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Abstract

Object identi cation is the task of identifying speci ¢ obts belonging
to the same class such as cars. We often need to recogniz¢eahtbht we
have only seen a few times. In fact, we often observe only aample of a
particular object before we need to recognize it again. Timiare interested
in building a system which can learn to extract distinctivarkers from a
single example and which can then be used to identify thecobjeanother
image as “same” or “different”.

Previous work by Ferencz et al. introduced the notion of mfpatures,
which are properties of an image patch that can be used toastithe util-
ity of the patch in subsequent matching tasks. In this work,slow that
hyper-feature based models can be more ef ciently estidhasing discrim-
inative training techniques. In particular, we describeea myper-feature
model based upon logistic regression that shows improvddnpeance over
previously published techniques. Our approach signi baoutperforms
Bayesian face recognition that is considered as a standarchimark for
face recognition.

1 Introduction

Distinguishing among similar objects within a class is meffective if we use expertise
about the class. To build the best possible classi ers, waulshuse features that are
repeatable and salient. In object identi cation, the feaslshould be object speci ¢ and
be able to discriminate between a particular object andairabjects of the same class.
For example, door handles, headlights and roof tops migHdiftnctive markers for
identifying cars. The complexity of determining these dethfeatures is increased by the
general variability of different images of the same car.sThiithin-instance” variability
is due to viewing angles, lighting and other factors.

An additional constraint for the object identi cation taskthat we often need to rec-
ognize an object that we have seen only a few times. For hunaasiagle example is
usually suf cient for nding distinctive features of an odgt given its class. For example,
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if we are looking at a human face, we often notice the shapbehbse and lips, the
color of the eyes, the hairdo, etc. We expect some of theserésato provide interest-
ing patches which might be useful for distingushing a patéicface. The set of useful
patches can be different for different faces, e.g., a ch&ft éor John Travolta and a mole
near the lips for Cindy Crawford. Also, we expect to see tHeatures at certain approx-
imate locations within the face. We might have accumulatedknowledge from various
human faces that we have seen before. This knowledge carcbdexhas a function of
features (position, appearance, etc.) of image patchedétarmines whether that patch
would be useful or not for identifying a particular objedtid these features (representa-
tion of knowledge) that tell us about the likely utility of amage patch that Ferencz et al.
call hyper-feature$s].

Ferencz et al. [5] demonstrated the ef cacy of the hypettfiemamodels for object
identi cation. Their system was shown to outperform all @tlexisting algorithms that
they compared their results with, on this class of probleHmwever, they optimize the
decision criterion indirectly by modeling the conditiomtigtributions independently and
not optimizing the log-likelihood ratio that is used for nirads a decision about match or
mismatch. We propose a discriminative approach that opéigiihe ratio of the posterior
probabilities directly. Our experiments show marked iny@roents in accuracy over the
existing generative models, for both the case in which eitirages are used for classi -
cation and also for the case when only a subset of the moshiative image patches are
used for classi cation.

Most of the patch based identi cation methods [15, 9] modhd tistributions of
appearances of different patches. This provides a gemeratimework for the image
patches. Our approach is different from these techniquegeaare modeling the patch
differences conditioned on the patch appearances. Thusppuoach is directly optimiz-
ing the criterion for identi cation. Moghaddam et al. [12]adeled the interpersonal and
intrapersonal variations as xed multivariate normal disftions. Our system improves
on this approach by adapting these distributions accormimgdividual faces. Cox et al.
[3] addressed this by using a different parameter valuegftividual clusters of faces.
For a new face image, the parameter values of the nearestrchus chosen. This cor-
responds to piecewise constant parameter values as adumétthe features, which is
generalized by our system by providing a smooth interpmativer the entire feature
space.

