CPSC 340 Tutorial
Assignment 5 part 2

Questions 3to 5



Multi-Dimensional Scaling (MDS)

The function example_MDS loads the animals dataset and then shows (i) the raw data, (ii) the data projected
onto the first two principal components, and (iii) the result of applying gradient descent to minimize the
following multi-dimensional scaling (MDS) objective (starting from the PCA solution):
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Multi-Dimensional Scaling (MDS)

The function example_MDS loads the animals dataset and then shows (i) the raw data, (ii) the data projected
onto the first two principal components, and (iii) the result of applying gradient descent to minimize the
following multi-dimensional scaling (MDS) objective (starting from the PCA solution):

’ 1 n mn
argmin = S S (i — | - |2 — 1) (1)
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® Recall: principal component analysis (PCA) projects d-dimensional data points
to a hyperplane orthogonal to the directions of maximal variance.
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Multi-Dimensional Scaling (MDS)

The function example_MDS loads the animals dataset and then shows (i) the raw data, (ii) the data projected
onto the first two principal components, and (iii) the result of applying gradient descent to minimize the
following multi-dimensional scaling (MDS) objective (starting from the PCA solution):

1 " n
argmin (llzs — 251l — ll2s — 251)%. (1)
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® Recall: principal component analysis (PCA) projects d-dimensional data points
to a hyperplane orthogonal to the directions of maximal variance
® PCA preserves covariance between the data points



Multi-Dimensional Scaling (MDS)

The function example_MDS loads the animals dataset and then shows (i) the raw data, (ii) the data projected
onto the first two principal components, and (iii) the result of applying gradient descent to minimize the
following multi-dimensional scaling (MDS) objective (starting from the PCA solution):

' 1 n n
argmin > » > ([l — 25 — [z — 21)> (1)
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® MDS projects data points to a space where similar data points are clustered
together
® MDS preserves distances between points



Multi-Dimensional Scaling (MDS)

The function ezample_MDS loads the animals dataset and then shows (i) the raw data, (ii) the data projected
onto the first two principal components, and (iii) the result of applying gradient descent to minimize the
following multi-dimensional scaling (MDS) objective (starting from the PCA solution):
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Multi-Dimensional Scaling (MDS)

The function ezample_MDS loads the animals dataset and then shows (i) the raw data, (ii) the data projected
onto the first two principal components, and (iii) the result of applying gradient descent to minimize the
following multi-dimensional scaling (MDS) objective (starting from the PCA solution):

. 1 n mn
argmin =~ 3 (o — 2 = 15— %)’

ZeRmXE £ 4:?:+1/

Original distances but in d-dimensional space Derives k-dimensional data points

such that the original distances
are preserved

o Wewant xXi—xjll=llzi—zjll Vi,j

® where, for example,
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load animals.mat

@ et )

text(Z(i,1),Z(1i,2),animals(1i,:

end

= visualizeMDS(X,2,animals);

exampleMDS.m file



load animals.mat
[n,d] = size(X);

figure(1);
imagesc(X);
figure(2);clf;
[U,S,V] = svd(X);
W=V(:,1:2)";

Z = X*W';
figure(2);
plot(z(:,1),Z(:,2),’
hold on;

for 1. = +n

text(Z(i,1),Z(i,2),animals(i,:));

end

z = visualizeMDS(X,2,

S H

animals);

Figure 1 - Displays matrix X
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load animals.mat
[n,d] = size(X);

Figure 2 - Displays the projection of X onto
the first two PrlnC|paI components
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X(1) =[Zi1, Zi2]

visualizeMDS(X,2,animals);




load animals.mat ARl B ,
[n-’d] = SiZE(X}; ?EgRTiilﬁz Z (ll2s — 251l — ||lzs — 25])

i=1 i=i+1

Figure 3 - Displays the datasets in terms
of the two latent features obtained

from MDS
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X(1) = [Zi1, Zi2]

visualizeMDS(X,2,animals);




load animals.mat
[n,d] = size(X);
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X(1) = [Zi1, Zi2]

visualizeMDS(X,2,animals);




function [Z] = (X,k,names)

[n,d] = size(X);

X."2*ones(d,n) + ones(n,d)*(X').”2 - 2*X*X';

sqrt(abs(D));

svd(x),

Z(:) = findMin(@stress,Zz(:),5¢

©,D,names);

MDS

argmin — Z Z (l|z; — ;|| —

ZERnXk 1=1 1=1+1

| 23

Computes the distances between each pair
of samples D(i, j) = Ilx; — x;1I?

