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Abstract As a model for an on-line classification setting we consider a stochastic
process (X_p, Y_,)n, the present time-point being denoted by 0, with observables
coos Xopy, X pt1, .-+, X1, Xo from which the pattern Yj is to be inferred. So in this classifi-
cation setting, in addition to the present observation X a number / of preceding observations
may be used for classification, thus taking a possible dependence structure into account as
it occurs e.g. in an ongoing classification of handwritten characters. We treat the question
how the performance of classifiers is improved by using such additional information. For
our analysis, a hidden Markov model is used. Letting R; denote the minimal risk of mis-
classification using / preceding observations we show that the difference supy |R; — Rjy|
decreases exponentially fast as / increases. This suggests that a small / might already lead
to a noticeable improvement. To follow this point we look at the use of past observations
for kernel classification rules. Our practical findings in simulated hidden Markov models
and in the classification of handwritten characters indicate that using [ = 1, i.e. just the last
preceding observation in addition to X, can lead to a substantial reduction of the risk of mis-
classification. So, in the presence of stochastic dependencies, we advocate to use X_1, Xo
for finding the pattern Y instead of only X as one would in the independent situation.
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1 Introduction

In pattern recognition, the following basic situation is considered: A random variable (X, Y)
consists of an observed pattern X € X, typically X = R?, from which we want to infer
the unobservable class ¥ which belongs to a given finite set M of classes. Consider the case
that the distribution P-¥) is known. Then the classification rule which chooses the class
having maximum a posteriori probability given the observed pattern x has minimal risk of
misclassification. This optimal rule is given by

X > argmax P(Y =ylX = x)
y

where argmax takes, in a measurable way, some value y* with P(Y = y*|X = x) =
max, P(Y = y|X = x). The minimal risk of misclassification, often termed the Bayes risk,
is given by

R= /myln P(Y # y|X = x) P¥*(dx).

Even though in many problems of pattern recognition the distribution of PY) will not
be known, the Bayes risk is a quantity of major importance as it provides the benchmark
behaviour against which any other procedure is judged.

Let us briefly recall the i.i.d. model of supervised learning which has provided a main
direction of research, see, e.g., the monograph (Devroye et al. 1996). There, in addition
to (X, Y), we have a learning sequence (X}, Y)), (X5,Y}),...,(X,,Y,) of independent
copies of (X, Y), i.e. having the same distribution. This sequence is sampled independently
of (X, Y) andis used for learning proposes, in a statistical sense for the estimation of unknown
distributions to construct the classification procedure.

In this paper we take a different approach which is motivated by an on-line classification
setting which we model in the following way: There is given a stochastic process (X _,,, Y_y)n,
the present time-point being denoted by 0, with observables in temporal order

-~-7X—naX—n+1,-~-7X—17X0

from which the pattern Yy is to be inferred. The time parameter n belongs to some set
of the form {0, 1, ..., m} or, for mathematical purposes, to N9 = {0, 1,...}. So in this
classification setting, previous observations may be used to classify the present observation.
If (Xo, Yo) is independent of the past (X_,, Y_,),>1 then clearly previous observations carry
no information on ¥y and our optimal classification would be given by argmax, P(Yy =
yIXo = xo).

But in a variety of classification problems we encounter dependence. Looking e.g. at the
on-line classification of handwritten characters the dependence structure in natural language
could be taken into account. In this situation, X¢ would be the current handwritten character
to be classified, Yo the unknown true character, the foregoing handwritten character would
be X_; and the unknown true character Y_;, and in general X_, would be the n-th one
preceding X with unknown Y,,. So, there is a well-known dependence between the Y,,’s,
described by linguists using Markov models (see e.g., Institute for Defense Analyses 1980
for early discussions), and this dependence is of course inherited by the X,,’s. A popular
model for this situation is given by a hidden Markov model, which we shall also use in this

paper.