Huang and Russell [6] did a Bayesian analysis of object idmtion in the context
of traf ¢ surveillance. Their system required multiple iges of a vehicle to build an ap-
pearance probability model for subsequent observatioasnéntioned above, in a more
general setting, we observe only a single image to build aeifad future inferences.
Learning from one example has also been explored in differ@mexts [11, 9]. In most
of these approaches, off-line training involves paramesgtimation for a xed model.
Our system, however, learns how to identify an arbitrary benof good features for
the given category and thus use different set of patchesaith ebject in the category.
For face identi cation, the best performing PCA and LDA algloms with face specic
preprocessing match a face as a single object [2]. To olit@imeiquired level of accu-
racies, a large number of principal components are usuedjyired to approximate the
underlying distribution of the face appearances. The higaures based approach was
shown to outperform these systems in [5]. Our model showsthduimprovement in
performance.



Section 2 summarizes the hyper-feature model and diffe@mponents of our sys-
tem. In Section 3, we describe the criteria for selectingva ffatches from the image
for comparison to make the system real-time. Section 4 des/a detailed discussion of
advantages of discriminative learning of hyper-featurelete.

2 The hyper-feature model

Here, we provide an outline of the hyper-feature model ogtly proposed in [5]. We
begin by describing the basic components of the systenoyviell by the generative model
used for the identi cation task. We then present a new disicrative model that addresses
the problem in a more direct way. In our discussion, we wikreo the query image as
the left (probe) image,, and the reference image in the database as the right (galler
image,IR.

We are using patch based features to represent an image. avdeepach candi-
date patch of the left (probe) imagé, as a vectoer'-, of the directional derivatives in
eight xed directions. The choice of representation is, keer, not critical in the current
approach. Note that we sample patches at different scatkesasitions.

The images are assumed to be roughly registered. For evedydede patchF(j'-), we
nd the most similar patchF(jR) in a small neighborhood around the expected location in
the right (gallery) imagel®. We usedj(= 1 xcorr(F}-;Ff)) as the distance measure
between two image patches, whep®rr gives the normalized cross-correlation between
the two image patches. We will refer to such a matched leftrayid patch pail(FJ-'-; FJ-R)
together with the derived distandg as abi-patch .

Hyper-features represent the characteristic propertiesage patches that determine
if a patch will be useful for identifying a particular objett/e choose a set of base hyper-
features as simple properties of the patch such as its ¢tocitithe image, mean intensity
and edge energy. To increase the exibility in the model, wgdduce the monomials
(of degree 1, 2 and 3) of these base hyper-features into toé gessible hyper-features.
This gives a large number of hyper-features which might bestated. Using least angle
regression (LARS) [4], we select a few(20) of these hyper-features as useful hyper-
features. This reduces the complexity of our model and avodssible over- tting.

We decide ifi- andIR are same using the rule

P(C= 1ji51R)
PC=0I5R) (1)

which is the optimal maximum a posteriori (MAP) classi aati criterion. Since we are
treating each image as a setrofpatches, the likelihoods and posteriors will be approx-
imated using the bi-patch&s;:::; Fy asP(Cjl%;1R)  P(CjFy;::; Fy) andP(15;1RC)

2.1 The generative model

In the generative approach to this problem described inipuewvork, separate distribu-
tions are estimated from training data for pairs of carsthatich and for pairs that do not
match. These distributions are optimized separately ahdlater combined to produce
decisions. We now describe the details of the generativeemod



Using Bayes' rule, equation 1 can also be written as

P4 1RC = )P(C= 1) PO I%C= 1)
P(I5;IRC= 0)P(C= 0) P(IL;IRC = 0)

wherel = Eggi ‘B . Thus, by varying the values of this paramdtefor making a decision,
we are essentially changing the ratio of priors. This foratioh is used as the decision
criterion for the generative model. Furthermore, we willase a na’'ve Bayes model in

which the bi-patches are independent of each other whentemmet on C:

>1 ) > | (2)

P(I%;IRiC = 1) P(Fy;:FC=1) _ R P(FjjiC=1)
P(IL;IRC = 0) P(Fy;:5FmiC= 0) (21 P(RjiC=0)°

(3)

Let h; be the random variable representing the hyper-featurdsedett patch in the bi-
patchF;. Then we have

