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Why Handwriting Recognition?

Script: Symbolic form of archiving speech

I Certain di erent principles exist for writing down speech

I Numerousdi erent writing systems develoged over the centuries

I Focus here: Writing containing letters and numbers

) Espedally: Romanscript (incl. Arabic numbers)

Handwriting: In contrast to characters created by machines

I Most \natural" form of script in almost all cultures

I Typeface adapted for manual creation ) Cursivescript

I \Pri nted letters" asimitation of machine printed characters

I Frequently: Free combination, i.e. mixing of both styles+
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Writing Systems { A Brief Overview
types picture story logography phonography
(archiving a (archiving a
sequence of thoughts)

(archiving the
single meaning / concept)

phonologic structure)
variants

pictograms ideographic abstract-logographic segment syllabic alphabetic
symbols symbols script script script
(phone segments) (syllables) (letters)
examples indian picture sumerian meaning arbitrary assignment egyptian cretan fixed invent-
stories hieroglyphs depending of symbols to hieroglyphs Linear B ory of vowels
(e.g. Kekinowin) on culture meanings (only skeleton

& consonants

:*:Mcﬂ) Brazil
[paragraph, and, plus] [m, n,y] [pa-ma-ko [English using
Japanese (medicine)] Roman script]
characters ‘
(Kanji)

Brazilia
})\ s [Int. red half moon org.]
i

[Greek using
greek letters]

oy Lo o 8&*+ el

[the sick chief dies] [foot, head, water] [Int. red cross org.]

[fire, happiness]

complexity of single units

abstractness of single units
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Applications: O -line vs. On-line Processing

Main objective: Automated document processing T é;‘:a?ﬁa?sz
(e.g. Analysis of addresss, forms; archiving) T
Basic principle:

I Optical capture of completedtypeface
(via scanner,possibly camera)

EU-STANDARD

ORTHUND
X 13

I O - line analysisof resulting \i mage data"
(Standard: Preprocessing+ Lineaizing !
stream of temp. changing features)

) \Opti cal Character Recognition” (OCR)

Additionally: Human-Machine-Interacion (HMI)
Basic principle:

I Capture pen trajectory during writing
(utilizing spedalized sensas & pens)

I On-line analysisof movement data

‘-“/// Fink, Pletz
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Devices for Capturing Handwriting

On-line Regnition O - line Recogniton

Touch-pad: Scanrer:

High resdution High resolution ( 300dpi)

Robust recognition when using I Inappropriate for certain media

special writing style (books, whiteboards etc.)

) Standad for PDAs etc.

I (Very) expensivefor large sizes Camera:
(then alsorather in exible, Very exible

eg. for mobile usg I Low resoluton (PAL ...)

Camera:

Touchpad:
Very exible [ Pad: ]

E Only \semi"-0 -line
I Low resoltion (PAL ...) (document needsto be written
on touch pad { inappropriate

I Occlusbns nedl to be
for majority of media)

managed
(e.g. by memay of regions) I cf. on-line recognition

//
Y Fink, Pletz
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Why is Handwriting Recognition Di cult?

I High variability even within particular characters
I Machine printed characters:

Type face Font family
(Times, Helvetica, Caurie r) (regular, bold, italic)
I Writi ng style

Character size
(small, lar Jge

The cffect of bottom congesfion duc to

M ,‘MMf// e W{&ﬁ/&fe 0{ e Gl

ool s ¥ Hheme of . ciniomn e g ok

I Line width and it's quality %/h,

I Variation evenfor single writer!

e

I Segmentationis problematic { \Merging" of adjacent characters

\\\“/// Fink, Pletz
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Focus of this Tutorial

Input data:
I Handwriting data captured utilizing scanrer, touch pad, or camera

I Restriction to Roman characters and Arabic numbers
(no logographicwriting systemscowvered here)

I No restriction w.r.t. writing style, sizeetc.
) Unconstrained handwriti ng!

Processingtype:

I Focus: O ine-Processing
) Analysisof handwriting data after completion of capturing

I Also (alittle ...): Online-Techniques

Recaynition approach: Stochastic modeling of handwriting
I Hidden Markov Models for segmentatbn free recognition

I Statistical n-gram modelsfor lexical restrictions

j)f
E Fink, Pletz " - _—
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Recognition Paradigm { \ Traditional" OCR

Original Image Alternative segmentations

Segmentation W

mﬂlm

+
CIaSSI Catlon Potential elementary segments, strokes, ... a
| q - E A M
' |
( J
(UMl z'n[mn
| c
Segment-wiseclassi cation E Segmentationis
possble utilizing various I costly,
standad techniques I heuristic, and

I needs to be optimized manudly

E Segmentationis especially problematic for unconstrainedhandwriting!
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I Theoretical Concepts

I Hidden Markov Models
I n-Gram Language Models

/,
—/
LSS Y Fink, Pletz
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Overview

... Hidden Markov and n-gram Models

... De niti on, Use Cases,Algorithms
... De niti on, Use Cases,Robust Estimation
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Recognition Paradigm { |

Statistical recognition of (handwritten) script: Channel model
...similar to speed recognition

source channel recognition

text- w script- feature X statistical W
production realization extraction decoding
P(w) P(Xjw) argmaxP (w;jX)
w

Wanted: Sequence of words/characters, which is most probable for given
signal/features X

W = argmax P (wjX) = argmaxw = argmax P (w)P (Xjw)

/
LY Fink, Pletz
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Recognition Paradigm { Il

P (w)P(Xjw)

W = argmax P(wjX) = argmax
gw (wjX) gw P(X)

= argmax P (w)P (Xjw)

Two aspects of modeling:
I Script (appeaance) model: P(Xjw) ) Representation of words/characters

HiddenMarkov-Models

I Language modd: P(w) ) Restrictions for sequertesof words/characters

Markov Chain Models / n-GramModels

Specialty: Script or trajectories of the pen (or features, respectively)
interpreted as temporal data

Segmentationnow implicitly performed! ) \segmentation fre€' approach

I Script or pen movements,resgectively, must be lineaized!

/
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Hidden Markov Mo dels: Two-Stage Stochastic Processes

P(sis 1)
P(Oijs)

1. Stage: discrete stochastic process? series of random variableswhich take
on valuesfrom a discretese of states (  nite automaton)
stationary: Processindependent of absolutetime t

causl: Distribution s only dependent on previous states

simple: particularly dependent only from immediate
predecessostate (2 rst order)

) P(sjsiis;iiis 1) = P(sjs 1)
2. Stage: Depending on current state s for everypoint in time additionally
an emissionO; is geneated
) P(GijO1:::0t 1;51:::%) = P(Orjs)
Caution: Only emissons can be observed! hidden

//
Y Fink, Pletz
Swuw’

T T Markov Models for Handwriting Recagnition z ZNH Theory 12


http://www.uni-dortmund.de
http://ls12-www.cs.uni-dortmund.de/cms/irf/people/gernot-a.-fink/people_fink.html
http://ls12-www.cs.uni-dortmund.de/cms/irf/people/thomas-ploetz/people_ploetz.html

o ulr

Hidden-Ma rkov-Mo dels: Formal De nition

A Hidden-Makov-Model of rst order is de ned as:
I a nite set of states:

fsjil s Ng

I a matrix of state transition probabiliti es:

A= fajja; = P(s = jjs 1= 1)g

I avecto of start probabilities:

=fiji=P(s=1)g

I state speci ¢ emissionprobability distributions:
B = fbykjbx = P(O: = okjs = j)g (discrete case)
or

f0j(Or)jb; (Or) = p(Oijs = j)g (continuous casg

/
Y Fink, Pletz
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Toy Example: The Occasionally Dishonest Casino { |

o ulr

[idea from [Dur98]]

0.9

T —¢

0.1

P(O = o) PO =

1/6
1/10

1 2 3 4 56 1 2 3 4

0=1126,6,635
Background Casinooccasionally exchanging dice: fair , loaded
) Model with two states: Sg5, and Sigaded

Exclusive observatons: Resultsof the rolls
) Undelying state-sequace remains hidden!

