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Abstract 9]. Generative object recognition algorithms create object
class models using only the data of the class to be modelled.
Here we explore a discriminative learning method on un- A significant benefit of generative models is their ability to
derlying generative models for the purpose of discriminat- elegantly handle missing data problems. In a local-feature
ing between object categories. Visual recognition algo- based object recognition context a particularly important
rithms learn models from a set of training examples. Gen- missing data problem is the mapping of detected features
erative models learn their representations by considering to object parts. In addition, generative methods tend to al-
data from a single class. Generative models are popular in low for elegant integration of prior knowledge [10]. Finally,
computer vision for many reasons, including their ability to generative techniques are well suited for modelling large
elegantly incorporate prior knowledge and to handle cor- numbers of object categories, as they easily allow for the
respondences between object parts and detected featuresntroduction of new object classes. However, by not taking
However, generative models are often inferior to discrimi- account the statistics of similar classes, these models can
native models during classification tasks. We study a dis-perform poorly when asked to classify similar object cate-
criminative approach to learning object categories which gories. Discriminative object recognition techniques, on the
maintains the representational power of generative learn- other hand, utilize the data from multiple object classes to
ing, but trains the generative models in a discriminative create classifiers. SVMs [11] and Boosting [6] are exam-
manner. The discriminatively trained models perform better ples of common discriminative techniques. Such methods
during classification tasks as a result of selecting discrimi- tend to outperform their generative counterparts, but do not,
native sets of features. We conclude by proposing a multi-in general, provide easy methods for handling missing data
class object recognition system which initially trains object and incorporating prior knowledge. Our goal is to create
classes in a generative manner, identifies subsets of similarobject class models which take advantage of both the flexi-
classes with high confusion, and finally trains models for bility provided by generative methods and the classification
these subsets in a discriminative manner to realize gains inperformance increases provided by discriminative learning.

classification performance. In this paper we use a principled probabilistic approach

to extend the generative ‘Constellation Model’ [1, 2] frame-
work for creating object class models to a discriminative
setting. We directly optimize the conditional distribution

Humans can easily recognize and distinguish thousands 01Wh'|e mgmtammg an underly!ng generanve mpgiel (th'.s ap-
proach is also known as maximizing the Conditional Likeli-

visual categories. The best computer algorithms achieve e ) . .
9 P g hood or CL). Utilizing a generative framework in conjunc-

only a fraction of human performance in terms of both i ith a discriminati timization has b ious|
the number of classes recognized and the accuracy in disHon With a discriminative optimization has been previously

tinguishing between those classes. The impressive perforprwo‘%d by other authors [12, 13, 14]. These studies do

mance of the human system can be ascribed to both owncjt observe substar?t'ial gains in. using CL over generative
ability to recognize the overall appearance of objects, and toap;:;}oaﬁfgs dotn tra?moonal Ie?g:mgbs_ys:_e ms c:ag]a_l-setts dsu_ch
detect subtle differences between very similar object class®> '€ ata-sets. ne o7 the oJECTIVES Ot this Study 1S

categories, such as the difference between male and femal%o assess the performance of the discriminative method for

faces or mopeds and motorcycles. ocal-feature based visual object recognition.

Algorithms for learning representations of object class  We conclude by proposing a general approach to object
categories can be roughly grouped into two separate pararecognition which utilizes the relative merits of both the
digms: Generative [1, 2, 3, 4, 5] and Discriminative [6, 7, 8, generative and discriminative learning paradigms. In this

1 Introduction



Figure 1:Examples of generative Bicycle and Motorcycle mod- Figure 2: Examples of discriminative Bicycle and Motorcycle

els. The circles indicate the positions of the best hypothesis. Themodels. The best hypotheses tend to model the body and frame

generative models tend to model the wheels, which are similar in of both the bicycle and motorcycle classes respectively. The loca-

their relative positions and appearance for both classes. tions of the best hypotheses appear less consistent than in the ML
models.

system, models are initially trained in a generative fashion.

Next, subsets of classes with high confusion are identified, feature detection using either supervised or semi-supervised

which indicates similarity between classes. Each subset is€arning. For supervised learning, we manually select reg-

then trained in a discriminative manner. The result is a setistered regions of images for learning from labelled images.

of class representations that model the unique aspects of alln semi-supervised learning, the feature detection process

the classes. is accomplished using the Kadir and Brady [15] detector,
This paper is organized as follows: First we will review however the algorithm maintains knowledge of the class la-

the Constellation Model. We will then outline our discrimi- Dels for each imade

native learning approach. Finally, we will show examples of ~ For supervised learning, we manually register 9 features

both generative and discriminative models, highlight their for use by our learning algorithm: left eye, right eye, left

differences, and illustrate a system which utilizes both tech- hairline, right hairline, center hairline, nose tip, left mouth,
niques. right mouth, and chin (see Figure 3). When features are

missing or occluded we choose the closest position in the

image as our feature. A constant scale was assumed for all
2 Review of the Constellation Model features across all images for the supervised experiments.

