Machine Learning Notes

This course: https://www.coursera.org/learn/machine-learning (w/ Prof Andrew Ng)
e Other resources: https://gist.github.com/off99555/b6190df237562aa6e8c922c485dc7ad0

Blog post: hitps://betterexplained.com/articles/adept-machine-learning-course/

Machine Learning Notes

1-sentence course summary

1-sentence core concepts
Project ideas

Week 1 - Linear Regression

Week 2 - Linear Regression w/Multiple Variables

Week 3 - Loqistic Regression / Regularization
Week 4 - Neural Networks (Representation)
Week 5 - Neural Networks (Learning)

Week 6 - Advice for Machine Learning

Week 7 - Support Vector Machines
Homework

Week 8 - Clustering

Week 8 - Dimensionality Reduction
Applying PCA
Choosing number of principal components (k)
PCA Advice
Homework

Week 9 - Density Estimation
Anomaly Detection System
Anomaly Detection vs. Supervised Learning

Choosing what features to use
Recommendation System

Collaborative Filtering
Low Rank Matrix Factorization

Homework

Week 10 - Large Scale Machine Learning

Mini-batch gradient descent
Stochastic Gradient Descent Convergence

Advanced Topics - Online Learning (aka continuous stream of data
Map-Reduce & Data Parallelism

Week 11 - Photo OCR

Gettings lots of data / artificial data
Ceiling Analysis - What part of the pipeline to work on next

Overall Thoughts

1-sentence course summary

e “Create predictive models with Linear Algebra and improve them with Calculus.”
o Linear Algebra efficiently describes complex operations using simple steps.
o Calculus can optimize any model with derivatives (gradient). Minimize error.

1-sentence core concepts

Linear Algebra: spreadsheets for your equations. We "pour" data through various operations.
Natural log: time needed to grow. Helps normalize widely varying numbers.

e”x: models continuous growth, has a simple derivative.

Gradient: direction of greatest change, helps optimize.

Calculus -Art of breaking a system into steps. With the gradient, we can move in the best direction.


https://www.coursera.org/learn/machine-learning
https://gist.github.com/off99555/b6190df237562aa6e8c922c485dc7ad0
https://betterexplained.com/articles/adept-machine-learning-course/
https://betterexplained.com/articles/linear-algebra-guide/
https://betterexplained.com/articles/demystifying-the-natural-logarithm-ln/
https://betterexplained.com/articles/an-intuitive-guide-to-exponential-functions-e/
http://betterexplained.com/articles/vector-calculus-understanding-the-gradient/
https://betterexplained.com/guides/calculus/

Project ideas

e Auto-classify / auto-relate articles on BE
e Correlation between words in title and popularity / comments / traffic

Week 1 - Linear Regression

Remember that you can expand out the summation... (02 + 022 + 0/2)

=1

V) T T = Lhel\X" ) 'Ej) eprnd this out into parens
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Q: Why are we using superscript notation and not subscript?

Aha: “Function of x” => translate to “Depends only on x”

Gradient descent. (Have intuition on why gradient points in direction of greatest increase. In a linear coordinate system, reward each
direction proportional to how much it helps. Because you can make any tradeoff you need, so can always trade into it.)

Gotcha: need simultaneous update. B/C you want to find the direction to move from all directions together. Not update 1, step, update
2, step.

Aha: no need to change alpha (learning rate) since the derivative slows as we get closer to minimum.

Gradient Descent derivation: http://mccormickml.com/2014/03/04/gradient-descent-derivation/



Week 2 - Linear Regression w/Multiple Variables

Multiple features (variables).

Size (feet?) | Number of | Number of | Age of home Price ($1000)
_—
bedrooms floors (years)
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training example.

= value of feature j in i'" training example.
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Multiple Features

Q: | was confused about why in week 1 we only had superscript. Should have said super and subscripts are being used. Sub =>
more specific. Super => more general (the training row).

Hypothesis:
Previously: hg(z) = Mﬂ?
4 e

1\9(\(\); @o + © ¥, X gl*i g 1 ®1¥S € qu%

Qa. \\9(,3-_ ¥+« o:|¥, tool¥, ¢Sy - P X
with linear regression, a single feature can eventually dominate.
non-linear has the notion of cutoffs, something having
diminishing marginal utility, etc.

P> 446 822

Aha: Can see the simplicity and drawbacks of linear regression. One feature can dominate. No idea of min/max value or a cutoff.

- hg(CL‘) =0+ 60121 + 020+ ---+ 0,2,

For convenience of notation, define g = 1.

With linear algebra, we need the
known "1". No notion of a
constant addition.

P 535 /1 822

Multiple Features

Dot product of feature vector with weight vector. Theta (transpose) x. Inner product.

Multivariate linear regression (multiple variables)



Hypothesis: hg(z) = T2 = Ogzg + 0121 + O220 + - - - + O, 2y,

----- @ ntl - &.\K&S.IJ.J\ NecA or

Cost function: m

1 ; e
Hbo by = 5 Z(ho(:ﬁg — yl Q 2

> (9) 1=1
cost function is error = hypothesis - actual, then

Gradient descent: sum of squared error.
move each variable bfise«

Repeat { on the strength of the

i ) :
—= 0;:=0; - QJTJ]-%—-——-,-&”J. g (e)/ difference.

} (simultaneously update for every j =0, ...,

Now, remember the derivatives. d/dThetaj
Derivative with respect to thetad. How much does error function change when we modify thetaJ?

For the constant value, it's 1. For the others, it's proportional to x_i, x_j, etc. If we change theta_j, we gain/lose cost proportional to
X_j [because that’s what’s being multiplied].

Aha: Key intuition is that we are modifying the parameter based on how far off it is. If our error function gets better when the
parameter changes, we change it in the appropriate direction.
e Should have a thought experiment. If you overshoot, then reverse it and change the angle. Imagine aiming at a target. If you
are off (above) then you have to LOWER (negative above) your angle
e You lower proportional to the amount. If you’re off by a lot, you lower by a lot. If you're off by a little, you change by a little.

Feature scaling

Feature Scaling
Idea: Make sure features are on a similar scale.

E.g. x1 = size (0-2000 feet?) <

T2 = number of bedrooms (1-5) <

J(H)\ too easy to bounce between
B these values. Make it more
continuous from a min/max.

More circular.

P> 206 : 852

Gradient Descent in Practice | - Feature Scaling

Put it from a 0 to 1 scale. (normalize them to 100%).
Get every feature into a -1 to +1 range.

Mean normalization:



Mean normalization

Replace x; with x; — 11; to make features have approximately zero mean
(Do not apply to zg = 1).

. — stze—1000 R S1ge T 2D
B8 - T1 = 5500 o

To #bedrooms—2 [-Z \){&9%

—0.5<z; <0.5,-0.5 < x5 < 0.5

Learn to move the range around. Add, subtract, divide.
Learn how to move these ranges around.

Gradient Descent in Practice | - Feature Scaling

Remember the mental arithmetic? We can take the range (on the number line) and slide / scale it to fit. That's what's happening.
Normalized = value - average / range

Get the midpoint over 0. Get the spread as the range. (Or use the standard deviation, etc.)

Making sure gradient descent is working correctly.

min ,](9) Amount of error as we improve the number
o of iterations.

—=, No. of iterations K

Gradient Descent in Practice Il - Learning Rate

Declare convergence if cost increases by less than 10*-3 in one iteration. (Should that be a percent? Less than 1/1000 part?)
If cost function as number of iterations is INCREASING then our alpha is too big.

e Q: Can we dynamically adjust alpha / undo if it increases? Optimistically try to adjust alpha as we go.

e .1,.3,1,3,10, 30, 100... (by about 3x each time)

Idea: Create new features (such as area, being derived from length and width)

TODO: get derivation for how to minimize theta in one step
o DONE: Derivation: http://eli.thegreenplace.net/2014/derivation-of-the-normal-equation-for-linear-regression

(XAT x)-1 xAT y => gives a list of theta values

Pros/cons

Giant matrices are slow to compute. O(n*3). Slow if number of features is huge. n features. n >= 10,000. Interesting... not
related to number of number of samples (m)?

Gradient descent iterates (and you’ll want to feature scale)

Normal equation (computing theta in a single computation) -- like normal vector? Find normal to the surface?


http://eli.thegreenplace.net/2014/derivation-of-the-normal-equation-for-linear-regression

in plain English, what are we trying to do?

TODO: get intuition for meaning of “x*T x” ...
. data, or a list of 3 functions to apply. Learn to switch

DONE: Learn how to treat code as data, data as code. Vertical column..
function that takes 3 parameters, or 3 data elements (of 1 each)

[ ]
between it. Horizontal row...
This is the dot product of all combinations. First row with itself, first dot second, second dot first, second dot second. Cool

o X X =>dot product with itself (results in a 1x1)

o X X =>all dot products (results in an n x n)

Ah... determinant helping to solve simultaneous equations. | see! Remember how to solve a system of equations with regular

linear algebra. That is basically it... we are solving the partial derivatives. Gotcha.

d/dTheta = Current Value * feature = 0
If linearly dependent features, redundant. (like redundant equations)

Too many features (m <= n)... we can overfit. Get rid of some features. Regularization

is “element-wise product”. How do we do that in math? Name for this?

-> Hadamard product (matrices) - Wikipedia. the free encyclopedia

Vectorization example.

ho(z) = Z 0; Linear algebra

gives us for

loops In our
— 0Ty P

math

Unvectorized implementatiGf“2"°"

-5 double prediction = 0.0;
for (int §j = 0; j <= n; j++)
prediction += theta[]j] * x[3];

Doesn't have a
subscript so it's the

U\ b}‘\) \‘\).%m vector

Vectorized implementation:
[// Q AT |

@::S-—

" MEW
R

go

P 1016 : 1348

Vectorization



https://en.wikipedia.org/wiki/Hadamard_product_(matrices)

All the samples are fighting
about

how to change Theta 0... we
average the votes (whether to
increase or decrease theta 0).

The change is the derivative
times the size of each sample
SN () o

> u(j) = 20(j) + 5w(j) (for all j)

> u =29 +@@
T 9% FF

(- 0
% \«\e(xm) -‘3(2\ @
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Vectorization

That'’s the key intuition... how is EACH term voting for how to change theta. The derivative contains the value. The larger the current
value, the more weight we get.

Homework notes

e Debug things step by step
e Talk through what is happening (each item is “voting” on where to pull theta)
e Debug with simple examples by hand / on command line

Normalizing:
e Convert the raw data into how many standard deviations it is from the mean
e Center & measure in “standard deviation units”

Dot product with itself (which is the squaring + sum)

Implementation Note: In the multivariate case, the cost function can

also be written in the following vectori'ied[orm:

7(6) = 5 (X6~ )" (X0~ §)

where
— (@) — y
— (@@)T — | g
X = ; Y= .
_— (:L.(m))T = y(m)

The vectorized version is efficient when you'’re working with numerical
computing tools like Octave/MATLAB. If you are an expert with matrix
operations, you can prove to yourself that the two forms are equivalent.

Vectorization shortcut 3.2.1 Optional (ungraded) exercise: Selecting learning rates

Make sure to normalize data before using theta (if needed)



Week 3 - Logistic Regression / Regularization

Tradeoffs between regression and classifier.
e Regression can be influenced by outliers
e Regression can predict values that don’t exist in data set (0 <=y <=1 (a binary classification), but regression predicts
negative values and values > 1).
e Logistic regression 0 <= h(x) <= 1.

Use the sigmoid / logistic function, which is 1/ 1 + e*-z.
e Like the tangent, it caps the value between 0 and 1. Q: Could we use tangent or another “capping” function?
o Thought: In(x) has nice derivative of 1/x. That means later optimization is easier (setting derivative to zero).
e The bounds:
o 1/(1+0)=1[as zincreases positive]
o 1/(1+1)="% [midpoint, z=0]
o 1/(1 + infinity) = 0 [as z is very negative]
e h(x) is now a probability (between 0 and 1) that the input is classified as 1.

Interpretation of Hypothesis Output
ho(z) = estimated probability that|

T
Example: If z = | "° | = .
- T tumorSize

h()(;l‘) — ()_7 Szk

Tell patient that 70% chance of tumor being malignant

he) = ply=t]x;®) “probability thaty = 1, given x,
: parameterized by 6”

L. . Theta is a
Logistic regression function we

“ apply with x as

i, ho(aj‘) g(HTaj) the argument
1

— g(z) = Tte—=

Intuition: See theta transpose (column vector of data [by convention] turned into a function)
If the function (theta transpose times x) is positive, we get g(z) >= .5 ... because we have 1/(1 + smaller than 1)
o We turn the broad spectrum of any positive z value into a range of 0.5 to 1.0
e Prediction: | guess we want a theta*t where [theta™ X] is positive for the values we want and negative for the others.
o Use linear regression to make this happen? Gradient descent to find the best theta for this?



Decision Boundary

> hg(z) = g(0g + 0121 + O222)
_5// \ \
i \ (

Create a linear plane boundary

Predict “y = 1“if -3 +x1 +

———

o’

Ny, =
S X +Y¥, >

Non-linear decision boundaries

t
-

-

~ il A he(x) = g(0o + 0121 + O222 5
14
2 2 ’
X ng o % +03x7 + 94332)
o5 = . iR
X OOQO X - f {
X A1 X
ol Create new parameters which are non:linear

but we still use linear algebra on them, once
we have them.

Named cost function, though | prefer “error function”. Cost is what you pay for that choice of theta parameters. This is similar to the
Lagrange optimization. To optimize something subject to a constraint, define an error function (difference from current value and
constraint) and minimize that.

Cost function —

— Linear regression: J () = |- ZTWW
- Cds.{'(\\g(“b \> \5\

—d N\

‘—.7 COSt(h()((EG),y.) — % (hg(’l'@) — ye)Q

\—-

Prediction: minimize cost function, take derivative. Use chain rule. [h(x) - y] * derivative of logistic function. Use quotient rule on that...



Cost function can be non-convex... doesn’t have a clean, single local min.

Cost function
— Linear regression: .J(0)
kO-’;S\ .‘k\c ——

bt(hB(xG)a y.

hr———

—£Co
A

“non-convex”

P 0429 : 11:25

TODO: intuition on how the cost function above can be non-convex. Plot it out and see. What is the derivative?

https://www.wolframalpha.com/input/?i=d%2F dx+1%2F 2+*+(1%2F (1+%2B+e%5E-x)+-+v)%5E2

3% WolframAlpha sz,

didx 1/2 * (1/(1 + er-x)|- y)r2 =)
[ O N == i Web Apps = Examples 2> Random
Derivative:
j(}( 1 )2) _ e (y-D+y
ox\2\14+e> (e* + 1)3
3D plot: Show contour lines
Gnarly!!!
Hard to
optimize or
set = 0.

© Enable interactivity

Pick a different cost function.
Logistic regression cost function Log has a nice convex shape
(compared to the bowl).

P 0626 : 11:25



https://www.wolframalpha.com/input/?i=d%2Fdx+1%2F2+*+(1%2F(1+%2B+e%5E-x)+-+y)%5E2

https://www.wolframalpha.com/input/?i=d%2Fdx+-In+(1%2F (1+%2B+e%5E-x
Q: But it will never reach 0?

% WolframAlpha sz,

[ didx -jn (1/(1 + e~x)) =] ]
I O NN== I i Web Apps = Examples 2> Random
Derivative

d 1 1
A e) -
dx l+e™ e+ 1

log(x) is the natural logarithm

If y =1, then h(x) should be 1 as well. log(1) = 0. (no change in time.)
Intuition: Make sure you understand how log is “time needed to grow”. No time needed to grow from 1 to 1.

Logistic regression cost function

—log(hg(;l:) ify=1 Expfmentially
Cost(hg(x),y) = kﬁ%ﬁ i punish for
(ho(=) ,ZT/) { —log(I — hg(xz)) ify=0 be,i'ng

away.

Cost =0 if y =1, hy(x)
But as  hg(xz) — 0
Cost — o

Captures intuition that if hg(z) = 0,
(predict P(y = 1|x;0) = 0), but y = 1,
we’ll penalize learning algorithm by a very
large cost.

P 0649 ¢ 11:25

We have two cost functions, designed to punish the case of y=1 and y=0 separately. Have mirror images, more or less, which punish
for making the wrong prediction.

Punish the other way, for being away

Logistic regression cost function :
from the desired state of 0.

o —log(hg(z)) ify=1
(Z) (z) — - g 2
COSt(h()(-’IJ » Y ) _log(l — h()(fl«")) if Y= OJ

| —loy (>



https://www.wolframalpha.com/input/?i=d%2Fdx+-ln+(1%2F(1+%2B+e%5E-x))

Logistic regression cost function US€ Y s a binary number so we can
m have y and (1-y) as true or false.

—J(0) = 3; 3 Cost(h(z), y) )

——

le
0¢

— Cost(hg(x),y) = —log_(lloé(zzggg gz

0 or 1 always

Note: y
C ot (hal¥), 3) = '31030‘°L"\\ . ((*Sﬁlﬂ U-\\g(\(\s T

> 0148  10:14 = < £ i

Aha: Cool technique! Convert an if statement into a SINGLE value. Just multiply it all out and you skip the if. The terms where y=1
appear and the other terms disappear as needed.

Tolearn: principle of maximum likelihood estimation

Time to minimize cost...

WolframAlpha gopsen,
P p

d/dx y*log(h(x)) + (1 - y)*In(1 - h(x)) =]
B E EH w» ii: Web Apps = Examples >& Random
Assuming "log" is the natural logarithm | Use the base 10 logarithm instead

Derivative:

(¥ — h(x)) ' (x)

3
— (ylog(h(x)) + (1 = y) log(1 — | =t
=~ (v 10g(h(x)) + (1 - y) log(1 — h(x))) (h(x) — 1) h(x)

og(x) is the natural logarithm

Which is basically (y - h(x)) * x [because h’(x) = x], all divided by the hypothesis term squared. Oh! Remember that we don’t have
the same derivative, the hypothesis is different! TODO: do this by hand.

http://math.stackexchange.com/questions/477207/derivative-of-cost-function-for-logistic-regression

Insight: replace h with h(x). REMEMBER that the hypothesis is different. The format of the answer looks similar (for any convex
function) but the actual cost function and hypothesis function are different.