Question: Which die has beenused,i.e. whenis the casho cheating?

) Probabilistic inferenceabout internal state-sequenceusing stochastic model

/
LY Fink, Pletz
Swuw’

T T Markov Models for Handwriting Recagnition z ZNH Theory

14


http://www.uni-dortmund.de
http://ls12-www.cs.uni-dortmund.de/cms/irf/people/gernot-a.-fink/people_fink.html
http://ls12-www.cs.uni-dortmund.de/cms/irf/people/thomas-ploetz/people_ploetz.html

Mo deling of Emissions

Discrete invertory of symbols: Very limited
application elds

Well suited for discretedata (e.g DNA)

E Inappropriate for non-discretedata { use of
vedor quantizer required!

Cortinuous modeling: Standad for most pattern
recognition applications processingsensoy data

Treatment of real-valued vector data
(i.e. vast majority of \real-world" data)

n

De nes distributions over

Problem: No generalparametric description

Procedure: Approximation using mixture densities

g"
LS Y Fink, Pletz
Swuw’
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p(x)

Theory

A

k=1

X

k=1

&N (Xj :Ck)

N (Xj :Ck)

15
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Mo deling of Emissions { Il

Mixture density modeling:

Base Distribution?
) GaussianNormal densities

I Shape of Distributions
(full / diagonal covaiances)?
) Dependson pre-processig of the
data (e.g. redundang reduction)

I Number of mixtures?
) Clustering(...and heuristics)

I Estimation of mixtures?
) eg. Expedation-Maximization
[% Practice]
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Usage Concepts for Hidden-Ma rkov-Mo dels -
P(O]") PO/

@
9,

N A
Assumption: Patterns observedare geneaated by stochastic modelswhich are
compaable in principle

Scaing: How well describesthe model some pattern?
I Determination of the production probability P(Oj )

Decading: What is the \internal structure" of the model? (2 \Recognition")
I Determination of the optimal state sequene
s = argmaxP(O;g )
S

Training: How to determine the \optimal " model?
I Improvement of a givenmodel with P(Oj") P(Oj )
7/
\:-:\:“% Fink, Pletz
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The Production Probability '#

Wanted: Assessmenbf HMMs' quality for describing statistical properties of data

Widely usedmeasure: Production probahility P(Oj ) that obsenation sequere O
was genegated by model { along an arbitrary state sequence

M
Y

OO &
O O

states

) P(O])

time

\\‘\“/// Fink, Pletz
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The Production Probability: Naive Determinati on

1. Probability for generatingobservationsequenceOs; O;::: Or along
corresponding state sequences = si;S;:::Sr of same length:

_ Y
P(Qjs; )= bs(Or)
t=1

2. Probability that a given model runsthrough arbitrary state sequence:
. Y Y
P(si )= & 3 us = 8 1w
t=2 t=1
3. (1) + (2): Probability that geneates O along certain state sequences:
Y
P(O;s )= P(Ojs; )P(§ )= &g 1;sbs(Or)
t=1
4. Total P(Oj ): Sumrrationxoverall possibbxstate seaquences of length T
P(Oj )= P(O;s )= P(Ojs; )P(5 )

E Complexity: O(TNT)

/
LY Fink, Pletz
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The Production Probability: The Forward-Algorithm

More e cient: Exploitation of the Markov-property, i.e. the \ nite  memay"
) \Decisions" only dependenton immediate predecesso state

Let:
t(i) = P(O1;02;:::0; s = i ) o
(forward variable) 1 N °

N

1 .():= bi(Oy) N\
) %o\o
2. w(j) = t(i)aj  bj(Or) i /o_>. i)
i=1 / /
t(i

XN
3. P(O] ) = () o
i=1 ' // .

Complexity: O(TN 2)!
(vs. O(TNT) from naive determination)

-
>
t+1 time

-

Later: Backward-Algorithm [% Training]

/,
—/
LSS Y Fink, Pletz
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The \ optimal” Production Probability v’

Total production probability: Consider all paths through model
Mathematically exact determination of P(Qj )

I Specialzation of partial models within total mode cannot be judged

Modi cation: Consider only respective optimal possbility to generateO, given
Discrimination between 1 (satisfying on average) / > (specialized)

Optimal probability: P (O] )= P(O;sj )= maxsP(O;sj )

states

N

[(i)=sl_r:q§[x1P(01;:::Ot;sl::::st L& =1ij)
1. 1(i) = ibi(01)

id
2.8,t=1::T 1L )
w1 () = maxf ()2 g by (Ore) "

=
-0,
o

3.P (O] )=P(O;sj )= miax (i)

/
Y Fink, Pletz
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Decoding

Problem: Global production probahility P(Oj ) not su cient for analysisif
individual states are assaiated to meaningful segmentsof data

) (Probabilistic) Determination of optimal state sequences necessay
Maximization of posteria probability:
s = argmaxP(sjO; )
S
Bayes' rule:

P(O;s )
P(Oj )
P(Oj ) irrelevant (constant for xed O and given ), thus:

P(si0; ) =

s = argmaxP(sjO; ) = argmaxP(O;g )

Determination of s : Brute-Force [% Optimal Production Probability] or
more e ci ently: Viterbi-Algorithm

/,
—/
LSS Y Fink, Pletz
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... -
The Viterbi Algorithm ;
...inductive procedure for e cient determination of s expoiting Markov property
Let: ((i)= max P(O1;02;:::0s =1ij )
S1:$2: s 1
1. 1(i) ;== ib(01) 1i)=0
2. ()= miax( t(i)aj)b;(O¢+1) t+1 () := argmax:::
3. P (O] )=P(O;sj )= max 1(i)
|
Sr = argmax (j) PO} )= P(O;s] )

4. Back-tracking of optimal path: OO0 OO0 - {C;/@
S = t+1(Se)
3 © 0000 O
9 H H : :
Implicit segmentation ?
Linea complexity in time i O O
I Quadratic complexity O O
w.r.t. # states 1
— () tot+l T
- () ime

fv"
\:-:\:“' Fink, Pletz
T T Markov Models for Handwriting Recagnition z ZNH Theory 23


http://www.uni-dortmund.de
http://ls12-www.cs.uni-dortmund.de/cms/irf/people/gernot-a.-fink/people_fink.html
http://ls12-www.cs.uni-dortmund.de/cms/irf/people/thomas-ploetz/people_ploetz.html

o

Toy Example: The Occasionally Dishonest Casino { 11

() ()

Ol

Parameters of the given HMM
I Start probabilities: = (1=2 1=2)"
0:95 0:05
01 09
1=6 16 1=6 1=6 1=6 1=6
1=10 1=10 1=10 1=10 1=10 1=2

I Transition probabilities: A =

I Emissionprobabilities: B =

Wanted: Internal state-sequerte for segmentationinto fair useand cheating
) Viterbi-Algorithm