P(FjiC) = P(dj;h;jC) = P(d;jjC;hj)P(h;jC) p P(djjC;hj) (4)

where Equation 4 is obtained by assuming the independeneedeh andC, which
holds almost exactly in practice.
Ferencz et al. [5] use gamma distributions to model tiRgdgC; h) i.e.,

P(diC= 0;h)  Gao(h);qo(h)) and P(djC= 1;h) (ai(h);qu(h)):  (5)

Here, a gamma distribution is parametrized by ¢) andh are the hyper-features of
the given patch. These parametexrs,a:; qo; 1, are modeled using a generalized linear
model [10] t over the training values as a function of setthyper-feature$,

2.2 A discriminative model

In the above-mentioned generative model, we are mod@&{dgC = 0;h) andP(djC =
1;h) independent of each other. Thus we are using an indireanattion for the deci-
sion criterion (Equation 2). In this section, we use the M@Rimal criterion (Equation 1)
as the decision rule. We describe a discriminative modetlbstimate$(Cjd; h) and
thus directly optimizes the decision rulff,(;é:l% > 1.

Logistic regression is a special generalized linear maditdisle for modeling binary
responses. It allows one to predict a discrete outcome freet af variables that may
be continuous, discrete, dichotomous, or a mix of any ofeéhds our modelC is the
binary response which depends(ahh). Thus, we build the following parametric model
(sigmoid function):

. 1

whereX is the vector representation ; h), also called theredictor matrix andb is a
vector of coef cients that we learn through logistic regies

P(Cjd; h)
1 P(Cjd;h)

Heree s the error term having a binomial distribution. Note tha append a constant
term to X to include an offset in the linear t.

log =Xb+ e (7



However, the estimate of the posterior probability that Wweamed by using the pre-
dictor matrix, X = (d; h), does not give us much exibility to modé¥(Cjd;h). We are
interested in obtaining good estimated§€jd; hy) when we observe a left patch having
the hyper-feature valudg. We want this curve to have suf cient exibility to model the
underlying variability. Any logistic curve can be speci &g exactly two parameters, viz.
location where the function takes value = 0.5 (gay and its slope at that point (say).
Ideally, we would like both of these parameters to be depetalehy. Let us splitb into
three parts corresponding to the offset and distadcand hyper-features, asbg, by
andby, respectively. ThusXb = bg+ dby + hgby. It can be easily shown that

+
ay= 2ot lobn b:(’bh ;ay= %: (8)
Clearly, a, does not depend dmy whenX = ( d;h). Hence, our estimates were not very
good with this model.

In the generative model discussed in the previous sectienwere making the pa-
rameters of the gamma distributions as linear combinatidrtee hyper-features. We
can obtain a similar exibility by making botla; anda, as linear combinations of the
hyper-features. This can be attained by constructing theigior matrix aX = ( d; h;dh).

In Figure 1, we show the estimates for the posterior proliglobtained from actual
training samples (dots at the top and bottom) by logisticgesgjon with the predictor
matrix containing1 y y* y°], wherey is the y-position of the center of the patch in the
image.

3 Patch selection

Since the patches can occur anywhere in the scale-spacé {fi¢ amage, the set of
possible patches is very large. To make this algorithm fasor real-time applications,
we should be able to evaluate an image match quickly by usihgafew patches that
were rated as most informative in a given image without sang much accuracy. In
other words, we want to choose the patches which contain ts¢ imformation about the
match-mismatch variabf@. Let us de ne saliency of a patch as the amount of information
gained if the patch were to be matched.

Itis importantto note that our algorithm selects theselmgdefore seeing a potential
match. Thus it selects these patches based only on theiaspmme and position in a
single image (the leftimage in this case). We do this by esiimy the mutual information
betweerC andd as a function oh.

Intuitively, if P(djC = 0;h) andP(djC = 1;h) are similar distributions, we do not
expect much useful information from a valuecbfFormally, this can be measured as the
mutual information between the patch dissimiladtgnd the match-mismatch varialtle
given the hyper-feature valuk, i.e.,|(d;Cjh) as:

1(d;Cjh) = H(djh) H(d|C;h); (9)

whereH () is Shannon entropy arf{djh) can be estimated by adding the estimates for
P(djC = 0;h) andP(djC = 1;h).



