
2 NOTATION AND ASSUMPTIONS

For simplicity we restrict our notation and discussion to two-
class problems. We consider the problem of classifying a field-
feature vector yyyy ¼ ðxxxx1; . . . ; xxxxLÞ (each xxxxi represents d feature
measurements for one of L patterns in the field) produced in
one style s 2 S. The field feature vector is an instance of the
random vector y ¼ ðx1; . . . ; xLÞ. Let C ¼ fA; Bg be the set of
singlet-class labels. Let ci represent the class of the ith pattern
of the field. 1 We make the following assumptions on the style,
class, and feature distributions.

1. pðc1; c2; . . . ; cLÞ ¼ pðc1Þpðc2Þ . . . pðcLÞ. That is, there is no
higher order linguistic dependence 2 than the prior class
probabilities pðAÞ and pðBÞ ¼ 1 � pðAÞ.
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1. If the fifth pattern of the field is a B, then it is denoted c5 ¼ B.
2. This assumption is desirable for exploring style context independently

from linguistic context which is already widely used in classification.
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7 SUMMARY

The decrease in error rate due to style-constrained classification has
already been amply demonstrated experimentally. We believe that
the analytical findings communicated above provide guidance for
further development of field classifiers based on less restrictive
assumptions. We explored the connection between style-con-
strained classification and exchangeability. We defined intraclass
and interclass style and showed how the commonly accepted notion
of adaptive classification fits into the style framework. Even though
it is difficult to find situations where intraclass style occurs without
interclass style, we drew a distinction between them because many
adaptive classification algorithms exploit only intraclass style. Only
recently has attention been focused on interclass style. We gave a
general formulation for style cl assification and showed that
minimizing the singlet error rate and field error rate require different
algorithms and have different applications. We defined an abstract
Gibbs classifier, by means of which we investigated the decrease in
error rate with field length. We proved that when the styles are
distinguishable, the error rate of the optimal style-constrained
classifier converges asymptotically to that of the style-aware Bayes
singlet classifier.

APPENDIX I

PROOF OUTLINE FOR RESULT 6
Proof Outline. Let us consider the singlet error rate of the GIBBS

classifier, say on xxxx1, from the test field yyyy ¼ ðxxxx1; xxxx2; . . . ; xxxxLÞ
generated in style si. The probability of error is the sum, over all
j, of the probability of choosing a style sj times the probability
of misclassifying xxxx1 by style sj, given that it was generated in si.
Recall that the label assigned to xxxx1 using the classification
boundaries for style si 2 S by �iðxxxx1Þ.

pGIBBS
L ðejyyyy; siÞ ¼

X

j
pðsjjyyyyÞpð�jðxxxx1Þjxxxx1; siÞ;

where �jðxxxx1Þ denotes that the style-conditional classifier of sj

makes an error on xxxx1.
Now (for a two class problem), if �jðxxxx1Þ ¼ �iðxxxx1Þ, i.e., if

both styles si and sj classify xxxx1 identically, pð�jðxxxx1Þjxxxx1; siÞ ¼
p?ðejxxxx1; siÞ and if �jðxxxx1Þ 6¼ �iðxxxx1Þ, then pð�jðxxxx1Þjxxxx1; siÞ ¼
1 � p?ðejxxxx1; siÞ. Therefore,

pGIBBS
L ðejyyyy; siÞ

¼
X

j
pðsjjyyyyÞ . . .

fp?ðejxxxx1; siÞ þ Ið�jðxxxx1Þ 6¼ �iðxxxx1ÞÞð1 � 2p?ðejxxxx1; siÞÞg;

where Ið:Þ is the indicator function, which is 1 when its

argument is true, and 0 otherwise.
Removing the conditioning on the field and the style, the

error rate of the GIBBSclassifier is

pGIBBS
L ðeÞ

¼
Z

yyyy

X

i

X

j
pðsijyyyyÞpðsjjyyyyÞ . . .

. . . fp?ðejxxxx1; siÞ þ Ið�jðxxxx1Þ 6¼ �iðxxxx1ÞÞ . . .

. . . ð1 � 2p?ðejxxxx1; siÞÞgpðyyyyÞ

¼ p?ðeÞ þ
Z

yyyy

X

i

X

j
pðsijyyyyÞpðsjjyyyyÞ . . .

. . . Ið�jðxxxx1Þ 6¼ �iðxxxx1ÞÞð1 � 2p?ðejxxxx1; siÞÞpðyyyyÞ:

Now, since pðsijyyyyÞpðsjjyyyyÞ � minfpðsijyyyyÞ; pðsjjyyyyÞg, we have

pGIBBS
L ðeÞ � p?ðeÞ
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Ið�jðxxxx1Þ 6¼ �iðxxxx1ÞÞð1 � 2p?ðejxxxx1; siÞÞ . . .

. . .
Z
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Z

xxxx2...xxxxL

minfpðsi; xxxx1Þpðxxxx2 . . . ; xLjsiÞ; . . .

. . . pðsj; xxxx1Þpðxxxx2 . . . ; xxxxLjsjÞg
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The fact that �ðsi; sjÞ < 1, if the styles are distinguishable,
follows from the Cauchy-Schwarz inequality. tu
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