IN PRESS, IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINENTELLIGENCE 1

Sharing visual features for multiclass and multiview
object detection

Antonio Torralba, Kevin P. Murphy, William T. Freeman

ABSTRACT distinguishing between object class and background class.

We consider the problem of detecting a large number §uch a classier can be turned into a detector by sliding it
different classes of objects in cluttered scenes. Trausio across the image (orimage pyramid), and classifying eacih su
approaches require applying a battery of different classs to 0cal window [26], [16], [1]. Alternatively, one can extrac
the image, at multiple locations and scales. This can be si¢@fal windows at locations and scales returned by an intteres
and can require a lot of training data, since each classi ePint detector and classify these, either as an object or&s p
requires the computation of many different image featuredf @n object (see e.g., [12]). In either case, the classi éF w
In particular, for independently trained detectors, theufe € applied to a large number of image locations, and hence
time) computational complexity, and the (training-timejvs need_s to be fast and to have a low false positive rate. Various
ple complexity, scales linearly with the number of classes §lassi ers have been used, such as SVMs [26], naive Bayes
be detected. We present a multi-task learning procedueda [30], mixtures of Gaussians [12], boosted decision stumps
on boosted decision stumps, that reduces the computatiokl: etc. In addition, various types of image features have
and sample complexity, by nding common features that c&¢€n considered, ranging from generic wavelets [30], [87] t
be shared across the classes (and/or views). The detectors§@ss-speci ¢ fragments [16], [36]. Since it is expensiee t
each class are trained jointly, rather than independerfiy.a  COmpute these features at run-time, many classi ers wll tr
given performance level, the total number of features meqyi 0 select a small subset of useful features.
and therefore the run-time cost of the classi er, is obsdrve The category-level object detection work mentioned above
to scale approximately logarithmically with the number of typically only concerned with nding a single class of
classes. The features selected by joint training are geneRbjects (most work has concentrated on frontal and pro le
edge-like features, whereas the features chosen by tginf@ces and cars). To handle multiple classes, or multipleisie
each class separately tend to be more object-specic. TRE@ class, separate classi ers are trained and applieggie
generic features generalize better and considerably redhe dently. There has been work on training a single multi-class

computational cost of multi-class object detection. classier, to distinguish between different classes ofeatyj
Index Terms—Object detection, interclass transfer, sharing but this typically assumes that the object has been separate
features, boosting, multiclass from the background (see e.g., [25], [22]).
In this paper [33], we consider the combined problem of
I. INTRODUCTION distinguishing classes from the background and from each

A long-standing goal of machine vision has been to puilether. This is harder than standard multi-class isolatgdabb
a system which is able to recognize many different kinds 6f@ssi cation problems, because the background classng ve
objects in a cluttered world. Although the general problem rheterogeneous in appearance (it represents “all otheseslgs
mains unsolved, progress has been made on restrictedners@ld is much more likely to appear than the various object
of this goal. One succesful special case considers thegurobiclasses (since most of the image is background).
of detecting individualinstancesof highly textured objects, ~The rstkey insight of our work is that training multiple bi-
such as magazine covers or toys, despite clutter, occlusiY classi ers at the same time needs less training dateesi
and af ne transformations. The method exploits featureictvh Many classes share similar features (e.g., computer screen
are invariant to various transformations, yet which areyvefnd posters can both be distinguished from the background by
speci ¢ to a particular object [24], [31]. This can be used t¢poking for the feature “edges in a rectangular arrangeijient
solve tasks such as “nd an object that looks just like thighis observation has previously been made in the multi-task
one”, where the user presents a speci ¢ instance; but itaanfearning literature (see e.g., [6], [32]). However, neallof
be used to solve tasks such as “ nd an object that looks liket@is work focuses on feedforward neural networks, whereas
car”, which requires learning an appearance model of a genee use a quite different kind of classi er, based on boosted
car. decision stumps[29].

The problem of detecting a generic category of object in The second key insight of our work is that training multiple

clutter is often posed as a binary classi cation task, ngmePinary classiers at the same time results in a much faster
classi er at run time, since the computation of many of the
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network(and hence its computational complexity) is xed ifunction can be thought of as a differentiable upper bound
advance, whereas we effectively learn the structure subjen the misclassi cation rate [28] or as an approximation
to the constraint that the classier have a given run-tim® the likelihood of the training data under a logistic noise
complexity. model [14]. There are many ways to optimize this function.
Our extensive empirical results, on 21 object classes, shtMe chose to base our algorithm on the version of boosting
that the number of features needed when training jointlyvgro called “gentleboost” [14], because it is simple to implemen
roughly logarithmically with the number of classes (c.18]), numerically robust, and has been shown experimentallytf23]
whereas independent training shows linear growth. Sinee tbutperform other boosting variants for the face detectish.t
number of features is fewer, the classier is faster, and tha gentleboost, the optimization df is done using adaptive
amount of training data (needed to select the features adewton steps, which corresponds to minimizing a weighted
estimate their parameters) is less. We also show that #wuared error at each step. Specically, at each stepghe
features which are chosen when training jointly are generfanctionH is updated asl (v) := H (v)+ hp, (v), wherehy, is
edge-like features (reminiscent of V1 cells); this is samilo chosen so as to minimize a second order Taylor approximation
the results of unsupervised learning methods such as |G#.the cost function: _
However, the features chosen when training independently ] ' ] 2H (V) 2'
are more class-specic, similar to the results in [36]. Our @9 ran(H +hm) " arg Tr!”E € (z hm)” (2
algorithm will smoothly interpolate between generic armsst i . ) .
speci ¢ features, depending on the amount of training dath aReplacing the expectation with an empirical average over th

the bound on the computational complexity of the classi erraining data, and de ning weights; = e * H )_ for training
The paper is organized as follows. We describe the m@xamplei, this reduces to minimizing the weighted squared
ticlass boosting algorithm in Section 1I, and illustrate it€for
performance on some arti cial data sets. In Section Ill, we
show how the algorithm can be used to learn to detect 21
different classes of objects in cluttered, real world inmda . o )
Section IV, we show how the algorithm can be used to leatrereN is the number of training examples. How we min-
to detect different views of an object class (we focus on)cardmize this cost depends on the specic form of the weak
The intuition behind this view-based approach is that a cig@rmershm. It is common to de ne the weak learners to be
seen from the side is essentially a different visual clags th Simple functions of the fornh, (v) = a (v' > )+b (v'
car seen from the front, but the angles in between share masyWherev' denotes thd ‘th component (dimension) of the
features in common. In Section VI, we show how the algorithf§ature vectov, is a threshold, is the indicator function,
can be used to perform both face detection and recognitigfid@ andb are regression parameters. In this way, the weak
The idea here is that we rst learn to classify a patch as face arners perform feature selection, since each one picks a
background, and then learn features that discriminatedssiw Single component . These weak learners are called decision
the face classes. In section VII, we summarize previous wd?k 'égression “stumps”, since they can be viewed as degenera

on multiclass object detection and multiclass classi aie decision trees with a single node. We can nd the best stump
conclude in Section VIII. just as we would learn a node in a decision tree: we search

over all possible featurefs to split on, and for each one, we
Il. MULTICLASS BOOSTING WITH FEATURE SHARING search over all possible thresholdsnduced by sorting the
A. Boosting for binary classi cation observed values of ; givenf and , we can estimate the

