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Style Consistent Classification
of Isogenous Patterns
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Abstract—In many applications of pattern recognition, patterns appear together in groups (fields) that have a common origin. For
example, a printed word is usually a field of character patterns printed in the same font. A common origin induces consistency of style in
features measured on patterns. The features of patterns co-occurring in a field are statistically dependent because they share the same,
albeit unknown, style. Style constrained classifiers achieve higher classification accuracy by modeling such dependence among patterns
in a field. Effects of style consistency on the distributions of field-features (concatenation of pattern features) can be modeled by
hierarchical mixtures. Each field derives from a mixture of styles, while, within a field, a pattern derives from a class-style conditional mixture
of Gaussians. Based on this model, an optimal style constrained classifier processes entire fields of patterns rendered in a consistent but
unknown style. In a laboratory experiment, style constrained classification reduced errors on fields of printed digits by nearly 25 percent
over singlet classifiers. Longer fields favor our classification method because they furnish more information about the underlying style.

Index Terms—Style, isogenous patterns, style consistency, style constrained classification, style-bound variant, style-shared variant,
Optical Character Recognition, font recognition, field classification, mixture model.

1 INTRODUCTION

N accomplished typeface designer makes use of only a

few well-matched typographic components—bowls,
stems, bars, finials, and serifs—to configure an entire
alphabet. Fine penmanship is also characterized by a certain
uniformity of strokes and spacing, although the overall aspect
varies from writer to writer. The subtle relationship between
words and phrases that identify a particular author is yet
another instance of the notion of style.

Aesthetic considerations aside, messages from the same
source tend to share similar characteristics. Printers,
copiers, and scanners all leave their imprint on digitized
documents (Fig. 1). Even mediocre writers display a certain
predictable uniformity (Fig. 2).

The goal of the work reported here is to model “style”
mathematically and thereby develop a basis for more
accurate classification of a group (field) of digitized characters
from the same source. We do not assume that the source of a
field is known, only that all the patterns in the same field are
isogenous, i.e., they originate from the same source. The
problem is not without practical relevance: the feature-space
representation of any single postal address, bureaucratic
form, or printed article is bound to display some measure of
homogeneity due to isogeny. Human readers subconsciously
make use of this phenomenon [15].

Our work is rooted in established principles of statistical
minimume-error classification, as set forth in [7]. Expectation
Maximization (EM), used for estimating the parameters of
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style consistent mixture models, is discussed and well
referenced in the new edition [8].!

In contrast to methods based on linguistic context (letter
n-grams [11], lexicons [6], [22], HMMs [14], and word-
matching [10]), style comsistent classification (alias style
constrained classification) does not depend on the order of
the patterns. The notion of exploiting spatial context was
suggested in [13] and it was associated with the word style
in [23], [5], [4]. Style constrained classification is closely
related to font identification as practiced, for instance, in
[29]. However, none of these studies presents a unified
model of classification where feature distributions esti-
mated from training samples without style labels are used
to classify same-style fields. We presented such a model in
[19] and [20], drawing heavily on [16]. Some closely related
style models based on a single high-dimensional Gaussian
distribution per class were described in [27], [26], [24].

In Section 2, we formulate the mathematical apparatus
necessary to extend the optimal classification of feature
vectors with given class-conditional feature probability
distributions to the optimal classification of field feature
vectors given style-and-class-conditional probability distri-
butions. Although we assume that all fields are a priori
equally probable, we show how linguistic context, if
present, can be accommodated to advantage. We describe
alternative style hypotheses that lead to different assign-
ments of mixtures of Gaussian densities to each class and
style. Because the optimal classifiers are computation
intensive, we also propose a suitable approximation.

Researchers often illustrate differences between classifiers
by depicting decision boundaries in a two-dimensional
feature space. Style constrained classification requires at
least two patterns in a field; therefore, a two-dimensional
representation permits only one feature per pattern. Never-
theless, even a simple problem, with only one scalar feature,

1. The EM iteration formulae for estimating mixtures of Gaussians
appeared in the first edition of [7], even before the complete EM
formulation appeared in [9].
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Fig. 1. Variation of style in document images can be a result of the
printing and imaging processes. The text segment was scanned
(a) before and (b) after multiple photocopying.
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Fig. 2. Handwriting styles depend on the training of the writer. Character
formation is “cursive” in the left example and “blocked” in the right.

two classes, and two styles, gives considerable insight into the
nature of style constrained classification. Such a problem is
carefully formulated and studied in Section 3. We explore the
consequences of different class and style configurations and
of different hypotheses for the assignment of the Gaussian
distributions, illustrate the resulting classification bound-
aries in 2D, and tabulate error rates. These simulation
examples reveal when style consistent classification is
appropriate and when it is not.

We validate our findings by comparing style constrained
classification with conventional “singlet” classification on
scanned alphabets of six different machine fonts. The
experimental design allocates equal resources to each
classifier. Aswe had expected, style constrained classification
yields significant gains over conventional multifont classifi-
cation, though it cannot quite match the error rates obtained
by a style-specific classifier trained on the same font as the test
field. We do not claim that this is a “real-life” test because we
use well-spaced character images with the same (large)
number of patterns from each class for training. A few simple
feature measurements were used to represent the character
patterns. Nevertheless, we believe that the results warrant
investigating the benefits of style classifiers for operational
products. Advances in computer speed or improved numer-
ical techniques should also eventually render our methods
applicable to speech recognition.

