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What is ML?

Geneva University , Jan, 2020



* What is Machine learning?

* What is Dimensionality reduction?
* What is Clustering Analysis?

* What am | doing with ML"?



What is Machine learning?
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Classification vs. regression

Classification

Regression



Supervised vs Unsupervised

Unsupervised Learning




What is Dimensionality reduction?




Featura 1

Feature 2







What am | doing with ML?
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Inpainting CMB

. . |
i
o 5
| o E

N
f.....
1

N S
S e NS el







=3




Medical physics
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Mining
COSMIC
datasets

+some cool DS stuff

Alireza Vafaei Sadr
IPM, Tehran

Geneva University , Jan, 2020



Outline

v Cosmology and BIG data

v A Quick Review of Applications
v Anomaly detection

v DRAMA

v’ Future directions



COOL GREAT
QUESTIONS DATA

POWERFUL
TOOLS



Cosmology/Astrophysics
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E. Siegel, with images derived from ESA/Planck and the DoE/NASA/ NSF interagency task force on CMB research. From his

book, Beyond The Galaxy.



Cosmology and
Big data |

Data rate (bytes/night)

VLT SDSS VISTA LSST TMT
(1998) (2000) (2008) (2019) (2022)

Big Universe, Big Data: Machine Learning
and Image Analysis for Astronomy

Jan Kremer, Kristoller Stensbo-Smidt, Fabian Gieseke, Kim
Stecnstrup Pedersen. and Christian [gel
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A quick review on what people have done



Classification
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Galaxy zoo challenge

https://www.galaxyzoo.org/
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Classifying the Large Scale Structure of the Universe with
Deep Neural Networks

e ' ol o=
ML.A. Aragon-Calvo
Unstituto 'de Astromoméa, UNAM, Apido. Pextal 106, Ensenada 28500, B.C., Mérico
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Detection
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Learmn-AsYou-Go Acceleration of
Cosmological Parameter Estimates
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field, using machine-learning technigues
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Data cleansing




io frequency interference mitigation using deep convolutional neural
networks

Joél Akeret**, Chihway Chang®, Aurclien Lucchi”, Alexandre Refregier
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(leaning our own Dust: Simulating and Separating Galactie Dust Foregrounds with Neural Networks

K. Avror.'! M. Hag? L. Knox.' Y. HeEzaved.** AND L. PERREAULT-LEVASSEUR™ ™



Crravitational Wave Denosing
of Binarv Black Hole Nereers
with Deep Learning
Wed Wei™" 1 A, Huerla®
Denoising Weak Lensing Mass Maps with Deep Learning
Vsl Shienasiided ! n Nucdd Yishidn, 2" % il Shidedd Tk lp™"®

DENOISING GRAVITATIONAL WAVES WITH ENHANCED DEEP RECURRENT
DENOISING AUTO-ENCODERS

Hong v Shen’ Danivl Gearge® Elin. A, Huerta™?  Zhizhen Zhao'?
Separating the EoR signal with a convolutional denoising
auntoencoder: a deep-learning-based method
Weitian Li, ' Harguang X b2 Zhisinn Ma? Ruimin Zho? Dan Hul! Zhenghao Zha,!
Junhna G Chenxi Shan,' FHe Zhy? and Xisng-Ping Wi®
Solar image denoising with convolutional neural networks

C ) Dine Baso', 3. de la Cruz Rodiigues’, and 8. Danilovic!



Simulation

CAN: Creatuve Adversarial Networks
Generuting “Ant™ by Learning About Sty les and
Deviating from Style Norms'

Abned Flgummal’ . Bippchen Lin'  Mohamed Flhoseiny®  Maorin Marane’



PROGRESSIVE GROWING OF GANS FOR IMPROVED
QUALITY, STABILITY, AND VARIATION

Tero Karras Timo Aila Samuli Laine Jaakko Lehtinen
NVIDIA NVIDIA NVIDIA NVIDIA and Aalio University

https://towardsdatascience.com/do-gans-really-model-the-true-data-distribution-or-are-they-just-cleverly-fooling-us-d08df69f25eb



Cosmological N-body simulations: a challenge for
scalable generative models

MNathanagl Perraudin® | Ankit Srivastiava®, Avrellen Lucchi®, Tomass Kacprzak®, Thomas Holmann® and
Alexandre Réfrdgier’
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From Dark Matter to Galaxies with Convolutional
Neural Networks

Jucky L. T. Yip'
SNimyuoe Shang Yanlung Wang YWiol Shang Yuegiv Son”
s alirtie Mo o R dhin, Fromicson Villneseis-"avmrio, Shve He, Shy Goenel, Shirley Hi

Deep learning dark matter map reconstructions from
DES 5V weak lensing data

Nindl Joffrev,!* Fravcots Lanusse—, Ofer Lahav', Jean-Luce Starck’
Learning to Predict the Cosmological Structure
Formation

Siyu He Wi LT YufFeng! L Shiley Ho' C T Slamak Amvanbakheh®, Wel Chent, ant BEernabas Poczos”