//
Y Fink, Pletz
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Toy Example: The Occasionally Dishonest Casino { 111 5
_ A _ 0:95 0:05
i 2 A= g1 o9 O O
B 1=6 1=6 1=6 1=6 1=6 1=6 @ T
- 1=10 1=10 1=10 1=10 1=10 1=2 ~_
O = 1,1,2,6;6;6;3;5
1(2) = 1=20 2(2) = 10075 3(2) = :000675 4(2) = 0:0003 5(2) = :0014 () = :00063  7(2) = :000057 g(2) = 5:13E 6
g =2 A@D=2 J@=2 @A=2 D=2 (D=2 =2
S — Ia) ~
@
21 @=0
| =112 g g g g g g g
S
5 — O—
=0 D=1 =1 D=1 D=1 D=2 (D=2 D=1
| | | | | | | |

\\\“/// Fink, Pletz
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Parameter Estimation { Fundamentals
Goal: Derive optimal (for somepurpose) statistical model from sampk data

Problem: No suitable analytical method / algarithm known

\W ork-Around": Iteratively improve existing model
) Optimized model * better suited for given sampk data

Generalprocedure: Parameters of  subjed to growth transformation such that
PG::™) PG
1. \Observe" model's actions during generationof an observationsequence
2. Original parametersare replaced by relative frequendes of respective events

expected number of transitions fromi to

& = expected number of transitions out of statei

expected number of outputs of ok in statei
total number of outputs in statei

6i (Ok)

I Only probabilistic inferenceof events possibk!

I (Posterior) state probability required!

/
LY Fink, Pletz
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o

The Posterior State Probability

Goal: E ciently compute P(S; = ijO; ) for model assessment

Procedure: Exploit limited memay for
I History { forward-probability (i) [% forward-algorithm], and

I Restof partial observation seqence{ backward-probability (i)

Ot+1

Backward-Algorithm: states
Let op o -
t(i) = P(Ot+1;0r42;:::O01js = 15 ) : ?
1. 1():=1 N Hgn /

8
2. For all tigest, t =T 1:::L: O OZ:O /
(i) = abj(O1) 141 (j) «0)

i ]J t o\o /
3 PO )= " ibi(Oy) 1) | /
. J L, (O -

- (o) (o)

t t+1 time
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o

The Forward-Backward Algorithm
...for e cient determination of posterior state probabhility

iy - P(S=100))
P(S&=1ij0; ) = ~ P(Oj )  [% forward-algorithm]
P(§=1i;0] ) = P(01;02:::01;S = ij )P(Otsa;Oriz;1::0rjS = i )
= (i) «(D)
o —iio: )= _t) ()
) ) = P& =10 = 5ar
A o o o

=
L)
[e]
o

N
NS

AN

ANRARRRRNN

[e]
o - - -
[e]

e
/ t t+1 -
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Parameter Training using the Baum-Welch-Algorithm

o

Background Variant of Expectation Maximization (EM) -Algorithm
(parameter estimation for stochastic models incl. hidden random variables)

Optimization criterion: Total production probability P(Qj ), thus

P(0]")

P(Gj )

De niti ons: (of quantities basedon forward- and backward variables)

) Allow (statistical) inferenas about internal processesof

t(i;j)) = P& =084 =jjo; )
_ P(S&=iiS+1=§;0) )
P(Oj )
_ t(i) @ bj(Or+1) t+1(j)
P(Oj )
(i) = P(S=ijO; )
XN
= P(St = i;St+1 = jjO; )
j=1
= t(i5])
j=1

//
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The Baum-Welch-Algorithm

Let . o IRTORYO)
0 mreEey " PO

t(i) aj bj(Or+1) 42 (j)

” - P(S = i - ijo: _ _
t(i:]) (St = 1S+ = jjO; ) PO} )
N . .
. . . i i Cik Ok (Ot) ()
;k = p =M = kO; - i=1 t(')alj Cjkg]k(
t(i:k) (St = j; Mt = KjO; ) PO )
1. Choose a suitable initial model = ( ;A;B) with initial estimat

(i, &, cjk for mixtures gi (X) = N (Xj j; Cy) for pdf. b (x) = | cjk g (X).)
2. Compute updated estimates " = (~;A;B) for all model parameters:

P
— - (i3)) .
8 = P ~No=oa(i)

. Pr i T
Nz ptsl TR o = (j; k) xe x, T
Ik L Gk Gy = 1{:: t(J'ikt)‘ Mk M ik
3. if P(Oj") was considerably improved by the updated model * w.r.t.
let " and continue with step 2
otherwise Stop!

//
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o

Multiple Observation Sequences
In general: Sampk setsusedfor parameter training are subdivided into individual
segments{ so-alled turns
So far: Turns were considerel individual observationsequence
Goal: Estimate model parameters alsoon a set of isolated sequencs

Procedure: Accumulate acrossall obsevation sequacesconsideredstatistics
gathered for the updating of the parameters

Exampke:
rRP
1G5 K) Xt
A I1=1t=1
K= pp
1G5 k)
1=1 t=1

//
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Hidden Markov Mo dels: Summary

Pros and Cons:

Two-stage stochastic processfor analysisof highly variant patterns
(allows for probabilistic inference about internal state sequence{ i.e. recognition)

E cient algorithms for training and evaluation, resp, exist
(Forward-Backward, Viterbi-decoding, Baum-Welch)

Can \easily" be combined with statistical languagemodel
(channel model: integration of [% Markov chain models])

E Considerable amounts of training data necessay
(\ There's no data like more data!" [Mer88])

Variants and Extensions(not coveed here):

I Hybrid modelsincreasedrobustness
(often combination with neural networks)

I Techniquesfor fast and robust adagtation, i.e. specialization, exst
(Maximum A-posteriori adaptation, Maximum Likelihood Linear Regresion)

/
Y Fink, Pletz
Swuw’

T T Markov Models for Handwriting Recagnition z ZNH Theory 32


http://www.uni-dortmund.de
http://ls12-www.cs.uni-dortmund.de/cms/irf/people/gernot-a.-fink/people_fink.html
http://ls12-www.cs.uni-dortmund.de/cms/irf/people/thomas-ploetz/people_ploetz.html

I Theoretical Concepts

I Hidden Markov Models
I n-Gram Language Models

/,
—/
LSS Y Fink, Pletz
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Overview

... Hidden Markov and n-gram Models

... De niti on, Use Cases,Algorithms
... De niti on, Use Cases,Robust Estimation
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n-Gram Mo dels: Intro duction

Goal of statistical languagemodeling: De ne a probability distribution over a set
of symbol (= word) sequeces

Origin of the name Language Model: Methods closelyrelated to
I Statistical modeling of texts

I Imposing restrictions on word hypothesissequences (especially in
automatic speechrecognition)

Powerful concept: Use of Markov chain models

Alternative method: Stochastic grammars
E Rulescan not be learned

E Complicated, costly parameter training

) Not widely used!

//
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n-Gram Mo dels: Example

I Exampkes for statistical models tt ing on slidesextremely problematic! Beware!

