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INDEXING METHODS FOR EFFICIENT MULTICLASS
RECOGNITION
ALEXANDRA STEFAN

ABSTRACT

Many real world image analysis problems, such as face recoon and hand pose esti-
mation, involve recognizing a large number of classes of ob¢ts or shapes. Large margin
methods, such as AdaBoost and Support Vector Machines (SVMs often provide compet-
itive accuracy rates, but at the cost of evaluating a large number of binary classi ers, thus
making it di cult to apply such methods when thousands or mil lions of classes need to be
recognized. This thesis proposes a lter-and-re ne framewrk, whereby, given a test pat-
tern, a small number of candidate classes can be identi ed eciently at the Iter step, and
computationally expensive large margin classi ers are use to evaluate these candidates
at the re ne step. Two dierent ltering methods are propose d, ClassMap and OVA-VS
(One-vs.-All classi cation using Vector Search).

ClassMap is an embedding-based method, works for both boostl classi ers and SVMs,
and tends to map the patterns and their associated classesade to each other in a vector
space. OVA-VS maps OVA classi ers and test patterns to vectos based on the weights
and outputs of weak classi ers of the boosting scheme. At rutime, nding the strongest-
responding OVA classi er becomes a classical vector searcproblem, where well-known
methods can be used to gain e ciency.

In our experiments, the proposed methods achieve signi canspeed-ups, in some cases
up to two orders of magnitude, compared to exhaustive evalugon of all OVA classi ers.
This was achieved in hand pose recognition and face recogion systems where the number

of classes ranges from 535 to 48,600.
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Chapter 1

Introduction

Many real-world computer vision tasks involve recognizinga very large number of classes of
objects or shapes - a number that can range from thousands to ifions. Examples of such
tasks include biometrics-based identi cation (based on faes and/or ngerprints), hand and
human body pose classi cation, speech and sign language rgnition, and generic object
recognition using computer vision. An important problem in such domains is designing
recognition methods that are scalable and achieve e cient unning time in the presence of
a large number of classes.

Large margin methods are machine learning techniques thatriy to maximize the margin
of training patterns, where the margin of a pattern, given a dassier, is a measure of
con dence in the output of that classi er on the pattern. For example, support vector
machines (SVMs) (Vapnik, 1995) are trained by attempting to maximize the minimum
margin of any training example (Allwein et al., 2000). SVMs and boosting (Friedman et al.,
2000; Schapire and Singer, 1999) have been successful inemecyears in various pattern
recognition domains. A common way to apply such methods to miiiclass problems is to
train, for each class, a one-versus-all (OVA) classi er to dscriminate between samples from
that class and samples from the other classes (Allwein et al.2000; Torralba et al., 2007).
Given a test pattern to recognize, all OVA classi ers are apgied to that pattern, and the
classi cation output is the class label associated with theOVA classi er that produced the
strongest response.

A major bottleneck of these commonly used techniques is thatgiven a new pattern to
classify, all binary classi ers must be applied to that pattern. This leads to time complexity

that is typically at least linear in the number of classes. This time complexity can lead to
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prohibitive running times in large multiclass domains with thousands or millions of classes.
The main goal of this thesis is to address this problem and prpose e cient and scalable
methods for large margin multiclass recognition.

This thesis does not address the topic of feature selectionnal feature extraction. It is
simply assumed that some appropriate choices regarding faéares have already been made.
The goal in this thesis is to propose e cient alternatives to exhaustive evaluation of all
binary classi ers in order to classify a test pattern. Training and test patterns, for the
purposes of our discussion, are feature vectors on which th@VA classi ers can be directly

applied.

1.1 Contributions

This thesis proposes a lter-and-re ne framework, whereby given a test pattern, a small
number of candidate classes can be identi ed e ciently at the lter step, and computa-
tionally expensive large margin OVA classi ers are used to galuate these candidates at the
re ne step. The main contribution consists of proposing twodi erent Iltering methods that
can be employed in this lter-and-re ne framework: ClassMap, and OVA-VS (One-vs.-All

classi cation using Vector Search).

1.1.1 ClassMap

The ClassMap method is a novel paradigm for multiclass recagjtion, whereby e cient and
accurate recognition is framed as a database search problengiven a pattern to classify,
the goal is to quickly identify, in a database of classes, a sall set of candidate classes
for that pattern. The winning candidate can then be selectedby applying the individual
classi ers available for the candidate classes. Designingn e cient search mechanism for
a database of classes is a non-trivial problem. First, clags are abstract entities with no
explicit representation given a priori. Second, no distane measure is de ned a priori for
comparing database objects (classes) to each other and to guies. ClassMap constructs

an explicit representation for classes, that can be used to:



1. \store" such classes in an actual database,
2. de ne a distance measure between classes and from pattesrio classes, and
3. accommodate e cient search.

ClassMap is designed for use in domains where the task of midtass recognition is
decomposed into multiple OVA classi cation problems. ClasMap is not concerned with
how the classi ers are trained, e.g., using AdaBoost or supportvector machines. The only

assumptions we make are that:
1. all OVA classi ers have already been trained, and
2. a set of labeled training patterns has been provided.

The key idea in ClassMap is that we can embed both patterns andlasses into a common
vector space, in a way that patterns tend to get mapped close d their correct classes.
Finding the nearest classes of a pattern in this vector spacean be done e ciently, using
vector comparisons based on thé& 1 and L, metrics. If we haven classes, instead of applying
n OVA classi ers to the query, we perform n vector comparisons. Typically, performing
such a vector comparison is signi cantly faster than evaluding one of the original binary
classi ers. Furthermore, vector indexing methods , e.g., Behm et al., 2001; Gionis et al.,
1999), can be applied to further reduce the number of require vector comparisons. This
way, a small number of candidate classes can be quickly identd for each query. Then,
only the binary classi ers associated with those classes mel to be applied to the query.

We evaluate ClassMap on two datasets, examples in Fig. 1: a dataset of hand images
where the task is to recognize the handshape and 3D orientain (out of 2430 classes), and
a dataset of face images where the task is to recognize the imidual (out of 535 classes). In
both cases, one-vs.-all (OVA) classi ers are trained. Comjred to the brute-force method,
where all OVA classi ers are applied on each pattern, ClassMp is between 3 and 28 times

faster, with negligible or no loss in classi cation accurag.



1.1.2 One-vs.-All Classi cation Using Vector Search

The second method is called OVA-VS, which stands for \One-vsAll classi cation using
Vector Search." This method is specic to boosting-based milticlass recognition using
OVA classi ers. Our main contribution regarding this metho d is showing that, given a
pattern to classify, identifying the strongest-responding OVA classi er for that pattern is
essentially a nearest neighbor search problem in a real vemt spaceRY. This result leads

to two additional contributions:

1. Using the theoretical properties of well-known nearest pighbor search methods, such
as locality sensitive hashing (LSH) (Gionis et al., 1999), v show that OVA classi-
cation can be approximated with time complexity that is fun damentally sublinear
in the number of classes, and the approximation can be as clesas desired (accuracy

can be traded for e ciency).

2. Using simple vector search methods that are based on dimeionality reduction, we
obtain speedups of over two orders of magnitude in a large mtitlass problem, where
approximately 50,000 hand poses are recognized and speedupf 6 in a face recog-
nition problem with 535 classes. Speedups are measured witlespect to the time it

takes to perform brute-force evaluation of all OVA classi ers on each test pattern.
1.2 Overview

The remainder of this thesis is organized as follows: Chapte2 provides background infor-
mation and the problem de nition. Chapter 3 presents related work. Chapters 4 and 5
describe the two main contributions of this thesis, i.e., ChssMap, and OVA-VS. A paper
describing the ClassMap formulation was presented in (Athisos et al., 2007).

Chapter 6 evaluates the performance of the proposed methodm two tasks: hand pose
estimation and face recognition where the number of classeanges from 535 to 48,600. For
each of these tasks both an SVM and a Boosted-OVA recognitiorsystem was trained. In

the experiments, ClassMap, applied to all systems, and OVAVS, applied to the Boosted-
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Figure 1 1: Example recognition tasks with a large number of classes.
Top: recognizing handshape and 3D orientation, out of a larg@ number of
shape/orientation combinations. Bottom: recognizing person identity, out
of a large number of classes. In this paper we propose a methdadr quickly
identifying, given a query, a small humber of candidate clases, so as to

speed up recognition.
OVA systems, achieved good speedups, of even two orders of gratude in some cases.
As ClassMap requires training, an experiment was conductedo see how it performs on

patterns from new classes that were not available at trainirg. The results showed good

generalization properties.

Additional discussion about the proposed methods and poskle directions for future

work are is conducted in Chapter 7.



Chapter 2

Background and Problem De nition

Let X be a space of patterns, andY be a nite set of class labels. Every patternX 2 X
has a class labelL (X) 2 Y. We use the termdatabaseas a synonym forY, the terms class
and database objectis synonyms forclass label and the term query as a synonym forquery
pattern.