Initializes Z using PCA

— z)?



function [f,g] = (Z,D,names)

MDS
5 n T
length(D); awwnh1£ les — 2l — Il — 2|2
numel(Z)/n; ZeRnxk 2 ;1;1” i — &l = llzi — 2]

= reshape(Z,[n k]);

MDS function value
Lo

zeros(n,k);
1="d:n

for j = i+l:n

f(Zy=52 27 Ulxi = xjll =1z = 251)?

Dz = norm(Z(i,:)-Z(3,:));
D(iJj) = DZ;
32 502

i,:)-2(3,:))/Dz;
JJ:)-Z(IJ:))fDZ;
g(i,:) - df*dgi;
g(j,:) - df*dgj;




function [f,g] = (Z,D,names)

MDS
5 n T
length(D); awwnh1£ les — 2l — Il — 2|2
numel(Z)/n; ZeRnxk 2 ;1;1” i — &l = llzi — 2]

= reshape(Z,[n k]);

MDS function value
Lo

zeros(n,k);
1="d:n

for j = i+l:n

J

F@) = 5T T Ui =11z = 21

Dz = norm(Z(i,:)-Z(3,:));
D(iJj) = DZ;
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i,:)-2(3,1))/Dz;
JJ:)-Z(IJ:))fDZ;
g(i,:) - df*dgi;
g(j,:) - df*dgj;




function [f,g] = (Z,D,names)

length(D);
numel(Z)/n;

= reshape(Z,[n k]);

8;

zeros(n,k);

L =1:n

for j = i+l:n

Dz = norm(Z(i,:)-Z(3,:));
D(iJj) g DZ;
32y 502

i,:)-2(3,:))/Dz;
JJ:)-Z(IJ:))fDZ;
g(i,:) - df*dgi;
g(j,:) - df*dgj;

MDS

l " '
argmin =~ 3 (o — ]l = llzi — 2 [)*.

nxk
ZecRnx i=1 j=i+1

MDS function value

[ =32 Xl

xi —xjll = lz; — zjl|




function [f,g] = (Z,D,names)

MDS
5 n T
length(D); awwnh1£ les — 2l — Il — 2|2
numel(Z)/n; ZeRnxk 2 ;1;1” i — &l = llzi — 2]

= reshape(Z,[n k]);

MDS function value

e;

zeros(n,k);
L =1:n

i=l14~j=i+l

f@) =330 T . lxi— xjll - |1z — z;11)?

for j = i+l:n

Dz = norm(Z(i,:)-Z(3,:));
D(iJj) = DZ;
4 (12) 02

i,:)-2(3,:))/Dz;
JJ:)-Z(IJ:))fDZ;
g(i,:) - df*dgi;
g(j,:) - df*dgj;




function [f,g] = (Z,D,names)

MDS function value

length(D);

numel(Z)/n;

fZy=52 201 Ulxi = xjl1 =1z - 241)?

= reshape(Z,[n k]); MDS gradient w.r.t z,and z,

e;

S=XE RN Ul — X0l - Nz — 241D
zeros(n,k);

1 =q:n sij = l1xi — x;jll = llzi — zjll =\ (xi = x))* =\ [ (i — 2})*

for j = i+l:n

— 1.2

Dz = norm(Z(i,:)-Z(3,:)); f@)= ?¥12:?=i+1(55ij)
D(iJj) - Dz;

i A U

i,:)-2(3,:))/Dz;
JJ:)-Z(IJ:))fDZ;
g(i,:) - df*dgi;
g(j,:) - df*dgj;




function [f,g] = (Z,D,names)

MDS function value

length(D);

numel(Z)/n;

fZy=52 201 Ulxi = xjl1 =1z - 241)?

= reshape(Z,[n k]); MDS gradient w.r.t z,and z,

e;

S=XE RN Ul — X0l - Nz — 241D
zeros(n,k);

1 =q:n sij = l1xi — x;jll = llzi — zjll =\ (xi = x))* =\ [ (i — 2})*

for j = i+l:n

— VN n 1.2
Dz = norm(Z(1.:)-Z(j. )): f@)= i=12:j=i+1(25ij)
D(iJj) - Dz;
f + (1/2)*%s"2; Derivative
afij _ an 65”
Zi - sij Zj

i,:)-2(3,:))/Dz;
JJ:)-Z(IJ:))fDZ;
gli,i) - diffdgi;
g(j,:) - df*dgj;




function [f,g] = (Z,D,names)

MDS function value

length(D);

numel(Z)/n;

fZy=52 201 Ulxi = xjl1 =1z - 241)?