Given an emprically de ned language fragment:

| don't mind if you go

| don't mind if you take it slow
| don't mind if you say yes or no
| don't mind at all

[From the lyrics of the Grea Song of Indi erence by Bob Geldof]

Questions:
I How is the phrase™ | don't mind" most likely continued?
I Which sertence is more plausible,to be expeced, or rather \strange" ?
1l take it if you don't mind" or
“if  you take it | don't mind"

/
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n-Gram Mo dels: De niti on

Basis: n-Gram model = Markov chain model of order n 1
Method: Factorization of P(w) applying Bayes' rule acoording to

t=1

Problem: Context dependency increasesarbitrarily with length of symbol sequece
) Limit length of the \history"

v
P(w) P( Wt jwWe ner;iii;we 1)

t=1
I {z }
n symbols

Result: Predicted word w; and history form an n-tuple ) n-gram (£ event)

) n-gram models (typically: n=2) bi-gram,n= 3) tri-gram)

/
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n-Gram Mo dels. Use Cases

Basic assunption similar to HMM case
1. Repoduce statistical properties of observeddata

2. Derive inferercesfrom the model

Problems to be solved:
Evaluation: How well doesthe model represent certain data?

Basis: Probability of a symbol sequece assgned by the model

Model Creation: How to create a good model?

I No hidden state variables
) No iteratively optimizing techniquesrequired

I Parameterscan principally be computed directly
(by simple counting)

I More sophistcated methods necessay in practice! [% parameter estimation]

//
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n-Gram Mo dels: Notation

Focus on expressons for computing conditional probabilities
Distinction between predicted word and history important
I Arbitrary individua n-gram:
(predicted word: z, history: y)

I Generalconditional n-gram probability:
(P(zjy) or P(zjxy) for bi- and tri-gram models)

I Absdute frequencyof an n-gram:

I Somederived properties of n-gram contexts:
Count of all n-grams with history y:
Number of n-grams occurring k timesin contex y:

/
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YZ = Y1;¥2; 0 Yn 1Z

P(zjy)

c(yz)

c(y)
dk(y )

38
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n-Gram Mo dels: Evaluation

Basic Principle: Determine desgiptive power on unknown data
Quality Measue: Perplexity P

P(w) =

n
2
z
§
3
2

WPwW) T P(wiwa i wr)

I Recipocal of geometric mean of symbol probabilities

I Derived from (cross) entropy de nition of a (formal) language

H(pig) = .I{% |c1%%3 ! T |e9:P th...;- ?Iogz P(wiji:

' data model | {z-} model '
empirical data

Question: How can perplexty be interpreted?

//
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n-Gram Mo dels: Interpretation of Perplexity

Intuiti ve interpretation of perplexity: Exampke:

I Assume:Text Wi; Wa; W ; iiWr Was
produced statistically by information source
from nite vocabuary V

I Problem: How can that generation be
\p redicted" as exactly as possibk?

5 SRERE
@ < 2

Successfut Only very few symbols likely L— -

%)
=)
!

to continue a sequene
say

Unsuaessful: Many symhols have to be
taken into acoount

I Worst casesituation: No information

) No prediction possble
) All symbols equally likely: P(wj::) = -

Vi
LY Fink, Pletz
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o

n-Gram Mo dels: Interpretation of Perplexity I

I Worst casesituation: All symbols equally likely

1
) Prediction accarding to uniform distribution P (wj:::) = m
I Perplexity of texts generated:
O
P(w) = 5 = Vi
Vi

Note: Perplexity equals vocabulary size in absence of resrictions

I In any other case:perplexity < jVj
Reasm: Entropy (and perplexity) is maximum for uniform distribution!

I Relating this to an \uninformed" sourcewith uniform distribution:
Prediction is as hard as sourcewith jV % =

Interpretation: Perplexity givessize of \ virtual" lexicon for statistical source!

//
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n-Gram Mo dels: Parameter Estimati on

Naive Method:
I Determine number of occurrerces
I c(wg; wp; iiiwp) for all n-grams and
Ic(wg; wp;iiwp 1) for n - 1-grams

I Calculate conditiona probabilities
P (WnjW1; Wa; 2 iWn 1) = (Wi i 1)
Problem: Many n-grams are not obsened
) \Unseen ewents"
Ioc(wi:iiwp) =0) P(wnj::)=0

EPG::wi  wp::)=0!
J"f
\:‘:\:“' Fink, Pletz
T T Markov Models for Handwriting Recagnition z ZNH

C(W1; Wo; 1::Wp)

-

Exampke:

c(you say) = 1
c(you) = 3

[EEY

. c(you sa
P (sayjyou) = 7()é(say) y) 1

w

c(you don't )= 0

P(l take it if you don't mind) = 0

Theory 42
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n-Gram Mo dels: Parameter Estimati on 11
Parameter estimation in practice

Problem:
I Not some but most n-gram counts will be zero!
I It must be assuned that this is only dueto insu cient training data!
) estimate useful P(zjy) for yz with c(yz) = 0

Question: What estimatesare \u seful' ?

smal probabilities!, smaller than seenevents? ! mostly not guaranteed!

I speci ¢ probabilities, not uniform for all unseen events

Solution:
1. Modify n-gram counts and gather \p robability mass" for unsea events
Note: Keep modi cati on reasondly smal for seen events!

2. Redistrbute zeroprobability to unsea events according to a more gereral
distribution (2 smoothing of empirical distribution)

Question: What distribution is suitable for eventswe know nothing about?

/
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o
n-Gram Mo dels: Parameter Estimati on |11

Frequeng distribution (counts) ! Discounting (gathering probability mass)

Wo Wi W2 Wz i Ws P Wig P Wi2

Zero probahility ! Incorporate more general distribution

‘.‘-‘“-“-‘/// Fink, Pletz
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n-Gram Mo dels: Discounting

Gathering of Probability Mass

Calculate modi ed frequencydistribution f (zjy) for seenn-grams yz:

c(yz) _ clyz) (y2)
c(y) c(y)

f (zly) =
Zero-probability  (y) for history y: Sum of \ collected” counts

P
(y) — z:c(yz)> 0 (yz)

c(y)
Chaices for discountingfactor ():
I proportiond to n-gram count: (yz) = c¢(yz) ) linear discounting
I assome constant 0 < 1 ) absolute discounting

//
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n-Gram Mo dels: Discounting - Example ~

c(mind ...)

= | B = 2 > |
S| | € 2 °
— S £ = B = » 3 ES 5 c ©

take

¢ (mind ...) linear discounting: =075
absolute discounting: beta= 0:5
— - beta= 1.0

Note: Discounting is performed individually for all contexs y!
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n-Gram Mo dels: Smoothing

Redistribution of Probability Mass
Basic methods for incorporating more generaldistributions:

Interpolation: Linea combination of (modi e d) n-gram distribution and
(one or more) gereral distributions

Backing o : Usemore generaldistribution for unseeneventsonly

Remainng problem: What is a more generaldistribution?
Widely used solution: Corresponding n-1-gram model P(zj§) assaiated with
n-gram model P (zjy)
I Generalizaton £ shatening the context/history
Y=ynY2iiiYn 1 D 9=y iiivn
I More geneal distribution obtained:
a(ziy) = a(zjynyz2::i:yn 1) P(ziy2i:iiyn 1) = P(2Z9)
(i.e. bi-gram for tri-gram model, uni-gram for bi-gram model ...)