In the OVA (Allwein et al., 2000) scheme, for each classy 2 Y a large margin classi er
Cy : X! Ris trained to discriminate between patterns of classY and all other patterns.
For a given query pattern Q 2 X, higher (more positive) response<y (Q) indicate higher
condence that L(Q) = Y. The standard approach is to evaluateCy (Q) for all Y 2 Y,
and classify Q as belonging to the classY for which Cy (Q) is maximized.

Other decomposition schemes have also been proposed for tmihg multiclass to binary
classi cation (Allwein et al., 2000; Dietterich and Bakiri , 1995). In all cases, a set of binary
classi ers is de ned, and the class label of a test pattern iddetermined by applying all binary
classi ers, and comparing the set of binary classi er outpus to the output code assigned to
each class. In this thesis, we focus on the OVA scheme, becaus is readily applicable to
large multiclass problems. The all-pairs scheme, where aa&$si er is trained for each pair of
classes, requires training a number of classi ers that is gadratic to the number of classes,
and thus is not scalable to problems with a large number of clases. Furthermore, the OVA
scheme has been shown to be comparable in accuracy to all-psiand other decomposition
schemes in various experimental settings (Rifkin and Klauau, 2004).

Let C be the set of large margin OVA classi ers for a particular multiclass problem. We
assume that all these binary classi ers have already been &ined using an existing method,

such as boosting or SVMs. We use the ternbrute-force classi cation for a classi cation
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process that, as described above, in order to classify a queQ needs to computeC(Q) for
all C 2 C.

Given the above de nitions, the problem we want to solve can ke stated as follows:
we want a classi cation process that, using the large marginclassi ers in C, classies
qguery patterns Q as accurately as possible and as fast as possible. Ideallyewvant the
classi cation process to be signi cantly faster compared © brute-force classi cation, but
not signi cantly less accurate.

ClassMap, the rst of the two methods proposed in this thesis addresses the above
problem in its general form, as stated in the previous paragaph. OVA-VS, the second
method, addresses a more narrow version of the problem, asii only applicable to settings

where the OVA classi ers have been trained using boosting.



Chapter 3

Related Work

Nearest neighbor classi cation (Duda et al., 2001) is a simfe method for multiclass recogni-
tion, and has been successfully applied in large multiclasgroblems, such as face recognition
(e.g., (Liu, 2006)), contour matching (e.g., (Grauman and Darrell, 2004)), and articulated
pose estimation (e.g., (Shakhnarovich et al., 2003)). Thetically, k-nearest neighbor
classi cation accuracy becomes optimal as the number of trining data approaches in nity
(Duda et al., 2001). However, for amounts of training data awailable in real applications,
nearest neighbor classi ers often fall short of the theoreically optimal behavior.

An alternative approach for multiclass recognition is to use large margin classi ers,
trained for example via boosting (Friedman et al., 2000; Li and Zhang, 2004; Schapire and
Singer, 1999) or support vector machines (SVMs) (Vapnik, 195). Compared to nearest
neighbor methods, large margin methods can be appealing baase of their generalization
properties and good empirical performance in terms of clasgation accuracy. The stan-
dard strategy for applying large margin methods to a multiclass problem is to decompose
the multiclass problem into a set of binary problems (Allwein et al., 2000).

Di erent types of multiclass-to-binary decompositions can be de ned (Dietterich and
Bakiri, 1995), such as OVA and all-pairs (Allwein et al., 2000). To classify a query, all
binary classi ers are applied, which leads to a time compleky that is linear, for OVA, and
a time complexity that is quadratic in the number of classes or all-pairs. An exception is
the Directed Acyclic Graph SVM (DAGSVM) method (Platt et al. , 2000), that uses the
all-pairs scheme but requires a number of classi er evaluabns that is only linear to the
number of classes, as in the OVA scheme.

The OVA and all-pairs schemes are examples of multiclass-tbinary decomposition

8



schemes that are de ned using error correcting output code§ECOC) (Dietterich and
Bakiri, 1995; Allwein et al., 2000). In ECOC schemes, each eks is assigned an ECOC
code, which is a unigue vector code of some xed lengtim. Each of the m entries in
the code is constrained to be a value amond 1;0;1g. Then, for every coordinate in
this space ofm-dimensional vectors, a classi er is trained, where the pasive and negative
examples come from all classes whose code has, at that coordie, a value of 1 or -1,
respectively. Given a test pattern, all learned binary clasi ers are applied, and their
values are concatenated to arm-dimensional result vector, where thei-th coordinate is
the output of the binary classi er trained based on the i-th coordinates of the class output
codes. The pattern is nally classi ed as belonging to the chss whose ECOC code is the
closest to the result vector for that pattern.

One way to achieve classi cation time sublinear in the numbe of classes is to decompose
the multiclass problem into a sublinear number of binary problems. In theory, recognizing
n classes can be decomposed to lpg binary problems. This can be done by de ning, for
each class, a unique bit vector oflogon bits. However, such sublinear decompositions are
rarely used because they de ne binary problems with unnatual and hard-to-learn class
boundaries, leading to low classi cation accuracy. OVA andall-pairs decompositions, on
the other hand, lead to more natural binary classi cation boundaries, and this explains the
popularity of those decompositions in practice.

A variety of indexing methods can be used to speed up nearesteighbor retrieval and
classi cation (Athitsos, 2006; Behm et al., 2001; Gionis € al., 1999; Hjaltason and Samet,
2003a; Hjaltason and Samet, 2003b; Shakhnarovich et al., 2@), often achieving signi cant
speedups over brute-force search (Athitsos, 2006; Shakhrwvich et al., 2003). However,
for large margin methods, brute-force evaluation of a largenumber of classiers is the
current state of the art. Torralba et al. (Torralba et al., 20 07) proposed a method for
improving the e ciency of the OVA scheme by sharing weak classi ers among the OVA
models. However, at runtime, all OVA classi ers are appliedto each pattern, and thus the

complexity of that method is still linear to the number of classes.
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The two methods proposed in this thesis perform, given a pattrn, a quick search in
a database of classes to identify candidate classes. Thisaseh task has many conceptual
similarities with the classical task of searching for nearst neighbors. For the proposed
OVA-VS method, which is applied on top of boosted OVA classi ers, our search task is
actually identical to nearest neighbor search, and demonsating that fact is the main
contribution of the OVA-VS method. Therefore, classical nearest neighbor indexing meth-
ods (Athitsos, 2006; Behm et al., 2001; Gionis et al., 1999Hjaltason and Samet, 2003a;
Hjaltason and Samet, 2003b) can be applied in that setting.

On the other hand, for the most general problem de nition, where neither the OVA
scheme nor boosting-based training are assumed, classiaadarest neighbor methods are
inapplicable, because of two issues: 1.) database objectgeaclasses, thus living in a
di erent space than patterns. 2.) No distance measure is dened a priori for comparing
database objects (classes) to each other and to queries, wigas nearest neighbor indexing
methods require such a distance measure to exist. The main otribution of the ClassMap
method lies in describing how to overcome these two issuesnd thereby obtain a method
for e cient search in a database of classes.

We should also mention some additional methods that have beae proposed for spe-
ci ¢ large multiclass problems. E cient hand pose estimati on is achieved in (Ong and
Bowden, 2004) by combining hierarchical classi ers into a tee structure. Hierarchical
template matching has been used for pedestrian detection (&vrila and Philomin, 2001)
and hand pose estimation (Stenger et al., 2004). Articulatd pose can be treated as a
multidimensional regression problem, and estimators can b trained that map observations
into a continuous pose space (Agarwal and Triggs, 2006; de @apos and Murray, 2006).
However, many domains (e.g., face recognition) do not lendhemselves readily either to
hierarchical decomposition or to regression-based estintian. The two proposed methods,
on the other hand, are readily applicable in such domains, afong as a nite set of classes

can be de ned.



Chapter 4

ClassMap

In this chapter we describe the ClassMap method, which is onef the main contributions
of this thesis. ClassMap was introduced in (Athitsos et al.,2007), and it is designed to
address the most general version of our problem, where no asaptions are made about
the underlying large margin method that is used to train the OVA classi ers.

The key idea in our method is to de ne an embeddingF : X[ Y ! R® that maps
both patterns and classes into a commord®dimensional vector space, and that tends to
map queriesQ and their corresponding classe4 (Q) close to each other. Using such ar,
we can e ciently identify for each Q a set of candidate classes, by nding classe¥ whose
embeddingsF (Y) are close toF (Q). It is assumed that measuring the distance between
vectors F(Q) and F(Y) is much faster than computing the output of a binary classi er
C 2 C on a query Q. Once we obtain a set of candidate classes fdp, we only need to

evaluate those binary classi ersC that are related to the candidate classes.
4.1 Jointly Embedding Queries and Classes

In order to keep our formulation general, the only assumptims that we make are that we
are given a setC of already trained binary classiers, a set Xy X of labeled training
examples, and a matrixM storing precomputed outputs C(X) forall C2 Cand X 2 X.