@ Springer



Stat Inference Stoch Process (2016) 19:321-336 323

Coming back to the general model, we prescribe to use the present and in addition the last
I preceding observables. Then a classification rule with memory / takes the form

(x0, X—1, ..., x—p) > 8(x0, X—1, ..., X))
for some measurable § : X**! — M. The optimal rule is given by

(x0, X—1,...,x_y) —argmax P(Yp = y|Xo =x0, X1 =x_1,..., Xy =x_))
y
with Bayes risk

R = /min P(Yy # y| X0, X—1,..., X_)dP.
y

Obviously
Ry=Ri > >R >

Assume that we have such a process (X_,, Y_,),en, with full past for our mathematical
model. By martingale convergence it follows that for / — oo

R — R* = /myin P(Yo # ¥I(X_)ner)dP.

Here it is important to point out that this paper centers around the behaviour of the optimal
classification procedure in dependence on /, the number of past observations used. This differs
markedly from one of the main lines of research in the i.i.d. model of supervised learning
where the focus is on the behaviour of classification procedures in dependence on n, the size
of the training sequence.

To investigate the behaviour of procedures which incorporate preceding information into
classification rules we will use the setting of hidden Markov models. This class of models
has been of considerable interest in the theory and applications of pattern recognition, see
the monographs by MacDonald and Zucchini (1997) and by Huang et al. (1990) from a more
practical viewpoint. It provides a class which allows good modelling for various problems
with dependence and still may be handled well from the analytical, the algorithmic, and the
statistical point of view, see the monograph by Cappé et al. (2005). The applications range
from biology to speech recognition to finance; the above monographs contain a wealth of
such examples.

A theoretical contribution to pattern recognition for such models was given by Holst
and Irle (2001) where the asymptotic risk of misclassification for nearest neighbor rules in
dependent models including hidden Markov models was derived. Similar models were treated
in Ryabko (2006) to obtain consistency for certain classes of procedures, i.e. convergence
of the risk of misclassification to the Bayes risk. As consistency for classification follows
from consistency in the corresponding regression problem, see e.g. (Devroye et al. 1996,
6.7), any result on regression consistency yields a result on classification consistency, and
a wealth of such results is available, e.g. under mixing conditions. All these results invoke
the convergence of the size n of a training sequence to infinity and do not cover the topic of
this paper. Closer to our paper is the problem of predicting Yy from (Xo, Y_1, ..., Y_;) for
stationary and ergodic time series, see e.g. (Gyorfi et al. 2002, Chap. 27). Our treatment differs
as we do not have knowledge (just guesses of) (Y_1, ..., Y_;) in on-line pattern recognition,
only that of (Xo, X—1,..., X_1).

The hidden Markov model as it will be used in this paper takes the following
form. We assume that for each m we have, written in their temporal order, observables
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X _my X—m+1,...,X_1, Xo and unobservables Y_,,, Y_,,+1,..., Y_1, Yo. The unobserv-
ables form a Markov chain. The observables are conditionally independent given the
unobservables in the form of

P(XO €By,.... X me€B_wlYo=y0,....Y = yfm) = Q(Bo. y0) - .- Q(B—m, y—m)

for some stochastic kernel Q and are not Markovian in general. This stochastic kernel and
the transition matrix of the chain are assumed to be the same for each m. But we allow for the
flexibility that, for each m, a different initial distribution, i.e. distribution of Y_,, may occur.
Note that m stands for the time point in the past where our model would be started and the
distribution of Y_,, would not be known.

For being completely precise we would have to use the notation Yfrfn) Yém)
since, due to our flexibility in initial distribution, the distribution of Y"2), ..., ¥ and
YSZH), - YémH) need not coincide. Hence also R; > R;y1 does not hold in general

where R; is computed in a model started at some time —m, m > [, and R;4 in a model with
a possibly different initial distribution. But all our bounds will only involve the transition
matrix and the stochastic kernel which do not depend on the index m. So we shall omit this
upper index in order not to overburden our notations.

We assume that the transition matrix of the chain is such that there exists a unique stationary
probability distribution 7, characterized by the property that if Y_,, has the distribution
then all later Y_,, 1, k > 0, have the same distribution 7. For our chain with full past
(X_n, Y_n)nen, we consider the stationary setting where each Y_,, has the same distribution
7. Then of course R > R, | and lim; R = R* denoting the risk in the stationary case with
an additional *.

Without loss of generality we let the probability measures Q(-, y) be given by densities
fy with respect to some o-finite measure i on X'. So we have for all n

P(X_p € BlY_,=y) = /B Sy () (dx).