/
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n-Gram Language Mo dels: Interpolation

Principle Idea (not consideringmodi ed distribution f (j )):

P(ziyy= @1 )f(zjy)+ a(zjy) 0 1
Problem: Interpolation weight neealsto be optimized (e.g. on held-cut data)
Simpli ed view with linea discownting: f (zjy) = (1 ) (zjy)
Estimates obtained:
p(zy) = "t Gy * Ay e (y2) > 0
(Y)a(ziy) c(y2)=0

Properties:
I Assumesthat estimates always bene t from smoothing

) All estimates modi ed
Helpful, if original estimates unreliable
E Estimates from large samplecounts should be \trusted"

//
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n-Gram Language Mo dels: Backing O

Basic principle: Back o to generaldistribution for unseeneverts

(
f (zjy) c(yz)>0

P(zij =
@M= K@y c ()= 0

P
Normalization factor Ky ensures that:  , P(zjy) = 1

1

Ky =
g q(yz)
yz:c (yz)=0

Note:
I Generaldistribution usedfor unseeneventsonly

I Estimates with substantial support unmodi ed, assumedreliable

//
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n-Gram Language Mo dels: Generalized Smoothing

Observation: With standad solution for g(zjy) more generaldistribution is again
n-gram model ) principle can be applied recursively

Exampke for backingo and tri-gram model:

St @) ¢ (42) > 0
% % f (zjy) c(xy2)=0 ~ c(y2)>0
P(zjxy) = 8
% (xy) Ky <t @ Cy2)=0 A c(2)>0
5 WKy,
' ' TOK c(2)=0

Note: Combination of absolutediscountingand backing o createspowerful
n-gram modelsfor a wide range of applications (cf. [Che99).

//
Y Fink, Pletz
Swuw’

T T Markov Models for Handwriting Recagnition z ZNH Theory 50


http://www.uni-dortmund.de
http://ls12-www.cs.uni-dortmund.de/cms/irf/people/gernot-a.-fink/people_fink.html
http://ls12-www.cs.uni-dortmund.de/cms/irf/people/thomas-ploetz/people_ploetz.html

o

n-Gram Language Mo dels: Representation and Storage

Requrement: n-gram modelsneeal to de ne speci ¢ probabilities for all potential
evats (i.e. jV|" scaes!)

Observation: Only probabilities of seen events are predened

(in caseof discounting: including context-dependent zero-probability)

) Remainihg probabilities can be computed

Consequene: Store only probahilities of seeneverts in memory

) Huge savingsas most events are not observed!

Further Observdion: n-grams always comein hierarchies
(for representingthe respective general distributions)

) Store parameters in pre x- tree for easyaccess

//
Y Fink, Pletz
Swuw’

T T Markov Models for Handwriting Recagnition z ZNH Theory 51


http://www.uni-dortmund.de
http://ls12-www.cs.uni-dortmund.de/cms/irf/people/gernot-a.-fink/people_fink.html
http://ls12-www.cs.uni-dortmund.de/cms/irf/people/thomas-ploetz/people_ploetz.html

n-Gram Language Mo dels: Representation and Storage I

P(zjxy) = f (zjxy) @ ----f (zjxy)

77777777777777 f (yix)

P(xjxy) = (xy) Ky f (Xjy)

Fink, Pletz
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n-Gram Language Mo dels: Summary

Pros and Cons:
Parameterscan be estimated automatically from training texts

Models \capture" syntactic, semantt, and pragmatic restrictions of the
languagefragment considered

Can \easily" be combined with statistical recogrition systems(e.g HMMs)
E Considerable amounts of training data necessay
E Manageable only for small n (i.e. rather shat contexts)

Variants and Extensionsof the basic model:

I Category-basedlanguagemodels
(useful for representing paradigmatic regularitie s)

I Models for describing long-distancecontex restrictions
(useful for languages with discontinuous constitutes e.g. German)

I Topic-based(i.e. context dependent) models
(useful, if one global model is too general)

/
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Overview

I Practical Aspects ... Congurati on, RobustnessE ciency Seach

I Computationswith Probabilities
I Congurati ons of HMMs

I Robust Parameter Estimation

I E cient Model Evaluation

I Integrated Seach
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Computati ons with Probabilities: Problem

Exampk:

I Corsider a 10-dimensional feature represenation

I Mixture components will be 10-D Gaussans (distributing total probability
massof 1!)

p(x) 10 5 on average
I Further consider a text fragment of 100 frameslength
(will in general be only a few characters long)
0
| e - ¥ ' 5100
1 P(Xq; 555 X100] O) p(x) (10 )
i=1
Note: Extremely coarse approximations, negle¢ing
I Alternative paths, I Other mixtures and weights.
I Transition probabiliti es,

) Quantitiescan't be representedon todays computers!

Note: Evendouble precisbn oating point formats not su cient
(ANSI/IEEE 854: [1:8 10308 z 4.9 10 324)
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Probabiliti es: Logarithmic Representati on

Solution: Representprobabilitiesin negaive logarithmic domain

I Logaithmic! compressbn of dynamic range
I Negaive! transformed quantities can be interpreted as additive costs
Method: Transform quantities accordingto: p = log, p
Any type of logarithm can be usdl!
Most common: Inx = log, x and e* pair of operations (log / exp)
E ect: Probabilities2 [0:0:::1:0] ! costs2 [0:0:::+ 1]
(Note: Denstities > 1:0 possibk but rare| < 0:0)

9
ajj log aj
bj (x) |Og bj (x)
1:0:::10 0% :1000
product
maximum % % minimum
sum ' :a bit more complicated
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Probabiliti es: Logarithmic Representati on |1

Question: Coud product/maximum (£ sum/minimum) be su ci ent for HMMs?
Mostly, but not quite for everything!

Viterbi algarithm: only maximization of partial path scaes, multiplication
of score components

n 0
t1()) = maxf ()ajghj(Onr) ! mim (i) + & + Bj(Or)

Mixture density evaluation: Weighted sum can be approximated by
maximum

P .
bi(x) = % CkOk(X) maxZ ckgk(x) ! min:::

E Baum-Welch training: Alternative paths must be considered ) summation
of total probabilities required

Problem: How can sumsof probahilities be computed in the logarithmic
representations?

/
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Probabiliti es: Logarithmic Representati on |11

Summation in the logarithmi ¢ domain

Naive Method:
PrtigPe = In e P+e ™

E Advantage of logarithmic representation is lost!

Summation in the logarithmic domain: Kingsbury-Rayner formula

P1 +10g P2 In(ps+ p2) = In(ps(1+ [2)) =

Inpy + In(1+ enpz MP1y

p1 In(1+ e (P2 m))

Only scae di erencesneedto be represented in linear domain
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Con guration of HMM s: Topologies

Generally: Transitions between arbitrary states possiblewithin HMMs ...
potentially with arbitrarily low probability

Topology of an HMM: Explicit represeriation of allowed transitions

(drawn as edgesbetween nodes/states)
C\&) VRN Cg)
Any transition possible
) ergadic HMM l l
T=0

Observation: Fully conneded HMM does usually not make sensefor describing
chrondogically organizeddata

E \backward" transitions would allow arbitrary repetitions within the data
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Con guration of HMM s: Topologies Il

Idea: Restrict potential transition to relevant ones!
... by omitting irrelevant edges/ setting respective transition probabilities to
\hard" zeros(i.e. nevermodi ed!)

