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Abstract mon “attributes,” such as shape, color, scale and location.

(In related work, these attributes are actual “parts” of ob-
Coarse-to-fine classification is an efficient way of orga- jects and recent work on spatial arrangements of P2y},

nizing object recognition in order to accommodate a large shared parts and featurd$[21], and compositional vision
number of possible hypotheses and to systematically exploif12] is also motivated by exploiting shared attributes for ef-
shared attributes and the hierarchical nature of the visual ficient learning and representation.) In work on coarse-to-
world. The basic structure is a nested representation of fine classification, the attributes are employed to recursively
the space of hypotheses and a corresponding hierarchy ofpartition the set of hypotheses into ever finer and more ho-
(binary) classifiers. In existing work, the representation is mogeneous subsets or “cells”. The final hierarchy is then a
manually crafted. Here we introduce a design principle for sequence of nested partitions.
recurSiVEly Iearning the representation and the classifiers The construction is hardiy unique; there are a great many
together. This also unifies previous work on cascades andways to recursively decompose a set of hypotheses. In prior
tree-structured search. The criterion for deciding when a work (e.g., B]), the hierarchy was manually designed, se-
group of hypotheses should be “retested” (a cascade) ver- jecting one attribute at a time as the basis for splitting. No-
sus partitioned into smaller groups (“divide-and-conquer”) tably absent is a principled construction. Moreover, it is
is motivated by recent theoretical work on optimal search not clear that building the representation should be sepa-
strategies. The key concept is the cost-to-power ratio of rated from learning the classifiers and measuring their per-
a classifier. The learned hierarChy consists of both linear formance' or, for that matter, from anticipating the order
cascades and branching segments and outperforms manuah which they will be applied to the image data. Further-
ones in experiments on face detection. more, an ad hoc construction may no longer be feasible in
extending this approach to accommodate many more object
categories, presentations and complex descriptions.

Automatically designing a hierarchy evokes a fundamen-

Promising results have been obtained in recent work us-tal question: given several hypotheses, should they be ex-
ing hierarchical search and template-matchi®@[/10, 22] plored simultaneously or separately? More specifically,
and attentional cascade§, [7, 23 to detect instances of ~diven a setA of active classes or hypotheses, and several
generic object classes in greyscale images. By examiningvays to breakA down into subsets (including keeping
many hypotheses (e_g., obiect Categories and poses) at th@tact), what is the most efficient way to test if one of the hy'
same time, and by exploiting the simple observation that thePotheses i is true? Of course this depends on somehow
background is statistically dominant (i.e., the most likely equalizing for cost and accuracy among the alternatives.
explanation in any given region), computation is focused on  The design principle we adopt is motivated by recent the-
ambiguous areas of the image, yielding small error rates asoretical work H, [13] on optimal search strategies. In that
well as rapid scene parsing. work, once a hierarchy of classifiers is given, a sufficient

The advantage of hierarchical representation is modular-condition for the optimality of coarse-to-fine search is ex-
ity: the global problem is decomposed into more tractable pressed in terms of the ratio of cost-to-power of each clas-
sub-components and one monolithic classifier is replacedsifier. Here, we use this criterion to iteratively construct
by a hierarchy of classifiers, each dedicated to a specificthe hierarchy in the first place. That is, given a leaf cell
subset of hypotheses sharing common properties. Indeedin the pending hierarchy, and given several candidate splits,
the construction of the hierarchy relies on the fact that thereincluding the trivial partition which keeps the cell intact,
exist natural groupings amongst object instances, i.e., com-we choose the partition which minimizes the ratio of cost

1. Introduction



Figure 1.Two of many possible hierarchical representations based on the attributes “shape”, “color” and “size”.

to power. In particular, since a classifier was constructedties and checking entire subsets simultaneously, proceeding
for every current terminal cell at some previous iteration, at systematically from coarse-grained to fine-grained explana-
every step we are deciding between retesting (“cascade”)}tions. When properly designed, the fine classifiers are rarely
and splitting (“divide-and-conquer”). Retesting does not implemented.