Before talking about the embedding, let us see how we hope tearn something about
a class, without evaluating its classi er. That is, given a query, Q, a classY 2 Y and a
classi er, C, how can we useC to evaluate whether or not Y is a candidate class forQ?
If the responses ofC on samples fromY are random, nothing can be done:C o ers no

information about Y. If the responses follow a distribution, then we can see howikely it
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is that C(Q) comes from that distribution. In this thesis we assume the dmple case when
the distribution is unimodal and thus we can talk about a typical responseof C for samples
from Y. We will use the notation C(Y) for this typical response. C(Y) can be learned
using the response ofC on a training set of patterns from Y. Mean and median are two
possible ways to estimate typical responses. To evaluat¥ as a candidate forQ, we look
at how far C(Q) is from the C(Y). We can not expect one classi er,C, to discriminate
well among all the classes, for example, it may give similarypical responses for several
classes. We can also not rely on it providing information abat every class. In conclusion,
we cannot expect a single classi er to solve the problem, butve hope that several classi ers
will. Our experiments show that it does.

The next step is to use the classiers inC, and the information they give, to build
the desired embedding. The solution is simple: any classieC gives a 1D embedding by
mapping a query, Q to C(Q) and a class,Y, to the typical response, C(Y). Moreover, it
has the desired property that C(Q) is likely to be close toC(Y) when Q is a pattern of class
Y. Several classi ers can be combined to produce an embeddingf a higher dimension.
Next we give the formal construction for the embedding.

We de ne an embeddingF : X[ Y ! R® that jointly maps patterns and classes into a
common d%dimensional real vector spaceRdo. We start by de ning a simple 1D embedding
FR of both patterns Q 2 X and classesY 2 Y based on the responses of a single classi er

R 2 C, which we call areference classi er:

F?(Q)= R(Q) : (4.1)

FR(Y)=medianfR(X): X 2 Xy;L(X)= Yg: (4.2)

We should note that reference classi ers play a role analoggs to that of reference objectsn
Lipschitz embeddings (Hjaltason and Samet, 2003a). Note tht, for the embedding F R(Y)
of a classY, we use the median of outputs ofR on training examples belonging to class
Y. An alternative approach would be to use the mean instead ofhe median; we chose the

median as a statistic that is more robust to outliers.
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2D ClassMap embedding of patterns and classes

*
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* *

o L « embeddings of patterns from class Y,
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o embedding F(Yl) of class Y,
+ embeddings of patterns from class Y2

T
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responses oF Rz
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Figure 4 1: A 2D embeddingF = ( FR1;FR2), de ned using Egs. 4.3 and
4.4 with two reference classi ersR; and Ry, and mapping both patterns
and classes intoR2. We show the mappings of patterns belonging to classes
Y1 and Y», and the mappings of classe¥; and Y, themselves. Note that the
mapping of each class was obtained by computing, along eachirdension,
the median mapping of patterns from that class along that dimension. Using
the L distance, 28 of the 32 patterns were mapped closer to the emtding
of their own class than to the embedding of the other class.

Using 1D embeddingsF R as building blocks, we can de ne a multidimensional embed-

ding F : X[ Y! R%:

1
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..... (4.3)
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..... (4.4)

We use the term ClassMap embedding$or embeddingsF de ned this way. Note that any
OVA classier in C can be used as a reference classi er in the above equations. $mnple
way to construct such an embeddingF in practice is to choosed® classi ers randomly from
C.

Query embeddings can be compared to embeddings of classesngsany L, metric. In
our implementation we use thelL; metric as it is more robust to large dierences in a

single dimension thanL, metrics with p greater than one. A large dierence in a single
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dimension occurs when, for some reference classi &, R;(Q) is very di erent from the
median response oR; on objects of the same class a®.

An example of a simple ClassMap embedding, computed with rdadata (faces from
the 535-class FRGC2 dataset (Phillips et al., 2005)) is show on Fig. 4 1. We illustrate
a 2D embeddingF de ned using two OVA classi ers Cy, and Cy, as reference classi ers.
The gure shows the embeddings of training examples from twoother classesY; and Yo,
di erent from the classes Yz and Y, that the reference classi ersCy, and Cy, were trained
to recognize. We see in the gure that, in most casesfF maps patterns closer to the
embedding of their own class than to the embedding of the otheclass, when distances are
measured using theL 1 metric. That is exactly the behavior that we want to exploit t o
achieve e cient search in the database of classes: given a gquy Q, we expect the embedding
F of its true class L (Q) to be a relatively close neighbor ofF (Q).

Using a ClassMap embedding we can drastically reduce the nuber of required classi er
evaluations, by simply nding the classes whose embeddingare close to the embedding
of the query. Essentially we substitute vector comparisondor classi er evaluations. This
scheme leads to e ciency gains in two ways: rst, we assume tlat measuring the distance
between two vectors is much faster than applying a classi eron a pattern. Second, since
the query and all database classes are mapped to a common vectspace, e cient vector
indexing methods, e.g., LSH (Gionis et al., 1999), can be uskto speed up nearest neighbor

search in that space.
4.2 A Simple ClassMap Implementation

In this section we sketch a simple end-to-end implementatio that speci es both the o -line
steps of preprocessing and embedding construction, and thenline process of multiclass
recognition using ClassMap.

ClassMap takes as input the following data:

A set C of large margin OVA classiersC : X! R.
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A set Xy X of training examples, with class labels.
A matrix M of classi er outputs C(X) for each pair (C;X): C2C; X 2 Xy.

The rst objective is to construct a ClassMap embedding F. A simple approach is

to rst choose d° i.e., the dimensionality of the embedding, and then simplychoose ran-

preprocessing step is to compute and stor& (Y) for each classY 2 Y.

Once preprocessing is done, we can proceed to the runtime pba of ClassMap, i.e.,
classi cation of previously unseen query patterns. For theruntime phase we adapt the
Iter-and-re ne framework (Hjaltason and Samet, 2003a). We have used two di erent
versions of Iter-and-re ne retrieval in our experiments, described as follows:

Version 1 (simple OVA)
Input : query Q 2 X, to be classi ed.
Embedding step : compute F(Q).
Filter step : rank all classesY by the distance of their embeddingsF (Y) from F (Q).

Re ne step : for some user-speci ed numberp, compute all responseLy (Q) such
that class Y was ranked in the top p classes by the Iter step. AssignQ to the class

Y of the classi er Cy producing the highest response.
Version 2 (OVA + threshold)
Input : query Q 2 X, to be classi ed, threshold t (same for all queries) .

Embedding step : compute F(Q). If, during computing F (Q), for some reference
classi er Cy it is the case that Cy (Q) t, then assignQ to classY corresponding

to Cy and nish.

Filter step : rank all classesY by the distance of their embeddingsF (Y) from F (Q).
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Re ne step : given user-speci edp: start computing Cy (Q), according to the order
in which Y was ranked at the Iter step. If, for some Y, Cy(Q) t, then assignQ
to classY and nish. If p classes have already been considered, classjyas in the

simple OVA case.

We note that there is a large amount of exibility in designin g the re ne step. In
addition to the two versions provided above, several other ersions may be reasonable
choices for speci ¢ domains. Our focus in this thesis is notlie speci ¢ implementation of
the re ne step, but the design of appropriate embeddingsF to be used for the lter step,
within the general Iter-and-re ne framework.

The rationale of the OVA + threshold version of the re ne step is that higher responses
Cvy (Q) indicate higher con dence that Q indeed belongs to classY. ResponsesCy (Q)
higher than some thresholdt may be so conclusive that we can safely classif@), without
performing any more classi er evaluations. The thresholdt can be learned from training
examples, so as to rarely lead to incorrect decisions.

Regardless of the particular implementation of the re ne step, the key idea in Iter-and-
re ne classi cation is that the lter step, using e cient ve ctor comparisons, can quickly
identify a relatively small set of candidate classes. Thenthe re ne step uses more expensive

computations (classi er evaluations) to choose one amonghose candidates.
4.3 Optimizing Embedding Quality

In order for F to be useful for Iter-and-re ne classi cation, F should tend to map queries
closer to their own class than to other classes. In other worsl, if Q 2 X is a random query
of classL(Q), and Y 6 L(Q) is a random class in the database, we want it to hold as often
as possible thatF (Q) be closer toF(L(Q)) than to F(Y). Instead of choosing random
reference classi ers, as suggested in Section 4.2, we cantiofize embeddings according to
this criterion.