This provides a unified treatment for the case of discrete X where p might be the counting
measure, and for the case of Lebesgue densities where X = R¢ and .« might be d-dimensional
Lebesgue measure.

In Sect. 2 we shall show under a suitable assumption that lim; R; exists and is independent
of the particular sequence of initial distributions, hence lim; R; = R*. Furthermore this
convergence is exponentially fast and we provide a bound for sup; |R; — R;1| in this respect.
Let us remark that, as we are looking backwards in time, the usual geometric ergodicity
forward in time does not seem to yield an immediate proof. In Sect. 3 we introduce kernel
classification rules with memory and discuss their theoretical and practical performance. Our
findings indicate that it might be useful to include a small number / of preceding observations,
starting with [ = 1, to increase the performance of classification rules with an acceptable
increase in computational complexity. Various technical proofs are given in Sect. 4.

2 Exponential convergence

We consider a hidden Markov model as described in the Introduction. For this model we
make the following assumption:

(A) All entries p;;, i, j € M, in the transition matrix are > 0. All densities are > 0 on X'
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(A) will be assumed to hold throughout Sects. 2 and 4. It implies the finiteness of the following
quantities which will be used in our bounds.
Remark 2.1 Set

o o F(x
o = max M, a(x) = max M forx € X.

Licsi, JEM iy Picj i j€M Pig Pcj fie(X)

Then 1 <, a(x) < o0.
Furthermore, with |M| denoting the number of classes, let

n=(1+(M —-Da)"", n0x)=(1+(M| - Da@) forx e X.
Then 0 < n, n(x) < 1/2.

The following result provides the main technical tool. Its proof will be given in Sect. 4.
We use the notation xgn for (xg, ..., x_p) and in the same manner we use X (ln.

Theorem 2.2 Letl, n € N. Consider a hidden Markov model which starts in some time point
—m < min{—[, —n}. Let A C M and fix xq, ..., xX—, € X. Set

m = max P(¥y € AIX°, =x° .Y =i), leN

and

my = min P(Yy € AlX%, =x2,, Yy, =i), leN.
1

Then for alll € N

0
mf—m; < [] a-24p.
j=—I+1

where n)j = n(x;) for j € {—n, ..., 0} and ij; = n for j ¢ {—n,...,0}.

In the following corollary the probabilities P(Yg e AlX (ll = xE,) and P(Yo €
AlX O—I—k = xﬂ,_k) are treated. The first will pertain to a hidden Markov model which
starts in some time point < —/, the second to one which starts in some time point < — — k.
Note that terms of the form P(Yy € A|X 91 = x9,, Y_;_1 = i) are identical in both models
due to the identical transition matrix and the identical kernel Q.

Corollary 2.3 Letl,k e N, A C M and xo, X—1,...,xX_j—x € X. Then
0
[P(Yoe AIX, =x0) — P(ro e AIX%,_, =x ] < [] (1-2nx)).
j=—I

Proof We obtain

|P(Yo € AIX?, =20)) = P(Yo € AIX?,_ =20, )]

> P(YoeAIXY =x0. v =0 P(Y 1 =X% =x")
teM

— D> P(NoeAXY  =x Y =k) PV =k|X%, =x% )
KeEM
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> P(YoeAIXY =20y =) P(Y 1 =X% =x")
teM

— Z P(YO € A|X91 = x(ll, Y 1= K)P(Y—l—l — K|X91,k _ xngk)
KeEM
= max P(¥ AIXY, =x0, v =)
—min P(¥p € AIXY, =x0, v =)

0

= m;fH —m < H (1 — Zn(xj)) .
j=—1

using Theorem 2.2. O
We now introduce the constants used for the exponential bound.

Remark 2.4 (i) Set

. 1
,3=II(1;1AI}/1+(|M|_1)a(x)fk(x)ﬂ(dx) and y =1-2§.

Then

0<,8§% and 0 <y <.
Forallk e M

[ (1=210) e <.