produce the same classifier since the negative population

changes. 2.1. Efficient Representation

This method is then entirely different from bottom-up g majn assumption is that there are natural groupings
procedures based on agglomerative clustering and similarity 4 C Y among the hypotheses and that testing for these
measures. We build the hierarchy of subsets and CIaSSiﬁer%roupings — or “attributes” — is far more efficient than test-

at the same time, top-down and recursively. The resulting g tor arhitrary subsets or testing for many hypotheses indi-

architecture diff_ers s_ignific_antl.y from those manluglly con- vidually. For example, the attributes might represent certain
structed, especially in dedicating resources to difficult sub- physical properties of the objects, such as “color”, “shape”

sets of hypotheses (e.g., small faces)._ It also unifies previ-5 4 “size,” as illustrated in Figll, an idealized example
ous work on cascades and coarse-to-fine search. with eight elements in.

In Section 2, we outline the statistical framework for a The natural data structure to represgrivased on these
hierarchical representation and search. The motivation for5trihytes is then tree-structured and multi-resolutional, with

our design principle and the algorithm for constructing the sypsets of hypotheses corresponding to varying levels of
hierarchy are presented in Section 3, still in a general con-pacision. We denote this by

text. Then, in Section 4, we illustrate these ideas with ex-

periments in face detection based on Adaboost learning and Harer = {Ae, £ € T} (1)

finally draw some conclusions in Section 5.

whereT is a tree graph. Figl shows two such representa-

tions. In the applications to object detection1;8, 19] and

elsewhere, the set$; for nodes near the root are quite het-
Let ) denote the set of “hypotheses” of interest. For erogeneous with respect to both category and pose, whereas

example, each hypothesis might be an object category andear the leaves they represent homogeneous subsets, for in-

geometric pose. The objective is to determine the true ex-stance a single category or even sub-category over a small

planation, sayy’, of the observed data, e.g., a subimage. range of poses (e.g., position, scale and orientation), or sev-

The alternative td&” € ) isY = 0, denoting “other” or eral sub-categories at poses which render the shapes nearly

“packground” which is typicallya priori the most likely  identical.

explanation. Given a subimadecorresponding to an un- o

labeled shape, the goal is to efficiently determine whether2.2. Efficient Search

ornotY(I) € ). Rather than .builld a single plassifier to There is a binary classifieX; = X 4, for every cellA,

testY € Yvs. Y = 0, which |s_l|kely to_ be_z !naccurate_ ¢ € T. The family is denoted by

when) is heterogeneous, or build only individual classi-

fiers to check the elements 9f one at a time (“template- Hiest = {Xe, £ € T}

matching”), which is likely to be expensive, the search

is accomplished by a dynamical “coarse-to-fine” process. The classifierX, represents a “test” for the hypothesis

This is based on grouping hypotheses with common proper-H, : {Y € A} against a suitable alternative hypothesis

2. Statistical Framework



Figure 2.(a) The first 26 classifiers of the learned hierarchy; (b) A manually designed hierarchy. The numbers indicate the order in which
the nodes are added to the evolving structure. The labafgl ¢ refer to splits based on scale and tilt, respectively. The quaternary splits
are on location.

