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Abstract. Typical cue integration techniques work by combining esti-
mates produced by computations associated with each visual cue. Most
of these computations are iterative, leading to partial results that are
available upon each iteration, culminating in complete results when the
algorithm finally terminates. Combining partial results upon each iter-
ation would be the preferred strategy for cue integration, as early cue
integration strategies are inherently more stable and more efficient. Sur-
prisingly, existing cue integration techniques cannot correctly use partial
results, but must wait for all of the cue computations to finish. This is
because the intrinsic error in partial results, which arises entirely from
the fact that the algorithm has not yet terminated, is not represented.
While cue integration methods do exist which attempt to use partial re-
sults (such as one based on an iterated extended Kalman Filter), they
make critical errors.
I address this limitation with the development of a probabilistic model
of errors in estimates from partial results, which represents the error
that remains in iterative algorithms prior to their completion. This en-
ables existing cue integration frameworks to draw upon partial results
correctly. Results are presented on using such a model for tracking faces
using feature alignment, contours, and optical flow. They indicate that
this framework improves accuracy, efficiency, and robustness over one
that uses complete results.
The eventual goal of this line of research is the creation of a decision-
theoretic meta-reasoning framework for cue integration—a vital
mechanism for any system with real-time deadlines and variable
computational demands. This framework will provide a means to decide
how to best spend computational resources on each cue, based on how
much it reduces the uncertainty of the combined result.
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1 Introduction

Robust vision systems cannot rely solely on one particular visual cue. With
each cue comes limits on accuracy, limits on applicability, and variations in how
much computation is required. Each individual cue reveals a separate aspect of
the scene, but alone it will never suffice.
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Vision systems will be successful only if they exploit the many sources of
information in the image—it is crucial that we integrate the results from the
various visual cues. This is, of course, well known. The human vision commu-
nity has studied the problem of cue integration extensively [1,2,3], aiming to
determine the strategy observers use to combine cues. These experiments sug-
gest a mixture of statistical combination [1] and cue selection which can depend
on viewing conditions [3] or context [2]. The sophistication of cue integration
strategies in human observers casts doubt on whether computational vision sys-
tems can function without them. And in fact, research in computational vision
has confirmed that combining multiple cues results in a more accurate and less
ambiguous result, and a more robust system; typically the limits of only a few
of the cues are taxed at any particular moment [4,5,6,7,8].

Such robustness is the only alternative to controlling the visual environment,
and is almost certainly required for the development of a wide range of visual
applications, including perceptual user interfaces and multi-modal interactive
systems. These applications also bring real-time performance requirements. For
there to be time to process and integrate multiple cues, we will need a princi-
pled approach that accounts for the information that each cue provides, while
considering how much time is required to extract the information.

This paper launches a new approach to cue integration inspired by AI re-
search on meta-reasoning, the problem of applying computational resources dy-
namically towards solving the problems in a developing time-critical situation.
A complete real-time vision system using multiple cues would be able to use
meta-reasoning to:

– schedule cue computations using decision-theoretic estimates of the value of
their results;

– allow computations to be interrupted at any point yielding useful partial
results for each cue;

– optimally combine all partial results computed in the time available, based
on their uncertainty.

Such a strategy would yield the best possible estimate given the time restrictions.
This paper focuses on the last of these items: the problem of using partial

results. Partial results inherently contain errors because their associated compu-
tation is not yet complete. Current cue integration strategies cannot use partial
results because this error is not represented. This means that each cue com-
putation must be allowed to finish, making it particularly difficult to build a
real-time system that uses multiple sources of information, unless the associated
computations are so simple that they always finish in a small and predictable
interval. Furthermore, the advantage of using all of the information as early as
possible is lost, making optimization problems more difficult and more likely to
converge to the wrong answer. Finally, without the ability to terminate a cue
computation in progress, computational resources must be wasted on cues that
will not contribute to a robust estimate.

In this paper I develop a probabilistic model of partial results that can be used
in existing cue integration frameworks. I evaluate this model using a model-based
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face tracking system that uses three cues: features, contours and optical flow.
This model leads to improved accuracy, efficiency and robustness.

