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from sklearn.pipeline import make_pipeline
from sklearn.preprocessing import PolynomialFeatures, StandardScaler
from sklearn.linear_model import Ridge, Lasso
from sklearn.metrics import mean_squared_error

degree = 2
ridge_model = make_pipeline(PolynomialFeatures(degree), 
                                                StandardScaler(), Ridge(alpha=lamb), 
                                                verbose=True)
ridge_model.fit(X_train, y_train)
ridge_validation_pred = ridge_model.predict(X_validation)
ridge_mse = mean_squared_error(y_validation, ridge_validation_pred)

# model selection
from sklearn.moel_selection import GridSearchCV

param_grid_ridge = {
‘polynomialfeatures__degree’: [2, 3, 4]
‘ridge__alpha’: [0.01, 0.1, 1, 10, 100]

}
ridge_model = make_pipeline(PolynomialFeatures(), 
                                                StandardScaler(), Ridge())
ridge_cv = GridSearchCV(ridge_model, param_grid_ridge, cv=5, 
                                          scoring=“neg_mean_squared_error”) 
ridge_model.fit(X_train, y_train)
best_ridge_model = ridge_cv.best_estimator_ 
ridge_test_pred = ridge_model.predict(X_test)
ridge_mse = mean_squared_error(y_test, ridge_test_pred)

# bar chart
v = []
for i in range(3, 10):

v.apppend(y_train[y_train == i].size()
plot.bar(range(3, 10), v)

# numpy
means = np.mean(X_train, axis=0)
stds = np.std(X_train, axis=0)
X_train_n = (X_train - means) / stds
X_train_n = np.hstack((X_train_n, np.full((N_train, 1), 1)))
W = np.linalg.inv(X_train_n.transpose().dot(X_train_n))
        .dot(X_train_n.transpose()).dot(y_train)
y_hat_train = X_train_n.dot(W)























(A) Two class LDA

when we have only I classes , say O and 1.

explBiX + ri) sigmoidfunction :·p(y= 1(X , 0) = explBiX + +, ) +exp(BX + ro) sigmoidit) = 1 + e-+

I
=

1 + expl- ((B,-80)+X + (0 - r0))]

= sigmoid (18 .-Bo)"x + (r -ro)

MLE for CDA and LDA :
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&c = Ziyi=c (Xi-c) (Xi-c)

(number of parameters : O(CDP) .





Multiclass Logistic Regression
l also a discriminative classifier
input XtIRP , output ye S1 , 2 , ... ()

parameters WatR* for every class c=1 ,
... C

,
denoted as Wax

ply=c(x , Wi =
exp1WX) W = [ww ... we

Dx[c, exp(WEX)

=> ply=cIx , W) = softmax /[WiX. ....WiX])
softmax([a .

... act) =[ ... ea

Extension to multiclass :

sigmoid -> softmax