Haieeey : Barey C{Y ¢ Ae}. In practice, these classifiers  the event

are induced from positive and negative training examples

using some learning algorithm, for example, naive Bayes Bae) ={Y ¢ A} N {Xy =1V n e A} ()
[8], Adaboost P] or support vector machinesd§]. How-  Notice that conditioning the null hypothesis™ € A¢} on
ever, the framework is largely algorithm-independent. The the event that the test, is performed is superfluous due to
sole restriction is that the corresponding decision surfacethe nuyll false negative constraint.

can be adjusted in order to accommodate a (nearly) null  Coarse-to-fine search results in a set of detections:
false negative constraint, i.ex(X4) = P(X4 = 0]Y €

A) = 0 for every classifier inH;.,;. This can generally D ={y€Y:Xa, =1 for all {such thaty € A¢}.

be accomplishedt the expense of low selectivity (i.e., low

Th Il the h h I -
powen)by adjusting some bias or threshold. ese are all the hypotheses not ruled out by any test per

formed. Equivalently, the set of detections is the union of
the leaves of,;,- which represent the terminal point of a

The search strategy is breadth-first, coarse-to-fine. ThatCOMPpIete chain of positive responses.

is, starting from the root, the classifiers are executed sequen- 1 NiS strategy is highly efficient because most image ar-
tially and adaptively, withX, performed if and only if all eas attract little computation. It has been examined both

ancestor tests are performed and are positive. More specififathematically and in applications. It is theoretically op-

cally, X is performed if and only ifX,, = 1 for every node timal under _c_ertain assumptions _about the cost and power
n € A(€), where2l(¢) is the set of nodes which are be- of the classifiers and their statls:tlcal dependgncy struqture
tween the parent af and the root, inclusively. In particular, ~Under the background hypothesis. However, in all previous
if the root classifier is negative, the procedure terminates/MPlementationsk.;;, is manually constructed, and made

and “background” is declared. Similarly, the search termi- independently off;.;.
nates if the test at the root is positive but all its child tests
are negative. This promotes extremely efficient computa-
tion since, generally, large subsets of hypotheses are simul- Manual construction is based on more or less arbitrary
taneously pruned. The natural alternate hypothésgs:) choices. In general, there is no unique way of ordering the
at node¢ accounts for this: wheneve, is implemented,  splitting process because the attributes often define inde-
the distribution of the image data should be conditioned on pendent physical properties of the objects. Both hierarchies

2.3. Alternative Hierarchies
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Figure 3.Four possible decompositions of a group of hypotheses. Choosing the best one is based on the ratio of the cost to the power of
the resulting classifier.

in Fig. 1 might appear reasonable. The hierarchy used for coarse-to-fine strategies minimize total computation in de-
face detection ind] is shown in Fig.2(b): The attributes  termining D [4] or determining ifD = @ [13]. In both

are position g), scale §) and tilt (») and the splits are ei- cases, the hierarchy of subsets)dfand the hierarchy of
ther quaternary in position or binary in scale and tilt. More- classifiers are assumed to be given and there is no analysis
over, in previous work, a celll; is either never “retested”  of how they might have been constructed. The basic idea,
or only retested, as in the cascadesdf]] We argue that  as originally set forth in13], is that the cost-to-power ratio
distinguishing between the two hierarchies in Fighould is the right way to normalize the immediate processing cost
involve the performance of the classifiers that will be built, in order to account for additional processing due to false
especially in terms of the efficieng@er unit cosin rejecting positives. Inlfl] it is shown that, under certain assumptions
the background hypothesis. In particular, given two hierar- about the probability distribution under which mean total
chies of equal computational complexity, we should favor computation is measured, a sufficient condition for the opti-
the one with fewer average false positives, i.e., a smallermality of coarse-to-fine search (as opposed to any other way

expectedD| under the background hypothesis. of visiting some or all the nodes ¢f € 1" and performing
X¢) is that
3. Hierarchy Design X X,)
C I3 C
Our objective is to constru ., and Heesr Simulta- vEeT, B(Xe) < Z 6(Xn) (3)
neously from data. We assume we have some learning al- neC (&) !

gorithm (4, £) — X 4 for constructing a binary classifier

X 4 for any subset! C Y from a set of training examples whereC(¢) denotes the direct children gfin 7. In this
L=L, UL .Here L, ~{Y € A}andL_ ~ By C work, our objective is essentially reversed: we assume from