We automate the feature selection process by using a fea-

Our approach to object class modelling builds on earlier ture detector in semi-supervised learning. The Kadir and
work by Weber et al. [1] and more recently that of Fergus Brady feature detector returns the positions, scales, and rel-
et. al. [2]. In this framework, an object is modelled by a ative saliency of interest points within an image. The detec-
‘constellation’ of several parts, with each model containing tor is well-tuned for detecting circular regions within im-
information on both the appearance and relative position ofages, including eyes and wheels. The interest points with
each part. In the following experiments we use a simplified the highest saliency are used as features for learning.
version of the constellation framework, which utilizes only In order to construct an appearance representation for the
three parts and does not include an explicit model for oc- salient points, we extradtl x 11 pixel patches centered on
clusion or relative scale. We use gaussian probability den-the Kadir and Brady features. We scale the size of the patch
sities to represent the variations in appearance and shape adxtracted to correspond to the scale of detection and then
the three components. The parameters for our models argub-sample the patchestd x 11 matrices. We reduce the
learned by extracting interesting features from a set of train-number of appearance parameters to be optimized by per-
ing images and using these features to maximize a modeforming PCA on all patches from every image. We select
representation. the first K' principal components for our appearance mod-

els, whereK is typically 10. We use a matrix4¢, of size

2.1 Feature Detection and Representation

INote the departure from the terminology of [2] and [10] who consider

. . . their algorithms 'unsupervised'. This distinction becomes particularly im-
Interesting locations, referred to dsaturesor interest portant with the advent of purely unsupervised object learning algorithms,

points must be identified within all images. We accomplish i.e. [16]



SUPERVISED KADIR + BRADY

model component. Since we do not a priori know which
interest point belongs to which model component, we in-
troduce a hypothesis variable which maps interest points
to model parts. We order the interest points in ascending
order of x-position. There ar® model parts. This results

in a total of(]ff) unique combinations of interest points and
parts, where each hypothesisvill assign a unique interest
Figure 3: (Left) Examples of features selected manually for point to each model paftWe marginalize over the hypoth-

Schwarzenegger. Nine total features are selected. (Center) Thesis variable to obtain the following expression for the log
same image but with features found using the Kadir and Brady |ikelihood for a particular class:
detector. The 15 most salient features are shown.

= > log(Y_w(If, hlée) (2)
F x K to represent the appearances of all features within ieC h
imagei of classc, whereF' is the number of features used. _ Io AC B0, - p(XE, R0, 3
F typically ranges from 25-30 for semi-supervised learning. @Zc g(%:p( > hle) - p(XEhlEe)) - B)
2.2 Shape Representation This generative approach can lead to difficulties when

attempting to distinguish between similar object categories.
We construct a shape model to represent the variations inFig. 1 shows several images from two similar classes, Bi-
position for each model part. We record the positions of all cycles and Motorbikes, and the corresponding locations of
interest points within an imagefor classc in the variable  the best hypothesis. The relative positions and appearance
X¢. We attempt to find the optimal mean and variance of of the parts seem similar between the two classes, leading
gaussian densities for the shape model. The positions of alkto confusion during classification tasks.
model parts are relative to the first part. By conditioning on
the first model component, the model becomes invariant to

translations. 3 Discriminative Model

23 Generative Model Here we consider a discriminative formulation for learn-
ing object categories. Similar to the generative models de-
Here we present a generative framework which obtainsscribed above, we assume that our models can be described
maximum likelihood estimates for parameter values of eachby a parameter vectat,. However the discriminative ap-
object class. Our goal is to find a set of model parame- proach maximizes the conditional distributigrf.|I?), of
tersd., wherec is a particular class of objects, which opti- all the classes given all the data. By maximizing the Condi-
mizes the appearance and relative positions of the patchesional Likelihood (CL) expression, we are maximizing the
extracted from images in that clas. represents both the  probability that each image (representediisy belongs to
means and diagonal variance components. Consider a sets own label ¢):
of object classes ranging froin.C' and indexed by:, and
the images belonging to each of these classes, ranging from

