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(1)

Eq. C.189|4 A&, vector b = f(a)°] tgt HE a2] derivative:= tF-2-1} ZHo] 4 o] Fc}.

ab\ o,
Oa i-_a(lj

TS matrix derivative A1-& 9L SFA| Q@

2 (a'x) = a
(i)
gx (XTX) =2x
(iii)
2 (x"Ax) = 2Ax
(v) THS 4] (Eq. C.20)& §56kn

o] Ao 2 HE square matrix Ao tisfA ot 4] (Eq. C.21)& §&

0 0A

O oA-1y A1y
5 (A7) zA 5 A
(v) square matrix Ao] thsfA], tF2 Al (Eq. C.28)& L oHA L.
0 T

2 (15 points) T} 22 Tl 2

(i) 71AIg5oll A overfittingo] gt F-S1Q17}?

SHA] @

(2)



71 A5t Assignment 1

(i) underfittingo]gk F-o1Q17}?
(iii) 7] AIgH5olA model fitting?] & Z24-2 FSlQl7}?
(iv) Model complexity @} overfitting, underfitting7+Fe] QWA Q1 37|
tingoll W7 7] E ok W 2 ES Sk BoielA) 7
71 & 2.
3 (30 points) A3 3]A (linear regression) & 9]¢t sh<5 dlo]H Al D = {(xy,t;
7} Zo| 230, 87 B4 y(x:0) 0 = {w,wo} S setulE R ohe ohg §

3! A}

Oll -
?
=
~
z
——

y(x;0) = x"w + wy
() 19 A 371 P2l hefolelg Fob] 18] Tt 2ol square error LossS

Lossp (w, wy) = Znyxz, — 4P =y - ¢l (9)

o] 7] A, ye} t= N-dimensional column vectorsE=2 Ztzt th23} o] A o] =}

[y(x1;0), - y(xn; 0)]" (10)
t = [t, -, tn]" (11)

2 parameters®]] TSt derivative (gradient)E FLo}A] 2

0
ag (Lossp (W, wy)) = (12)
D (Lossp (W, wy)) = (13)

(i) 9] gradientE th2 design matrix X& ©]-§5}o] A 2|5HA] 2
XlT
X = : (14)

XNT

(iil) QA =S gradient?]-S o] &) A4, wet woo] i3t analytic solution& F-o}A] L.

(iv) YA 73 analytic solution©] global minimumY-& FHoHA| 2

(v) SEAl FE3F gradient]-S o] 83l A, wet wyol] th3t gradient descent A& F
updated] & 71&5HA 2

ot

w = [wo; w T (15)



71 A5t Assignment 1

o]7]A = concatenation AAFZIR 7FE5FACE Bias term@] EgHo 2 2}¢lo] Loyt
parameter ] ] of] W7]|, extended feature vector x& t}-2-1} ZHo] A 2]5}A}.

t= [T (16)
ESH 39 3 y(x; 0)F extended feature vectorg F|olh= tha T2 A oJ6kA}.
y(x;0) = x'w
U= &&°ll g5t 2.

(i) 919 = 39 4=9] mtetu|El2 Lossp (W) Y Extended design matrix X-&
A elstar, woll gt analytic soultion2 ?:49_/\]2

(i) Regularizationg QA o2 & [|w||*& F71519] LossE o231} o] 214 o614

Lossp (W) = |ly — t||> + A w]]? (17)

219] regularized W7 9] Losso] t]gt we] GradientS GL5FA] 2

(iii) Regularized loss& | ASF5}7] 5F w2 analytic solution2 FL5}A] Q..

(iv) Regularized loss& A 35}5}7] 95F wol gradient descent solutio2 F-SHA]

(v) 919 & regularization®] T TSI T AskE A el o4 overit-
ting, generalizationa} x| o] A HSIA]|

5 (10 points) X, Y& WH WS (random variable)d o, 52 (probability theory)2] 7]
2 320 g sum ruled} product e ©]85}] Hjol A2} A2l (Bayesian theorm)
(Bishop’s Eq. 1.12)& FE5HA| 2

sum rule p(X)=>,PX,)Y)
product rule p(X,Y) = p(Y|X)p(X)

theat 2t

p(Y[X) =

)
o
R
2
o,
)
rlr

p(X]Y)p(Y)
p(X)