The organization of this paper is as follows. Section 2 summarizes research on
meta-reasoning and cue integration. This is followed by an informal discussion
in Section 3 on the problems of using partial results in existing cue integration
frameworks. This leads to the proposed solution, which is formalized and imple-
mented in Section 4 and Section 5. Experiments using this model are presented
in Section 6, followed by discussion of possible future investigations.

2 Background

2.1 Meta-reasoning

It is well understood that the design of real-time systems requires tradeoffs to be
made between computation time and the quality of results. Research in meta-
reasoning, in which systems take into account the resources required for their
own computations in making decisions in order to judge the value of further
deliberation, provides a formal approach to optimizing such tradeoffs in the face
of real-time deadlines. Currently, this work is used in applications such as robot
navigation under uncertainty [9] and rendering [10].

Anytime algorithms [11] form the basis of a widespread and successful ap-
proach to making real-time tradeoffs. Anytime algorithms produce improved
results with more computation time, but provide some results regardless of how
much of the computation has completed. This way, an appropriate amount of
resources can be directed towards each computation, making the best possible
partial computations available for use. For example, the real-time rendering ap-
plication in [10] produced better renderings of an object given more time by
simply rendering its constituent pieces one by one.

The performance of these algorithms is defined by a scalar measure of the util-
ity of their output (or perhaps using a more abstract notion of “quality”). Such a
measure is required for scheduling and making judgments on the validity of deci-
sions made using these computations. With each algorithm comes a performance
profile [11] as shown in Figure 1. A standard algorithm, whose profile is shown
in Figure 1(a), produces useful results only after the completion of its entire
computation—nothing is produced if such a computation is interrupted (before
its completion, the quality is zero; afterwards, it is one). Figure 1(b) shows a pro-
file for an idealized anytime algorithm, which shows quality smoothly increasing
with computation time. In practice, improvements occur in jumps, such as after
each iteration of a non-linear optimization, resulting in stepped profiles like (c).
For example, the renderer in [10] assigned utilities to computations with a model
of the perceptual quality gain for rendering individual scene components.

Computer vision algorithms that are iterative are already anytime algorithms.
I take a model-based approach to vision and draw on many existing model-based
algorithms as anytime algorithms. The reason is that each step in an optimization
improves the result by aligning the model with the data. The computation can be
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interrupted after each step if necessary. The model of partial results introduced
in this paper serves as the performance profile for cue computations.
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Fig. 1. Performance profiles indicate the quality of results as a function of computation
time. A standard algorithm (a) provides results only after completion while (b) an
idealized anytime algorithm provides results which continuously improve, although in
practice (c) improvements come incrementally (after [12]).

Given expected utilities for each partial result, algorithms known as deliber-
ation schedulers have been developed which optimally schedule the use of com-
putational resources to maximize the expected utility of the result [13,12]. The
scheduler used in [10] greedily rendered those scene components with the highest
utility gain associated with them, that could be completed in the allotted time.
When applied to cue integration, a deliberation scheduler must choose between
the cues, to decide which will receive further computation.

2.2 Cue Integration

Vision systems must rely on a variety of visual cues to behave robustly, because
individual cues do not supply accurate or reliable information in all situations.
With the use of multiple visual cues comes the need of a method to integrate the
results that come from each source. Such a method should improve the accuracy
of estimates as well as reduce their uncertainties when compared to a method
that uses only a single cue. In this section, I will briefly overview methods for cue
integration. This work will build on these techniques, adapting them to allow
for the use of partial computations.

Work on cue integration used for computer vision typically focuses on two
interrelated problems. The first is the problem of integrating consistent yet noisy
cues; the second is the selection of usable cues in those situations when they are
corrupted or inconsistent. I take a probabilistic approach to these problems [14].
In the case of two cues, we have two sources of information y1 and y2 that result
in two estimates x̂1 and x̂2 of an underlying state of the world x (parameters
for a face, say). A reasonable assumption is that these sources are conditionally
independent given x (this is, of course, a much weaker assumption than actually
assuming the sources are independent). This corresponds to the Bayes net in
Figure 2(a).