2 MATHEMATICAL FORMULATION OF STYLE
CONSISTENCY

We consider fields of L isogenous patterns, represented by
feature vectors zi,xs,...,x. Each pattern, z;, belongs to
one of C classes: ¢; € 1,2,...,C. The object of classification
is to deduce the class of each pattern from the observed
feature vectors.

For each field, we define the field feature vector, x, as the
concatenation, (z,xs,...,zr), of the constituent pattern
feature vectors. The concatenation of pattern classes is
called the field-class or field identity, ¢ = (c1, ¢o,. .., cr).
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Fig. 3. (a) Symbols of the English alphabet in various styles—each
character class has style-specific variants. (b) Notion of style consis-
tency in fields.

The essential aspect of a style-consistency model is the
statistical dependence among pattern-features in a field. In
contrast, in a singlet model, we assume that pattern-features
in a field are class-conditionally independent.

L
p(xlc) =p(z1,...,zLlcr, ..., cr) = Hp(:l:l|cl, c.oen). (1)
=1

We can simplify further by assuming that the [th pattern-
feature, z;, depends on the class of the ith pattern but is
independent of all of the other pattern-classes.

L
p(xle) = [ [ p(@iler)- (2)
=1

There are known exceptions to the last assumption, such as
ligatures in print and handwriting (the shape of the “i” is
different after the “f” than after the “n” or “t” in the word
“definitions” in Fig. 1) and coarticulation in speech. In speech
recognition, context trees model feature densities in the

context of the field-class [12].
When each pattern-class can be rendered in different
styles, the resulting pattern-class conditional pattern-feature

probability is a mixture distribution. For K styles, 1,..., K

K
plaile) =Y ap(ailk, 1),
k=1

where ¢, is the probability of occurrence of style k. The
field-class conditional field-feature density is (substituting
above in (2))

S

> ap(ailk, ).

1

p
p(x|c) =
k=

l

Il
—

While the above formula accounts for multiple styles of
patterns, it does not model the consistency of style within a
field. Thus, different patterns in a field can be randomly
generated from different styles. We illustrate this in Fig. 3 (top
right). Our notion of style consistency is pragmatic, induced
by the observation of frequent co-occurrence. Thus, the top
three examples in Fig. 3b have been labeled style inconsistent
only because such combinations of font-variants are rarely
seen.

In our style-consistency model, field-features have
mixture distributions induced by styles, while, within a
field, all patterns come from the same style.
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K

> Plklc]

k=1

p(x|c) =

p(x|k, c) Zakp x|k, c) (3)
The assumption is that the style of rendering of a field is
independent of the identity of the field being rendered
(P[k|c] = P[k] = a;).* Within each style, we assume that a
pattern-feature is independent of the class-labels of other
patterns in the field (compare to (2) for the singlet model).
The style consistent class-conditional field-feature prob-
ability can then be written as:

L

Za;‘ Hp x|k, ). (4)

k=1 =1

p(x|c) =

Equation (4) forms the basis of our model of style-
consistency and can be applied to different kinds of feature
distributions—discrete or continuous. In our implementa-
tion and experiments, we have used mixture distributions,
mixtures of Gaussians in particular.

For any style k and pattern-class ¢, the pattern-feature
probability is a mixture distribution.

J
p(zlk,c) = Z mj(e, k)p(a; 0;(c, k), ()

0 < 7(c, k) < ij(c k)=1 Ve, k.

J is the number of mixture components (variants) in the
distribution for each class and style. This number does not
have to be the same for every class and style, but it makes our
notation simpler. p(z;6;(c,k)) is the pattern-feature prob-
ability density conditioned on class ¢, style k, and variant j
with parameters §;(c, k). The mixing parameters are ;(c, k).

In our experiments, we use the three models as
explained below.

Style-bound variant (SB) model:

J
plalk,c) =Y mi(c, k)p(=; 0,(c, k). (6)
J=1

There are J x K variant distributions per class, each with a
different parameter set, §,(c, k), and weight, 7;(c, k). Each
variant distribution is bound to a style and different styles
do not share parameters.

Style-shared variant (SS) model:

J
p(x‘k‘, C) = Zﬂ-j(cv k’)p(:c;ej(c)), (7)
=1

0i(c, k) = 0;(c) and p(z; 6;(c, k) = p(=; 0;(c)).

Here, the variant distributions (and their parameters) do
not depend on the style. The parameters of the variant
distributions for each class are “tied” across styles and the

2. For simplicity of notation, we have omitted the random variables in
probability terms throughout. This should not perpetuate ambiguity since
we use different notations for the “values” of the random variables. Thus,
Plc] is the probability of class ¢, while P[k] is the probability of style k.
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Fig. 4. Style-shared variants model. In each class, the same variant
distributions are weighted differently to model non-Gaussian class-style
conditional distributions.

same set of variants are weighted differently to obtain the

distributions for K styles.
This model is suitable for heavily overlapping feature

distributions conditioned on the same class but different
styles. Fig. 4 illustrates such an example. In a style-bound
variants model, each variant distribution would belong
exclusively to one style. In a shared variants model, over-
lapping non-Gaussian class-style conditional distributions
are modeled as mixture Gaussians with different mixing
parameters for each style and class. The style separation, d;,
and class separation, d., are introduced in Section 3.

