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Supervised learning learns from labeled examples

examples labels class
)
/ |
/ é red, round, ... apple /
Data ‘ } green, round, ... apple
[
S\ 7 yellow, oblong, ... panana ——
\* - green, oblong, ... banana



Classification

Predicts a discrete category (e.g., yes/no, or a discrete number of classes)

Face recognition

Character recognition

Spam detection

Medical diagnosis

Biometrics



Regression

Predicts a continuous numerical value
Economics/Finance

Epidemiology

Car/plane navigation

Temporal trends

Voprice

x: milage




Ranking

* Predicts a ranking of items
 Web search
« Movie/music recommendation

Flight search

GO;_)gl(“.‘ machine learning

Web Images Maps Shopping Patents More ~ Search tools

About 130,000,000 results (0.26 seconds)

Machine learning - Wikipedia, the free encyclopedia
en.wikipedia.org/wiki/Machine_learmning ~

Machine learning, a branch of artificial intelligence, concems the construction and
study of systems that can learn from data. For example, a machine learning ...

Artificial intelligence - Supervised learning - List of machine learning ... - Weka
Franck Demoncourt +1'd this

CS 229: Machine Learning
cs228.stanford.edu/ ~

Check out this year's awesome projects at Fall 2012 Projects. Come check out the cool
new projects during the CS229 Poster Session this Thursday December ...
You've visited this page 2 times. Last visit: 8/14/13

Machine Learning | Coursera

hitps://www.coursera.org/course/ml ~

Machine learning is the science of getting computers to act without being explicitly
programmed. In the past decade, machine learning has given us self-driving ...
Franck Demoncourt and 3 other people +1'd this

Machine Learning Department - Carnegie Mellon University
www.ml.cmu.edu/ -

Large group with projects in robot learning, data mining for manufacturing and in
multimedia databases, causal inference, and disclosure limitation.

Machine Learning - MIT OpenCourseWare

ocw.mit.edu » Courses » Electrical Engineering and Computer Science ~

6.867 is an introductory course on machine learning which gives an overview of many
concepts, technigues, and algorithms in machine learning, beginning with ...




Unsupervised learning
-5

* Provided with data but not labels




Reinforcement learning

left, right, straight, left, left, left, straight GOOD
left, straight, straight, left, right, straight, straight BAD
left, right, straight, left, left, left, straight 18.5
left, straight, straight, left, right, straight, straight -3

Given a sequence of examples/states and a reward after
completing that sequence, learn to predict the action to take in
for an individual example/state



Neural networks

* Neural Networks try to mimic the structure and function of our nervous system.




Our nervous system according to CS

\j Dendrites
» the human brain is a large collection of
Interconnected neurons
Axon e aneuronis a brain cell
« they collect, process, and disseminate
Synapses j electrical signals
0 e * hey are connected via synapses
\ ) ®L . they fire depending on the conditions of the
. jﬁ K neighboring neurons
e

Neuron



Our brains in numbers

The human brain

« contains ~10" (100 billion) neurons

« each neuron is connected to ~104
(10,000) other neurons

« Neurons can fire as fast as 103
seconds

How does this compare to a computer?



Human Vs. Machine

10" neurons
10" neurons
104 synapses
10-3 “cycle” time

1010 transistors
10" bits of RAM
1013 bits on disk

102 cycle time



Brains are still pretty fast

Who is this?



Artificial neural networks

Node (Neuron)
‘ 0
0

Edge(synapses)



Node A Weight w Node B
O > @

(neuron) (neuron)

W is the strength of signal sent between A and B.

If A fires and w is positive, then A stimulates B.

If A fires and w is negative, then A inhibits B.



A given neuron has many, many connecting, input neurons
If a neuron is stimulated enough, then it also fires

How much stimulation is required is determined by its threshold



A single neuron/perceptron

Input x; Each input contributes:
Weight w; X; * W,

Weight w,

Input X5

>
Input x3/

Weight wj

p Output y

nm=| | w.x.