This graphical model specifies the problem of cue integration in terms of
three parameters. p(x) is the prior probability of different states of the world,
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Fig. 2. The state of the world x (a) determines the data sources y1 and y2 as described
by this Bayes network, and (b) can be estimated as x̂ by statistically combining the
estimates x̂1 and x̂2.

and p(y1 |x) and p(y2 |x) are the likelihoods of observing the cues as a function
of the state of the world. By Bayes’ theorem, the integration corresponds to
multiplying the conditional probability distributions of each estimate:

p(x | y1,y2) ∝ p(y1 | x)p(y2 | x)p(x) (1)

The combined estimate x̂ is the maximum a posteriori estimate of x obtained
from this distribution. Examples of frameworks for cue integration that are de-
fined this way include Kalman filters [5,6] and physically-based frameworks [15,
16]. These probabilistic approaches are demonstrated pictorially in Figure 2(b),
showing how the combined estimate x̂ weights together the individual results
based on their reliabilities, and produces an estimate which has less uncertainty
(depicted as an ellipsoid with its mean at its center) than using either source
separately.

If given an accurate representation of the probability distributions of each
estimate, this allows for failures in sensors and algorithms. Unfortunately, get-
ting such a representation is typically infeasible, thus motivating us to address
the second problem mentioned above—that of cue selection. Some approaches
explicitly describe interactions between visual modules by modeling the flow and
priority of information between a variety of modules to specify how various cues
are combined [4,17,18]. Other methods use robust statistics [19,7] or voting ap-
proaches [8], which take advantage of consistency among those cues which have
not failed in selecting between cues or alternative interpretations.

No aspect of current approaches for cue integration is geared towards time-
critical implementations, which require all cue computations to be completed in
real-time. As a result, today’s real-time vision systems that use multiple cues
must rely on simple properties of an image—allowing all computations to be
completed in real-time. This is widespread in real-time systems for monitor-
ing the activities of people. In these applications these cues only include image
edges or “blob” parameters computed from color histograms, temporal image
differences, or background subtractions [20,21,22,23,24].
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3 Using Partial Results

This section describes my approach for extending cue integration methods. Ex-
isting methods cannot handle partial computations because they do not account
for errors in partial results. This section explains why this causes difficulties and
proposes a solution. For illustrative purposes, let’s examine a simple example of
fusing two cues as in Figure 2(b). To keep this discussion simple, assume that
the uncertainty of the estimates that follow are well approximated as Gaussian
(they will be depicted by an ellipsoid).

Suppose that using the first cue by itself produces an estimate of x̂1. It
involves a simple one-step computation, but results in a rather noisy estimate
(a large uncertainty ellipsoid). The second cue produces an estimate of x̂2. It
involves an iterative solution of a non-linear equation, but is much less corrupted
by noise, and has a much smaller uncertainty ellipsoid. A depiction of the result of
these computations is given in Figure 2(b), along with their uncertainties. Keep
in mind that there is a large discrepancy between the amount of computation
time required for determining each result.
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Fig. 3. With x̂1 resulting from a one-step computation, and x̂i
2 from an iterative al-

gorithm (at step i), they can be combined at the very end in (a) late cue integration
to produce x̂, or upon each iteration in (b) early cue integration to produce x̂i (which
converges to x̂)

A late integration scheme [25] first computes the values of x̂1 and x̂2 (and
their uncertainties), and then combines them statistically. (It is called late be-
cause the combination occurs late in the process.) In this case, x̂2 is deter-
mined iteratively (in n iterations), producing the sequence

{
x̂i

2 | i ∈ 0 . . . n
}

where x̂2 := x̂n
2 . This results in the fused estimate x̂, shown in Figure 3(a),

which is obtained by weighting x̂1 and x̂2 together based on their uncertainties.
An early integration scheme [25], such as an iterated extended Kalman filter,
instead performs an integration upon each iteration. Figure 3(b) shows an ex-
ample of such a computation. It combines x̂1 with the current iterated estimate
of x̂2, until the combined estimate converges. In other words, x̂1 is combined
with x̂i

2 to produce x̂i. Generally, the iterates for x̂2 will differ from those in the
late integration scheme since x̂i is used as the next guess for x̂2. This can often
lead to faster convergence and stability, as richer information is used to form the
next x̂i

2. Additionally, depending on how sensitive the optimization problem is
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to initial guesses, the converged value of x̂ may actually differ from that using
late integration.