(v ¢ A} denote the set of positive and negative training the outset that the hierarchy will be processed coarse-to-
fine and we wish to find a principled way of constructing it.

examples, respectively. We also assume that éagltan X . . >
be manipulated to have a very small missed detection rate Xt€nding the cost-to-power ratio to a candidate partition

e, a(X4) = P(X4 = 0]Y € A) ~ 0, at the possible provides a natural metric.
expense of a considerable false detection rate. Each classi- . . )
fier X 4 is then largely characterized by its co¢f 4) and  3-2- Ranking Candidate Splits

power3(Xa). The costc(X ) reflects the computational  The construction is recursive. Suppose, at stepve
or processing expense mcm_Jrred in performlng the test,. th'shave constructed{é@r and ng;zt_ Let A = A be the
can typically be measured in terms of dedicated CPU time.

Th Y0 is th lectivity of th i th subset of hypotheses at a legafof 7(*). The particu-
e power§(X ) is the selectivity of the test In the Stan- 51 jeaf chosen for expansion is the one with the currently
dard sense3(X4) = P(Xa = 0|Bgy(a)). Notice that

. highest estimated false positive rate ($8e3). Suppose
1 — B represents the false positive rate. there are several candidate partitionsAf We will write

A(A) = {4, As, .. A, } to denote such a partition: thé s
are pairwise disjoint andA; = A. One of these candi-

In order to rank candidate splits we would like to have a dates is the trivial partitiom\(4) = {A}. Notice that at
single parameter which captures the overall efficiency of a least one classifier, namel¥,, has already been built for
classifier in the context of the hierarchy. For this purpose, deciding betweelY € A} against the appropriate alterna-
we borrow a performance metric from][and 13]. In that tive. Consequently one choice is to build another classifier
work the objective is to determine conditions under which for this sub-problem, corresponding to a (partial) cascade.

3.1. The Cost-to-Power Ratio



The learning algorithm will not yield the same classifier be-

¢(Xa,) = c for each candidate partition;. This would

cause the alternative hypothesis has changed and hence treecur, for example, if the cost of a classifier were propor-

set of negative examples is different.
Fig. 3 illustrates four different partitions for a cell in our
fictional example; from left to right, the four splits corre-

tional to the size of the underlying sdtof hypotheses, i.e.,
if ¢(Xa) o |A| for everyA C Y, in which case we obvi-
ously havec(X,,) x |A] for every partition. In practice,

spond to “retesting”, splitting on color and shape, and test- this can be arranged by controlling some parameter in the

ing individual hypotheses (a form of “template-matching”). learning algorithm, for instance the number of features em-
In order to choose among these, and anticipating the pro-ployed. Once the cost is normalized, the chosen partition is

cessing strategy, we define the cost and power of a partitionthe one that maximizes power (equivalently, results in the

A as follows. For eachl; € A a classifierX 4, is built us- smallest false positive rate).

ing our learning algorithm. Now define a single classifier  As noted above, the construction is iterative and the hi-

for the partitionA: erarchy is expanded one node at a time. Gi%&fj,,., we

start by identifying the leaf node with the highest overall
Xy = {

false positive rate. That is, for each current Igafve esti-
Hence X, responds positively ifiny of its components is

mateP(X, = 1, X, = 1,1 € A(&)|background), where
“background” denotes the eveFit ¢ ). This is very easy
positive, i.e., if processing continues. The cost of the com-
posite test is clearly(X,) = >, c¢(X 4,) sinceeachof the

in practice as it only requires sending background samples
down the existing hierarchy and counting the number reach-

classifiersX 4, will be performed whenever the parek

is positive. The power of the composite test is

1
0

if Xa, =1 for some1
otherwise

(4)

ing each leaf.