In particular, let be the distance measure used in R and let Q2X;Y1=L(Q);Y26

L (Q). For every embeddingF : X[ Y ! R® we de ne a corresponding classi er
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F:X Y Y! R, asfollows:
F(Q Y1, Y2)= ( F(Q);F(Y2)) ( F(Q);F(Y1)) : (4.5)

In words, the task of F is to decide whetherL (Q) = Y1 or L(Q) = Ya. The decision simply
depends on whetherF (Q) is closer to F (Y1) or to F(Y2). Positive and negative outputs
of F correspond respectively to decisions thatL(Q) = Y; and L(Q) = Y,. We want to
construct an F so that the error rate of F on triples (Q;Y1;Y2): Y1 = L(Q); Y26 L(Q) is
minimized.

For the sake of clarity we should emphasize that two entirelydi erent types of classi ers
appear in our formulation: The rst type is large margin OVA c lassiers C : X! R. The
second type is classi ersF associated with embeddings-, whereF : X Y Y! Rmapsa
triple (Q; Y1; Y2) to a real number. In the remainder of the paper we will refer o classi ers
of type F using the term triple-classiers. 184 Every R 2 C can be used to de ne a 1D
embeddingFR. A triple-classi er FR is expected to act as a weak classi er, with possibly
high error rate, but better performance than a random guess gee, for example, Fig. 41).
We will now discuss how to combine many such weak triple-clas ers into an optimized
strong triple-classi er, and a corresponding optimized mutidimensional embedding, using
AdaBoost. This idea comes from (Athitsos, 2006), where AdaBost is used to optimize
embeddings for nearest neighbor retrieval.

The inputs we give to the embedding construction algorithm ae the same as in Section
4.2: a setC of large margin classi ers, a setXy; X of labeled training examples, and a
matrix M of classi er outputs C(X) for each pair (C;X): C 2 C; X 2 Xy .

Embedding construction is performed as follows:
1. We de ne for eachR 2 C a 1D embeddingFR.
2. For eachFR we also de ne the corresponding weak triple-classi erF R,

3. We construct a setT of training triples ( X;L (X);Y) such that X 2 X4;Y 2 Y
fL(X)g.
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4. We run AdaBoost (Schapire and Singer, 1999) usingl as training data, so as to

combine many weak triple-classi ers of typeFR into a strong triple-classi er H:

H= (iFY); (4.6)
i=1

where eachR; is an element of C and each weight ; is a positive real number.

AdaBoost is used to choosdr; and ;.

5. Based on strong classi etH we de ne ad%dimensional embeddingFo,; and a distance

0 0
measure : R® RY 1 R as follows:

Fout(Q) = (FR*(Q); 5 FRe0(Q)) - 4.7
Fout (Y) = (FRY(Y); i FReO(Y)) - (4.8)
(( uszsud)s (Ve ssvee)) = (ijui Vi) (4.9

i=1

Egs. 4.7 and 4.8 use the de nition ofFR given in Egs. 4.1 and 4.2. In Eq. 4.9, {1; :::; Ug)
and (vq;:::; vgo) are d%dimensional vectors that Fo,; maps patterns and classes to.

Following the proof in (Athitsos, 2006) for AdaBoost-train ed embeddings, it holds that
H = Fout, whereFg is the triple-classi er constructed from Fqy; according to 4.5. In other
words, the classi er H trained via AdaBoost misclassi es a triple (Q;L(Q);Y 6 L(Q)) i,
under distance , Fqyt maps Q closer toY than to L(Q). Therefore, AdaBoost directly
optimizes the error rate of classier Fy, which is exactly the measure we wanted to

optimize for the purposes of usingFq; for Iter-and-re ne classi cation.
4.4 Summary

ClassMap is a novel approach for speeding up recognition irhie presence of a large number
of classes. The ClassMap formulation can be applied in setigs where multiclass recog-

nition is performed using large margin OVA classi ers. The key idea is to relate patterns
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and classes by constructing a joint embedding, that maps bdt patterns and classes into a
common vector space. Using this embedding, a small number alandidate classes for each

guery can be quickly identi ed using simple vector comparions.



Chapter 5

Boosted OVA-Based Classi cation Using Vector
Search Methods

This chapter describes OVA-VS (One-vs.-All classi cation using Vector Search). We de-
signed this method to speed up multiclass recognition in thespecial case where boosted
OVA classi ers are used.

In that setting, for each classY;2 Y a boosted classierCy : X ! R is trained to
discriminate between patterns of classY and all other patterns. Classier Cy is of the

following form:

xd
Cy(Q) = v;iwi (Q) (5.1)

i=1
where eachw; is a weak classi er with weight v (Allwein et al., 2000; Torralba et al.,

2007). Note that the weights vy depend on the classY. On the other hand, without

loss of generality, in our formulation, the weak classi ersw; do not depend on classy : we

some weak classi erw; is not used in some strong classi erCy, we simply set v;j = 0.
Higher (more positive) responses ofCy (Q) indicate higher con dence that L(Q) = Y.
To classify a queryQ 2 X, the standard approach is to evaluateCy (Q) for all Y 2 Y, and
classify Q as belonging to the classy for which Cy (Q) is maximized. More speci cally, if
we denote asC(Q) the output of the multiclass classi er C for pattern Q, C(Q) is de ned

as:

C(Q) =argmaxy,yCy(Q) : (5.2)

In order for the outputs Cy (Q) to be comparable for a givenQ and di erent class labels

20
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Y, weights vy must be normalized. We assume that weights are normalized sthat the

At runtime, given a pattern Q to classify, the standard approach is to apply all OVA
classi ers Cy, and identify the Y such that Cy gives the strongest response. Clearly, this
approach has complexity linear to the number of classes. Inhis chapter we show show
that the strongest-responding Cy classi er can be found e ciently, using vector search
methods, without needing to evaluate Cy (Q) for all Y. This topic is addressed in the next

sections.

5.1 Reduction to Vector Search

The core observation underlying OVA-VS is that, for boosted OVA-based multiclass recog-
nition, both test patterns and OVA classi ers can be represeited as vectors, specifying
points on the surface of a unit hypersphere. Finding for a tespattern Q the strongest-
responding OVA classi er Cy can be done by doing nearest neighbor search on those
points.

In particular, we denote by V(Q) and V (Cy) respectively the vectors corresponding to

test pattern Q and OVA classi er Cy. These vectors are de ned as follows:

Vorig (Q) = (w1(Q); 25 wa(Q)) 5 (5.3)
_ Vorig(Q) .

Y g (@K &4

V(Cy) = ( vaiiity vid) s (5.5)

wherew; and v are the weak classi ers and weights used in Equation 5.1. As seminder,
the same weak classi ersw; are used in the de nition of all strong classi ers Cy. It is the
weights v that di erentiate OVA classi ers Cy from each other. As de ned in the above
equations, vector Vorig (Q) is the concatenation of the responses of all weak classi erw;
on Q. Vector V(Q) is obtained by normalizing Vorig (Q) to unit length ( kVk denotes the

norm of vector V).
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Using these de nitions, Equation 5.2 can be rewritten as folows:

C(Q) = argmaxy,yCy(Q) (5.6)
= argmaxy,y(Vorig (Q) V(Cv)) (5.7)
= argmaxy,y(V(Q) V(Cy)) ; (5.8)

whereV; V, denotes the dot product between vectorsv; and Vs.

We recall from Section 2 that weights , are normalized so that the norm of each vector

for all test patterns Q 2 X and all OVA classi ers Cy, their vector representations V (Q)
and V(Cy) are unit vectors in d-dimensional real vector spaceRY.

Equation 5.8 indicates that, to classify pattern Q, we need to nd the classY that
maximizes dot product V(Q) V(Cy). However, since bothV(Q) and V(Cy) are unit
vectors, we can easily show that maximizingV (Q) V(Cy) is the same as minimizing the
Euclidean distance betweenVv (Q) and V (Cy), because the dot product and the Euclidean

distance for unit vectors are related as follows:
KV(Q) V(Cy)k*=2 2(V(Q) V(Cy)): (5.9

The above equation can be easily derived as follows:

kV(Q) V(Cy)k* = (V(Q) V(Cv)) (V(Q) V(Cy)) (5.10)
= (V(Q) V(Q)+(V(Cy) V(Cy)) 2(V(Q) V(Cy))(5.11)
= 2 2(V(Q) V(Cy)): (5.12)

using the fact that (V(Q) V(Q))=(V(Cy) V(Cy))=1.
Intuitively, this can be explained as follows: rst, it is cl ear that normalizing OVA
classi ers is necessary in order to be able to compare theiresponses. Second, query

vectors can be normalized without loss of generality. This way, both query vectors and
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classi er vectors are mapped to the surface of the unit hypesphere. We also observe that
the response of an OVA classi er on a query is, by de nition, the dot product between the
weights of the weak classi ers and the responses of those wealassi ers on the query. In
general, to obtain a high dot product, classi ers with negative weights and positive weights
should tend to have negative and positive responses resp@atly on the query. Therefore,
if an OVA classi er gives a high response on a query, it meanshat the dot product of their
associated unit vectors is high, which then implies that thase unit vectors should be close
to each other.

