA TSN s
125M alerts, 2.5B light curves : (=
Brokers:
Alerce, ANTARES, Lasair, MARS, ...
GROWTH, AMPEL, kowalski
Followup:
SEDM, BTS
TNS

63 53 e 3
Showing 1 to 20 of 327 rows m rows per page < 2 3 4 5

©ZTF 2018 Q)



Visualization for interpretability

A. Activation Maximization
* |nitial layer ftilters easy to visualize
* (Generate input image that activates later filters
B. Saliency Maps
» (GGradient of o/p category wrt input image
* Understanding attention of the classifier
C. Class Activation Maps
Gradients based on first dense layer
Spatial information still intact

F t Hidde Hidde
Inputs
A l@23x24 64C21 x22 64(‘11 x11 128@7 x7 256@3 x3 512 512

ch \HB

) S )
3x3 kernel 2x2 kernel 5x5 kernel 5 5 kernel cccccccccccccccc

https://raghakot.github.io/keras-vis/
Ashish Mahabal 25



Light curves

dmdts

Trainir

Test dmdts

/

Periodic CNN
Classifier

\

Class-specific training

=

Saliency-based v
Attention Maps 4 I
piX2pix
Gradient-weighted Conditional
Class Activation Generative
Mapping Adversarial Net

.

Class
Predictions

Blanking Experiment

'

Input-specific
Visualisations

Class-specific
Visualisations

AL

(

XAl

Explaining Al

\

Meet Gandhi