Singlet (SN) model: Singlet modeling is the same as

modeling with only one style, with the appropriate number

of variants per class.
We now present the expanded equations for the three

models.

K L J

SB: p(x[c)=> ap [[D mi(c.k) p(mi;:6;(ci, k) (8)
k=1 =1 j=1
K L J

$S: pxle) =D ax [[D_mila k) pms;05(cr)) (9)
k=1 =1 j=1
L J

SN: p(xlc) = HZTK'] p(x;0;(cr))- (10)

I
A
<.
Il
—
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TABLE 1
Comparison of Number of Parameters in Style-Bound
Variants, Style-Shared Variants, and Singlet Models with
the Same Number of Variants per Class

SB(K,J) SS(K,KJ) SN(KJ)
Number of variants per class KJ KJ KJ
Number of style probabilities « K-1 K-1 0
Number of variant weights = K(J-1) K(KJ—1) KJ-1
K=2J=1
Number of variants per class 2 2 2
Number of style probabilities o 1 1 0
Number of variant weights m 0 2 1
K=2J=2
Number of variants per class 4 4 4
Number of style probabilities « 1 1 0
Number of variant weights 7 2 6 3

We shall use the abbreviation SB(K,.J) to denote a model
with K styles and J style-bound variants per class per style
(K x J variants per class). Let SS(XK,J) denote a style-
shared variants model with K styles and J variants per class
and SN(J) denote a singlet mixture model with J variants
per class.

Since different models have different numbers of
parameters, they are not directly comparable. In practice,
since the variant distributions account for most of the
parameters, we compare different models that have the
same number of variant distributions. Table 1 shows that
the style-bound variants model is more economical in terms
of parameters than the style-shared variants model when
both use the same number of variants, KJ, per class.
However, the style-shared variants model can cover a
wider range of probability distributions. In particular, an
SS(K, KJ) model can reduce to any SB(K, J) model as well
as any SN(K.J) model with an appropriate setting of
parameter values. Consequently, classification performance
with the best SS(K, KJ) model should be at par or better
than that with the best of all SB(X, J) and SN(K.J) models.

Maximum likelihood (ML) classification with the singlet
model (2) selects the field-class that maximizes the objective
function:

L

Awsx(x,¢) = [[ p(@ila).
=1
This function is the product of L terms with no shared
variables. Each term can therefore be maximized indepen-
dently. The ML field-classifier function then becomes

L
Un s e (%) = arg max [ [ p(zi]e)

Cly--5CL =1

= (c],...,c}) where ¢ = argmpaxp(a:dcz).
¢

(®)
The process is thus equivalent to ML classification of the
patterns, one at a time, and juxtaposition of the assigned
pattern-classes to obtain a field-class. This is why we call
this model the singlet model.
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2.1 Maximum-Likelihood Style Constrained

Classifier
A maximum-likelihood style constrained classifier is ob-
tained from a style consistency model for the field-feature
probability.

W, sro(x) =

5
M>
£
Eh
Mu
M%
=
=
S
8
o
=
=

arg ma (12)
= S s s
UninssLo(x) =
K L J
arg(max Zak HZ’/TJ(CZ,]{I) p(x;0(cr))- (13)
CLnCL) 37 =1 j=1

We call the above classifiers label only (LO) or top-label
classifiers since they identify the top (most probable) label
of the field. This is to distinguish them from their
suboptimal approximations which identify the top field-
label and style, which we shall present in Section 2.2. Note
that the ML classifiers are easily transformed to the
respective MAP classifiers since the field-class probability
provided by a linguistic model is assumed to be indepen-
dent of the style of rendition of the field.

2.2 A Suboptimal Approximation for a Style
Constrained Classifier

A field of patterns collectively can furnish more information
regarding the style of rendition than a single pattern. The
longer the field, the better the resolution between different
styles and the less the chances of interstyle class confusions.
However, the number of field labels and, hence, the
computational cost of classification with label-only classi-
fiers, grows exponentially with the length of the field.

For a long field, we can assume that in (12) or (13) the
term corresponding to the true style of the field k = k* will
dominate the outer summation which is over all styles. This
leads to an approximation of the label-only classifier, where
this outer summation is replaced by a maximum. This
approximation is, of course, suboptimal, but it leads to a
dramatic reduction in computation, because the maximiza-
tion over field-labels (ci,...,c;) can now be promoted in
order ahead of the maximization over styles, as well as the
product over pattern indices.

(c1,msep) k= =1 j=1
f (14)
= max op X max, 11D mite k) p=is6;(ci, k)

=1 j=1
L J
= max o X Emjx; (e k) p(zi;0(a, k).

