Questions

1. Karataka gave the folowing regrestion dataset 10 Dasanaka CRNERINLE AL J,?\\@\
where the Srst entry in each pair i the input and the second 12 the output Parther,
Tarataka instrucied Damanaka to emplay the generabive KD tegreasion aeb-up Altes
traning, Dazazaka chums that the prediched label with the tramed model at & W s
¥=OX Damanakaclim \sp @F%ma Kol _

PN thes Nont wid atder s efndaly Qe or mag & true' ar Sannal N vl
wdated Fom the given imermation”, whde previding mstiionhion i the hw Mlow
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2. Coesider the folloing stochastic optimization problem:

min | f(z, W), (4

=<R™
where IV s 2 rendom veriahle baving some Bxed, yet unknown, distnibubion and f

I k[m(-’.w\
R¥NR* — R 5 3 given funciion. Let
| Glm )
where ¢ R X\ R® = R, Let the uneate siep at the &' Lreration in the general SGD
algorithm for solving (1) be =% = £%) — gy, where ry Is an instantiation of a random
direction R;. L& X\¥) dencte the randam variable denoting the (random) iterate of the
werizble af the & iteration Le, =V is an instantiation of X'V, Then, the only technical
condrilon oa the random cx‘ea:a'j Ryisg a(%y the expression:
Elﬁrﬂ' in. O :Efi »* N)_l

[[Ful diank unth an espressien only tnvolnng one or more of the followng (rep-
niton allowed): (i) common math symbols ltke equality ‘set-belongs-to, addition,
ezpeciaiton,/conditional-ezpectation ete., (W) &, () r, () K, (v) X (w) = (i)
g (vit) g, () W, (z) w. 1 Mark]] If samples for V7 are uy,..., Wy, then, fow

] denote the gracient of f ab (&, w),

AN specific ways for defining the random direction Ry were taught to you in the lecture,
é“\.\ e | Instantiations of fwo different Ry are: rg = 9 ULL'J W) , and
VAN BN r & )
(ILYJ._.(- (_',__/ Te = O'S’CUY| ("{ ). u)k‘l\ & 0‘§ % ( Y ) tL\LN\
. ,\.& . v
S o l[Again, jor jlling these two blanks, you are allowed to use only the symbols al-
e . o lowed for the previous blank. Additionally, you may use seme or all of wy, ..., Wy,
DAY ™ 0.5Mark+1 Mark.|
W
& 0" 3. Consider a regression problem where input space, &' = R, and output space, Y = R, and
[« the model set-up is the generative linear regression taught ia lecture. Let p*(x, y) denote
j the underlying concept relating the inputs and labels and f* be the corresponding Bayes
optimal. The object that is modelled in this set-up is ['(3¢,'))  |[Fill in this blank
) with either p*(z,y) or p*(y/z) or f~. (0.25Mark)]]. This object is modelled using the
v Geunnon model [[Full in this blank with o proper noun, which s
U«"’}‘ <" the nhme of one of the models taught in this course. (0.25Mark)]). The stochastic
\ ¢ < g0 optimization problem defining the “best” parameter of this model is given by:
. :
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([ Your ezpression must be a simplified expression in terms of the ( speciﬁc) param-
eters of the model. No marks will be given if a general stochastic optwnzzc'ztz.on
problem is written or if written without simplification. 3/4 Mark]]. I..ret. the'z training
dataset be D = {(1,%),- -+, (Tm,Ym)}. While the above stochastic optimization prol?-
lem can be solved using SGD, the optimization problem corresponding to the Stochastic
Average Appro:_t.imatigil (SAA) can be written as:

A
w . - Y- 7(‘ -ul b /{er
‘»’(.flb‘l‘”‘,'fé——hl . ﬂl]i ('3."/(1] ! J’il
2T 0 =1
[ Your ezpression must be a simplified ezpression in terms of the (speciﬁc ) param-
eters of the model and elements of D. 3/4 Mark]]. Now, say the training sgt is
actually D = {(3,3),(2,0),(-1,-1),(0,2)}. Then, as per Murphy's book, the optimal
solution for the above optimization problem is given by:

S
~ (0 628 1.5
M—Y‘],i‘{"’g ZIYJ

[[Fill the blank with equation(s) where LHS denotes the parameter and RHS 1is the

optimal estimate of it, written in terms of decimal numbers. 1 Mark]]. The Bayes
optimal corresponding to the above parameter estimate is given by:

f@)=0b =+ 0%

[Fill these two blanks with decimal numbers. 1 Mark]|

. Consider the 3-class classification training dataset:
D = {(_IDE) ) (_OS'E) b (0! t) ] (1: g) ] (21 g) L] (3) g)} -

Let’s employ the Bayes classifier setup with tied variance, o®. Let i, 2, 43 denote the
means of the class conditionals of Z,1, 9 respectively. Recall that the MLE problem
always decouples into separate optimization problems wrt. the parameters of the class
conditionals and the parameters of the label prior. For this dataset, the MLE based
label prior estimate is #(E) = 2 ,#(}) = \/E ,D(%) = Vo [[Fill these three blanks
with numbers using fractional notation. 0.5 Mark]). For this dataset, the MLE
optimization problem to the parameters (u1, 2, i3, 02) is: 3 ‘
. L 3 (N L
ag max - ((1-A) H-08-K ) + U +{1-45) +(1-H5)f6"‘(3) )’f‘ él’? =

B1.p2,p3,0>0 " o

[[Your expression in the above blank must be specific to the given training data and
simplified. 1 Mark]|. Solving for (i.e., eliminating) u,, po, 43 first gives the estimates
for themas gy = =019 , =0, fi3 = Z, Then, solving for ¢? gives estimate for
it as &% = |14§ [[Fill these four blanks using decimal numbers. You can also use
fractional notation for numbers. (0.5Mark+1Mark)]]. The corresponding prediction
E ifz<g(,6%p)
function is given by f(z) = { g ifz > h(f,5%p) where
i otherwise.

9(n, 8%, p) = .

—_— N 3 ~xna g

h(ﬂl 62115) =

e s - - -

([Fél the above blanks with ezp;essions involving the estimated prior and class
conditional parameters. 1 Mark])
































































































































































































































































































































































































































































6.

« Conslder the eclann loglntlc regrension sol-up taught in locture,

Hero, the expression
fm“l‘lm modol likelihood, P(v/®), in terma of the parameters and the feature map Is:
u\\'(.(')// " ”‘.I(‘(*)
(\) / " (ot
A Y

(1 Mark|

The key assumption that fa unique in nearent nolghbour clannlfler not-up, which s foun-
dational in the theorem proving it's anymptotic correctnenn
ﬂq\f f‘l‘G

“'(‘M 'V h,|/14')\ <L d(w n") ) 1/1»()_ \,.(5

. ,( .
([‘,Vu\/;/(n,,g (ry L 1;,,0 v

[0.6 Mark|

With respect to k-NN models, statement(s) B,( ‘y D / 3 ___» among the ones below,
is(are) false, and the remaining are(is) true:

A. k-NN models are non-parametric,

B. 1-NN classifier is guaranteed to achieve 0 generalization error, provided m — oo,
C. 1-NN classifier is guaranteed to achieve 0 estimation error, provided m — oo.
D

k-NN models may suffer from the curse of dimensionalty, but are computationally
attractive for high-dimensional data.

E. k-NN models do not suffer from the curse of dimensionalty, but are computationally
in-attractive for high-dimensional data,

([l the above blank with one or more of “A”, “B", “C”, "D", “E”, 1 Mark]].

- Recall that a smoothing kernel needs to satisfy two technical conditions. Now, let

K1t X = Ry,kp: & = Ry,k3 : Y = R, be three valid smoothing kernels. Thex-1,
the statement “k4 defined by x4(z) = ,(z)k2(z) is always a valid smoothing‘ kernel” is
F ALCE . The statement “ks defined by «5(z,y) = K, (.’I.‘)h?a(y) is always"a vah‘fl smootl;_
ing kernel” is TRUE _ [[Fill in these two blanks with either “TR‘UE“ or FﬁLSE .
Justify your answer in the boz below for the blanks you filled with “TRUE”|):

K () 70, klg)yro D Kelig) 70 . Ks(-X,78) = 1<, (o) Ity
' (YA Koy = - 150 Ky)
Skr(i,ﬁd\dj:. ‘g‘kt “) k! S'j) )= = k’:("\;?r\' el

(0.5 Mark]
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