= reshape(Z,[n k]); MDS gradient w.r.t z,and z,

e;

S=XE RN Ul — X0l - Nz — 241D
zeros(n,k);

1 =q:n sij = l1xi — x;jll = llzi — zjll =\ (xi = x))* =\ [ (i — 2})*

for j = i+l:n

— VN n 1.2
Dz = norm(Z(1.:)-Z(j. )): f@)= i=12:j=i+1(25ij)
D(iJj) - Dz;
f + (1/2)*%s"2; Derivative
afij _ an 65”
Zi - sij Zj
i,:)-2(3,:))/Dz; —
= A=l AN Dy 1.2
JJ:) 2(1.1');1-"[]%: aﬁj_a(dsi'j)_’?
gli,2) - df¥dgi: ds;; . 0si;

Eld, i) = df*dey;




function [f,g] = (Z,D,names)

MDS function value

length(D);

numel(Z)/n;

fZy=52 201 Ulxi = xjl1 =1z - 241)?

= reshape(Z,[n k]); MDS gradient w.r.t z,and z,

0; s= X X0 Ulxi = xll = 1lzi = z41)
zeros(n,k);

1 =q:n sij = l1xi — x;jll = llzi — zjll =\ (xi = x))* =\ [ (i — 2})*

for j = i+l:n

—\n n 1.2
Dz = norm(Z(1.:)-Z(j. )): f@)= i=12:j=i+1(25ij)
D(iJj) - Dz;
f + (1/2)*%s"2; Derivative
afij _ an 65”
Zi - sij Zj
i,:)-2(3,1))70z; o _ sy _
jJ:)-Z(iJ:))-""'DZ; asij N 68,']' — S

gEli.t) - dfugi:
Eld, i) = df*dey;




18 function [f,g] = (Z,D,names) MDS function value

n = length(D); .. ,

xxxxx k = numel(Z)/n; f(Z):% g'lzlz’?zﬂl(”xi_xj”_llzi_zj||)2
Z = reshape(Z,[n k]); MDS gradient w.r.t z,and z,
o S=XE RN Ul — X0l - Nz — 241D
g = zeros(n,k);

ir e = sij =12 = xjl1 = llzi = 251l = /(i = x7)% = /(& = 22
8v for j = i+l:n

29 —_\n n 1 <2
30 Bz = noem{Z{3,2 ) -Z(]. 2} ); f2)= i=lzj=i+1(§Sij)
31 s = Dl1,3) = D=z
32 = F (123 s 2 Derivative
Ofij _ Oy 95ij
e @ Sy &
3 dgi = (2(i,:)-2(3,:))/Dz;
37 dgj = (2(3,:)-2(1,:))/Dz;

g(iJ ) = g(iJ:) = df*dgi;

g(J,:) = g(3,:) - df*dgj;




18 function [f,g] = (Z,D,names)

MDS function value

n = length(D); = ’

Kk = numel(Z)/n; f(Z)=% }le}”:iﬂ(lle—lel—IIZi—ZjII)z
Z = reshape(Z,[n k]); MDS gradient w.r.t z,and z,

S S=XE RN Ul — X0l - Nz — 241D

zeros(n,k);

s ey sij = 1% = xjll = llzi = zjll =\ (i = x7)% =\ (2 — 2))?
28 for ' = 1ELn

= _\n n 1 .2
Dz = norm(Z(i,:)-Z(3,:)): f@) =i i (387
| s = Dl1,3) = Dz
2 £ = £ [1/2)*s22; Derivative
0fij _ 8fij 9sij
‘ df = s: zZi  Sij i
dgi = (Z(3,:)-Z(3,:))/Dz;
dgj = (Z(3,:)-2(1,:))/Dz;
g(i,:) = g(i,:) - df*dgi;
g(i,:) = g(3,:) - df*dgj;




function [f,g (Z,D,names)