Figure 1:Logistic regression based upon a single hyper-featureythesition The small
points in the lower plane and the upper plane represent ting @atraining images for
matched and mismatched cars respectively. Each point tteglas a function of its
match/mismatch labeQ), the distancel between the patches, and a hyper-feaptbe
y-position of the left patch of the patch pair. Notice thag thoints for matching cars
(lower plane) which are in the bottom half of the original mes have theid values
clustered around zero. This is becadsalues tend to be low for patches near the bottom
of the image when the cars match. On the other hand, for the gaage position, the
points representing mismatched cars have a more uniformibdigon of d values. The
goal of logistic regression is to approximate the originatiadpoints as well as possible
while constraining each “slice” of the surface parallehted axis to be a logistic function.
Furthermore, the parameters of the logistics at varjousordinates should be a smooth
polynomial function ofy. It is easy to see that the logistic surface “dips” to repnétee
low d values of the matching cars for patches in a particulange.

Note that in a discriminative model, we do not have the esgmafP(djC; h) but
have the estimates &Cjd; h). We can still estimate the mutual informatidtg;Cjh). *
However, it is not clear which approach should be adoptethi®patch selection as nei-
ther of them is actually optimizing the mutual informatitisation. In our experiments,
we use equation 9 for patch selection.

Using the estimates of mutual information, we can sort thagenpatches in non-
increasing order and choose the topatches. Here, we are assuming that the patches

1

Z
I(d:Cihy= &  P(djh)P(Cjd;h) log
C
d

P(Cjd;h)

PGy 9% (10)

whereP(djh) is estimated using histogram based approaches or kerngityestimation.



40% 60% 80%

Bayesian ML | 74.6 7.83 60.58.38 54.8 291
Bayesian MAP| 74.8 9.09 59.9 859 54.3 6.15
Generative | 81.2 6.35 634 6.71 54.4 6.37
Discriminative | 93.0 6.29 78.9 8.15 60.1 6.97

Table 1: Precision values at 40%, 60% and 80% recall for 1deimss-validation on the
faces data set containing 500 pairs each of “same” and tdifit2 faces.

are independent, which is a serious limitation. Howevenai been shown by Ferencz
et al. [5] that modeling pairwise relationships betweercpas does not improve the re-
sults drastically. Thus, for our comparisons, ignoringpgh@wise dependencies between
patches does not affect our conclusion.

4 Results and discussion

For the face recognition task, Ferencz et al. [5] has outperéd the standard techniques
like PCA+ MahCosineandFilter + NormCor. PCA+ MahCosinds the best curve pro-
duced by [2]. Through personal communications, Ferenct edasserted that their ap-
proach also beats local feature based techniques like Bf-Which is not designed for
problems like object identi cation within a class, by a widgargin. A more sophisti-
cated technique for face identi cation is Baysian face grution [12], which was the
top performer in the FERET face recognition competitiorgtgy the above techniques
described in [2]. Thus we chose to directly compare our teghewith Ferencz et al. [5]
and Bayesian face recognition [12]. Although we have ndiguered an exhaustive com-
parison with all the published face identi cation algornitk, the advantage of our method
is clear from the wide margin with which we beat both of thesading techniques. Also
note that due to the patch selection component, we are ablehieve acceptable perfor-
mance using a small number of patches which makes it fedsitieal-time applications.

As discussed in Section 3, there is no clear choice for a psgtdrtion approach.
In our experiments, we separated the two stages, patchratiffe modeling and patch
selection, so that we can draw informative conclusions.