The approximation is thus equivalent to running K style-
specific singlet pattern-classifiers, and choosing the output
of the one that yields maximum field-feature likelihood
(weighted by the a priori style probability ). We call such
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TABLE 2
Error Rates (%) for Different Relative Positions of Gaussians
dc
ds 0 o 20 30 40 50 60
0 |739 517 295 134 51 15 03
73.9 517 295 134 51 15 0.3
o | 744 543 336 17.0 71 25 0.7
747 547 345 182 7.7 28 0.7
20 | 747 559 380 220 107 44 16
746 61.6 457 297 161 7.0 2.6
30 | 749 533 351 247 138 63 26
746 60.0 505 441 291 159 6.9
40 |75.6 521 314 191 171 91 3.7
754 55.6 41.7 385 439 29.0 159

Each cell shows singlet error rates below LO error rates. Each estimate
is based on 10,000 simulated fields of length 2.

a classifier a top label-style (LS) classifier because it picks out
the maximum-likelihood combination of field-label and
style. The resulting style-bound and style-shared variant
maximum-likelihood classifiers are:

U spis(x) = (), ...

k*—arg max a"XHE 5 ( c“

,ck), where

p(@1:05(c), k)

¢ = arg max Z?T] a, k) plx;05(c, k)),

([—

(15)
Unipssis(x) = (¢ ..., ¢} ), where
k= =arg 1 max Qg X Hzlﬂ'] (o, k 1'?1;'9]‘(C;,€))
; =1 j=1
cf = argulzlax ZW] c, k) p(xi;04(cr)).
(16)

3 SIMULATION EXPERIMENTS

We present some simple examples of the style-bound-
variant model with scalar (one-dimensional) pattern fea-
tures, two classes, two styles, and one Gaussian variant per
class per style. For a field of length L:

2

L
p(x|c) = E ap | | p(ziles; pe )
= =1

(17)

where each density function p() is Gaussian with unit
variance and mean g, ;. Each z; is a scalar pattern-feature,
although we continue to use the bold z notation for
consistency. With equiprobable styles (a; = ay = 0.5), for
a field of length L = 2, (17) expands to:

p(x|c) = sp(z1cr, pe, 1)p(®a|ca, pre, 1)+

(18)
He, ‘2)]7(3:2 |625 /1‘(:2,2) .

1
51’(

TABLE 3
Error Rates (%) for Different Relative Positions
of Gaussians (with Inversion)

d.
ds 0 o 20 30 4o 50 60
0 739 51.7 295 134 51 15 0.3
73.9 51.7 295 134 51 15 03
o | 709 520 328 174 76 28 0.7
743 520 328 174 76 28 0.7
20 | 63.3 49.9 39.9 27.0 151 6.8 2.6
742 520 399 270 151 68 26
30 [ 56.9 39.2 34.6 37.5 262 149 6.8
75.5 59.5 475 375 262 149 6.8
40 | 53.2 31.0 23.2 285 374 262 149
749 559 415 36.9 374 262 149

Each cell shows singlet error rates below LO error rates. Each estimate
is based on 10,000 simulated fields of length 2.

Notice that the style consistency models avoid mixed-style
terms that appears in a similar expansion of the singlet
model:

1
p(xle) =2 p(@iler, po1)p(E2lez, pe,a)+

1
117(1:1 |c1, phey 2)P(T2|C2, phey2)+
(19)

lp(ﬂil |c1, pey,1)P(T2|C2, phey,2)+

1
Zp(ﬂ?l |c1, Mc172)P($2|025 Mcz,1)-

Our objective is to measure the gains of modeling style
consistency for different configurations of the four variant
distributions. If two styles are identical in feature distribu-
tions or if, within each style, the classes have identical
distributions, then we expect no gains by modeling style
consistency.

We parameterize the means of the distributions in the
following way:

pig = 0510 = dg; o1 = de; oo = d + d; (20)

d. denotes the within-style separation between classes,
while d, is the within-class separation between style-
variants (Fig. 4). Tables 2 and 3 present results of classifying
simulated fields of length 2.

When the interclass distance is 0, the two classes are
impossible to tell apart (Table 2) and none of the classifiers do
better than chance.> When interstyle distance is 0, modeling
two styles is useless since the styles are the same and the LO
classifier is at par with the singlet classifier. The gains due to
the LO classifier are maximum when d. = d,. This causes
distributions for (class 1, style 2) and (class 2, style 1) to be
identical, resulting in cross-style class confusions. Such a
condition is illustrated in Fig. 5, where the seven in the left-
hand style is identical to the one in the right-hand style. Most
of these confusions can be resolved with style information
furnished by the other pattern in the field.

Table 3 shows the results of the same experiment but
with the relative positions of py; and s s reversed.

3. Classification by chance (random class assignment to patterns) would
yield 75 percent field error for fields of length 2. The error rates reported here
are estimated by simulation.
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Fig. 5. A situation where style consistency alone can help resolve the
dichotomy between “7” of the left-hand style and “1” of the right-hand style.

p11 = 0519 = dss po1 = de + dg; 22 = de. (21)

Here, the gains are maximum when d. = 0, which causes
(class 1, style 2) to be identical to (class 2, style 1), and (class 1,
style 1) to be identical to (class 2, style 2) in distribution.
Consequently, the pattern-class conditional pattern feature
distributions are identical for the two pattern classes. There-
fore, the singlet classifier classifies by the “toss of a coin.” The
LO classifier does better only because it does not admit mixed
style fields.

