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. the fﬂllowmg 15 True about Random Forest and Boosting?

ice (5 x 4 = 29 p) \

good answer per question. To mark
false answer is zero points, correct

Rand J
om Forest reduces bias by sequentially fitting residuals.

Bmtl.ng combines weak learners through a weighted sum.
Ing trains all base learners independently using bootstrap samples.

dom Forest does not use bootstrap sampling.

; o i

5 : #10K the fOllowing is True about kernel functions?

Every Symmetric and continuous function is a valid kernel.

} A function is a valid kernel if and only if the corresponding Gram matrix is positive semidefinite
m for all possible datasets.

. Kernel methods require the explicit construction of the feature map &(z).

) A valid kernel must satisfy the triangle inequality.

.-'

Which of the following is True about the VC dimension?
| Ihe VC dimension is equal to the number of parameters of a model. |
\ The VC dimension is the maximum number of points that can be shattered by a hypothesis class.

| A higher VC dimension always guarantees better generalization performance.
.-! % VC dimension is defined only for linear classifiers.

ﬁ of the following is True about decision trees?

o saeson the feature space using axis-aligned splits at each node.

;l-i@ﬁj ; always find the glnbaﬂ?r optimal tree structure.
| hev are immune to overfitting, regardless of tree depth.
. require the input features to be continuous.

2y Tec

ing is True about the backpropagation algorithm?

> :*I-! WY
-f-il.

y _-:Qf-.;--.- of the loss by applying the chain rule from output to input layers.
£ the network's activation functions to be linear.
' _‘;"';_._ applied to fully connected feed-forward networks.

_each parameter's gradient independently by perturbing one parameter at a time.
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Now, we adopt the Bayesian viewpoint and assume that the parameter # has prior probability

p(6) =

= 20 P)

. f)*-1

<1lisg i:lrrlnrhl Let D

given the dataset D = {1, 2

{ml 8y if0<ch<l

0 otherwise

'[(:) Show that the posterior distribution can be written as

(1 -

p(@| D)=
_[,H“:l—

}*' df

{"' '\l'h

el torm expression in ., V.

and determine a and b.

a datasel ol
O learn the parameter 0 from data
| .Hrm;-h.[\ Il Lo a ¢l

i} and the probability
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te the Bayesian predictive probability
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variance of the projected dgm., which can be written
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5. Kernel Ridge Regression (10 4 10 = 20 P)

Given a training set X of size N x d and targets y of size N, we want to implement kernel ridge regression
with the polynomial kernel

k(. 2) = (&' z4¢)”.

. . - : ; y " ' : | matrices.
Your implementations must be efficient, i.e. use vectorized NumPy operations on ful

‘ i etur N x N Gram
(a) Implement a function that computes the polynomial kernel matrix. If Z is None, return the /V x
matrix K,; = k(X;, X;). Otherwise, return the N x M matrix K;; = k(X;, Z;).

import numpy -

def kernel matrix(X, Z=Nome, ¢=1.0, p=3):
# X: N x d data matrix
# Z: M x d data matrix, or None
# c: offset parameter (non-negative scalar)
# p: degree of the polynomial (positive integer)

return ¥

(b]w the training function. Given training data X, targets y, and regularization parameter A > 0,

mmﬁnﬂn vector a = (K + Al) "'y where K is the Gram matrix of X. Your implementation
merically stable.

;l-. c=1.0, P-S)
dmmru
vector

Z-‘ rization parameter (positive scalar)
M (m—mgatin ucala.r)
e of the polyr
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