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2. Faraday Rotation
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Faraday Rotation
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Faraday Rotation

Bayesian Reconstruction of Rotation Measure Sky
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Faraday Rotation

A magnetized plasma with

How do we automatically tell the
difference between simple and

complex sources”?

Faraday Thick Source




Faraday Rotation

. We understand the
physics and know the
Important parameters

. We understand the ,p&&.‘ —
. o3 alaxies
observation process '

Radio

. We can generate Sekacoge
synthetic data to train a o
classifier to distinguish Mt
between simple and
complex sources
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Machine Learning

What is machine-learning?

— Just function approximation
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Machine Learning

What is machine-learning?

— Just function approximation
- What kind of functions? Unsupervised

P(x,y)

Plylz) = P(z|y)P(y)
Prediction 2.y P@ly)Py) Classification

eneration Regression
senerelon p(x]y) P(ylx)

Adapted from Lin & Tegmark 2016




Machine Learning

-What is machine-learning?
— Just function approximation

_ What kind of functions?
. Classification
-y is discrete set of classes P(ylx)
. Y = [cat, dog, rock, tree, ... ]

- X might be an image
. § | /éz

E— P!{lx) - y=[0.7,0.1, ... ]
n 4

Train with gradient descent




Machine Learning

e.d., binary linear model example
- X is a vector of “features” of an person
. [height, weight, age, miles run per week, time of Facebook,.. ]
- P(X) is the probability that this person is diabetic
— Simplest map from a vector to a scalar: P(X) =W - X

— Training: Initialize W with random weights. Get X for thousand of
people, along with the associated Y (0 or 1).

— Minimization prqhlem for L(Y- W - X), e.g. gradient decent
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Deep Learning

Deep neural network




Machine Learning

Information “Hamiltonian”

P(z|y)P(y)
>, P(z|y)P(y)

—H(x)

P(y|z) =

(X) = —
p(xX _Eye_H(x)

Hy(x) = —In(P(x|y)P(y))



Deep Learning

Why does it work?
— Mimics the natural world
- Generative hierarchy

Deep neural network f(x) — U'nAn * .. 0'2A20'1 A1X
A,x=W,;,x+Db;

o(x) = maz(0,x)

X

o(x) = —

e
p(x) = o(—H(x))



Deep Learning

Convolutional Neural Networks

- Reduce number of weights and insert translational invariance

(4 x0)

Center element of the kernel is placed over the 8 : g;

source pixel. The source pixel is then replaced (0x0)
with a weighted sum of itself and nearby pixels. (0 1)

(0x1)
(0x0)
(0x1)
+ (-4x2)

Source pixel

Convolution kernel
(emboss)

New pixel value (destination pixel) o ’



Deep Learning

Convolutional Neural Networks

- Reduce number of weights and insert translational invariance
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FEATURE LEARNING CLASSIFICATION



Deep Learning

Convolutional Neural Networks

- Reduce number of weights and insert translational invariance

CONVOLUTIONAL NEURAL NETWORK (CNN)

LEARNED FEATURES
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Inception Networks

inception modules

L
iy output
classifier

iH-ea-) a2
auxiliary classifiers

GooglLeNet team (Szegedy et al. 2014) ? Te nSOrFI OW



Our Network
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Dense Layer
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Our Network
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Faraday Rotation
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ABSTRACT
Advancements in radio spectro-polarimetry offer the possibility to disentangle complex

regions where relativistic and thermal plasmas mix in the interstellar and intergalactic
media. Recent work has shown that even apparently simple Faraday Rotation Mea-
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Faraday Rotation
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Faraday Rotation

Complex Sources

. Simulate simple and complex (two
/. component) sources over relevant
T Y parameter space
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Faraday Rotation

Complex Sources

o~ olmulate simple and complex (two
"/ =" | component) sources over relevant
parameter space
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~ Train CNN on simulated sources
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Faraday Rotation

Complex Sources

A =1 "1~ o~ - oub-space that might make it into
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Machine Learning

What is machine-learning?

— Just function approximation
- What kind of functions? Unsupervised

P(x,y)

Plylz) = P(z|y)P(y)
Prediction 2.y P@ly)Py) Classification

eneration Regression
senerelon p(x]y) P(ylx)

Adapted from Lin & Tegmark 2016
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