6 (20 points) Decision FA|+= F0] 7] feature vector xof] gt HF5 A A o= A2, p(Cr|x)
s £ 15lA Y discriminant function f (x)E 6= A2H o2 W & Qltt o2 B39
oA 2
(i) p(Celx)= ]——E HFH O} A] generatlve model2 ©|-&35t B discriminant
modele] L 10 2 LA, 15 & ol 717 Seel] 435t 6
(il) ¢4 9] generative model¥} discriminant model®]] 7]9HeF ¥HH o] Acky O] T
ARJAA] ZFAI5] AeotA 2
(iii) f(x)2 x5 class® WP 5}+= discriminant function® 2 p(Cy|x)E FoA &
A el v o] o2 7] &6 Q.
(iv) discriminant function®] 7]|g8tsl | t,ﬂ_,jEHH p(Ci|x)E E35}9] decisiong 5
probabilistic B 2] A& 7150}/\]

(18)
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7| A|st5: Assignment 1

7 (15 points) 1-dimensional random variableo] T3} Ho] po]il HEAto] o2An), differ-
ential entropys X2 s5l= probabﬂlty distribution p7} Gaussian distributiond-&
Z oA 2 (Bishopu A Eq. 1.1095 F+=olH Ho})

8 (30 points) parameter uE Zt+= Bernoulli distribution2 T2} Zro] A o] =t} (Bishop 2]
Eq. 2.2)

Bern(x|p) = p* (1 — p) =" (19)

w7t unknowno] 11, N7§€] observed H|o|&] D = {xy, - ,an}7} Fo] 21 9] likelihood
L g 7ok

p(Dl) = [] Bern(ailp) (20)

i=1
= =0 HoA L
(i) 919 likelihood Eq. 205 Z|tHZE 5= ol thet A& FEsHA 2
(i) pe WE HSE3) shar o]of thgt prior distributionE sl muZF -2 Beta distri-
butiong W=ttty 74 5}A}
p(1) = plyla,B) = Beta(ula, b) 1)
parameter a, b7} 301w beta distribution®] Bt} EAFS tf$F A& G514 @

(iii) Conjugacy propertyst 191717 pof| tigt prior distribution2 {3l beta distribu-
tonE AFETF O]9 PN

(iv) $Iet Zo] N7je] glolE D = {xy,--- ,xn}7F oA, poll i3t posterior distri-

butiont= th-23} ZHct,
p(1|D) o< p(D|p)p(pla, b) (22)
219] posteriorZ} beta distributione 52 Ho|il, 5 betall L O] parametero]|
Ost AEE AL fEoHA
(v) 99] posterior EIEE o] G54 th-21} o] » = 1Y 2HE 2l predictive distribu-
tions 5}l A} st
1
pla=1D) = [ plo = (D) (23)
0
2] 9] A1-& hyper parameter a,b % dataseto] N7 9] =7 el 1,9 -2 7HAS]H|
P31, ol 25| FESALL

9 (30 points) parameter vector p = (i, - - - ,MK)T% ZF= Multinoulli distribution2 th-2-1%
Zo] A9l =t} (Bishop2] Eq. 2.26)

p(x|p) = Hu (24)

N7H €] one-hot vector2 /% = HoJE D = {xy,- -, xy}7} Fo] 2, likelihood
= o2 At} (Bishop?] Eq. 2.29).

p(Dlp) = [ [T wi* (25)

n=1k=1



7| A|st5: Assignment 1

(i) 9]9] likelihood Eq. 255 X2 Sh= ppol tist A2 G E51A 2.
(i) poll THRF conjugate prior = t}-g Dirichlet distributiong 7} 3}A}.
p(p) = Dir(p|e) (26)

ol = (ay,--- ,aK)TE TFA = hyperparameter vectorE 7}2]Z1t}. conjugacy©]
olsto], & 29] Dol thet u9] posterior distribution-2 Dirichlet X5 w21, o]uf 9]
updated hyper parameterE 6}1l 0|5 -F-Lo}A| 2.

(iii) 19] posterior {25 o]-&olA th3 7} Zo] x;, = 14 ZE < posterior predictive
distributionE LS}l A} Gl

p@kZHD%:/p@MZHWMMDMH (27)

9] 9] predictive distribution-g priore] hyperparameter {a;}r_ I+ N7§<] =€
{x;}, 9] Ao 7+23] sl o] & fEstA L.

10 (10 points) D-dimensional vector xof T g} multivariate Gaussian distribution2 o}2j 2}
o] elert.
N ) 1 1 1 Ts-1 0
(x[p, X) = WW@U}? —§(X — 1) (x — ) (28)
o E50l gt L.