Fig. 6 plots the absolute gain (over singlet error-rate) and
relative gain (absolute gain as percent of singlet error-rate) in
error rate for LO and LS classifiers, with varying interclass
distance, while the interstyle separation is fixed at 20 (no
inversion). The gain rate (absolute gain in error rate) is highest
when d, equals d; = 20. The relative gain, however, keeps
increasing with the interclass distance, indicating that a high
fraction of singlet errors can be corrected by style constrained
classification if the inherent separation between classes is
good. In practice, the benefit will, of course, depend on how
well we can model the tails of data distributions. The figure
suggests that the LS classifier is a good approximation to the
optimal LO classifier.

3.1 Performance on Same-Class and

Mixed-Class Fields

For Gaussian variants with small interclass or interstyle
separation, style constrained classifiers tend to perform
worse on same-class fields than singlet classifiers. But, they
gain more on mixed-class fields than they lose on same-
class fields, thus improving the overall error-rate. When
class separation is high, style constrained classifiers yield
gains for both same-class and mixed-class fields.

For the two-class problem, with fields of length two,
erroneous classification of same-class fields lowers the
overall gain due to style constrained classification. Both
more classes, and longer fields, result in diminishing
probabilities of same-class fields and, therefore, favor style
constrained classification.

3.2 Decision Boundaries

Some of the differences between different classifiers can be
visualized by observing the differences in classification
boundaries that they induce. In Fig. 7, we present the decision
boundaries of different classifiers for the same simple model
as in the previous simulations. The pattern-feature is scalar
and the field length is 2. Therefore, the field-feature is
bivariate, allowing us to plot field-feature distributions and
the classification boundaries obtained by simulation.
We show the decision boundaries only for the LO and
LS classifiers. A singlet classifier always classifies each
pattern independently of the other and produces decision

JANUARY 2005
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Fig. 6. Absolute and relative improvements in field error-rate as functions
of interclass distance d., for fields of length 2.

boundaries that are parallel to the axes. In all five examples,
the singlet decision boundaries are identical, splitting the
illustrated feature space into four equal quadrants.

In each subfigure the locations of the means of the class-
style conditional Gaussian distributions are marked along
the axes. The locations of style and field-class conditional
means are plotted (see the legend) for each of the four field-
labels and two styles. Within each optimal decision region,
we also plot the iso-probability contours for the probability
density conditioned on the corresponding field label. These
contours illustrate how mixtures of independent distribu-
tions model the statistical dependence in field-feature
vectors. The numbers in percentage under each subfigure
indicate the aggregate error rate and, within parentheses,
the breakdown for same-class fields and mixed-class fields,
respectively. The singlet (SN) error rates are the bench-
marks for evaluating our classifiers.

When classes and styles are well separated, as in Fig. 7a,
the LS approximation closely resembles the LO classifier, as
we would expect. Both classifiers are quite different from
what we would expect from a singlet model. As the interclass
distance shrinks, as in Figs. 7b and 7¢, differences between the
two emerge. In Fig. 7c, the distributions for (class 1, style 2)
and (class 2, style 1) are identical. When styles are not very
pronounced because the style-separation is small, the LO and
LS boundaries approach singlet boundaries, as in Fig. 7d.

When different classes have similar distributions within
the same style, style constrained classification is not very
effective. Fig. 7e corresponds to d. = 4 and d, = 2, but with
inversion. Most singlet errors result from the confusion
between the two classes within style 2. These errors cannot
be corrected by style-consistency modeling and the LO, LS
boundaries match the singlet boundaries—parallel and
perpendicular to the axes.

3.3 Degree of Style Consistency

If there are no significant differences in style between fields of
data, the singlet classifier can perform nearly as well as a style
constrained classifier. To analyze the effect of the degree of
style consistency, we generated style-consistent data accord-
ing to the following distributions, where G, ;(x) is the unit-
variance Gaussian density function with mean g, ;:
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Fig. 7. Classification boundaries (between field-classes) resulting from different classifiers, with different within-class style separation, d,, and within-
style class separation, d.. (a) ds =2, d. =6. (b) ds =2, d. = 4. (¢) ds =2, d. = 2. (d) ds = .5, d. = 6. (€) ds = 2, d. = 6 with inversion.

p(x|classl, stylel) = 7G1 1 (x) + (1 — m)G12(=x)
p(zlclassl, style2) = (1 — m)Gr1(x) + 7G12(x)
p(z|class2, stylel) = Gy (x) + (1 — ) Gaa(x)
p(z|class2, style2) = (1 — m)Ga1(x) + 7Ga2(x).

The two styles were set to be equiprobable (o = ay = 0.5).
The above corresponds to the SS(K = 2, J = 2) model. The
variant means were assigned as follows:

pig=—4 wma=-2 pp1=2 po=4

When the parameter 7 is set to 0, the two styles are distinct
because only variants G, and G, occur together in fields

TABLE 4
Style Constrained Classification along a
Continuum from Two Styles to One Style

™ Error rates (%)
SN SS-LO SB-LOf
0.00 | 2.3 1.3 1.3
0.05 | 2.3 1.7 1.8
0.10 | 2.2 2.0 2.0
0.15 | 2.3 2.1 2.2
0.20 | 2.2 2.3 2.2
0.30 | 2.3 2.2 2.3
0.40 | 2.3 2.3 2.3
0.50 | 2.3 2.3 2.3

1 Computed with the best EM estimate for SB(K = 2,J = 1) model.

of style 1, while only variants G » and G35 occur together in
fields of style 2. When w = 0.5, however, the two styles
become identical. The four variants of two classes can
randomly intermix with each other in a field. As 7 goes
from 0 to 0.5, we have a continuum from two styles to a
single style, the latter having an equivalent singlet model.