Consequently, we have established that, given a test patter Q, nding the strongest-
responding OVA classi er Cy is reduced to nding the nearest neighbor ofV (Q) among all
vectors V(Cy) by nding the class with greatest dot product. The next section describes

how to use that fact for speeding up multiclass recognition.

5.2 Using Nearest Neighbor Search Methods for OVA-Based Cla ssi ca-
tion

So far we have established that, to classify a test patternQ, it su ces to nd the nearest
neighbor of V(Q) among all vectors V(Cy). Clearly, vectors V(Cy) can be computed
o -line and stored in a database, and indexing methods can beused to preprocess this
database and facilitate nearest neighbor search. We can usay of the numerous indexing
methods that have been proposed for nearest neighbor searahvector spaces (Behm et al.,
2001; Gionis et al., 1999; Hjaltason and Samet, 2003b; Kantlet al., 1998; Li et al., 2002;
Sakurai et al., 2000; Tuncel et al., 2002; Weber and Behm, 200; Weber et al., 1998).

One method that has become popular in recent years is locajitsensitive hashing (LSH)
(Gionis et al., 1999). LSH can be used to nd nearest neighba, with high probability, in
time O(dlogn), where d is the dimensionality of the space (equal to the number of wela
classi ers in our setting) and n is the number of database vectors (equal to the number of
classes in our setting). The probability of successful retieval can be set as high as desired,

at the cost of increasing time complexity. For any xed probability of success, retrieval
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time is sublinear in the number of vectors in the database (Gonis et al., 1999).

LSH is applied to a vector spaceRY as follows: letH be a family of hash functions
h:RY! Z, whereZ is the set of integers. As described in (Gionis et al., 1999) is called
locality sensitive if there exist real numbersrq;ro;p1;p2 such thatry <r,, p1 > p2, and for

any X1; X2 2 X:

D(X1;X2) <r1) Prpoy (h(X1) = h(X2)) pz: (5.13)

D(X1;X2) >r2) Prhzy (h(X1) = h(X2)) p2: (5.14)

Given a locality sensitive family H, LSH indexing works as follows: rst, we pick

G (X) = (hiz(X);hia(X); 00 hi (X)) - (5.15)

Each database objectX is stored in each of thel hash tables de ned by the functionsg;.
Given a query objectQ 2 X, the retrieval process rst identi es all database objects that
fall in the same bucket as Q in at least one of thd hash tables, and then exact distances are
measured between the query and those database objects. In oimplementation, binary
hash functions are de ned based on random unit vectorsV: for eachV, a binary hash
function is de ned by computing the dot product between V and the vector to be hashed,
and thresholding the result.

Although LSH has good time complexity in theory, this theoretical complexity does
not necessarily translate to good performance in practiceand this is shown in some of our
experiments in Section 6.3. An alternative is to use dimenginality reduction. Since the set
of vectors V(Cy) is computed o -line, we can use those vectors for an additioal o -line
step, where dimensionality reduction is used to produce loer-dimensional approximate
representations of those vectors. Given a test pattermQ, its vector V (Q) can be projected

to the lower-dimensional space online, and then it can be copared to the lower-dimensional
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projections of the database vectors.
Dimensionality reduction can be used within a Iter-and-re ne retrieval framework

(Ferhatosmanoglu et al., 2001): given an integer parametemp, lter-and-re ne works as

follows:

Input: A test pattern Q, and its vector representation V (Q).

Filter step:  Project V(Q) to the lower-dimensional space, and nd the nearest
neighbors of the projection of V(Q) among the projections of the database vectors.

Keep the top p nearest neighbors.

Re ne step: For each of the top p nearest neighbors, apply the correspondingCy

to Q.

Output: Return the Cy yielding the strongest responseCy (Q), among the Cy's

evaluated during the re ne step.

One dimensionality reduction approach that we have experinented with is principal
component analysis (PCA) (Jolli e, 1986). In particular, w e computed the principal com-
ponents of the set of vector representations of all OVA classrs. A disadvantage of PCA
is that the cost of computing the PCA projection of the query can be signi cant, as demon-
strated in the experiments. Another dimensionality reduction approach that we have used,
that does not incur a signi cant projection cost, is to simply sample a subset of the original
dimensions. To choosal® out of the original d dimensions, we tried two di erent sampling

methods:

Sampling-1: choose the rst d® dimensions. The rationale here is that the rst d°
dimensions correspond to thed®weak classi ers that were chosen rst during training,

and thus convey the most information.

Sampling-2: choosed® dimensions randomly.

The cost of using a PCA-based lter-and-re ne process is appoximately 2 [d{n + d)+

p d] ops. This number re ects the total cost of all steps: projecting (d° d), Itering ( n d9,
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and re nement (p d). If we use sampling instead of PCA, the projection cost becmes
independent ofd, which can be an important source of computational savingsgespecially
for larger d's and smaller n's. The cost of OVA classi cation is approximately 2 (n d)
ops.

Naturally, dimensionality reduction and LSH can also be conbined with each other in
various ways. For example, since LSH behaves better in smalt dimensions, we can rst
apply dimensionality reduction to project vectors into a lower-dimensional space, and then
we can use LSH to index that space. We tested this combinationn an experiment which
showed that for the same method parameters, LSH applied to tk original space had poor
accuracy vs. e ciency trade-o s, and applied to the lower-dimensional space it achieved

signi cantly better trade-o s.
5.3 A Note on Sharing Classi ers

In the previous sections we have shown that multiclass recattion using boosted OVA
classi ers can be performed e ciently using nearest neightor search methods. However, it
is well-known that nearest neighbor search methods performvorse as the dimensionality of
the space increases. For example, the running time of LSH isrlear to the dimensionality.
In the worst case, the set of weak classi ers used by any classr Cy is disjoint of the set
of weak classi ers used by all other OVA classi ers. We have een that PCA is one way to
reduce the dimensionality of the space. An additional, and omplimentary, method is to
reduce the numberd of unique weak classi ers appearing in the OVA classi ers byforcing
all OVA classi ers to use the same weak classi ers, thus redaing the total number of
unique weak classi ers (Torralba et al., 2007). It turns out that forcing OVA classi ers to
share weak classi ers is also bene cial with respect to clas cation accuracy, and training
methods have been recently proposed that enforce the shargnof weak classi ers (Torralba
et al.,, 2007). Using such training methods also leads to redted dimensionality in the
vector representation of OVA classi ers and test patterns, thus facilitating the application

of vector indexing methods like those proposed in this thesi.



Chapter 6

Experiments

The methods proposed in this thesis are designed to be apptieon top of existing OVA
classi cation systems. They use the response of the OVA clas ers. Therefore each dataset
depends on the brute-force classi cation system (e.g. SVM ®As, boosted OVAS), and the
original dataset, that is, the dataset of patterns to be classi ed (eg. hand images, face
images, video les of signs, audio les of sounds). The dataets used in our experiments
were generated from two original datasets: a dataset of hanémages, where the task is to
estimate the handshape and the 3D orientation, and the Face Bcognition Grand Challenge
(FRGC) Version 2 dataset (Phillips et al., 2005) of 2D face inages. Example images from
these datasets are shown in Fig. 1. The hands dataset contains hand images of 81 basic
handshapes de ned in American Sign Language (ASL) at 30 3D dentations yielding 2,430
number of classes. The faces dataset contains all 2D face iges in the FRGC2 dataset,
amounting to 36,817 face images from 535 subjects (i.e., 5383asses). The OVA systems

trained to classify the patterns in these datasets are:
1. SVMs with a linear kernel for hand pose estimation,
2. SVMs with a Gaussian RBF kernel for face recognition,
3. jointly boosted classi ers for hand pose estimation, and
4. jointly boosted classi ers for face recognition.

The above methods are ourbrute-force methods they require the application of all

OVAs for classi cation. ClassMap was applied to all the datasets. OVA-VS was applied

27
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to the last two datasets. Since by de nition OVA-VS requires boosted classi ers, it cannot
be applied to datasets 1 and 2.
Next, we describe each of the two datasets, and then we prov&and discuss the results

of our experiments.

6.1 Datasets

The Hand Dataset

This dataset contains hand images of 81 basic hand shapes deed in American Sign
Language (ASL). There are 30 dierent out-of-plane view andes for each shape, for a
total of 81 30 = 2;430 hand pose classes. The inplane orientation is xed. Forah
class, 200 synthetic images were generated using Poser 5 (@us Labs, 2002). For each
synthetic hand image, cluttered background from random red images was added to the
regions outside the hand silhouette.

From each hand image, a histogram of oriented gradient featte vector (Dalal and
Triggs, 2005) of dimension 2,025 was extracted. The image wwanormalized to 48 by 48
pixels, which was divided into cells of size 6 by 6, with neighoring cells overlapping by
half. For each cell, nine edge orientation bins were evenlypaced between 0 to 180 degrees.
Bins in each cell were normalized with the surrounding 3 by 3 ells. All the bins from
all the cells were vectorized into a feature vector of 2025 fure components for a hand
sample.