(i) Covariance matrix Xo]| T3t eigendecompositiond 17} o231 ATl sl

> = UAU” (29)
o714 A= X9 eignvalue ;2 A% thZ) & (diagonal matrix)o]t}.
MO - 0
_ 0 Ny - 0 (30)
0 0 - \p
olu] obeh LA Eq. 2.529] WEHS o Gfed,
Y= Ulx— ) (31)
29] multivariate Gaussian distribution (Eq. 28)Z Bishop A 2] Eq. 2.562} 20|

| =
D7i9] =5 (independent)® univariate Gaussian distributions®] 502 EA L=
= =k 2.

11 (10 points) Bishop! A} €] Partitioned matrix¢]] T3t T} inverse?] (Eq. 2.76) o] At
S RFESHA L.
A B\ _ M ~MBD-! )
C D ~\ -D'CM -D!+D!'CMBD!
ojuf, M2 9]9] = PFof thet Schur complementz T}t Zro] A o] Ht.
M= (A-BD!C)"’ (33)

5



7| A|st5: Assignment 1

2 (20 points) D-dimensional vector xo]| T3t joint Gaussian distribution N (x|u, 3)0] 5
o] Z] 11, precision matrix = covariance matrix?] inverse2 A = X2 Fo]HtT
517}, 12 9L T blocke ® thro],

- (3) (5)

Zaa Eab
Y =
< Ypa Dy > ’
A Awp
A — aa a 35
( Ava  App ) (35)

2 ghff, o} conditional distribuationof] tjgt 4] (Eq. 2.96)

p(Xa|Xp) = N(XW@\baAaa_l)
Hap = <36)

13 (20 points) x°] t2t marginal distribution®}, x7} F=o]dufj 2] yofl tgt conditional dis-
tribution©] T2} Zo] Gaussiang TH=THAl oA}

p(x) = N (A7)
p(ylx) = N (Ax+b, L")

ol yof t 3t marginal distribution} y7} 5=0] A wf o] xof| t 3t conditional distribution
o] th-2 41-& 9ASHA] 2 (Bishop Eq. 2.115 9} 2.116).
p(y)
p(xly) =

4, Bishop S FEFHAA 919 p(y)9h p(xly)©] BAE FE=5HA 0

14 (15 points) Multivariate Gaussian distribution& W2+ %= H|o]E| 7} Design matrix 2

X = (x1, - 7XN)T§ Fo]Hthal skA}. o]o gl log-likelihood & XS} ol= Btk

H4FO] MLE (maximum likelihood estimation)o] o2 32 $HoMA 2 (A Eq.
2.121- 2.122).
L
Ko = N nzz:lxn

Xn — M) (Xn — NML)T

\g|
<
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71 A5t Assignment 1

15 (15 points) BEAFo] g20] A3 A O 1} 17} unknown?l Gaussian distribution®]] tj 3t Bayesian
inferenceS 9J5fl, & N7l9] 1-dimensional observed samplesE©| Design vectorQl X =

(z1,-- ;[‘N)T_I_-:',-_ FolHthal kAt pofl Ol Bayesian inferenceS 9]5f prior distribution
o2 & GaussianS wr2t}hil 5hAL
p(p) = N(po, 90%) (37)

Bishop A 9] Eq. 2.116& ©]-85}o], uof thgt th-2 posterior distribution®] mz}a]| g
8t on?S 9 ESIA Q. (Bishopi A Eq. 2.141-142).

p(p|X) = N (plpw, on®) (38)

16 (15 points) A3 37 o] T3t Least squares B4} 9] 3] 7} Gaussian noise & ©] maximum
likelihood estimationg X o]} gtct. o] & §Jsf 012 1= W x (bias entry7} 3E3F
H Ste wE 2 7HE)of] thel regression g tof] TgF probability distributionS th-2-3
Z+ro] GaussianS wr=rt}1l 514}

p(t|X,W,5) :N(ﬂwaa B_l) (39)

N7j9] = d|o]E] 7} Design matrix X = (x1,--- ,xy)’ &, ©]o] 3} target regression
valuesE0] t = (- , t) 2 Zol ATk 5. o] Elo] e likelihood = o83 2k

N
p(tX,w, 8) = [ [N (W' x4, 57") (40)
n=1

o= 250l "ot 2.
(i) Y9 Log-likelihoodE A 7}SFH Sum-of-squares errorg@o] E3HE-S FE5FA] L (1l
A Eq 3.11).

