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Abstract

We wish to match sets of images to sets of images wh
both sets are undergoing various distortions such as vie
point and lighting changes.
To this end we have developed a Joint Manifold Di
tance (JMD) which measures the distance between t
subspaces, where each subspace is invariant to a desi
group of transformations, for example affine warping
the image plane. The JMD may be seen as generaliz-
ing invariant distance metrics such as tangent distance
in two important ways. First, formally representing priFigure 1:Matching image subspaces. Each row is a sequence
ors on the image distribution avoids certain difficultiesf images spanning a subspace, and the goal is to determine for
which, in previous work, have required ad-hoc correctiom. pair of sequences, whether the subspaces spanned by the se-
The second contribution is the observation that previoggences are the same. The images within each subspace are
distances have been computed using what amountedegistered, but the transformation between the subspaces is un-
“home-grown” nonlinear optimizers, and that more reknown. The d_istan_ce between subspaces must be invariant to the
liable results can be obtained by using generic optimiZ"Known registration between the sequences.
ers which have been developed in the numerical analysis

community, and which automatically set the paramet§ly invariant to the changes in viewpoint and lighting

which home-grown methods mustsetby art. 5t affect the image—so that our clustering is of the ob-
The JMD is used in this work to cluster faces in videguct, not its image.

Sets of faces detected in contiguous frames define the subyg 5 example of such clustering, in this paper our ob-

spaces, and distance between the subspaces is compidigfle is to establish matches between the faces that occur
using JMD. In this way the principal cast of a movie cafhrgyghout a feature length movie. This is a very chal-
be ‘discovered’ as the principal clustlers. We demonstra}%ging problem: a film typically has 100-150K frames;
the method on a feature-length movie. and in addition to changes of lighting and viewpoint, faces
also change expression and are partially occluded—for
1. Introduction example by hands, telephones or spectacles. In movies
in particular, lighting and viewpoint are intentionally dra-
We would like to cluster instances of objects in a vidematically varied. This makes the clustering problem sig-
in an unsupervised manner in order to ‘discover’ the sigiicantly more difficult than in traditional “mugshot” ap-
nificant characters, scenes, events etc. This requires ti@ations.
our measure of distance between two imaged instances i®ne way to proceed is to construct a distance function
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d(z1,x2) between two images instancesandz, which
is invariant to all such perturbations and deformatio
that occur. For example invariance to viewpoint can
achieved (to a first approximation) by designing the di
tance function to be invariant to an affine transformati
of z;, so that for example(z1, z2) = d(z1,T(z2; a2)),
whereT represents the affine transformation of the imag
Implementation of these measures via tangent dista
and its extensions [3, 5, 15, 16] allows efficient comp .
tation for classes of parametrized transformations. This
idea can be extended to any desired transformation, e.g.
for photometric changes or changes in expression, pkagure 2:Affine registration. (Top) Sequence of faces obtained
vided a parametrized model of the class of transformithe face detector. (Bottom) Affine registered sequence. There
tions is available. is an overall unresolved affine transformation which must be ac-
An alternative is to define a distance functiéf, S) counted for when comparing this with other such sequences.
between a point and a (possibly infinite) set of poins
whereS contains exemplars of the perturbations and de-
formations. Often this reduces to the distance betweefegistration, and—in the face case—changes in expres-
point and a linear subspace. For example consider pat®n. Figure 2 shows a set before and after affine reg-
tometric invariance. A widely used approximation is thagtration. In video sets of this type are readily available
(under restricted conditions of no shadowing, Lamberti@cause objects do not arbitrarily disappear between con-
reflectance etc), the space of all images under all lighiguous frames, but can be easily tracked so that clustering
ing is spanned by a four dimensional linear space [1, 18)er consecutive frames is straightforward [8].
Higher dimensional spaces can approximate other illu-There is one further development that is clearly moti-
mination effects such as self-shadowing (attached shagted by figure 1: to determine the distance between two
ows) [2]. So photometric invariance could be achievéihite sets of sizen, it is not necessary to compute the
if S'is the space of lighting images, e.g. acquired by a3 distances between each point in one set and each in
SVD of many registered images [17]. Given training exhe other—instead the distance between the&ets S-)
amples which exercise these variations, a transformatiean be measured directly. This paper explores these three
aware principal component analysis [7, 14] can compwiitance functionsd(z1, ), d(z, S),d(S1, S2) includ-
the subspace even in the case of unregistered sets ofiig-an extension of incorporating learnt priors on the vari-
ages. ous transformations, describes efficient implementations,
A third approach is to remove the variations beforgnd demonstrates their performance in the face clustering
matching, by projecting each image onto a space whigpplication.
does not permit such deviations. For example, the photo-
metric variation problem can often be avoided by filtering
the images (e.g. by a high pass filter) to significantly amse- . .
liorate lighting effects, effectively collapsing the spacemlg' Classes of distance functions
a much lower dimension. In the limit the space is col- ) . )
|apsed toa sing|e point and the approach reduces to Cdﬂ‘]lhl.s SeCtlF)n we d.|SCUSS. the three classes of dlst.a.nce
puting a point to point distanag(z+, z»). function: point to p0|.nt, point to set, and set to set. First,
Here we partition the deformations into those that c&9WeVver, let us consider the observation model.
be modelled or removed to some approximation (view-We have samples each associated with a “true” da-
point by affine transformations, photometric filteringfum Z which are drawn independently from the density
and use a set of images to span the residual: the parts@dcribed by(x|Z). Given observations; andx, our
viewpoint not modelled by affinity, errors in computingbjective is to determine the likelihogdz 1, 2:5) that both
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Figure 3:Several definitions of manifold distance between sample poingmdz-. The distance from a datum to the hidden ‘true’