Same update rule as linear regression. But hypothesis function is different.


http://math.stackexchange.com/questions/477207/derivative-of-cost-function-for-logistic-regression

Define your own cost function, which returns
i SUO) current cost and the partial derivatives. The
[ ] 3 optimizer can‘thén-find thé best thetalient]

= costFunction(theta)
il L st jval = (theta(l)-5)"2 +

(theta(2)-5)*2;
= |J(0) = (61 —5)° + (62 = 5)%/| gradient = zeros(z, 1)+

,LJ 0) =2(0; — 5 P gradient(l) = 2*(theta(l)-5);
— 99, () (61 )/ gradient (2) = 2* (theta(2)-5);

50; 7 (6) = 2(62 — 5)q4

options = optimset(‘'GradObj’, ‘on’, ‘MaxIter’, '100’);
initialTheta = zeros(2,1);
[optTheta, functionVal, exitFlag]

= fminunc (@costFunction, initialTheta, options) ;

P> 0836  14:06

In a functional programming style, you can pass in functions (to define your cost given the current theta, and the derivatives) and it
will optimize theta.

One-vs-all (one-vs-rest):

A

A X
AA Xy x
X
020

X3
Class 1: A & Intuition: reduce a complex problem

(3 sets) to a simple problem (1 set
vs. the rest)

Class2: 0 <«
Class3: X <

P> 334 : 6:15

Multiclass Classification: One-vs-all

Then run all classifiers, and take the max value (highest probability).

Over/underfitting
e Underfitting. “High bias” (has a preconception about what it is supposed to be like)
e Overfitting: “High variance” (too many possible hypotheses. Historical term)
e Fails to generalize, or cannot handle new samples well



Example: Linear regression (housing prices)

N

Size Size Size‘ '
— b6y + 01z =00+ 012+ 02> > 0o+ 01z + 0227 + O32° + 042!
> UI\M\*I' h “lal\ \:12 ; \‘AUS“\' ﬁsl\f 4 ‘0\3@"}1‘& ; N \"\\Jl\ \ariong o

Overfitting: If we have too many features, the learned hypothesis
may fit the training set very well (/(9) = 5, 3 (ho(='") = 4'7)* = 0), but fail

i=1
to generalize to new examples (predi ces on new examples).

Example: Logistic regression

X1
“he(z) = g(0 + O121 + O222) g(b + 0171 + O222 9(0o 7: 01y + szl;f &
(¢ = sigmoid function) +93£¥ + 0423 N +037 22 =+ 04%-_7’2
. : +0s5z122) T +052175 + Ggrize + ... )
“Qnda fit

Andrew Ng

One solution: regularization
e Make the non-linear (curvy) terms very small. Therefore, they can’t have much of an influence

Intuition
X
X
3 3
£ £
Size of house primary  siz of house
0o + 012 + o2 0o + 012 + Op® -P@cé +M
. TR A AN
Suppose we penalll,zle and make 03, 04 really small. *_ small
1 : ; 2
R 1)y _ ,,(i))\2 4 effect
— min o Z(hg(a: ) —y'*"”)° + \ooo 83 looo S¢
1 i=1 =y
OS.40 O.,%0

P 0226 ¢ 10:10




Regularization.

min J(6)
7]
Our cost goes up X
the more we use X
theta. Ah! So we &
distribute the X
energy of theta. v

P 0653  10:10

Size of house

v

Aha: We have a certain amount of “theta energy” and we don’t want to be willy-nilly with it. Put theta where it helps the cost function

the most. There is a cost to using theta itself. Neat.
e Use the smallest amount of theta possible. Best bang for the buck.

e We have a “regularization parameter” (lambda) which controls how much we weight the total theta.

o Don’t punish thetaO (the constant term)
e Mnemonic: Think “Regulate the number of parameters used.”

Learn to “read equations” / convert to plain english

Regularized linear regression
Then average it

Y- (ho(z®) —y)2 +(} 3° 62
i=1 i=1
oy

moin J(0) \

’f —_— Total squared error Total amount of

"theta" used
"Cost is the

average
error and theta
used."”

Learn to read the equation.

P 0040 ¢ 10:40

Plain English: “Cost is the average error plus theta used.”

S 5 R - T - 8

T

Gradient descent
Repeat {

m

= 6 :=60y — (1% D (h()(ﬂf(i)) . ?/(j))-""(()i)
i=1

— 9j p— Qj - [:171 i;(h,o(l-(i)) = y(i))l,g_i) + %\\, gJ

3—97 3 ( %\ C erut\c‘ '1&

il 03:.00 : 10:40




e We shrink theta_j a bit with each iteration.

L?@ ::(5(1 —a—)»— v i hg

X v (@) — y@)z W
| 2\—_< \_\ o7« 0.94 @

OQE -

New normalization solution. You have all the partial derivatives set to zero, and you solve them simultaneously.

Normal equation

(.zt(l))T

M 0718 / 10:40

Non-invertible (singular) matrix: too few equations. Intuition: Missing information. m (samples) less than n (features).

e Regularization adds in extra terms to make the matrix invertible again.

Non-invertibility (optional/advanced).
Suppose m < n, &=

(#examples) (#features)

9= (XTX)-1xTy

k" won -~ ;4W+L\}‘~. /cT.a\\‘,,.. —e T
If A>0 fills in missing entries
’ 0 -1
: 1
0 — XTX -+ )\ XTy
g_—-—_“'i%l’
eertig .

P 10:07 / 10:40

Remember: Regularization helps deal with overfitting.

Gotcha:
e Why is cost function negative in the first term? Did | forget the derivation?
negative? JUPRPREINY 1 cer\cvc"b'": s Theto 1\ &
: . —_— - | SO ()
Advanced optimigation s .

function [jVal) gradient] = co;/tFunctJ.on(theta) Thetaln +'\
jval = [cod
—> J(0) =

——>> gradient(l) = [ code to compute .,.fTZ“J((}) 1:

——

compute J(0)] ;

Bl W y(i) log(h()(‘r(’)) + (1 - y("))l()gl _ /I()(.z'(i))

m
t=1

e Aha: It's the way it’s written. I'd prefer -log(...) + -log( ...) vs. having the negative sign out front. Log of a value less than 1 is
negative (“going backwards in time”), so this makes it positive again. Confusing to see a negative cost out front.

Homework



% Set options for fminunc
options = optimset ('GradObj', 'on', 'MaxIter', 400);

% Run fminunc to obtain the optimal theta
% This function will return theta and the cost
[theta, cost] = ..
fminunc (@ (t) (costFunction(t, X, y)), initial_theta, options);

In this code s et, we first defined the options to be used with fminunc.
we are passed theta, hardcode in X and y

TODO: Why is this the boundary line?

noia on

[ if size(X, 2) <= 3
% Only need 2 points to define a line, so choose twgsendpoints
plot_x = [min(X(:,2))-2, max(X(:,2))+2]; /

— % Calculate the decision boundary line
plot_y = (-1./theta(3)).*(theta(2).*plot_x + theta(l));

— % Plot, and adjust axes for better viewing
plot(plot_x, plot_y)

% Legend, specific for the exercise
legend( ' ' )

1.2.4 Evaluating logistic regression

After learning the parameters, you can use the model to predict whether a
particular student will be admitted. For a student with an Exam 1 score
of 45 and an Exam 2 score of 85, you should expect to see an admission
probability of 0.776.

11 1 1 1 11 1%, ®ony 1 1 r 1

Checks out:
>>[1 45 85] * theta
ans = 1.2442
>> sigmoid(1.244)
ans = 0.77626
>>

Don’t visualize 28 dimensions. Just think of a larger data set.
A function that takes more paramettirs (28).

mapFeature(z) = 2

As a result of this mapping, our v ctouﬁ_tm_&a_ﬂms_@h:;ﬁ:ores on
two QA tests) has been transformed into a R8-dimensional vector. /A logistic

As you increase lambda (regularization factor), you penalize more complex shapes. So you can lose accuracy. Have to find the
underfitting/overfitting middle ground.
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Microchip Test 1

Gotcha: dumb error, was doing lamba / 2 * m instead of (lambda) / (2 * m) in my equation. Be careful converting math equations to
matlab/octave, get too comfortable.



Week 4 - Neural Networks (Representation)

Issue: number of possible quadratic features grows as O(n*2). N choose 2. 100 features, ~5000 choices (100 * 99/ 2).

Non-linear Classification

0
g(6p + 6121 + Q-zrzrg
+03z1T2 + 9411)%.1}2

g 0523y + 067123 + ...
7 S
O 2
OOO OOO&X x X, / \‘c\"l)\‘ \Y}’\ﬁ‘\ﬂ* ""Y\\"ﬂu
4 Yo', Kk -
-2 X

-« o000 g%‘(‘wv. 6(’\13
- T =size ?
T9 = # bedrooms
xr3 = #floors RS Problem with non-linear features is you get
Ty = age every combination. N choose 2, grows as
oo 0O(nA2).

>

Non-linear Hypotheses
e Too many features leads to overfitting. Computationally expensive. Also, quadratic alone gives you oval-shaped features.
e Cubic features get more interesting, but again, tons of combinations. O(n”3)
o Computer vision: each pixel is a possible feature (the intensity of that pixel in a 50x50 grid).

Prediction: Neural nets will help manage number of features by having layers to represent each variable (“100 * 99”), vs. the result
(5000).

e “One learning algorithm” hypothesis. Same piece of brain tissue can process sound, touch, etc. (Adapts even after synapses

cut. Learning to see with your tongue.)

Sensor representationsin the brain
U oy
1

° ‘ Haptic belt: Direction sen Implciitng a 3 eye [
e Reverse engineer brain’s algorithm.
o Neuron a set of input wires and output wires. Does computation in-between.

o Aside: we are finding an analogy and using that to discover new things. Ultimately, a neural network is just another
data structure.




Neuron model: Logistic unit
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Neural Network

Hdden \oger
Layer1 Layer 2 Layer 3
L [‘r,u.‘ Iajg/ e 004'0“4 '4.32/
o Vocab
m Activation function (what computation is happening in the neuron)

'¥-!

Remember, the superscript is more general (j), and the data put in is more specific (the subscript).

Which is which seems to trip me up.
m  Weights (aka theta parameters that scale the input values)
m  Sometimes an implicit x_0 bias (default setting)
m Input layer (seen), output layer (last one), intermediate hidden layers

Neural Network o T o s :
- a;”’ = "“activation” of unit 7 in layer j
—> hels) —, ®U) = matrix of weights controlling
function mapping from layer j to
layerj + 1

T output of layer weighted inputs

(1) (1) then apply sigmoid
>al = ( mz(,+() z1 + 65y Ju2.+.()””)(fn

9(€
(L(zz) = (]( L()+()(l)ll +(‘) ,l72+(')23 'lf-)
(
(3)
1

>(I;):(] ();() 1()+()‘31 11 +();2 12+();; I;)

3) (2 2) (2) 2) (2)
:(I(Ol()(())+@11 O()( O()( )

]I(-)( ) =a

P 0906 ¢ 12:01 = ED) o o

m Gotcha: Each activation node can have its own weights. So Theta becomes a matrix (not a vector to scale the
input).
e In the case above, 3x4 matrix (3 activation layers, each takes 4 parameters).
e And, of course, we have a hidden parameter (Theta 0). So theta matrix gets an additional entry.

Use subscripts / superscripts and abbreviations to simplify the ridiculous number of variables.



e Aha: this where linear algebra shines. How else do you handle dozens or hundreds of variables? Need arrays. “Regular math”
limits you.

Forward propagation: Vectorized implementation

z is the scaled input
for layer 2, node 1

2 1 1 1 1

u(l ) = y((—){“,).r“ + (-)(I ]).r| - (')(12)-"'-’ + (')ju).r;;
2 (1 1 1

> as) = g(05)zo + O3 xy + 0% o + 05 x3)

~> af?) = g(0%) xo + O z1 + 64y x5 + O x3) |

|

2) (2 2) (2 . 2 2 2
= he(r) = g/((-)[l'_,’(l((,') + (—)(l”l]u‘l') + (-)[1.'1,)11.‘2') + (‘)(I;—‘)!I_-(‘-')

o z-values are weighted linear combination of inputs
o see the first layer as activations (just inputs). a
e Again, to avoid confusion, think of “inputs” and “outputs” in the matrix. Just need them to match up after each layer.
e Forward propagation - have inputs, weight them, push them through to the next layer.
e Can learn the features (similar to regression). Prediction: Describe function of entire network, take derivative, use gradient
descent, modify weights

Neural Network learning its own features

o 1l 0813 / 1146

o Again, watch out for the trickiness with all the superscripts, subscripts, etc.
e OK, we can do more complex features. Can we build x1 * x1 as a feature?

o Level 1: x1 (becomes input)

o Level2:x1is...

o Aha: If we just have a linear activation function, we are just using matrices.
http://stackoverflow.com/questions/978207 1/why-must-a-nonlinear-activation-function-be-used-in-a-backpropagation-n
eural-net
Activation function must be non-linear in order to be interesting. So, the activation network itself could be square.
x1 comes in, (x1)*2 comes out. Or some other arrangement. Activation functions don’t have to
Aha: the goal is to use matrixes to represent sets of inputs, but have non-linear functions inside the matrix that do the
work. Use matrices for what they are good at (sets of data and operations) and non-linear functions for what they are
good at (complex behavior)

o In a similar way, the activation function could just multiply its inputs (x1 * x2). Each node would represent a different
set of multiplications.

(H d . R (1
teta'” = x € R™! denote the input witha})’ = 1).

How would you compute a'?'? Theta(1) weights the
) " first set of outputs a(1)
a? =0"q"

2 = @Pa; a® = g(z?®) /

= (-)‘l'u”‘; a? = _q(;'3')
the next set of
outputs a(2) is based
on z(2), the weighted
inputs

Correct Response

o a-outputs. a(1), first set of outputs
o theta(1) - first set of weights
m These are combined to give z(2), the weighted inputs to layer 2
o a(2) - outputs of layer 2, after activation function is run [called g].
m Yep, so use “@” as the result of the activation function on the weighted inputs.


http://stackoverflow.com/questions/9782071/why-must-a-nonlinear-activation-function-be-used-in-a-backpropagation-neural-net
http://stackoverflow.com/questions/9782071/why-must-a-nonlinear-activation-function-be-used-in-a-backpropagation-neural-net

Example: Use weighted ,,1

Simple example: AND inputs in sigmoid fn. oN T 4(2)
= x1,29 € {0,1} values > 4.6 and <-4.6 0
= y =1z, AND 2, round to 1 and 0.

. <
o
(@) fed > 11643) z, 2 he(z)
410
@ X 0 0 3(-30343
l - 0 1 | (" \03 v
s alto +Lo:/.+’2oi/ 1 0 %(-lo) 9
i o onr & = i 1 55(\3
L..(‘) t\\ (‘\ .

e Intuition for the above: only when x1 and x2 are present will it overcome the bias of -30.
e Can build the other logical operations (AND, OR, NOT) using sigmoid

Negation: S s

- I1 | he(aﬁ'
—he(z) 0 | 3(te) m\U
v o 1 q (o x)0

ho(z) = g(10 — 20x,)

)
Putting it together: 21 XNOR x5 hE i

© © o
@250t @ hola)
—> z; AND z§ @ ( \ND ) , ; OR

(1(12) (1.(22) he(x)

he(.l')

OO

._.
8
N

= O = Ol

== 0 0=
=ieiile e

Use multiple layers to make a circuit



Multiple output units: One-vs-all.

[ J
@
1 0 0
Want he(z) =~ [8], he(z) ~ l(‘,], ho(zx) =~ [?], etc.
0 0 0
when pedestrian whencar  when motorcycle
Training set: (z(M,yM), (2, y@), ..., (2™, y(m)
| TNHERE
sy@Doneof [of [of |1, |o] &
A 0 A 0 ) 0 2 1
pedestrian car motorcycle truck
Use multiple outputs to store each type of classification. Now the training example (y) is a vector instead of a single {0, 1}
value.
Homework

TODO: intuition for a*t = b a if a and b are vectors. (Doing dot product.)

Also, make sure to internalize the intuition between n x m (the rows and columns), along with the input/output flow. This helps keep
everything together.

wc ua.uuns UGUG: WILL UT 1IUAUITU 111UV LT VAL 1AU1ICD A alua .y.

You have been provided with a set of network parameters (6(), ()
already trained by us. These are stored in ex3weights.mat and will be
loaded by ex3 nn.m into Thetal and Theta2 The parameters have dimensions
that are sized for a neural network witly25 units in the second layer and 10
output units (corresponding to thy%;git classes).

% Load saved matrices from
load ('ex3weights.mat');

The matrices Thetaldfand Theta2 wil] w be in your Octave
environment
Thetal has size 25 x 401
Theta2 has size 10 x 26

o° dP P o




lx (] Command Window

k |Neural Network Prediction: 5 (digit 5)
_ Program paused. Press enter to continue.

A
[Displaying Example Inage ene Figure 1
|Neural Network Prediction: 1 (digit 1)
;P!Wl’ll paused. Press enter to continue. @ Z+ ' ;r 'i. Insert Text k Axes Grid Autoscale
Displaying Example Image '
|Neural Network Prediction: 2 (digit 2)

|Program paused. Press enter to continue. Making preAdictions
|Displaying Example Image
Neural Network Prediction: 2 (digit 2) based on cgﬂtered

|Program paused. Press enter to coatinue.

Displaying Example Image lmages.
Neural Network Prediction: 6 (digit 6) H
Program paused. Press enter l.t(: cgnunue. ROtathnS?

|pisplaying Example Image scaling,}\

Neural Network Prediction: 5 (digit 5)

Program paused. Press enter to continue.

|pisplaying Example Image

|Neural Network Prediction: 5 (digit 5)
‘lPxoqum paused. Press enter to continue.

x5 E
| File Edit View Debug Run Help
| w 02 &
'
1 function p = predict(Thetal, Thetaz, X) :
2 \?RED:!ET_‘;;:ééEL :A::nbgé.c;:2anxin$:. Zt:ex:.n: trained neural
[} Donined veiihs ot'a necral maevork (Thetal, Th
5
6 % Useful values
7 a « size(X, 1);
8 nun labels = size(Theta2, 1);
i B, Sk daed o5 e i S ionise i R —
= l! p = zeros(size(x, 1), )i
e Neural net is working, but it's looking at single pixel values and the presence of various sets of pixels. Can it handle scaling,

rotation, size up/down, flipping, etc.? (Likely not with this set...)