In Table 4, we show the effect of style-consistent modeling

on classifier performance along this continuum. We list the
field-error rates (field length = 2) of the singlet classifier
SN(J = 2) with known parameters, the style constrained
classifier SS(KX = 2, J = 2)-LO with known parameters, and
the style constrained classifier SB(K = 2,.J = 1)-LO with
parameters estimated by Expectation-Maximization. Note
that the SB(K
variant per class per style and is therefore appropriate only

= 2,J = 1) model has only one (Gaussian)

when 7 = 0 and is otherwise handicapped in comparison to
the style-shared-variant model. The class-pattern-condi-
tional marginal distributions remain the same for all values
of m and, therefore, the singlet error rate remains the same.
Variations are due only to estimation error.*

4. In all simulation experiments, error rates have been estimated by
classifying pseudorandomly generated data. Though all experiments are
run on large data sets, error rates deviate slightly from expected values or

from other seemingly identical/equivalent experiments. These should be
viewed as estimation errors, rather than anomalies.



TABLE 5
Variation of Field-Error Rates with Field Length

Field-length Field-error rates (%)

(L) Singlet LO LS
1 1.1 11 1.1
2 2.3 14 14
3 3.5 1.3 1.3
4 4.5 1.2 1.2
5 5.5 1.2 1.2

3.4 Field Length

Applications such as OCR and speech recognition require
classification of longer fields. This is an advantage because
longer fields help to resolve styles and, therefore, favor style
constrained classification. In Table 5, we compare the field-
error rates of singlet and style constrained classifiers for
different field lengths for Gaussian distributions. The
distribution used is SB(K = 2,J = 1), with d, set to 6 and
ds set to 2, according to (20).

Within-style confusions cannot be corrected by style-
consistency modeling. Since in such cases, feature distribu-
tions are similar for two or more classes within the same
style, one has to look for other forms of context (e.g.,
linguistic context) to resolve such confusions.

3.5 Comparison of LO Classifier and the
LS Approximation

The LS classifier is a suboptimal approximation to the
optimal LO field-classifier, as presented in Section 2.2. With
large separation between styles, it is a good approximation
and yields almost the same gains as LO classification. Even
otherwise, information regarding style can be augmented
by longer fields. In Table 6, we show how the LS classifier
approaches the LO error rate with increasing field length.

The experiments were run with our SB(K =2,J =1)
model with unit-variance Gaussians. The means are placed
according to (20) with d; = 2 and d. = 4. Each error rate was
estimated by classifying 100,000 fields.

The processing time for both singlet and LS classifiers
grows linearly with the number of patterns in the field. The
runtime of the LO classifier increases exponentially over the
fixed overhead (for reading data, parameters, and writing
output) because, for each field, it explores all 27 possible
field-classes to pick one. A smart search through this
exponential search space is reported in [17].
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TABLE 6
Performance Comparison of LO and LS Classifiers

d. Field-length (L) Field error rates (%)

SN LO LS
1 7.67 7.67 7.67
2 15.88 10.86 10.91
3 22.57 11.77 11.85
4 4 28.56 12.63 12.70
5 34.03 13.61 13.63
6 39.05 1490 14.94
7 43.93 16.41 16.43

3.6 Modeling Broad Styles

In our style-consistency model, we assume that there is
statistical dependence between co-occurring variants of
different classes, i.e., the variant of class “A” appearing in a
field depends on which variant of class “B” appears in the
same field and vice versa. We call this a strong style consistency
assumption. If, in the aggregate of many styles, most or all
combinations of different variants of classes occur, then the
benefits of strong style consistency modeling are less. A
classifier can still take advantage of consistent rendering,
within a field, of samples of the same class (weak style
consistency assumption). This can be achieved by adapting the
classifier to the specific style of the test field, provided the
field is long enough [3], [28], [2], [25], [18].

In the presence of many styles, it may be impractical to
model each style because of requirements on the training
sample size and because of computational complexity. On the
other hand, if the field-feature distributions show broad
clusters of styles, style-modeling can prove useful. For
example, broad styles may be induced by gender (pitch) for
speech, nationality (training) of writers, or type-style of fonts.

Increasing the number of styles (parameters) often leads
to progressively better approximation of style-consistent
distributions. We report an experiment where data was
generated according to the SB(K = 10, J = 1) model with
unit variance Gaussian variants.