point & is measured as the distance to the manifdld= {7'(Z;a)va € R™}. (a) Transfer distance Whenz is approximated

by one of the sample points, here, this is the “one-sided” manifold distance. (B)o-sided manifold distance This definition

can sometimes make distances between disparate objects arbitrarily small, for example by mapping each image to a single point.
(c) Symmetric transfer distance Sometimes called “two-sided” manifold distance. iBnifold distance. The hidden variable

Z is explicitly included, so the manifold to which distance is measured must move during the optimization. Section 2.1 shows how
to compute a tangent approximation which accounts for the manifold movement.

are samples of the same on a, so some points on that manifold are less likely to
be observed than others. For example, we might expect
p(ry,29) = /djjp(zl‘j)p(xﬂj)p(jg) (1) that the transformation which shrinks the image down to
less than one pixel square is unlikely. Using (2), the joint
wherep() is the prior distribution or. likelihood (1) may thus be expanded as

An observationr is generated by applying a transfor-
mationa to a true datun® and then adding noise. The
family of transformations is parametrized by a vector of (4, 2,) = /da} da; day . ..
parametera, and the transformation is given by

x — T(z;a). - plan|Z, ar)p(2|Z, az)p(a)p(az)p(2)

For example, if the observationsaren-D points then for e terms in this expression are summarized as follows:
a transformation for scaling about the originwill have p(21]2,a;) is the likelihood ofz;, given the true point

exactly one element; representing the scale and pointg ransformed by the transformation parametersThe
will transform asl'(x; a) = za;. The density(z|Z) may likelihood of 2 is p(z2|#, az). p(a;) is the prior prob-

be expanded as ability of transformatiora;—this will be estimated from
) : ) R training examples.p(Z) is the prior distribution on the
p(z]2) = / dap(z|a, T)p(al?) (2) true pointi. Here we set this to a broad Gaussian, which

yields a term analogous to the “spring” tangent distance
wherep(a|z) is the prior probability of the transforma-regularizer [15].
tion a givenz, and it will be assumed thata|z) = p(a),
i.e. that the prior is independent of the dati@nTheman-
ifold itself is encoded in the prigi(a). If this prior were

completely unrestricting, we would have the standard Pl rence imager — T(i:a), and p is a kernel func-

ture of th(_e manifpld asa _subse'F of the space of imz.igeﬁig]n. Choices of the kernel include the Gaussian model
which z lives, with the dimensionality of the mamfoldp(z) _ ”2_%z”2 or a robust distribution. and the choices

equal to that of the paramete#s For an affine transfor- "} : :

. o . S . will be discussed later in the paper.
mation ofn-pixel images, this would be a six-dimensional
manifold inR™. In practice, it is important to place priors The MAP estimate is obtained from the joint likelihood

It will be assumed here that the image likelihoods can
be approximated by a distribution whose density func-
tion is of the formp(z|#,a) = e *(*) wherez is the



as: in which both images are transformed before comparison.
However this can yield spurious solutions, the canonical

p(x1,72) =~ pwap(1, T2) example being that images under affine transformations
= max_p(71|7,a1)p(22|T, az)p(ar)p(as)p() can be mapped to a single point by scaling, yielding a
anaz® low distance for any paifz1, z2). A variant that does not
and then the distance is defined as the negative log likedffer this collapse, but appears not to be widely used, is
lihood d(x1, z2) := — log pmap(x1, z2). We will refer to the “symmetric transfer distance” (figure 3c)
this as themanifold distancdetween two points. d. (21, 72) = i?lzﬁ E(wa—T(21; 81))+E (21 =T (2s; a)).

