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Abstract

This paper presents a method for learning distance furetibarbitrary fea-
ture representations that is based on the concept of woash@le introduce
wormholes and describe how it provides a method for warpiregtopol-
ogy of visual representation spaces such that a meaninigtahtte between
examples is available. Additionally, we show how a more gaindistance
function can be learnt through the combination of many warlaé via an
inter-wormhole network. We then demonstrate the appticatif the dis-
tance learning method on a variety of problems includinginear synthetic
data, face illumination detection and the retrieval of imsgontaining natu-
ral landscapes and man-made objects (e.g. cities).

1 Introduction

The task of obtaining a distance function for a visual repnéstion feature space is im-
portant in many computer vision applications. Many aldoris in vision are reliant upon
methods involving clustering or classi cation, which inrturequires some form of dis-
tance function has beeapriori de ned within an input space. One common distance
function used is the Euclidean distance. However, thisadi function is often inade-
guate when applied to visual representations due to theenhaon-linearity and discon-
tinuities present in the data. Additionally, the correcttdince function is often context
dependent. As a result, no one distance function will sufaeall applications. In an at-
tempt to overcome this, many approaches opt for learntrdistiunctions in the form the
Mahalanobis function, with varying methods for learning tequired parameters [6, 1].
However, there are disadvantages, for example a discantsimput-space (e.g. XOR
problem) cannot be represented. Another limitation is thay require the xed dimen-
sional data. Therefore, it is not possible to use such matbodgymbolic data.

To address the above problems, this paper proposes a nealdéadistance function
along with its learning algorithms and applies it to a numiferision tasks. Firstly, Sec-
tion 2 introduces a novel learnable distance function, dbasedual-kernel distance bases
or wormholes. These wormholes warp the topology of the ispace merging similar
examples that were originally far away. The use of kernelslss important as it re-
moves the requirement of xed dimensional vectors. We akscdbe a novel method for
combining different wormholes into the nal distance fuioct using an inter-wormhole
network and demonstrate how it improves the generalisatidlity of the learnt distance
function. Following this, we describe the learning aldumits for both the wormholes and
inter-wormhole network in Section 3. An important aspecthafse learning algorithms
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Figure 1: lllustration of wormhole distance compared toli€iean distance. A wormhole
basis with kernels andb shortens the distance between x1 and x2 considerably.

is that only one assumption is made, the availability of askett of relative comparisons,
avoiding the need to have labelled or quantitative infofamatWe apply our method to
three different applications in Section 4. The rst shows #bility of the method to learn
a distance function for clustering synthetic 2D non-ling@d discontinuous data. We then
show how a distance function is learnt for identity invatiate illumination estimation.
We also apply the same methods to the problem of image ratt@fore concluding in
Section 5.

2 Kernel-based Wormholes

The concept of kernel-based wormholes is now describedr&eénthe distance function
is a collection of kernels. Each kernel is built using sometof a local distance between
two points & y), de ned asK(x;y). We will see in Section 4 the different types of kernels
used. However, such a local distance is usually not suftcighus, the key to our learnt
distance function is its ability to warp the input space ter@ome the inadequacies of the
local distance provided by a single kernel.

2.1 Primitive Wormholes

In order to pull two distant regions close, two kernels amiged together into distance
basis Each distance-basis is associated with a pair of ker@!ls: f cjig2 ;, wherec;;

is the example representing thzkernel centre for thé'" basis respectively. The kernel
pair in a distance basis can now be used to provide a localureag“nearest-distance”
as follows:

B(xY.C)) = argmirk(K(x;Cjk&)&;;rgmin(K(Mcu)) Eti:; (1)

wherek;| = f 1;2gis the kernel centre closest xaandy respectively. Here, whexand

y are close to the same kernel centre, the local measure efefiife provided by the
chosen kernel (see Section 4) is used. However, when eanhipaiose to a different
kernel centre, Eq. 1 effectively “short-circuits” the diste spanned between the two
kernels, greatly reducing the distance betwrendy (see Figure 1). We can also think
of each distance basis as a zero-distance wormhole with mivareces (kernel centres).
From this point onB(x; y; C;j) will be referred to as @rimitive wormhole basis



wi w2 w2

w3 w w3
D(xy) = -
v D(x.,y) ;2++b:1_4
3 D(x,2) = a+c+l,
4 4
z
(b) (€)
o w2 s
4
(e) ()

Figure 2: (a) Primitive wormholes & catchment areas. Distaof (x,y) caught by same
(b) different (c) primitive wormhole, inter-wormhole nedvk links (d) generalisation im-
proves using the network by tying different wormhole catemtrareas together (e,f).