(i1) For the following result we need additional constants which arise from basic Markov
process theory. A transition matrix Q is called uniformly ergodic if there exists a unique
stationary probability distribution 7 and there exist constants a > 0, 0 < b < 1, such
that for any Markov chain (Y},),>, with transition matrix Q and any initial distribution
at time ¢

|PY+ — x| <a-b*, keN,

in total variation norm || - ||. With the same meaning, also the process (Y}),>; is called
uniformly ergodic. Assumption (A) above implies uniform ergodicity, so that we have
for each Markov chain constants a, b as above, see (Meyn and Tweedie 2012, Chap. 16)
for a general treatment.

Theorem 2.5 There exist constants a > 0, 0 < b,y < 1 such that foralll,k € N
|R; — Rl < v
if Ry and Ri4+x come from the same model started at some time point < —| — k,
|Ri = Risel < 2(/'2 +ab'’?),
in the general case that R; and Ry come from possibly different models, the first started in

some time point < —I, the second in some time point < —I — k.
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Proof The constants a, b, y will be those introduced in Remark 2.4.
Let us firstly consider the case that R; and R,y stem from the same model. Using the
generic symbol f to denote densities in this model we write the joint density as f (x® k)

and the joint conditional density as fyol . (xgl_ )- With this notation we have

0
f(xgz_k)= Z P(Ygz_k = ygz_k) fyglik(xgl—k) and ny,fk(x(ll—k)= H Ty (),

0 i—
Y-k j=—l—k

furthermore

R = / min P (Yo # i1X%, = %)) £G2,_pu ™ @x?,_p),
X

I+k+1 ieM
Rk = — / min P (Yo #i|X°,_, =x% ) £, ax?, ).
xl+k+1 ieM

We obtain from Corollary 2.3 and conditional independence

R — Riqk]
5/ max |[P(Yo # i1X%, = x°) — P(Yo £ilX%,_, =2,
Xl+k+1 ieM

FOO o™ @x®,

0
< /X’+1 Jl:_L (1 — 217(xj)) f(xgl)ulﬂ(dxgl)

B 0
=2 | P(r2=)%) /X T = 206) £, 62pu @x?)
yo,/ L j=_1
B 0
=2 | P(Y%=y%) H/X(l—zmxj))fyj(xj)mdxj)
W, L j=—1
< ZP(YE — ygl)yl+l — yH»l i
¥,

Let us now look at the general case with models 1 and 2, R; = Rl1 stemming from model 1,
Riyk = Rl2+k from model 2 respectively. Then

1 2 1 1 1 2 ) 5
R — R1+k| = ’Rl - RU/QJ‘ + |RU/2J — RU/ZJ‘ + ‘RU/ZJ _ Rl+k|~
From the first part of the assertion
1 1 2 2 1/2
R — RLI/ZJ} + ’RLI/ZJ — Rl <2y 2,

To treat Rb 2] and Rfl /2) We note that the conditional Bayes risks for time lag |//2] given
Y_|;/2) are the same in both models hence the unconditional risks differ by at most the total
variation distance between the two distributions of Y|;,2) in the two models. This quantity is
< 2ab'/? since both models have been running for at least [ — |//2] time points, hence

1 _ p2 1/2

[m}
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From this we easily obtain our main result.

Theorem 2.6 There exist constants a > 0, 0 < b, y < 1 such that for alll € N
|R* — Ry <2(/' +ab'?),
in particular for | — oo
R, — R*.

Proof As in Theorem 2.5, the constants a, b, y are those of Remark 2.4. Recall that Rl* is
the Bayes risk in the stationary case. As already stated earlier, lim; R = R* by martingale
convergence. Theorem 2.5 shows

IR — R}yl < 2(y'% + ab'’?)

for all k, proving the assertion. O

3 Kernel classification with memory

Optimal classification procedures provide benchmarks for the actual behaviour of data driven
classification procedures which do not require knowledge of the underlying distribution. A
general principle from statistical classification involves the availability of a training sequence
(X1, ¥1» - X, y;,) where the x; have been recorded together with the y/. This training
sequence is used for the construction of a regression estimator

POIxsx(, ¥y, ..o, X, yy)  for P(Y = y|X = x)
which leads to the classification rule
x > argmax p(ylx; X[, yi, ..., X5, ).
y
When we choose a kernel
K: X — [0,00)

and use the common kernel regression estimate we arrive at the kernel classification rule

