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Abstract

Accurate characterization of data distribution is of
significant importance for vision problems. In many
situations, multivariate visual data often spread into a
nonlinear manifold in the high-dimensional space, which
makes traditional linear modeling techniques ineffective.
This paper proposes a generic nonlinear modeling scheme
based on parametric data representations. We build a
compact representation for the visual data using a set of
parameterized basis (wavelet) functions, where the
parameters are randomized to characterize the nonlinear
structure of the data distribution. Meanwhile, a new
progressive density approximation scheme is proposed to
obtain an accurate estimate of the probability density, which
imposes discrimination power on the model. Both synthetic
and real image data are used to demonstrate the strength of
our modeling scheme.

1. Introduction

We address the problem of learning parametric models
from multivariate data. In many pattern recognition and
vision applications, an interesting pattern is measured or
visualized through multivariate data such as time signals and
images. Its random occurrences are described as scattered
data points in the high-dimensional space. For accurate
representation and effective use of the decisive information,
it is important to explore the intrinsic low dimensionality of
the scattered data and to obtain an accurate statistical model
for the data distribution. The general procedure of
parametric modeling approximates the data distribution with
afamily of parameterized density models and then estimates
model parameters for the best fit to the data.

Among the commonly used techniques, principal
components analysis (PCA) [1,2] adopts a low-dimensional
linear representation and approximates the multivariate data
by alow rank Gaussian density model. Linear factor analysis
[3] approximates class distribution as a Gaussian distribution
with structured covariance matrix. These linear modeling
schemes are capable of representing the data distributions
with ellipsoidal shape, but they are unable to handle the
situations where data samples spread into a nonlinear
manifold that is no longer Gaussian. The nonlinear structure
of multivariate data distribution is not unusual even when the
internal decisive variables of the pattern have a unimodal
distribution. For example, images of an object under varying
poses form a nonlinear manifold in the high-dimensional
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space. The expression variation can lead to structural non-
linearity on the data distribution of single view face images.
Similar situation happens when we model the images of cars
with avariety of outside designs. One way to handle the non-
linearity is through multimodal approximation using a
mixture density model [4, 5]. Alternative methods have been
proposed to directly identify the nonlinear principal manifold
[6, 7, 22, 23]. However, no probabilistic model is associated
with these approaches.

This paper presents a new statistical modeling scheme
that not only characterizes the nonlinear structure of the data
distribution but also represents it with a probabilistic
distribution model. The modeling scheme is built by defining
a parametric function representation for multivariate data.
We datistically model the random function parameters to
obtain a density estimate of the data distribution. Compared
to other nonlinear modeling schemes, the probabilistic
distribution model obtained by our scheme provides a
likelihood measure therefore has the discrimination power
essential for pattern identification.

The paper is organized as follows. In section 2, we
introduce the parametric function representation for
multivariate data. In section 3 and 4, a new progressive
density approximation scheme is proposed to obtain the
probabilistic distribution function. Experimenta results on
both synthetic and real data are presented in section 5. We
finish with conclusions and discussions in sections 6.

2. Parametric function representation

In addition to the traditional vector representation y O R"

for n-dimensional multivariate data, we associate a smooth
function for every data sample. A length-n vector

y=[y,,---y,]" is associated with a smooth function
yt)OL?:R* - RY(tOR") interpolated from its discrete
componentsy(t,) =y, (i =1---,n). When the multivariate
data are images, functions defined on R?,
y(t)OL?:R* - RY(t =(t,,t,) OR?), are adopted for the
representation. The function association applies a smoothing
process to the discrete data components and is unique when

only smooth functions are involved. In practice, these
functions may be immediately available from data generating
process. As a result, in the function space L?, there is a
counterpart of the scattered multivariate data located in
vector space.



Compared with linear representation in PCA or Gaussian
mixtures model, the advantage of function association liesin
its ease to handle the non-linearity by parametric effects
embedded in the data. It has intensive use in functional data
analysis [8,9,19] for recovering principal curves in 1D
signals. In [6], spline functions are used to parameterize the
nonlinear principal manifold of an arbitrary data distribution.
In [10], the parametric representation also provides a high-
level semantic description of the pattern.

Visual data Function
space space
Data-generating Parameter
space space

Figure 1. Parametric function representation through
space mappings. Multivariate data y is represented in
function form y(t) parameterized by {W, &}.