We compared the discriminative and generative approach@stleling patch differ-
ences on a subset of the “Faces in the news” data set [1]. Taesg are automatically
extracted from news articles and aligned to a frontal po$es iE a dif cult data set be-
cause of the large variations in lighting, background,dbekpression and other factors.
The generative model was shown by Ferencz et al. [5] to parbatter than the PCA and
LDA based algorithms with face speci c preprocessing usglJ's evaluation system
[2]. Figure 2 shows a big improvement of our own discrimiw@tmodel over the previ-
ous model. In Figure 2, we show that our approach beats argitite of the art approach,
Bayesian face recognition [12], as well. Table 1 shows theparison of precision val-
ues at different recall values for 10-fold cross validatiorthe faces data set. The gainis
signi cant for a range of recall values (though not for alijyd the boost in performance
is clearly evident. Some pairs of face images that were ctyrilenti ed as “same” are
shown in Figure 2.



Figure 2: Results on face data sefl_eft] These are some pairs of face images that are
correctly marked as “same”. There is a large variation mnilination, expression and
background. The variation in pose has been countered hyiadjghe face images to make

it approximately frontal[Right] Both discriminative (blue) and generative (red) models
are trained for 500 pairs each of “same” and “different” fac&he test set contains 500
pairs of “same” and “different” faces of people which are imathe train set. The patches
are selected using the approach discussed in Section 3hirthmmodels. The boost in
performance is large over a wide range of recall values. Mateour results outperform
Bayesian face recognition [12] that was the best performdflORET data set.

To demonstrate that our approach performs well on diffesbjgct categories, we also
ran some experiments on the car data set used by Ferencfgimtheir experiments. In
Figure 3, we show a comparison between the discriminatidetla® generative approach
on the car data sét.

To directly compare the two patch difference modeling apphes, we compared the
discriminative and generative models using the same pateht#on criterion (Section 3).
As shown in Figure 3, the discriminative method is uniforrogtter than the generative
model.

Note that even with the selection of a few (20) patches, weatmhserve a signif-
icant drop in performance because the top patches contaiosahll the discriminative
information. Another important observation is that eveouitph the patches are selected
through an approach that uses the estimations of quarttitésire optimized in a gener-
ative fashion, the discriminative model beats the genaratiodel in making the decision
for match or mismatch. This is due to the fact that patch seleand match evaluation
are decoupled from each other. Figure 4 show some ideniboatsults obtained by our
system on the car data set.

As is evident in our experiments, the discriminative modgperforms the generative
model for this task. This supports our hypothesis about tivartages of doing a direct
optimization of posterior probabilities.

Recently in computer vision and machine learning, therelieen a great deal of
analysis and discussion about the relative strengths amdtrvesses of generative and

2These results are not directly comparable to the publiskedlts in [5] as the training and testing set are
different in the two cases.



Figure 3:Comparing performance of discriminative (blue) with gextee (red) model on

car data set Both models are trained for 178 different vehicles, eaalirfipone “same”

and ve “different” training instances. The trained modal® then tested on 170 other
vehicles. The test set has the same ratio of “same” to “différpairs of car images.
[Left] Using all the patchesThe blue curve clearly shows a better performance than the
red curve. The red curves overtakes the blue curve for a gmalizal, but the overall area
under the P-R curve is more for the blue curfiRight] With patch selectionwWe use the
same patch selection method for the two models. The diseative model is uniformly
better than the generative model.

discriminative models (see, for example, [14, 13]). Ulusoyl Bishop [14] enumerate
some of these strengths and weaknesses, and among othggr ¢himclude that “Other

things being equal, it would be expected that discrimireativethods would have better
predictive performance since they are trained to predectthss label rather than the joint
distribution of input vectors and targets.”

It is interesting to note that Ng and Jordan [13] concludé tizile discriminative
models may converge to better solutions for large enouga sketls, they suggest that
generative models may perform better in some cases wheselatare small. This con-
clusion, however, is based upon an analysis of trainingidiscative classi ers with 0-1
loss, rather than with something like true logistic regi@ssin which a data point has a
value that depends upon how far it is from the decision bonndtis not clear what the
conclusion should be for a discriminative model like our amhiich uses classical logistic
regression, but it was our hypothesis that it would produetéeb results, which in fact it
has.
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