We start with a brief review of boosting for binary classi® ptimal a andb by weighted least squares. Speci cally, we

X
Jwse = wi(zi  hm(vi))?; 3
i-1

cation problems [29], [28], [14]. Boosting provides a sitep have P Wiz (V_f > )
way to sequentially t additive models of the form a= p 2 - : (4)
N i Wi (Vi > )
H(v) = hm (V); P
m=1 b= pitiz i) )

r f
where v is the input feature vectoiM is the number of i Wi (Vi )

boosting rounds, andi (v) = log P(z = 1jv)=P(z = 1}v) we pick thef and , and corresponding and b, with the

is the log-odds of being in classl, wherez is the class |owest cost (using Equation 3), and add this weak learnéreto t

membership label (1). HenceP (z = 1jv) = (H(v)), where previous ones for each training exampte(vi) := H (v;) +
(x) =1=(1+ e ¥) is the sigmoid or logistic function. In the y (). Finally, boosting makes the following multiplicative

boosting literature, théy, (v) are often called weak learnersypdate to the weights on each training sample:

andH (v) is called a strong learner. Boosting optimizes the

following cost function one term of the additive model at a w; = wie Zhm )

time:
J=E he ZH (v)I 1) This update increases the weight of examples which are

missclassi ed (i.e., for whiclz;H (vi) < 0), and decreases the
The termzH(v) is called the “margin”, and is related toweight of examples which are correctly classi ed. The ollera
the generalization error (out-of-sample error rate). Thet ¢ algorithm is summarized in Figure 1.
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1) Initialize the weightay; =1 and setH (vi) =0,i =1:N. ~
2) Repeatfom=1;2;:::;M
a) Fit stump:hm (vi)=a (v > )+ b (v )

b) Update class estimates for exampies= 1;:::;N: R /
H(vi) = H(vi)+ hn(vi) N

c) Update weights for examples = 1;:::;N: w; = N = Y )
wie Zihm (vi) 4_‘ P ~ ‘ 3//

Fig. 1. Boosting for binary classi cation with regressioturtr;lps.vif is the \
f 'th feature of thei'th training example,zi 2 f 1;+1g are the labels,

andw; are theunnormalizedexample weightsN is the number of training

examples, and/ is the number of rounds of boosting. J

. . - Fig. 2. Objects may share features in a way that cannot begsepted as
B. Sha”ng features: basic idea a tree. In this example, we can see how each pair of objecteslaapart:

In the multiclass case, we modify the cost function as fhe R and the 3 share the crescent-shaped fragment in thégtup the R
fy and the b share the vertical line on the left; and the b and tebaBe the

Adaboost.MH [29]: semi-circle-shaped fragment on the bottom right.
X h i
J= E e z°H (vic) (6)
c=1 and thus can be fruitfully shared. In our formulation, the

multiclass classi er is composed by three binary class #rat
can share features (stumps). Each binary problem classi es
one class against the others and the background. Our goal is
to gure out which features to share amongst which classes.

Figure 4.a shows all subsets of 3 classes arranged in a
where H(v;c) = log P(z® = 1jv)=P(z° = 1jv). Our Iattice (ordered by subset inclusion). Let the set at node
algorithm for minimizing this cost function differs from Ad in this graph be denote8(n). At each round, JointBoost will
aboost.MH [29] in the structure of the weak classi &ks. The consider each of one of these subsets as a possible candidate
key idea is that at each roumd, the algorithm will choose a to share a stump and will learn a weak classier for that
subset of classeS(m) that will share a feature and that willsubset. If we sum up all the weak learners associated with
have their classi cation error reduced. The weak classi®r subsetS(n), we get a strong learner, which we can denote
obtained by tting a binary decision stump as outlined abovgS(") (v). (If subsetS(n) was never chosen by the algorithm,
(some small modi cations are required when we share classe¢sen GS(") (v) = 0.) Finally, for each class, we can nd all
which are explained below.). We consider multiple overlagp subsetsS(n) that containc, and sum up their additive models
subsets of classes, rather than a hierarchical partitipnio give the nal form of the classi ers:
because some features may be shared between classes in a i 123 12 13 1
way that is not tree-structured (see Figure 2). H(v;1) = G23(v) + GH5(v) + G™(v) + G7(V)

We will present two methods for choosing the best subset (v:2) = GL23(v) + GL2(v) + GZ3(v) + G3(v)
of classes at each round: the rst is based on exhaustivelsear
of all possible subsets, which has complex@®(2°); the H(v;3) = G¥Z3(v) + GY3(v) + GZ3(v) + G3(v)
second is based on greedy search (forward selection), whic

has complexityO(C?). We will show that, at least on arti cial WIE(enr)e eaCf‘gS'\(Ann) (V)n Is itself an additive model of the form
data, the greedy approach is a very good approximation to fle "= i hm_(V)' . o
exhaustive approach. If we gpply the JomtBoost_aIgorlthm to the data in Fig. 3,
but restrict it to 8 rounds (so it can choose exactly 8 feafure
the result is the model shown in Fig. 4.q3 In this case, the
C. Toy problem rst shared function has the for'23(v) = = 3 _ hiZ3(v);
Before we explain in detail how JointBoost works, weneaning that the classi er which separates classes 1,2{B&s
illustrate its behavior on a toy data set. We consider thmckground has 3 decision boundaries. The other nodes have
problem of discriminating amon@ classes, which consists ofthe following number of boundarieds 123 = 3, M2 = 2,
C spherical “clouds” of data ifD dimensions, embedded inaM,3 =1, M13=0,M; =1, M, =0, M3 =1, so there are
uniform “sea” of background distractors. So, the clasgiea no pure boundaries for class 2 in this example (indicated by
task requires discriminating among ti@ classes and also the blankG? square in Figure 4.b). The decomposition is not
against the background class. In Figure 3, we conditler3  unique as different choices of functio®$ (") (v) can give the
classes (plus a background class)On= 2 dimensions. In same classi erdH (v; c). But we are interested in the choices
this 2D example, the feature vectors are the projection of GS(" (v) that rﬁ,inimize the computational cost. We impose
the coordinates onto lines at 60 different angles comingfrothe constraint that | M, = M, whereM is the total number
the origin. It is intuitively clear that some features (K)ere of functions that have to be learned (i.e., the number of dsun
useful for separating multiple classes from the backgrouraf boosting).

wherez® is the membership label () for classc and

b
H(v;c) = hm (v; ©):

m=1
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The purpose of the class-specic constddt is to prevent

a class being chosen for sharing just due to the imbalance
between negative and positive training examples. (Thetaohs
gives a way to encode a prior bias for each class, without
having to use features from other classes that happen to
approximate that bias.) Note that this constant changesdlye
features are shared, especially in the rst iterations afdtimg.
Therefore, in order to add a class to the shared subset we need
to have a decrease of the classi cation error that is largent

just using a constant as weak classi er. This insures that th
shared features are really providing additional discratiire

Fig. 3. lllustration of feature sharing (top row) and indegent features information.