Typically, early integration is preferred, as more sources of information should
help the optimization problem converge faster and perhaps more reliably (avoid-
ing local minima), especially if certain computations (such as the one for x̂1),
require only a single iteration. However, there is a problem with the early in-
tegration computation in Figure 3(b), which becomes quite serious for when
there is a large discrepancy between the rates of convergence for each cue. This
is demonstrated by simply looking at the first iteration—which is equivalent
to the situation that arises when there is only time for a single iteration to
be computed—a partial computation. (This same situation arises had we inter-
rupted the late integration computation of x̂2).
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x̂1
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x1
^
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(b)

Fig. 4. (a) A serious problem with early cue integration is that the uncertainties do
not represent that x̂1

2 has not converged yet, producing an incorrect combined estimate
of x̂1. (b) A solution to this problem will appropriately inflate the uncertainty for x̂1

2

before its combination.

Figure 4(a) shows what happens after a single iteration of the integration
problems from above: x̂1 is combined with x̂1

2 to produce x̂1. The uncertainty
information for x̂1

2 is being used inappropriately: the ellipsoid applies only to the
truly converged value of x̂2. (Actually, the parameters of the ellipsoid depend
on x̂1

2 and are also converging to their final values, but in a way that is only
related to the non-linearity of the system, and not its convergence rate.) What
is the consequence of using this uncertainty information this way? With luck, the
result of this error could only be wasted computation, as it may still converge to
the desired value (as it did in Figure 3(b)). In practice, however, such an error
can lead to convergence to the wrong answer (a local minima), if early iterations
are too distant from the actual answer.

A solution to this problem would be to inflate the uncertainty region for x̂1
2

to account for the remaining error in the partial computation. This is shown in
Figure 4(b). Such a solution would have two benefits. First, x̂1

2 is now correctly
influenced by x̂1 (which is a complete computation). This can lead to faster
convergence, as the value used in the next iteration will probably be closer to
the convergence point. And second, x̂1 has meaningful and useful uncertainty
information associated with it, should there not be additional time for this com-
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putation to continue. The next section formalizes this solution for the general
case.

4 Probabilistic Models of Partial Results

Figure 4(b) illustrates a method for integrating partial results. This idea is for-
malized here by introducing a model of partial results. To start, we examine a
method that uses completed computations, before moving on to partial results.

The estimate x̂c (of the state of the world x) results from using visual cue
c. Probabilistic approaches to estimation use models for noise introduced in the
sensing process to describe the uncertainty in the estimate x̂c [26]. Maximum a
posteriori estimation yields the state that maximizes the posterior p(x |yc) given
the noisy source of information yc:

x̂c = argmax p(x | yc) (2)

We can think of yc as resulting from a series of n computational steps (iterations
of an optimization algorithm), Yn

c :=
{
yi

c | i ∈ 0 . . . n
}
, where y0

c is the prior
estimate (an initial guess), and the rest are based upon underlying data (perhaps
an image). After n iterations, the computation is deemed complete (it converged
to within a certain tolerance) so that yc := yn

c . The partial result yi
c gives a

probability distribution that results after i iterations of computation on cue c.
For example, yi

c would be described by the mean and covariance of a Gaussian
distribution after i iterations of an iterated extended Kalman filter.

