Linear Regression:
Stochastic Gradient Decent



Machine Learning: Linear Regression
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Machine Learning: Linear Regression

Living Area (feet) #bedrooms Asking Price
$ (1000s)
2104 3 400
1404 3 232
1534 3 315
852 2 178
1940 4 240
2000 2 ?

m = #training

examples

X = input variables/
features

% = output variable

(x,y) = training example

(xP,y®) = ith example




Machine Learning: Linear Regression

x, = size, x, = #bedrooms

ho(x) = 0y + 6121 + B2

h(x) = ZOZ{CZ' = 0"z
i=0

m = #training

examples

X = input variables/
features

y = output variable

(x,y) = training example

(xP,y®) = ith example

Polynomial to predict
cost

Theta transpose x is
polynomial evaluation




Machine Learning: Linear Regression

X, = size, x, = #bedrooms

ho(x) = 0y + 6121 + O229

We don't know the thetas
that will make h(x)=y

There may not be. The
relationship may not be
linear




Machine Learning: Linear Regression

We don't know the thetas

x, = size, x, = #bedrooms that will make h(x)=y
hg(x) — 00 —I— 91.’,E1 —I‘ 92.%2 There may not be. The
relationship may not be
linear

We can talk about error Difference between output
for some theta. and expected for every
training example

J(6) = %Z(ho(fﬂ(i)) _ y(z'))z

1




Machine Learning: Linear Regression

We can talk about how the error
will change as we change each theta
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Machine Learning: Linear Regression: Gradient Descent

We can talk about how the error
will change as we change each theta

0
B_Hjj(g)

Then if we adjust theta by a small
amount to minimize the error our
function will have overall lower

error

5 10 15 20 2 30 3 40 5 % 0.7 = 0] - aa_e.yj(e)




Machine Learning: Linear Regression: Gradient Descent

What is the change of J with respect to theta j.
Lets look at it at one training example

(X,Y) .

Chain rule. The 2*% makes
it look nice.

Expanding h (x)

constants go away and we
are lefts with the x that
touches theta j

We can read this as the
input variable X scaled
by the prediction error




Machine Learning: Linear Regression: Gradient Descent

Now we can use this to update our thetas in order
to minimize prediction error. Using an alpha term
we can control how fast we move through the
space.

0; = 0; + o (y@ — hy(z?)) 21"

J




Machine Learning: Linear Regression: Gradient Descent

Now we can use this to update our thetas in order
to minimize prediction error. Using an alpha term
we can control how fast we move through the
space.

0; = 0; + o (y@ — hy(z?)) 2"

J

We can also make a 81ngle update to theta by

0; =0, +a ", (49 — hy(z®)) 2




Machine Learning: Linear Regression: Gradient Descent: Sample Code

double[] x1 = {2104, 1404, 1534, 852, 1940};
double[] x2 = { 3, 3, 3, 2, 4% ;
double[] y = { 400, 232, 315, 178, 240};
double[] th = { 1, 1, 1};

double alpha = 0.00000001;

System.out.println("Initial Error: " + smallNum(error (th, x1, x2,

v)));

for (int 1 = 0; i < 10; i++)
updateSGD (th, x1, x2, vy, alpha);

System.out.println("Final Error: " + smallNum(error (th, x1, x2, vy)));



Machine Learning: Linear Regression: Gradient Descent: Sample Code

double h(double[] th, double x1, double x2) {
return th[0] + th[l]*x1 + th[2]*x2;
}

double error (double[] th, double[] x1, double[] x2, double[] vVy){

double error = 0;
for (int 1 = 0; i < x1l.length; i++)
error += Math.pow(h(th,x1[i],x2[1]) - yI[il]l,2);

return 0.5*error;




Machine Learning: Linear Regression: Gradient Descent: Sample Code

updateGD (double[] th, double[] x1, doublel[] x2, ...){
double accthO = 0;double accthl = 0;double accthz = 0;

for (int 1 = 0; 1 < x1l.length; 1i++) {
double instanceError = y[i] - h(th,x1[i],x2[i]);
accthO += instanceError * 1;
accthl += instanceError * x1[1i];
accth? += instanceError * x2[1i];

th[0] += alpha*accthO; th[l] += alpha*accthl; th[2] += alpha*accth2;



Machine Learning: Linear Regression: Gradient Descent: Sample Code

updateSGD (double[] th, double[] x1, double[] x2, ...){
for (int i = 0; i < x1l.length; i++) {

double instanceError = y[i] - h(th,x1[i],x2[i]);

th[0] += alpha*instanceError * 1;
th[l] += alpha*instanceError * x1[i];
th[2] += alpha*instanceError * x2[i];




Machine Learning: Linear Regression: Gradient Descent
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Machine Learning: Linear Regression: Stochastic Gradient Descent
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