Figure 1 illustrates the idea of parametric function
representation. Let {b,} be abase set for the function space
L?. The basis function b, (t) =b(t;8): R® - R (tOR") is
parameterized and indexed by parameter 6, where 8 can

take a continuous range of values. Examples of such base
sets include wavelets, splines and trigonometric functions.

Any function y(t) JL?can be closely approximated by a
sufficient number (N) of basis functions,
b(t; 6,)
Y(t) D[Wl""WN] : (1)
b(t; 8,)
The basis function b(t; 8) is generally nonlinear in . Once
the basis b is chosen, the function y(t) is completely
determined by the linear parameter set {w,,---,w,} and the
nonlinear set {4,,---,6,} . The vector notations W, , ©,,
and ©, for the linear, nonlinear and overall parameter sets,

are used in the following discussions, where N denotes the
number of basis functions involved.

Wl 91 ®N—1
W=l i | Oy=| i |5 Oy=| W 2
WN HN HN

To study data distribution, we assume xOR™, in a vector
form, to be the underlying quantities with minimum
dimension (intrinsic dimensionality) that govern the data-
generating process. Each observed data point reflects an
occurrence of x. Our goad is to statistically characterize x
using the observed data y. With parametric function

association, the data-generating process can be formulated as

amapping g, from the domain of x to the function space
L?, g, :R™ - L?, or equivalently, as a mapping g, from
the domain of x to the domain of parameter set denoted by
R?,9,:R™ - R,

g, () =Wy (), 0 (x)]" (©)
By defining the matrix

b(t,; )
B(©,)=[b(8,).-.b(6,)] where b(8)=| i | (4
b(t,; 6))
the multivariate data y isrelatedto x as
y :[yl,...,yn]T
= [b(8, ()., b8y ()] Wy (x) +n ®)
=B(©, (X)) W, (x) +n

where n is introduced to account for the noise in the
observed data as well as the representation error. By
choosing a proper type of basis functions, (5) defines a
compact representation for multivariate data, and modeling
the data distribution can be resolved through modeling the
parameter set © .

3. Statistical modeling through progressive
distribution approximation

Based on the parametric function representation (5), here
we discuss algorithms and criteria for modeling the data
distribution. In most situations with a single pattern involved,
the governing factor x is likely unimodal athough the
observed data y may disperse into a nonlinear manifold due

to parametric effects. Our discussion is primarily restricted to
such internally unimodal data clusters. Figure 2 shows a toy

example. The observed multivariate data y =[y,,--, y,]"

consists of n equally spaced samples from a random process
y(t;w,6),

y; =y(t;w,6), (t =ill)
y(t; w, 8) = wib(t; 6); @=(sty))
b(t;6) = (t~to)ep(-—_2) ®)

where w, sand t, are random variables with normal

distributions. The data-generating process is characterized by
these three intrinsic parameters. Figure 2(a) plots a few data
samples in the form of time signals. Figure 2(b) shows the
nonlinear structure of the data distribution by plotting the
data projections on their first two linear principa
components. The linear PCA and multimodal approximation
are either incapable of or inefficient in modeling such
distribution, even though the distribution of the interna
variables {w, s,t,} issimply Gaussian. Such phenomenon is
familiar to many situations where the visual datais generated
by a common pattern and bears similar features up to small
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Figure 2. Nonlinearly distributed manifold. (a) Curve
samples. (b) 2D visualization of the data distribution.

random deformation.

The framework of our modeling scheme is shown in
Figure 3. The basic idea is to characterize the nonlinear
structure of internally unimodal distributions by modeling
the parametric effects. Equation (6) defines a single wavelet
function denoted as the Derivative of Gaussian (DOG)
function. In practice, visual data is more complicated and
requires more basis functions to encode (1). These basis
functions are parameterized with randomized parameters to
accommodate random deformation. Wavelet functions are
primarily used in this work for compact encoding of visual
data As the basis functions are gradualy introduced, a
seguence of density estimates, which approach the true data
distribution, is also obtained.