- X —x]
X > argmax Z K (T’) Liyi=y)-
Yoozt

The asymptotic behaviour, as the size of the training sequence tends to infinity, has been
thoroughly investigated for such classification rules and in particular for kernel classification
rules. In the i.i.d. case or more generally under suitable mixing conditions, such procedures
are risk consistent in the following sense: Kernel classification rules asymptotically achieve
the minimal risk of misclassification for X = R¢ if the size n of the training sequence tends to
oo and h = h(n) satisfies 2 (n) — 0and nh(n)? — oo. As remarked in the Introduction, this
type of consistency follows from the consistency of the corresponding regression estimator,
hence any result on regression consistency translates into a result on risk consistency.

Itis the aim of this section to discuss the applicability of kernel classification with memory
in hidden Markov models. Assume that the training sequence X /1 s Yl/, ..., X,, Y, is generated
according to a hidden Markov model and that there is a sequence of observations

X, X4, ..., Xp to be classified
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which stems from the stationary hidden Markov model with the same transition matrix and the
same kernel and is stochastically independent of the training sequence. For the classification
of Xo = x¢ the usual kernel classification rule as described above would classify xq as
belonging to the class

" x0 — X!
argmaXZK ; . Liy/=y)-
Yooz

This ignores the Markovian structure, so we want to use memory as in the optimal classi-
fication of the preceding Sect. 2. We propose the following procedure. Fix some memory
Il = 1,2, ... prescribing the number of preceding observations used in the classification of
the current one. Use a kernel

K : x50, 00)

and, assuming a training sequence of size n + [, classify observation x as originating from
the class
n 1 , ,
argrynax K (E((x_l’ e X0) — (X, ., Xi+l))) 1{Y/+1=)’}'
i=1
Compared to rules without memory the role of x is taken by (x_y, . .., xo) whereas the role
of (X}, Y/)is taken by (X[, Y/, ..., XfH, Yi/—&-l)'

The approach we propose here leads to a risk consistent procedure for hidden Markov
models, i.e. the risk converges to the corresponding Bayes risk when, for fixed /, the size of
the training sample n tends to co. The proof of this risk consistency adapts the methods of
proof for the i.i.d. case to the Markov model we have here. We present the basic facts here
and refer to Irle (1997) for a detailed treatment; see also (Gyorfi et al. 1989, Chap. 13).

The kernel K has to satisfy that for any y

Ely=y K (1Ot x0) = (X ... X))
EK(3[(x_s.....x0) = (X_1..... X0)])

— P(Y =y|X_y=x_,...,Xo=x0)

fora.a. (x_y, ..., xo) ask — 0. Any kernel K such that K > 0, K is bounded with bounded
support, and there exist g, ¢ > 0 suchthat K (z) > cfor||z|| < to, fulfills the above condition,
see, e.g., (Devroye et al. 1996, 10.1). We call such a kernel regular.

Next note that we consider a uniformly ergodic transition matrix for our Markov chain.
Looking at the hidden Markov model forward in time, the process (X, Y, )nen forms a
Markov chain with state space X x M in discrete time. The stationary distribution for this
process is given by

7'(Ax B) = QA7 ({y}).

yeB

It follows immediately that this process is again uniformly ergodic such that fora > 0, 0 <
b < 1, the constants for the Y -process, it holds that for all n

[Pt ] < aor

since
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|PEY) (A x B) —7/(A x B) = 1D Q(A. ) (P, = y) — x({y})]
yEB

<|P(Y,eB) —n(B)|<a-b"
/ Y/

n’>-n’*

In exactly the same manner, the process (Z,),en = (X L X YéH) is a Markov

n+l’
chain with state space Z = (X x M)'*! and stationary probability distribution 7 ) given by

I+1 +1
n“’(]‘[(Af x B») = > (H Q(A;, y»)n({yl})py,,yz Py
i=1

YIEBYL,...,y1+1€B141 \i=I

the p’s denoting the transition probabilities for the original chain. It is easily seen that this
process is again uniformly ergodic where, with the same constants a, b, we have for all n

|P% 20| <a- b
Finally we note that any uniformly ergodic process is geometrically mixing in the sense
that there exist @ > 0, 0 < 8 < 1 such that for all n
Ef(Zign)8(Zn) = Ef (Zin)Eg(Zn)| < af’

for any measurable f, g : Z — R, |f|, |g| < 1, and any initial distribution, see (Meyn and
Tweedie 2012, Theorem 16.1.5).
Using the foregoing notations we can obtain the following result.