(ii) $19] Log-likelihood® Ztj2 1= 5-12] 418 SEal1, sl ghe] olulo] hafA
RECAES

17 (15 points) &F 23S 2FA5Io] Bayesian linear regressions -3 E5}122f gttt o] & ¢
3]], parameter vector w2 prior distribution®| th-2 GaussianE xS W=ty 714 5HA}
(A Eq. 3.48).

p(w) =N (w|mg, Sp) (41)

T}A] Bishopl A Q] Eq. 2.1165 Z-85}to], woll T3t th-2 posterior distribution®] m}z}
o8 myet Sy F5EoMA 2 (Bishop A Eq. 3.50-51).

18 (30 points) Binary classification®]| 4] 9] Logistic regression Sts5-4= L5t A} gt
1&g HlE x of 5], class C; 0.2 BE=3 352 linear regression™ Z}o]| logistic sigmoid
function2 A-g5fo] tf23} Zro| JLgtttal 7Sk} (WA Eq. 4.87)

p(Ci|x) =0 (W'x) (43)
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N7R2] 912 g|o] €] 7} Design matrix X = (xq,--- ,xn)" 2, ©]o]] 3} target class values
ol t = (ty, - ,ty) B FO]X T} 5}&}. Regression setting@t &) o714, ¢, € {0,1}
2 o]Azto 7 AstHEct. Data likelihood: th-e-3} Zc}.

p(t[X, w) = Hy (1—ya)' ™" (44)

047]/\:[7 Yn = p(C1|Xn) =0 (WTXn) O]lj—
& =5° g5t
(i) Loss(w)E th21} Zo] negative log-likelihood 2 T2}
Loss(w) = —Inp(t|X, w) (45)
919] Lossoll thgt wo] th3 gradientE F-5FA] 2
VwLoss(w) = a%Loss(w) = (46)
Gradient & Design matrix X-& o]-8&35}o] 7HA51A A 2lotA| 2
(i) 919] Losso]| ot w Hessian matrixE F6FA]| 2. f(x)o]] Tt vector x Hessian ma-
trix HE oh&3} o] o fick.
_Of(x)
- Oxwj
Hessian matrixE Design matrix X& ©]-&5}o] 7FEA5H] A 2lotA L.
(iii) ;2 Loss(w) = 07} E|& analytic solutiong 78 4= Y717 275 AYsHA
(iv) Gradient descent®}A1of] 7]9HsE w o] update~2]-S 7]&dHA 2
19 (20 points) Multiclass Logistic regression SH5HM'HS Lol A} Stot. K7R 9] class3o]|

A 48 WE x of g5, class C, 0.2 53 SHE-L2 linear regression® Zko] softmaxs

2 g ate] chgt o] Qrt (WA Eq. 4.104).

p(Cr|x) = yr(x) = softmax;, (afil) (47)
AA71A a = wiTx0]| I softmax= tFS-3} ZHo] A o]t}
exp(ay)

(48)

softmax, (a&,) = ——"1
K ( Z*I) Zj exp(a;)
N7R9] ¢1& dlo]E]7} Design matrix X = (xq,---,xy) 2, o]o] 3}t target ma-

trix—= N7i 9] one-hot vector2 T = (ty,--- ,tN)T_?’E Fo]Attal s1Af. 7| A, t,= K-
dimensional one-hot vectoro|t}. o]uff Data likelihood= th-2-3F 2t} (WA Eq. 4.107).

N K
p(T‘X,Wl--- 7WK) = l_Il_J:yf;IlclC (49>

n=1k=1
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(i) Loss(wy,- - ,wg)E T2} 20| cross entropy (negative log-likelihood) 2 A}
Loss(wy, -+ ,wg) = —Inp(T|X,wy -+, wg) (50)

219] Losso] gt w; o] t}2- gradientS FLSHA] Q.

0
oW, Loss(wy, -+ ,Wg) = (51)

Vw,Loss(wy, -, Wg) =

Gradient & Design matrix X2} target matrix TE ©]-&5}o] 7HEA5H| EHSHA L

7} B 54 G5 9 Bo| WAL Je BA Bo] GehA] vtAL emailz AZHoF k. (57] AAA
M §20] A0E AE Brhs AZHo R Pore AAste] A4HE g AEshe Ae DY),