There are many sources of error that can exist in such estimates, including
noise in the sensing process, sensor failures, violated assumptions about the world
(assuming, for instance, that a light source is Lambertian in a shape from shading
calculation), and computations resulting in inappropriate local minima (such as
not finding the best alignment that maps model features to image features).
These errors are modeled using the probability distribution p(x | yc), although
robust statistical procedures [27,7] may be required for detection or exclusion of
estimates that suffer from serious disruptions.
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ec

2
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0
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2

p(y | Y  )c c
2

dc
2dc

1
yc

0 yc
1
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Fig. 5. (a) A model of errors in the partial results for cue c uses ei
c to represent the

deviation in the partial result yi
c that will be eliminated by finishing the computation

(which converges to yc). (b) This model is a probability distribution on convergence
location that is a function of the partial results seen so far (Yi

c).
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There is another source of error that is of interest here—errors in partial
results (such as the deviation produced when an optimization is interrupted,
that would have properly converged had enough time been available). While
this source of error is not stochastic (since the actual deviation can be computed
deterministically by finishing the computation), it is convenient to model it as
follows:

yc = yi
c + ei

c (3)

where the deviation from the convergence point that remains after i iterations is
given by a random variable ei

c, as shown in Figure 5(a). The motivation for this
assumption is the same as with the use of motion models in tracking [28]: while
the motions of an observed object might be deterministic, they are modeled as
stochastic, as a more detailed model requires unobservable information.

Another reasonable assumption is that this probability distribution is condi-
tionally dependent on all of the computed iteration steps so far (after i iterations,
that would be y0

c through yi
c). An example of such a distribution is shown in

Figure 5(b). While a Markovian assumption is also reasonable here, giving only
conditional dependence on the most recent iteration (optimization procedures
use only the latest iteration), the use of ei

c in modeling the remaining devia-
tion is only an approximation, and having the entire history provides helpful
information to predict convergence. The probabilistic model of partial results at
iteration i is written as:

p(yc |Yi
c) i ∈ 0 . . . n (4)

which can be interpreted as the probability of converging to some configuration
yc having seen i iterations of computation. This model is used for estimation
with partial results:

x̂i
c = argmax p(x |Yi

c) (5)

This is in contrast to (2), which required complete results. We can express
p(x | Yi

c) in terms of the model of partial results (4) and the original poste-
rior p(x | yc):

p(x |Yi
c) =

∫
p(x,yc |Yi

c) dyc =
∫

p(yc |Yi
c)p(x | yc,Yi

c) dyc

=
∫

p(yc |Yi
c)p(x | yc) dyc

(6)

In the final manipulation, we reasonably assume that all dependence information
in p(x | yc,Yi

c) on partial results is included in its dependence on yc. At this
point, we can apply Bayes’ theorem:

p(x |Yi
c) ∝

∫
p(yc |Yi

c)p(yc | x)p(x) dyc (7)
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to separate the model of noise and failures in sensing and computation p(yc |x),
from the priors p(x).

Models are constructed by estimating their distributions by analyzing the
data from typical runs (this data is gathered off-line so the computations are
given time to fully converge). Similar learning approaches have been successfully
used in meta-reasoning research [12], although in much lower dimensions (for a
scalar measure of quality). We narrow our choice of models by taking into account
one behavior this model must have. As the computation of a cue converges, the
entropy (or average uncertainty) of the model should be decreasing, so that a
completed computation is unaffected by the model. This rules out stochastic
differential equations [28,29] that are often used as motion predictors, as they
have constant covariance. The models developed in this section enable existing
iterative vision algorithms to be used in the implemented system. The next
description describes this implemented system, as well as its’ specific model for
partial computations.

5 Implementation

The domain of tracking a human face is used as a testbed for our system. This
is constructed in part from a previously developed face tracking system [30], the
relevant details of which follow.

5.1 Face Model

A three-dimensional face model is used to describe the shape, motion and appear-
ance of faces in images. The model is formed by applying deformation functions
to an underlying shape (a polygon mesh representing an average face). Within
our face model, shape parameters describe an individual’s appearance (there are
about 80 shape parameters), while the motion parameters encode the location
of their head, as well as their facial displays and expressions (there are 12 mo-
tion parameters). Figure 6 shows examples of the face model undergoing various
shape deformations (showing four different individuals), motion deformations
(showing brow raising and frowning, smiling, and mouth opening) and finally
two examples of when several deformations are applied at once. Further detail
about this model can be found in [30]. The next section describes the particular
cue computations used by this system, to estimate shape and motion.

