well start @ L1:UTF
As you get settled...

* Get out your notes ”DN flﬂl‘ﬁ. i\

e Get out a place to do today's ICA (5)
 Where are you on HW 17?
A. I'haven't looked at it v OA QOBI /ﬂ“‘" ‘s
B. I've glanced at the problems Qa 5:"°l~‘- 'F/M 2011 w/
C. I've gotten started but I'm not very far
D. I'm probably half way through

E. I'm finished/almost finished



CS 2810: Mathematics of Data Models, Section 1

N OrtheaStern Spring 2022 — Felix Muzny

ooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooo

Linear Perceptrons

leen the features of snout Iength and flufflness featurlzedjhe followmg data
pomts.
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Machine Learning

« All machine learning models that do classification have the following

components: = JETSN S 1037

A way to represent the input data -> last lecture = -Feuhlfc'&& I'V",“"
num. Vectors

* A classification function -> our starting point today

* A way to train the model -> also today! P d lzarm'u.ou



Linear Perceptron

« A function that estimates one of two classes (a binary classifier), defined
by the vector W _
Y Lo
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Linear Perceptron

”ICA Question 1: what is a linear perceptron's class estimate for the |
foIIowmg samples if the perceptron is defined by the vector:

f(x)y=1ifx-w >OelseO
‘I‘WML‘L“ ‘('\0 y
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Linear Perceptron

followmg samples If the perceptron is defined by the vector:

f(x)_llfx w>0else0
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| dsshieabion ervor o will want b0 opddt o weiflds!



Linear Perceptron.

decision boundary

e Visualize all points where are estimated

| / y to be either class 1 or class O eq .' \:k J;
_u . R
Mm = __&_ ° -x,'W:O o ( u u"!"{
H,




ICA Questlon 2 flnd a perceptron welght vector w at dlstlngwshes aII '
samples below. Double check your weights Wlth a/sample from each Class'




Linear Perceptron: ICA 2




Linear Perceptron: ICA 2
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Linear Perceptron: bias term

e The bias term adds a "fake feature"

K > whose value is always 1
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¥ bias
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Linear Perceptron: Training = —
....................................................................................................................................................................... LD od V\‘.—"’IH.IMM\ £|f
« how do we train the model? ch Qs *'”l’f\() Se LT yoU
Waut to tuorn v wew you
Cawn

 how do we know when to stop training?
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Linear Perceptron: Training

e Aside: length & dot product

\/22
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ox.x= . :
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e Y - X = “?“ 43-’3 27

Note: X - X is positive
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Linear Perceptron: Training

. As;iflz:(dot Sroduct IS linear

ry f(x) + J(Y)

X (YH+D= Xy F+ X2
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Linear Perceptron: Training

e Suppose x belongs to class® but our current perceptron estimates it as
class0 —p pur | Fua
00459 ($ lu.a,(u (

« we want X - W to be larger

« We'll add the value of X to W:

(—P P”:H‘,‘L

/P

Uy sphetied waiglets
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Linear Perceptron: Training

e Suppose X belongs to class 0 but our current perceptron estimates it as
class 1

e we want x - W to be smaller

$ro
- We'll & Ul'{'f&c"' the value of X te Ww:

W= =X
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Linear Perceptron: Training

« choose starting W arbitrarily aL.:l*u R
o for eac:l~@/b D e'?(“MP'* ? ""L:.. (u'oal/c(oss'g
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e W =W i +d.§b
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Linear Perceptron: Learning rate

* The learning rate helps our model become more robust to wild swings.

* Imagine that you had two different training samples:
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Linear Perceptron: demo

e Notebook demo

NS TRAP/
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Schedule

.................................................................................................................... wow, SO many
f ——— office hours now!

Turn in ICA 5 on Gradescope m

HW 1 is due on Wednesday!

khouryofficehours.com

We are remote until Feb 5th. Next Monday we'll be in person in Snell Engineering 108.

&

4

Mon Thu Fri  Sat Sun
3 Lecture 6 - matrix
January lgf. Felix OH HW 1 due @ multiplication, transforms
Lecture 5 - Linear Calendly Felix OH Khoury Office Hours
Perceptron 11:59pm HW 2 released
February 7th Felix OH Lecture 8 - line of best fit HW 2 due
Lecture 7 - Vector spaces  cajendly Felix OH Khoury Office Hours @ 11:59pm
in Snell Engineering 108
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