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Abstract

Assume that we are trying to build a visual recognizer for a
particular class of objects—chairs, for example—using exist-
ing induction methods. Assume the assistance of a human
teacher who can label an image of an object as a positive
or a negative example. As positive examples, we can obvi-
ously use images of real chairs. It is not clear, however, what
types of objects we should use as negative examples. This
is an example of a common problem where the concept we
are trying to learn represents a small fraction of a large uni-
verse of instances. In this work we suggest learning with the
help of near misses—negative examples that differ from the
learned concept in only a small number of significant points,
and we propose a framework for automatic generation of such
examples. We show that generating near misses in the fea-
ture space is problematic in some domains, and propose a
methodology for generating examples directly in the instance
space using modification operators—functions over the in-
stance space that produce new instances by slightly modify-
ing existing ones. The generated instances are evaluated by
mapping them into the feature space and measuring their util-
ity using known active learning techniques. We apply the
proposed framework to the task of learning visual concepts
from range images.

Introduction

Assume that we are trying to build a visual recognizer for a
particular class of objects—chairs, for example—using ex-
isting induction methods. Assume the assistance of a human
teacher who can label an image of an object as a positive or
a negative example. As positive examples, we can obviously
use images of real chairs. It is not clear, however, what type
of objects we should use as negative examples. Are images
of a monkey, a galaxy and a pen good candidates for this
purpose?

This is an example of a common problem where the con-
cept that we are trying to learn represents a small fraction
of a large universe of instances. Arbitrary negative exam-
ples will differ considerably from positive examples, which
might allow the learner unwanted flexibility in determin-
ing the classification boundary—flexibility that could yield
a poor classifier.
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Winston (1975), in his seminal work, recognized this
difficulty and proposed a method for constructing efficient
training sequences by using near misses—negative exam-
ples that differ from the learned concept in only a small
number of significant points. Such examples do not neces-
sarily belong to known concepts. Winston constructed spe-
cialized objects, such as an arch with no gap between the
poles, to obtain negative examples that are near the classifi-
cation boundary. The applicability of Winston’s approach is
restricted in that the near misses are constructed manually.
Manual construction is a costly process and requires a deep
understanding of the specific concept to be learned. It does
not, therefore, provide a generic solution for the problem
described above.

In this work, we build on the ideas of Winston, and pro-
pose a framework for automatic generation of near misses.
We observe that a learning process involves two spaces—
the instance space and the feature space. The teacher labels
examples in the instance space; the labeling is independent
of any particular set of features. The input of the induction
algorithm are labeled members of the feature space. Since
the classification boundaries are defined with respect to the
feature space, it would be natural to generate near misses as
feature vectors. Such an approach, however, would require
mapping the generated vectors back to the instance space to
be labeled by the teacher. This would be impossible in many
domains where the feature functions are not one-to-one. For
example, consider the space of 2D grayscale images. The
possible features of an image may be related to corner in-
formation, gray-level histogram, etc. Given an image, it is
easy to evaluate its features. However, there may be vectors
in the feature space that represent more than one image, or
represent no image at all.

Our methodology solves this problem by generating ex-
amples in the instance space but evaluating their merit in the
feature space. We assume the availability of an initial set of
positive examples in the instance space and a set of modifica-
tion operators—functions over the instance space that pro-
duce new instances by slightly modifying existing ones. We
apply short sequences of modification operators to the ini-
tial examples in order to generate new instances. The idea is
that a slight modification of a positive instance will produce
a new instance belonging to the same class, or will produce
a near miss. We evaluate the generated instances by map-



ping them into the feature space and measuring their utility
using known active learning techniques. The best instances
are then labeled by the teacher, converted to labeled feature
vectors, and given to the induction algorithm.

We apply the proposed framework to the task of learning
visual concepts from range images. We show that defining
meaningful modification operators over the instance space
of range images is problematic, because such images con-
tain only low-level information. We solve the problem by
using an intermediate instance space—the functional repre-
sentation space, where objects are represented in a higher
level language. The efficiency of the proposed framework
for object recognition is demonstrated by testing it on real-
world recognition tasks.

The contributions of this work are threefold. First, we
analyze the problem of example generation and identify the
difficulty arising from the need to operate in two spaces—
the instance space and the feature space. Second, we
present a general framework for automatic generation of
near misses. Third, we develop a methodology for example
generation for visual recognition by introducing an interme-
diate (functional) space.