3.1. Statistical modeling

From (3), both W, and ©, are determined by x
through the mapping g,. Assuming that x is well modeled
by normal distribution and the mapping g, is smooth, the

linearization of W, (x) and O, (x) isvalid around the mean
of X.
Wy (%) =Wy o + Ay X )
Oy (X) =0y + Ay X

In practice, if prior knowledge shows that the assumption
of normality or linearization does not hold well, we can
always replace the normal distribution with a more suitable
unimodal distribution form for x and include higher order
terms in (7). The following discussion remains the same.
However, to simplify the analysis, we keep normal
distribution as nominal distribution for x and assume that
linearization (7) is valid. Consequently, multivariate data y
is effectively modeled by a jointly Gaussian distribution of
W, and ©, through (5).

p(y) =WIOP(WN,ON) Cp(y Wy, ©)dW, dO, )
Based on this conclusion, the following discussion is devoted
to finding the particular distribution from the family defined
by (8) that best fits the observed data set.

Assume that n (5) is white Gaussian noise with zero mean

and variance o and {W, (x),©, ()} has joint mean u,

Density Estimate

No . Yes
Stopping rule? ——p Stop

Figure 3. Proposed modeling framework. Basis
functions are gradually added into the data
representation until the stopping criterion is satisfied.

Introduce new
basis function

and covariance matrix Z, ,
n~N(@oy 0,) 9)

Wy |
{e} N(ey, 2y ) (10)

N
Denote @, ={u,Z,,05}. Equations (8)-(10) define a
family of density functions parameterized by @ . Given M

independently  identical  distributed data samples
{yi,:,Yu}, the density estimate p(y), in the maximum

likelihood (ML) sense, is then defined by the ML estimate of
@, such that the likelihood
p(ylv"'vyM |CDN):|_|::I/| p(yilq)N) (11)
is maximized over the parameterized family (8),
py) = p(y |®y)

b, =argmax 1'% pOy, |®) 2
®0Qy
where Qy  denotes the domain of @, . Within the

framework of ML estimation, @ ={y, 2,02} defines
the hyper-parameter set.

To solve (12), we need to answer two questions. First,
how many basis functions should be used. We address this
issue by introducing a progressive density approximation
scheme. Second, given N, how to find basis functions with
randomized parameters and solve the ML estimation (12).
We answer this question in section 4.

3.2. Progressive density approximation

Involving more basis functions may increase the effective
dimension of the model (8)-(10), i.e. the dimensionality of
0, as well as the computational load. On the other hand,
the involvement of more basis functions extends the
parametric family of distributions (8) and therefore may
increase the accuracy of density estimation (12). Intuitively,
N should be large enough to assure the accuracy of density
estimation. Meanwhile, N should be bounded to avoid over-
fitting.



Before introducing the progressive density approximation
method, we first derive a measurement for the accuracy of
density estimation. Assume p,(y) is the true density

function for the observed data samples {y,,---,y,}, and
p(y) is the estimated density. The Kullback-Leibler
divergence D(p, || p) isan effective measure to evaluate the
similarity between the two density functions,
- P (¥)
D(p, I P) =] p. (y) dog 5) dy (13)
=E, [log p, ()] -E, [log p(y)]
D(p, | p) is nonnegative and equal to zero only when the
two densities coincide. Since the term E_ [log p,(y)] is
independent of the density estimate p(y), an equivalent
similarity measurement can be defined as
L(p) = E,, [log p(y)]
=-D(p, || P)+E, [log p, (¥)] (14)
<E, [log p,(y)]
L(p) increases as estimated density p gets closer to the true
density p, . It is upper bounded by E, [logp,(y)]. Since
p, is unknown, L(P), the expectation of log p(y), can be
estimated in practice by its sample mean.

() ==Xt 1og p(y.) (15)

Figure 4 illustrates the process of density estimate. By
introducing more basis functions, the density estimate
gradually approaches the true distribution. The agorithm is
summarized below. A similar idea of progressive density
approximation is also found in a recent work [11] where the
basic components directly modify the density function.

Progr essive Density Approximation
Step 1. Start with N =1.
Step 2: Find the ML density estimate p,, (12).

Step 3: Increase N by 1, and repeat Step 2 until the stopping
ruleis satisfied.

Fact: p, getscloser tothetruedensity p, as N increases.