Theorem 3.1 Let K be regular and let h(n) > 0,n = 1,2, ... be such that h(n) — 0 and
nh(n)4U+Y - oo, Denote the risk of the kernel classification rule by L;,I). Then as n — 0o

LY — Ry
Proof The proof is based on the observation that classification is easier than regression

Sunction estimation, see (Devroye et al. 1996, 6.7). To adapt this to our setting fix y € M.
Let for (x_i, ...., x0) € X'T!

1
. Z,’Ll K(W((x—ly cees X0) — (X,{» cees X,{_,_l)))l{yi/H:y}
Dn(x—f, ..., x0) = m T - p .
Zi=1 K(W((x—ls e Xo) — (X, Xi+l)))
This is the kernel regression function estimator of size n for
P, x0) = P(Yo = y[(X—y, ..., Xo) = (x—1, ..., X0)),

with corresponding kernel classification rule

n
1
argrvnaxz K (m (s x0) — (X, .., Xz/'-s-l))) I{Yf'+1=>'}'
7 i=1

Now to show L,(ll) — R/ it is enough to show that as n — oo

Pn(x_q, ..., x0) = p(x_q, ..., X0) (1)

in probability for almost all (x_, ..., xg), see (Devroye et al. 1996, Theorem 6.5). For this
we may apply (Irle 1997, Theorem 1) and the application to kernel regression estimators in
ibid, part 3, in particular the representation for p,, p.138. We than use uniform ergodicity,
geometric mixing, regularity of the kernel, together with nh(n)¢¢+!) — oo to infer that the
conditions to apply (Irle 1997, Theorem 1 (i)) are fulfilled. This then shows the assertion.

O
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Remark 3.2 (i) The more complicated result of almost sure convergence p, (x—_y, ..., x0) —>
p(x_q, ..., xp) in (1) needs additional conditions; see (Irle 1997, Corollary 4), (Gyorfi
et al. 1989, Chap. 13). But here, we only need convergence in probability.

(ii) This method of using past information to construct a classification procedure seems
generally applicable. We simply have to replace xo by (x_i, ..., xo) and the learning
sequence (X, ¥,), by (X,,Y,,..., X:/z+l’ Y,;H),,. E.g. for a nearest neighbor classi-
fication we would look for the nearest neighbor among the (X;,, Y, ..., X, 4 Y, )
and use the resulting Y,; 4 for classification. To show consistency, we can proceed in
the same way as for kernel classification using the nearest neighbor regression estimate,
compare (Irle 1997, Part 4).

So asymptotically as n tends to infinity, the kernel classification rule performs as the
optimal rule of Sect. 2 and may be used as a typical nonparametric rule to test the usefulness
of invoking preceding information.

From a practical point of view we now comment on the performance in simulations
and in recognition problems for isolated handwritten letters which points to a saving in
misclassifications.

3.1 Performance studies

In the following we report on some typical results in our studies of the actual behaviour of the
kernel classification rule as proposed in this paper. As a general experience we point out that
memory / > 1 did not lead to significant improvement over / = 1 so that we only compare
the cases/ =0,/ = 1.

(i) In simulations 1 and 2 we choose ... Y_1, Yy, Y1, ... as a Markov chain with four states
and transition probabilities

0 0 1 0
0 0 0 1
03 07 0 O
07 03 0 O

with stationary distribution (0.25, 0.25, 0.25, 0.25).

In simulation 3 we choose Y1, Y», ... i.i.d. following the stationary distribution. The X;’s
have a three-dimensional normal distribution with identical covariance matrix and mean
vectors

0, 0,0) in simulations 1,2,3 for class 1,

4,0,0) in simulations 1,2,3 for class 2 ,

(3.9,3.9,0) insimulation 1, (4,4,0) in simulations 2,3 for class 3,
0,3.9,0) in simulation 1, (3.8,3.8,0) in simulations 2,3 for class 4.