Structures/Requirements for modeling chronologically organizeddata:

OOOO0
-0-0=0-0-0-

I \Forward" transitions (i.e. progressin time)

I \Lo ops" for modding variable durations of segments
I \Skips' allow for optional/mi ssingparts of the data

I Skipping of one or multiple states forward

/
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Con guration of HMM s: Topologies |11

Overview: The two most common topologiesfor handwriting (and speed)
recogrition:

OO0 OO0
-0-0-0-0~ ~Q:00-0-

linear HMM Bakis-type HMM

Note: Generalleft-to-right models (allowing to skip any number of states forward)
are not usedin practice!
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Con guration of HMM s: Compound Mo dels

Goal: Segmentation

I Basic units: Chaacters
[Also: (sub-)Stroke models]

I Words formed by concatendion

I Lexicon= parallel connection
[Non-emitting states merge edgeg

I Model for arbitrary text -
by adding loop O 8 8 8 8

) Decading the model producessegmentation
(i.e. determining the optimal state/ model sequence)
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Robust Parameter Estimation: Overview

Task Estimate models' parametersrobustly by learning from training sampkes
E cient training algorithms (Forward-Backward, Baum-Welch) exist
E Spase Data Problem: Amount of sampk data usually too small!
) Basictechniques[% Theory] alone do not lead to robust modelsin practice!

Approach Tackle factors which causethe spasedata problem, e g.

1. Model complexity
(reduce # parametersby merging similar parts of models)

2. Dimensionality of the data / Correlations [not covered here]
(feature selection, feature optimization like PCA, LDA, ICA, etc.)

3. Initiali zation
(non-random initi alization of structures and parameters for HMM training)

/
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Robust Parameter Estimation: Tying

... explicit reduction of parametersby merging similar model parameters.

Constructive tying: Construction of complexmodelsfrom elementay models.
) Copiesof subunits reusedreference same set of parameters.

Generalizaton of special modeling parts where only few sampks are available:
Robust estimation of generalunits exploiting broader basisof data
) Useof suitable generalizations instead of special models

Agglomeration: Identi cation of similar parametersby suitable distance measure
) Construct parameter spacegroupsby clustering w.r.t. to similar \p urpose”

) Estabish modeling units wheresu cient # training samples are availabk.
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Mo del Subunits #

Basic approach: Merge parametersof similar
mode parts { construct HMM s by O
combination of basemodels @

Model Generalration: (Usually applied for
context dependert modeling)

I De ne context dependentbasemodels

o
(eg.-#/ m/ o, m/ o/ n
(D @ ()

I Generalizecontext restriction if number
of training samplesnot su ci ent
(eg. m/ o/ m _/ o/l m

=
O
r
©

» " I Modularization on lewel of
I Hardly usedfor handwriting recognition, letters

sofar { [Fin07b]
X Intra-word tying

Model Clustering: Merge similar model parts
by e.g. applying decisbn trees
I Expert knowledgerequired ) E ective useof sampk data

X Inter-word tying

wuww Fink, Pletz » » .
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-
... parameter groups are chosenwith highe granulaity compaed to model tying
State Clustering: (Required: Distance measured and termination criterion)

State Tying

1. Create an individual state cluster for all model states i

Ci=fig 8i;0 i N
and combine these to form the initial set of clusters C:
N
C= fCig

i=1
2. Choose from current set C that pair Cj; Cx minimizing distance measure d:

(Gj; Ck) = argmin d(Cp; Cq)
CpiCq2C

3. Construct new state cluster C by merging C; and Cy:
C Gl &
Remove original clusters Cj, Cy from C and insert newly created C instead:
C Cnf(Cj;Cgl fCg

4. if termination criterion not yet satis ed for current set C: goto step 2
otherwise: Stop!
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... mergesimilar parameterswithin mixture density models for emissionsof HMM s

Tying in Mixture M odels

Mixture tying: Semicontinuous HMMs [Hua89] @ @ @

I Creae shaed seé of baseine densities
) Individual components of mixtures
are tied acrossdistributions

I New de nit ion of output probabilities:

W .
bj(x) = Ck N (X ;Kk)
k=1

Cik 9k (X) semi-continuous modeling
k=1

Clustering of densities: Automatic tying approach (in contrast to SCHVIMs)
I Exempkry distance measureusedfor clustering procedure[% State Tying]
Ni Nj
Ni + N;
Tying of covariances: Use global covaiance matricesfor all mixture densties
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Parameter Initial ization

Problem: [% Training] methods for HMM s require suitable initial model
) In practice random or uniform initialization of parametersis not su ci ent!

Segmentalk-means: Alternately carry out segmentationof training data and
compute new parametersbasel on segmentaton not changing model structure

Initialization: Derive initial segnentati on of sample data from reference annotation,
goto step 2

1. Segmentation: Compute s for O given [% Viterbi algorithm], update &;:

- "L 1T JONEY0
=1 t(0)
2. Estimation: For all statesj, 0 j N, and asscciated partial sample sets X(j):
1. Compute VQ codebook Y = fy,;:: Ym;9 and partition fRy;::: RMjg
2. Compute updated parameters of output distributions:

ijj A 1 X T T
ik = oo ik = Yk C'k = — XX N N
@I T T T R e oK
3. Termination: if P (0j") wasimproved by " w.rt. @ let " goto step 2

7 otherwise: Stop!
““‘\“’// Fink, Pletz
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E cient Model Evaluation: Overview

Task Evaluate statistical models (HMMs, n-grams) for practical recognition tasks

Algorithms for decading HMMs [% Viterbi], and evduating n-gram models
[% backingo ] exist

E For large inventories: More e cient methods required!

) Basictechniquesalonenot su cient for e cient model evaluationin practice!

Approaches: (sdedion coveredhere)

1. Pruning
(skip \unnecessey" computations as much as possibe by ealy discading
\less promising" solutions from further seach process{ suboptimal)

2. Tree-like model structure s
(Re-organization of the Seach Space using tree lexica)
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E cient Evaluation: Beam Seach

Viterbi: Linea time complexity but still quadratic
complexity in number of model states

I Viterbi matrix of (i) grows linealy with # states
Even with restricted [% model topology]

E Complete evaluation for limited problemsonly

Idea: Discard \less promising" solutions during decading

Beam-Search: Userelative di erencesin (i) for seach
seach to \b eam" around best partial solution [Low76]

I Evaluation of (i) on limited s& of active states:
At = fij¢(i) B {9
with  ; = max ¢(j)and0< B 1
j

t+1 (1)) = max t(i)aj bj(Or+1)
i2A ¢
B = [10 0:::10 %9 typically

I Practice Directly propagae calculationsfrom
respective active statesto potential sucessaes.
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Practice

t

active HMM state
pruned HMM state
Viterbi-Path
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The Beam Seach Algorithm

Initialization: Initialize set of active states with non-emitting state 0: Ao

Propagation: For all timest, t = 1:::T:
I Initialize locally optimal path scae 1
I Foralli2 Ay ;andallj 2 fjjj = sucdi)g:
I Compute local path score from state i to its succesor j:
(i) = 1 oa(i) + & + B;(Or)
I Update partial path scare for state j, if necesary
if 1(j) hasnot yet been computed or
T < (@) 0 @) ey fG) i
I Update locally optimal path scae
O ) S (H )]
I Determine set A of active states
I Initialize new set of active states At ;

I Add all succes®rs j of active statesi which lie within the beam
foralli2 Ay 1 andallj2 fjjj = succ()g
if3() <=7 +B: At Ac[ fjg

Termination: Determine optimal end state 4; := argmin 7 (j)
j2A 1

Backtracking of approximately optimal path: For all timest,t = T  1:::

y % = (&)
\‘-‘\“‘j/ Fink, Pletz
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o

... also accderate optimization stepsof (iterative) training proceduresfor HMMs!