5.2 Cue Computations

Model-based optical flow. This computation is an iterative algorithm which
solves a non-linear least-squares problem to determine the motion estimate of the
face in terms of the motion parameters of the model. The specific optimization
performed is a model-based version of the optical flow constraint equation [31],
solved using the Gauss-Newton method. In other words, the resulting flow field
is parameterized by the motion parameters of the face model (which include
rigid head motion as well as expressions and facial displays).



Towards Real-Time Cue Integration by Using Partial Results 337
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Fig. 6. Example parameterized deformations of the face model (with separate param-
eters for shape and motion)

Contour alignment. The parameters of the model are adjusted to improve
the alignment between the predicted locations of contours and matched edges in
the image [32,33,34]. This non-linear problem is solved using the Gauss-Newton
method, and forms an estimate of the shape and motion parameters of the model.

Feature alignment. The face has a number of features which are reliably ex-
tracted, such as the corners or boundary curves of the lips, eyebrows and eyes.
The computation used to determine the alignment between the predicted lo-
cations of features and their corresponding image locations is the same as that
used for contours. This optimization problem is easier, as the features don’t slide
around the model (like contours do) when parameters are adjusted.

Each of the above computations results in an estimate of the model param-
eters represented by a Gaussian distribution. An ordinary approach to cue inte-
gration would simply use a Kalman filter to combine these estimates (perhaps
upon each iteration). [30] investigated the use of constraints for cue integration,
which provided a simple means to enslave one cue to another. This approach only
made sense with two cues; the dominant cue was flow, which provided a con-
straint on the solution of contours and features (which were combined together
into a single computation).

5.3 Implemented Model of Partial Results

Here I describe a specific instance of a model of partial results, built with these
particular visual cues and associated computations in mind. The most concise
model was chosen that is still sufficiently accurate for the application.

On the computation of these particular cues, the Gauss-Newton method is
quite well-behaved. Specifically, the amount of change produced at the most
recent iteration is a good indicator of the amount of convergence. As a first step
in modeling, we put aside the model’s explicit dependence on the current state,
and instead use differences between iterations, as shown in Figure 5(b):

di
c = yi

c − yi−1
c i ∈ 1 . . . n (8)
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Analysis of the example runs suggests that the amount of change at each
iteration (

∥∥di
c

∥∥) is good evidence for the amount of error that remains (
∥∥ei

c

∥∥),
although the direction of di

c does not seem to indicate the direction of conver-
gence. Given this, and the property of decreasing uncertainty mentioned above,
I have chosen the model p(yc | ∥∥di

c

∥∥) described by (3) and:

ei
c =

∥∥di
c

∥∥Acv (9)

where v is standard zero-mean Gaussian noise (the same dimension as yc) scaled
appropriately by the square matrix Ac. This model says that the error in a
partial result has length roughly proportional to the iteration step size. The
matrix Ac specifies the scaling of each component of ei

c relative to
∥∥di

c

∥∥, and
is the maximum likelihood estimate using data gathered from example runs (in
particular, each datum consists of [di

c, e
i
c]). These example runs are entirely

distinct from those used for evaluation (in the next section). There is a separate
model (Ac) for each of the three cue algorithms mentioned above.

More complex models are possible (such as one which uses steps from ad-
ditional iterations, or which uses di

c and not only its length), but require more
data at the expense of the model having higher variance. More complex models
did not show any significant improvement. Of course, with different optimization
techniques or cues, alternative choices could have been made.

Using the model of partial results given by (9) within an iterated extended
Kalman filter framework is quite straightforward. Since ei

c is also Gaussian, the
integral in (6) is easily solved in closed form [28]. This is used to inflate the
estimated covariances upon each iteration.

6 Experiments

The use of the model of partial results was tested on the tracking sequence in
Figure 8. To enable validation, markers were placed on the subject’s face. The
configuration of these markers, shown in Figure 7(a), was also determined with
respect to the 3D face model, shown in (b). The computations on this sequence
did not use pixels nearby these markers; this way, the presence of the markers
had no effect on the estimates. The performance of the system on different image
sequences was comparable.