2.2 Inter-wormhole Network: Improving Generalisation

We now see how primitive wormholes are combined into a slatdlstance function. A
conceptually attractive and intuitive method is to linkeétiger primitive wormholes such
that each wormhole entrance is associated with a local sgbspcting as its catchment
area. These catchment areas should be mutually exclugiverague to a single primitive
wormhole entrance. To this end, we have chosen a method dbinorg the primitive
wormholes together in such a way that the input space istipard similar to a Voronoi
tessellation (see Figure 2a). A primitive wormhole is thesagiated to two cells. In
computing the distance, when both examples fall into catsftrareas associated with
the same wormhole, Eqg. 1 can be used to calculate the didtetween X) and §) (see
Figure 2b).

However, ifx andy are each caught by different wormholes) and {v) respec-
tively, we will need to traverse two primitive wormholes tetghe nal distance between
them. To do this, the concept of an inter-wormhole netwoptesented by a link matrix
| is introduced. Each matrix elemeni] is the cost for traversing between two different
primitive wormholesw; andw; (see Figure 2c). The distance between two points caught
by different wormholes is then the sum of distances of thatgdo their associated worm-
hole entrances added to the corresponding element froninthenktrix (see Figure 2d).
We de ne the total number and set of primitive wormholedgsindf Cg;2; respectively.
The nal wormhole-based distance function is de ned as:

W(xy,Che) = argmin;k(K(x;cik))BwEX;a;%lfr)lim(K(y,cjl))+ lj ((:i B @)



wherex is closest to thé" wormhole'ski" entrance ) andy closest to thg™" worm-
hole's It entrance ¢;). Presently, we restrict the inter-wormhole links to béneitfar

or near. Two primitive wormholesy;w;) are de ned to be near if the cost of travers-
ing them is O, [jj = 0). Two primitive wormholes can be pushed far away by setting
their inter-wormhole distance to a large pre-de ned valO&e advantage offered by in-
troducing the inter-wormhole network is improved geneagion for the nal distance
function. When all primitive wormholes are disjoint (i.@rfaway from each other), only
the two catchment areas of a wormhole is close. However,dseby linking two or more
primitive wormholes, more subspaces can be brought togétbe Figure 2e,f).

3 Learning the Wormholes

This section will describe how the appropriate primitivermtoles and links between
them are learnt. First, we will describe the type of trainirsgd, called relative compar-
isons. Next, the two step learning process is described. rghstep involves learning
a suitable set of primitive wormholes. The second step thealves establishing the
inter-wormhole network links.

3.1 Training Data: Relative Comparisons

The type of training data we have chosen is called relativeparison triplets [4], where
given three variable#; B andC, A is closer toB thanC. This avoids the need for hav-
ing labelled or quantitative information. The training aset ofNy relative comparison
triplets is de ned as:Tj = ftjigd ;;j = L::Nr, wheret;; is closer totj, thantjz. The
entire training dataset is de ned ds= ijg'j\':Tl. Assuming an even number of training
data, we randomly split the training data into two equaldiaed mutually exclusive sets,
U= ijg'j\';J1 andV = fng;ivl for learning the primitive wormholes and inter-wormhole
network links respectively, whetdy = Ny = Ny=2. Each triplet folJ andV is de ned
asUj = ijigi3:1 andVj = fvjigi?;l respectively. We will see how these examples are
obtained in Section 4.