Having derived manifold distance from a generative’

model as above, we relate it to the several different dedigain, however, priors o are not readily included. We
nitions in the I|t§\rature. The primary dls_tmctlon made iSnow in this paper that these approximations are not nec-
between “one-sided” and “two-sided” distances, but V&sary, and that the general fodfn, .) may be optimized
show here that n.e|ther.|s e_quwalent tp the true .mamf%q,eri and the transformation@;, a) directly.
dlstanpe. The discussion is cleare'r i the.ma.mfold dI?’he effect of priors: Suppose for the moment there are
tance is rewritten as a sum of negative log likelihobds no priors on the transformation, and thizis known. Then
d(x1,22) = min_ E(z; — T(F;a;))+ in the single-sided case, the distance is minimized by the
a1,82,e E(xs — T(i;a2))+ closest point tar on the orbit throught. Similarly the
- manifold distance is minimized by the points closest to
E(a) + E(az) + B(2). z1 andz, respectively on the orbit through, but there
Computation of the true manifold distance includes asa freedom (symmetry) to chooseas any point on the
optimization over the hidden variable as well as the orbit, since it is only the orbit that defines the distances.
transformation parametefa;, a,). In the case of image Introducing the priors on the transformation breaks this
matching,z is the underlying true image which is warpe@ymmetry—the point must now lie “between’t; andz;
and noise-corrupted to give the captured imagesnd in order to reduce the prior terni&(a; )+ E(az). Also the
z2. A number of alternative definitions in the literatur@stimated point: is no longer given by the closest point
have eliminated: in various ways. on the orbit.
Variations on manifold distance: In the first, illustrated Discussion:Many existing variants amount to supplying
in figure 3a, is chosen to be equal to one of the two dagdifferent forms for the priors and likelihoods, although to
points, sayz;. The manifold distance of the second poiriur knowledge, no work has included all simultaneously,
x5 is then or optimized ovetrt. Previous authors have added priors
to the one and two sided distances. The regularizing term
di(z1,22) = mainE(l'? —T(z1;a)) in Schwenket als constraint tangent distance[11] may
be seen as imposing a uniform prior using this term, and

This formulation—called “transfer” or “one-sided” ) e .

distance—is easv to compute. but has the disadvantKegserset als probabilistic tangent distance [6] shows
. y ompute, . fi8W a Gaussian prior can be included. Jojic et al [5] derive

that it caused(., .) to fail to be a metric, ad; (z1, z2) #

. _ : the form of the two-sided tangent distance (3) with priors
dy (z2,1). It also means that priors ahcannot be incor- . : .
o : on the transformation parameters, but do not include pri-
porated, ag is fixed to be one of the data points. - . ; o X
) - . S, 0rsonz. They do include priors o in a generative

Symmetry is addressed by defining the “two-sided” dis- . . . ;

. model learning framework, not in the distance function,
tance (figure 3b)

but even there only draw from a discrete set of cluster
dy(x1,79) = min E(T(x9;a2) — T(x1;a;1))  (3) centres and assume zero variance.

ap,az

1To avoid clutter, there is an overloading of notation hezé:) isnot - 2.1. Computing the point distance

the same negative log-likelihood function for each variable, but indicaz':lp . . . .
that the appropriate likelihood for the argument type is being compu prOX|mat|ngT(9.c; a) b)_/ a f|r3t'9rder Taylor éxpansion
as above. converts the manifold distance into the tangent distance.