Week 5 - Neural Networks (Learning)

Prediction: We'll learn to take the derivative of the NN equation, gradient descent, improve the weights.

Neural Network (Classification
(,_ ‘ ){(1(1) (1)) ( (2) I/( )) -...(.’I'(m).y(”"))}

- [ = total no. of layers in network L= 4

layerl S.2%. 55, 5, SL-Q-

Layer1 Layer2 Layer 3 Layer 4

Binary classification [’Multi-class classification (K classes)

e e [«
-;:,O_-; 0 0 0 1

edestrian car motorcycle truck

1 outputunit <« K output units

hot) <R hetd €lR*
g}_ B \<

Cost Function

e We have a separate output node for each class. Only 1 active at a time. Easier vs. having a binary number? (00, 01, 10, 11)

Cost function Cost function adds up difference for each of the

T e tputs. If your target is [1 0 0 0] and you have
Logistic regression:  ©';
& & oo [1/0 0 1] that is bad. Expected 0.

1 m . ; . A .
J(O) = —— [Z ¥ log he(7) + (1 — y'V) log(1 — he(z" ))] + — Z(i]

] = -
0
Neural network:
= ho(z)e R (ho(z)); = i*" output

—_—

m ¢ ~
| i i i i
= JO)=-G [Z;;yi. log(he(¢?)k + (1 — y") log(1 — (he(a ’))n]
-

L—1 s; Si141

: —0
() 2.5
)m lz:l ; ; X‘?

P 506 / 643

Cost Function

Generalize to K simultaneous measurements. Cost function is sum of each K’s perspective on the error
The regularization looks hairy, but you are adding up the weights (except for theta0) along each of the paths. Punish for using
more weights.
e Remember, to optimize the cost function we need 1) the cost function at a certain theta and 2) the gradient at that theta
o With only the gradient, we know the direction to move, but we might overshoot. Need the cost function to tell us if
we’ve gotten worse.



Gradient computation: Backpropagation algorithm
(8

Intuition: (5](.1) — “error” of node j in layer (. O j

—

Fo utput unit (layer L = 4)

r
(55-4) — @ — Y; L\\@&*‘x ém: ;\_:}—

O
' B %
/ Layer1 Layer2 Layer 3 Layer 4

error in 4th layer. (y is desired output)

P 0417 + 11:59

e Prediction: Now, we know a® is based on a® and so on... so can we plug in.
o Hrm... we are working backwards to see that the error in the previous step is built by walking the level 4 error
backwards to see what it originally would have been? Huh. Need intuition here.
m This can really use a real example with numbers. There is an “intuition” video coming right after. Let’s see.

Gradient computation: Backpropagation algorithm
%

Intuition: 6](.1) — “error” of node j in layer L. O

L\\Qk"bj g‘): c;“—;)-

Layer1l Layer2 Layer 3 Layer 4

= 33 = (OE)T6W. + ¢/ (=) A Lt
Ny o (e N
- 5(2) —_ (@(2))T5(3) * g/(z(zl/) CLL:JO‘( (l _6(1))

derivative of activation (sigmoid) function

No delta-1 term, those are the original features. They aren’t “wrong”.
Backpropagation - find error in last layer, work out errors in previous
And (handwaving) you can show the partial derivative is...

o O O O

_I\))‘ Or;”’. g \Z"’J;——’(—// atl).,i (1 _Qu))
R+t i
— 3[@) - a?ﬁ ) ( (quony N\ ; -

This could make sense... the change in the cost (e.g., performance) is proportional to the current error and the
activation value.
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o

. . Accumulate delta from each layer
Backpropagation algorithm (L), sample (1), and node (J)

—> Training set {(x“).y“)),w"))} ' - o
Setﬁz = () (for all 1.i.,j)j (ya < Gupule —1’@ I(Q\)
For i=1tomé& (ﬁ\, 3“‘)4 :

Set a(l) = z2(9 g

Perform forward propa

ion to compute a¥) for 1=2,3,...,L

=™ ) h

(A1)
<« Af&)_.: A(l)*\- Slﬂ (of‘“)‘y.

Using »'*), compute &

Compute '2—1, 5L
= A Lauip T

B 10:43 / 11:59

We accumulate how much each sample (i) influences the node (j) at layer (). The error for each is accounted for.

Forward Propagation Z(Weightinputs by theta)

X

03:29 / 12:44
Have a clear mental model of z (weight inputs by theta, summed), the sigmoid in the center, then a, the result.

Weights for 2nd layer, 1st input, 1st
Forward Propagation term. Goes outside in.

04:09 / 1244

Aha: Think about how each term goes from general to specific. The layer (2), the input (1), the subterm of that input

(0).

Half the challenge is internalizing the notation.



We want to change theta, which changes the z...
Forward Propagation (throughout the network)

— 0, = “error” of cost for ay) (unit 7 in layer ).
@) _ 7Y .
Formally, _(Ez_ = 2o cost (i) (for j>0), whgre

> 0823 12:44

o TODO: | want to see the full derivation here. Even for a simple 2-item network. Why not start with a simpler example
and use actual numbers?
m https://www.quor

kpropagation-algorithm
m http://neuralnetworksanddeeplearning.com/chap2.html

o OK... we have this cost method here:

What is backpropagation doing?

J(©) = —— [Z ¥ log(he(z™)) + (1 - y®) log(1 - (/ze(.r“))))]

M

g=

L—1 s; Si+1 I \ (\(Ul ‘j(;\\)

Focusing on a single example =", 4", the case of 1 output unit,
and ignoring regularization (A = 0),

cost(i) =y log he(z™) + (1 — y@)log h(_)(a;(@<—
(Think of cost()) = (ke (@] —y®)?) '~
l.e. how well is the network'doing on example i?

P> 0622 / 1244 [ < & e

But the “hypothesis” is a very complex multi-layered function (with all the layers). Wrapping it up as h_theta is
disingenuous IMO. You hide all the layers. We then need to compute the partial derivatives at each layer and sum
them.

W) (V) Wy
g y ~ O

) W) D 1))

3)
1=®‘18| +®z782

(£

Forward Propagation

P 1057 + 1244

o Can we solve for the value of d2 that makes the logistic function return d3 which then shows up in d4? How is it so
simple and just a multiplication by theta without a In(x) term or inverse logistic or somesuch.
o Project idea
m Create neural net to model simple functions (x*2, e*x, etc.). See how well it can do.


https://www.quora.com/What-are-the-good-sources-to-understand-the-mathematical-understanding-of-the-Backpropagation-algorithm
https://www.quora.com/What-are-the-good-sources-to-understand-the-mathematical-understanding-of-the-Backpropagation-algorithm
http://neuralnetworksanddeeplearning.com/chap2.html

Advanced optimization

function [jVal, gradient] = costFunction (theta)
Rt /lL; | il (T N
K‘
E)pt’l‘heta = fminunc (@costFunction, initialTheta, options)
Neural Network (L=4): 43

- 0,03 0B . matrices (Thetal, Theta2, Theta3)
-» D), D, DB) - matrices (p1, b2, D3)
“Unroll” into vectors

F

> 1558 1 T47 [ 4 & v

Optimizing neural nets: remember we have a matrix of parameters (for each layer, weight for node i input j), and a matrix for the
gradient (for each layer, how much changing the weight of node i input j changes the cost).

Example
S1 = 10.52 =10, 83 = 1 —> he(z)
(_)(1) = Rl()xl (_)(2) c Rl()xll.(_)(.%) € Rlxll
> D) ¢ R10x11 p(2) ¢ R10x11 D(3) ¢ R1x11
! ) 2 ~ 3)
® ® ®
- thetaVec = [ Thetal(:); Theta2(:); Theta3(:)]:;
> DVac = [D1(:); D2(:): D3(:)1:;
Thetal = reshape ( etaVec(l:llO] 107 51510) e
~—> Theta2 = reshape (thetaVec(111:220),10,11);
" Theta3 = reshape (thetaVec(221:231) ,1,11);
P> 336 / 747 [ < & w

e You can roll up the individual layer matrices into a single matrix. Similarly, you can explode the rolled-up matrix into individual
parts.
o The elements are serialized into a single column vector (500 x 1, etc.). Serialize, deserialize.
e You pull out a range of elements and “reshape” them into a square matrix (a 10x11 matrix for example)
o Watch out for fencepost problem on the range: 2:3 is 2 elements (2, 3).
e Aha: Ultimately, we can treat the neural net as a giant function to optimize. We have all the parameters rolled up into a single
giant theta vector. (And what'’s the difference anyway? The optimizer doesn’t care what internal arrangement you have.)

Gradient checking
e Easy to have subtle bugs in your backprop implementations. Where the cost function looks like it's decreasing, etc., but you

get worse performance (how?).
e Numerically estimate the derivative at the point (using J(theta))
o One-sided difference (theta) to (theta + epsilon), take slope vs. two-sided (theta - epsilon) to (theta + epsilon), take

slope

(o)
N/ J(©)
/\
< T(8-)
S S <

Numerical estimation of gradients

i \ A
T A T
©-2 © ©t§

X&_ ey T(&+¢) - T(e-¢) i +¢) (&)
<m b B 2
frin ' -

Implement: gradAlpprox = (J(theta + EPSILON) - J(theta - EPSILON))

jod 04:44 + 11:37



Parameter vector (/
= 0 € R™ (E.g. 6 is “unrolled” version of ©1) (2 o))
- 0 2@1,02,03, —
1) i~ -](bl+;],02,93....,9”)—.]( 1—E€ 92,93,...,9,,)
- WJ(H) ~ 5 E L
21 €

.](91 ,02+¢€,03,...,0, )—.](91 .92—6,93,...,9.,,,)
2€

Q

- %J(@)

](91 .92,93,...,9.,,,-{-6)—.](91 05, 0g::...0. —6)
2€

Q
/E.
8

%

0071
[ J
WY
for i = 1:n; €= (.
thetaPlus = theta; o cs
[theta?lus (i) = thetaPlus(i) + EPSILON; &
thetaMinus = theta;
[thetaMinus (i) = thetaMinus (i) - EPSILON;
gradApprox (i) = (J(thetaPlus) - J(thetaMinus))
/ (2*EPSILON) ;
end;
e Numerically approximate the partial derivatives for each parameter (1 to n)
o Then, verify the numerically computed derivative is approx. equal to the backprop answer. Then we know backprop
was correct.
o Turn off gradient checking after you are using it for learning. Just a “debug-time” check when you are testing your

implementation. (Otherwise you are re-computing the neural network for each iteration...)

Initializing a neural network
Initializing all weights to zero? That means all your hidden layers compute the same value (since they have the same

activation function... you are passing z = 0 to each of them).
The partial derivatives are equal to each other (since the neurons are equal). That means the activation functions are moving

in concert.

Zero initialization
-7(-)55) = 0 for all ¢, 7, 1.

.) b) ‘1
= O~\2 ¢ R(S" g: = Q(\? ’
- L
5@3) JT(@) = = 3@ ®0\ : O

After each update, parameters corresponding to inputs going into each of
two hidden units are identical.

o You lose the advantage of having separate neurons. Super-redundant.

e Fix: random initialization



Random initialization: Symmetry breaking

- Initialize each O to a random value in [—¢, €/
(i.,e. —e < O < e) ~

E.g. /7 ¥

> Thetal = |rand(10,11)* (2*INIT EPSILON)
— INIT EPSILON;

Theta2 = rand(1l,11)* (2*INIT EPSILON)
- INIT EPSILON;

Aha: “Break the symmetry” (nice summarized phrase of what you are trying to do). “If two people agree on decision, one of
them is not necessary.”

Choosing NN architecture

Training a neural network
_Pick a network architecture (connectlwty pattern between neurons) \l,

2 .R DR “
- No. of input units: Dimension of features 1( )
- No. output units: Number of classes
Reasonable default: 1 hidden layer, or if >1 hidden layer, have same no. of hidden
units in every layer (usually the more the better)

jQ?l,‘l/],-»-/“’l - gl £

Ead ;

e # of inputs (determined by # of features)
e # of outputs (determined by # of output classes)
e Hidden layers: more, better. (Have more neurons than outputs?)

0 ~
S
(0
q
—
g -~0-0
——J
}
*®0~00¢0 o

Training a neural network
—=1. Randomly initialize weights
—2. Implement forward propagation to get 1o (2() for any z("
—3. Implement code to compute cost function J(©)
4. Implement backprop to compute partial derivatives ,)()m J(©)

— for i = 1:m
Perform forward propagation and backpropagation using
example (2", y")
(Get activations «Y) and delta terms ¢ for [ =2

Training a neural network
5. Use gradient checking to compare 557 /(©) computed using

backpropagation vs. using numerical estimate of gradient
of J(©).
Then disable gradient checking code.

6. Use gradient descent or advanced optimization method with
backpropagationto try to minimize J(©) as a function of
parameters ©




Result: A NN that has a set of weights that can classify inputs with minimized error.
e Ultimately, just another mathematical function with n inputs that returns y, and has been optimized.

ke <) Lo

/ j j(i\

(1)
= 12

7 L\(b(x(d'\ ‘1,‘ ‘_j(\\ @ﬁj ®D\/ -

e Start randomly, walk downhill, get a good value. Q: try a few times so you don’t get stuck in local min?
o Huh: there is still some hand-waviness on the math of backprop. Would be better to walk through on our own and
learn to predict by hand what values certain things should take. A simple 2x2 network, etc.
Autonomous driving
e Given pixels, make a steering direction. The human driver is the reference (pixel input, output is the left/right steering
direction).

%

e Learning algorithm is to output the correct steering direction given the pixel input. That’s pretty sweet.

Homework

Recall that the cost function for the neural network (without regulariza-
tion) is

VOEESS > v 10g((ho(z))x) — (1 - y{) 1og(1 — (ha(a))s) | ,
i=1 k=1
e In plain english: The cost function is the error for each classification (K total), for each sample (m total). Then take the
average error per sample.
e Hrm, there seems to be some strange precision thing going on. The vectorized implementation from last week returns results
different from the loop. Just going to use vectorized. (D’oh -- used m, not i, as the index...)

% make prediction for all samples (from last week)
X bias = [ones(size (X, 1), 1) X];

Al = sigmoid(Thetal * X bias');

Al bias = [ones(l, size(Al, 2)); Al];

A2 = sigmoid(Theta2 * Al bias);

% total cost for all predictions

for i=1:m

zl = [1; X(m, :)']; %% ARGH, stupid typo.. should be i, not m
al = sigmoid(Thetal * zl);
z2 = [1; all:

a2 = sigmoid(Theta2 * z2);

o)

% something weird is happening above...

y _vec = zeros (num labels, 1);



y_vec(y(i)) = 1;
total cost = -y vec.* log(a2) - (1 - y vec).*log(l - a2);

J += sum(total cost) / m;

end

Derivative of the sigmoid is nicely behaved (another nice benefit of using e”x)

7(2) = +-9(2) = 9(2)(1 - 9(2))

sigmoid(z) = g(2) = E—

s ] SERES | IR N SR, BRI B AT, | | R

http://www.wolframalpha.com/input/?i=d%2F dx+(1%2F (1+%2B+e%5E-x))
% WoltramAlpha | pro

d/dx (1/(1 + er-x)) 8
B e ay i Web Apps = Examples =2 Random
Derivative

d ( 1 )_ e"
dx\1+e™~ (eX +1)?

Aha: instead of the official derivative above, refactor to g(z)(1 - g(z)), which lets you re-use previous computations. Faster.

For mental sanity check, plot the sigmoid (vs line y=x) and see how it slopes slower:
http://www.wolframalpha.com/input/?i=plot+y%3D1%2F (1+%2B+e%5E-x).+y%3Dx

P& WolframAl pha |PrRO

plot y=1/(1 + e*-x), y=x| E

B e Eay ! Web Apps = Examples >¢ Random

Input interpretation

1
plot = l+e™™

y=x

© Enable interactivity

@ Download page POWERED BY THE WOLFRAM LANGUAGE

In the hw, you see that the gradient at z=0 is .25 (a slow ramp up, not changing that fast compared to e*x or y=x).
Randomly initialize weights based on number of units/neurons in the entire network. Keep weights small (like .12)

Error term
e delta; - how much layer |, node j was responsible for the error in our output.

Backpropagation
e Yep, this course needs better labeling of what the various inputs/outputs are


http://www.wolframalpha.com/input/?i=d%2Fdx+(1%2F(1+%2B+e%5E-x))
http://www.wolframalpha.com/input/?i=plot+y%3D1%2F(1+%2B+e%5E-x),+y%3Dx

Should be labeled better
o) &~ @

+1

5D = (0@)T5™ x g(2@) 8P =a® -y,

(remove 5((,2))
Input Layer Hidden Layer Output Layer

e I’'m using my own notation for a1, z1, etc. a1=z2 (outputs of first layer are inputs of second..., since the first layer just passes
them along.)
e Huh: Half the difficulty is keeping the various indices straight

Suppose you have a tunction J;(¢) that purportedly computes z;-J(Y);
you'd like to check if f; is outputting correct derivative values.