The algorithm produces a sequence of density estimates
{f)01 f)lr"'r f)N r} )
Py)=p(y|®y)  and
&)N =argmaXmNDQN p(yl!”'yM |¢)N)
Since the domain Q,, of the parameter set @ is included
into ®,,,
Q, ={®:00Q,,,PW,, =0=300Q,, (17
and L(P) (15) is the exact target function for the ML
estimate (12),
monotonically,

(16)

the sequence {L(p,)} is increasing
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Figure 4. Progressive density approximation. A
sequence of density estimate p, progressively

approaches the true density function p; as more
basis functions are introduced.

< L(Pyey) < LBy ) < L(Pya) < (18)
This indicates that the sequence of density estimates { p,,}

progressively approaches the true density. To avoid over-
fitting, a practical stopping rule is to examine the increasing

of I:(ﬁ)N) and stop at the point where the increasing of
I:(ﬁN) saturates.

4. Hyper-parameter estimation

The progressive density approximation assures increasing
accuracy of the density estimates. For fixed N, we need to

solve (12) to get the ML estimate of @, . The expectation-

maximization (EM) algorithm is ideally suited to such a
problem because of the unknown variable set @ .

4.1. EM algorithm

In our problem, ®, is the unknown parameter set,
Y ={y,;.--*yu} isagroup of independently observed data,
and @, ={u,,Z,,02} ae the hyper-parameters to be
estimated. Here y,, %, and o} denote respectively the

mean and covariance of @, and the variance of n. The
density function for the observed data Y is

PIY1®,) =[] PO, 191),
p(y; |¢N)=I PY; Oy, @) PO |P)dO

where

(19)

EM algorithm
E-step: Compute the expectation of the likelihood

Q@ |{)
M
=2 Ellog p(y; |©y;,Py) +log @, [Py @§]

=3 {{log p(y, 181, @) +10g p(®,,, [, )]

p(O, |y 1q)(l\‘l())d®N,i
(20)
M -step: Maximize the expectation



P =argmax Q(®, [P (21)

00y
The conditional density p(@,; |y;,®’)of ©, given the
observed data v,
¥ from k-th iteration is
PO, |q)(l\'l<))Ep(yi |®N,i'q)(l\il<))

ply; [ PK) (22)
where p(y; |©y;,®y) = N(%Wi,jb(

and the estimated hyper-parameters

POy |Y; ,CD(,\"()) =
Hi,j)'a-lfl Dn)

N
(Y, 184, @1) = N w b4, a2n,)

POy, |®y) = N1y, Zy); POy, | P)) = N(u”,Z0)
o) ={4?. 20,07}
N(u,Z) denotes multivariate Gaussian density function with

mean 4 and covariance X . EM agorithm starts from an
initial guess of @ and proceeds iteratively. Each iteration

increases the likelihood function p(y,,---,yy |®) until a
global or Iocal maximum is reached
o0 @, 100) ST b,

4.2. Practical implementation

When the nonlinear basis function b(8) is involved in

the integrand in (20), the computation of function Q is not
always tractable. We propose a suboptimal solution to

estimate @, . Q(®,, |PY) is defined as the expectation of
a function of ®, (20), and we approximate the integration
by the function value at the point of the ML estimate of @ .

M ~ ~
Q@ |Py) 2. [log p(y, |OF), @) +log p(OF) |®)]

The approximation is accurate when the distribution of @

is well concentrated around its mean. Thus, the EM
algorithm reduces to the iterative ML estimation of ®, and

®,.

q,w) ®<0> q,(l) @a) —»‘iDN L0,
Each iteration increases the likelihood function
P Yu:Opngs Oy [@) until a global or local

maximum is reached.
Suboptimal solution

MLE of ©:
0V =argmax p(®,, |®Y) [p(y, |0, >L)
oy (23)
(| :]_’,M)
MLE of &,

M ~
(i =argmax 3 [log p(y, |81}, @) +log PO} |®,,)]

(24)
The ML estimate of @, (23) can be solved through
nonlinear optimization. When the density functions involved
in (24) are Gaussian, the update rulesfor @, are

(k+1) Z@(k)
F(k+) = 1 %[@w —ED O — kT (25)
N M = N,i N,i
2 (k+1) 1
oy ——ley. ZW.,,-b(Qi,,-)IIZ
Mn ni=1 j=1

As the number of basis functions N increases, the
random vector @ , islikely to belong to alower dimensional

space, i.e. its covariance matrix X, is singular and we can
no longer write out the density function p(®, |®,) used
in (19), (23)-(24). In such cases, we reduce the dimension of
®, through the linear transformation B=A" [®,

0, =AlB, where A is composed of the eigenvectors of
>, corresponding to the nonzero eigenvalues, and the
covariance matrix of B has full rank. The density

approximation and parameter estimation are actualy
performed on B .