So there is good distinction between all classes in simulation 1 with easy classification, there
is poor distinction between classes 3 and 4 in simulations 2 and 3. The following table gives
the error rate for classification with size n of the training sequence in the first row. A normal
kernel is used.
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Sim | [ | 100 | 300 | 500
1 0] 0.03 | 003 | 0.03
110.01 | 0.03 | 0.02

2 0] 021 0.19 | 0.21

1] 005 ]| 005 | 0.04

3 0] 030|028 | 031
1034 | 033 | 0.30

This shows that use of the Markov structure in simulation 2 through [ = 1 leads to the
possibility of distinguishing between classes 3 and 4. In the i.i.d. case of simulation 3 an
appeal to memory of course does not help.

(i1) The classification of handwritten isolated capital letters was performed using kernel
methods. Features were obtained by transforming handwritten letters into 16 x 16 grey-value
matrices. The learning sequence was obtained by merging samples from seven different per-
sons.

The following typical error rates resulted from the classification of the word SAITE
(german for ’string’) where error rates are writer dependent. A normal kernel was used with
h=1.0and h =0.25.

Writer | 1 1.0 0.25
1 0 | 0.261 | 0.083

1| 0.012 | 0.007

2 0 | 0.334 | 0.115

1| 0.025 | 0.022

3 0 | 0.166 | 0.075

1 | 0.030 | 0.024

Use of the Markov structure through / = 1 seems to lead to improved performance. Of
course, the incorporation of memory can be applied to any procedure of pattern recognition.
In particular we have also looked into nearest neighbor rules with memory /. Our findings
have been similar to those for the kernel rule as discussed above and also advocate the use
of memory [ = 1.

4 Proofs for Section 2

Lemma 4.1 Let | € Ny. Consider a hidden Markov model which starts in some time point
—m < —landletT C{—m,—m+1,...,0}L
Foranyx; € X, t € T, and i,t,k € M we have
@{) for—leT

PY_ =Y 1=0,X,=x,1teT)
, <a(xy),
PY_ =«klYy1=i,X;=x,teT)

@{i) for—1 ¢ T
PY_ =Y 1=i,X,=x,:t€T)
<ua
PY_ =«lYy1=0,X,=x,te€T) ~

@ Springer



Stat Inference Stoch Process (2016) 19:321-336 333

Proof We shall use the symbol f in a generic way to denote joint and conditional joint
densities; also we use T, = {t € T : t > s}. From the properties of a hidden Markov model
we obtain
PY_ =Y 1=i,X;=x;,t€T)
PY_ =«|Yy1=i,X;=x;,teT)
_ PY_ =Y a=i,X;=x,teT>_)
TP(Yy=klY =i, X, =x,t € Tsy)
P =i Y =X, =x,t €Ty
TPy =i,Y =«|X;=x;,1t€T=_)
2P =i Yy =0 Y =X =x,1 € To)
XY PO =i Y=k Yo =X =x, 1 € Toy)

_ 2P =i Y=Yy =) ft€eTylYoyy =i, Y =Yy = )
X PO =i Y=Y =) [t € oY =i Yo = w, Yo = )
2P =0 pupy fOnt €Tyl =i Yy =Y 41 =)

S P =) pi pej fOt € Tog|Yo oy =i, Y =k, Yopp1 = )

P 25 py JOt €TV =LY =0Y g4 =)

P X Pej fOt € TogYooy =i, Y =k, Yoyy1 = )

pic 225 Py filxe—p) fi(emign) [t € TomppolYoig1 = ) )
= *
Pi 2; Pej @) fiGeois1) fQxr,t € TomppalYoign = J)
_ Pi fi(x2) max P fiG—i) [t € Toyqa|Y—y41 = j)
T pie frkm) T pej fiGeoign) fQust € Ts oYy = )
pic fi(x—p) D
= —— max
Pik fK(x—l) J Pkj
i pij fi(x—
< max pic pij filx—1) .
Lk j Pik Dicj S