1..N.and indexed_by‘. We have extracted_both appearance, 10g(H HP(9c|If)) = (4)
A¢, and shapeX?, information from each imagg’. We as- ¢ iec

sume that the shape and appearance models are independent c .

of one another and that the images are I.1.D. The log likeli- Z Z { log(p(17]0c)) + log(p(c)) — log(p([; >)}
hood of the training images given a particular parameter set e

0is:

Next we expanag(I¢) which corresponds to the proba-
bility of data-point from the current class belonging to any
. B . c of the classes. We index the ‘competing’ classeg blur-

Zlog(p(li ) = Zlog(p(Ai 0e) - P(X710:) (1) thermore, we remove the prior probability of a clags;),
1€C 1€C e L

as it is independent of the parameters we are optimi#ing,
The maximum likelihood estimate will find the value@f  We obtain:
WhICh intlmlzes the eXpreSSIC.m above. .leen a partl(_:UIar 20ne of the significant limitations of the constellation model is the
image I, we obtain a set of Interest points as descr'bed computational cost induced by the combinatorial explosion relating the
above. We must assign an interest point to a particularnumber of interest points used and the number of model components.




Optimization Time Performance vs. Alpha
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Z Z { log(p(‘[z |96)) lOg ( Zp(‘[z |9!])p(g)) } (5) % 5 . SCA)LSTK:'ANS (EM) g 0 CATS Train
c ieC ML g £, + CATS (EM) oo
The equation for maximizing CL consists of two terms. Ez // g
The first is the maximum likelihood term used in the gen- 57 — &
erative approach, from which we subtract the second term, . %0

the p_robability of a_data-point_belonging to any other_ class. 0 A 1 T U
Intuitively, data-points are being pulled towards their own

class label while being pushed away from other competing Figure 4: (Left) Optimization time as a function af. Both ML
classes. Finally, we note that the relative strength of the ML and CL models are trained using conjugate gradientaAt 0

and CL terms can be weighted using a tetnthereby al- we have a purely generative approach, andfer 1 a purely dis-
lowing for a continuum between purely ML and purely CL criminative approach. The time scale islig, , minutes. The CL
models: models take longer to optimizé,x longer for the Politicians data-

set and10x longer for the Cats data-set. Results shown for both a
9 interest points, 100 train images supervised ‘Politicians’ data-set
Z Z { log(p(I¢]6.)) —a - log ( ZP(Iﬂ@g)p(g)) } (6) gnd 20 interest points, 150 train images Cat Species data-set. Both
oo ——— 5 ata-sets cc_)nt_aun 4 _classes. Red an_d blue s_tars |nd|_cate the time
L taken to optimize using the EM algorithm. (Right) Train and Test
performance as a function af for the Politicians data-set (black

Wherea = 0 is a an entirely ML approach and = 1 . )
cL h. Varving th I f ful f curves) and the Cat Species data-set (green curves). Increasing
a pure approach. varying the value ®lis useful for the discriminative power increases the performance as well as the

illustrating the relative merits of generative and discrimi- amount of over-fitting as measured in the difference between the
native techniques. All our object models used a complete yrain and test performance.

discriminative model withoe = 1 unless otherwise speci-
fied.

Returning to the Motorcycle and Bicycle classes (Fig. 2), o ) . .
optimize the CL models. Conjugate gradient requires the

we notice that the model parts for CL models tend to repre- “F""""4 - °
sent the body of the classes rather than the wheels. The fead€rivative of the CL expression with respect to each para-
tures along the body intuitively seem to provide more dis- meter of the model. The derivatives can be easily obtained

criminative power than the wheels for these object classes. USINg the following expression:

M

O \og (p(0.1)) =

3.1 Model Testing 90,
The performance of the discriminative models can be as- 9 c 9 ¢

—1 If0.) — —1 7|0 7
sessed by presenting a novel test imd@eand calculating 0. og p(I7|6) 90, ngg:p( 165)p(9) ™