0 0
0 0 1 function numgrad = computeNumericalGradient(J, theta)
2 SCOMPUTENUMERICALGRADIENT Computes the gradient using "finite differences"
R 2 . . 3 %and gives us a numerical estimate of the gradient.
Let 6G") =0+ : and 60 =9 — 4 % numgrad = COMPUTENUMERICALGRADIENT(J, theta) computes the numerical
€ € 5 3 gradient of the function J around theta. Calling y = J(theta) should
6 3 return the function value at theta.
: : 7
8 % Notes: The following code implements numerical gradient checking, and
0 0 9 L) returns the numerical gradient.It sets numgrad(i) to (a numerical
10 £ approximation of) the partial derivative of J with respect to the
SO 9(i+) is the same as 0 except its i-th element has been incremented by 11 % i-th input argument, evaluated at theta. (i.e., numgrad(i) should
Bk giiy o ) X y £ 12 L) be the (approximately) the partial derivative of J with respect
e. Similarly, #0-) is the corresponding vector with the i-th element decreased ot to theta(i).)
p B . 14 3
by €. You can now numerically verify f;(#)’s correctness by checking, for each 15
y . 16 numgrad = zeros(size(theta)); -
i, that: J(G(H)) J(G(")) 17 perturb = zeros(size(theta)); Change every
P, 18 e = le-4;
f‘ ) ———, 19 for p = !_-numel theta
'( ) 2¢ 20 5 Set perLux(fbaLior]x vector parameter Of theta
The degree to which these two values should approximate each other will - {i;;?’f‘gzt;;; ety d
depend on the details of J. But assuming € = 1074, you’ll usually find that 23 loss2 = J(theta - perturb); an . com pUte
i d Beht-hand-sid ftheiab i 1 t:4’ giemifi 24 % Compute Numerical Gradient
the left- and right-hand sides of the above will agree to at least 4 significant 25 numgrad(p) = (loss2 - lossl) / (2%e); . I d. t
digits (and often many more). N, erturhip) = 0 numericai gradien
We have implemented the function to compute the numerical gradient for ;g . th
you in computeNumericalGradient.m. While you are not required to modify o inere
the file, we highly encourage you to take a look at the code to understand
how it works.

e Yep, there is confusion about who should set the bias term. Should specify: add a(0) = 1 in the activation layer. Then z() can
work on those inputs.

% compute gradients

for t=1:m
al = [1; X(t, 2)°]; % activation of Level 1 is bias and the raw input
22 = Thetal * al; % weight by theta
a2 = [1; sigmoid(z2) % activate
z3 = Thetaz * a2;
a3 = sigmoid(z3); . - .
- 3 4 add bias to activation
Yy _vec = zeros(num_ labels, 1);
y vec(y(t)) = 1;
d3 = (a3 - y vec);

d2 = ((Theta2'(2:end,:) * d3) .* sigmoidGradient(z2));
Theta2 grad += (d3 * a2");

- Thetal grad == (d2 * al’);

end

Theta2 grad /= m;
Thetal grad /= m;

a(2) is the output at layer 2, which is the bias term and the sigmoid of the inputs to that layer (z2).



We can visualize the features the NN is detecting. Show the weights for each of the pixels (0 -- no weight -- to highly weighted).



Week 6 - Advice for Machine Learning

Suppose your model isn’t performing well -- what to do?
e More examples, more features, smaller sets of features, polynomial features ((x1)"2, (x2)"2, etc.), tweaking lambda
(regularization)
e Can waste lots of time making random adjustments. Better: diagnostics

How do you know if you're overfitting?

e Hard to plot when there’s many features

e Split data into training set, test set (70%/30%). m training examples, my for test examples. If data is ordered, pick randomly
(or... just randomly pick no matter what).

e Procedure: Learn Theta for training (minimize J(theta)), compute test set error (J_test (Theta), or the total error on the training
set)

e Misclassification error (0/1). See how many items have an error (100% to 0%). Aha: it's easier to understand an error % vs an
absolute error rate. Easier to compare as well between runs (how much better is it getting relative to how good it could be).

Training/testing procedure for logistic regression

- - Learn parameter (/ from training data Mo
- Compute test set error:

Mtest

= Jrest(0) = 5= Y viens log ho(ien,) + (1 = Yiens) 108 ho(Tiens)
t=1
- Misclassification error (0/1 misclassification error):
2
(L\ ) = | W \b(f)>/o_‘g, %:9_ L Oa
erelhe /5) or iF hely<os, y= |t eror
O othensice.

M‘C)f Ll\)

“Test erre = i— Q(‘r(\\g (\&kﬁ\/ \J(.\\>'

'f?rf (:\

| —

Andrew Ng

Model selection problem: what polynomial to use? What regularization factor? Try various models. Then see which has lowest test
set error.

. (9.'» 3931'&- “{s Q"’\Jm"d
Model selection
() j (9(\\)
d=\1, - }l()(-l') = 0y + 01z — O —_—> +es+
A1 2. ho(x) =0p + 017+ 02a® —> &7 —> Tkey (6™

55:1 3. h()(.l') — 0() i ()[.1' -+ -4 ()3.1'3 —> 8(15_3 < ik (e\'\\)

},_\o 10 /I()(.I') = 9() + ()].'I' o R ()1().1'“) e euoj —> :51"—(-(@(\“)

e But... you are fitting the degree of polynomial (d) to the test set itself! So you are still overfitting on the model, you won’t
predict error reliably.
e Fix: Split into training set, cross validation set (CV), test set. 60/20/20. Track error for each



Train/validation/test error

Training error:

b Jtv,-”‘i"(e) — # Z(h()(.fl?(l)) B y(l))Q
=1

Cross Validation error:

My

Jeo(60) = g Y (ho(z3)) — 413))?

i=1

Test error:

Miest

Jiest(0) = 52— > (ho(@iens) — Ysewt)’

o s

Model selection

W) ——— (\\)
¥ 1. he(z)=6p+6z —> M o) - 6 — Tl
s 2. he(z) =6y + 01z + 022 BB et Y

3 3. hg(z) =60y + b1z + - - - + 0323 o _G)m

| . Sl
&,'_\010, ho(z) =0+ 012+ -+ 0102 — & —> Teo (&™)

d=4 s

Pick 0() + 911‘1 + -+ 94.1‘4 c—
Estimate generalization error for test set Jyoq (0Y)) <—

o Pick the best model on cross validation set (let’s say d=4), then compute error on the test set with d=4. That gives an
accurate estimate of the likely error.
m  Aha: In other words, use each test set to figure out ONE question at a time (like an equation in multiple
variables)
e Q1: How many dimensions should | use?
e Q2: What is my rate of error?

Bias and variance (underfitting / overfitting)

8 8 8
& k| % &
Size Size Size‘ .
b + 61 6o + 01z + Oo2® 0o + 012 + 022 + O3a° + 042"
High bias “Just right” High variance
(underfit) (overfit)

e Bias - your model has too much of a preconceived notion
e Variance - model changes around too much

Training error decreases as we increase degree of polynomial (d)



Bias/variance

Training error: Jiin(0) = 55 Y _(ho(a?) — y¥)?

Cross validation error: ., () s l”(hu(.l'f.’;.))—y,(.:.))z (o,’iwm\\)

error

<
(

Size

Size

e Cross-validation or test error is high as we add more degrees

e Bias and cross-validation high: (underfit)

e Variance (overfit) when bias is low (you follow closely) but cross validation error high
o Either way, your test set has error

Diagnosing bias vs. variance

Suppose your learning algorithm is performing less well than
you were hoping. (.J.,,(0) or Jiest(0) is high.) Isit a bias
problem or a variance problem?

L (0) Bias (underfit):
c'r‘ossvalidation — __5-\-,0;,\ (“\ (:-i\\ \oQ. ]m:rl-\}

\orone IQ\,LB) IXJ ’j‘tw(SB

rain(6) Variance (overfit):
('trfairr:'i;\'glerror) 'I;n__h (8 i\ Ne lew

—ch(b\ >_> j""'b"‘ (B>

| hy
- S
OE degree o?“polynomial d

Regularization
e |dea is to avoid overfitting -- have cost for too many parameters

Linear regression with regularization

Model: |hg(z) = Op|+ 012 + O2% + 0323 + O42* <
1 m il

J(0) = 5— ;(hg(.f")) A > 07 [ <—
X X x X
g| # gl = g
& - & | &
x x
Size Size Size
Large \ < Intermediate \ & - Small \
-= High bias (underfit) “Just right” High variance (overfit)
=\ = 10000. 6, ~ 0,0, ~0,.... SAEO
he(z) = 6 o

e Goal: automatically find regularization setting
o ldea: find lambda parameter that minimizes training error
o Yep. That's what’s happens.

Choosing the regularization parameter A

Model: ho(.’l') = 0y + 0].1’ + 02.’172 + 03.1‘3 + (),1.171
JO) = — S (ho(z®) — y®)2 + A > 6
j=1

2m - 2m 4

1. Try A:Ue—j\ —> wia Tle) — 8" = T (")

2. Try A=001" = -3\ — O = Tew (&™)

3. Try A=0.02 » B ., 165

4. Try \ = 0.04 . )

5. Try A =0.08 ' e 9@ Zle®)
- Q)

12.Try A =10 W O (i

O L%

— Pick (say) 9©). Testerror: Y., (e“’)

Andrew Nj

o Still need to find empirical error rate via the test set. (Because we fit theta to the cross validation set)



Bias/variance as a function of the regularization parameter \

\JOI Oheg x"“ﬁ
l L
(34@,&'
/!
Tw(®)

o If lambda is too small, variance is high (overfit). If lambda large, bias high (underfit).

Learning curves
See how much error is there (avg training error for the samples you've tried)
When m=small, you can fit every example. As m grows, will start to miss some.

Learning curves
Hlé/
"’; ]flllill(()) = ﬁ Z(h()( ( )) —_ I/(l))2 <_
1:1
ﬁ ”' - Zm Z(h() (1) lj” )
i=1
A
d < (8)
()
Do (8)
1\
LN .
i ~ 11 [¥rainina cat cizal
High bias
A Z
S
\& e R
P >‘\’m‘.\(®>

from high bias,
training data will not (by itself)

As you get to larger sets, error increases...

M (training se?size)

If a learning algorithm is suffering
getting more

heln miuich.

price

price

but you can improve cross-validation error.

he(x) = 0y + 01 + O

b
"4 .
v x
e e

ho(z) = 0y + 0,

A

With high bias, more data doesn’t help. You’re still underfitting.



. . ’L()(.’L‘) — 0() -+ 91‘.’1? + -4 91()().’[‘100
High variance (and small \) <

A
A

ot |

P e :
A size

>

M (training set size)

error
price

price

If a learning algorithm is suffering
from high variance, getting more
training data is likely to help.

e There is a gap between cv error and training error. Means you can get more data and reduce cv error.

High bias - too simple
Hligh variance - too complex

Debugging a learning algorithm:

Suppose you have implemented regularized linear regression to predict
housing prices. However, when you test your hypothesis in a new set of
houses, you find that it makes unacceptably large errors in its
prediction. What should you try next?

- Get more training examples —= &xa, \\:3\\ won onte.

- Try smaller sets of features — Sxee high voiona

- Try getting additional features — fxa “gh bies

- Try adding polynomial features (22, 22, z125.etc) = $xe highh ios .
- Trydecreasing A\ = Fixes hgl Ses

- Tryincreasing A - &ixes \“Sl\ Vorr

Neural networks and overfitting

s “Small” neural network —= “Large” neural network
(fewer parameters; more (more parameters; more prone
prone to underfitting) to overfitting)

5
0G0
/\\

Computationally cheaper Computationally more expensive.

)

&S
ZERRNA

?.

D
2.2
(‘.‘j §‘|

G
fe
i
&/’1- b v
@

Use regularization (A) to address overfitting.

e NN has underfitting / overfitting issues too

Spam classifier



Building a spam classifier

Supervised learning. r = features of email. ¥ =spam (1) or not spam (0).
Features z: Choose 100 words indicative of spam/not spam.

(:cs &m\ ) bu:s / &.\xmﬂ‘\', OJ\&W,“QL)I

Q ’\ &AANAL) a
\ 'bu:) -Q\\oo &
X = \ &Q&\ K& From: cheapsales@buystufffromme.com

) To: ang@cs.stanford.edu
O AA‘SCO"‘{' Subject: Buy now!

| now Deal of the week! Buy now!

—

e Make a vector based on words. Top 50k words, etc.
o Remember: Classifier (yes/no with a percentage) vs regression (house price).
o Just getting more data may not help. Smarter features may help.
e Goal is to have various options and then pick between them (not going with random hunch)

Recommended approach
- - Start with a simple algorithm that you can implement quickly.
Implement it and test it on your cross-validation data.

- Plot learning curves to decide if more data, more features, etc.
are likely to help.

- Error analysis: Manually examine the examples (in cross
validation set) that your algorithm made errors on. See if you
spot any systematic trend in what type of examples it is
making errors on.

Error Analysis

mcv = 500 examples in cross validation set
Algorithm misclassifies 100 emails.
Manually examine the 100 errors, and categorize them based on:
i) Whatw Plorma, | replica , Steak poscusards, |
- (ii) What cues (features) you think would have helped the
algorithm classify them correctly.

Pharma: |2 > Deliberate misspellings:
Replica/fake: (mOrgage, med1cine, etc.)

> Steal passwords: S3 - Unusual email routing:
Other: 3! Unusual (spamming) punctuation:

e Look at failed cases, see if any features are in common. (manually)
e Quick and dirty implementation can tease out these errors / issues
e Also: have an accuracy / error number you can work to improve
o Should we use stemming software? Try it, see if it works. Measure results. (Cross validation error)

The importance of numerical evaluation

Should discount/discounts/discounted/discounting be treated as the

same word?

Can use “stemming” software (E.g. “Porter stemmer”)
universe/university.

Error analysis may not be helpful for deciding if this is likely to improve

performance. Only solution is to try it and see if it works.

Need numerical evaluation (e.g., cross validation error) of algorithm’s
performance with and without stemming.
Without stemming: S+, esrror With stemming: 2«4 acror

Distinguish upper vs. lower case (Mom/mom): 3.2 «/4

Skewed data -- when many more examples from one class than the other



Cancer classification example
Train logistic regression model hy(z). (y = 1if cancer, y = 0
otherwise)

Find that you goon test set.

(99% correct diagnoses)

Only 0.50% of patients have cancer.

> D < ‘/\ Qcror
function y = predictCancerU
-y = 0; %ignore x!

return
[ ]

e Can simply guess “no cancer” and be very accurate.
e Precision / Recall.
o Precision: What fraction of

Precision/Recall
y = 1 in presence of rare class that we want to detect
k‘k“’ L closs - Precision
¥ (Of all patients where we predicted y = 1, what

I { l o fraction actually has cancer?)

Traa Folsa. “Taw og'\H e 6 . oet
9('X“‘\°& \ ‘;gs‘\k'\\lt, ‘).s'\\'\uv. é- el | : = it \e s
(\o.ﬁs '&e"é"'\"& ?‘&*}“& T (OS " to.\&(_ (°s
o\ e
el M :
i = Recall
(Of all patients that actually have cancer, what fraction

did we correctly detect as having cancer?)
w Tron positivas
Hractud positive

—

o Precision: How accurate are your diagnoses?
o Recall: How many cancer people get detected?
m If you always guess y=0, then you have recall=0. Don’t detect anyone who does.
o Aha: think about the fraction the true positives are of the row or column.
e Trading precision and recall
o Can raise the bar from 50% to 70% confidence. But lower recall, predicting y=1 for a smaller number of people.
o If you want to avoid false negatives, lower the bar. Be more noisy.

true positives

— precision - —
no. of predicted positive

Trading off precision and recall
= Logistic regression: 0 < hy(z) < 1 = recal oo s e
Predict 1if ho(z) > 08 oA 04 03 €
Predict 0if ho(z) < QB8 & oA ©3 Kvehdd 2
— Suppose we want to predict y = 1 (cancer) il i

only if very confident.
- u‘3\fr er&c{SiOf\ 5 ‘ouv (f_r_ojlv

Precision

- Suppose we want to avoid missing too many
cases of cancer (avoid false negatives).
- \-l.s\., (‘q(&ll‘ 7 \ouv erc-us‘\e/\- 0_?5 1

Recall

N

R More generally: Predict 1 if‘ho(-") > thresholcﬂ

e Ah... question is always, can we pick the threshold automatically?
o Went from a single error metric to 2 numbers (precision/recall). Makes decisions slow.
m Averaging the two isn’t good. Because y=0 automatic can give you high precision.
m Highest -- not good either.



F, Score (F score)
How to compare precision/recall numbers?

Precision(P) Recall (R) ‘ Average F, Score
~ Algorithm 1 | 0.5 0.4 ' 45 . 0.444 <
- Algorithm 2 0.7 0.1 / 0.175
Algorithm 3 | 9_}’ TB QX 0.51 0.0392

fad ‘:\ N e
Average: \E;QI g Pradice y=\ all 4l 4

F, Score: 9 %

m Combines precision and recall, F-score does well. If one element is low, brings down the F-score. Perfect
score is 2*(1*1)/(1 + 1) =1.0

Training data
e Seems like all algos improve with more data.

Designing a high accuracy learning system

E.g. Classify between confusable words.

{ {to, two, too}’ ({then, than}?
- For brea fastTate Tws eggs.
Algorithms "
- - Perceptron (Logistic regression)
~ - Winnow

= - Memory-based
—> - Naive Bayes ity

Accuracy

L Training set size (millions) /\\

When true?
Test: Could a human make a prediction with the same x inputs?
Idea: having low-bias algo, with TONS of training data, can’t fit to all of that.

Large data rationale

= Use a learning algorithm with many parameters (e.g. logistic
regression/linear regression wﬁﬁm; neural network
with many hidden units).  low bies olywithme. <

— ) /S.\r,o'\,\(@> V‘"\\ ne gMo.\,\.
\ G ~ —
| Use a very large training set (unlikely to overfit) [, p—

- S S Yro'a LSB A'\I"—jt‘cs’( L@)

> l:%m('f.% il be Sadl

o The various properties fight it out. More data fights more variance.

Homework
e Gotchas around the row/column ordering, whether the bias term (1) is already included, etc.. Sometimes when summing

things get collapsed in weird ways. Have to inspect and double check.
e Summary: An important concept in machine learning is the bias-variance tradeoff. Models with high bias are not

complex enough for the data and tend to underfit, while models with high variance overfit to the training data.
Yep, more gotchas on the size of various arrays. LinearRegCostFunction returns J (the cost) as an array.



Learning curve for linear regression

Train

140 ——— Cross Validation

120 .

100 .

80 1

60 - 1

20 .

0 L 1 L L 1 1

0 2 4 6 8 10 12
Number of training examples

As we give it more training data, the cross validation error improves. But it stays high, so the model is too simple. (Again, want an
intuition for these graphs...)

e Aha: Again, we can “cheat” by making new features (waterLevel)*2, (waterLevel)*3, etc. and being “linear” in these.
o Remember to normalize these values because they can get enormous (taking waterLevel to the 8th power...).
Normalizing is plotting it with a mean of 0 & standard deviation
e Polynomial can overfit (even dropping at extremes)
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Ah! Look at the gap/difference between training error and CV error. It should be similar. The difference means we have overfit on the
training (little error) but cross validation error is large. We can’t generalize.