4. Application to Face Detection

B(Xa) = P(Xa=0Bauy)) . . o
— P(Xa =0,i=1,..n|B ) To measure the efficacy of our design principle we
A= 1o I Palt(€) choose one of the problems in object detection which has
where B¢, was defined in (2). Hence the composite previously been investigated using hierarchies of classi-

power is the probability under the alternative hypothesis fiers. This mplt_;des work on detecting printed characters
that all the tests fail, which is the desired outcome in that [1+1011], buildings [14] and facesll, 8, 119, 23. We fo-
case. cus on face detection, which has been widely studied in the
One of the conditions ir4] leading to the criterion3) computer vision Iiterafcure. The_problem is to find all in-
is that the classifiers represent independent random vari-Stances of frontal, upright faces in greyscale scenes. (More
ables under the alternative hypothesis (taken there as th&€cently, this has been extended to include profile detec-

background distribution). We do not want to make this as- ion.) In addition to the work cited above, existing methods
sumption, i.e., we do not assume tHatX,, = 0, include neural networkslk, 18], support vector machines

L., n|Bane)) = [[_, P(Xa, = 0|Baut(e))- In practice, [17] and Gaussian model&(]. The best ROC curves gen-

we simply estimate the composite power from training data. €ratéd on the CMU+MIT test set are remarkably similar.
Finally, we choose the partition that minimizes the For instance, the current state-of-the-art is order one false

cost-to-power ratie(X,)/8(X,). Specifically, given par- p_ositive per ima_g_e at appro.xim.ately niqety percent d_etep—
titons A, As, ..., A,,, Of A, choose: tion rate. In addition, detection is sometimes very rapid, in

fact essentially real-timeé2B]. However, most methods re-
c(Xa,) quire very large training sets, e.g., thousands or even tens of
B(Xa,) thousands of sample faces, in order to achieve this perfor-
mance.

®)

1" = arg min
1<i<m

The subset4 is then decomposed intd;-| children and
the elements of\;- are adjoined tchQT to form Hfl’z;”.

Similarly, the corresponding classifiers are addeHi@t.

4.1. Representation

Since we are searching for instances from a single ob-
ject class, the set of hypotheses corresponds to possible ge-
ometric poses. (Other instantiation parameters could be in-
cluded.) Specifically, the pose will refer to the position, tilt

The above formulation is very general. It accommodates and scale of a face, denot@d= (p, s, ¢), wherep is the
constructing classifiers of variable cost and power. Alterna- midpoint between the eyes,is the distance between the
tively, one can compare candidate splits by equalizing for eyes andy is the angle between the vertical and the seg-
one of these quantities and optimizing over the other. In ment orthogonal to the segment joining the eyes. Relative
particular, we can normalize for cost by arranging to have to a subimagd, the sety of hypotheses is the set of poses

3.3. Special Case: Recursive False Positive Mini-
mization



fpe =042 fpe =051 fpe = 052 fpe = 0.27
{i) {ii) i) {iv)
fpe = 0.26 fpe = 0.33 fpe = 0.40 fpe = 0.47

(i (i} {iii) {iv)
Figure 4.The first two steps in learning the hierarchy. Top panel: Four possible decompositions of the root node, whose false positive

rate is0.05. The conditional false positive rates of both the individual classifiers (in circles) and the aggregate classifier (e ctesl
given. Bottom panel: Choices for the next level given the quaternary split is chosen for the root.

of a single face withirT such that the position is restrictedto by processing a large set of “background” images and col-
an8 x 8 window centered il and the scale and tilt are ap- lecting the false positives which arrive §tup to a maxi-
propriately restricted. More specifically, = {(p, s, ¢) € mum of6000. This ensures that the non-face instances used
R pe[—4,4]%, 5 € [8,16], ¢ € [-20°,20°]}. The back-  for training at every node represent a sample of images re-
ground hypothesis is that there is no face centered in thesponding positively to all the preceding classifiéfs for
given image at these scales and tilts. n € A(£). In this way, we are training against those partic-