3.2 Learning Primitive Wormholes

The primitive wormholes are learnt through a selection pssthat is conceptually similar
to Boosting [3], where the primitive wormhole is the equéesatiof a weak classi er. Using
the training databadéd, suitable primitive wormholes are identi ed and added ittie
wormhole network. Here, all primitive wormholes within thetwork are set such that
they are "far away” from each other. Whilst this is suboptinitashould be noted that
this step is concerned with selecting a suitable set of pxiemwormholes for building a
distance function.

To generate candidate primitive wormholes, the triplettliare used. A primitive
wormholeK; can is created by setting its two kernel centres to the “Clesamples
in the training tripletk; = fu;1;u;20, resulting in a set oNy primitive wormholes for
selection. Given a set of selected wormhole b&&ebe training exampleld, and their
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Figure 3: Input space divided by primitive wormholes in thermhole selection process.

weightsP, the training error functio(T;W;C) is de ned as follows:

Ny

E(U;RC) = & pG(U;;0) 3)
=1

GU;C) = 1 (W(uj1;uj2;C) > W(uj1;uj3;C))

0 (W(Ujr:Uj2:C) < W(uj1;uja:C)) @

whereG(Tj;C) is the individual error function for th¢'" training triplet given a set of
distance baseS, andW in the error functiorG is the wormhole function (Eq. 2). The
learning algorithm revolves around a primitive wormholéestion loop. For each it-
eration, every primitive wormhole is considered a candidatbe added into the nal
wormhole set. The selected primitive wormhole is that whth fowest training error (Eq.
4) when added into this set. Figure 3 illustrates the seeqgirocess and how the input
space is divided. The selection procedure is:

1: Initialisation Step
(ONs=0,M=1,p;=1;j= LNy
(i) Co = fg f No distance bases found get
2: while &'V, p;>t do
3 Kpest = argmirk, 2k E(U;PfCyv 1;Kpesg) f Find least training error distance-
basisg
Cv = fCu 1:Kpesg
pj = G(Uj;Cwm); j = 1::Ny f Update the weightg
M=M+1
: end while
: Ng= M, C= Cy, break

o N o aR

3.3 Learning the Inter-wormhole Network

In the previous section, the selected primitive wormholesanset such that they are “far
away” from each other. This assumption may cause over ttesylting in poor generali-
sation. To address this, we describe how to learn the cantectwormhole network links
using the second half of the training data. Firstly, sugdbiks between two primitive
wormholes can be established by exploiting near/far infiiom from training triplets. To
accumulate supporting evidence that two primitive worreBahould have a near or far
link, two square matrices are introduced: tiear support matriXO = ojj;i; j = 1:::Ng)
and thefar support matrix(P = pij;i; j = 1:::Ng), where the size of both matrices is the



number of wormholes selecteNg). The near and far matrix off-diagonal elements count
how many training triplets con rm thé" wormhole and thg'" wormhole have a close or
far link respectively. The appropriate elements in bothr raeal far support matrices are
updated based on the training tripled§ € ijigi3: 11 = 1::Ny) as follows:

1. We rstly deal with updating the near support matrix. lailty, we determine which
primitive wormholes catch the “near” examples in the trifflg,; vjo) using a part
of Eq. 2: gm = argmin,, (K(Vj1;Cm));Cno = argmir,,(K(vj2;cno)) \where the
rst example in the triplet ;1) is caught by wormhole, (i.e. It wormhole'smfh
entrance), and the second example is caught by wornthgleThe near support
matrix element®), ando, are both incremented.

2. The far support matrix is updated in a similar way. We noteduine the primitive
wormhole that catches the “far” examples = argmin, (K(vj3;ci)), where the
third example ¥;3) is caught by wormhol&s. Following this, the far support
matrix elemenp,; andp, are both incremented.

However, insuf cient training data can cause ambiguousdifor some pairs of prim-
itive wormholes (both corresponding near and far suppottimelements are zeray, =
pin = 0;1 6 n). To address this, a method for link ambiguity resolutioprigposed and
works as follows: Suppose that wormh@ghas an ambiguous link with wormho@,.
We attempt to resolve this ambiguity by “enquiring” from ethprimitive wormholes un-
ambiguously connected @:

1. Determine if both wormholes should be closely connedféakmholes close tg€
are determined using the near support matii®sow with non-zero off-diagonal
elements. The number of near wormholes and their indices, fare de ned ad\_
andf agi'\:'Ll respectively. We then enquire whether these wormholeslase toC;
by examining their respective link elemeitg,;i = 1:::N_ (i.e. elements in tha'
column of O). The maximum valueoﬂ1 = max0gn);i = 1:::Np) is obtained and
acts as a potential replacement for the ambiguous near dilieg,,.

