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FIGURE 10.26. The figure shows an example of poins in a three-cimensional space
being mapped to a two-dimensional space. The size and color of each point x; maiches
that of it image, y;. Here we use simple Euclidean distance, thatis, &; = |x; = x| and
di = |y;=y;[. Intypical applications, the source space usually has high dimensionality,
butto allow easy visualization the target space is only two- or three-dimensional. From;
Richard O. Dudla, Peter E. Hart, and David G. Stork, Pattern Classification. Copyright
© 2001 by John Wiley & Sons, Inc.
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FIGURE 10.27. Thirty points of the form x = (cos(k/v/2). sin(k/y/2), k/v2)" for
k=10,1,....29 are shown at the left. Multidimensional scaling using the f,s crite-
rion (Eq. 109) and a two-dimensional target space leads 1o the image points shown al
the right. This lower-dimensional representation shows clearly the fundamental sequen-
tial nature of the points in the original source space, From: Richard O, Duda, Peter E
Hart, and David G. Stork, Pattern Classification. Copyright © 2001 by John Wiley &

Sons, Inc.
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Usage
cmdscale(d, k = 2, eig = FALSE, add = FAL SE, x.ret = FAL SE) Arguments
d dist
k

eig
add

x.ret

Details

isoMDS sammon

add = TRUE

Value
eig=FALSE x.ret = FALSE k

points k
eig eig

X x.ret
GOF
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LVRO

Description

Usage

6

isoMDS(d, y = cmdscale(d, k), k = 2, maxit = 50, trace = TRUE, tol = 1e-3) Arguments

d

y

k
maxit
trace
tol
Details

Value

points
stress
Side Effects

trace

dist

cmdscale

cmdscale

TRUE
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VDPP RQ

Description

Usage

sammon(d, y = cmdscale(d, k), k = 2, niter =100, trace=TRUE, magic = 0.2, tol = 1e-4)
Arguments

d dist

y cmdscale

k
niter
trace TRUE
magic
tol
Details

magic
Value

points
stress
Side Effects
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cmdscale

cmdscale

cmdscale

X =[ normrnd(0,1,10,3), normrnd(0,.1,10,1) ];
% Calculate their interpoint distances

D = pdist(X, euclidean');

[Y,elgvals] = cmdscale(D);

Y
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A Global Geometric Framework for Nonlinear Dimensionality
Reduction, Joshua B. Tenenbaum, Vin de Silva, John C. Langford
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A Global Geometric Framework for Nonlinear Dimensionality
Reduction, Joshua B. Tenenbaum, Vin de Silva, John C. Langford
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A Global Geometric Framework for Nonlinear Dimensionality
Reduction, Joshua B. Tenenbaum, Vin de Silva, John C. Langfc
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A Global Geometric Framework for Nonlinear Dimensionality
Reduction, Joshua B. Tenenbaum, Vin de Silva, John C. Langfor
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A Global Geometric Framework for Nonlinear Dimensionality
Reduction, Joshua B. Tenenbaum, Vin de Silva, John C. Langford
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A Global Geometric Framework for Nonlinear Dimensionality
Reduction, Joshua B. Tenenbaum, Vin de Silva, John C. Langford
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A Global Geometric Framework for Nonlinear Dimensionality
Reduction, Joshua B. Tenenbaum, Vin de Silva, John C. Langford
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>>load swiss _roll_data
>>D = L2 distance(X_data(:,1:1000), X_data(:,1:1000), 1);

Torun Isomap with K =7 neighbors/point, and produce embeddings
in dimensions 1, 2, ..., 10, type these commands:

>> options.dims = 1:10;
>>[Y, R, E] = Isomap (D, 'k, 7, options);
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>>w3d =zero s(200,3);
>>w3d(:;,1) = w(:,1);
>>w3d(:,2) = w(:,2);
>>w3d(:,3) = 3;
>> help scatt er
>> scatter3(w  3d(classes ==0,1 ) ,w3d(classes= =0,2),
w3d(classes== 0,3), 'ro' )
>> hold
Current plot held
>> scatter3(w  3d(classes ==1,1) ,w3d(classes= =1,2),

w3d(classes== 1,3),'go")
>> rotate3d
>> view(3)
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>>w3dt = w3d;
>>D= L2_dista nce(w 3dt(: ,1:20 0), w3dt( :,1: 200), 1);
>>opt ions.dims= 1. 10;

>>[Y, R, E]= Isomap(D, 'Kk, 7,option s);

Warnin g: F ile: /Users/jso | ka/MATLAB/ISO MAP/I somap.mL i ne: 141
Column: 80

Future ver sionsof MATLABwillr  equire that whit espace, a
comma,

oras emicolon separ atee | ementsof am atri x.Pl ease type

"help matr i x_el ement_separ ator s"at the MATLAB pr ompt for
more i nfor matio n.

Constr ucti ng ne i ghbor hood grap h. ..
Computi ng short estp aths.
Itera tion : 20 E stima tedt inme toco nple tion: 0.05 7053

minute s

Itera tion : 40 E stima tedt inme toco nple tion: 0.04 5498
minute s

Itera tion : 60 E stima tedt ine toco nple tion: 0.03 8512
minute s

Itera tion : 80 E stima tedt inme toco nple tion: 0.03 2434
minute s

Itera tion : 100 Estim ated tinmetoc ompletion : 0.0 26722
minute s

Itera tion : 120 Estim ated tinetoc ompletion : 0.0 21364
minute s

Itera tion : 140 Estim ated timetoc ompletion : 0.0 15951
minute s

Itera tion : 160 Estim ated tinmetoc ompletion : 0.0 10576
minute s

Itera tion : 180 Estim ated tinmetoc ompletion : 0.0 05278
minute s

Itera tion : 200 Estim ated tinmetoc ompletion : O minute s

Checki ngf orou tlier s..
Numkero f connecte d componentsin gra ph: 2
Embeaddin g component 1with1l 00 points
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Constr ucti nglo w-dimensio nale nbeddings (CI assic al MD S)...

Isomap on 100 poin tswi thdi nensional ity 1 --> residual
varian ce= 0.01 599

Isomap on 100 poin tswi thdi nensional ity 2 --> residual
varian ce = 0.00 31295

Isomap on 100 poin tswi thdi nensional ity 3 --> residual
varian ce = 0.00 26033

Isomap on 100 poin tswi thdi nensional ity 4 --> residual
varian ce = 0.00 13834

Isomap on 100 poin tswi thdi nensional ity 5 --> residual
varian ce = 0.00 13679

Isomap on 100 poin tswi thdi nensional ity 6 --> residual
varian ce = 0.00 13553

Isomap on 100 poin tswi thdi nensional ity 7 --> res i dual
varian ce = 0.00 14831

Isomap on 100 poin tswi thdi nensional ity 8 --> residual
varian ce = 0.00 15794

Isomap on 100 poin tswi thdi nensional ity 9 --> residual
varian ce= 0.00 17011

Isomap on 100 poin tswi thdi nensional ity 10 -->re sidua |

varian ce= 0.00 17383

>>
>>fig ure( 1)
>>pri nt -depsc PICS/ prob 2_iso map_graph . eps
>>pri nt -dbmp PICS/ prob2 _isom ap_graph. bmp
>>fig ure( 2)
>>pri nt -depsc PICS/ prob 2_iso map_elbow . eps
>>pri nt -dbmp PICS/ prob2 _isom ap_elbow. bmp
%The coord i nate s for the dimen si onality ref ducti on to each
%lower dim ensio nal
%ambients pace isco ntain edin t hey. coords {d}
>>siz e(Y. coord s{2})
ans =

2 1 00
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