(bottom row) on a toy problem in which there are three objéasses and one At jterationn, the algorithm will select the best stump and a
background class. 50 samples from each class are used ifangraand we
use 8 rounds of boosting. Left: The thickness of the linegcatds the number classes subset. For a SUbSén), the parameters of the stump

of classes sharing each stump. Right: whiter colors indi¢ait the class is are set to minimize Equation 7. Note that the class latfetio

more likely t‘o be‘ present. Note tha_t for the same computatioesources, not change with the shared subset selected. The class labels
feature sharing gives better separation of the 3 classes the background 2¢ de ne the C binary classi cation problems that we are

class.
trying to solve jointly. When a stump is shared among several
'~

classes, the error for each shared class increases witactesp
4
12 1 123 [
A2 4
G18—G! G? 23
4

Y

Vis
il

to a stump optimized just for that class. However, because
more classes have their classi cation error reduced when th
stump is shared, the total multiclass error decreases (see a

vy Q2 QKN vy Q.

\ ﬂ section IlI-E).

> Minimizing Equation 7 gives
a) Gz>_<:G3 b) 9 Fauation FOVES

- Wwez¢e (Vf > )
Fig. 4. a) All possible ways to share features amongst 3igassThe sets as(f; )= PCZ S(n) PI i i ; 9)
are shown in a lattice ordered by subset inclusion. The &averespond to S we (V.f > )
single classes. b) Decision boundaries learned by all tdeson the sharing c2S(n) i T AT
graph for the problem in Fig. 3 P P coc g f
oy e2s(n) i Wi'g (vi )_
bs(f; )= P P : (10)

™ f
SWE (V! )
D. Shared stumps Czsc(nl e
We now explain in more detail how JointBoost works. k¢ = _PIW_'il c2S(n): (11)
Proceeding as in the regular gentleBoost algorithm, we must i Wi
solve the following weighted least squares problem at eatThus each weak learner contains 4 paramei&rb;f; ) for

iteration: the positive classz j S(n)j parameters for the negative class,
X0 and 1 parameter to specify which subS€h) was chosen.
Jwse = WE(zE  hm(vi;c)? @) Fig. 5 presents the simplest version of the algorithm, which
c=1 i=1 involves a search over all° 1 possible sharing patterns

wherew® = e z'H(vi©) gre the weights for exampleand for at each _iteration. Obviously this i; very slow. In Section Il
the classi er for class. Note that each training examgildias E, We discuss a way to speed this up by a constant factor,
C weights,w?®, one for each binary problem. It is importanl_by reusing computation a_\t the leaves to co_mpute the score for
to note that the weights cannot be normalized for each bindRjerior nodes of the sharing graph. In Section II-F, we asc
problem independently, but a global normalization does n@tdreedy search heuristic that has complegiC?) instead
affect the resultsz® is the membership label (L) for example of O(2°).
i for classc.

For classes in the chosen subset?2 S(n), we can t E. Ef cient computation of shared regression stumps

a regression stump as before. For classes not in the chosef, oy 4luate the quality of a node in the sharing graph, we
subsetc 625(n), we de ne the weak learner to be a classp, st ng the optimal regression stump, a slow computation,

specic constan1k°.8The form of a shared stump is: since it involves scanning over all features and\althresholds
< ag |f vif > andc2 S(n) (whereN is the number of training examples). However, we
hm(viQ) = . bs if vif andc 2 S(n) (8) can propagate most of the computations from the leaves to
kS if cZS(n) higher nodes, as we now discuss.

At each boosting round, and for each isolated class (the
IFor each binary classication problem we can consider asateg leaves of the graph), we compute the parameterand b.
examples all the other classes and the background or jusbabkground for g set of prede ned thresholds and for all features, so as
class (in such a case we can set the weighte/to> 0 for samples in the t L th ighted Th th t
classc (zF = 1) or in the background class and we sgt = 0 for samples 0 minimize the weighted square error. en, the par_ame ers
i in one of other classe€  c). as andbs for each threshold and feature at any other internal
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1) Initialize the weightsv =1 and setH (vi;c)=0,i =1:N, At each round, we have to decide which classes are going to
c=1:C. share a feature. We start by computing all the features for th
2) Repeatfom =1;2;::1:;M leaves (single classes) as described in the previous Bectio
a) Repeatfon =1;2;:::;2° 1 We rst select the class that has the best reduction of the
i) Fit shared Stugp: error. Then we select the second class that has the best error
< as ifvi > andc2 S(n) reduction jointly with the previously selected class. Weke
hm(Vi;Q) = bs if Vif andc 2 S(n) adding the next best class, until we have added all the dasse
k¢ if czS(n) We then pick the set, from th€ we have considered, with
i) Evaluate error the largest error reduction. This set can have any size leatwe
1 andC.
Juse () = wi(z  hn(viic)® Since at each step we must consider adding one D¢@)
c=t 1= classes, and there a steps, the overall complexity of this
b) Find best subsenh = argmin n Juse (n). algorithm isO(C?). This is much better tha®(2¢) required
€) Update the class estimates for exhaustive search. We can improve the approximation by
H(vi;c):= H(vi;c)+ hD (vi;c) using beam search, considering at each step theNaestC
classes.

d) Update the weights

To compare the exhaustive and greedy search procedures,
we return to the toy data shown in Fig. 3. We consiber
2 dimensions butC = 9 classes (so that we can afford to
Fio 5 Boosting with shared ion stumisis thef h feature of th consider all possible subsets). For this experiment, theifes
i'tlﬁltréiningosgmza zicszafre l:eflregsgfe”tﬁé’labse‘l'z for Classezr?éiv? e are the raw coordinate values; we use 25 training samples per

the unnormalizedexample weightsN is the number of training examples, class, and 8,000 samples for the background.
andM is the number of rounds of boosting.