the probability of this test image being generated by any
given classp(If|67), whered? is an optimized CL model. 6. represents both the mean and variance for the parts of the
Note that the term representing the competing classes in thenodel. We also note that the parameters of a dlasap-
discriminative framework optimizatiom(I¢), is the same  pear in the background term of all competing classes, and
for all classes. If the highest probability model corresponds these must be accounted for when taking the derivatives.
to the class label for that image, the image is correctly clas-Learning is terminated when either the gradient at a partic-
sified. For the generative models, we utilize a likelihood ular iteration is below a threshold or the maximum number
ratio between the class models, which is equivalent to find- of conjugate gradient iterations is reached. The maximum
ing the model with highest probability for a particularimage number of iterations is arbitrarily set to 100. We choose
I¢ (see [2] for a full derivation of the generative approach). random initial starting conditions for all models to initialize
both the EM and conjugate gradient optimization routines.
By varying the value ofv we can explore how the com-
putational cost changes as the model becomes more dis-
We wish to maximize the expressions for both the genera-criminative (see Fig. 4). Our experiments indicate a steep
tive and discriminative approaches derived above. We useincrease in computational time when moving fram= 0.9
the Expectation Maximization [17] (EM) algorithm to op- to a = 1 with a corresponding minimal increase in per-
timize the generative models. Learning is terminated after formance, indicating that it might be more computationally
100 iterations. The conjugate gradient algorithm is used tofavorable to not use the fully discriminative learning model.

3.2 Model Optimization



The term representing the competing classes in the CL ex-(A)
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pression introduces many additional local minima to those e oo
found in ML. Large combinations of features and parts are o qf o @ | f o0 J a0
computationally prohibitive using the current optimization ..
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tion time between the conjugate gradient algorithm with % . @ f om® 4o &
a = 0 and the EM algorithm for the ML learned models.
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The EM algorithm is slightly faster but does not result in a
noticeable change in performance.

PART 2 2 PART 2

4 Supervised Discrimination ] - -

Our initial experiments are conducted on a data-set con-() [
sisting of 4 famous politicians. ~The Politicians data-, '
set contains images of John Kerry, George Bush, Arnoli
Schwarzenegger, and Bill Clinton. Each data-set contait &
about 150 images of which typically 100-120 are used ft
training. The resolution is aboQ00 x 200. See the appen- =
dix for information on data collection. =

generative models for the politicians data-set. There ¢= v
several interesting things to note. (1) The models found |=
ML and CL optimization differ as can be seen by the lo-
cations for the best fitting hypotheses. (2) The CL appe:_ =z
ance models seem to be less homogenous between claZ
than their ML counterparts as indicated by the clustering _ .=
points within the ML appearance models and the gene

dispersion of points seen in the CL appearance models. §
Features along the hairline are the highest probability h

potheses for the CL models, while the ML models prefe -
regions within the face. The increased performance exh &
ited by the CL models (see Figure 7) indicates that the a=

KERRY
KERRY

is more discriminative.

5 Semi-Supervised Discrimination

We performed experiments on two visually similar set®
of classes using semi-supervised learning, Bikes (Motor-
bikes, Bicycles) and Cat Species (House Cat, Tiger, Lion, Figure 5: Generative (ML) and Discriminative (CL) Politician
Cougar), and one set of dissimilar classes, Human Facedodels. Left column ML models, right column CL models. (A)
and Airplanes. The Cat classes contained 240 images eacfhape models for each class. The ovals represent the mean and
with 200 being used for training, while the Bikes data-sets variance of the gaussian model for each part. Each unique color
have about 450 images each with 370 used for training. Wecwcle represents a different part. (B) Plots of the mean vs the

used a maximum of 30 interest points per image. The Cats . - .

. e L Part 2 is shown, although it is representative of the other parts.
Qata—set Pﬁe_” gon?ams very S|mllar Iook'ln.g Imag(_es, mak- Each unique shape represents a different class and each color a
ing the discrimination task particularly difficult. Figure 6 ierent PCA coefficient. ML models are more tightly bunched
compares ML and CL generated models for the Cats datafetween classes than the CL models. (C) The locations of the
set. We make several observations: (1) Both the appearancgest matching hypothesis in the same images for both ML and
and shape models are more variable between classes for theL models. Predicted labels are to the left of each image, with
CL optimized models than the corresponding shape and apincorrect predicted labels in red.
pearance models of the ML models. (2) The best hypothe-

naturallog of the variance for the first 7 PCA components. Only
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Figure 6: Generative (ML) and Discriminative (CL) Models of

Cat Species Motorcycle vs. Bicycle
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Figure 7:Performance plots as a function of the number of train-
ing examples. Data-sets shown are Cat Species (4 classes), Bikes
(2 classes), Politicians (4 classes), and Airplanes vs. Human Faces
(2 classes). Test errors are the solid lines and train errors are the
dotted lines. Blue lines are CL trained models and red are ML
trained models. CL tends to outperform the ML models when the
classes are similar, but does not show significant performance im-
provements when the classes are distinct (e.g. Airplanes vs. Hu-
man Faces). We expect the train and test errors to converge when
sufficient numbers of training examples are used. We notice over-
fitting for the discriminatively trained models. Performance was
averaged over 3 experiments.

ses found seem less consistent for both ML and CL models
than those found using the supervised Politicians data-sets.