Specifically, ifa is them-dimensional parameter vector, This is of the formmin, |Gz + g|? for which a closed-
then the transformation of pointunder transformation form solution is readily found. Naively implemented, this
is would be computationally very expensive, requiring the
T or pseudo-inversion of a matrix whose side length is of the
T(x;a) ~ z+ —(x;a)a; +---+ 8—(9:; a)a,, order of the number of pixels. However, the special struc-
¢ am ture of G means that the minimum can be computed with
no more complexity than the two-sided tangent distance.

where the columns of. are the derivatives of the trans- ) _
formation atz. If z itself is unknown L is often approxi- 2.2. Point to subspace distance
mated by computing tangents at a convenient nearby pinfinear subspace of images is defined by a mean image

(of which more in§3). m and a set of basis vectois An image in the space is

In the case of Gaussian priors, a solution to the Mifinearly parametrized by vectar yielding the set
mization ind(z1, x2) can be obtained directly. The equa-

= z+ La

tion to be minimized is S={m+Mu|ucld}
min The distance from a query point to the space is then
Z,a1,a2
21 — (2 4 Liay)|* + |22 — (2 + Laas)[” + d(z1,5) = mind(z1, y)
Y
—logp(z1|z,a1) —log p(z2|®,a2)

= min |m + Mu — z,||?
|D[ayag) " + d)? + |Sz + s|? "
—log p(a1)p(as) —log p(x) which is easily computed as minimization of a quadratic

) form. In real examplesy will be subject to an unknown
whereD andd encode the parameters of a single normghnsformation7'(y, a), and there will be priors om

distribution describing the prior probability of the transypqy. Adding these terms gives the one-sided point-to-
formation parameters, arffiands represent the prior ongypspace distance

the unwarped image. Specifically, if the prior on the

_1 .
transformation parametersAé(,, pa), thenD = £, 2 d(z1,5) = min |T(m + Mu; a) — 2, 1> + E(a) + E(u)
andd = —Dy. For clarity, the pixel values are assumed ’
to have been scaled so that their noise is drawn fronNate here that the prior on acts as a prior on the latent
unit-variance Gaussian per pixel, although spatially varynagey. Denoting this prior byp(y), the subspace dis-

ing noise is easily incorporated. tance becomes
Gathering the terms to be minimized into a single vec-
torx = [z,a1,a2] " gives the quadratic form d(x1,8) = min | T(y;a) — z1||*> + E(a) — log p(y)
y,a

which is an analogue of the one-sided manifold distance

i wherez; is drawn from the prior distribution over.

z,a1,a2

ORI

2.3. Distance between subspaces

Finally, the problem which faces this paper is to compute
the distance between two subspaces. Defining subspaces

I Li 0 —T1 S andT as
I 0 L2 T —T2
= min. S 0 0 ar | +| s S={m+Mu|ueclif}
Y 0 Di O az dy _
o 0 D s T={n+Nv|veV},



then probability density from which examples are drawn However, Newton optimization is but one of a panoply
is defined by priors over the parameter vectarandv. of available optimization techniques, and has been super-
These distributions in turn induce distributions of imagesded in recent decades by several more effective tech-
in the image space, denoteds) andp(t), say. In pre- niques, notably the trust-region strategies derived from
vious work, Shakhnarovicht al [12] define the distancethe original Levenberg-Marquardt algorithm [9]. In this
between these subspaces as the Kullback-Leibler diveork we leverage such strategies and directly minimize
gence between the image-space distributions, but do thet various cost functions with no more reference to
incorporate the transformation manifold. Incorporatintpe linearizations than is implied by efficiently comput-

this manifold is the subject of the next section. ing the derivatives. If the kerneb is quadratic, then
the quadratic optimization problems which previous au-
3. Joint manifold distance thors have solved explicitly (and which this paper solves

in §2.1) are constructed implicitly within the nonlin-
Finally, the problem which faces this paper is to congar minimizer, which employs well honed bookkeeping
pute the distance between two subspaces, representestragegies to ensure fast and accurate optimizationislf
above, where points in the subspaces may be subjech i@bust kernel, the linearizations are more complex than
an unknown image-space transformation parametrizedfgy the quadratic case, but this complexity is all encapsu-
parameter vectors. Defining subspace$ andT" as lated in the computation of the error Jacobian.

§={m+Mufuel} 4. Practice
T={n+Nv|veV},
The application of the above principles to a hard real-
the joint manifold distance is defined as the infimum @forld problem offers some useful insights into this class
manifold distance between points in the two subspaceof techniques. The implementation issues which we have
found to be most important are: the use of a high-quality
d(S,T) = TefgifleT d(z,y). nonlinear optimizer to estimate the distances, good choice

R of priors on transformation parameters, and careful pre-

Including priors on the transformation parametarand processing to mitigate the worst lighting effects. The ap-
b, and on the parameter vectarsandv, and expressing plication we consider is the automatic clustering of faces

in terms of negative log likelihoods yields in feature-length movies. By running a face detector over
the movie, we reduce the input to a set of several thousand
d(S,T) = faces. Temporal segmentation of the face sequences pro-
. 9 duces a few hundred sequences of 10 to 50 frames. Ag-
u,rf,lg}b |7 (m + Mu, a) — T(n + Nv; b)[*+ glomerative clustering using the subspace to subspace dis-