We can vary lambda (regularization) to correct, but too much punishment (lambda = 100) means we underfit again. A moderate

lambda (1) works well.
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We can find the right lambda by using the cross validation set (in essence, we are fitting lambda to the CV set).

25 T T

Train
Cross Validation

Error

o 1 1 1 '}
0 2 4 6 8 10
lamhda
e |Intuition: Each new set of data (test set, validation set) can answer ONE question about what parameters to use. (which theta,
which lambda).
e Also: you should randomize the data used for training and validation sets. Run 50 trials, take average error (for example).



Week 7 - Support Vector Machines

Review: Logistic regression helps get a number from 0 to 1. To get y=1, we need z (weighted input) to be way to the right

Alternative view of logistic regression

1

— he(z) = 1+e 0T

Ify =1, wewanthy(z)~1 6Tz>0
If y =0, wewanthy(z) ~ 0, 0Tz <0

e —

e Each training example contributes to cost
e Wheny =1, we want the cost function to be 0. Have a cutoff (once z=1) you are perfect. In logistic regression you really can’t

get zero cost easily.

. ’ g sk . (%, j\
Alternative view of logistic regression

Cost of example:r —(yloghg(z) + (1 — y)log(1l — hy(x))) <

—

1
—|—(1 — y)log(1 — w)lé

R

If y =1(wantoz > 0): If y=o0(wanté”z < 0):

Goal: Have |
sharper
cutoffs

e Use a new cost function cost_1(z) and cost_0(z) which have a sharper cutoff (are these functions differentiable?). Swap these

out in the logistic regression cost.
e Another difference: scale the cost function (relative to B, the total number of parameters used). Just a different choice on how

you want to run the scaling.

Consider the following minimization problems:

D B i i) i AN g2
1. min — [‘Z{ y9cost; (07x?) + (1 — y?)costy (B x! ))] el om ,Zf 6;

s < i i i i) 1 C
2. min C [Z Yeost; (07x?) + (1 — y?)costy (87 x° ’)] - 3 J_Z ;

i=1

These two optimization problems will give the same value of @ (i.e., the s@me value of @ gives the
optimal solution to both problems) if:

G= In other words, multiply
C=-2 through by m (no change to
optimal), divide through by
lambda (no change to
optimal)

Correct Response
[ ]
e Difference: Support Vector Machine outputs a hypothesis (1 or 0), not a prediction probability.

SVM described as “Large Margin Classifiers”
e You need to be much bigger than 0 to push a classification. (>= 1, not just >= 0) to nudge this.
e Gotcha: A few days later, I’ve already forgotten why it’s called a “Support Vector Machine”. What gives?
o “A Support Vector Machine (SVM) is a discriminative classifier formally defined by a separating hyperplane.”
m Yes! That's what it is. A hyperplane separation. Why machine?
m Ah: The closest data points are the “support vectors” that help “support” the boundary of the
hyperplane. You could throw away the further data points and end up with the same hyperline. The

“‘machine” is for machine learning (I guess). It's a cruddy name though.

m https://onionesquereality.wordpress.com/2009/03/22/why-are-support-vectors-machines-called-so/


https://onionesquereality.wordpress.com/2009/03/22/why-are-support-vectors-machines-called-so/

Support Vector Machine
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Let’s say you take C (constant) equal to 100,000. Now you have incentive to minimize cost function.

SVM Decision Boundary

m . o A . 1 n ‘
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SVM Decision Boundary: Linearly separable case

Large margin classifier

SVM will create the black boundary that separates -- larger distance from training examples.
e Why does this happen? Hrm.
e Ah! Ok. Your distance from the margin determines how you are classified. But only get a 1 or 0 if your distance is >= 1.
Therefore you find a boundary that “leaves room” for the samples to be separated nicely.
e However, outliers can change the decision boundary

Large margin classifier in presence of outliers




e If Cis too large, then it gets sensitive to outliers. C is like 1/lambda. Lambda punishes you for parameters, C punishes you for
the cost being off.

Math behind SVMs

Vector inner product: in your head, think “similarity percentage”.
e Remember that u™ u = p * |u|. Remember that u*t u is “running the operation on the same data”

Vector Inner Product Uy vy
3 U= SV =
U9 Vo
Cu, u v
UT\‘ =% 2 [\»‘.]

HQ“ S th%‘“\ nc Nefer Yy
= Su? r Uy el
F: Q-z«Sf\\ of- cm'\ﬁ-‘f‘\w\ & v od u.
T = p- Nl = =\"y
— L\‘.\l, + WV, =

e Assume only 2 params. The regularization term (theta12 + theta2”2) can be reached by squaring the length of the theta
parameter vector.

= i
SVM Decision Boundary = SO

e

1 n o _ _L_

1131152012 = %L@?*@:\ ";ki@?f@;\\ e “S\\z
. L1 —.

: e (4 = \\o||
s.t. 5072 >1 if 4y =1
" B Y | 25 -
__=79TJ;(1) | if y(‘l) -0 i’g,l o= O
S,

. Sinelicotion: ©=O. n=2
e Sonow... what is theta™ * x_i ?
o We are projecting the vector on our theta parameter vector
m To have the result > 1, means theta and x_i are pointing in the same direction! So theta is really pointing to
where we want to go for a hypothesis. Neat.

T (D
o R . )
? ? = O xY = \!é \\S\\ie
9] ¥
utv =S 04(\*82\1?

P> 1112 /1941

|

m Prediction: So, the intuition is theta determines a line/plane, points perpendicular to it. You get
rewarded/punished based on how you point in this way too.

m Yep!ll Theta is a vector perpendicular to the boundary.
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m The projections will be small. But the goal is to have large values (>=1) to help separate.



SVM Decision Boundary
. 1 n o 3 \_’ A
min 5 ; 0; ==3 ol <=

s.t. [p™ - ]10] > 1 if y(® =1
/

p .ol < -1 ify® =1
where_i)-m is the projection of z(*) onto the vector 6.
Simplification: 6y = 0

\,“‘.\\s\\z ¢

A
@ O\ \el\ \arne. @)
- —> N O X X >
O ' O Xe.. ©
/ % \\ Q)
¢ \< o P el <=1

\\_\/‘ el | 3

e In other words, theta parameters can be smaller because the projections are larger. Easier to have p (the
projection) be larger instead of theta (which costs us)

» vector 6.
(0
LS S A T 1P

ad (/’T\Q/ )
<

) Ne\ canle

Swaa\le .

e |f we simplify and pick theta_0 = 0, then we only have decision boundaries through origin (no translation of the line)

\\ ®.x0

e All the intuitions about lines, planes, offsets, scaling, etc. come back. Want to have a solid understanding here.

Kernels

Complex decision boundary: use many polynomial features (features f1, f2, f3... which are the combinatorial terms for x1, x2, x1*x2,
and so on)

Non-linear Decision Boundary

| OOOOOOQOO Predict y = 1 if
069 0Q 00 = 0o+ 0121 + 0222 + 032129
| 8 0 + 042 + 0523 + -+ > 0
O(X) OOOOOOOO l\g(‘)_' \ \(’ é).+9.%.4~--->,b
C)OO O O O O‘t\a..»me_.
X1
> Q.+ 9,8 + OO0+ O+ ...
.Q\= %, QI:*I, ‘CLT—X;\H/ L‘( =*(\l Qs“?‘:'---
ls fhe:ea different / hetter chaice of the features f, f, f, ? E

e Can we pick different features?



e Idea: have distance to various landmarks (I1, 12, 13...).

Kernel
/ &m o Given x, compute new feature depending
E; " Q on proximity to landmarks (1) 1(2) (3)
X,
® W\l
. 9\ Py k
> Ix- % W
Xy z\\ w - )\L\\\\
) ( Q(l\) c (
C_;&(\ % f( -'-'S\Ml\mg %, = f le
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i Kecnel (aw’,;f Korel)

e Kernel ~ similarity function. What are we using to compute the feature. Here, a Gaussian (normal) distribution... (0).
o If close to landmark, then we get 1.
o If far from landmark, we get O.

Kernels and Similarity | ¢

L ) o }’ (1)
fi= similarit_v(;lr.l( = exp( m) = exp( R '( 1’ )’ )

If 2 ~ 1Y) . {

O'l
'C\ % e’"‘f(‘ 26
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If z if far from (V) ' ~
K

£, = el =

% O.

(lome nunde T >

2 &>

e The feature is a “spike” as you get closer to the feature. There is a sigma squared parameter to decide how sharp/steep the
cutoff is.

o d
e Weight the distance to each landmark. (theta1, theta2, theta3).
o |Iffar,geta0
o So the closer you get to the various features, get 1 for f1, f2, f3... then you get >= 0 for the total.

A A @ Predict “1” when
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e So... how to find landmarks? (they define the boundary).
o Ah! We set landmarks for the existing training examples. Neat. Assume a “blob”. The data sets the boundaries. Be
close to the others. Measure how close we are to the existing training examples.
o Get the similarity to each other sample. Wow. so m=5000, then we have 5000 features.



SVM with Kernels
= Given (z1), y(V)), (2?42 2.,....(;1'(”’).;11("‘)).
> choose IV =z 1@ = @ I(m) = z(m),
Given example x: — |
1 1= similarity(z l(])) (= ﬁ; 'Cez\
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L
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O
o And have f_0 = 1 (everything is 100% similar to the “null point”)
o Theta is m+1 dimensional as well.
= And we compute theta using the SVM algorithms. Instead of theta on the original features, we have theta on
the f1...fn features.
m  The number of features matches the number of samples. Huge!

SVM with Kernels
Hypothesis: Given =, compute features f € R™*! © R
. U ,qn T
—> Predict “y=1" if Q_f\Z_’O’/ 5 Ry R o S e =
- . 2 M
Training: . 1 G
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SVM with Kernels
Hypothesis: Given &, compute features f € R ! QR
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Training: ity =
m : . 1 ’ \
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— “ @'Q - ® e < 1 lsnd'g Soj
N - Sm
_ @ me & math detail, can use a different

distance metric.

e Using eigenvector/value to find theta’t * theta to make the computation simpler (otherwise it's huge for M=10,000).

SVM parameters:
C(= % ). > Large C: Lower bias, high variance. (swmall N)
— - Small C: Higher bias, low variance. Corge N)

o2  Large o*: Features.fi vary more smoothly.
— Higher bias, lower variance.

e k W\~ “‘\\ )

Small o2: Features f; vary less smoothly.
Lower bias, higher variance. .

If you overfit... punish cost a bit less (smaller C). Smooth it out a bit (larger sigma sq). Sigma for “smear” or “smooth”
(less spiky).



Kernel choice:
e No kernel (linear kernel). You are just using features directly. Linear classifier.
o If many features (n), low samples (m) -- just use the features you have. Don’t want to overfit on training samples.
o If many samples, not many features (n), use the samples to help shape what you want to use.
e Choosing the right sigma”2.

Use SVM software package (e.g. liblinear, libsvm, ...) to solve for
parameters 0. A

Need to specify:
- Choice of parameter C.
Choice of kernel (similarity function):

E.g. No kernel (“linear kernel”) O, « O x4+ t On¥n = o i)
Predict “y=1" if 07 x >0 —~n lme , m small % €lR

Gaussian kernel: ' 5
f'—oxp( [l — 19]]2 xelR, n cmll

2 ) (1) — (%)
202 , where [\Y = 'V, odles ™ (ma&

Need to choose o~ o oo
— o °1x~.:x‘°
04:20 7 L4 S «‘l‘ Y E

e Sometimes you provide the Gaussian kernel yourself. Want to do feature scaling before using the kernel. Don’t let features
dominate just based on their value (bedrooms vs. sq feet).

0D

Kernel (similarity) functions: (4 )
function £ = kernel (x1,x2) {
e A \
> || x1—x2 |2 X= &
f=exp|———F5—) :
K 20’
return ’g‘m

=2 Note: Do perform feature scaling before using the Gaussian kernel.
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e Kernels must meet conditions (“Mercer’s Theorem”) for numerical computation reasons.

Other choices of kernel

Note: Not all similarity functions similarity(xz, ) make valid kernels.
- (Need to satisfy technical condition called “Mercer’s Theorem” to make
sure SVM packages’ optimizations run correctly, and do not diverge).

Y
< to
Many off-the-shelf kernels available: 4 " bﬁ 8 w\;}_ N
- Polynomial kernel: kG« 1) ’; (A8 R @4/
S I T Y SES
R ~ ~

- More esoteric: String kernel, chi-square kernel, histogram

intersection kernel, ...

e Pick your parameters (C, sigma, etc.) based on what has the best in cross-validation.
e Multi-class -- can do one vs. all.




Multi-class classification

N

X
x AA
XX/ AN e {1,2. 8,000, K}
/ R
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Many SVM packages already have built-in multi-class classification
functionality.
- Otherwise, use one-vs.-all method. (Train K SVMs, one to distinguish
y =i fromtherest, fori = 1,2,..., K),get 1) 92 9K)
o Pick class 7 with largest (§'))7 T
e Logistic regression vs. SVM. Depends on features and data.
o More features, logistic regression (linear function is fine)
o If up to 1000 features, more training examples (10,000): SVM with Gaussian kernel.
o If nis small, mis large (m >= 50k)
m Add features, use logistic regression

Logistic regression vs. SVMs

n =number of features (2 € R 1), m = number of training examples
~ If nis large (relative to m): (€.q. a2m, n=zlo,000 , m=10-- to00)

-, Use logistic regression, or SVM without a kernel (“linear kernel”)

- If nis small, m is intermediate: (o= Leione Mz o 10,080) <~
—> Use SVM with Gaussian kernel oy r2o
i Q¥ ¥ O
If nis small, mis large: (n=]-teeo, M= <5000+ ) 8" g »

— Create/add more features, then use Egistic regression or SVM
without a kernel .

o Neural network likely to work well for most of these settings, but mav be
o Hrm.. butisn't SVM just a superset? SVM without a kernel, maybe you can swap out various kernels.

Homework

e C: intuitive definition, it's the penalty for misclassifying samples. (1/lambda, intuitively)
e Data “not linearly separable”
e Sigma (in a Gaussian kernel) seen as a “bandwidth” parameter. How close do samples need to be.

n . .
¥ (@ -y

202

(@) _ »()]|2
o . m x
Kgaussian(m(')azm) = €exp (— ! 202 ! ) — e

o Get the total difference and plug into the normal distribution... how many std deviations away are they?
m [f the difference is 0, then we geta e*0 = 1.

0.7
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051
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Here’s the boundary | got:

® @ Figure 1

. C 3 & & @

Yay, | had a program that tried to fit C and sigma to the cross-validation set
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0.0181967, -0.679596

... (loop over [.01, .03... 1 3... 10, 30] for each).

e For email, have a word list. An email is a vector of possible words (0 if not there, 1 if there).

€ R".

0

| 0

O

“you should see that the classifier gets a training accuracy of about 99.8% and a test accuracy of about 98.5%.”

o Remember the difference between the errors in the model and real-world performance.

Week 8 - Clustering

Unsupervised -- just find similar items. x(i) without a y(i) label. Goal to find structure inside.

Unsupervised learning

I

C\uﬂ"{r \AD

Training set: {z,2®,2®

K-means
e Randomly initialize 2 cluster centroids
O

o

Cluster assignment: Find which cluster we’re closest to. (Color red/blue)
Move centroid: Then, move to the average of the groups.

Find structure in groups. Market segmentation, social network analysis (cliques), organize computing clusters
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Parameters: k (number of clusters -
Drop x_0 =1 (Aha: no “bias term” here, no concept of a default cluster, makes sense.)

later, how to identify #)

For non-separated clusters - how to figure out where the small, medium, large size should be for your t-shirt sizes?

K-means for non-separated clusters

Optimization Objective for K-means

Application: Market segmentation

K-means optimization objective

Weight

SIM’ L

T-shirt sizing

o

Height

= ¢(?) = index of cluster (1,2,...,K) to which example z(?) is currently
assigned
Mk = cluster centroid k& (u € R")

Heti) = cluster centroid of cluster to WhICh example 2" has been
j<(\ - S

-2

assigned

Optimization objective:
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1=1 2 s
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Goal: minimize total distance from each sample from its assigned cluster. Cost function sometimes called “distortion”



K-means algorithm

Randomly initialize K cluster centroids 1, pt2, ..., g € R"”
Cluster oscignmat  shep Bea
e BN ok Qm/ Cm'_' o & i
Repeat { C ko\a-k H l-"/l}-\h s‘l‘d\
ort=1tom
¢V := index (from 1 to K) of cluster centroid

closest to z(*)

r N | fork=TioK
i /1 := average (mean) of points assigned to cluster k&

}

Random initialization:
e First, K <m (need fewer clusters than samples of course)
e Pick centroids as K random samples (neat idea... use the data, which already has clusters, to identify what clusters you
need).
o What if you get 2 neighboring examples?
o Run it several times and see if clusters are similar between runs? Yep, k-means can end up with different solutions.

Local optima 1 )

Random initialization 1 . 0\ ’

k<7_ /vX . . % . )
Should have K < m . >< . . . e X,
Randomly pick K training e . " h
examples. e

. x
o < . . o S S )
Set py1,..., LK equal to\these * . o x°* 2
K examples. g S . Sa 3 e ’
i P G : | i o *s &N "u %o
por® AR , A1 S L

Run K-means 100 times. Get the clusters. Get the one with the lowest cost. For small # of clusters (K = 2..10), good to randomly
initialize.

Choosing number of clusters

e Often chosen manually / by hand
e Often ambiguous

What is the right value of K?

2 or 4 clusters?

o

e Elbow method
o Compute cost function as we vary number of clusters. (Clearly, with having K=m we have no error)
o Aha: “Elbow” in the curve (derivative changes sharply). This means we get the best bang for the buck at that point.

Choosing the value of K

Elbow method:

N
Cost function .J

Cost function ./
F
Cost function .J

1 2 3 4 S 6 7 8 1 2 3 4 s 6 7 8
K (no. of clusters) K (no. of clusters) K (no. of clusters) :

o Diminishing marginal returns. But in practice, it's not that clear-cut, can vary slowly.



e Example: how many t-shirt sizes to make? 3, 5, etc. Think about the external constraints (how many sizes can you actually
make?) vs. just having the data speak.