Figure 7 compares the classification performance as a
function of the number of training examples for all experi-
ments. We notice performance improvements using the CL
optimization compared to ML optimization for all but the
Human Face vs. Airplane data-sets. However, discrim-
inative learning resulted in significant over-fitting in part
due to the lack of an explicit regularization term within the
discriminative expression. Consequentially, discriminative
training requires more training examples to reach its opti-
mal test-set performance. The Human Facs vs. Airplane ex-

Cats Species. Plots are similar to those in Figure 5. (A) The CL periment did not exhibit significant performance improve-

shape classes are more variable between classes. (B) The CL afs,
pearance models also seem more variable between classes. (
ML shape models are broad, indicating that the models are focu
ing on the appearance of patches rather than their relative position

ents for CL over ML, indicating that this discriminative

q}amework may not be useful when the object classes of in-
Jerest come from very different visual categories. We hy-

for modelling the object classes. The result is less spatial consis-pOtheSize that_ the generative fra_mework will, in general,
tency in the location of the best hypothesis. The CL shape modelschoose very different representations when the classes are
are a bit tighter indicating that there is useful discriminative power dissimilar, thereby negating the potential benefits of dis-

in the mutual positions of the parts.

criminative learning.
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Figure 8:(Top) Initial confusion table for test sets on 6 classes.
The x-axis indicates the true category of the image and the y-axis
the predicted category for the image. Am,y) entry indicates

the fraction of times class was classified ag. The values along

other classes for both the train set (not shown) as well as the
test set (shown in Figure 8). These 2 subsets of confused
classes are good candidates for discriminative learning as
identified by the confusion matrices generated by the train-
ing examples. Using the same training data used to create
the generative models, we train two sets of discriminative
models, for both the Cat Species and Bikes. This results
in 4 discriminatively trained Cat Species models and 2 dis-
criminatively trained Bike models. We pool test examples
into the superset categories Bikes, Cat Species, or Human
Faces according to the initial generatively trained models.
This initial classification is followed by discriminative clas-
sification when the test examples fall either into the group
of Bikes or Cat Species models.

Figure 8 illustrates the performance of first classifying
using generative models followed by classification using
discriminative models. The performance increases by about
10% for both the Cat Species and the Bike classes.

7 Conclusion

the main diagonal are the percent of the time an image from classWe have tested a discriminative learning paradigm on an

‘X was correctly classified. The size of the green dots indicates

underlying generative model which maximizes the condi-

the magnitude of confusion. Some subsets of classes have highefional distribution. We show how this discriminative set-

confusion, namely Cat Species and Bikes. (Bottom) Confusion ta-
ble after discriminative learning of the Cat Species cluster and the

change. Both discriminative and generative models were trained
using the same subset of data. Confused classes were identifie

ting can be used to improve object categorization perfor-
mance. We suggest that this discriminative setting is par-
{iculary useful when the object classes of interest are vi-

gually similar. Furthermore we suggest that discriminative

using the Training set. Confusion tables shown indicate Test Setclassmers seem to create object models accentuating the

performance.

6 Generative/Discriminative System

The previous sections indicate that the CL learning frame-
work can result in substantial performance gains when the
classes of interest are visually similar. But, these gains

differences between classes. We also highlight the trade-
off between the discriminative and generative formulations,
with the discriminative technique generally outperforming
its generative counterpart but requiring both a larger number
of training images and greater computational resources. We
concluded by proposing an object recognition system which
initially trains models in a generative framework, then sep-
arates the representations of similar classes using discrimi-
native learning.

come at the price of both increased computational resources
and large numbers of training examples. This suggests a

natural system for training large numbers of object cate-
gories: (1) Initially train models in a generative fashion. (2)
Identify areas of high confusion between classes. (3) Train

these subsets of confused models with discriminative meth-

ods, using high numbers of training examples if necessary.

Appendix: Data Collection

The Motorcycle, Airplane, and Human Face data-

We implemented such a system using a set of 6 classessets are from the Caltech Image Data-Base located at

Cats Species (House Cat, Tiger, Cougar), Bikes (Motorcy-

www.vision.caltech.edu. We collected images of all other

cles, Bicycles), and Human Faces. The confusion table cre-object from the web using the Google, Yahoo, and Lycos
ated from the generative models appeals to our semantic nosearch engines. Images were sometimes cropped to em-
tion of similarity, with the subsets Cat Species and Bikes ex- phasize the category of interest and reduce the number of
hibiting higher confusion among themselves than betweennon-object features detected for semi-supervised learning.
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