To generate a domain with large number of classes, we enharat¢he dataset of hand
images, to include 20 in-plane rotations per viewpoint, fora total of 81 handshapes 30
out-of-plane rotations 20 in-plane rotations = 48; 600 hand pose classes.

For evaluation, in addition to the synthetic hand images, we also used a second test
set of 992 real hand images, collected from 7 subjects and witcluttered background. The
real test images cover 13 out of the 2,430 classes. We colledt real images from only a
few classes in order to facilitate the extremely laborious pcess of manually annotating

the ground truth for those images. Furthermore, because of hie di culties in visually
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estimating the 3D hand orientation on an image, we assignedd each hand image four
di erent class labels (out of the possible 2,430 class labs). Each of those four class
labels corresponded to the same handshape and a 3D orientati within 30 degrees of the
manually labeled orientation. The classi cation result is considered correct i it was equal

to one of those four labels.

The Face Dataset

This dataset contains all 2D face images in the FRGC2 datasefPhillips et al., 2005),
amounting to 36817 face images from 535 subjects (i.e., 53%asses).

The original resolution of the face images was either 1704 2272, or 1200 1600. All
images were converted to gray images and normalized to 100 00 pixels. A PCA space
was learned from 4,000 uniformly sampled training faces oflathe subjects. The features
of face images were their projections on the top 2,509 PCA coponents, which accounts
for 99.9% of the variance.

We also created an alternative, smaller test set, which we dathe faces-25 test set. In
faces-25 we included all test images from classes for which kast 25 training examples
were available for the embedding construction algorithm. The faces-25 set was useful
for illustrating how performance of ClassMap was a ected wten the number of training
examples per class becomes too small. Images in the facesi®St set were still classi ed

against all 535 classes.
6.2 Experimental Evaluation of the ClassMap Method

SVM classi ers were used for both the hands and the faces datets. For the hands dataset,
for each class, a linear kernel SVM was trained using 150 pdsie samples of that class, and
48,000 negative samples containing images uniformly samgd from hand images of other
classes. When ClassMap was applied for this dataset, out oht remaining 50 samples per
class, 25 were used as training during embedding construcin via AdaBoost, and 25 for

testing.
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For the faces dataset, the 535 OVAs face classiers were traed using SVMs with
a Gaussian RBF kernel with variance 10. For each OVA classi e the positive training
samples contain the training samples of a speci ¢ class andllatraining samples from the
other classes are negative training samples. In particularfor each subject the sample
images were split into three disjoint sets: half of the face mages were used for training
OVA classi ers, 1/4 were used for the embedding constructimm of ClassMap, and 1/4 were
used for testing ClassMap.

In our experiments we evaluated ve di erent methods: brute-force classi cation, and
four di erent variations of ClassMap, that use di erent way s to construct ClassMap em-
beddings, and di erent versions of Iter-and-re ne retrie val (see Section 4.2). The methods

we have used are the following:

Brute force : evaluate all OVA classi ers; select the class whose classr produced

the highest response.

CM-RRC : use version 1 (simple OVA) of lter-and-re ne classi cati on, and use a

randomly generated ClassMap embedding.

CM-RRC-Thr : use version 2 (OVA+threshold) of Iter-and-re ne classi cation,

and use a randomly generated ClassMap embedding.

CM-Boosted : use version 1 (simple OVA) of lter-and-re ne classi cati on, and a

ClassMap embedding constructed using AdaBoost.

CM-Boosted-Thr : use version 2 (OVA+threshold) of Iter-and-re ne classi cation,

and a ClassMap embedding constructed using AdaBoost.

In training CM-Boosted embeddings, using the algorithm of Sction 4.3, di erent train-
ing triples were used for each dataset. Within each datasetthere was a single run of
ClassMap. The number of triples was the same (i.e., was 3 mithn) in all runs. The CM-
Boosted embeddings had 45 dimensiongd(= 45) for the hand dataset, and 84 dimensions

for the face dataset. The number of dimensions is simply the mmber of reference classi ers
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to which AdaBoost assigned non-zero weights. The same embeéithg was used for both real
and synthetic test images of hands, and the same embedding waused for both the faces
and the faces-25 test sets. To make comparisons fair, the sardimensions (45 for hands
and 84 for faces) were also used for the CM-RRC embeddings.

For the face dataset, for version 2 of the lIter-and-re ne classi cation of Section 4.2,
the threshold t was set to 0:38. This value was chosen by considering the training exam-
ples: 0:38 was the smallest value that would increase classi catiorerror on the training

examples by no more than 005%.

6.2.1 Results

Performance was measured based on classi cation accuracynd e ciency. Fig. 6 1 and
Fig. 6 2 display the results obtained for the four test sets (real had images, synthetic
hand images, faces, and faces-25) using brute force, CM-Bsted, and (for the faces and
faces-25 sets) CM-Boosted-Thr. To evaluate di erent accuacy-vs.-e ciency trade-o s, we
varied parameter p of the re ne step (Section 4.2), which speci es the maximum rumber
of candidate classes to consider. One measure of e ciency ihe number of OVA classi er
evaluations per query. OVA classi ers were evaluated at theembedding step, in order to
produce the embedding of the query, and at the re ne step, whee the OVA classi ers
corresponding to the candidate classes are evaluated. Hower, the di erence between the
23.9% accuracy of ClassMap and the 22.5% accuracy of bruterfie search is not statistically
signi cant, as it has a probability of about 15.3% of occurring by chance. Therefore, we
cannot make the claim that ClassMap actually improves the chssi cation accuracy on this
dataset. We can, however, state that we achieved results coparable to those of brute
force search, at a signi cant speedup.

On the hand images, the brute-force classi cation accuracywas 225% for the real
images and 953% for the synthetic images.

At the cost of 85 classi er evaluations per query @ = 45;p = 40), CM-Boosted pro-

duced 239% classi cation accuracy for the real images and 98% for the synthetic images.
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Figure 6 1. Results on the real and synthetic test sets of hand images
test sets. For method CM-Boosted we plot accuracy vs. numbeif OVA
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Interestingly, for the real hand images, CM-Boosted was bdt faster and more accurate
than brute force. A pattern misclassi ed via brute force can be classi ed correctly via the
Iter-and-re ne method, if the OVA classi er(s) producing false alarms were not associated
with candidate classes considered during the re ne step.

In terms of running time for the hand dataset, the speed of brue force classi cation is
28 images/second, and the speed of CM-Boosted (ad = 45;p = 40, and with no loss in
classi cation accuracy) is 781 images/second, which is 28imes faster than brute force. In
a detection setting, where hundreds or thousands of image wdows are classi ed separately
in order to determine where the hand is located, the speed-ugactor of 28 produced by
ClassMap can make a big di erence in practice.

We note that the classi cation accuracy on the dataset of red hand images for the SVM-
OVA was 22:5% which is relatively low for a large margin method. Recogriing handshapes
in arbitrary 3D orientations remains a challenging task, asevidenced by the high error rates
in our experiments. However, these error rates correspondn some sense, to a worst-case
scenario, where no prior information is available as to what3D orientations and handshapes
are most likely to be observed. Such prior information is ofentimes available in real-world

systems, and can come from the following sources:

Speci ¢ usage scenarios, where the user is typically facinop a certain direction with

respect to the camera and makes handshapes with a limited raye of 3D orientations.

Knowledge of speci ¢ human-computer communication protools, that involve a rel-
atively small number of gestures, thus restricting possibé handshapes and 3D orien-

tations.

Use of multiple cameras, which can resolve ambiguities thaare unavoidable in sys-

tems that only use a single camera.

Use of linguistic constraints in the context of sign langua@ recognition. For example,
given the handshape of the dominant hand there is a relativgl small humber of

possible handshapes for the non-dominant hand.
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Use of information from multiple consecutive frames in a viceo sequence. The method
described in this paper can be a source of hypotheses for imdizing a hand tracker.
Such a tracker can use information from multiple frames to inprove upon the accuracy

of estimates made based on a single frame.

For the face dataset, ClassMap again provides a more e cientalternative to brute-force
classi cation. Brute-force classi cation achieves an acaracy of 920%, and it takes 217
seconds to classify a face image. At a cost of 178 classi er @uations per query, the CM-
Boosted-Thr method yields an accuracy of 916%, and it takes 073 seconds to classify a face
image, which is 30 times faster than brute force. At the re ne step, CM-Boosted-Thr runs
the OVAs in the order given by the Iter step. If a classier, Cy, gives a response higher
than a threshold t, the process is stopped and the query is assigned cla¥s Otherwise it
evaluates all of thep classi ers, as CM-Boost. This rexibility allows CM-Boost -Thr to go
up to p = 400 for the di cult queries and still achieve the cost of 178 per query on average.

