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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 y.. Xj;...;x_ (each x; represents d feature
measurements for one of L patterns in the field) produced in
one style s2S. The field feature vector is an instance of the

o ) ~ . random vector y .. Xi;...;X_ . Let C.. fA;Bg be the set of
S. Veeramachaneni is with the Automated Reasoning Systems Divisign, 1o class labels. Letci represent the class of the ith pattern
(SRA), IRST-Istituto per la Ricerca Scientifica e Tecnologica, Via ; 1 h .

Sommarive 18, Povo, 38050, Trento, Italy. E-mail: hveera@gmail.com.Of the field.© We make the following assumptions on the style,
G. Nagy is with the Department of Electrical, Computer, and System@lass, and feature distributions.

Engineering, 6020 Johnsson Engineering Center, Rensselaer Polytechnic

Institute, Troy, NY 12180-3590. E-mail: nagy@ecse.rpi.edu. 1. pctc?...;ct .pcetpc® ...pct. That is, there is no
. . . . 2 .
Manuscript received 7 Feb. 2006; revised 1 Aug. 2006; accepted 23 Oct. 2006;  Nigher order linguistic dependence “ than the prior class
published online 18 Jan. 2007. probabilites p A andpB ..1 pA.

Recommended for acceptance by H. Wechsler.

For information on obtaining reprints of this article, please send e-mail to: 1. If the fifth pattern of the field is a B, then it is denoted c® ... B.
tpami@computer.org, and reference IEEECS Log Number TPAMI-0134-0206.2. This assumption is desirable for exploring style context independently
Digital Object Identifier no. 10.1109/TPAMI.2007.1030. from linguistic context which is already widely used in classification.

0162-8828/07/$25.00 2007 IEEE Published by the IEEE Computer Society



1284

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 |
PROOF OUTLINE FOR RESULT 6

Proof Outline. Let us consider the singlet error rate of the GIBBS
classifier, say on x;, from the test field y .. Xi;X2;...;XL
generated in style s;. The probability of error is the sum, over all
J, of the probability of choosing a style s; times the probability
of misclassifying x; by style s;, given that it was generated in s;.
Recall that the label assigned to x; using the classification

boundaries for style s;i 2 S by ; x; .
X
pe'BES ejy;s; PSiY P j X1)Xi;Si;

i

where ; x; denotes that the style-conditional classifier of s;
makes an error on X;.

Now (for a two class problem), if ; X; i X1, i.e., if
both styles s; and s; classify x; identically, p j X1 jXi;Si
p’ ejxq;si  and if jX1 6. i Xy, then p j Xp jXi;Si
1 p° ejxy;s; . Therefore,

GIBBS

[ Xejy:si.
p sjly ...
]
7 eix;si 1 jxi 6 ixe 1 27 ejxeisi g
where | : 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

GIBBS

pC e
Zx x _ _
psSiJy psjy ...
Yy i
Ll eixgsi 1 jx 6 i X
-1 207 exusi gpy
, X X ) )
pe psSijypsjy ...
Y i
dox 6 ixe 1297 ejxiisi py:
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Now, since p sijy p sjjy  minfp sijy ;p sjiy 9, we have

GIBBS ?

pC e p_e
X x 4 .
I jx1 6. i Xy 1 2p°ejxys;
i X
Z
minfp si;y ;p sj;y ¢
X;.
X X .
I X 6 ixe 1 2p°ejxy;si
i i X
Z
minfp si; X1 p X2...;XLjSi ;...
Xo... XL
---ij;Z)(lpxz---;XLijg
X X )
I X 6 ixe 1 2p° ejxy;si
i X
Z
minfp si;X1 P XojSi ...p XLjSi ;...

Xo... X

P SiXa P XojSj ...P XLjsj ¢
X X

I jxi 6 ixg 1 2p°ejxy;s
] X
q Zq L1
P X1;Si P X1;Sj P Xjsi p Xjs;
X Z
.2 |
i6j X

X

j X1 6. i X1

q
P’ ejx;sj P XSipXSj ...

L1

.1 p?ejx;si
Zq
P Xjsi P Xjs;
X
) si;sj siisj Tl
6]

The fact that sj;s; <1, if the styles are distinguishable,
follows from the Cauchy-Schwarz inequality. o
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