Weight w, l

Input X4

threshold function



Possible thresholds

hard threshold
1 if x[threshold

0 otherwise

g(x)=

IR

sigmoid ©

1
g(x)=
l+e




A single neuron/perceptron
1

0 1 Threshold of 1

0.5



A single neuron/perceptron

Threshold of 1

11+ 11+ 0*1 + 1*0.5 = 05



A single neuron/perceptron
1

- O

Weighted sum is 0.5,
O 1 Threshold of 1 which is not larger than
the threshold

0.5



A single neuron/perceptron
1

0 1 Threshold of 1

0.5



A single neuron/perceptron
1

0 1 Threshold of 1

0.5

1 "1+ 0*-1+0"1+1"0.5= 15



A single neuron/perceptron
1

1
0 > 1

Weighted sum is 1.5,
0 1 Threshold of 1 which is larger than

the threshold
05



AND logical operator

X1 | X5 | Xy and X,
O| O O
O | 1 O
110 O




AND logical operator

Input x4

Input X,

Wy =7

X1 | X | Xyand Xo
O| O O
0] 1 0]
1 0 0]
1 1 1
p Output y




AND logical operator

Input x4

Input x2/

W2=1

Inputs are either O or 1

X1 | X | Xyand Xo
O| O O
0] 1 0]
1 0 0]
1 1 1
p Output y

Output is 1 only if
all inputs are 1




AND logical operator

Input X,

p Output y




AND logical operator

Input X,

p Output y

Output is 1 only if
all inputs are 1

Input X4

Inputs are either O or 1



OR logical operator

Xy | Xo | Xq0r X




X{ | Xo | Xq0r Xs

OR logical operator ol o 0
Input X; 1 1

1 0] 1

1 1 1

p Output y

nput x2/

W2=?



OR logical operator

Input x4

Input x2/

W2 = 1
Inputs are either O or 1

Xy | Xo X4 Or Xo
O] O 0]
1 1
1 0 1
1 1 1
p Output y

Outputis 1if at
least 1 input is 1




OR logical operator

Input X,

p Output y




OR logical operator

Input X,

p Output y

Outputis 1if at
least 1 input is 1

Input X4
Inputs are either O or 1



NOT logical operator

not X




i Xy | not X,
NOT logical operator ol
1 0

p Output y




NOT logical operator

W1 ='1
Input x4

Input is either O or 1

p Output y

If input is 1, output is O.
If input is O, output is 1.




How about...

e
X
N
X
w
<

Output y

- 1 O| =2 O|=2|O| =0
~|a|a|=|o|lOo|lO|O




Positive or negative?

NEGATIVE



Positive or negative?

A

NEGATIVE




Positive or negative?

POSITIVE



Positive or negative?

NEGATIVE



Positive or negative?

A

POSITIVE



Positive or negative?

POSITIVE



Positive or negative?

NEGATIVE



Positive or negative?

POSITIVE



A method to the madness...
* blue = positive
» yellow triangles = positive

 all others negative



Training neural networks

X1 | X2 | X3 y
O O 0] 1
0] 1 0] 0]
1 0] 0] 1
1 1 0] 0]
0] 0 1 1
0] 1 1 1
1 0 1 1
1 1 1 0]

W N

Input x4

w
Input X5 Output y

Input x5

start with some initial weights and
thresholds

show examples repeatedly to NN
update weights/thresholds by
comparing NN output to actual
output



Perceptron learning algorithm

« repeat until you get all examples right:

« for each “training” example:
« calculate current prediction on example
 If wrong:

« update weights and threshold towards getting this example
correct



Perceptron learning algorithm
1

predicted

> 7

actual

1

0 Threshold of 1

0.5



Perceptron learning algorithm

1 Weighted sum is

0.5, which is not
L equal or larger
than the threshold

predicted

- O

tual
0 Threshold of 1 afl 1

What could we adjust to make it right?

0.5



Perceptron learning algorithm
1

predicted

- O

tual
hreshold of 1 afl He

This weight doesn’t matter, so don’t change




Perceptron learning algorithm
1
1
predicted
> > O
0 Threshold of 1 ac‘:ltual
( 4
! Could increase any of these weights




Perceptron learning algorithm
1

predicted

0,
actual

1

Threshold of 1

Could decrease the threshold



Perceptron update rule

If wrong:

update weights and threshold towards getting this
example correct

\ 4

If wrong:

Wi — Wi + AWl

Aw; = \ * (actual - predicted) * x;



Perceptron learning algorithm

Threshold of 1 actual
1 05 1

w; =w, + Awi

Aw; = \ * (actual - predicted) * x
| |

|
What does this do in this case?



Perceptron learning algorithm

Threshold of 1 actual
1 05 1

w; =w, + Awi

Aw; = \ * (actual - predicted) * x
| |

Y
causes us to increase the weights!



Perceptron learning algorithm

Threshold of 1 actual

w; =w, + Awi

Aw; = \ * (actual - predicted) * x
| |

Y
What if predicted = 1 and actual = 07



Perceptron learning algorithm

—_—) predlcted
4'

Threshold of 1 actual

O

w; =w, + Awi

Aw; = \ * (actual - predicted) * x

\ }
|

We're over the threshold, so want to decrease weights:
actual - predicted = -1




Perceptron learning algorithm

Threshold of 1 actual
1 05 1

w; =w, + Awi

Aw; = \ * (actual - predicted) * x

LYJ

What does this do?