CMB-GAN: Fast Simulations of Closmic Microwavoe backpround Anisotrapy maps
using Deep Learning

Atntt o disbira®, Praoaikl Redddy™, Babal Pogam®
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SC-FEGAN: Face Editing Generative Adversarial Network with User’s Sketch
and Color

Youngjoo Jo Jongvoul Park



https://arxiv.org/pdf/1905.08233v1.pdf



Anomaly detection

The light from quasar pairs reach Earth, although some were absorbed by the gas in the cosmic web, Springel et al. (2005) (cosmic
web) / J. Neidel, MPIA
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Figure 1 A plot of recent major astronomical dis-
coveries, taken from ([Ekersi2009). of which seven
were “known-unknowns” (i.e. discoveries made
by testing a prediction) and ten were “unknown-
unknowns” (ie. a serendipitous result found by
chance while performing an experiment with dif-
ferent goals). The data in this plot are taken from
Wilkinson et al| (2004).

Norris, R. P. (2017). Discovering the unexpected in astronomical survey data. Publications of the Astronomical Society of Australia, 34.



Table 1 Major discoveries made by the Hubble Space Telescope (HST). Of the HST s “top ten” discoveries

(as ranked by National Geographic magazine), only one was a key project used in the HST funding proposal

QI.E-_H“({I] 2012). A further four projects were planned in advance by individual scientists but not listed as

key projects in the HST proposal. Half the “top ten” HST discoveries were unplanned, including two of

the three most cited discoveries, and including the only HST discovery (Dark Energy) to win a Nobel

prize. This Table was previously published by !ﬁurris et al.l Q21]-1F;D

Project Key Planned? Nat Geo Highly Nobel

Project? top ten? cited? Prize?

v v

Use cepheids to improve value of Hy v
UV spectroscopy of ig medium v
Medium-deep survey v
Image quasar host galaxies

Measure SMBH masses

Exoplanet atmospheres

Planetary Nebulae

Discover Dark Energy

Comet Shoemaker-Levy

Deep fields (HDF, HDFS. GOODS. FF. etc)
Proplyds in Orion

(GRB Hosts
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Neural network-based anomaly detection for
high-resolution H.-r.ny manﬁmseﬂpy

SELE-SUPERVISED ANOMALY DETECTION FOR NARROWBAND SETI

Thon Hn:rhr" Markis Michael Ran! . Kepstin Paech', Christopher. Bonnert®
ﬂllﬂnﬂlﬂh ' #m’;l‘l:r.ﬂ 'i’i'rrl[ntu‘i

hinskaya,'* K. L. Malanchey, ' M. V. Karnllos,'” E- E O, Ishida,” E Mondan?
and V- §. Korolev' '




Current projects in SKA (MeerKAT) DS team:

Source detection
(Mightee, SKAch-I)

Anomaly detection
WTF, PLASTICC

RFI simulation/mitigation

Extended source simulation

Observation strategy



A Flexible Framework for Anomaly Detection via
Dimensionality Reduction

A. Vafaei Sadr, B. Bassett, M. Kunz
ISCMI-2019



No Free Lunch Theorems

* Any two optimization algorithms are equivalent
when their performance is averaged across all
possible problems

* No anomaly detection algorithm works for all
anomalies

* No anomaly algorithm is “best” on average.
* Different algorithms work for different anomalies
* So lets consider families of anomaly algorithms



Dimensionality
Reduction
Anomaly

Meta
Algorithm

https://github.com/vafaei-ar/drama



Dimensionality reduction
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As an example:
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DRAMA (Dimensionality Reduction Anomaly Meta-Algorithm):
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Dimensionality Reduction Technique

Autoencoder

Variational autoencoder

principal component analysis
iIndependent component analysis
non negative matrix factorization

Also newly added:

* Convolutional (V)AE (1D)
* Convolutional (V)AE (2D)
* Convolutional UMAP



Clustering




Clustering




Distance metrics

Metric definition
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Comparison with LOF and i-forest:
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Table 2: Real data summary
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Benchmark metrics:
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AE, VAE, PCA, ICA, NMF, ...?
L1, L2, L4, Chebyshev, Canbera, ...7

Semi-supervised or active learning

DRAMA vs. LOF vs. iforest



Semi-supervised approach: EEE -

Train:

picking the best DRT+metric Prediction

- new outlires



Local anomaly in low dimension
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New class anomaly in low dimension
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Local anomaly in high dimension
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New class anomaly in high dimension
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Averaged on real data
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Widefield ouTlier Finder (WTF)

Includes 337 boring objects and 17 interesting

AUC: 87
MCC: 26
RWS: 31

boring interesting



Future directions

* 2D convolutions

* PLASTICC (Kaggle competitions)
* Deep learning based clustering
* Graphical user interface

* Active learning mode

* Detect and classify



Thanks for
your
attention.

You can find DRAMA here
https://github.com/vafaei-ar/drama