Choosing the value of K
Sometimes, you’re running K-means to get clusters to use for some
later/downstream purpose. Evaluate K-means based on a metric for
how well it performs for that later purpose.
=3 S WML B8 Whe. 0 %1

E.g. T-shirt sizing L T-shirt sizing

Weight

Weight
A

Uaimhe+

Week 8 - Dimensionality Reduction
Application: Data compression
Data Compression

Reduce data from
2D to 1D

9 (inches)

1 (cm)

e Find structure within the data which simplifies the information needed to store. Why have x, y coordinates when we can just
have a line and say how far we are along it?

e |n other words, if the data is already correlated, this represents “redundant” information.

Project data onto a new feature (which is the line)

Data Compression
% | X Reduce data from
§ x X 2Dto 1D
S Wia +sDeR 5,0 eR
4- x « * «
H @ 2@ e 5 2 W
w X & *+ .
Y A zi(em) (™ — 2(m)
d v



e We went from 2 numbers to 1. Can do 3d to 2d, etc. Getting the “shadow” of the original on a single plane.

Data Compression lpoo® —> \ooD®
Reduce data from 3D to 2D

I3

&€r3
I

€Iro I

Point on plane needs 2 numbers (x, y
coordinates relative to planar axes). Idea: when should data compress this way? See how close the data points are to the
plane, how much distance is there between the projection and the original. If not much difference, then go for it.

Application: Visualization

Data Visualizatinn
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e Suppose we have a bunch of information about countries, and it gets reduced to a few dimension (GDP per country, GDP per
capita)

e Typically we reduce to 2 or 3 dimensions so we (humans) can plot/analyze it. (But in essence, we are hoping our visual
system notices a correlation that exists... right? Seems like we could apply machine-learning to this again too)

Principal Component Analysis

e Ah! Yes. PCA minimizes the error. Yay! (Made the projection). Minimize projection error. Nice!!!

Principal Component Analysis (PCA) problem formulation

xTro

W W X / T3
(0N 0 ¢

Principal Component Analysis (PCA) problem formulation S
I o
A r2 L ’P N X

A 5

Reduce from 2-dimension to 1-dimension: Find a direction (a vectoru'!) € R™)
onto which to project the data so as to minimize the projection error.

§< Reduce from n-dimension to k-dimension: Find k vectors u'!), (%), . .., u
)5/ onto which to project the data, so as to minimize the projection error.

e We can pick k vectors onto which to project. 1 vector is a line, 2 define a plane, and so on. Neat.

PCA is not linear regression: linear regression minimizes the VERTICAL error.
PCA minimizes the perpendicular error.



PCA is not linear regression

Y < €Iro

¥ B

e Also... PCA just finds structure in the data. Linear regression is trying to make a prediction about a value “y” (and how far that
prediction is off... we assume there’s a linear function that can predict y). PCA is finding the best “skeleton” inside the data.

PCA plain english: find a simpler model hiding inside the data.
PCA tech description: “Find a low-dimensional surface onto which to project data.”

Implementing PCA:
e Preprocess: feature scale / mean normalization. Replace each with the difference from the mean, so 0 mean. Then divide by
s_j, which is the range you want to normalize to.

Data preprocessing

Trainingset: z(1), 23 . z(m) <
Preprocessing (feature scaling/mean normalization):

m
i = l '1:(.{)
J m 4 :

1=1 .
(1)
Replace each z;" with z; — pu;

If different features on different scales (e.g., 1 =size of house,
r9 =number of bedrooms), scale features to have comparable
range of values.

e Can find distance from line to point:
o Call P (px, py) the projected point. Dot product of P to X and the line is zero. Can solve for this.
https://en.wikipedia.org/wiki/Distance from_a_point_to_a_line
e Compute covariance matrix, which is x xAT => notice how this is different from the dot product, xt x.

x Xt

Multiple functions on multiple vectors Result: Mix every function and input

Xy X y z XX Xy Xz
Y = yX Yy yz
Ziul> X zy 2z

o _ d
e Compute eigenvectors of this matrix. Ah. We are finding the “axes” of this matrix. Neat!
o TODO: Getting a derivation of this would be good. But | can (squinting) see how that could be true. Covariance matrix
is the average of all the interactions, then look for structure inside (eigenvectors).
e Sigma is also used as a variable, the covariance matrix.
o SVD (singular value decomposition)

Principal Component Analysis (PCA) algorithm
Reduce data from n-dimensions to k-dimensions
Compute “cova riar:/ce matrix”:
1 n .
X = — xr g\ N
e YNy z;} \ ~nxn ®
1= o | "N
Compute “eigenvectors” of matrix 3 : — Q;Tw wolua &m,@sm
—[U,S,V] = svd(Sigma) ; f‘,‘l@‘“m\
n~n M&*ﬁi .
- \
- uu\ Llm o . u\n\ ervtﬁb’\
I \ ) L uC
) m ) *°°)


https://en.wikipedia.org/wiki/Distance_from_a_point_to_a_line

e Take first k vectors for the first k PCA vectors.

Principal Component Analysis (PCA) algorithm
From [U,S,V] = svd(Sigma) , we get:

Lu(\\y"___ ‘/
. Y%
SA—
e (uk“\\ Nnx |
e L
e I e o
UrQAuLQ_ Y x

e Keep track of “n x k”, etc. is important. Rows and columns. How many inputs, amount of data in each. (10 operations of 3

parameters). Then pass in 3 parameters, 25 times. Then you have 10 operations, 25 times. [10 x 3] * [3 x 25] =[10 x 25]

Principal Component Analysis (PCA) algorithm summary

- After mean normalization (ensure every feature has
zero mean) and optionaIIy feature scaling'

m

n‘

Sigma = — (a:(i) \
m 1 (n)T
= <* sl

\3‘““ (‘/M\xx *X)

- [U,S,V] = svd(Sigma) ;
- Ureduce = U(:,1:k);

> z = Ureduce’ *x;
A
<R %l

3 N
z (the projections of the PCA vectors), take the first k vectors, transpose, multiply by x (original data set)

Applying PCA

e Can “uncompress” the reduced dimensions by putting them back onto the axis.

Reconstruction from compressed representation

T2 o

X
X
'y L\ 2_@ 2
1) (
o 4 si i K b
£ s \ folt™*
- < reduce’ )
V) W ’
x & {-‘%M("‘ " LQW‘ E
? xZ > X X r aon AR5

<1 Nx 1

Reconstruct x from the compressed representation.
o Lossy - “percent of variance retained”

Choosing number of principal components (k)

e Goal: minimize average squared projection error. (Idea: look for the “elbow” in the curve)



e 99% of variance is retained. (the error compared to the total size of the data set is 1%)

Choosing k& (number of principal components) &

. . = ) 2
Average squared projection error: ~ = - *a‘-w\\
Total variation in the data: <+ = P\

Typically, choose kto be smallest value so that

1 m = ¢ ) () 2
oy o N8 Lapprox
? m le—l H — ((.)“27(” H < 0.01 (1%)
s o 2im1 12| .

“99% of variance is retained”

e Keep adding components (k) until we are 99% accurate. Neat. (“I chose k so 99% of variance was retained.”). 1%, 5%, etc.
o Many features tend to be highly correlated

e Simple algo: just keep increasing k.
o Instead... do a binary search in the sorted list! Because we know variance only increases as we increase k.

e The library returns S (diagonal matrix). We can add up the diagonals we want compared to ALL entries.

Choosing k& (number of principal components)

Algorithm: |

Try PCA with k=1 ¥ s

\{\CompUte (/'F""'llt(~¢r.i(1).:_(_2). ‘
.(m) I'“) I.(m)

\ RS o : e ('l)])l'()l" Al S approx

Ly =@ /=
/\
b e 2

bl 2

s w
il - D _ (4) 2 /—\ _
m Zl—l “I ? &€ “I‘I""‘-"H < ()(”) > ‘ = ? g\'\ <-_

S 6.19 [ o

=
— e
o S .. s

Once you have the S-matrix, can just increase value of k and find the level you need.

PCA Advice

Supervised learning speedup: (Predict... how can this be done? Well, we are supervised (we have the classifications (x => y)) so we
can do PCA, keep 99% of variance, then do z => y. We have a reduced-dimensionality data set which can be much faster to work
with (for a linear regression, NN, etc.)

e Imagine your image is 100x100 (10,000 feature vectors -- each pixel)

e Extract x. Apply PCA, get z (1000 feature vectors, let’s say).

e Then new training set is simpler. Yep! Nice, got prediction.

\ed oo

. Ce N
Supervised learning speedup I

~ (z0,y D], (@@, y@), ..., (™, ym) D

Extract inputs:

Unlabeled dataset: =) 22 ... .. x(™) ¢ R10000 &
L @ »(m) ¢ R1000

New training set:
,:“),y(l) .(:(2).!/(2))

.....

e PCA maps from x to z. So for a new data point, you map to z, then you make the prediction on the class.
o Mapping applied to x_cv and x_test (cross validation, training set)
e For many problems, can reduce feature size by 5-10x. Neat.

“Percent of variance retained” => “percent of accuracy”.



Bad use of PCA: To prevent overfitting
= Use 2" instead of 2 to reduce the number of

—

featuresto k < n.— \oces
Thus, fewer features, less likely to overfit.

Vod !

This might work OK, but isn’t a good way to address
overfitting. Use regularization instead.

1 m . o
- min — h ;;(') — ()2
o n() : 2m “ ( 10(1 ) Y )

1—=

If concerned about overfitting... use regularization, other techniques.
e Intuition: use the technique that was designed to minimize overfitting (punish parameters) instead of accidentally stumbling

into it.

PCA is sometimes used where it shouldn’t be
Design of ML system:
— - Get training set {(z(V,y(V), (z,y?),..., (z(™), (™)}
— - Run PCAto reduce 2" in dimension to get »(*)
- - Train logistic regression on {(z'",y"),...., (2™, ™)}
- Teston test set: Map =, to z\",. Run hy(z) on

i (TS WO . s 740
-> How about doing the whole thing without using PCA?

—> Before implementing PCA, first try running whatever you want to
do with the original/raw data z'*. Only if that doesn’t do what

you want, then implement PCA and consider using z'")

e Use PCA when necessary. Try regular logistic regression, etc. first. It's an optimization / visualization technique that throws
away data.

Homework

e (Can see the K-means moving

Iteration number 10

Figure 1: The expected output.

e Pick N random items as the centroid. Avoid picking the same items twice (randomly reorder the indexes, pick first N).
e Color reduction is a cool example: Pick 16 colors that are closest to the majority of the samples (reduce the distance to them

on average). Find the best clusters.



o

Compressed, with 16 colors

1 20 40 60 80 100 120

Figure 3: Original and reconstructed image (when using K-means to com-
press the image).

For PCA, intuition that we are projecting onto a different basis vector. (And reducing dimension from 2d to 1d, saving data).

8

T T T T T T

1 1 1 1 I 1

1 2 3 4 5 6

Computed principal components. Note they could point the other other way.

o

Again, we project the data onto each PCA vector. Take the top N.

Gotcha: for PCA recovery, we project *each* dimension back using the first K eigenvectors available. TODO: Run through the
examples more clearly to not get caught on the numbers of dimension for the source, eigenvectors, K, and recovery.

o

o

o

X: original data (m=300 samples, n=20 dimensions, let’s say)
U: covariance matrix (n x n, has eigenvectors. 20x20)
Z: projections of X onto first K vectors in covariance matrix. m=300 samples, n = 5 (only using 5 dimensions). Have a
score for how much of each of first 5 eigenvectors appears in data.
X_rec: recover original data set. For each Z entry (projection), figure out contribution to each dimension from each
eigenvector. We can sum them with v/ * U (3, 1:K).Here, we took the dot product to get the sum.
(Z71)
j 1 (U,1)

v=2(1, 2)';
recovered_j U(j, 1:K)';

X_rec(i, j) recovered_j;

Keeping track of all the dimensions is tricky at first. Data projected onto the line which is then warped back into our
space (notice the loss of a dimension)
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Face example is cool. Going from 1024 to 100 dimension. Essentially blurring the faces. But reduce the data needs by
10x (for face recognition, for example).

Figure 8: Principal components on the face dataset

Original faces Recovered faces

Figure 9: Original images of faces and ones reconstructed from only the top
100 principal components.

Week 9 - Density Estimation

Anomaly detection
e Prediction: get a linear regression. If a training sample is far from the prediction we predict an anomaly (i.e., we can call it
unlike the other samples in the set.)
e Get probability that our model would return that data point x. If < epsilon, flag it.



Anomaly detection example
Aircraft engine features: Dataset: {.l'( D 2@ .. (™) } Density estimation
— 1 =heatgenerated 2)
. s . . > Dataset: {z(),z2(® p(m)}
- To =vibrationintensity New engine: Tqs¢ ¥ ey sy ieley 8
= Is Ztes¢ anomalous?
MOM ?(“)
'§ " X X . f(xhn\ &8 - g’\OS
=) X Xxxx >e<x I [ (\L ) <
o 2 tes > e
' X Xx X % o o P t ¢ = 6k
X x h
Iy (heat)

e Aot of this seems like “just” regular statistics. How many sigmas outside of normal.
o Fraud detection

o Manufacturing
o Monitoring computers in data center (CPU load, memory use, disk access, etc.). Does it look like it's having trouble.

Gaussian distribution (Normal distribution)
e Can think of sigma as the “width” of the curve. mu is the center point. Nice intuition.

Gaussian (Normal) distribution
Say = € R. If 2 is a distributed Gaussian with mean 1, variance +°.

N
% ~ N (ped)
R Mdcvdodtdl ac”

‘ P(*;/k,sl)
( (_ (x—ju\zs
s / - $x ¢ e 26
it

TODO: do the derivation of the normal distribution as an article (there was the PDF paper | found a while back).
e Parameter estimation: have some dataset, think it's Guassian -- then find mu (mean) and sigma (std dev)
o Mean (mu) is just avg
o Variance (squared): avg sum of squared differences from mean

Parameter estimation
= Dataset: {z(1),z(?)

o 1/mvs 1/(m-1) -- ah, because of degrees of freedom. In machine learning they just take the 1/m. Hah.

Algorithm:
e Assume each feature (x_1, x_2, etc...) are all Gaussian.
e Probability of x is product of each feature probability. (assumes independence between each feature).

Density estimation
> Training set: {z(1) ... z(™)} % NJf(/A\, %)
Each example is z € R" Yy },J\[( 5.
P(’L) x_z"U\N(\/A}) C;)

- P(x,',fx./s’.)e(n;)11/43()(%3:/@;}3 - P(xnl/uﬂ,c;\ =
e T{‘ﬂ F(“"J")‘;\,GS)
§=i

e Pl as Product (vs. sigma for Sum)



Anomaly detection algorithm

= 1. Choose features z; that you think might be indicative of
anomalous examples.
2. Fitparameters [1;..-;ln; 01y 102

m

1 (4)
i< P

1=1
m

2 _ E

3. Given newexample T computep( )
(=5 —py)?
HP TR H\/— exp ( 202 )
Anomaly if p(.,) €

e Q: However, won't these probabilities be tiny after all the multiplications? 80% * 80% = 64%. Do we have an epsilon for each?
(.05 raised to the number of features?). An average of 5% error on each feature maybe?

= N p; PaleY)

Anomaly detection example : : et L)
il (\ /_6‘ - p(xy; py,07)
= 5, o1 = 2 : ; ! /‘
—— I
= 3, (3'_2 =1 " ‘ \\/
p(x2; p2,03)
e = 0.02

t
p(a;gzt) =0.0021 < ¢

Anomaly Detection System

Learning algos, want to quantify their performance. (General idea: have a number to manage.)
e Assume data is labeled as y=0 if normal, y=1 anomalous. Now we can build a classifier on this.

Aircraft engines motivating example

—1110000| good (normal) engines
—(120 flawed engines (anomalous) 2-50 4=
= P, €0, Ma, 6N —
— Training set: 6000|good engines (y=s)  pbx)= pbuiMie®) - el p,(2)
CV:@ good engines (y = 0), anomalous(y =1)
Test:2000/good engines (y = 0), 10lanomalous (y = 1)

e Again, cross validation set helps us figure out the right regularization parameter.



Algorithm evaluation

- Fit model p(z) on training set {z"), ... . x(™)}
- On a cross validation/test example =, predict

- { 1 if p(z) < € (anomaly)
7 0 if p(x) > € (normal)
Possible evaluation metrics:
- True positive, false positive, false negative, true negative
- Precision/Recall
- F,-score

Can also use cross validation set to choose parameter ¢

e Remember the F1 score -- tradeoff between true/false pos/neg
e Yep, this is just another type of supervised learning. It's skewed though, b/c y=0 is much more common than y=1
o Gotcha! Remember we can’t just use test accuracy. Because of the skew in the data. Use F1 score (precision/recall).
We need to figure out how the true/false pos/neg impact things. Because if you just say everything is ok, you get 99%
accuracy.
o Want to maximize F1 score.

Anomaly Detection vs. Supervised Learning

e Anomaly when you have a small number of positive examples. Makes sense.
e Anomalies aren’t predictable. Look different from what we have. For supervised learning, new inputs will look similar to ones
we already have.

Anomaly detection VS, Supervised learning
= Very small number of positive Large number of positive and <
examples (y = 1).(0-20is negative examples.
common).

-> Large number of negative (y = 0)
examples. @(\0 -

-> Many different “types” of Enough positive examples for
anomalies. Hard for any algorithm | algorithm to get a sense of what
to learn from positive examples positive examples are like, future
what the anomalies look like; positive examples likely to be

future anomalies may look nothing | similar to ones in training set.
like any of the anomalous
examples we’ve seen so far.

e Spam - supervised. Not many unique types of spam.

Anomaly detection VS. Supervised learning
~> ¢ Fraud detection 4=\ * Email spam classification
- >
* Manufacturing (e.g. aircraft * Weather prediction
engines) (sunny/rainy/etc).

* Monitoring machines in a data * Cancer classification
center

Choosing what features to use

Prediction: Should we get rid of correlations within the data? Use PCA to simplify?

Q: What if features are non-Gaussian? (Use transformations to convert to a Gaussian data set):



Non-gaussian features

pl x‘.;ﬁ‘.,f.\
h Y\ < \QB(Y;\
isY .
é{////T,/’

LN {Egéi} é:/Z/’
—_—

e The transform could be log(x), log(x + 1), sqrt(x), etc.

