Perceptron and Multilayer Perceptron

CS109A Introduction to Data Science
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1. Introduction to Artificial Neural Networks
2. Review of basic concepts

3. Single Neuron Network (‘Perceptron’)

4. Multi-Layer Perceptron (MLP)
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What other computer
scientists think | do

In [1]:
import keras

Using TensorFlow backend.

What | actually do




Today’s news

Stopping Cyberattacks Skin Conditions

Detecting tampering with the Using Deep Learning in diagnosing
diagnostic images, or quietly upped skin conditions
the radiation levels.
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Today’s news

Image generation Computer Code Generation
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This is mind blowing.

With GPT-3, | built a layout generator where you just
describe any layout you want, and it generates the JSX code

for you.

WHAT

Describe a layout.

Aust describe arvy lapout you want, and it try 50 render below

.

Katie Bouman’s CHIRP produces the
first-ever image of a black hole.
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The Potential of Data Science

Some DS models for evaluate job
applications show bias in favor of
male candidate

Risk models used in US courts have
shown to be biased against non-
white defendants
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- Hierarchical feature learning

- Framework for estimating
generative models via
adversarial process



Historical Trends

Disease prediction Game strategy

Google's new Al can predict heart AU - - _— Google DeepMind N a t ura I La N g ua ge
disease by simply scanning your eyes S5, e e ‘ Challenge Match
Processing

¥ Shoreon

“Siri, what is
Deep Learning?”

e
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“ The secret to identifying certain health conditions
gy ™May be hidden in our eyes.

Researchers from Google and its health-tech DeepMind
subsidiary Verily announced on Monday that they

?IL‘E;‘% have successfully created algorithms to predict Alphazel‘o AI beats Champion Chess

whether someone has high blood pressure or is at

risk of a heart attack or stroke simply by scanning a program aftel‘ teaching itself in foul‘

person's eyes, the Washington Post reports.
hours

SEE ALSO: This fork helps you stay healthy

Google's researchers trained the algorithm with Google's artificial intelligence sibling DeepMind repurposes Go-playing Al to
images of scanned retinas from more than 280,000 conquer chess and shogi without aid of human knowledge

patients. By reviewing this massive database,

Google's algorithm trained itself to recognize the ’

patterns that designated people as at-risk.

This algorithm's success is a sign of exciting
developments in healthcare on the horizon. As
Google fine-tunes the technology, it could one day




Historical Trends
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Introduction to Artificial Neural Networks
Review of basic concepts
Single Neuron Network (‘Perceptron’)

SN VS

Multi-Layer Perceptron (MLP)
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Classification example: Heart Data

response variable Y

is Yes/No
Age Sex ChestPain RestBP Chol Fbs ResttCG MaxHR ExAng Oldpeak Slope Ca Thal AHD
63 1 typical 145 233 1 2 150 0 2.3 3 0.0 fixed No
67 1 asymptomatic 160 286 0 2 108 1 1.5 2 3.0 normal Yes
67 1 asymptomatic 120 229 0 2 129 1 2.6 2 2.0 reversable Yes
37 1 nonanginal 130 250 0 O 187 0 3.5 3 0.0 normal No
41 0 nontypical 130 204 0 2 172 0 1.4 1 0.0 normal No
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Heart Data: logistic estimation

We'd like to predict whether or not a person has a heart disease. And we'd like
to make this prediction, for now, just based on the MaxHR.
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The logistic regression model uses a
function, called the logistic function,
to model P(y = 1):

Heart disease (AHD)
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Logistic Regression

Find the coefficients that minimize the loss function
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1. Introduction to Artificial Neural Networks
Review of basic concepts
Single Neuron Network (‘Perceptron’)

AW

Multi-Layer Perceptron (MLP)
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Logistic Regression Revisited

Affine

Affine

Affine

— hy = By + B1x1—

— hy = By + f1x,—

— hy = By + Brxn—

= L1(f) = —y1In(py) — (1 — y)In(1 — py)
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= L,(B) = =y, In(p;) — (1 —y)In(1 — py)

= L,(B) = —ynIn(py) — (1 — y)In(1 — pgy)

L) = iLi(ﬁ)
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Build our first ANN

Ny,: number of predictors

Nn,: number of observations

matrix:
n,,Xn,,
1 n
X —| Affine | — h=Bo+XB1 —| Activation |— P = 14 oh Loss Fun | ——L(B) = zﬁi(ﬁ)
Ii {
A 1 =
X —s| Affine | —h=XW +b —| Activation |— Y =7 4+ g-h —| Loss Fun —L(p) = Zﬁi(ﬁ)
{
P 1 =
X —| Affine | —h=XW — | Activation |— Y = 71 o-r —| LossFun | ——L(f) = zﬁi(ﬁ)
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Build our first ANN

X — | Affine

X — XW>—’Y
S

Single Neuron Network
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“Sigmoid activation” o

aka Perceptron
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Build our first ANN

n
X | Affine | —=h=XW — | \ctivation |— ¥ = 1+ e [ — W) :zﬁi(W)
i

“Sigmoid activation” o
Yy — XW ! o — Y
S

Single Neuron Network
aka Perceptron
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COUNTING EXPERT EXPECTED TO STEP.IN

TO RE-EDUCATE BALLOT
GOUNTERS IN BATTIEGBOUNII STATES

imgflip.com
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Today's lucky student: NOT PAVLOS
Build a Single Neuron by Hand