MDS function value

length(D);

numel(Z)/n; f(2) =320 20 Ulxi = 71l =1z — 211)2

= reshape(Z,[n k]); MDS gradient w.r.t z,and z,

0; s= X X0 Ulxi = xll = 1lzi = z41)
zeros(n,k);

i=1in sij = l1xi — x;jll = llzi — zjll =\ (xi = x))* =\ [ (i — 2})*

for j = i+l:n

_\n n
Dz = norm(Z(1.:)-Z(j. )): f@)= i=12: z+1(2 l])
D(iJj) = DZ;
1/2)*s52; Derivative
afij _ an 65”
Zi - sij Zj
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Question 3.1: visualizeSammon

Make new function visualizeSammon that implements gradient descent for MDS Sammon mapping objetive,

Sammon’s mapping objective function

ﬂl‘gminli i Clles —asll — 2 — zle)g
- = l2zs — a4 |

’ ke
ZERMXE 2 i1 j=it1

MDS objective function

. 1 T n
argmin ; > > (s =l = llzi = 21)*

ZERME 21 i=i+1



Question 3.1: visualizeSammon

Make new function visualizeSammon that implements gradient descent for MDS Sammon mapping objetive,

Sammon’s mapping objective function

a-rgminli i Clles —asll — 2 — zle)z
= s — @4 |

’ ke
ZERMXE 2 i1 j=it1

MDS objective function

. 1 T n
argmin ; > > (s =l = llzi = 21)*

ZERME 21 i=i+1



Question 3.1: Visua/izesammon 18 -Function [ :] - (ZJDJnames)

length(D);
Sammon’s mapping objective function numel(Z)/n;
_1vn n (lxi—x;ll-llzi—z;1)? 5; reshape(Z,[n k]);
f)=32i, Zj=i+1 [E7E=A

e,
zeros(n,k);
1=1:mn

for j = i+l:n

C . 30 Dz = norm(Z(1,:)-2(3,:));
MDS objective function 31 SZ D?ir?g EIDZ? (3.:))

1 = F 3+ (1/2)"s"2;
F(2) =3 X0 X Ul = xjl1 = llzi = 251)?

df'= 5;
dgi (Z(iJ:)_Z(jJ:))EDZ;
dgj = (2(3,:)-2(1,:))/Dz;
g(iJ:) = g(iJ:) = df$dgi;
: g(j,:) = g(j,:) - df*dgj;
en

g =g(:);




Question 3.1: Visua/izesammon 18 -Function [ :] - (ZJDJnames)

length(D);
Sammon’s mapping objective function numel(z)/n;
_1vn n (lxi—x;ll-l1zi—z;11)? 5; reshape(Z,[n k]);
f(Z) — 2 Z1'3—1 Z'j=1'+1 ;=11 446,{—
Q e;

zeros(n,k);
1=1:mn
for j = i+l:n

G
Recall: D(i, j) = [|x; — x| /76’79@8

C . 30 Dz = norm(Z(1,:)-2(3,:));
MDS objective function 31 SZ D?ir?g EIDZ? (3.:))

1 = F 3+ (1/2)"s"2;
F(2) =3 X0 B Ui = xjl1 = llzi — 251)°

df'= 5;
dgi (Z(iJ:)_Z(jJ:))EDZ;
dgj = (2(3,:)-2(1,:))/Dz;
g(iJ:) = g(iJ:) = df$dgi;
: g(j,:) = g(j,:) - df*dgj;
en

g =g(:);




Question 3.1: visualizeSammon

Sammon’s mapping objective function

(1xi—x;jl1=1lzi=z;11)?

f2) =3 X T — i) 72

G
Recall: D(i, j) = [|x; — x| /76’79@8

Sﬁ==?

MDS objective function

f(Zy=3Z X0 Ulx = x50 = llz; = 251D

Sij = IIJCg—ijI—Ilzi—zj” = ‘/(xi_xj)z_ (Zi_zj)z

function [f,g] = (Z,D,names)

length(D);
numel(Z)/n;

reshape(Z,[n k]);

e,
zeros(n,k);
1=1:mn

for j = i+l:n

Dz = norm(Z(1i,:)-2(3,:));
s D(i,j) - Dz;
i F o+ (1/2)*s"2;

df'= 5;
dgi (Z(iJ:)_Z(jJ:))EDZ;
dgj = (2(3,:)-2(1,:))/Dz;
g(iJ:) = g(iJ:) = df$dgi;
: g(j,:) = g(j,:) - df*dgj;
en

g =g(:);




