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1. Fundamentals of Prediction

o Attributes/covariates: X € ¥y
o Label /target: Y € Y
« Function/ predictor: f(x)
e Loss: 1(y,f(x))
= Eg. 0, 1 - loss, Brier loss
o Risk: R(f) = E[l(y, f(x))]
= Eg. in regression case R(f) = MSE = E[(Y - (x))?]
e Goal: arg mins R[f]



2. Risk Minimization

 To find risk need to choose two functions:

1. loss function F2
(8. 1y, £(0) = (Y = £())?) F
2. prediction function f (x) . Lg;‘ e
e Risk Minimization: arg mingeg R[f] Lti)f;“:ed

» need to define a function class F
= e.g. simple, multiple linear, logistic, etc.

« Empirical risk minimization (ERM)



3. Dataset: load_breast cancer

® sklearn.datasets.load breast cancer
Breast cancer Wisconsin dataset
Binary classification

n =569

30 features/covariates

Loss: MSE,
F: multiple linear regression



Approaches

1. Assume normal distribution
a. Compare which class the given sample is more likely to belongs
2. OLS Analytical solution p* = X™X)"'XTY
3. Gradient descent
4, SGD and variations

def predict_label(x_i, mu_@, sigma_@, mu_1, sigma_1):
p_@® = norm.pdf(x_i, loc=mu_0, scale=sigma_0)
p_1 = norm.pdf(x_i, loc=mu_1, scale=sigma_1)

training accuracy: 87.47%

training accuracy: 87.25%

predicted_label = np.where(p_1 > p_0, 1, 0)
return predicted_label

0.0s




4. Gradient Descent - Full-batch

» ming ||Y - XB||* = ming YTY - 2XTYB + BTXTXP
e (W) =W Qw-Plw+r
= where P = 2X'Y and Q = 2X'X
e VO(W) =Qw-P
 Goal: find optimal wx* st. VP (w#*) =0
e Gradient Descent: wi,; = w; — aVD(w;)

e learning rate a
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5.5GD

* Wir1 = Wt — atVIWt(f(Xi),Yi)

= iis random, i.e. a random sample select from the
dataset

= update weight after each point, n * epoch updates
 Mini-batch: update the weight after m examples,

— * epoch updates

= Wii] = Wk — Olk% 2 icbatch, Yiw (F (X5, Wi), i)
o Shuffling: sampling each gradient with replacement

« Step decay: suppose oy = 0.001, o, = 0pY', Y = 0.9
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6. Generalization

o f = arg mingep Ry(f) via optimization
» Goal: f* = arg mingep R(f) population
+ R(F) = Ry(@) + R() - Ry(1))

Generalization Gap



Thank you
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