AND COMPUTER SCIENCE

EEFCs 6.036/6.862: Introduction to
E.EECTRICALENGINEERING MaCh|ne Learn|ng

Lecture: starts Tuesdays 9:35am (Boston time zone)

Course website: in

roml.odl.mit.edu

Who’s talking? Pro

. Tamara Broderick

Questions? discourse.odl.mit.edu (“Lecture 8" category)
Materials: Will all be available at course website
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Images

e Potential uses of image classification: Detect tumor
(type) from medical scans, image search online,
autonomous driving

* Recall: images are made of pixels

| https://en.wikipedia.org/wiki/Pixel#/media/File:Pixel-example.png |
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We'll focus on grayscale
images

 Each pixel takes a value
between O and P

* Here, O: black, 1: white
 Larger Pin Lab Week 08

How do we use an image
as an input for a neural
net’?
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Letter | Published: 07 January 2019

Cardiologist-level arrhythmia detection and
classification in ambulatory electrocardiograms
using a deep neural network

Awni Y. Hannun &2, Pranav Rajpurkar, Masoumeh Haghpanahi, Geoffrey H. Tison, Codie Bourn, Mintu P.

Turakhia & Andrew Y. Ng

0 [ https://www.nature.com/articles/s41591-018-0268-3 |
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Max pooling: returns
max of its arguments

 £.g. size 3x3 (“size 37)
 E.g. stride 3
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pooling:

e Can use stride with filters too
* No weights in max pooling
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