Figure 9 shows the quantitative performance of seven different frameworks.
This graph shows the average error in displacement (in pixels) between the actual
marker locations in the image and that which the 3D face model predicted (as the
marker locations on the 3D model were given). When cues were used in isolation,
the systems lost track: the flow approach accumulated error until tracking failure
as it only used velocity information, while features or contours alone were not
robust enough to maintain track for this long sequence. Performance was better,
although still failed when the two cues were combined using late integration.
Without a model of partial results, early integration was also ineffective.

When the cues were combined early using constraints, the system tracked
successfully, although lost accuracy when the flow estimate took longer to con-
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(a) (b)

Fig. 7. Corresponding locations of markers on the subject (a) are determined on the
3D model (b)

verge when the subject moved rapidly (around frame 300). In our new system
using a model of partial results the inaccuracies were eliminated—it main-
tained good track throughout the sequence.

Examination of the results indicate the model is indeed inflating the uncer-
tainty of the estimates appropriately. Using the tracking sequence from Figure 8,
the converged distributions (from the last iteration) are compared to those af-
ter the first iteration—with and without the model of partial results. This is
demonstrated in Figure 10 using the cross-entropy Hcross between two distribu-
tions p(x) and q(x) [35], which can be used to measure “containment” of q in
p (so that the most likely values in q are also reasonably likely in p). q is con-
tained in p increasingly as Hcross(p, q) becomes larger relative to Hcross(q, p), as
indicated by the “better containment” arrow in Figure 10(b). The quality of the
“centering” of q within p is indicated by the “better alignment” arrow on this
same plot; both cross-entropies decrease as centering improves. Looking to the
data, the plot in Figure 10(a) indicates that without the model, the points are
distributed along the diagonal, indicating that these distributions are in conflict
(there is little containment in either direction). However, using the model to
inflate the uncertainty after the first iteration enhances the containment, as seen
in Figure 10(b). Even those points which are poorly aligned (which are distant
from the origin) still exhibit this consistency.

The partial result framework is just as fast as the constraint framework (both
took around 1 second per frame), and was significantly faster than early or
late integration (which took over 4 seconds per frame). (Timing information
was measured on a high end Sun Ultra 10.) This suggests that the appropriate
weighting of computations reduces the number of iterations required. Unlike the
previous constraint approach [30], the partial result framework additionally:

– yields consistently accurate results;
– can combine more than two cues (it is unclear if this can be done in [30]);
– enables real-time performance through the allocation of computational re-

sources in a way that produces the best results in the allotted time, and in
a way that allows for early termination of computations.
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Frame 1 Frame 30 Frame 130 Frame 180 Frame 210 Frame 320

Frame 350 Frame 390 Frame 540 Frame 600 Frame 710 Frame 760

Fig. 8. Results from the face tracking validation experiment.

Fig. 9. Tracking performance of various frameworks (cues in isolation, and also inte-
grated using different methods).

Fig. 10. Model evaluation: cross-entropy scatter plots enable comparison of the con-
verged probability distributions with those after the first iteration. The distributions
from an ordinary early integration approach (a) are often in conflict, while the use of
a model of partial results (b) establishes consistency.

7 Conclusions and Further Investigations

This paper represents a significant step towards a real-time vision framework
using multiple cues. A model of partial results enables early integration and
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provides meaningful estimates even when interrupted. Using this idea in real-
time implementations requires careful management of resources to get the most
out of using each cue: meta-reasoning.

The next step is to develop a deliberation scheduler suitable for cue inte-
gration. To optimize the scheduling, meta-reasoning approaches use expected
utilities [13] from each computation being considered to make the best use of
resources. In other words, the scheduler attempts to predict which computa-
tion would provide the greatest benefit. In most meta-reasoning research [13,12],
utilities of inputs are simply combined additively to determine the utility of the
output. This design falls short for cue integration and requires alterations, as
the contribution to the utility from one cue depends on the posteriors of all the
other cues.
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