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Machine learning

e Arthur Samuel (1959)
Machine learning is a field of study that gives computers the ability
to learn without being explicitly programmed.
e Tom Mitchell (1998)
A computer program is said to learn from experience E with respect
to some task T and some performance measure P, if its performance
on T, as measured by P, improves with experience E.
- Example: spam email filtering problem
T Classifying emails as spam or not spam.
E Watching you label emails as spam or not spam.

P The number of emails correctly classified as spam/not spam.
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Supervised learning
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(a) Regression (b) Classification
e fitting function e boundary function
- outputs real values - outputs labels
- univariate or multivariate - binary or multi-class



Linear regression



Linear regression
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Univariate case:
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e linear model:

ho(x) = 6o + 01
estimating 6 = (6, 61)
x - for good prediction

Profit in $10,000s
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Cost function
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For a training set m samples: {(x(M),yM) ... (x(m) y(m)1

di = (y — 702 where 7() = hy(x()) = 6y 4 61 x().
e y() is the observed output and y() is the estimated output for x(7)

J(6o,6:) = L zm: (;(f) _y(,-))z

How can we find the 'best’ 67 .



Gradient descent

6= 0; O%J(@o,@ﬂ Eg. 6o = 0:
5 1 o data: {(xV,y®),....(x™ ym)}
o hox — 5
7" 00;2m ;< ) e parameter: 6 = 6,
5 1 = . A\ 2 5 () = ()
—p a2 (0 _ 0 e model: hy(x\") = 01x
fi aae,-mé("”“ ) o(x7) = 61 2

e cost: J(O1)=7 37, (0 —y1)

e gradient descent:
01 : =01 — adielj(ﬁl)



Multivariate linear regression

Size (feet?) | Number of | Number of | Age of home Price ($1000)
bedrooms floors (years)
2104 5 1 45 460
1416 3 2 40 232
1534 3 2 30 315
852 2 1 36 178
o xD=(xD ... ) 1
® 0=(00,01,...,04) iLJ
o " = U]
® hoxV=00+0:xD 4 +04x8) 2o /
o J(O)=5 gl(hgx(i),y(i))Z 25-

) < 1§ - W/V///’ .
® 0;:=0—al Z;’;l(hgx(’)f}/(’))x}’) ‘ 7 40\‘_26»%'”—10 0



Data preprocessing

e sample size and feature size e parameter initialization

e feature scaling e the learning rate

Initial

weight \\

J(w) / __— Gradient

(60,8,




Linear algebra towards vectorizing

Matrix x vector (XTy =37 | yix;)

X1 Xo ... Xp vi|xx [+y2| x |+-Fynl| xn

Yn

Matrix x matrix (XTX =37, xx)

1

T T
X1 X2 ... Xp . =X1X; + -+ XX,



vectorization:

e Training data: m Training data (X,y)
(X<i) ,y(i))7 where x(i)::(xii)p(éi),...A,x‘(ji)) .
) —(x®)" ~ y)
e Parameters: —(x@))T— )
0 = (60,61,.--,64) X = : Y=
e Hypothesis: — (T~ y(m

hox = Bo4+01 x4 4+0,4x) = ox1) )
m Cost function:

e Cost function: J(0) = =—(X0— y)T (X0 —y)

J0) = 5 S (x50

1
2m
m Gradient descent

e Gradient descent: V() = lXT(XH )
0; == 6j—at Z;"Zl(hgxo'),y(f))xj(f) m

0:=6—aVJ)
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Least squares and maximum likelihood estimate

LS:

e Minimum error:
J(0) = 55(X0 — y) (X0 — y) = 55:1ly — X0 |2

Ois = arg mein J(0) = arg mein lly—X8])?
VoJ=0 = VeJ(0)=2XTX60-2XTy=0 = frs=(X"X)"'XTy
MLE

e Maximum estimation:
If u.=x6 and £=05?/ is a cov mat, the Gaussian density function is:

L exp(— 52 (y—n) " (y—1))

p(y\ﬂ,a?):(zwz)§

Onvr, = arg max p (y|u = X0, 02) = arg meaxln p (y\,u = X0, 02)

= arg méax—T‘QHy — X0|> - g In (2r0?) = arg mgax—H)/ - X0|?
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Extending to polynomial regression

Example: 2nd and 3rd order polynomial regression in R?

The width of X grows as (order) x (dimensions) + 1.

. — 2
2nd order: Yi = Wo + Wixin + waXip + w3xj + W4x,22

. — 2 3 3
3rd order: Vi = Wo 4+ WiXip + waxp + waxy + waxs + wsxd + wexs,

(a) 1storder (b) 3rd order
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Classification




Classification

e Data: (x(), y(D) where y() is either 1 or 0 (for binary).
Eg. labeling as yes/no, normal/abnormal, 0/1, present/absent, etc.
e Decision boundary in contrast to a fitting curve
y() is either 0 or 1. Thus, 0 < hg(X(i)) < 1, for each i
logistic function hp(x) = (1 + exp(—0x))~*

e h used as estimate probability, p(y() = 1|x(); 9)
eg. h= .8 ... prob. of raining, etc

Male = 3 \
Female = % x X

Weight *®

Height % -4 =2 0 2 4 6
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Logistic regression

e J(0) =L 3T cost (hy (x7),y(), where

cost = —log (hp(x)) ify =1 and —log (1 — hy(x)) if y=0.

Graph for -log(x), -log(1-x)
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cost (hg(x),y) = 0 if hg(x) = y (correct prediction)
cost (hg(x),y) — oo if y =0 and hp(x) — 1
cost (hp(x),y) = o0 if y =1 and hp(x) — 0
Gradient descent to get a good separating boundary.

14



% Beyond a line boundary:

ho(x) = g (B0 + b1x1 + b2z +03x7 + 0433

Setting § = (—1,0,0,1,1), for example would do.

% Beyond binary class classification:
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Bias and variance trade-off

1 o—o M=1

o
o

(a)
Regularization:
Or = argming |ly—X0|°+rg(8)

eg. 1. LASSO: g(0)=||6]|:
eg. 2. Tikhonov: g(0)=|6)3

(b) (®]

Vol = (y—=X0)"(y—X0)+X076 = 0
o —2XTy4+2XTX0+4+200 = 0

& e = (MHXTX)TIXTy
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Clustering




supervised learning — Clustering algorithm

e pattern extraction and grouping
e data points are not labeled. i.e. x( x(2 . x(m)
e market segmentation, recommender system, gene expression analysis

e common methods: k-means and hierarchical clustering
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Clustering Classification
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k-means clustering algorithm

choose k and label
each cluster c().

choose k initial
centroids, ).

assign membership of
each x() to a centroid.

update centroids as the

mean of group datasets.

repeat until satisfied
with the grouping.

Cost function:
J (/Lcm, ey [Lc(k)) =

(2)

{d)

22T X = ol

k-means can get stuck in local minima.

choice of k

(b)

(e}

(<)

4]
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Hierarchical clustering algorithm

e start by considering each data point as a cluster.
e create hierarchical clusters by nearest distance rule.

e repeat until the giant cluster is formed.

o Distance between clusters:
- L(r,s) = min (D (xr.i, %))
- L(r,s) = max (D (xri, xsj))
- L(r,s) = mean (D (x,i, s j))

L(r.s) =min(D(x,,.x,)) L(r.s) = max( D(x,,.x,))
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