4.3. Adding a new basisfunction

The estimate ®, ={,,%,,02} is used to initialize
CDN+l ={/'IN+1’ZN+1’0-I%I+1} " Awme tha {WN+1’€N+1} are

the parameters for the newly introduced basis function. One
choice is to initialy assume independence between
{Wys1,Ona} and O, and the initidization for @,
becomes

iy s 0 © A

O = ;2O =N 0%, =0 26

HNa LJNH,J N+1 |:O CD:I N+1 N (26)
where ¢ is an  arbitrary  positive  vaue.
Hniio = E[[Wy.1, 64,171 is the initial parameter mean of
the unknown (N +1)-th basis function. Initiaization of
.o essentidly requires searching for the new basis
function that best approximates the multivariate data.

Wy, M
Mo {é“ l} =aigmin X1, —wb(6) |

N+ [we]' =1 (27)

_i\xll]b(élj) (i=2---,M)
j=1

where W, ; and 67,1 aredementsof @ .



5. Experimental results

5.1. Modeling 1D curves

In this academic example, we want to learn the data
distribution from M =100 synthesized samples. A set of

M curves {f(t),--- f,, (t)} are obtained from a reference
curve f,(t) by random trandation d, scaling s and
amplification w, and by adding a white noise term n,
f.t)=w fy((t—d,)/s)+n. Figure 5(@ shows 10 curve
redizations. Every curve f(t) is sampled at
n =50 common locations {t,,---,t,} and generates alength-

n vector y, =[f (t,),--- f,(t,)]" as observed data. These

vector samples spread into a cluster of points in R"with
intrinsic dimension 3. For better visual effect, we plot the
distribution manifold by projecting it onto the plane spanned
by the first two linear principal components since 80% of the
data variance is concentrated in this subspace. The number
of data samples M may be small compared to the vector
length n, but is large compared to the intrinsic dimension.
However, the information of intrinsic dimension as well as
curve parameterization is unknown to our modeling scheme.

The progressive density approximation was applied to
modeling the data. The parameterized family of DOG
wavelets defined in (6) is adopted as basis functions. Each
time a new basis function is added on, the MLE agorithmiis
carried out to obtain the best density estimation p,, . This
process continues until no strong increasing is found in the
similarity measure [(fJN)(15). Figure 5(c)-(f) shows the
density estimate in each step as N increases from 1 to 4.
With 3 basis functions, the estimated density is already close
to the true distribution.

A similar example with only parameterized trandlation
involved is discussed in [6]. Compared to the work in [6]
which intends to find the one-dimensional principal
manifold, we obtain a density estimate of the data. By
performing PCA on the parameter set ©,, we actualy

perform nonlinear PCA(NLPCA) on the origina data. Thus,
one-dimensional PCA approximation of @, gives the one-

dimensional principal manifold of the data distribution.
Figure 5(g) compares the mean curves obtained by linear

PCA and NLPCA with the true signal mean, where the

nonlinear mean is produced by the mean of @, . While the

linear PCA produces a blurred mean curve, the nonlinear
mean curve better approximates the true mean, which is
generated by the true parameter mean. Figure 5(h) shows that

the increasing of the similarity measure I:(|5N) begins to
saturate after 3 basis functions are introduced. Figure 5(i)
illustrates one-dimensional linear and nonlinear PCA

approximation of the distribution. The nonlinear principal
manifold of dimension 2 is aso shown in Figure 5(j). N is
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Figure 5. Modeling curves. (a) Curve samples. (b) 2D
visualization of data distribution. (c)-(f) Progressive density
estimate (N=1,2,3,4). (g) Linear, nonlinear and true mean
curves. (h) Density similarity measurement (up to a constant
value). (i) Linear PCA and nonlinear principal manifold
approximation with dimension 1. (j) Nonlinear manifold

approximation with dimension 2. (N=4)
set to 4 in Figure 5(g), (i) and (j).