How to do this:
e First, get a histogram of data.

) 15.5637, -65.9963

) Octave-324 o
octave-3.2.
octave-3.2.
octave-3.2.
ans =

size(x)

| 1000

‘octave—S.Z. .exe:6> hist(x)
octave-3.2.4.exe:7> hist(x,50)
octave-3.2.4.exe:8> hist(x.A0.5, 50)
' : >

[ ]
e Try things like taking the square root, fifth root, take the log, etc.

) 0.150331, -15.3991

.exe:6> hist(x)

.exe:7> hist(x,50)

.exe:8> hist(x.A0.5, 50)
.exe:9> hist(x.A0.2, 50)
.exe:10> hist(x.A0.1, 50)
.exe:11> hist(x.A0.05, 50)
.exe:12> xNew = x.A0.05;
.exe:13> hist(log(x),50)
.exe:14> xNew = log(x);
.exe:15>

octave-3.
octave-3.
loctave-3.
octave-3.
octave-3.
octave-3.
octave-3.
octave-3.
octave-3.
octave-3.

NNNNNNNNNN
B R LRk

e |f your anomalous examples are buried inside the regular ones, look at that error case and make a new feature which helps
distinguish it.

- Error analysis for anomaly detection
Want p(z) large for normal examples .
p(x) small for anomalous examples .

Most common problem:
p(x) is comparable (say, both large) for normal
and anomalous examples

K2

x x

.- WD X8 B OOL X X
[ ] 09:10 ’



- Monitoring computers in a data center

-, Choose features that might take on unusually large or
small values in the event of an anomaly.
— r1 = memory use of computer
- To = number of disk accesses/sec
— T3 =CPU load «
— x4 = network traffic <

CPU ool
Xs = — 1 e

e Example: create that new feature x5 which is a new feature with some interesting properties.

Multivariate Gaussian Distribution

Motivating example: Monitoring machines in a data center

2 F(Y.}}A,, C:\
—g 16
> 13
C o
g > CaTE R Thti 2a S T s T T A B ) ST
§ 7 (CPU toad) =
~ 08
", el e, 61)
%0 02 oA ‘JA»; 08 1 12 14 18 2
— I (CPU Load) :X—’f'x—_m“‘_*“‘ —K —qu

T2 (Memory Use) «

Andrew Ng

Let’s say that each variable is fairly reasonable on its own. But the combination is rare.

[ ]
Solution: Don’t model each feature independently -- model everything together. Ah (avoid independence?)

Multivariate Gaussian (Normal) distribution

> z € R". Don’t model p(x1),p(x2), ..., etc. separately.
Model p(z) allinonego.
Parameﬁr_s:u € R™, ¥ € R™™ ™ (covariance matrix)

P()L)},\,i):
(
Py, e R
\ \{E < &enp..',,d ok <

Use the covariance matrix again. TODO: Figure out intuition behind covariance matrices (eigenvectors inside for PCA). Can

[ J
find correlations existing inside the data. Sigma, the “smear” of the covariance matrix.

Multivariate Gaussian (Normal) examples

—T oY 1o
> [F=1ol*T [0 1 =10

| CU—

.y [().(i 0 ]
10 06
=3 X

Can vary smear in each dimension. Can find correlations inside data. Get the probability / correlation between the two. We are

reshaping the space.



Multivariate Gaussian (Normal) examples

S B B

0

0

Multivariate Gaussian (Normal) distribution

A Nxn
Parameters /i, % pe® TR
]. ]_ m .
= p(z;p,X) = TEET P<—§(:L'—M)IZ l(z—u)>

e R e

I

Parameter fnttlng. R
Given trainingset {g;(l).l.(?)’_”’:L.(m.)}<__ % e
m 1 ™m ) :
> 1= Z.z = — 3@ - )@ - )T
i=1 ' =1

Anomaly detection algo:
Fit model to multivariate Gaussian distribution

[ ]
e If p(x) <e, it's anomaly
Anomaly detection with the multivariate Gaussian
1. Fit model p(x) by settin
‘ f,( ) by g
_ (1)
L = — Wi
m ,Z:;
1 m
S 2 N0 oVl T
= ;( 1) ) V.
2. Given a new example x, compute ‘ -
1 1 Ty—1
p(x) = ———— exp <——(;1,' —p) X (z - /1))
[ (2m)% (5|3 2
Flagananomalyif p(z) < ¢
[ ]

Relationship to original model: We are making the contours axis-aligned

Relationship to original model
Original model, ) = p(x1; p1,02) X p(x2; P2, 03) X -+ X p(Tn; fin, 02 l

o) (9\

Correspondsto multivariate Gaussian
1 1 Ty —1 )

— pl;u,Y)= ——exp| —=(z—u)" X" (. — u
> pzip, X) U 1( 2( i) (x — p)

Al
C !LH
l;éJ




e We have a diagonal matrix for Sigma (e.g., no correlation. Gotcha).

-> Original model

p(x1; p1,0%) X - X p(Tn; fin,02)

Manually create features to
capture anomalies where =, x5

vs. =, Multivariate Gaussian

1 1 2
plzip, X) ~ e~ vxp( 5 ,,\’ r ;:r)
(27) % |42 <

A\
+> Automatically captures
correlations between features

take unusual combinations of

values. e o CPU lesd
| X31® % sccahnd

- Computationally cheaper

(alternatively, scales better to large
n) n=le,cev,

<™ g

Computationally more expensive

h=lod, oo D

OK even if m (training set size) is
small

Must have m > n, or else X is
non-invertible.

Data is 10x the # of features. Can avoid manually creating features. Neat.
e If you have redundant features (x1 = x2, or x3 = x1 + x2), the non-invertible.
e Or too few data points (m)

If you have features that are normally correlated (x1 ~ x2), you can create features like x1/x2 which will swing wildly if they are off
course.

Ah. Remember, the sigma”2 should capture 95% of the samples (if we are eyeballing things)

Recommendation System

Example: Predicting movie ratings ML 90 0 0 *e
> [ RR N
- User rates movies using one to five stars EE'S'S X0
er
i = | kkk
Movie Alice (1) Bob (2) Carol (3) Dave (4) Ly *****
,— Love at last S S ) 5
Romance forever & i s 2 o - Ty =NO. users
Cute puppies of love P > = .”r‘n =Nno. movies
L‘ g % o . r(i,7)=1if userj has
Fonstop car chases O o Z Lf rated movie 4
Swords vs. karate ' o S ,7 !/("‘j) = rating given by
user j to movie i
N, =& Am =5 (defined only if

r(i,j) =1)

Recommendation problem: predict how an existing user will rate a new movie.

Approach:
e Create feature vectors for movie (x1 - romance, x2 - action). Have an x_0 bias term (maybe someone hates/loves every
movie)
e [Each user’s ratings are a separate linear regression problem. Figure out their internal utility function (based on x1, x2).
Ru®™%; NS S
Content-based recommender systems oy
i, o .
Movie Alice (1) Bob (2) Carol g3) Dave (4{ T 2
) QU‘ QM Su 9“’ (romance) i
o [Loveatiast ] | 5 5 0 0 ‘[049 o:’]
;\’\ Romance forever 2 5. /E\) 3} 0 y 1.0 0.01
) cute puppies of love} (\f">_®/ 4 0 @)
—= Nonstop car chases 34—7 0 5 4 —, 0.1 - 10
1\95 Swords vs. karate S 0 0 5 /ﬂ - 0 09 N=e)
\

=, For each user j, learn a parameter 67 € R” Predict userj as rating
movie 7 with (69)7z(") stars.

C ePe™

\ ©
%(1\1 [o-ﬂ)x © -
0

Thought: Alice may not have seen many movies. Idea: create clusters of users. Then assign user to a cluster, and use that to
get a better model and train it that way. (Is that collaborative filtering?)

0o vio



Problem formulation
— r(i.j) =1 if user j hasrated movie i (0 otherwise)
= y'"/) = rating by userj on movie i (if defined)

Optimization objective:
To learn ¢’ (parameter for user j):

1 (INT (i £i (J)
—, gU) = parameter vector for user j —> ming Z,, ((69)7=® — ”) Z(W
- z'") = feature vector for movie i L) ;
( ) (7)
- For user j, movie i, predicted rating: (6))" (2(") Tolearn o) 4@ o
- m") = no. of movies rated by user j : | 8
To learn I)UJ. . l;“ll.lAl,l,l,:)lMu 5 Z ((0(11)11,(.» (i ;)) + 5 2
" G \2 iir(i,g)=1 j=1 1
. \\ (\ " >\ ( ! 4 a )
) 2“)2\ ((6 6( > +2—m"5|<€=.s“)
¢ T o — 3 .
Optimization algorithm: y
Nu - 2 )\ TNy n )
min - E E ( () — !/('.J)) i > (02_1))2
6 ....0(nu)
[—111(1[)—1 j=1k=1
e _"”)

- % il o
09 =6 —a 3 ((09)Ta® - y@D)a (for k = 0)

w:r(e,g)=1

!\ 0(/ _ ()(J) Z ((()(_/))'I‘_I.(i) /(: J) ) (2) 3 )‘0(1) (for k # 0)

ir(ij)=1

Ok. Just do linear regression on each person as a unique problem.
e “Content-based recommendation” -- using features of CONTENT to determine regression. But not always feasible -- you
might not have the information tagged in such a way.

Collaborative Filtering

Goal: Learn features automatically.

Problem motivation J, L
Movie Alice (1) Bob (2) Carol(3) Dave(4) T To
oY Sy ™ SY (romance) (action)
Love at last 5 5 0 0 ? ?
Romance forever 5 ? ? 0 ? ?
Cute puppies of ? 4 0 ? ? ?
love
Nonstop car 0 0 5 - ? ?
chases
Swords vs. karate 0 0 5 ? ? ?
— )

0 0 0

5(,60) = |0f,0% = |0

0 ) H

e We don’t know the implicit features x1, x2.
o If users can specify how much they like action, romance, etc. (they love action action movies, they love romantic
movies, etc.)

o Ah... can solve for the features for each movie. Assuming theta is set (don’t like this assumption, but ok...), find the
hidden features

?
(+)
, %
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e Choose features x_i that minimizes the squared error. Have regularization term to prevent features from getting too large.
(Just like solving for a different theta... we have swapped what theta and x are. Just a different unknown.)

Optimization algorithm
Given 0%,....0"") to learn z:

1 e I | o
e X GNT .G _ , (6i)\2 4 A ()y2
—> ming E ((6Y7)" a y )% 4+ 5 E (")

jrGg)=1 0 — i =
— 3 Veaitencd
Given 6W,....6") tolearn =™, ... . p(nm) ;
L ' o I A N n - l
= (1) _ 32 4 (1))2
omin 5 Y v+ 5303 (@)
i =] k=1

1—11111'~1

. ? t

e Sum over every user (use data from all users to update the parameters)

Collaborative filtering eis)
Givenz'V, ... g(m) (and movie ratings), )
can estimate ¢'",... 6" .
Given ¢, ..., o),
can estimate =%, ... ,: p(nm)

Grusw EBos%x—> O0-ox -O>x—>---

e Pick a random theta, then get the features, then get a better theta, then better features...
o There is a more efficient algo that does both (best theta, best x):

Collaborative filtering optimization objective

- GivenzY,....: ), estimate 6, ..., glrw) -

E’”’mi“"'\E Z ((0W)T () _ (i) +;ZZ”") -

J=1ir(i,5)=1

= Given ¢ . ... g") , estimate (V... .. p(nm)

E“mm .—Z Z y(3))2 +;ZZ (1)) =

i=1 k=1

Minimizing V... ... 1(" )and o ..., )<"-f)simultaneously:
’/U.\ll ...... pnm) g1 gna)y = l) Z ((”IJI)‘[J‘!:) - ( ri " ZZ( r\ ) g ZZ(””I '.’
- 1 i=1 k=1 -1 1 k=1

(t.7):r(1.7)

e There is redundancy in the error terms. So just combine everything together. Total cost function in terms of features (x) and

parameters theta.

e Convention: no bias term here (interesting -- why?).
o Ah... we can choose a feature x1 = 1 if needed. It can decide to have a bias term if we need.

o Gradient update -- partial derivative of the cost function
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Collaborative filtering algorithm A
- 1. Initialize 'Y, ... (nm) g 0"+) to small random values.
= 2. Minimize J(zV,... .. r(m) g 9("«)) using gradient X
descent (or an advanced optimization algorithm). E.g. for 9'
every =10 Nisit =:Teous N 2 Gn

) =a) —a| D (09)T2®) -y + Aa "‘)
2:r(ig)= i
3 S T ()

{}L_Il = ()LJ) i ( Z (({}(J))'['J.(') . ”(:.Jl).,.Ll) ik /\()LJ))Q’ AK()

. ir(i,g)=1
—

L
3. Forauser with parameters ¢ anda movie with (learned)
features = , predict a star rating of 47«

ot ( @(0)1’[7_:”

o Ultimately, we create a linear predictive model of a user’s movie ratings based on the features of the movie. We learn
a theta (weighting) for each user.
m Again, initialize to small random values -- symmetry breaking

Low Rank Matrix Factorization

Put everyone’s ratings into a matrix

x & 5 ARG

Collaborative filtering o) x i

Predicted ratings: (""q)
550 0
j 3 s 0 OENT (V) (T (W) ... ()T ()

Y = |? 1 (') o (g(l))'l‘(_l.(‘.Z)) (9(2))’1‘(_,.(2)) . (9(:1,,!)'[‘(".(2))
00 5 4 : s & 5
005 0 (O@NT (z(mm))  (GCNT (gnm)) . ()T (g(nm))

= 3

Y = actual ratings for user (col) and movie (row)
Predictions are based on the features and the user’s weights
Can vectorize this. Movie features in rows (transpose). Then Theta matrix as well:

;
Collaborative filtering 5( @ m ) (X \)
Predicted ratlngs (\"Q \_T

0 0
70 3 W o ((}(u.,))’l‘(‘l.(l))
() 9 T A ) (x '2)) o (()(n.,))'l‘(_r('.’))
o B . el
b S,

-—(X\)T——— . (©(->)‘r

>L = ™) @ = | isle™Y

-7 : * :

= (K'(n.\\y(_ o (G(““\Y—

Andrew Ni
Then with the data/operations mix we want, we do X Theta’T
“Low rank matrix factorization”
Again, the intuition here is that we are just pushing data through operations. Rewrite it to make it easier. Thinking about “linear
functions on basis vectors” doesn’t help. We are munging data here.
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What is another way of writing the following:

e .. @)™
: : X (as operation) working

a®*H'eY) .. ™) E™) ( on Theta Transpose
(change the horizontal

X0
rows to data columns)

xX'e
. Xe’

Correct Response

e Find related movies
o Collect the x1 = romance, x2=action ... features. We have a score for each.
o Find other movies where [|x(i) - x(j)|| -- distance between them is small.

Finding related movies
For each product i, we learn a feature vector z'” € R".
—> X,z fomonw . ¥+ aXion , ¥%a*= Q)M(‘\ll Kg = ~--.

How to find movies j related to movie i ?

T

A _ )
S mall “Xm - 74(‘)) \\ ~> mede § o) LU o Yelmilor

5 most similar movies to movie i:
 Find the 5 movies j with the smallest ||z — 2|,

—_—

o Again, this is “just” Pythagorean theorem once we have the feature vector.

Users who have not rated any movies -- get the average preference for each vector? (prediction)

e Ah... we get zero’s (because regularization). We are rewarded for having no parameters (since there is no error term in the
front)

Users who have not rated any movies

Movie Alice (1) Bob(2) Carol (3) Dave (4) Eve (5)
[ [ ?
~> Love atlast 5 5 0 0 210 > 5 0.0
: = 5 a 9 0 ?
Romance forever 5 ? ? 0 2 (0 5
Y=[? 4 0 7 2
Cute puppies of love ? 4 0 ? ? |0 )
0O 0 5 4 7
Nonstop car chases 0 0 5 4 2|0
0O 0 5 0 7
* Swords vs. karate 0 0 5 ? O

n n

,»<I'_l_l{i_l,lw.,.‘ -:lé Z ((()U))T.,.(H i ”(AJD)'.’ + %ZZ(".;.'))! + %ZZ((}}\J))_’
N ) 7 I S T ==
oM ... .0n Py ORI
©) © X[ )\ ©a
n=L © )GQ‘ e * [:] TKS \ ) 3 (92 ) <

(QCOS" X((\ &by

e Mean Normalization:
o Take matrix of movie ratings, subtract average, so avg rating is 0 (midpoint)
o Then filter on the normalized version.
o Your prediction is:
m Your offset plus the mean (aha!)



Mean Normalization:

For user j, on movie i predict:

> (&) (XM +

/li
\ \ avg rating
User 5 (EVE)! your offset

S "

e Then, if you have no offset term, we expect you to rate it the average rating

Andrew Ng

Homework

Remember Gaussian Distribution:

Gaussian Distribution Function

Gaussian or
"normal"
distribution

fo(x)

ANSLAN VY AALp UM LNULVTALI AV UM ULLLAWWUL VLAV AXAVWNALY F AL TV 2ax

m

1 G
— E : 7)
= i
0214 , . . 0214 ™ =1
00135_¢".1359 | 3413 | 3413 | .1359! 00135 ; ;
N . : . X . it and for the variance you will use:
30 -20 -0 0 o 20 30
X m
The full width of the gaussian curve at half the maximum is 2 1 ( () )2
‘ 0i=_§:xz’ — i)
I =22In26 =2.3550 m S
e Just getting the outliers using statistics
1 function [mu sigmaZ] = estimateGaussian(X)
2 SESTIMATEGAUSSIAN This function estimates the parameters of a
3 $Gaussian distribution using the data in X
& % [mu sigma2] = estimateGaussian(X),
5 3 The input X is the dataset with each n-dimensional data point in one row
6 4 The output is an n-dimensional vector mu, the mean of the data set
; : and the variances sigma®2, an n x 1 vector
13 % Useful variables
11 [m, n] = size(X);

13 % You should return these values correctly
14 mu = zeros(n, 1);
15 sigma2 = zeros(n, 1);

16

17 4 =====z==z==z==z==z==z==z=z=z=z==z=z==z===== YOUR CODE HERE ======================

18 4 Instructions: Compute the mean of the data and the variance

19 % In particular, mu(i) shoigr, rontain the mean of

20 3 the data for the i-th fei|\]L2 i -
21 3 should contain variance e y...sg..s.axnon
22 %

25 sigma2 = var(X) * (m- 1) / m

- — &—standard stats (sigh)

27 % ======s=s==ssssssssssssssssss

30 end
ar |

e Remember, the Gaussian gives a probability of that exact value. The integral of all values within 1 sigma is 68%, and integral
of all values at 2 sigma is 95%. A specific probability of an exact value will be small however.
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We find the best epsilon (threshold) that gives us the a good precision / recall. Balance between true pos, false pos:

10 15 20 25 30 35 0 5
Latency (ms)

threshold classifies C(;rrectly and incoxzrectl);.