C

cpn .
we = wle Zhm (Vi)

Fig. 6.a illustrates the differences between exact seanch f
the best sharing, the best rst approximate search, the best
node can be computed simply as a weighted combinationgHirs only, a random sharing and no sharing. For each search
the parameters at the leaves that are connected with that nadgorithm the graph shows the number of stumps needed to
The best regression parameters for a subset of cl&$es achieve a xed level of performance (area under the ROC
s ac(f; We (f; ) = 0:95). We can see that using the exact best sharing or the

as(f; )= ST (12) one obtained using the approximate search (best rst) pewi
cas Wi () similar results. The complexity of the resulting multidas
b(f: )= 8 be(f; Ywe (f; ) (13) classi er (17 stumps) is smaller than the complexity of a-one
' i s We(f; ) vs-all classi er that requires 63 stumps to achieve the same
_ Py ‘ performance.
th ws(f; ) = ioa WE(vp > ) andwe(f; ) = . _ .
iN:l we (vif ). For each featuré, and each threshold Fig. 6.b illustrates the dependency of the complexity of the
, the joint weighted regression error, for the set of classeissi er as a function of the number of classes when using
S(n), is: different sharing patterns. For these experiments we use 2
X X dimensions, 25 training samples per class, and 40,000 sampl
Jwse(n) = (1 ab) we + (1 k) W +  for the background. As expected, when no sharing is used
c2s(n) c2s(n) (one-vs-all classi er), the complexity grows linearly withe
X X number of classes. When the sharing is allowed to happen
+ wi(z®  k%)? (14) only between pairs of classes, then the complexity is lower
c2S(n) i=1 that the one-vs-all but still grows linearly with the numlmér

The rst two terms correspond to the weighted error in thelasses. The same thing happens with random sharing. What
classes sharing a feature. The third term is the error for tifePerhaps a bit surprising is that, even though randomrstari

classes that do not share a feature at this round. This caneiBibits linear complexity, it still performs about as weti the
used instead of Eq. 7, for speed. best pair. The reason is that a random sharing will be good for

at least two classes at each round (in general, for D classes
F. Approximate search for the best sharing in D dimensions). prever, when using the best sharing _at
each round (here using best- rst search), then the complexi

As currently desc.“beé” the algorithm requires cor_nputlr@rops dramatically and the dependency between complexity
features for all possibl@ 1 subsets of classes, so it doeand number of classes follows a logarithmic curve
not scale well with the number of classes. Instead of seagchi '

among all possibl® 1 combinations, we use best-rst The above scaling results are on low-dimensional arti cial
search and a forward selection procedure. This is similar data, but the experimental results in Section Il show that t
techniques used for feature selection but here we groupedasalgorithm also scales to handle 21 object classes and &atur
instead of features. vectors of size 2000.
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& 80 &
o o 90t
70 1l
§ 60 8 80; No sharing;
o % 70t
8% o 60|
0 S .
o 40 » 50! Best pairs |
2 S
330 2 40,
S50 Q 30/ andom sharing
2 S 20
E1o 7 Best sharing
< £ 10 1
0 S
Best Best Best Random No Z 0 S S
sharing  first pairs  sharing sharing 1 10 20 30 40 5C
a) search b) Number of classes

Fig. 6. a) Comparison of number of stumps needed to achieveame performance (area under ROC equal to 0.95) when usingsearch, best- rst, best
pair, random sharing and no sharing at each round. We usedatayset withC = 9 classes plus a background clasDin= 2 dimensions. b) Complexity of

the multiclass classi er as a function of the number of atsssThe complexity of a classi er is evaluated here as thelrermof stumps needed for achieving
a prede ned level of performance (area under the ROC of 0.95)

[1l. M ULTICLASS OBJECT DETECTION of performing template matching. Witp = 1, the

In this section, we used 21 object categories: 13 indoor feature vector encodes the average of the Iter responses,
objects (screen, keyboard, mouse, mouse pad, speaker, com- Which are good for describing textures. In this paper,
puter, trash, poster, bottle, chair, can, mug, light); 7doot we usep = 10; this is good for template matching as it
objects (frontal view car, side view car, trafc light, stop approximates a local maximum operator (although other
sign, one way sign, do not enter sign, pedestrians); andshead values ofp will be useful for objects de ned as textures
(which can occur indoors and outdoors). We used hand-ldbele  like buildings, grass, etc.).
images from thé_abelMedatabase of objects and scenes [27], 4) Convolve the response with the spatial magk (to

available atabelme.csail.mit.edu ) test if the fragment occurs in the expected location).
This corresponds to make each feature to vote for the
A. Features expected object center. Convolution with the binary,
The features we use are inspired by the fragments proposed e€ctangular masks; can be implemented in a small
by [36]. As in [36], rst we build a dictionary of features by number of operations using the integral image [37].

extracting a random set dd = 2000 patches or fragments This will give us a very large set of training vectors. To
from a subset of the training images from all the classesh(witeduce the number we use only a sparse set of locations. From
objects normalized in scale so that they t in a bounding bbx @ach image in the training set we extract positive training
32x32 pixels). The fragments have sizes ranging from 4x4 yéctors by sampling the feature outputs at the object center
14x14 pixels. When we extract a fragmept we also record and negative training vectors by sampling randomly in the
the location with respect to the object center from which hackground (Fig. 7). We do not use samples that are inside the
was taken (within the 32x32 window); this is represented b3bject bounding box. For each chosen location, we get a vecto
a binary spatial masky; (we x the mask to be a square Of size equal to the number of features in the dictionaryngsi

of 7x7 pixels centered on the original fragment locatiorde S 2000 fragments give us a 2000 dimensional feature vector for
Figure 7.a for some examples. Once the dictionary is buigach location. However, by only usifg rounds of boosting,

for each image we compute the features by performing tike will select at mosM of these features, so the run time
following steps for each of the 2000 fragmefits complexity of the classi er is bounded byl .

1) For training, we rst scale the images so that the target At test time, objects are detected by applying the classoer
object ts in a bounding box of 32x32 pixels. We Cropthe jet of feature responses at each image location. As t3bjec
the images so that they are not larger than 128x1¥&re normalized in scale for the training images, objects ar
pixels. We will use the background around the obje@nly detected at a normalized scale of 32x32 pixels. Scale
to collect negative training samples. invariance is obtained by scanning scale by scaling down the

2) Apply normalized cross correlation between each fraffnage in small steps. This evaluation of features for allgma
ment g and the training images. Normalized cros#cations and scales, can be summarized as:
correlation can be speed up by approximating each patch frgey. ) — ; i
g with a linear combination of 1D separable lters [35], viOay )= (wre gl o ") (15)
[19]. wherel is the image at scale, g is the fragmentw; is

3) Perform elementwise exponentiation of the result, usirtge spatial mask, represents the normalized correlation, and
exponentp. With a large exponent, this has the effect represents the convolution operator.
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Fig. 7. a) Each feature is composed of a template (image jaithe left) and a binary spatial mask (on the right) indimatihe region in which the response
will be averaged. The patches vary in size from 4x4 pixels4w14. b) Each feature is computed by applying normalizeetation with the template. From

each image, we get positive(= 1) and negative (background® = 1 8c) training samples by sampling the set of responses fronhelfeatures in the

dictionary at various points in the background and in thetereaf each target object.