Question 3.1: Visua/izesammon 18 -Function [ :] - (ZJDJnames)

length(D);
Sammon’s mapping gradient function numel(z)/n;
_1vn n (lxi—x;ll-11zi—z;11)? 5; reshape(Z,[n k]);
f) =3 i1 Lo N1
o D 25 e;
Sij= 2 zeros(n,k);

1 =9:n
for j = i+l:n

Dz = norm(Z(i,:)-Z(j.:));
MDS gradient function z = norm(Z(1,:)-Z(3,:))

f(Zy=3Z X0 Ulx = x50 = llz; = 251D

sij = 1xi = xjll = lzi — zjll = \/ (xi = x)* =/ (zi — 2})* 35 df = s;

36 dei = (Z(1,71)-Z(7.2))IDZ;

dgj = (2(3,:)-2(1,:))/Dz;

g(iJ:) = g(iJ:) = df$dgi;

: g(3,:) = g(J,:) - df*dgj;
en

s = D(i,j) - Dz;
i F o+ (1/2)*s"2;

g =g(:);




Question 3.1: Visua/izesammon 18 -Function [ :] - (ZJDJnames)

length(D);
Sammon’s mapping gradient function numel(Z)/n;
_1vn n (lxi—x;ll-11zi—z;11)? reshape(Z,[n k]);

f2)= Zzi=1zj=i+1 |1 = ;1] 4

Sij= 7? £

W zeros(n,k);

Max, )7y i=1:n

a_fza_f@: ? echan for j = i+l:n

Z;i 0s z; geshe

e

. . 30 Dz = norm(Z(1,:)-2(3,:)):;
MDS gradient function 31 SZ D?;?g EIDZ? 2,23)

1 £ =F+(1/2)s"2;
) =3 X (1 = xjll = llzi - 2

sij = 1xi = xjll = lzi — zjll = \/ (xi = x)* =/ (zi — 2})* 35 df = s; . |
dgl (Z(l_,:)-Z(j_,I)),-"'DZ;

0f _0fds _yn yn Zi—%; 37 dej = (2(3,:)-2(1,:))/Dz;
ey s izlzj:i+1 (Sij) —‘—j 38 g(1,:) = gl1.:) - df*dgi;

z;  0s z; : : il
’ ’ g(j.:) = g(j,:) - df*dgj;

end

g =g(:);



Question 3.2: ISOMAP

This suggests that ISOMAP may give a better visualization. Make a new function visualizeISOMAP that
computes the approximate geodesic distance (shortest path through a graph where the edges are only between
k-nearest neighbours, and the edge weights are the distances between these neighbours) between each pair
of points, and then fits a standard MDS model (1) using gradient descent. Hand in your code and the plot
of the result when using the 3-nearest neighbours.
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Question 3.2: ISOMAP

This suggests that ISOMAP may give a better visualization. Make a new function \visualizelSOMA P, that
computes the approximate geodesic distance| (shortest path through a graph where the edges are only between
k-nearest neighbours, and the edge weights are the distances between these neighbours) between each pair
of points, and then fits a standard MDS model (1) using gradient descent. Hand in your code and the plot
of the result when using the 3-nearest neighbours.

ISOMAP using 1-nearest neighbor
Multi-dimensional scaling

D(x1, x3)




Question 3.2: ISOMAP

® Ifxis d-dimensional,
o  then ISOMAP with n-nearest neighbor is MDS
o  Otherwise the only difference is in the distance function



® If xis d-dimensional,
o  then ISOMAP with d-nearest neighbor is MDS
o  Otherwise the only difference is in the distance function

function [Z] = (X, k,names)
[n,d] = size(X);

ISOMAP: Make changes here 6 D = X."2%ones(d,n) + ones(n,d)*(X")."2 - 2¥*X*X";
7 sqrt(abs(D));

S,V] = svd(X);
= M(s,1:k)";
X*W';

Z(:) = findMin(@stress,Z(:),500,0,D,names);




® If xis d-dimensional,
o  then ISOMAP with d-nearest neighbor is MDS
o  Otherwise the only difference is in the distance function

function [Z] = (X, k,names)

[n,d] = size(X);

D(x1, x3)