A scene is processed by visiting non-overlappsng 8 ular non-faces that increasingly resemble faces.
blocks, processing the surrounding image data to extract The same learning algorithm is applied to each cell; only
features (e.g., edges) and classifying this subimage accordthe training set changes. We use binary Adabogktd
ing to the coarse-to-fine search strategy describef? . build each test. Our features are binary, oriented edge frag-
Faces at larger scales are detected by downsampling the imments, as in1, 8]. Other features and learning algorithms
age and repeating the search process. With four levels ofcould have been used in place of edges and Adaboost, as,
downsampling, faces of size< s < 128 are detected. for example, in[L9], where eachX, is a support vector

In existing work a hierarchyH,;;, is constructed by = machine based on wavelet coefficients. Finally, the null
choosing some decomposition dfinto nested partitions  false negative constraint is enforced by adjusting parame-
based on splits involving the three pose parameters. Forters based on a held-out validation set; this promotes better
example, one such hierarchy results from two quaternarygeneralization (less over-fitting) than using the whole train-
splits in location (fronB8 x 8 to 4 x 4 to 2 x 2) and then two ing set for learning everything abolt, ;;, andH;es-
alternating binary splits on tilt and scale, yielding a pose hi-
erarchy with seven levels. One section is illustrated in Fig. 4-3. Learned Construction
2(b). For this section of’, H;.s; would consist 083 binary
classifiers including the root classifier, which is dedicated to H
detecting faces invariantly over.

We use the procedure outlined §8.3. The hierarchy
attr 1S recursively built starting from the root node and
comparing candidate partitions based on equalizing the to-
tal cost and estimating the conditional false positive rate.
Specifically, we consider four possible decompositions of
Our positive training samples are synthesized from the A, at each current leaf nodge (i) no decomposition (i.e.,
standard ORL database which contains ten pictures for eachretesting); (ii) a binary split in scale; (iii) a binary split in
of forty individuals for a total of£00 images. For each cell  orientation; and (iv) a quaternary split in position. Every
A¢ in Hqur, we synthesizel600 faces with poses more time option (i) has the best cost-to-power ratio, we are ef-
or less uniformly sampled froml.. The negative (non- fectively building a linear “cascade” segment. The other
face) training examples for constructing. are obtained  options lead to binary and quaternary forks. Sometimes it

4.2. Baseline Learning Algorithm
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Figure 5.ROC curves on the CMU+MIT testset Figure 6.Estimated false positive rate vs. average computational
time (to execute the hierarchy) for varying numbers of classifiers
added to the hierarchy; the order is given in [Zfp).

is more efficient to retest and sometimes it is more efficient
to decompose the problem into simpler pieces.

The coste(X 4) of classifierX 4 is assumed proportional
to the number of features; overhead charges are ignored. |
order to equalize(X ) the same for every partitioh, we
use400 features for option (i)200 features for options (ii)
and (i), and100 features for option (iv). The (local) false
positive rates ofX, and the (global) false positive rates
of each pending leaf in the hierarchy are empirically de-
termined from the training data.

The first twenty-seven classifiers in the learned hierarchy
are shown in Fig:2(a). Recall that at each step, the algo-
rithm visits the leaf node that currently performs the worst
in terms of filtering the background. The ordering in Fig.
2(a) reflects this process. The system is implemented in C++ on a standard Pen-