Fig. 8. Examples of typical detections for computer screrause, do-not-enter sign, mug and chairs (results are ste5 images processed from a typical
run). For each row, only the output of one object class detastshown. The results are obtained training 21 objectselsising 50 training samples per
class and 1000 background samples. The classi er uses 3@@rés (rounds of boosting). Images are cropped so thatiftbalty of detecting all the object

classes is the same independent of their real size. Imagesat®ut 180x180 pixels. Detections are performed by sognifie image across locations and

scales. Scale is explored by scaling the image with steps%f 0



IN PRESS, IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINENTELLIGENCE 8

70 features 15 features 15 features 70 features 15 features 15 features 70 features 15 features 15 features

Head

[ 7
)
[

!

0
0
0

20 tr. samples 20 tr. samples 2 tr. samples 20 tr. samples 20 tr. samples 2 tr. samples - 20 tr. samples 20 tr. samples 2 tr. samples
jﬁ EE Elr_E ‘ﬁ |7
< - 1
e
®
) O 0
0 1 0 10 10 1 0 1
° r
g R
=l -y Z
Q o
N4
1 0__ 1010 - N
@ of
3 8
o
= 3
=
1 0 10 1 0 1 0 1
1
1

Mug

0%

1 01
0__1 0 10 1
1
T

One way sign

L'_L-L
Do not enter

o
o
=
o
-
o
=
o
S

.01 1
[y 1 JI'
— 4

0

Computer
o
o =3

Fig. 9. ROC curves for 21 objects (red (lower curve) = isalatetectors, blue (top curve) = joint detectors). ROC is iobth by running the detector on
entire images and sampling the detector output at the totati the target and on the background. For each graph, theohtal axis is the false alarm ratio
and the vertical axis is the ratio of correct detections. éarh object we show the ROC obtained with different trairpagameters. From left to right: i) 70
features in total (on averagéD=21" 3:3 features per object) and 20 training samples per object5iijeatures and 20 training samples, and iii) 15 features
and 2 training samples. In the second and third cases, therfewer features than classes, so training each classaselyawill inevitably result in some
classi ers performing at chance (shown by diagonal ROCsljne
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Fig. 10. a) Evolution of classi cation performance of thattset as a function of number of boosting rounds (or featuRerformance is measured as the
average area below the ROC across all classes. Chance deddl and perfect detection for all objects correspond te=ate Both joint and independent
detectors are trained using up to 70 features (boostingds)u20 training samples per object and 21 object classesdakhed lines indicate the number of
features needed when using joint or independent traininghf® same performance. b) This graph shows how many objbate she same feature at each
round of boosting during training. Note that a feature sthaong 10 objects is in fact usir®) 10 = 200 training samples.
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[

B. Results on multiclass object detection

Figure 8 shows some sample detection results when running
the detectors with shared features on whole images by scan-
ning each location and scale, and nding the local maxima.
Figure 9 summarizes the performances of the detectors for
each class. For the test, we use an independent set of im-
ages. All the detectors have better performances wherettain
jointly, sometimes dramatically so. When separate classi
are trained, we require that exactly the same number of R—20—40 080 100 10 1W
features (weak learners) are used in total (summing across | ‘ ]
classes) as in the joint classi er, to ensure that the roreti
complexity of the two approaches is comparable.

Note that as we reduce the number of features and training
samples, all the results get worse. In particular, whemitmgi
the detectors independently, if we allow fewer featuresitha
classes, then some classi ers will have no features, and wil
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perform at chance level (a diagonal line on the ROC). Even for 20 40 60 80 100 120 140 160 180
the classi ers that get some features, the performance ean b ol - : I : :

. F H E patch masl
bad — sometimes it is worse than chance (_below t_he diagonal), 5q regression stumyf | ]
because there is not enough data to reliably pick the good 0 20 40 60 80 100 120 140 160 180
features or to estimate their parameters. However, theljoin V! (arbirary units)
trained detectors perform well even as we reduce the amoHBt 11. Example of a shared feature (obtained at round 4 obtivay)

of computation time and training data. between two objects (heads and trash-cans) when trainingjegts jointly.

Figure 10.a show performance of both methods improv§§e shared feature is shown at the bottom of the gure. It imek® by an

. . image feature (template and mask) and a regression stampand ). For

as we allow more rounds of boosting. The horizontal axis,., object, the blue graph shows an empirical approximatig(v jz¢ =

of the gure corresponds to the number of features (rounds) (negative examples), and the red graph shp@e jz¢ = 1) (positive

of boosting) used for all the object classes. The verticid ayexamples). The x-axis represent the feature indfces an arbitrary scale.
shows the area under the ROC for the test set, averaged across

all object classes. When enough training samples are prdyid _
and many boosting rounds are allowed, then both joint aRbiects that use each feature. From left to right the feature

independent classi ers will converge to the same perforcean ar€ sorted fro_m generic features (shared across many gJasse
as both have the same functional form. However, when orff} class-speci ¢ features (shared among very few objects).

a reduced number of rounds are allowed (in order to reduce/Ve can measure similarity between two object classes by
computational cost), the joint training outperforms thelased CcoUNting the number of features that they have in common
detectors. Furthermore, we expect the relative advantage@3d normalizing by the number of features used by each

joint training to get larger and larger as more classes ajechd C/ass (normalized correlation). Figure 13 shows the result
of a greedy clustering algorithm using this simple similari

measure. Objects that are close in the tree are objectdtiat s

many features, and therefore share most of their compuotatio
To gain some insight into how the algorithm works, it iSThe same idea can be used to group features (results not

helpful to examine which features it selects and why. Fig. Ishown).

shows an example of a feature shared between two objects

at one of the boosting rounds. The selected feature can help i i

discriminate both trashcans and heads against the bagiayrol?- SPECi C Vs. generic features

as is shown by the distribution of positive and negative damp One consequence of training object detectors jointly ifién t

along the feature dimension. nature of the features selected for multiclass object tietec
Figure 10.b shows the evolution of the number of object#hen training objects jointly, the system will look for fea¢s

sharing features for each boosting round. We expected to seat generalize across multiple classes. These featunes te

that the features chosen initially would be shared by maty be edges and generic features typical of many natural

classes, and the features chosen later would be more clasaictures, similar to the response properties of V1 cells.

speci ¢, but this is not what is observed. Similar results have been obtained using unsuperviseditegr
Figure 12 shows the nal set of features selected (theethods, such as ICA, applied to image patches, but we

parameters of the regression stump are not shown) and thdained our results using supervised, discriminativehous

sharing matrix that speci es how the different features arfgimilar to a neural network).