5.2. Modeling object pose

In this experiment, we are interested in modeling the
nonlinear manifold formed by the object appearances under
varying poses. Images used in this experiment are obtained
from the “Columbia Object Image Library”, where each
object was rotated through 360 degrees and 72 images were
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Figure 6. Modeling object pose. (a) Images used for learning. (b) Test object 2. (c) Test object
3. (b)-(c) top row: test images; bottom row: pose estimate results shown by training images.

taken per object, one at every 5 degrees of rotation. Figure
6(a) shows a few images of the object used for modeling.
Murase and Nayar have shown in their work [13] the
nonlinear shape of the data distribution. They represent the
manifold by interpolating data points in the low-dimensional
linear subspace.

In our experiment, we use 36 images for learning, one at
every 10 degrees of rotation. The remaining ones are |eft for
evaluating the model through pose estimation. Using the
prior knowledge that the internal variable x (pose) is better
modeled as uniformly distributed in the range from 0 to 360
degrees, the linearization in (7) would not hold well and
higher order terms of x are required. For this example, we
adopt the uniform distribution of x and the linearization in
(7) is replaced by a piecewise cubic polynomia function of
X. Thus the random variables {W,,©,} in (8) are
redefined as functions of uniformly distributed random
variable x . The polynomial coefficients are included in the
hyper-parameter set &, . Gabor wavelets [14],

parameterized by their locations, scales and orientations, are
employed as our basis functions. Figure 7(a) and (b)
visualize respectively, the true data distribution and the
distribution learnt through our modeling scheme, where we
project data points into the principal subspace of dimension
3 and produce the 3D plot.

Compared with the representation by Murase and Nayar,
our representation is associated by a density function. The
estimated density imposes discrimination power on the
model, which is demonstrated in the experiment of pose
estimation. Given an input image y, the pose estimate X
under this model is solved by the ML estimation instead of
the least Euclidean distance,

% = argmax p(x |y, ®)
x R R (28)
=argmax p(y | X, ®) [p(x | ®)

The model obtained from the objects shown in Figure 6(a)
was used for pose estimate on three sets of images. The first
test set (T1) consists of 72 images from the same object.
Figure 7(c) shows its results. The average error in the
estimated pose value is 1.34 degrees. The second test set
(T2) consists of 72 images of a different object. In Figure
6(b), the top row shows a few examples of T2 images and

400

500 -200 500 200 °
@ (b)

Estimated pose

0 100 200 300 400 0 100 200 300 400
True pose
(© (d)
Figure 7. Modeling object pose. (a)Data distribution.
(b) Estimated density. (c) Pose estimation result of T1.
(d) Likelihood comparison of pose estimation T1-T3



the bottom row shows the estimated poses using the
corresponding T1 images. The third test set (T3) is shown in
Figure 6(c). In Figure 7(d), we plot the likelihood associated
with the pose estimate. Our model clearly indicates that T2
object bears more resemblance to T1 object than T3 object
does. This result demonstrates the discrimination ability of
our model due to the density approximation. The likelihood
provided by the density estimate is a powerful tool for
pattern identification.

6. Discussions

This paper presented a general modeling scheme for the
statistical characterization of internally unimodal data. The
nonlinear structure of the data distribution is revealed by the
ML based procedure. Although the experiments included
here were only designed to demonstrate the effectiveness of
the scheme, the density estimate and the likelihood measure
provided by our model are powerful statistical tools for a
wider range of vison applications such as object
identification and tracking.

Our analysis addresses two important issues in statistical
modeling: efficiency and accuracy. Such idea is pursued in
the design of the progressive density approximation. The
algorithm finds, in a progressive fashion, the set of basis
functions that are the most efficient in term of modeling
accuracy. Through parametric function representation, we
characterize the intrinsic data information by jointly
modeling the linear and nonlinear parameter sets. If the
nonlinear parameters are deterministic, our scheme simply
becomes a linear approach that models the linear coefficients
with a fixed set of basis. However, by including the
nonlinear parameters into the model, higher order statistics
are automatically included. Hence, we can use simple
distributions for the parameters, such as the unimodal
Gaussian, to describe more complex distributions of the data.

The type of basis and parameters used in the
representation is determined by the nature of the data. The
wavelet basis is chosen in this work due to its ability of
locally decorrelating image data. Nevertheless, the choice of
basis and parameter type for a specific application is by itself
aresearch issue.
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