In order to investigate the accuracy trade-o with respect to the number of samples
per class available for training of ClassMap, we selected aubset of the test set, which
we refer to as faces-25. Faces-25 contains only samples fratasses that provided at least
25 samples for training. For this experiment, the embeddingwas trained using all of the
535 classi ers and the database consisted of the embedding all 535 classes. At a cost of
128 classi er evaluations per query, the CM-Boosted-Thr mé¢hod yielded an accuracy of
94:9%, equal to the accuracy of brute force, at the speed of:B3 seconds per image, which
is 4:1 faster than brute force.

Fig. 6 3 compares the single embedding constructed via AdaBoost vgesults from
100 randomly constructed embeddings. Interestingly, for he real hand images, several
random embeddings performed better than the AdaBoost-consucted embedding. Since
AdaBoost in general converges only to a local optimum, it is &ways possible that a random
construction turns out to be better than this local optimum. In the faces dataset, the
AdaBoost-constructed embedding does outperform all 100 CMRRC embeddings. Still the

randomly constructed ClassMap embeddings performed bettethan brute force, achieving
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Figure 6 3: Comparing AdaBoost-based embedding construction to ran-
dom embedding construction. For the real hand test set and tle faces test
set, we compare the single embedding constructed via AdaBb vs. results
from 100 randomly constructed embeddings.

similar accuracy at more than twice the speed.

One last experiment measured the generalization ability ofCM-Boosted embeddings.
In this experiment, AdaBoost used 435 classi ers and examms from only 435 out of 535
classes. The remaining 100 classes and classi ers were peted to the system after the
embedding was learned. Then, for each new class (out of the Q) using the embedding
(based on the 435 classi ers) and the training samples of thelass, the class embedding
was computed and added to the database of embedded classesheltest set included only
examples from the left-out 100 classes. In Fig. @ we compare the results to those obtained
(on the same test set from the left-out 100 classes) using theriginal embedding, that was
trained on all 535 classes. Not surprisingly, performance as worse for the embedding
that was trained without examples from the classes in the tes set. At the same time,
performance on those left-out classes was still better thathat of CM-RRC embeddings and
brute force. For example, at a cost of 110 classi er evaluatins per query, the embedding
trained without examples from the test classes achieved anauracy of 845%, which is
worse than the 87% accuracy of the embedding trained with allb35 classes, but is better

than than the median accuracy (785%) and the max accuracy (825%) attained using
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100 randomly constructed embeddings. This experiment shos/that ClassMap could be
applicable in a dynamic setting, where new classes and cldsrs can be inserted after the

embedding was trained, without requiring a new embedding tobe constructed.

6.2.2 Summary of ClassMap results

In summary, on the hand and face dataset, ClassMap yielded 3at 28 times faster classi ca-
tion compared to brute force, with negligible or no loss in acuracy, in the presence of large
numbers of classes (2,430 and 535 classes respectively). tba face dataset, ClassMap also
worked well when applied to query patterns from classes thatwere not available during

embedding construction.
6.3 Experimental Evaluation of the OVA-VS Method

In contrast to ClassMap, the OVA-VS method can only be applie if the OVA classi ers
have been trained via boosting. For that purpose, we jointlytrained boosted OVA classi ers
using the shared features approach of Torralba et al. (Torréba et al., 2007). When
applied to the faces dataset of 535 classes and the enhancedrius dataset of 48600 classes,
this method produced a number of 10,000 and respectively 30® unique weak classi ers
appearing in the OVA classi ers.

For evaluation we used a test set of 281 synthetic hand image&lso generated using
Poser) and a test set of 300 face images. Naturally, the setsf test images were disjoint
from the sets of training images. We evaluated seven di erenmethods: brute-force search,
ClassMap, and ve variants of OVA-VS; each of those ve variants uses a di erent approach

for the ltering step. In more detail, the seven methods we tried are:
Brute-force search: application of all OVA classi ers to the query.

ClassMap (CM-Boosted version). For comparison purposes, we ran ClassMap
on top of the boosted OVA classi ers which we used as basis fahe di erent variants

of the OVA-VSmethod. We note that the results provided here d er from those of
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Section 6.2.1, as the results in Section 6.2.1 were appliechdop of OVA classi ers

trained using SVMs, and not using boosting.

OVA-VS-PCA: Use PCA within the lter-and-re ne framework, as described in

Section 5.2.

OVA-VS-Sampling-1: Use the Sampling-1 method within the Iter-and-re ne

framework, as described in Section 5.2.

OVA-VS-Sampling-2: Use the Sampling-2 method within the Iter-and-re ne

framework, as described in Section 5.2.

OVA-VS-LSH: locality sensitive hashing applied to the 3,000-dimensioal space

de ned by the weak classi ers.

OVA-VS-PCA+LSH : Use PCA to reduce dimensionality from 3,000 to 20 dimen-
sions, normalize to one, and then use LSH to index the 20-dimmsional unit hyper-

sphere.

Performance is measured in terms of speed-up with respect tarute force, and classi ca-
tion accuracy. By de nition, brute force achieves a speed-p factor of 1. The classi cation
accuracy of brute force is 9075% for the synthetic hands dataset and 870% for the faces
dataset. For the PCA, Sampling-1, and Sampling-2 methods, lhe parameters that need
to be chosen ared® i.e., the dimensionality of the lower-dimensional spaceand p, i.e.,
the number of OVA classi ers to be evaluated at the re ne step. Naturally, classi cation
accuracy and running time depend on bothp and d°

We now proceed to describe the experimental results obtairtk by these methods for

the synthetic hands dataset and the FRGC dataset.

6.3.1 Results on the Synthetic Hands Dataset

Figure 6 12 compares the performance of PCA and CM-Boosted on the syhetic hands

dataset. PCA gave signi cantly better overall results than ClassMap. To illustrate that,
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Figure 6 5: Classication accuracy vs. speedup factor on the synthetic
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we plotted a single performance curve for PCA, obtained by costraining d and p so that
the running time of the Iter and the re ne step were equal. In contrast, for CM-Boosted,

we plotted a family of curves, each curve corresponding to aickerent embedding dimen-

sionality, ranging from 1 to 90 dimensions. The single PCA cuve corresponds to much
better accuracy vs. e ciency trade-o s than any of the results obtained using di erent

d®and p parameters for CM-Boosted. As a highlight, PCA gave a speedp factor of 120
over brute-force search for a classi cation accuracy of 905% (equal to that of brute-force
search), whereas ClassMap gave a speed-up factor of 29 forathaccuracy. PCA yielded
this result for d°= 12 and p = 194.

LSH did not work as well for this dataset, both by itself or in conjunction with PCA.
Figure 6 6 illustrates that the performance of PCA+LSH was much worsethan that of using
just PCA. These results for PCA+LSH correspond to a 20-dimersional PCA projection,
LSH parameter k ranging from 8 to 24 and LSH parameter| going up to 6000. We
note that larger values of | place a heavy burden on memory, as the amount of memory
needed for LSH isO(In) is the number of classes. Usind = 10000 required about 5GB of
memory. LSH by itself performed even worse: for example, théest speed-up obtained for
an accuracy of 80% was a factor of 2.65, and even for an accugaof 64% the best obtained
speed-up was a factor of 5.

Figures 67, 68, and 69 illustrate the performance of sampling-based dimensiordy
reduction, using variants Sampling-1 and Sampling-2. For ach of these variants, multiple
curves are plotted, each curve corresponding to a di erent amber d®of sampled dimensions,
ranging from 20 to 40. We note on Figure 67 that Sampling-1 worked signi cantly better
than Sampling-2, as expected, since Sampling-1 selects throst informative dimensions,
whereas Sampling-2 selects dimensions randomly. As Figuré 8 shows, PCA produced
much better results than Sampling-1 (and consequently beter results than Sampling-2 as
well).

In Figure 6 9 we observe that the best speedup obtained by Sampling-1 fdhe high-

est accuracy setting of 90.75% was a factor of 43, whereas GEMap, for that accuracy,
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gave a speedup factor of 29. This is an interesting result, emidering the simplicity of

the Sampling-1 method vs. the complexity of implementing ChssMap. Using the vector
representation proposed by OVA-VS allowed us to use the inheent structure of that vector

space to our advantage, whereas ClassMap, due to its more geral formulation, did not

have access to this vector representation.

In summary, PCA gave the best results for the synthetic handsdataset, highlighted
by a speedup factor of 120 with no loss in classi cation accuacy over brute-force search.
There was no clear winner between Sampling-1 and ClassMap.a8ipling-1 outperformed
Sampling-2, as expected. PCA+LSH performed rather poorly,and LSH on the original

space performed even more poorly.

6.3.2 Results on the FRGC Dataset

While the PCA variant of OVA-VS gave good results for the synthetic hands dataset, that

was not the case for the FRGC dataset. Figure 6L0 plots the results attained using several
di erent combinations of d®and p for PCA and ClassMap. We note that for an accuracy of
83.5%, which is 3.5% lower than that of brute-force search, EA achieved a speedup factor
of only 1.6. As seen on the same gure, ClassMap also did not whk very well, achieving

a speedup of 3.3 for the same accuracy of 83.5%, and a speeddpld for an accuracy of
87%, which is equal to the accuracy of brute-force search.