Note that the term f;(x_;41) in line (x) only appears for —/ + 1 € T. In the second part
of the assertion we have —[ ¢ T hence the terms f,(x_;) and f, (x_;) do not appear in line
(). Thus the dependence on x_; disappears. O

As a consequence we obtain:
Corollary 4.2 Consider the situation of Lemma 4.1. Then
@) for—leT
P(Yo =jlYoi=i,X,=x,1€T) =n(x_) >0,
(i) for—1 ¢ T
P(Yo =jlYoyo1 =i X;=x,1€T)>n>0.
Proof Set@ = a(x_;) for =l € T and & = « for —/ ¢ T. Lemma 4.1 implies
1
P(Yy=jlYoo1=i,X;=x,t€T)

_Z P(Y—[:k“/—[—] :iaXt =X, 1 € T)
Py =Y =i X =x 1 €T)
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<l+@m-Da,
hence

P(Yy=jlYa=iXi=x,teT)>(1+0m—1a)".

We now give the proof of Theorem 2.2.

Proof For A = M we have mf —m; =1—1=0.Soassume A # M. We use induction
in [ and shall apply Corollary 4.2.
Let! = 1: Chose j € A°.
mf—m| = max P (¥, € AIXY, =x0, Yy =i) —my
e
= 1 —min P(Yo ¢ AlXY, =x2, Y =i)—m]

1—min P(Yo = j|X°, =x°,, Yoy =i) —m]
ieM

IA

IA

1 —17o — 7o = (1 —270).

The inductive step:

Assume that the assertion is true for / € N. Let j ™ and j~ be such that the maximum and

minimum respectively, are attained in these values, i.e. j© = arg m;r, J~ =argm; . Then

+ 0 0 .
mp = ‘Erézzlv)[( PYoeAlXZ, =x_,, Y1 =i)

= max [ > PoeAX?, =x, Y =} Y =i
jeM

xP(Y_=jIX° =x° v, = i)]
0 0 :
= Ifé‘}'é([ z P(Yoe AIX?, =x2,. Y =)
jeM
x P(Yoy = jIXY, =x0,, v 1= i)]

_ o _ .0 _
= n;%gl > PyeAX?, =22, Y =)
J#iT
_ y0 _ .0 o
xP(Y_ = jIX%, =x0,. Y =i)
— = 0 _ 0 .
+m; P(Yo =) |X2, =x2,, Y —l)]
+ - 0 .
< m%[ Domf PO =IX0, =20, v =)
J#iT
— = 0 _ 0 .
+ml P(Y_; = |X—n =X_p Yo _l)]

= maxim (1 - P(Y = 71X, =0, Y1 =)
ieM
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+m; PV =7 1X%, =x0, v =)

>

+ A — A
< ma 1 —n- _
_l_d;{ml( n-1) + m; -1}
= m{ (1= i-1) + my i1,
Similarly

Y 1=1)

7”7

my,, = min P(Yy € A|X°
I+1 . Yo | —n

= ?61%11[ %P(YO EAIX, =x_,, Y =jYq1=10)
je

><P(Y_1=j|X(1,,— _,1,Y—1 1=l)]

. 0 _ .0 _
= rmﬁr;[ 2 Poealxl, =2l ¥y =)
jeM
xP(Y_ =j|X(ln _n, Y 1= l)]
. 0 _ .0 _
= {161%[1[ Z PYoe AIXZ, =x_,,Y_ 1 =])
it
xP(Y_;=jIX°, =x° v =i
+mf PV = jtIx2, =20, Yo 1—1)]
. - 1y 0
211615‘141[ Z m; P(Y_; = jIXZ, = _n,Y 1-1=1)
JEit

+mf POV = X0, =0, Y 1—!)]

= minfm; (1 - P(Y_ = j 71X, =x0,, Y1 = i)
ieM

+mi P(Y_ = jTIX, =x2,, Yo =)

+I\/

i
> min{m, (1 —n_;) + q
_ieM{m,( n-1) + m; 11}
=m; (1 —f_p)+ mfH-.
This implies

mity —miy < (1= 27_pm] — (1 = 2i_ym}

0
<=2 [] a-24)

j=—i+1
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0

= H(1-2ﬁ,-).

j=-1
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