2. Determine if both wormholes should be far apart. Simitealbove, we determine
if there are any wormholes far fro, butcloseto C;, instead, thus supportir@,
being far away fronC;. The corresponding number and indices of the far worm-
holes is de ned ad\r andf bgl;. We then inspect near matrix elementg,. The
maximum value |()|°n = max(0yn);i = 1:::NL) will then act as the potential replace-
ment for the far ambiguous link valyg,,. Finally, the link betweel€;, andC, (i.e.
lin from Eq. 2) will then be set as a near Iinlqﬁ1 > p,% and vice versa.

4 Experiments and Results

We have tested the proposed distance learning method oa different problem do-

mains: synthetic 2D data, face illumination detection andge retrieval of various image
categories (Figure 4). An important point is that whilstleacoblem has its own kernel
function, the rest of the learning method remains unchanijéslalso important to note
that no labelled data was used in training. All the trainilagadakes the form of relative
comparisons described in Section 3.1.



Figure 4: The wormhole distance learning was applied to fedint applications: (a)
synthetic 2D data, (b) Differently illuminated faces fronERdatabase [5], (c) image
distances between 3 categories (cities,jungles,wintares).

For each of these 3 applications, test experiments werenpeetl in the following
manner: Firstly, the obtained database described was magdplit into two equal parti-
tions: training and test data. The relative comparisopsetts were generated from each
training example by randomly picking two other examples &mm the same class and
another from a different class. A single distance functisimg the proposed methods in
Section 3 is then learnt from the training data. The typesof&ls used for the distance
function vary according to the application and is discussadore detail later.

In order to quantify the overall performance of the resgligarnt distance functions,
the test data examples were hand labelled with class dataepatated into a number
of groups of examples. Next, an exhaustive inter/intraigrdistance calculation was
performed. To obtain the intra-group distances, the digtaof every point in a group
to every other point in the same group is computed, for alugso For the inter-group
distances, the distance of every point in a group to evergtpoiall other groups was
calculated, and again repeated over all groups. Finalé/hiktograms of the inter and
intra group distances were computed. For comparisondgsidistance histograms were
obtained using the original local distance function.

Synthetic 2D Data:For this problem, we apply the distance learning functiotwo
sets of synthetically generated 2D data, both non-linedrdiscontinuous in nature (Fig
4a). One set consists of three non-linear curved blobs. €hersl “extended-XOR”
data set consists of 2 groups of data arranged in an “XOR!pi&ttern. In total, 1200
points were generated for each dataset. For both problamproposed method is tasked
with learning an appropriate distance function that willl@ll points within the same
group close together and push the remaining points far aiaye, a Euclidean kernel
function is used. The resulting learnt distance wormhateste 3 blob and extended-
XOR problem can be seen in Figure 5a,d respectively.

The test results of the learnt distance functions is showkigare 5c for the 3 blob
test and 5f for the extended-XOR problem. It can be seen lileat is a clear separation
between distances of points within a cluster to points detslie cluster, across all groups.
In comparison, using Euclidean distance results in Figbrarl e, where a large overlap
between the inter and intra group distances exists, caysedriinear data.

Face lllumination DetectionTo test the distance learning method on more complex
data with higher dimensionality, we applied it to the prablef detecting the illumination
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Figure 5. Learnt wormholes for 3 blob (a) and extended XOR Qi$tance histograms
using (b,e) Euclidean and (c,f) wormhole-based method.

direction of faces. Faces of subjects under different ilhation conditions from the
PIE database were used, giving 21 different illuminaticections and 66 subjects. The
dimensionality of the face images was reduced to 20 using.A®A kernel function for
this problem is also Euclidean. The test distance histogfanthe illumination detection
in Figure 6b shows the ability for the distance function togrlise to unseen subjects.
It can be seen that the wormhole distance has managed tatepamajority of faces
within the same illumination group from the other test fac@s the other hand, Figure
6a shows that Euclidean distance alone is inadequate torglisshing between different
illumination groups. Figure 6¢ shows examples of distarmseen faces of the test
subjects. In terms of false positive rates, the learnt destanethod had a rate of 13%
whilst the Euclidean distance had a rate of 35%.