The first two steps in the process are illustrated in [Big.  tium 4 1.8GHz PC. Performance is estimated using the
We start by building a classifier fot = ), the whole pose ~ CMU+MIT [I18, 20] test set. As elsewhere, images with
set. Its false positive rate {505 and this test is represented faces displaying out-of-plane rotations are excluded. There
by the top circle in the upper half of Figd. The four de- are thenl164 images with556 faces exhibiting tilts in the
compositions correspond to (i)-(iv). The valfige denotes ~ range—20° to 20° range. Some are sketches, which are ex-
the false positive rate of the partition. The individual false ceedingly difficult to detect. As in cited work on cascades,
positive rates of the classifiers are also shown; notice thatprocessing 820 x 240 image takes only a small fraction of
the classifiers within a partition are not independent. (For @ second.
instance, in (iv),1 — 0.27 # (1 — 0.08)%.) But they are

learned hierarchy is asymmetric and non-uniform with re-
spect to the pose space. We notice longer chains for small
scales, corresponding to a more concentrated effort to detect
smaller faces. This is natural, as a small face is more diffi-
cult to discern in a cluttered background. In some cases, no
decomposition “significantly” reduces the number of false
positives. The maximum level reached (i.e., number of clas-
sifiers in the branch from root to leaf) 3. For example,

the resolution in location stops atx 2 whereas scales are
finely resolved.

4.5. Experimental Results

surprisingly close. _ Detection| FP /image
From Fig. /4, we deduce that the best strategy for de- Learneldhhlerarcr:]hy 89'1;%’ 0.67
composing the root is the quaternary split on location. The |_Manual hierarchy 89-10/0 111
bottom half of Fig.4 depicts what happens when the new |_Viola-Jonestd 90-80/0 0.73
leaves are examined:; these correspond to restricting the po_ROWwley-Baluja-Kanadelld] | 89.2% 0.73

sition to a4 x 4 region and leaving scale and orientation
unrestricted. In this case, the best decomposition is (i); only
26% of the background images which survive the classifier
at the root, denoted “0” in Fig2(a), also survive the re-
stricted location test, which is denoted by “1” in Fig(a).

Table 1.Performance measures for various face detection systems.

In order to properly compare the learned hierarchy (Fig.
2(a)) to the manual hierarchy (Fig2(b)), the classifiers
in both are constructed with the same protocol — the same
training database, feature set, learning algorithm, and so
forth. The performance of the two systems are depicted in
The resulting hierarchy contains both linear cascades and-ig. 5 with ROC curves. During construction, both the cur-
branching forks. Unlike the ones manually designed, the rent overall false positive rate and average computational

4.4. Analysis



time are estimated at each iteration (i.e., expansion of a [5] M. Burl and P. Perona. Recognition of planar object classes.
node). Error is plotted against computation for each method
(manual vs. learned) in Fi@; each point on the curve cor-
responds to expanding the corresponding hierarchy. For the
same average computation, the learned hierarchy has a sub-
stantially lower false positive rate.

We also compare the new method with other face de-

tection systems in Table 1. The results are also compara-

ble to other well-known systems. It should be noted that
different systems are tested on slightly different subsets of
the MIT+CMU dataset, but the results are nonetheless very o
similar. The test subset we use is more general because it
contains faces with varying tilts.

5. Conclusion

We have taken a step in rendering coarse-to-fine clas-

(6]

(7]

(8]

[10]

sification a more data-driven procedure. In so doing, we [11]

have proposed a general principle for deciding among sev-

eral ways of examining a group of hypotheses; in our ap-
plications, these represent possible explanations of imagd12l
data. The alternatives include holistic examination (search-
ing for everything at once) and versions of “divide-and- [13]
conquer” (conducting multiple searches for coherent sub-

sets). The basic principle is to assign a humeric measur
to each candidate decomposition, namely the cost of the

corresponding aggregate classifier divided by its statistical
power. This quantity plays a pivotal role in recent work on
optimal search strategies; further reconciling that work with
our work is a subject of ongoing research.

Experiments in face detection show a significant im-

provement over manually-constructed hierarchies after ad-

justing for all other factors. Although high-performance
face detection was not our primary objective, additional [17]
improvements, notably fewer false positives at any given
detection rate, might be obtained in several ways. Two
promising avenues are the use of more powerful featuresl18]

than the simple binary edge variables utilized here and train-
ing the classifiers in the hierarchy with a much larger set of [

faces.
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