CS281B/Stat241B: Advanced Topics in Learning & Decision Making

Homework Solution 2

Lecturer: Michael I. Jordan GSI: Chao Chen

1. (a) The optimization problem:

min, , r?
s.t. l|p(z;) — || < r? i=1,...,m
The Lagrangian:

m
Llera) =2+ (o) —clP =12 a; >0
i=1
Taking derivatives and setting to zero:

IL(c,r, i
) SCICCORER

9L(c,, G
7%: @) 2 (1 - Z;a> =0
= c= iaﬁ)(wﬂ, Z o; =1
i=1 ;

Substituting back into the Lagrangian we get:

Lc,r,a) = 12+ Zai (H(b(xz) —cf]? - 7“2)

i=1

= Zai@(!ﬂi) — ¢, ¢(z) —¢)
i1

= Zai k(z;,x;) —2Zajk(xi7xj)+ Z ajok(x;, Tr)
i=1 j=1

Jik=1
m m
= Zaik(xi,xi) — Z OziOéjk’(l‘i,l‘j)
i=1 ij=1
We therefore get the dualized optimization problem:

maxe ;g aik(wg, i) = 300 cuek(a, )
s.t. Yirtia=1
a;>0,t=1,...,m

The KKT conditions are satisfied by the optimum solution a*.
af (|lo(a) — |2 =r2) =0.  i=1,...,m

So the support vectors, for which the o} are non-zero, are the ones that lie on the surface of the
optimal hyper-sphere.
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(b) We can define slack variables & (c,r,z;) = (||c — ¢(z;)||* — ’I“2)+. The optimization problem is

now:
ming , ¢ r + CZZL &
s.t. l|p(z;) — ||? < r?+g i=1,....m
£>0, i=1,....m

The Lagrangian:
E(c,r,a,{) = 72 + CZ& + Zai (qu(xl) - C||2 - 72 - gl) - Zﬁz&z O‘i»ﬁi >0
i=1 i=1 i=1
Taking derivatives and setting to zero:

oL(c,r, a, "
LCULL e 23 (0~ =0

3£(c,r,a,§) o N - )

66(0, T, Q, f)

€ C—a;=pi=0

= c= iamﬁ(wi), iai =1, o, <C
i=1 i=1

Substituting back into the Lagrangian we get:

Liera,f) = m?+CY &+ ai(llo(@) —d?—r* = &) = > Bi&
=1

i=1 =1

= Zai<¢(mi) — ¢ ¢(xi) — )
i=1

= Zai k(x;, ;) —ZZajk(xi,xj) + Z ajapk(z;, xr)
i=1 j=1

jik=1
m m
= Z(Jélk(l’l,l’l) — Z aiajk(xi,xj)
i=1 i,j=1
We therefore get the dualized optimization problem:

maxe Dy aik(wg, i) = 300 ) cuek(a, )
s.t. Sria=1
0<a;<C,i=1,....m
The KKT conditions are satisfied by the optimum solution a*. So the support vectors, for which
the o are non-zero, are the ones that lie on the surface or outside the optimal hyper-sphere.
(Thanks to Ariel Schwartz for providing Latex solution)

. Let w be a vector that lies in the span of the vectors ¢(z;)(1 < i < n), and let P,(¢(x)) be the
projection of ¢(x) on w

w= Zaiq’)(wi) =XTa
i=1
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Pulola) = 20,

[[wl]?

The sample variance of the norms of the projections on w is:

on = BlPu(e@)P? - (Bl Pu(d())])?
T
_ I~ (wg@)” (1§ w, o) Lo~ (w,6(x)
T A [Jwl]? n 1 n [Jw]]
i=1 =1 i=1
1 T~T 1 T~xTAN\T(,,T vT
= ——w X Xw—- 55w X 1) (w X"1)
nlw||? n?Jw||?
1 1
= o’ XXTXXTa - 5 ——a" XXT11"X X o
nfw]] n?Jwl|
_ +a"K?a— 5 (aTK1)?
B aTKa

3. Use the SVD for a random 10 x 10 matrix to get orthogonal matrix M to construct both A and B. The
eigenvalue spectrum drops off exponentially for A, and according to an inverse power law for B:

eigenA = 1024 x 2%, K=0,...,9
eigenB = 1024 x K73, K=1,...,10

Here is the plot of the errors. The red points show the error as the eigenvalue drop exponentially, the
blue points show the error as eigenvalue drop according to inverse power law. We can see that the
error drops faster for A (exponential decay in eigenvalue) as the parameter 7 in incomplete Cholesky
decomposition decrease.
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4. (a) The sum of squared errors for the linear regression on 10 dimensions is 0.3540703.
(b) The sum of squared errors for the linear regression on the two PCA dimensions 34.72634.

(c) T used 10-fold cross validation on the training test to choose the bandwidth parameter o2, trying
different values, and found 1.5 to be the optimum value. The sum of squared errors for the linear
regression on the two kernel PCA dimensions is 32.35.