Perceptron learning algorithm

Threshold of 1 actual
1 05 1

w; =w, + Awi

Aw; = \ * (actual - predicted) * x

LYJ

Only adjust those weights that
actually contributed!



Perceptron learning algorithm

Threshold of 1 actual
1 05 1

w; =w, + Awi

Aw =LY}D * (actual - predicted) * x.

What does this do?



Perceptron learning algorithm

Threshold of 1 actual
1 05 1

w; =w, + Awi

Aw; = \ * (actual - predicted) * x;

LYJ

“learning rate”: value between 0 and 1 (e.g., 0.1)
adjusts how abrupt the changes are to the model



Perceptron learning algorithm

Threshold of 1 actual
1 05 1

w; =w, + Awi

Aw; = \ * (actual - predicted) * x

What about the threshold?



Input x4 Weight w;,

Weight w
Input X, 2 2>

Input x5 /

Weight Ws 1 ashold of t

Outputy 11f| |w.x. [t

Input X, Weight w; 1 ) 10
1w, + | WX,

Weight w
Input X5 2 2>

|nput X3 /

We'ghy'Threshold of O
. gt

Output y




Input X; Weight w;,

Weight
Input X5 o0 W2>

Input X3 /

Weight Ws 1 ashold of t

Outputy 11f| |w.x. [t

=

Input X, Weight w;, 1if 3 0
1Tw, + W.X.
4

i=1

Weight
Input X5 o9 W2>

|nput X3 /

We'ghy'Threshold of O
. gt

Output y

equivalent when w, = -



Perceptron learning algorithm

 |nitialize weights of the model randomly
« repeat until you get all examples right:

« for each “training” example (in a random
order):

» calculate current prediction on the example
* |f wrong:
w, = w; + A * (actual - predicted) * x;



X1 | Xo | Xyand X,
OO o)
O 1 o)
110 o)

A= 0.1

Initialize with random weights

p Output y



Xo | Xgand X,

W1 = 02
Input Xy —

W2 = 0.5
Input x5

W3 = 0.1

A

0.1

p Output y



w; = w, + A * (actual - predicted) * x;

X1 | Xo | Xyand X, A=01
O| O o)
0| 1 0 if wrong:
110 0
11 1 1

’ W, =0.2

W, = 0.5 >
0

1 ’W

>

Right or wrong?

p Output y



X1 | Xo | Xyand X, A=01
0|0 0
0| 1 0 if wrong:
1] 0 0 . . .
w; = w, + A * (actual - predicted) * x;
1] 1 1
W1 = 02
1 — sum = 0.3: output 1
0 Wz =05 p Outputy

1 ’W

Wrong



Xy | X2 | X;and X A=0.1
0|0 0
0j1| O if wrong:
1 (1) ? w; = w, + A * (actual - predicted) * x;
1 i sum = 0.3: output 1
W, = 0.5 > = OHP
0 > p Outputy

1 ’W

new weights?



X1 | Xo | Xyand X, A=01
0|0 0
0| 1 0 if wrong:
1] 0 0 . . .
w; = w, + A * (actual - predicted) * x;
1] 1 1 /
decrease (0-1=-1) all non-zero x; by 0.1
1 W1 = 02
o —>
0 Wz =05 q p Outputy

1 ’m'



X1 | Xo | Xyand X, A=01
0|0 0
0| 1 0 if wrong:
1] 0 0 . . .
w; = w, + A * (actual - predicted) * x;
1] 1 1 /
decrease (0-1=-1) all non-zero x; by 0.1
W-| = 01
1 —
0 Wz =05 p Outputy




Xy and X» A=01

0
0 if wrong:
0 w; = w; + A * (actual - predicted) * x;
1

1 W1 = 01

o —>
W2 = 05

p Output y

>

1 W

Right or wrong?



Xy | X2 | X;and X A=0.1
0|0 0
o)1 O if wrong:
1 ? ? w; = w, + A * (actual - predicted) * x;
1 e sum = 0.6: output 1
W, = 0.5 > D OEP
0 > p Outputy

1 ’W

Right. No update!



Xy and X» A=01
0
0 if wrong:
0 w; = w; + A * (actual - predicted) * x;
1
O W1 = 01
o —>

Wz =05 p Outputy

>

1
1 W

Right or wrong?