Forward-Backward Pruning

Approach Avoid \u nnecessey" computations, unless negativee ects on quality of
parameter estimation are observel (cf. [% Beam-Serch Algorithm])

Pruning: Restrict [% Baum-Welch Algorithm] to relevan parts of seach space
I During computation of forward and backward variablesfor evay t consider
active states dependingon optimal = max (j) / = max (j)

A = fij «(i) B (g with (=max ((j)andO<B 1
J

B: = fij«(i) B (g with  =max ((j)and0<B 1
j

I Modied recursivecomputation )r(ulesfor forward and backwerd variables:

v = d(Dagh(Ons)
X

(i) = 2B pa ajj bj(Ot+1) t+1(j)
t(i) vanishesfor all t=s for which (i) or (i) are not calculated

Simpli cati on: Apply pruningto (:), evaluate ((:) for non-vanishing (:) only
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E cient Evaluation: Tree Lexicon

Observation: In large lexica many words shae common pre xes

I Standad model construction (concateration of character HMMs):
Many word models contain identical copiesof states!

E Redurdancy causesunne@ssay evduations in seach (")

Idea: \Compress" represenation) Prex tree

Procedure: All words shaing a common character sequene as pre x now are
sucessos of a single HMM / state seqience

Decading of sermantically identical states performed only once!

Compresson of search spaceby factor 2 to 5, most gainin e ciency at
beginning of words

/
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E cient Evaluation: Tree Lexicon Il

//C/ -t/ — il /ol —In/ +>
Sl - lof ~

/‘ « words with prefix aw NOtE: Word identities known

only after passthrough tree is
A completed(i.e. at the leaves)

M - « ) Dierence to standard

Ir/ {/a/ b/ - ) (non-tree) representation!

.D ’ Exampke:
p - I Lexiconsize 7.5k words
O ;lb/ ile/ /el =l - I 52k character modelsin
lo/ —~fol —~Im/ ~ > total,

I 26k tree nodes only

/z1 -~ lo] - Jo] — > ) Compresson by factor 2!

7/ e
\:-:\:“ Fink, Pletz
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Integrated Search: Intro duction

Rememler the channelmodel:

source channel recognition
text- w seript- | g feature X statistical W
production realization - extraction decoding
P(w) P(Xjw) argmaxP (wjX)
w

) HMMs + n-gram modelsfrequertly usedin combination!

Problems in practice:
I How to compute a combined scae? Channel model de nes bask only!
I When to compute the scae? Model valid for complete HMM results!

I How doesthe languagemodel improve results?

' Why not useHMMs only to avoid those problems?
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Integrated Search: Basics

Problem 1: Multiplication of P(XjO) and P(w) does not work in practice!
) Weighted combination using\lingui stic matching factor"

P(w) P(Xjw)
Reasm: HMM and n-gram scaes obtained at largely di erent time scdesand
orders of magnitude
I HMM: multi-dimensiona density per frame

I n-gram: condtional probability per word

Problem 2: Channel model de nes scae combination for complete results!

I Canbe usedin practice only, if ...
I HMM-based seach generates multiple alternative solutions ...

I n-gram evaluatesthese afterward.
)  No benet for HMM seach!
) Combination must apply to intermediate results, i.e. path soores ((:)

Achieved by using P(zjy) as\transiti on probabilities" at word ends.
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Integrated Search: Basics ||

Question: How doesthe languagemodel in uence the quality of the results?
Rule-d-thumb: Error rate decreasesproportional to square-root of perplexity
Exampk for lexicon-freerecogrition (IAM-DB) with character n-grams [Wie05]

% CER/ perplexty
none 2 3 4 5

IAM-DB 292/ (v5) 221/ 127 183/ 93 16177 156/ 7.3

CER:P P n.a.

Note: Important plausiblity check: If violated, somethingstrange is happening!
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Integrated Search: HMM Networks

I Straight-forward extension of
HMM-only models

P(a)
I n-gram scaes extend transition @

probabiliti es e

E HMMs store single-statecontext PL @ Z,

only Rightarrow only bi-grams S~
usable!

PO gL

Question: How can higher-ader
models (e.g. tri-grams) be used?

Fink, Pletz
Markov Models for Handwriting Recagnition z ZNH Practice

78



Integrated Search: HMM Networks |1

Higher-ader n-gram models: Q

) Corntext dependent .EB
copiesof word models P(a) | @

(i.e. state groups)

necessay! P(CJ\a)\ Z,

E Total model grows :
exponertially with PO, Z’ ~ P(ajac)

P(ajaa)

n-gram order! C: P(ajcc)
S _
—
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Integrated Search: Seach Tree Copies

Note: In large vocabulay HMM systemsmodels are usually compressedby using a
[% pre x tre€] representation.

Problem: Word identities are only known at the leavesof the tree
(i.e. after passingthrough the prex tree)

Question: How to integrate a language model?

Solution:
I \Remember" identity of last word seenand ...

I Incorporate n-gram scae with one word delay.

E Seach tree copiesrequired!

Fink, Pletz
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Integrated Search: Seach Tree Copies ||

HMM pre x tree + tri-gram model:

E Cortext basel tree copiesrequired
depending on two predecessowords

Newertheless achieves e ciency improvement
as HMM decading e ort is reduced

Fink, Pletz
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Integrated Search: Multi-Pass Search

Problem: Integrated use of higher order n-gram models expensive!

Solution: Multiple search \phases" with increasingmodel complexity

1. HMM decoding
(+ bi-gram)

Alternative

solutions! —

2. n-gram
(e.g. tri-gram)
for rescaing

) existing
solutions sated
di ere ntly!

3. n+ k-gram

... continue with 2.

HMM

Fink, Pletz
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hypothesis rank according to combined score

‘ handwriting ‘ ‘ recognition ‘ ‘ difficult ‘
‘ handwriting ‘ ‘ recognition ‘ ‘ different ‘
‘ handwriting ‘ ‘ recognition ‘

hand ‘ ‘ writing

recognitions

‘ ‘ difficult ‘
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Overview

I Putting It All Together

I Preprocessing

I Lineaization

I Feature Extraction

I Writing Modé

I Language Modeling & Decading

Fink, Pletz
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... How Things Work in Reality

Removeunwanted variation
for processingby sequetial model
Determine relevant\p roperties"
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Putting It All Together: Intro duction

Tasks investigated:
I Recanition of uncorstrained handwriting (Roman alphabet)

I Minimum elementsize: Words or phrases
I No isolated characters! ! problem of classi cation only!

Focus on oi ne recogrition

Online recogrition?
I Corsidered easierthan o i ne recognition (cf. e.g. [Bun03])

I Problem \solved" for many scripts by Microsoft?
(impressiveonline recogrizer!)

I Reseach in online recognition rather specialized today
(exotic scripts, special tasks, ...)

Note: Hardly any \standard" proceduresexist!
(as opposedto speech recognition)

Fink, Pletz
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Preprocesshng: O ine
Line Extraction

Basis: Document containing
handwritten text

Principle Method:
(cf. eg. [Wie02, BazR])

1. Find text regions(if necessgy)
2. Correct orientation of text region
(minimize entropy of horizontal

projection histogram)

3. Extract text lines
(segment at minima of projection
histogram)

(IAM-OnDB image courtesy of H. Bunke, University of Bern)

Fink, Pletz
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Preprocesshg: O ine Il

BaselineEstimation:

Initial estimate basel on horiz. projection histogram

|
Iterative re n ement and outlier removal [Wie02]

Potential method:
|

Skew and DisplacementCorrection:

Estimation of core size / upper basdine (not mandatay)

z ZNH Systems
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Preprocessing: O ine Il

Slant estimation: E.g. via mean orientation of edges obtained by Canny operator
(cf. [Wie02])

Slant normalization (by applying a shea transform)

Original Corrected Slant

/

/
/
/
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Preprocessng: Oi ne IV
Note: Dependingon writer and context saipt might largely vary in sizel

Methods for size normalization:
I \manually”", heuristically, to prede ned width/h eight???