Image RetrievalFinally, we have also carried out preliminary tests on lesymlis-
tances between different images for the purpose of imagevak A database of differ-
ent images belonging to 3 categories of cities, junglesfisrand winter landscapes were
obtained. For each category, 15 images were obtained. Edalistance between two im-
ages, detected line angles and colour segmentation wede Eee colour segmentation,
the observed colours in the image were transformed into thagddll space [2] where
pixel colours were converted into 11 basic colours. Eaclgenathen represented by the
histograms of the detected lines angldg)and 11 basic colours in the imagéd). The
kernel function is then the sum of differences between the corresponding histograms
of an input image and the kernel centre (another exampleaindghe test distance his-
tograms in Figure 7a,b again shows the advantage of usinkpainet distance measure
over a simple available distance (e.g. tifehistogram difference). Figure 7b shows the
distance histograms of the learnt wormhole distance, wthene is a more distinct sep-
aration of distances between images of the same categamyaigeis of other categories.
When only thec? distance measure is used, the separation is less appashmas in
Figure 7a. Examples of the learnt image distance on testémegn be seen in Figure 7c.
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Figure 6: Results of face illumination detection. Distamigtograms using Euclidean
distance (a) and learnt wormhole distance (b). Examplesarht wormhole distances
(numbers) between face images (base image on the rst cgl(hn

5 Conclusions

In this paper, a novel distance function based on the cordepirmholes was proposed.
To improve generalisation, an inter-wormhole network wesated, bringing different

wormholes close together or far away. We have also desctibedovel learning meth-

ods: 1) allows us to select appropriate wormholes to formstadce function and 2)
build the necessary links between different selected wotesto improve generalisation.
Importantly, both learning methods only assume the aviitiabf relative comparisons

training data, removing the need for labelled data. We hhoe/a how the same learning
methods can be used to build the appropriate distance @nsctor three very different
applications ranging from non-linear synthetic 2D dataigdon problems dealing with

face illumination detection and image retrieval.

Acknowledgements

The work and contribution here is supported by the Europaaan{FP6-project " COSPAL,
IST-2003-2.3.2.4).

References

[1] A. Bar-Hillel and D. Weinshall. Learning distance fuiarts equivalence relations. In
Proceedings of the 16th Conference on Learning Theory (GOAdgust 2003.



Normalised Distance Values Histogram Score
Normalised Distance Values Histogram Score

B

05 1 15 o o5 1 15 2
Image Distance Image Distance

(@) (b)
0 0.05 0.12 2.17 2.27
0 0.13 0.27 2.16 2.19
0 0.05 0.12 2.17 2.19
()

Figure 7: Images' inter/intra group distance histogramagi&ernel distance (a) and
learnt wormhole distance (b). Image distances using thewole method (c).

[2] B. Berlin and P. Kay.Basic Color Terms: Their Universality and Evolutiodniver-
sity of California, 1991.

[3] R. Meir and G. RatschAdvanced Lectures on Machine Learnjiehapter An intro-
duction to boosting and leveraging, pages 119-184. Sprivieyéag, 2003.

[4] M. Schultz and T. Joachims. Learning a distance metamfrelative comparisons. In
Proceedings of the Conference on Advance in Neural Infdon&trocessing Systems
(NIPS) 2003.

[5] T. Sim, S. Baker, and M. Bsat. The cmu pose, illuminatiod axpression database.
IEEE Transactions on Pattern Analysis and Machine Intelige 25(12):1615-1618,
December 2003.

[6] I.W. Tsang and J.T. Kwok. Distance metric learning witktikels. InProceedings of
the International Conference on Arti cial Neural NetworkX)03.