shared across the 21 object classes. Each column correspond@he generality of the features we nd is in contrast to

to one feature and each row shows the features used for edsh claim in [36] that class-speci c features (of intermegdi

object. A white entry in cell(i;j ) means that objedt uses complexity) are best. When training classi ers indepertijen

featurej . The features are sorted according to the numberwke nd that class-specic features are indeed best, since

C. Feature sharing
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Fig. 12. Matrix that relates features to classi ers, whidtows which features are shared among the different objesset. The features are sorted from
left to right from more generic (shared across many objectshore speci c. Each feature is de ned by one lter, one sphimask and the parameters of
the regression stump (not shown). These features were rchisa a pool of 2000 features in the rst 40 rounds of boosting

ey —— T e ] = = I I . I _
fle ® E =0l
L, - s ¥
Screen Poster Mouse Head Chair  Car Trash Mug SpeakerComputer Do not Stop Keyboard Light Mouse One way Car side Bottle Person an Trafic
frontal enter sign pad sign light

Fig. 13. Clustering of objects according to the number ofethdeatures. Objects that are close in the tree are objeatshare more features and therefore
share most of the computations when running the classi ersneages. This clustering is obtained by training jointly @jects, using 70 stumps and 50
training samples per object.

they are more discriminative and therefore fewer are needéat each object. This is what we observe when training the
However, in cases where we cannot afford to have a largeame detector jointly with 20 other objects. The new feaure
number of features, it is better to use generic featuresesir(Fig. 14c) are more generic (con guration of edges) which ca
they can be shared. be reused by other objects.

Fig. 14 illustrates the difference between class-specnd a
generic features. In this gure we show the features setecte
for detecting a trafc sign. This is a well-de ned objectE The number of features needed is approximately logarith-
with a very regular shape. When training a single detectBiC in the number of classes
using boosting, most of the features are class-specic (theOne important consequence of feature sharing is that the
selected features are pieces of the target object despite thumber of features needed grows sub-linearly with respect
the algorithm could chose pieces coming from other 20 objeat the number of classes. Fig. 15.a shows the number of
categories) and behave like a template matching detecter (&atures necessary (vertical axis) to obtain a xed pertmoe
Fig. 14b). But when we need to detect thousands of othes a function of the number of object classes to be detected
objects, we cannot afford to develop such specic featur€Borizontal axis). When usin@ independent classi ers, the
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Fig. 15. Comparison of the ef ciency of class-speci ¢ anchebd features to
represent many object classes (in this experiment we usexbj2@t classes
by adding to previous 21 classes also frontal faces, pankiater, pot, paper
cup, bookshelf, desk, laptop, and re hydrant). a) Total bemof features
needed to reach a given classi cation performance for al dbjects (area
under the ROC equal to 0.95). The results are averaged a2€ossining
sets and different combinations of objects. Error barsespond to 8%
interval. As we increase the number of objects to be reptedethe number
of features required to keep performance constant incrigassly for class-
speci ¢ features and sub-linearly for shared features. bijnRer of features
allocated for each object class. When sharing featuresfetiieires become
less informative for a single class, and we therefore neede nfieatures
per class to achieve the same performance compared to Ussgspeci ¢
features.
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¢) Selected features when trained jointly

Fig. 14. Specic vs. generic features for object detecti@).An object with
very little intra-class variation. (b) When training an @mbndent detector,
the system learns template-like Iters. (c) When trainethijg with 20 other
classes, the system learns more generic, wavelet-likes.lte

complexity grows linearly, as expected. However, whenesthar ) . . .

features are used, the complexity seems to groleg<). (A F. Loss function for multiclass object detection

similar result has been reported by Krempp, Geman and AmitWe have given the same weight to all errors. But some mis-

([18]) using character detection as a test bed.) labelings might be more important than others. For instance
When the system is required to represent an increasiidgs not a big error if a mug is mislabeled as a cup, or if a

number of object categories, each shared feature becorfi@d is mislabeled as a bottle. However, if a frontal view of a

less informative for a single object class and, thereforerem car is mislabeled as a door that could be hazardous. Changing

features are required for achieving the same detectiomperfthe loss function will have consequences for deciding which

mance than if we were using C|ass-speci c features (F|g))15 objects will share more features. The more features that are

However, the fact that we can allocate more features for eaghared by two objects, the more likely it is that they are goin

object by reusing features from other object classes gult to be confused at the detection stage.

a reduced set of features (Fig. 15.a). Fig. 15.b explains why

class-speci ¢ features are the preferred representatioenw IV. MULTIVIEW OBJECT DETECTION

studying representations for single object classes. Aljho  When building view invariant object detectors, the staddar

this is the goal of some computer vision applications (e.gapproach is to discretize the space of poses, and to imptemen

car detection), the human visual system is confronted withaaset of binary classi ers, each one tuned to a particulagpos

more general multiclass object recognition problem. (e.g., [30]). In this section, we discuss how to train a sing|
Both graphs in Fig. 15 show a trade-off between theaultiview classi er that exploits features that are shaaedbss

ef ciency of the multiclass object representation and thgre- views.

sentation of a single object class. A useful strategy woeltbb  One problem when discretizing the space of poses is to

devote class-speci ¢ features for classes of special@steFor decide how ne the discretization should be. The ner the

instance, faces play an important role in human vision aad arsampling, the more detectors we will need and hence therlarge

IT contains cells selective for faces and parts of facesefathe computational cost. However, when training the detscto

speci ¢ features emerge when we indicate to the algoritham thjointly, the computational cost does not blow up in this way:

a larger ef ciency is required for that object class (thigleme If we sample too nely, we nd that many of the views are

by increasing the penalty of classi cation errors for theda quite similar, and hence can share many features.

class). The resulting visual dictionary contains genexatdres  In the case of multiple views, some objects have poses that

(shared across many object classes) and face-speci cré=atuook very similar. For instance, in the case of a car, both

devoted to an ef cient encoding of faces (see Section VI). frontal and back views have many common features, and both
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Fig. 17. a) Detection results on images from the PASCAL ctitten (cars test set 2, [8]). The classi er is trained on 18ws of cars from the LabelMe
dataset (50 positive examples for each view and 12860 bagkdrsamples) and uses 300 shared features. The detectidts rare organized according to
the con dence of the detector (from high precision/low fed¢a low precision/high recall). The rst row are randomlelected among the most con dent
detections. Each row represents a different point in theigion-recall curve. b) Precision-recall curves commaur algorithm with algorithms evaluated
during the PASCAL challenge.

detectors should share a lot of computations. However,én theneralization is poor and it is not a function of how many
case of a computer monitor, the front and back views afeatures are used by the classi er, see next section). Messi
very different, and we will not be able to share features. OGrand 4 evaluate performances for same computational cost.
algorithm will share features as much as possible, but dnlyNote that if the algorithm can use as much training data as he
it does not hurt performance. wants, and use as many computations as needed, then there