Learning with Near Misses

Let X be a set of instances. Let ¢ : X — {0,1} be
a teacher who labels instances in X. Let {f1,..., fn} be
a set of feature functions over instances in X, where f; :
X — dy,, and dy, is the domain of feature f;. The fea-
ture space is defined as: Xy = dg x,...,xdy,. Let
v; = (fi(zi),..., fu(x;)) represent the feature vector of
an instance x; € X. A learning algorithm L takes as input
a training set {(v;, t(x;)) | ®; € X,v; € Xy, i=1,...,m}
and returns a classifier b : Xy — {0, 1}.

Many works in machine learning make no distinction be-
tween the instance space and the feature space. This distinc-
tion, however, is important for our framework. In particular,
the above definitions mean that the label of an instance is
independent of the particular features chosen to represent it.
Nevertheless, we assume that the induction algorithm pro-
cesses feature vectors.

We consider two modes of learning—active and pas-
sive. Given a pool of unlabeled instances, pool-based active
learning (Cohn, Atlas, & Ladner 1994) can be described as
an iterative procedure. At each iteration, an unlabeled in-
stance is chosen from the pool to be labeled by the teacher.
The feature vector of the labeled instance is then added to the
training set, and the learner induces a new hypothesis. The
informativeness of an example can be evaluated by means
of several methods, developed for this purpose, which take
the already labeled examples into account. Note that all ex-
isting methods evaluate examples in the feature space. In
the passive setup, the selection of examples to be labeled is
uninformed, and can therefore be assumed to be random.

Automatic Example Generation

Our framework includes an algorithm that uses modification
operators to generate near misses. A modification opera-
tor is a function m : X — X, where X is the instance
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Procedure ANMG (D, M)
While | X,.,,| < n
Zpew < Random object from D ;¢
Repeat
m < Random operator from M
Tnew  M(Tnew)
top — true
stop = { false
Until stop = true
Xgen — Xgen U {xnew}
Return X .,

with probability ps;op
with probability 1 - pgiop

Figure 1: The ANMG algorithm

space. Thus, the only requirement for modification opera-
tors is to produce valid instances. Recall, however, that the
motivation behind these operators is to generate near misses
by slightly modifying existing examples. Therefore, when
defining a new set of such operators, one should attempt
to include operators that are able to cross the classification
boundary.

The ANMG (Automatic Near Misses Generation) algo-
rithm implements the core of the proposed framework. It
receives D, a set of positive instances in X, and M =
{my,...,mn},m; : X — X, a set of modification opera-
tors, and produces a pool of unlabeled examples X ¢,

To get a variety of new instances, our algorithm applies
random sequences of operators to random initial positive in-
stances. To control the length of the sequences, our algo-
rithm uses a parameter pg;,,. The algorithm selects a ran-
dom initial instance and iteratively modifies it. At each it-
eration, it stops the modification with probability p o, or
continues with probability 1 — pg.p. Therefore, the length
of the sequence of modification operators applied to an ini-
tial example is a random variable with geometric distribu-
tion, defined by the parameter 1 — p4;,p. Figure 1 presents
the pseudocode of the ANMG algorithm.

Active Learning with Near Misses

The ANMG algorithm generates a pool that is likely to in-
clude useful examples. In the passive learning setup, the
pool is sampled randomly. In the active learning setup, we
attempt to select potentially useful examples first.

To evaluate examples, we use an extension of the
utility-based evaluation method presented by Lindenbaum,
Markovitch, & Rusakov (2004). The method performs a
lookahead to measure the examples’ expected effect on the
classifier induced by the learner. This effect is estimated by
considering all possible example labels and their probabili-
ties. The strength of the method is that it considers both the
confidence of the current classifier in each possible label of
an example, and the effect of adding the example with each
of its possible labels to the training set of the learner (which
will result in a new classifier). Specifically, in this work we
use the one-step lookahead evaluation function, adjusted to
the specific task of learning with near misses.



The one-step lookahead evaluation function is defined as:

U(z) = Y P(tx) =1|D)-UL(DU{(vs,)}, D), (1)
1=0,1

where x € X, v, € X is the feature vector of z, P(t(z)
[|D) denotes the probability of an example z to be labeled
[ given the D, and U, (D U {(vy, 1)}, D) is the utility, with
respect to learner L, of adding (v, () to training set D. We
denote D' = D U {{(v,,1)}.

The function U, (D', D) computes the difference between
the hypotheses generated by learner L, when its training set
is changed from D to D’. This difference is measured over
the unlabeled examples in X g¢,,:

_ Hzlz € Xgen, LD)(ve) # L(D) (vz) }|
[Xyen] |
@)
where L(D) is the hypothesis produced by the learner given
a training set D.