ISOMAP: 6 = X.”2*ones(d,n) + ones(n,d)*(X").”2 - 2*X*X';
1)  Find k-nearest neighbors sqrt(abs(D));
The ‘K’ points that are 8
closest to each data point
(see KNN) 10 S,V] = svd(X);
11 = V(:,1:k)";
X*W';

Z(:) = findMin(@stress,Z(:),500,0,D,names);




function [Z] = S(X,k,names)

[n,d] = size(X);

= X.”2*ones(d,n) + ones(n,d)*(X"').”2 - 2*X*X';
= sgrt(abs(D));

»S,V] = svd(X);
W=Vv(:,1:k)';

Z = XN :
ISOMAP: Z(:) = findMin(@stress,Z(:),50@,9,D,names);
2) Create n x n zero matrix G
(the adjacency graph)
s.t.

D(i, j) if j e neighbors(i)

0 otherwise

G(i, ) ={



function [Z] = S(X,k,names)

[n,d] = size(X);

= X.”2*ones(d,n) + ones(n,d)*(X"').”2 - 2*X*X';
= sgrt(abs(D));

»S,V] = svd(X);
W=Vv(:,1:k)';

Z = XU
ISOMAP: 14 Z(:) = findMin(@stress,Z(:),500,0,D,names);
2) Create n x n zero matrix G
S(Te adjacency graph) 3) Use the Djikstra function to get the

shortest distance between each point i and j

D(i. 1) if i € neighbors(i
G(i,j)={ 7 1tJ € neighbors(y D(i,j) = dijkstra(G,1i,]j)

0 otherwise



function [Z] = S(X,k,names)

[n,d] = size(X);

= X.”2*ones(d,n) + ones(n,d)*(X"').”2 - 2*X*X';
= sgrt(abs(D));

»S,V] = svd(X);
W=Vv(:,1:k)';

Z = XU
ISOMAP: 14 Z(:) = findMin(@stress,Z(:),500,0,D,names);
2) Create n x n zero matrix G
S(Te adjacency graph) 3) Use the Djikstra function to get the

shortest distance between each point i and j

D(i. 1) if i € neighbors(i
G(i,j)={ 7 1tJ € neighbors(y D(i,j) = dijkstra(G,1i,]j)

0 otherwise

Update the distance matrix The adjacency matrix



Q4: Visualizing a neural net for 1D regression

the data very well. Try to improve the performance of the method by changing the structure of the network
(nHidden is a vector giving the number of hidden units in each layer) and the training procedure (e.g..
change the sequence of step sizes, add momentum, or use findMin from the previous assignment). Hand in
vour plot after changing the code to have better performance, and list the changes you made.

Features
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nParams = d*nHidden(1); osr - IA
for h = 2: (nHidden) g j.
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w = w - stepSize¥*g;




load nnetData.mat
[N,d] = size(X);

Original performance

1~
+ Data
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1
nParams = d*nHidden(1); i 5 y&
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w = w - stepSize¥*g;




load nnetData.mat

nHidden

nParams nHidden(1);
for h = 2 (nHidden)
nParams nParams+nHidden(h-1)*nHItvden(h);
end
nParams nParams+nHidden(end);
w = randn{nParams,1);

funObj = @(w,i)MLPregressionloss(w,X{1, ), y{i);nHidden);

for t l:maxIter

Xhat
yhat

w - stepSize*g;

Improve the performance of your neural network

Number of hidden neurons

nParams: the total
umber of variables

The size of the st

e
updating ‘w’ P to take when

t: the epoch number

Bias

I Bias

Snug)y
OUE

\}/
e ef}‘o

i: the index of the next sample ‘x’ to be chosen
g: the gradient of that sample with respect to ‘w’

Output
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for t 1 :maxIter
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arge step size can
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Xhat
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w - stepSize*g;




load nnetData.mat
[N,d] = size(X);

Original performance

1~
+ Data
o5k Meural Met -
nHidden = [3]; o ‘i"
1
nParams = d*nHidden(1); i 5 y&
for h = 2: (nHidden) S &
nParams = nParams+nHidden(h-1)*nHidden(h); T "\ y
end 0% 5 ‘§ \ ‘.-'
nParams = nParams+nHidden(e i R i “%’
w = randn{nParams,1); 5 W N sl
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stepS
funObj
for £t =
Target performance
if mod(t-1 108) ) :
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C 3 ) z:l:mme:
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1.5 -
2
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w = w - stepSize¥*g;