Fig. 17 shows the detection results obtained on the PASCA(Y.”I not be any difference between sharing and no sharing

dataset [8] which contains a challenging set of cars Wi{ﬁatures in this framework.

multiple views. We trained a set of classiefd (v;c; i),

for the car class and posg (with some tolerance). For V. LEARNING FROM FEW EXAMPLES MULTICLASS VS
those patches in which the detector is above the detection MULTIVIEW

thresholdmax; fH (v;c; i)g> th, we can estimate the pose  \oiher important consequence of joint training is that the
of the object_as = argmax , fH (v;c; i.)g' Fig. 17.a shows mount of training data required is reduced. Fig. 9 shows the
some detection _results ranked aC(_:ordlng to con der_1ce of t C for the 21 objects trained with 20 samples per object,
detector. The different aspgct ratios (.)f the. bounding boxﬁﬁd also with only 2 samples per objects. When reducing the
correspond to the hypothesized car orientations. amount of training, some of the detectors trained in isofati
Fig. 17.b compares performances with respect to othgerform worse than chance level (which will be the diagonal
algorithms from the PASCAL challenge [8]and also fronon the ROC), which means that the selected features were
[11]. Our algorithm is evaluated in four versions: 1) onenisleading. This is due to the lack of training data, whichtéwu
training sample per view, 800 features (rounds of boostinghe isolated method more. In the case where we are training
and no sharing (referenced in the gure §®eci c-1-800, 2) C object class detectors and we haMe positive training
one training sample/view, 100 features, and sharsigafed- examples for each class, by jointly training the detectoes w
1-100, 3) 50 training samples/view, 300 features, and nexpect that the performance will be equivalent to trainiaghe
sharing épeci c-50-300, and 4) 50 training samples/view,detector independently withl © positive examples for each
300 features with sharingsiiared-50-300 Versions 1 and class, withN N€ NC. The number of equivalent training
2 evaluate the ability of the algorithms to generalize fromamplesN € will depend on the degree of sharing between
few training examples (note that without sharing featuresbjects.



IN PRESS, IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINENTELLIGENCE 13

the MacBrain Face Stimulésdatabase (Fig. 19). There are
16 emotions and 40 faces per emotion. We use 5 faces of
each class to build the feature dictionary (2000 featutes).
SurprisedOpen SadOpen SadClosdervousOpen NervousClod¢appyExtreme HappyOpenHappyClos: training we used 20 additional faceS and 1000 background
patches selected randomly from images. The test is perfbrme
on the remaining faces and additional background patches.
The joint classi er is trained to differentiate the facesrir the
background (detection task) and also to differentiate betw
Fig. 19. Example of the emotions used. the different emotions (recognition task).
Fig. 20 shows the features selected and the sharing between
the different emotion categories. The rst 5 features amrst
. e across all classes. Therefore, they contribute exclusteethe
To get an estimate of how much larghr® is compared task of detection and not to the recognition. For instantte, t

to N, we ran two experiments in which the classes have™.. . :
. C . smiling-face detector will have a collection of featureatthre
different degrees of similarity. In the rst experiment, weed

12 different object classes; in the second, we use 12 differd € eMC toal .fac?s’ as part of th_e dif (_:ulty of the classiton
; . . ! .15 in the localization of the face itself in a cluttered scehlee

views of a car (see previous section). For this COrm)‘fjmsotpélinin of a speci c class detector will benet from havin

we used 600 features in the dictionary, and 1000 negative g b 9

examples in the two experiments. We used for training ae&(amples from other expressions. Note that the featured use

test images from the LabelMe dataset. or the recognition (|.e._, not shared among all classes) als
contribute to the detection.

Intuitively, we expect that more features will be shared Fig. 21 summarizes the performances of the system on
in the multview case than in the mudiass case. The ex- getection and emotion recognition. The ef ciency of the Ina
periment conrms this intuition. Specically, we nd that gystem will also be a function of the richness of the dictigna
in the multiclass case, each feature was shared amongst(%4mage features used. Here we use image patches and
classes on average, whereas in the multiview case, eaehdeat,malized correlation for computing image features, as in
was shared amongst 7 classes on average. In Fig. 18, \ye previous sections.
see that that in the multiclass cade¢;  2:IN (i.e., we  Recently it has become popular to detect objects by detect-
need to double the size of the_ training set to get the_ Sam@ their parts, and checking that they satisfy certainiapat
performance out of class-specic features), and that in the ciraints (see e.g., [12], [10]). Our algorithm implicidoes
multiview case,N® 48N (i.e., joint training effectively s: the spatial mask is a way of requiring that the fragment
increases the training set by almost a factor of 5). occurs in the desired place. However, the fragments that are

chosen do not have any special semantic meaning [36]. For
example, Fig. 20 shows the features we learn for faces; they

do not have a clean correspondence with nameable parts like
VI. FEATURE SHARING APPLIED TO FACE DETECTION AND eyes, nose, mouth, etc.

RECOGNITION

FearOpen FearClose DisgustOpen DisgustClose CalmOpen CalmClose AngryOpen AngryClose

VIl. RELATED WORK

Feature sharing may be useful in systems requiring differ-We rst discuss work from the computer vision literature,
ent levels of categorization. If we want to build a systerand then discuss work from the machine learning community.
to perform both class detection (e.g. faces vs. background)
and instance-level categorization (e.g., recognitionpefcsc
faces), a common approach is to use a two stage system: ) _
rst stage is built by training a generic class detector (et ~ 1here has been a large amount of work on object detection
any face), and the second stage is built by trainingadelﬂca?nd classi cation. Here we only mention results that are

classi er to discriminate between speci ¢ instances (ergy concerned with multi-class quect dete<_:ti0n in clutter.
face vs. all others). Perhaps the closest previous work is by Krempp, Geman

By applying the feature sharing approach, we can tra‘Flnnd Amit [18]. They present a system that learns to reuse

one classi er to solve both tasks. The algorithm will nd thepa\.rtS fqr detecting several .ObJeCt categories. The system i
trained incrementally by adding one new category at eagh ste

commonalities between the object instances, deriving igene . .
. ] and adding new parts as needed. They apply their system to
class features (shared among all instances) and speciss cl

features (used for discriminating among classes). Thisiges aetectlng mathematical characters on a background compose

. : : of other characters. They show that the number of parts grows
a natural solution that will adapt the degree of featureisbar I .
. : o logarithmically with respect to the number of classes, as we
as a function of intra-class variability.

To illustrate the feature sharing approach, we have trainedDevelopment of the MacBrain Face Stimulus Set was oversgeNitn

a system to do face detection and emotion recognition (th@tenham and supported by the John D. and Catherine T. MawAr
Foundation Research Network on Early Experience and BraveDpment.

S_ame approach Wlll_gpply for other 'ntr_a'd‘?‘ss discrimorag Please contact Nim Tottenham at tott0006@tc.umn.edu fae nmformation
like person recognition, gender classi cation, etc.). WW&e u concerning the stimulus set.