The F; score is computed using precision (prec) and recall (rec):

2. prec-rec
= ) (3)
prec + rec
You compute precision and recall by:
tp
prec = ———— 4
tp+ fp @
tp
rec = ———, 5
tp+ fn (5)

where

WOSNOU W -

e tp is the number of true positives: the ground truth label says it’s an
anomaly and our algorithm correctly classified it as an anomaly.

e fp is the number of false positives: the ground truth label says it’s not
an anomaly, but our algorithm incorrectly classified it as an anomaly.

e fn is the number of false negatives: the ground truth label says it’s an
anomaly, but our algorithm incorrectly classified it as not being anoma-
lous.

Iunction |DesSTEPS1.iCn Destrl] = selecrtrnresnolda(yval, pvail)
$SELECTTHRESHOLD Find the best threshold (epsilon) to use for selecting
foutliers

% [bestEpsilon bestFl] = SELECTTHRESHOLD(yval, pval) finds the best

L) threshold to use for selecting outliers based on the results from a
% validation set (pval) and the ground truth (yval).

L)

bestEpsilon = 0;

bestFl = 0;

Fl = 0;

stepsize = (max(pval) - min(pwval)) / 1000;

@ for epsilon = min(pval):stepsize:max(pval)

-

====================== YQOUR CODE HERE ======================

% Instructions: Compute the F1 score of choosing epsilon as the
threshold and place the wvalue in Fl1. The code at the
end of the loop will compare the F1 score for this
choice of epsilon and set it to be the best epsilon if
it is better than the current choice of epsilon.

R EEEEE

of 0's and 1's of the outlier predictions

predictions = (pval < epsilon);

tp = sum((predictions == 1) & (yval == 1));
fp = sum( (predictions == 1) & (yval == 0));
fn = sum((predictions == 0) & (yval == 1));

prec = tp / (tp * fp);
rec = tp / (tp + £fn);

Fl1 = 2 » prec * rec / (prec + rec);

bestFl = F1;
bestEpsilon = epsilon;
end
end

i if F1 > bestFl

end

: There’s a lot of juggling X, Theta, and the size of various matrices

[5x ?] [4 x 3]

m If we want to match, we need 4. Think of it as “4 params, 4 data points”. That’'s where they meet

n [5xH4x 3]

m Theresultis a [5 x 3], the outside elements. Have to reverse engineer what we want a bit.

Note: You can use predictions = (pval < epsilon) to get a binary vector

15 20
Latency (ms)

30

35



49 % end

50

51 E = (X * Theta" - ¥) .* R; % get errors, filtered to R = 1
52 J = (1/2) = sum(sum(E ." 2));

53

54

55 X _grad = E * Theta;
56 Theta grad = E' * X;

57

58 B SRS E S S S S S S S S S S S ESSSSSSSSESSSSSSSSssssssssssssssss
59

60 grad = [X _grad(:); Theta grad(:)];

61

Implementation Note: You can get full credit for this assignment
without using a vectorized implementation, but your code will run much
more slowly [(a small number of hours)| and so we recommend that you
try to vectorize your implementation.

e Cool! Can train on your own movie preferences.
o Would be neat to have a web app online where you can get the trained output (and show the features that led to it).

Training collaborative filtering...
Iteration 100 Cost: 7.211082e+04
Recommender system learning completed.

Program paused. Press enter to continue.

Top recommendations for you:

Predicting rating 8.5 for movie Star Wars (1977)

Predicting rating for movie Titanic (1997)

Predicting rating for movie Shawshank Redemption, The (1994)
Predicting rating for movie Raiders of the Lost Ark (1981)
Predicting rating for movie Schindler's List (1993)
Predicting rating for movie Good Will Hunting (1997)
Predicting rating for movie Usual Suspects, The (1995)
Predicting rating for movie Empire Strikes Back, The (1980)
Predicting rating for movie Braveheart (1995)

Predicting rating for movie Wrong Trousers, The (1993)

L= == e e e e e e e e
Rl TR R T Tl e
OOk NN W

Original ratings provided:
Rated 4 for Toy Story (1995)

Rated 3 for Twelve Monkeys (1995)

Rated 5 for Usual Suspects, The (1995)

Rated 4 for Outbreak (1995)

Rated 5 for Shawshank Redemption, The (1994)
Rated 3 for while You Were Sleeping (1995)
Rated 5 for Forrest Gump (1994)

Rated 2 for Silence of the Lambs, The (1991)
Rated 4 for Alien (1979)

Rated 5 for Die Hard 2 (1990)

Rated 5 for Sphere (1998)

Week 10 - Large Scale Machine Learning

e Machine learning better now b/c of larger data sets
o Train low-bias algo on lots of data
o “Not who has the best algo, but the best data”
o Large data sets (m=100M)
m Gradient-descent O(n) to compute derivative [impact of each sample on derivative]
o Why not train on m=1000 to start?
m Sanity check, make sure variance/error is higher when m gets larger

Learning with large datasets

™M = \od , 000, cod <

= X
1 m : : )
> 0;:=0; —a— ho(z®) — y@)z !
1= =g ;( (=) — y*)x;
Good y High bias
Seu(®) {
5 5 Seul®)
o o
Txkhfa(e;)
///’,”/f’—,’_—”—~__t§:laﬂ(é)
° m (training set size) i m (training set size) i p——

o Huh: Have to remember the role of these curves. Want a gap between the training and cross-validation. Otherwise the
“pbias” / overfitting is happening?
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Linear regression with gradient descent

Z(

71=0

he(a

m

i=1

Repeat{
: —() -—-()—Z h(}(l

(forevery j = () ..... n) o
} -1000

1500

-500 0 500

0,

1000 2000

o Gradient descent walks towards the local min. But computing the derivative term in O(n).

m “Batch gradient descent”. Need to iterate through all records to compute derivative. Then take a small step.
m “Stochastic gradient descent” - my guess -- take a sample of points and compute the gradient there.

e Randomly shuffle the data set

e Make a step that just fits the first example, then take a step, then look the second example, then take a

step, and so on.

e Don’t scan through all m=300M examples before adjusting parameters. Update with each example.

Batch gradient descent Stochastic gradient descent

m

Jerain(0) = 2}” Z(/I()(.lf(i)) _ y(0)2 a>('().s-f(‘(r)_(_,-(i) J(:v’)”) é("”( (D)) — 4@
—> 6;:=0; - —Z (ho(™) —y™)z}” | | Randauly Ae Botect . &
W, S —— &
e ST s W
(foreveryj =0,..., n) Y @ &;-d U\e( @) _ B&-)) x(:’
3 7 so ale, (4 ¢)

500, (040 | (B

Andrew Ng
Iterations are faster, but the direction isn’t perfectly optimized. Might zig-zag a bit.
Doesn’t converge on exact global min, but get parameter near the global min.

Stochastic gradient descent

— 1. Randomly shuffle (reorder)
training examples

= 2.5Repeat { |-'\0ox

.....

;1= 0; — a(hg(z?) —
(for every j = 0.....”)

1500

0.5
-1000

} :

-500 0 500 1000 2000

Take 1-10 passes through data set.

Mini-batch gradient descent

Batch: use all m examples

Mini-batch: use b (< m) samples to compute new gradient
o Use 10 examples at a time (for example)

Gradient: use 1 sample to compute new gradient



Mini-batch gradient descent

Say b = 10, m = 1000.
Repeat{"
e TOM = 1. TLOIL 8. . ... 901 {

e s

1 : ' '
05 == 05— oz5 ,\Z_:.(”’O(.‘I"(A')) T ;‘/(A))"’.(i“

(for evefyj =0,...,n)

e Can vectorize the batch calculation (parallelize the computation). Cool.
e Tradeoff speed and accuracy, like always

Stochastic Gradient Descent Convergence

Check for convergence
e Get a running estimate of our cost (avg of last 1000 samples) to see if we're converging
o Having a smaller learning rate, might get smaller oscillations around global min. Slightly better theta.
e If you take a data point every 5000 samples, slower feedback.
o But faster samples may be too noisy. See that it's improving as we go over 5000 examples
e Algo could be diverging (use a smaller alpha)

Checking for convergence

Plot cost(6, (z'",4'")), averaged over the last 1000 (say) examples

smaller alpha, slightly e
’ ; 3“ <
K _ better e\
¢ "
No_of jterations No. of iterations

1000 samples too nois

\ <
W We  Smalle

N /7°k'

No. of iterations No. of iterations
Andrew Ng

e Can modify alpha (learning rate) as we go. As you get closer, smaller alpha. Not needed often times.
I

Learning rate « is typically held constant. Can slowly decrease o

over time if we want ¢ to converge. (E.g. 0 ey + ez )~ ©

Andraw N

Advanced Topics - Online Learning (aka continuous stream of data)

e Example: Based on price you offer, sometimes users use service (y=1) and other times do not (y=0)



Online learning

Shipping service website where user comes, specifies origin and
destination, you offer to ship their package for some asking price,
and users sometimes choose to use your shipping service (y = 1),
sometimes not (y = 0).

Features = capture properties of user, of origin/destination and
asking price. We wantto learn p(y = 1|z:6) to optimize price.

e Logistic regression -- want a probability user will buy (y=1) given their feature vector (x) and params for regression (Theta)

aJl\llls Hl IO, VVO vwarlniv vwvicarnmn iy — 1|;~ VL L\ U'\JLlllllLC 'Jl [ ] W) S
R Q&Q\\Qf % o Vr"d{ l \5‘*\&. Qlif(-l;\\v‘
Cxo_‘\- \(K,:S l Coﬂofon& uger .
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U?&-OA'{. S us (V‘I\*s) N
- @;‘:= ®3 - & (\.Q(x\ ‘3\ X 3-0,- ” ﬂB

§

e Continuous stream of users... they keep adjusting the parameter theta. Neat.
o If only small number of users, then just save data set and analyze offline.
e This adapts to changing user preference.
o Aha: Basically we have a running average for what theta should be
Example: Product Search
e Figure out 10 phones we should show based on search
o Get features (properties of phone, number of keywords that match, etc.)
o Then get probability user will click (y=1) given features x & theta
e Learn the predicted Click Through Rate

Other online learning example:

Product search (learning to search)
User searches for “Android phone 1080p camera” <«—
Have 100 phones in store. Will return 10 results.

- = = features of phone, how many words in user query match
name of phone, how many words in query match description
of phone, etc.

- y = 1 if user clicks on link. ¥ = 0 otherwise.

-» Learn (y = l|._1;: 0). < frc&c\e& CAR

—>Use to show user the 10 phones they’re most likely to click on.

e Show special offers, news items, etc. What is most likely to be clicked on based on user properties (browser, OS, mobile,
country, etc...)
o Or, can save data and analyze offline. Or just learn continuously for huge data sets.
o We see this happening with YouTube recommendations

Map-Reduce & Data Parallelism

e Split the samples onto various machines. Use map/reduce for parallelism. OK. The calculation is easily parallelized because
it's a linear computation of the various data points. Cool.



@ m= 400,000,000
Map-reduce
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e |n other words, we are vectorizing across machines. (The ideas appear over and over :-)... something is slow and linear, make
it run in parallel.)
o Can parallelize across machines, or cores

Week 11 - Photo OCR

The Photo OCR problem

—> LULA B’s ANTIQUE MALL

i |l.m.A B's ANTIOUE MAL lI

Photo OCR pipeline

1. Text detection

2. Character segmentation el @ lovm| | |
ANTIOUE MALL
3. Character classification
A—) A ~—> N "—> ;i
Cleu\]r q —

Machine learning pipeline



Photo OCR pipeline

" \ \ AV
[ Image H Text detection }-—’[ Chamcte'r H Charaf:ter ]
segmentation recognition

e Thought: When we flatten a pixel area (20x20) into a single 400-item array, we can find correlations between #1 and #21, for
example. The notion of a row/col grid is our own visualization.

Text detection Pedestrian detection

F.

e Simpler problem, detect pedestrians - aspect ratio is the same

Supervised learning for pedestrian detection
% = pixels in 82x36 image patches

ﬂ
-

“
%!
- i

Positive examples (y = 1) Negative examples (y = 0)

e Train NN to take an image patch and classify y=1 or y=0.
e Then, create a window, attempt to classify, and slide around.

Sliding window detection
Step-site [s+r:ide

W —y

o

Andrew N,

e Can take a larger patch, then resize down to 82x36, and classify.



Text detection

~HIIPNE SYEE =
ONOAlNY N SEEF

Positive examples (y = 1) Negative examples (y = 0)

R —— —

Text detection

e Highlight probability text appears (0 to 1, black to grey to white)
e Then do the “expansion”. If you are within 5 px of an activated item, you are white too.

Text detection

Then draw rectangles around regions with right aspect ratio.

Try to detect a split between two characters (y=1)



1D Sliding window for character segmentation

ANTIOUE MALL
Sl -0 B -N B B

i N W

Positive examples (y =1) |  Negativeexamples (y =0) g

e “Should we split here?” (y=1 yes, y=0 no)

Gettings lots of data / artificial data

Artificial data synthesis
e Idea: imagine taking every font we can find, rendering it to images, blurring it, overlay it on various backgrounds, change
aspect ratio, distort it, etc.. We generated the data set (instead of having to look for tagged data).
e Insight: using color doesn’t help that much. (This is key... color is interesting, but is it really needed? Greyscale has many
values, do we need more precision than that? Even for self-driving cars.)

Artificial data synthesis for photo OCR
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Real data

o Yep, paste fonts against random backgrounds.

Artificial data synthesis for photo OCR
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Synthetic data

Real data



Synthesizing data by introducing distortions

Synthesizing data by introducing distortions: Speech recognition

Original audio:

° Audio on bad cellphone connection
Noisy background: Crowd

Noisy background: Machinery

o Same idea, generate new artificial samples. Cool. (With Fourier Transform, could separate in interesting ways.
Deconvolve.)
e He uses phrase “Amplify data set”.

Synthesizing data by introducing distortions

- Distortion introduced should be representation of the type of
noise/distortionsin the test set.

-

Usually does not help to add purely random/meaningless noise
to your data.

- Audio:
Background noise,
bad cellphone connection

x; = intensity (brightness) of pixel i
r; < x;+ random noise

e Don’t want random noise, want distortions representative of data.

Make sure you have a low-bias classifier before you add more data.
e “How much work to get 10x as much data as we currently have?” (A nice general question: how much work to get 10x as
much traffic, performance, sales, etc. as we have?)



Discussion on getting more data

1. Make sure you have a low bias classifier before expending the
effort. (Plot learning curves). E.g. keep increasing the number
of features/number of hidden units in neural network until
you have a low bias classifier.

2. “How much work would it be to get 10x as much data as we
currently have?”

- Artificial data synthesis
- Collect/label it yourself
- “Crowd source” (E.g. Amazon Mechanical Turk)

Ceiling Analysis - What part of the pipeline to work on next

Prediction: Find the limiting reagent. Which step is performing the worst?

Estimating the errors due to each component (ceiling analysis)

o Q(‘
> \© S .‘.&/ k>
h
[ Image }—%’ext detection Characte.r € arat.:t.e g
segmentation recognition
A A A
PR 4 Ay 7

What part of the pipeline should you spend the most time
trying to improve?

Component Accuracy
Overall system 72% <
Text detection 89% <&

Character segmentation 90% <—
Character recognition 100% (—-

e Pretend each step has perfect accuracy (with your test set) and see what the accuracy of the system is. Checkbox, just give it
the correct answers. See how the system behaves.

e Idea: Unit test the components. Given perfect behavior for the others, figure out how well we perform. Give it perfect text
detection (keep the other steps as they were), we gain 17% accuracy. Then with perfect character segmentation we gain 1%.
Then we have an integration test. We are mocking the behavior for each step.

Another ceiling analysis example

Face recognition from images
(Artificial example)

Camera Preprocess
image (remove background)

Eyes segmentation

[ Face detection Nose segmentation Logistic regression ]—> Label

Mouth
segmentation




Another ceiling analysis example

Camera Preprocess
image (remove backgroun

Eyes segmentation

; Logistic regression Label
[ Face Hetectnn Nose segmentation
Component Accuracy
Mouth Overall system 85%
i S:)»
segmentatlon Preprocess (remove ‘ }‘
85.1%
background)
—> S99/,
~= Face detection 91%
A e K £
=, Eyes segmentation 95%
* T
Nose segmentation 96% I/
Mouth segmentation 97% X
o VA
= Logistic regression 100>"A>

e This is a variation of Amdahl’s Law. Overall performance can only be improved based on how much that part contributes.

Overall Thoughts

e Good course, got an intuition for the various algorithms. Practically | would never implement these myself in Octave, need to

get familiar with a toolkit/library (TensorFlow, BigML.com, etc.).
Much of machine learning seems to be applied stats.

Wow. Feels good to have finished the last assignment. Makes me want to always have a course going in the background!

Programming Assignment: Anomaly Detection and Recommender Systems

Stanford

Congratulations!

You have successfully completed Machine Learning from Stanford University.

Final Grade 97 6% Unlock a certificate to share your
.

~l achievement with the world!

Keep Learning

More in Data Science

Looks like other courses in Data Science are starting soon. What will you learn next?

Summary: Main topics

(X(f) (n)
~— Supervised Learning AN
- Linear regression, logistic regression, neural networks, SVMs

~> Unsupervised Learning X(-')
- K-means, PCA, Anomaly detection

—> Special applications/special topics
- Recommender systems, large scale machine learning.

—> Advice on building a machine learning system
- Bias/variance, regularization; deciding what to work on next: evaluation of
learning algorithms, learning curves, error analysis, ceiling analysis.
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