Practical applications of metric space
magnitude and weighting vectors



A metric space is an ordered pair (M, d) where M is a set and d is a metric on M, i.e., a function

dMxM-—>R

such that for any z,y, z € M, the following holds:!?!

l.dlz,y)=0zc=y identity of indiscernibles
2. d(z,y) = d(y, z) symmetry

3. d(z, 2) < d(z,y) + d(y, z) subadditivity or triangle inequality




Definition 1. Let X be a finite metric space with metric d.
Denote the number of points in X by | X|. The similarity
matrix of X is defined to be (x (7, ) := exp(—d(x;, x;))
for 1 < 1,5 < |X|. Whenever the inverse of (x exists, we
define the weighting vector of X to be

Wx = C)_(l ]l,

where 1 is the | X| x 1 column vector of all ones. The
magnitude of X 1s defined to be the quantity

Mag(X) == 1Twx = 17¢5 1.

That is, Mag(X) is the sum of all the entries of the weight-
Ing vector wy.
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Algorithm 1 Classification via weighting vector

input Data set X, L = {Li,Lo,...,L;} labels, function
DECIDE : R* — {1,2,..,k}, function SCALE;
(R,R¥Xil) — R foreachi e {1,2, ..., k}
input unlabeled point z’
p=1l
forie {1,2,....k} do
Y ={z'}u X
w; = wy (x')
w = SCALE;‘ (’w;, Wxi)
p.append(w)
end for
let j = DECIDE(p)
output L




Table 1.

dataset K-Neighbors  Logistic Reg. Rand. Forest SVM Weight

2-d checkerboard 0.92+0.02 051 +£0.04 094 +0.01 062+0.04 092+0.01
clevedata.mat 082+0.04 085+0.02 082+003 0.84+0.03 0.84+0.03
dimdata.mat 094 +£0.01 095+ 0.01 095+0.00 096 +£0.00 093 +0.01
housingdata.mat  0.87 £0.02  0.87 £ 0.03 087 +£0.02 0.87+0.03 0.87+0.02
ionodata.mat 084 +£005 089+0.02 094002 095002 0.81+£0.08
iris 094 +£0.04 0.87 +0.05 094 +£0.04 096 £0.03 0.85+0.13
sklearn digits 097 £0.01 0.96 + 0.01 095001 098 £0.01 0.97+£0.00
ticdata.mat 0.85+0.02 0.69 + 0.03 093 £0.02 088002 0.78+£0.03




Algorithm 2 Active learning via weighting vector

input Data set X,
L=gU=X
initialize £ ;U = X — L; with it’s corresponding ),
f = train_classifier(L,),)
while (not converged) or (labeling budget not reached) do
X;={ze X | f(z) =i} fori =0, 1.
calculate weighting vectors w

Qmin,: = arg min |fw‘fi| for: = 0,1
u

Qmax,; = arg max |fwx~1| forv = 0,1
u

yQ =query_lab315(Qmin,Oana.x,0 3Qmin, 1 anax, 1 )
ﬁ = ﬁ U {Qmin,Oanax,Oanin,lanax,l}
Ve =Y ulo
U=X-—-L;
f = train_classifier(L, Y,)
end while
output f
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Algorithm 3 Outlier detection via magnitude
input dataset X, threshold 7

Xin = {x € X | abs(wx(z)) < median(wx) +
1.5std(wx )}
Xouwt = X\ Xin

for = € Xout do
if’}’Xm < 7 then
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