The other component of Equation 1 that needs to be esti-
mated is P(t(x) = {|D). These probabilities are estimated
using a random field based method. Let x; be the labeled
example closest to z, x5 the labeled example second closest
to x, and dist(vg,,vs;) the normalized Euclidean distance
function. Let dp1 = dist(vy, vy, ), do2 = dist(vy, vy, ) and
d1o = dist(vg, , Vs, ). The probabilities for the possible ex-
ample labels are calculated as follows:

Ur(D', D)

7(do1) +7(do2) —
5= %4—2’)’((11;) t(xl) o t(Z‘Q) 3)
% otherwise
1
5+0 tlr)=1
P(t(x) = 1]t(z1), H(ws)) = 4 2 4
(t(z) t(z1), t(z2)) {% — § otherwise @

where 7(d) is an approximation of a covariance function:

1 —a
() = 7€ ®)
and o is calculated on the basis of the average distance be-
tween the examples in X g, scaled by parameter D:

1 1 SN dist(ve,,va))-

T;€Xgen TjE€EX gen

— 6
D Xyl ©

As can be seen in Equation 4, the probabilities are bi-
ased towards 0.5, and the deviation from 0.5 is determined
by the distance of the examined example from its neighbors.
The scale parameter ® determines to which extent these dis-
tances affect the probability calculations.

In our framework, we would like to minimize the effect
of the labeled examples on the probability estimations at the
beginning of the learning process, when the training set of
the learner is small and contains mostly positive examples.
Later, when more examples are learned, we would like to in-
crease the effect of the labeled examples on the estimations.
We therefore amend the estimation process by dynamically
updating © using a decay formula:

D =4+ Doe M, (7
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where 4 is the value found by Lindenbaum et. al. to be best
for ©, and ¢ is the index of the learning iteration. Choosing
suitable values for © and A will allow us to manipulate the
influence of the labeled examples on the estimated probabil-
ities when necessary.

Object Recognition with Near Misses

The research described in this paper has been motivated by
the problem of object recognition from range images. As-
sume that we are trying to learn a visual recognizer using a
set of range images and the help of a teacher as described
in the introduction. It looks as if the framework described
above suits this task very well. The concepts are only a
small fraction of the instance space. Therefore, using near
misses of a concept as negative examples seems a logical
solution. In addition, the mapping between the image space
and the feature space is not one-to-one. Thus, the creation
of examples directly in the instance space, as we suggest, is
important.

Working with object images raises, however, a serious
difficulty: the common image-based modification operators,
such as a pixel change or overall scaling, usually change as-
pects of the image that are not relevant to the recognition
task. To be able to define more meaningful modification
operators in this domain, we need to represent instances in
higher level language. We propose using an intermediate
space—the functional representation space, where an object
is described in terms of the functionality that it implements.

The main idea of the functional approach is that, in some
cases, it is hard to describe all possible shapes of objects in a
particular object class, but it is easy to describe a set of func-
tional properties that they all share (Winston ez al. 1983).
For example, a chair has infinitely many possible shapes,
but in functional terms the chair should only provide “sit-
tability.” The main assumption of the functional approach
is that the object’s shape is sufficient to deduce the exis-
tence of its functional properties. In this work, we adopt the
ideas of Rivlin et al. (Rivlin, Dickinson, & Rosenfeld 1995;
Froimovich, Rivlin, & Shimshoni 2002), who assume that
the primary function of an object can be decomposed into
lower-level functions. For example, the “sittability” of a
chair is composed of a surface suitable for sitting (seat), a
stable ground support, and possibly a back support. Thus,
each object is composed of functional parts, each of which
maps to one low-level function. A functional part is real-
ized by a set of primitive parts—shape primitives of 3 basic
types: sticks, plates and blobs. A stick is a part where one
dimension in 3D is considerably larger than the other two, a
plate is a part where two dimensions are considerably larger
than the third, and a blob is a part where no dimension is
considerably different than the other. Note that the mapping
between functional parts and sets of primitive parts is not
necessarily one-to-one: a single functional part may be real-
ized by several different shape configurations. Nevertheless,
all realizations conform to the same functional properties de-
fined for the functional part.

In order to acquire the functional representation of a
real object, it is scanned by a laser scanner, the result-
ing range image is segmented into regions, and the re-



gions are classified into shape primitives. The shape primi-
tives are then partitioned into functional parts. The process
of mapping a range image to its functional representation
can be automated as was shown by Froimovich, Rivlin, &
Shimshoni (2002).