E(a) + BE(b) + E(u) + E(v) (4) tance reduces this to a small number of clusters, roughly
corresponding to the cast list. The following sections dis-

This distance could be computed as above by compéigss this application, dwelling on the areas of difficulty.
ing the Taylor expansion of'(,-), yielding the sub- Face detection and processingFaces were detected in-
space analogue of tangent distance. This superficialigpendently in every fifth frame of the input movie using
appears attractive, as it provides a closed-form solutiadocal implementation of the Schneiderman and Kanade
to the minimization. However, as other authors havketector [10]. The use of every fifth frame is purely
noted [3, 14, 16], the accuracy of the tangent distaniceorder to reduce the volume of data, detection in ev-
depends on the point about which the Taylor expansiery frame would be preferable. Faces were sequentially
is performed, and practical implementations require itanatched using the manifold distance ($€€l). A con-
ative refinement of the computation. Incorporating thgervative global threshold on the distances yields a seg-
iterative refinement is equivalent to a Newton minimizamentation into sequences of the same character. In the
tion of the original expression (4). test movie, 5582 faces were detected in 166510 frames,



of which 2710 were in the 200 longest sequences. The
transformation parameters recovered in the computation
of manifold distance are used to align the faces to the first
frame in the sequence.

In order to mitigate the effects of lighting variation,
the faces are high-pass filtered by subtracting a Gaussian
smoothed copydA = 5 pixels). (@)

Priors and covariances: Prior probabilities for the

transformation parameters were computed by manually
identifying eyes and mouth centre in 200 detected faces.
These were transformed to canonical points in the image
and the variation of the six parameter affine transform
modelled by a single Gaussian. This prior proved ade-
guate for experiments on a wide range of sequences.

Error metric—robustness: A significant advantage of

the explicit minimization is that noise distributions other

than Gaussian can be assumed for the imaging process. In
particular, a heavy-tailed distribution leading to a robust

error kernel can be incorporated without difficulty. Here

we use the Lorentziap(z) = log(1 + 3||z||?). This con- ()
fers significantly improved resistance to occlusion, most
commonly caused in movies by objects such as telephones
and hands in front of the face. The estimation is concdrgure 4: Projection onto a 5D subspace computed by auto-
trated on the centre of the image by assigning a per-pi?@t',c registration and prlnmpal componentg analysis. (a) Orlg-
variance which increases towards the edge of the imaﬁ%:a'mage' (b) Projection removes the smile from the actor's

. . . . . (c) Original image. (d) Projection corrects for viewpoint-
thereby tending to ignore the image periphery. related distortion. (e),(f) Another face, and its projection.

Subspace construction: Given a set of tracked images,

we wish to compute a subspace which spans these im-

ages, and allows some degree of extrapolation of the redefined threshold, or until a maximum number of it-
served deformations. In our implementation, the ima§&ations has been exceeded. This strategy means that the
sets have been aligned using the manifold distance trafidspace defined by each cluster becomes more expres-
form parameters, so principal components analysis v#lVe as new, less similar clusters are merged. It does,
suffice to encapsulate the variation. To permit extrapoigpwever, have the disadvantage that if clusters represent-
tion, we augment the set of images witrandy spatial ing two different people are merged, the combined clus-
derivatives of the images [14] to allow some addition®" then represents both. The thresholds are therefore set

small deformations. Examples of mapping faces onto tiignservatively, so that the data is “underclustered”, with
subspace are shown in figure 4. several clusters representing each character.

(b)

(c) (d)

()

Clustering: Clustering using the sequence-to-sequent€aming: All of the proposed distances take time of the
distance is best performed using an agglomerative st@atder of 100ms (5sec with finite-difference derivatives)
egy [4]. Sequence-to-sequence distances are compuitedompute in Matlab, so there is a clear advantage to
for all pairs of sequences, and the pairs for which tlsequence-to-sequence matching over multiple image-to-
distance is below a threshold are merged. Mergingimage matches. Given two average-length sequences, de-
achieved by concatenating the original sequences, andeemining the match score by image-to-image matching is
computing the PCA subspace for the merged set. Titoeighly 400 times more expensive than a single sequence-
process is repeated until the smallest distance exceedis-sequence match. For clustering, the speed improve-
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