The means of the Gaussians were (. = (¢ — 1)d, + k for
class ¢=1,2 and style £k =1...10. Thus, for d. = 10, the
means were at 1,2, ...10 for class 1 and, correspondingly, at
11,12,...20 for class 2. Table 7 reports the results of
approximating the distribution with our EM estimates for 1,
2,3,4,5,and 10 styles. Label-only and singlet classifiers with
an equal number of Gaussian variants per class are compared

TABLE 7
Field Error Rates (in Percent) for Fields of Length 2, when a Style-Consistent Distribution Is Approximated with Fewer Styles
K d. =10 d.=8 d.=6 d.=4
Styles Singlet | Styles Singlet | Styles Singlet | Styles Singlet
1 7.1 7.1 185 185 | 335 33.5 | 47.6 47.6
2 1.2 7.1 5.4 18.6 145 33.4 32.2 51.4
3 1.2 6.9 5.3 186 | 123 33.5| 25.3 47.8
4 1.2 7.1 5.3 18.5 12.0 33.5 23.9 47.8
5 1.2 7.0 5.5 186 | 12.0 33.5| 235 48.0
10 1.2 7.0 5.2 18.6 11.9 33.5 23.5 48.0

An underlying distribution with 10 styles and one variant per class per style is approximated 1) by style-consistent distributions with K styles (one

variant per class per style) and 2) by K variants-per-class singlet distributions.
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Fig. 8. Examples of bitmaps of the 10 digits from six different fonts.

by the respective field error rates (in percent) on classifying
fields of two patterns. The results indicate diminishing
returns with increasing K.

4 EXPERIMENTS ON MACHINE PRINTED DIGITS

We performed controlled laboratory experiments to de-
monstrate the application of style-consistency models in
classifying machine-printed digits.

4.1 Data

The 10 digit classes “0” through “9” were printed in six
different 6 point fonts on a 600 dpi laser printer and bilevel
image samples were obtained by scanning at 200 dpi. The
printer toner and scanner settings were unchanged during
sample generation so that it was reasonable to presume that
the major stylistic differences were due to fonts. Examples of
enlarged digit images in the six fonts are shown in Fig. 8. We
obtained 500 images per font per digit class or 30,000 images
in all.

Four central moments—My,, Moy, My, Miyj—were
computed as features for each digit image.

V

H
DD bl y) (@ —z0)™ (y — o)™

z=1 y=1

>

M, (22)

b(z,y) is the value of the pixel at column x, row y of the digit
bitmap, whose width and height are W and H pixels,
respectively. The “value” of a pixel is considered 1 if the
pixel is black (foreground), 0 otherwise (background).
(%0, 0) is the centroid of the bitmap.

4.2 Experimental Design

The printed digit data was divided into two equal samples
(250 patterns per digit class per font). The first sample was
used for training and the second for testing in each of the
experiments.

Font-specific training. The training sample was sub-
divided according to font and 250 feature vectors per font
per class were used to estimate the parameters of font and
class conditional distributions. Each such distribution was
modeled as Gaussian with a diagonal covariance matrix.

Multifont training and testing. For the purpose of
these experiments, we used known font information only
to construct isofont training and test fields. Font-labels of
these fields were discarded. Singlet models with
G Gaussians per class, SN(J = G), were compared to
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style-models, SB(K = G, J = 1), that had the same num-
ber of Gaussians per class. The Expectation-Maximization
(EM) algorithm was used for style-unsupervised training.
The details of the algorithms are explained in [16].

Training fields. Training fields of length 13 were formed
with samples from the same font. The field classes of training
fields were chosen by cycling through the 10 classes. Thus,
training field-classes were 9876543210987, 6543210987654,
etc. Only 14,430 of the 15,000 patterns in the training sample
were actually used for training (due to the method used to
scramble digit patterns to form fields). The choice of 13 as the
field-length guaranteed the co-occurrence of every class in
each field. Further, since field length (13) and the number of
classes (10) are relatively prime, the cycle of field-class labels
was long. The object of this scheme was to take advantage of
the large number of samples per font (style) and test the
estimation algorithm with an assortment of field-classes.

Test fields. The test patterns from each font were
permuted randomly and then sliced into fields of length 2
or 4. All 15,000 digits in the test sample were used for
testing, classification being performed twice (7,500 fields of
length 2 or 3,750 fields of length 4).

Although we have used fixed length fields for training and
testing for simplicity, our model and algorithms for classifi-
cation and estimation apply directly to fields of varying
length.

4.3 Results

Table 8 presents a summary of the results of our
experiments. All error rates refer to pattern-error rates
rather than field-error rates, i.e., we count the number of
digits, not digit-fields that are mislabeled. Each monofont
classifier (1 Gaussian per class) was applied to all the test
data, and the best of them yielded 43.5 percent errors. When
the single Gaussian per class was trained on samples of all
fonts, the error rate dropped to 34.2 percent—an effect

TABLE 8
Error Rates (%) of Different Classifiers for Printed Digit Data
Best of 6 monofont classifiers 43.5
Multifont singlet classifier (1 Gaussian per class) 34.2
Multifont singlet classifier (6 Gaussians per class) 19.8
Multifont style conscious LO classifier (fields of length 2) | 16.5
Multifont style conscious LO classifier (fields of length 4) | 14.9
Font-specific classifier (1 Gaussian per class per font) 14.2
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called generalization. On allowing six Gaussians per class to
model the six fonts in a singlet classifier, the error rate
decreased further to 19.8 percent.