Since objects in the functional representation space are
described by functional parts that consist of primitive parts,
we can generate new examples by modifying the primitive
or the functional parts of an object. An example of a possible
modification operator in the functional representation space
can be a function that, given two functional parts and a value
d, changes the relative orientation of the two functional parts
by d degrees. Other examples are primitive part scaling and
primitive part moving.

Since we need to map objects in the functional represen-
tation space to feature vectors, we must define a set of fea-
tures over such objects. We use a set of feature functions,
called geometric attributes (Pechuk, Soldea, & Rivlin 2005),
which analyze the geometric properties of an object’s func-
tional parts. A geometric feature can be of four types: (1)
A feature of a single functional part, e.g., its volume, (2) A
feature of a functional part relative to the whole object, e.g.,
the relation of the volume of the functional part to the vol-
ume of the object, (3) A feature of a relation between two
different functional parts, e.g., the distance between the cen-
ters of their masses, and (4) A feature of the whole object,
e.g., its stability.

To summarize this section, we outline how the informa-
tion flows in the learning system. First, we create an initial
set of positive examples by scanning real objects, segment-
ing the resulting range images into regions, and partitioning
the regions into functional parts. Next, the ANMG algorithm
generates a pool of new objects in the functional space using
the modification operators and the initial examples. The new
objects are mapped to the feature space, and evaluated in
that space using the lookahead evaluation function. The ob-
ject that is evaluated as the most informative is then mapped
into the image space using a graphic viewer and presented to
the expert for labeling!. The selected example features are
retrieved and the example is then added as a labeled feature
vector to the training set of the learner. Figure 2 illustrates
this process.

Empirical Evaluation

Three classes of objects were used for the experiments:
stool, chair and fork. 200 positive examples of each class
were created by laser scanning of real objects, then segment-
ing and partitioning the results. In each experiment, a set of
10 positive examples was used as the initial labeled set. Dur-
ing the learning process, the training set was augmented with
the generated examples that were presented to the expert for
labeling.

For each class, two types of test sets were used. One
type contained positive examples of the class that was being
learned, and examples of the other known classes, labeled

'One potential problem with this approach is that near misses
may be more difficult to label for the expert than clearly negative
or clearly positive examples.
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Figure 3: Chair modifications: scaling, scaling in one dimension,
moving and a combination of all three.

as negative. We will refer to such a test set as a real-world
test set. Another test set type contained positive examples
of the class being learned, as well as negative examples,
which were near misses of that class. The negative exam-
ples were generated by applying random sequences of mod-
ification operators to random positive examples, and select-
ing the modified objects that represented negative examples.
For each class, such a test set contained 300 examples—150
positive and 150 negative. The number of operators in each
modification sequence—10 at most—was randomly chosen.
Such test sets were designed to check that, while learning a
concept with the help of near misses, the positive and near
miss examples can be easily distinguished. Note that the
near misses generated by the experimenter for the test sets
were different from the ones generated by the learner for
training. We will refer to such a test set as a near miss test
set.

The positive examples that were chosen as the initial la-
beled set in a certain experiment were excluded from the test
set used in that experiment. In addition, the positive exam-
ples that were chosen as the initial labeled set were not used
to produce the near miss examples in the near miss test set.
This assured that there was no overlap between the train-
ing set and the test set used in an experiment. We imple-
mented three of the modification operators: primitive part
scaling, primitive part scaling in one dimension, and primi-
tive part moving. The Nearest Neighbor algorithm was used
for learning. In all experiments, unless stated otherwise, the
value for the parameter n was set to 300, the value of the
parameter pgiop Was set to 0.2, A was set to 0.4, and D
to 100. The values of A\ and © were chosen so that the
value of the scaling parameter ® is very high at first, but de-
creases quickly. Results presented for each experiment are
the average of 30 runs of that experiment. We refer to the
active learning version of our algorithm as ANMG-LA and
the passive learning as ANMG-R.

Figure 4 presents the learning curves of the ANMG-LA
and the ANMG-R algorithms for each object class and on
the two types of test sets as described above. The graphs
show typical behavior for learning curves. The performance
improves and then stabilizes after processing 15-30 exam-
ples, with ANMG-LA performing better than ANMG-R.
The percentage of negative examples in the generated pools
was around 85%. Among the examples that ANMG-LA
chose to present to the expert during the first 50 learn-
ing iterations, 90% were labeled as negative. This shows
that ANMG-LA does find near misses to be informative.
We compared the performance of ANMG-LA to the perfor-
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