X1 | Xo | Xyand X, A=01
0|0 0
0| 1 0 if wrong:
110 0 . . .
w; = w, + A * (actual - predicted) * x;
1] 1 1
W1 = 01
0 — sum = 0.5: output 1

W2 = 05

1
1 W

Wrong

p Output y




X1 | Xo | Xgand Xs A=0.1
0|0 0
oO|1| O if wrong:
1 ? ? w; = w, + A * (actual - predicted) * x;
W, = 0.1
0 — > sum = 0.5: output 1

W2 = 0.5

p Output y

>

1
1 ’W

new weights?



Xy | X2 | X;and X A=0.1
0|0 0
oO|1| O if wrong:
1 ? ? w; = w; + A * (actual - predicted) * x;
W, = 0.1
0 — > sum = 0.5: output 1

a2~ 04 » Outputy

>

1
1 ’m'

decrease (0-1=-1) all non-zero x; by 0.1



Xy and X, A=0.1
0
0 if wrong:
0

w; = w, + A * (actual - predicted) * x;

W1 = 01
—>

>

0
1 ’m'

Right or wrong?

W2 = 04

p Output y




X1 | Xo | Xyand X, A=01
0|0 0
1 0 if wrong:
110 0 . . .
w; = w, + A * (actual - predicted) * x;
1] 1 1
o = -0.1: output O
— o sum = -0.1: outpu
W2=O.4

p Output y

0
1 ’m'

>

Right. No update!



Xy and X» A=01
0
0 if wrong:
0 w; = w; + A * (actual - predicted) * x;
1
O W1 = 01
o —>

Wz =04 p Outputy

>

1
1 ’m'

Right or wrong?



X1 | Xo | Xyand X, A=01
0|0 0
0| 1 0 if wrong:
110 0 . . .
w; = w, + A * (actual - predicted) * x;
1] 1 1
W1 = 01
0 — sum = 0.3: output 1

W2 = 04

1
1 ’m'

Wrong

p Output y




Xy | X2 | X;and X A=0.1
0|0 0
o1 O if wrong:
1 ? ? w; = w; + A * (actual - predicted) * x;
W, = 0.1
0 — > sum = 0.3: output 1

2”03 » Outputy

>

1
1 ’W

decrease (0-1=-1) all non-zero x; by 0.1



X1 | Xo | Xyand X, A=01
0|0 0
0| 1 0 if wrong:
110 0 . . .
w; = w, + A * (actual - predicted) * x;

1|1 1

o = 0.2: output 1

— o sum = 0.2: outpu
W2 = 0.3

1
1 ’W

p Output y

>

Right. No update!



X1 | Xo | Xyand X, A=01
0|0 0
1 0 if wrong:
110 0 . . .
w; = w, + A * (actual - predicted) * x;
1|1 1
W= o - -0.2: output O
— o sum = -0.2: outpu
W2=O.3

p Output y

0
1 ’W

>

Right. No update!



Xy | X2 | X;and X A=0.1
0|0 0
o)1 O if wrong:
1 (1) ? w; = w, + A * (actual - predicted) * x;
1 g sum = -0.1: output O
W, = 0.3 > h "
0 > p Outputy

1 ’W

Right. No update!



X1 | Xo | Xyand X, A=01
0|0 0
0| 1 0 if wrong:
110 0 . . .
w; = w, + A * (actual - predicted) * x;

1] 1 1

1 W1 = 01

o —>
0 Wz =0.3 p Outputy

1 ’W

>

Are they all right?



X1 | Xo | Xyand X, A=01
0|0 0
0| 1 0 if wrong:
110 0 . . .
w; = w, + A * (actual - predicted) * x;
1] 1 1
W1 = 01
0 — sum = 0.1: output 1

W2 = 03

1
1 ’W

Wrong

p Output y




X1 | Xo | Xgand Xs A=0.1
0|0 0
o1 O if wrong:
1 ? ? w; = w; + A * (actual - predicted) * x;
W, = 0.1
0 — > sum = 0.1: output 1

2”02 » Outputy

>

1
1 ’m'

decrease (0-1=-1) all non-zero x; by 0.1



X1 | Xo | Xgand Xs A=0.1
0|0 0
o1 O if wrong:
1 ? ? w; = w, + A * (actual - predicted) * x;
W, = 0.1
0 — > sum = 0.1: output 1

Wz~ 02 » Outputy

>

1
1 ’m'

Are they all right?



X1 | Xo | Xyand X,
OO o)

1 o)
110 0

W1 = 01

1 —

A=01

if wrong:

w; = w, + A * (actual - predicted) * x;

W2 = 02

—>

p Output y

1
1 ’m'

>

We've learned AND!



Perceptron learning algorithm

* A few missing details, but not much more than this
« Keeps adjusting weights as long as it makes mistakes

 If the training data is linearly separable, the perceptron learning
algorithm is guaranteed to converge to the “correct” solution (where
it gets all examples right)
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