If, instead of ignoring the font label of each test field, we
apply the appropriate monofont classifier, we achieve an
error rate of 14.2 percent. This represents a lower bound on
the error rate achievable with our features and classifiers.
With a style constrained classifier, where we do not assume
knowledge of the parent font, we expect to achieve a
performance better than singlet classification, but worse
than the above font-specific classifiers. This is confirmed in
our experiments as we obtain error rates of 16.5 percent and
14.9 percent for style conscious classification of fields of
length 2 and 4, respectively. Longer fields favor style
constrained classification because more patterns in a field
yield stronger evidence of the true parent style of the field.

Note that the high error rates (in absolute terms) can be
attributed to the simplistic feature set used for classification
(the first four central moments). Nevertheless, the experi-
ments demonstrate the concepts and utility of style
constrained classification. While we concentrate on classi-
fication accuracy, we would like to point out that modeling
style consistency leads to a better description of the data in
general that may be useful for other tasks, such as
compression. In support of that we report, in Table 9, the
overall data-likelihood at the end of EM iterations. Both the
singlet and style-bound variant models compared in the
table use exactly the same number of parameters in each
case. The style-bound variants model always achieves better
cumulative data-likelihood, indicating a better fit to data
than the singlets model. For a more formal analysis of
model selection, let us consider the case for G =6. A
hypothesis that style modeling adds unnecessary complex-
ity can be rejected by examining the log likelihood-ratio of
(1.32 — 1.20) x 10° = 0.12 x 10° on the basis of either the
generalized likelihood ratio test (GLRT) ([1, p. 229]) or
Bayes Information Criterion (BIC) [21]. The likelihood ratio
can also be used as a measure of style consistency in data.”

5 SumMmmARY AND CONCLUSION

When patterns are isogenous, the common origin leaves its
style imprint on the patterns, resulting in style consistency.
An appropriate style specific classifier yields a higher
classification accuracy than an omnifont classifier. Even
when the parent style of a field of patterns is not known, the
knowledge of style consistency in the field can be used to
improve classification accuracy over singlet classification.
We present a system of notations, a hierarchical mixture
model of style consistency, and develop the formulae for field
classification.

We model style consistency expressly on the basis of
pattern co-occurrence in the space of classifier features.
Since no special style-indicator features have to be
designed, we can estimate style models directly from
pattern co-occurrence data. This is especially useful for
styles that are difficult to enumerate, as in hand-print or

5. The style-bound variants model does not admit the singlet model as a
special case - a requirement for the GLRT as stated in Bickel and Doksum.
However, the class of shared-variants models SS(6,6) (6 styles, 6 Gaussians
per class) admits both the style bound and singlet models as special cases.
Such a model of style, even after penalizing it for 30 extra parameters that
are trivially set to match the style-bound model, passes, with high
confidence, both the GLRT and BIC tests for selection over a singlet model.
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TABLE 9
Log-Likelihood of Training Data under Different Models

Data log-likelihood (x 107)
G styles, 1 Gaussian Singlet, G Gaussians

per class-style per class

G SB(K=G,J=1) SN(J=G)
1 -1.56 -1.56
2 -1.48 -1.45
3 -1.36 -1.39
4 -1.29 -1.36
5 -1.20 -1.33
6 -1.20 -1.32

image degradation. Also, distinct styles are relevant only if
they induce significant differences in the distributions of the
features that are actually used in classifying the patterns.

We model strong style consistency, allowing us to
improve classification accuracy of short fields by enforcing
consistency across classes of patterns; adaptation methods
presented in pattern recognition literature require long
fields to adapt to the parent style.

Through experiments and simulations we demonstrate
several properties of style constrained classification. Our
probabilistic model of style consistency reduces the error rate
in machine-printed digit classification. Longer fields favor
style constrained classification because they furnish more
information about the parent style. When errors are domi-
nated by within-style confusions, style constrained classifica-
tion yields less improvement. Though we focus on
classification, applications such as compression may benefit
from style consistency modeling because it enables better
statistical characterization of data (higher cumulative data
likelihood), while using the same number of parameters as a
singlet model.

The machine-printed digit recognition experiments pre-
sented in this paper were designed to be simple (only four
moments used as pattern features) and carefully controlled
(font was the source of stylistic differences) to highlight the
salient features of style constrained classification and our
model of style consistency. The error rates do not reflect the
state-of-the-art in isolated digit recognition; they help us
illustrate our points. Similar experiments on hand-printed
digits (with style-unsupervised training) yielded a 25 percent
reduction of errors [16], but, because of the lack of style
labels, we could not compare the error rate of the style
constrained classifier with that of a style-specific classifier.

A practical problem associated with optimal (label-only)
classification is that computational complexity grows
exponentially with field length. Label style (LS) classifica-
tion is a suboptimal approximation that has worked quite
well in our experiments. This approximation provides a
bridge between optimal style constrained classification
(good for short fields) and adaptation to the parent style
(good for long fields). Sarkar [17] presents an algorithm that
enables optimal classification with exponential worst-case
complexity but excellent empirical average complexity.

“Ideal” features are style insensitive but discriminate
among classes. Style indicator features would be at the other
extreme, namely, class insensitive. In practice, features are
between these extremes: Adding more features can improve
recognition accuracy so that further improvement with
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style-conscious classification is less. More features do not
help with our pathological example of ones and sevens
where style is the only discriminator. In applications where
training (and test) data come in isogenous groups, modeling
style consistency can help us exploit co-occurrence informa-
tion that would otherwise be wasted.
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