One reason for the poor performance of both PCA and ClassMaysithe relatively small
number of classes in this dataset, only 535, compared to the84600 classes of the synthetic
hands dataset. As a result, generating a single dimension & PCA projection, or a single
dimension of a ClassMap embedding, are operations that inaul/535 of the cost of brute-
force search, compared to 1/48600 for the hands dataset. Fige 6 11 plots classi cation
accuracy vs. lter-and-re ne cost, omitting from that cost the cost of generating PCA
projections and ClassMap embeddings for the queries. Thisast is representative of the
performance we could expect if we had a much larger number ofi@sses, that would make

the projection and embedding costs negligible. In that caseve see that PCA performs
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better than ClassMap, obtaining, for example, a speedup faor of 12.3 for a classi cation
accuracy of 86.3%. For that same accuracy, ClassMap gives @esedup factor of 4.2%.

While the cost of computing the lower-dimensional projectbn is signi cant for PCA for
this dataset, the sampling methods Sampling-1 and Sampling do not incur such a cost.
As a result, Sampling-1 produced the best results out of the aven methods evaluated on
this dataset. Figure 612 shows the performance of Sampling-1 compared to ClassMap
Sampling-1 produced a speedup of 6.4 for the same accuracy beute-force search, com-
pared to a speedup of 1.8 for ClassMap and for the same accuracFor an accuracy of
85.5% (compared to 87% for brute-force search), Sampling-firoduced a speedup of 10.2,
which is an order of magnitude.

As expected, Sampling-2 performed worse than Sampling-1. tAthe same time, the
performance of Sampling-2 was actually slightly better than that of ClassMap, as shown
in Figure 6 13.

LSH performed poorly for this dataset, as it did for the hands dataset. For example,
applied on top of a 20-dimensional PCA projection, and for anaccuracy of 81%, the
speedup attained using PCA is only a factor of 1.55.

In summary, Sampling-1 gave the best results for the FRGC daaset, producing a
speedup factor of 6.4 while achieving the accuracy of brutéerce search. Sampling-1 and
ClassMap gave similar performance, while PCA and LSH perfaned poorly. The relatively
small number of classes in this dataset makes it hard to obtai good results for the PCA

and ClassMap methods.

6.3.3 Summary of OVA-VS results

In summary, our experiments with the dierent variants of th e OVA-VS method show
that, in each dataset, one of these four variants, signi cartly outperformed ClassMap. For
the hands dataset, for an accuracy equal to that of brute-foce search, the PCA variant
of OVA-VS achieved a speedup factor of 120, compared with a sedup factor of 29 for

ClassMap. For the FRGC dataset, again for an accuracy equal d that of brute-force
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search, the Sampling-1 variant of OVA-VS achieved a speedupactor of 6.4, compared
with a speedup factor of 1.8 for ClassMap. These results arexpected, as the vector
representation proposed by OVA-VS does not lose any informi#on, whereas ClassMap
embeddings are lossy.

With respect to the PCA variant of OVA-VS, we have seen that the relatively poor
performance of that variant on the FRGC dataset was due to therelatively small number
of classes, which made the PCA projection cost a large fraatn of the cost of brute-force
search. As the number of classes increase, we expect PCA parhance to improve.

With respect to the LSH and PCA+LSH variants, we have seen tha the results of those
variants on our datasets were rather mediocre. At the same the, there are recent methods
for improving the performance of LSH (Andoni and Indyk, 2006 Panigrahy, 2006), that
we have not implemented. In future work, we plan to evaluate he performance of those
methods when integrated into the LSH variant of OVA-VS. Also, we should note that the
task of LSH in the PCA+LSH variant is rather more challenging than the typical task of
LSH, which is to nd a few nearest neighbors of the query. For &ample, in the hands
dataset, for a 20-dimensional embedding, the true neareste&ighbor of some queries (i.e.,
the vector representation of the strongest responding clas er for those queries) is not
included in the 100 nearest neighbors after we project to thePCA space. In such cases,
the task of LSH is to retrieve a not-so-near neighbor of the gary, and this leads to worse

performance.



Chapter 7

Discussion and Future work

We have described two methods, ClassMap and OVA-VS, for speking up large margin
classi cation in the presence of a large number of classes. hE key di erences between the

two methods can be summarized as follows:

Generality. ClassMap does not make assumptions about the large margin nteod
used for training and the binary decomposition scheme. OVAVS is designed for
application on top of boosted OVA classi ers. On the other hand, ClassMap makes
the relatively strong assumption that the outputs of an OVA classi er on patterns
of any speci c class follow a unimodal distribution. No suchassumption is made for

OVA-VS.

Training data.  ClassMap requires additional training data, on top of the training

data used to train the classi ers. OVA-VS requires no additional training data.

Cost of mapping. For ClassMap, the embedding of each test pattern is relativly
costly, as it involves applying the reference classi ers orthe pattern. For OVA-VS,
the mapping of each pattern to a vector is automatic, obtainel immediately based

on the responses of the weak classi ers on that pattern.

Quality of mapping. The ClassMap embedding is lossy: the nearest class in
the embedding space is not necessarily the class that is comed using brute-force
classi cation. On the other hand, the mapping used in OVA-VS is lossless: the vector
representation is such that the strongest-responding OVA assi er (that would be

identi ed using brute force) is the nearest neighbor of the pattern in the vector space.

a7
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Our experiments with hand recognition and face recognitionsystems showed that each
method achieves signi cant speed-ups, that are over one oet of magnitude in some cases,
with relatively small losses in classi cation accuracy.

In the case where the OVA classi ers are not trained using bosting, OVA-VS is not
applicable, but ClassMap is applicable and has been shown ithe experiments to be a
signi cantly better alternative than brute-force search. When boosted OVA classi ers are
used, then the OVA-VS method becomes applicable, and we carake advantage of the
lossless vector representation proposed by that method. Ashown in the experiments,
in both datasets a variant of OVA-VS produced results signi cantly better than those of
ClassMap. On the hands dataset, the PCA variant gave the bestesults. On the FRGC
dataset, while PCA did not perform as well due to the relatively small number of classes, the
Sampling-1 variant produced the best results, and signi cantly outperformed ClassMap.

With respect to the performance of PCA and Sampling-1 variarts of the OVA-VS
method, we note that computing the PCA projection of a query requires timeO(dd%, where
d is the number of weak classi ers (and thus the dimensionaliy of the vector representation
of classi ers and patterns) and d® is the dimensionality of the lower dimensional space
obtained using PCA or Sampling-1. This cost ofO(dd) is independent of the number
of classes. As the number of classes becomes smaller, tB¢dd® cost becomes a larger
fraction of the overall running time of OVA-VS. The Sampling-1 method does not incur
this O(dd% cost and thus becomes more attractive computationally, conpared to PCA, as
the number of classes decreases. This di erence @i(dd) in the running time contributed
to the fact that Sampling-1 outperformed PCA on the FRGC dataset, where there are
only 535 classes, whereas PCA outperformed Sampling-1 onéhhands dataset, where the
number of classes is 48,600.

For ClassMap, the lter step compares the embedding of the qery to the embeddings
of all classes. This step takes negligible time in our expements, but can become a bot-
tleneck for really large numbers of classes. However, by m@ng classes to a vector space,

ClassMap allows application of numerous vector indexing ménods (e.g., LSH (Gionis et al.,
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1999)) for speeding up the Iter step. Using vector indexingmethods can lead to recogni-
tion time that is sublinear in the number of classes, thus albwing e cient recognition even
with signi cantly more classes than the numbers used in our &periments. Integrating such
indexing methods with ClassMap is an interesting topic for uiture work.

Another possible improvement for ClassMap is to explicitly model the probability dis-
tribution of the responses of reference classiers for the atterns of each class. At the
Iter step, instead of measuring L, distances between the embedding of the query and
the embeddings of the database classes, we could compute tpeobability of the pattern
belonging to each class, based on the responses of the refere classi ers. A challenge
in implementing such a probabilistic approach is handling ¢asses with a small number of
training examples.

For OVA-VS, an interesting topic for future exploration is t o try a larger number of
vector indexing methods, in order to identify methods that tend to work well in practice
within the proposed framework. For the LSH variant of OVA-VS, we plan to evaluate
recently proposed methods for improving LSH performance (Adoni and Indyk, 2006;
Panigrahy, 2006). Finally, as OVA-VS is only applicable to boosting-based classi cation,
it will be interesting to investigate whether similar metho ds can also be designed for other
types of large margin classi ers, such as support vector matnes.

It will also be interesting to integrate the hand recognition module in an actual appli-
cation, such as ASL sign recognition (Athitsos et al., 2008) to obtain a better picture of

how domain-speci ¢ constraints a ect hand pose recognition accuracy.
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