%eMuIti—cIass object detection
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Fig. 18. Detection performance as a function of number aitng examples per class. (a) 12 objects of different catego(b) 12 views of the same object
class. Sharing features improves the generalization wlwertriining samples are available, especially when thesetahave many features in common (case
b). The boosting procedure (both with class-speci ¢ and-ethdeatures) is run for as many rounds as necessary to acmaximal performance on the test
set.

AngryClose
AngryOpen
CalmClos
CalmOpe
DisgustClos
DisgustOpe
FearClos
FearOpe
HappyClos
SurprisedOpe
HappyOpe
NervousClos
NervousOpe
SadClos
SadOpe

Generic features Intra-class specific features
(Detection) (Detection and recognition)

Fig. 20. Sharing matrix for face detection and emotion cleaon. This matrix shows the features selected using @nds of boosting. The (face) generic
features are used to distinguish faces from non-faces dfitatetask), while the intra-class speci c features parfoboth detection (distinguish faces from
the background) and recognition (distinguish among fategesies). Here, the degree of sharing is larger than thenghabtained in the multiclass and
multiview experiments.

have found. However, they do not jointly optimize the shared Fei-Fei, Fergus and Perona [9] propose a model based on
features, and they have not applied their technique to retiie geometric con guration of parts; each part is represent
world images. as a local PCA template. They impose a prior on the model
A related piece of work is by Amit, Geman and Fian [3]parameters for each class, which encourages each class to be
They describe a system for multiclass and multi-pose objegitilar, and allows the system to learn from small sample
detection in a coarse-to- ne search. They model the joisizes. However, this is a generative model, not a discritiviaa
distribution of poses between different objects in ordegét one, and has run-time complexityNd where d is the

better results than using independent classi ers. TheiFCT

search yields candidate locations which are then validat8gmper of interest point detections ahd is the number of
using a generative model. model parts. Hence it is too expensive to detect objects in
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Fig. 21. This gure evaluates the performances of the joiassi er by splitting both tasks, detection and recogmiti@) ROC for face detection and, b)
confusion matrix for emotion classi cation with 30 shareshfures and 15 emotion categories. The numbers correspgretdentages.

really cluttered images. hidden layer is naturally shared amongst the output classes
, The algorithm proposed in this paper is also related to the

LeCun, _Huang, and Bottou [21] use Convqu'uonaI_ Neur%ea of error correcting output codes (ECOC) developed by
Networks in order to learn to class_lfy s_everal toy_ objects Bietterich and Bakiri [7]. This is a way of converting binary
backgrounds of moderate complexity. Since the hidden 8yeiasq; ers into multi-class classi ers [2]. The idea of ECO
are shared by all the classes, they learn common features. W&, construct a code matrix with entries inf 1,0:+1g.
discu.ss this in more detail below, when we discuss mulk-tagy are is one row per class and one column for each subset
learning. being considered. A binary classier is t for each column;

More recently, Bernstein and Amit [5] show that one cafe 1's in the column specify which classes to group together
use clustering (EM applied to a mixture of bernoulli-protlu@S Positive examples, and thel's specify which classes to
models) to discover 'features’, or little patches, whicin¢aen treat as negative examples; the 0 classes are ignored. &iven
serve as a universal dictionary for subsequent generdtigsic €xamplev, each column classi er is applied to produce a bit-
ers. In particular, the codebook or dictionary is constectby
clustering patches of binary oriented-edge Itered imagesv The estimated class label is the one corresponding to the row
images are then recoded in terms of which codeword occiygich is closest in Hamming distance to this bit-vector.
where; a new mixture model, one per class, is then t this The goal is to design encodings for the classes that are
transformed data. However, the dictionary of patches isesha ésistant to errors (misclassi cations of the individuatsh
across classes. They demonstrate results on handwritfizs, di There are several possible code matrices: (iigs sizeC  C,
Latex symbols and the UIUC car-side dataset. Transferrigd has+1l on the diagonal and 1 everywhere else; this
knowledge between objects to improve generalization hes aforresponds to one-against-all classi cation. (2)as sizeC
been studied in several recent papers [4], [17], [34]. 5 in which each column corresponds to a distinct pair of

labelsz;y; z,; for this column, has+1 inrowz;, 1inrow
z, and 0 in all other rows; this corresponds to building all pair
ofi vsj classiers[15]. (3) hassizeC 2¢ 1, and hasone
column for every non-empty subset; this is the complete.case
(4) is designed randomly and is chosen to ensure that the
rows are maximally dissimilar (i.e., so the resulting codes h

B. Multi-class classi cation good error-correcting properties). Allwein et. al. [2] shthat

3An additive model of boosted stumps is like a 2 layer perceptwhere
the m'th hidden unit acts like a weighted linear threshold utit; (v) =

As mentioned in the introduction, the insight that leaming (v > )+ b The main difference from standard multi-layer percepiron
i the learning procedure: instead of learning all pararaet¢ once using

to solve multlple tasks at once is easier than SOIV'ng th kpropagation (gradient descent), the parameters areel® sequentially

separately has been exploited in the eld of “multiple tasksing weighted least squares plus exhaustive search ghhboosting can

Iearning” [6] or “inductive transfer” [32]_ The vast majttyi be viewed as gradient descent in a function space [13].)dotige, boosting
is orders of magnitude faster than backprop. It is also memel in the

. : i
of this Work_ has focused on the case where the .CIaSS' er f@nse that the weak learners do not have to be simple linesshttld units
be learned is a feedforward neural network. In this case, t{decision stumps).
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the popular one-against-all approach is often suboptitnal,
that the best code matrix is problem dependent. Our algorith
learns the best possible subset to use at each round. Anomﬂr
difference between our approach and the ECOC framework is
how we use the column (subset) classiers. In ECOC, thé¥l
classify an example by running each column classi er, aqu]
looking for the closest matching row in the code matrix. In
our algorithm, we add the output of the individual columnls]
(subset) classi ers together, as in a standard additiveehod
[14]

El

VIII. CONCLUSION [15]

We have introduced an algorithm for multi-class object
detection that shares features across objects. The resalt {16l
classi er that runs faster (since it computes fewer featyre
and requires less data to train (since it can share datasaci®g
classes) than independently trained classi ers. In paldic
the number of features required to reach a xed level gfg
performance grows sub-linearly with the number of classes,
as opposed to the linear growth observed with independer}tllg]
trained classi ers.

We have applied the algorithm to the problem of multi-
class, multi-view object detection in clutter. The jointigined [20)
classi er signi cantly outperforms standard boosting (ah is
a state-of-the-art method for this problem) when we contr{si]
for computational cost (by ensuring that both methods use
the same number of features). We believe the computatigp
of shared features will be an essential component of object
recognition algorithms as we scale up to large numbers [%]
object classes.
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