I dependingon estimated core size(  estimation crucial!)
I depending on estimated character width [Wie05]

Original text lines (from IAM-DB)

Resullts of size normalization (avg. distance of contour minima)

Fink, Pletz
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Preprocessng: Oi ne V

Note: Stroke imagesvary in color (or local contrast) and stroke width
) consideredirrelevant for recogrition

Binarization by global or locally adaptive methods (cf. e.g. [Tri95])

Original Binarized image (Niblack's method)

Thinning or skeletonization, e.g. by morphological operations (cf. e.g. [Jah05)

Binarized image Potential skeleton

Fink, Pletz
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Preprocessing: Online

Goal the same asin o ine recognition: Remove unwanted variation

Common Metho ds:

Skew/ Slant/ Size normalization:
I Trajectory data mapped to 2D representation

I Baselines/ core area estimated similar to oine case

Special Online Met hods:

Outlier Elimination: Removeposition measurementscausedby interferences
Resampling and smoothing of the trajectory [% Details]

Elimination of delayed strokes [% Details]

Fink, Pletz
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Preprocessing: Online |1

Resamplihg and smoothing of the trajectory

I Goal: Normalize variations in writing speed (no identi cation!)
I Equidistant resamping & interpolation (cf. e.g. [Jae01])

Measured trajectory Result of resampling
A 4
W o2
it e e
....00:‘. ..' . :0
’:. . _... ":,. .;'. ®ee o o . .
BN AN
s’.u.o') b '0;

Elimination of delayed strokes (cf. e.g. [Jae01])

I Handing of delayed strokes problematic, additional time variability!
I Removeby heuristic rules (backwerd pen-up, cf. e.g. [Jae01])

Measured trajectory Delayed stroke for "i" removed

Note: Delayed strokestreated explicitly in hardly any system! [% Featureq]

Fink, Pletz
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Linearization: Online

Basis: (Rather) Straight-forward
X Data hasinherenttemporal structure!
) Time axisruns along the pen trajectory
Levelof Granulaity:
E Pen position measurementaot suitable as elementary trajectory elements

) analysisof overlappingsegments (stroke-like / x ed size)

o
.
.

s
o
s
<
o

[Example: Stroke segmentati on at local maxima of curvature]

Fink, Pletz
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Linearization: Oi ne

Problem: Data is two-dimensional,images of writing!
E No chronologicalstructure inherently de ned!
Exception: Logical sequence of characters within texts
Solution: Sliding-window approach rst proposal by reseachersat BBN [Sch96])
I Time axis runs in writing direction / along baseine

I Extract small overlappinganalysis windows

Il I

|_|_|_|_|_|_| . e L”J___.__.__."_"

A

[Frames shown are for illustration only but actually too large!]

y
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Feature Extraction: Online

Basic Idea: Descrite shape of pen trajectory locally

Typical Features: (cf. e.g. [Dol97, Jae01)

I Slope angle of local trajectory
(represental assin  and cos : continuousvariation)

I Binary pen-up vs. pen-davn feature

I Hat feature for describingdelayed strokes
(strokes that spatially correspond to removed delayed strokes are marked)

Feature Dynamics: In all applications of HMMs dynamic featuresgreatly enhance
performance.

) Discretetime derivative of features

Here: Di erenc es between successiveslope angles

Fink, Pletz
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Feature Extraction: O'i

ne

Basic Idea: Describe appearance of writing within andysiswindow

I No \standard" approachesor feature sets

I Generallyno holistic features used
Potential Methods:

I (For OCR) Loca analyss of gray-value distributions

(cf. eg. [Baz99)

I Salient elementay geometric shapes (e.g. vertices, cusps)

I Heuristic geometric properties

1) upper contour 2) \ower.comour average
1 : !! 1
eﬂ; !FTT !
orientation # black-white # \‘nkhpwxﬁ\s /
average 7) transitions. 8) col_height
n i iﬁ
! i .
J L) ll "
o}
Lt

Additionally: Compute dynamic features

Fink, Pletz
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9)

orientation
upper contour

i

#ink pixels /

(max - min)

a

(cf. e.g. [Wie05])

orientation
lower contour

LR
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Writing Mo del
Note: No principal di erencesbetweenonlineand o ine

I Context independent elemmentary HMM s, linear or Bakis topology
(for characters, numerals, punctuation symbols, and white space)
Note:

I Explicit ligature models usedin some approaches

I Hardly any benet from context-dependent modelsin oi ne recognition?

I Qutput distributions of HMMSs: continuous or semi-continuous (i.e. with
shared codebook, cf. e.g. [Wie05])

I Task models constructed by concatendion etc. from elementary HMMs

I Initialization
I If you start from scratch: Manual labeling of (part of) sample se required!
I If you are lucky: Use previous system for (supervised) automatic labeling

I Training: Baum-Welch (convergerce after  10{20 re-estimation steps)

Fink, Pletz
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Language Mo deling & Decoding

Language Modeling:
I Standad techniquesapplied
I no relevant di e rencesto related domains (e.g. speed recagnition)
Word levd models: Bi- and tri-grams (cf. e.g. [Vin04, Wie05, ZimO06])

Character level models: Up to 5-gram [Wie05] and 7-grams[Bra02]
) \unlimited" / open vocabulary systens

Decading:
I Basic method: Viterbi beam seach
I Integration of languagemodel frequently not documented
I O ine recognition usually not interactive
) multi-pass (\p ostprocessng-style") integration possble
I Seach tree copies (tree lexicon) (cf. e.g. [Wie05])

I No postprocessing in HMM-based systems!
(Restrictions completely representel by the statistical model)

Fink, Pletz
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I Summary
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Overview
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Summary

Handwritten script:
I Natural input modality for human-machine-interaction (e.g. PDAs)

I Subjed of automated document processing (e.g. forms)

Di cult automatic recognition:
I High variability even within particular characters (size, style, line width etc.)

I Problematic segnentation due to \m erging" of adjacent characters.

Lmess it < EoAAAIAS .

[unconstrained handwriting] ‘.-.- :

Pre-dominant recognition approach: temporal features,HMMs + n-grams

source channel recognition
text- w script- i (" : feature X statistical W
production realization extraction decoding
P(w) P(Xjw) argmaxP (wjX)
w

Fink, Pletz
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Summary: Mo deling

W = argmax P (wjX) = argmaxW = argmax P(w)P (Xjw)
w w P(X) w
Script (appeaance) model: P (Xjw) ) Hidden-Markov-Models
I Two-stage stochastic process
(stationary, causd, simple) m O m m

-0-0-0-0-

I Hidden state sequence observableemissions
Emissionmodeling: Discrete, or continuous

Algorithms for scaing, decading, training

Language model: P(w) ) n-Gram-Models
I Probability distribution over set of
symbol (= word) sequence P(w) PO We jWe neaiiiliWe 1)
I Principally: Direct computation of t=1 | .

parameters (by counting) n sy;nbols

Algorithms for scaing / evaluation

Fink, Pletz
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Summary: Practice

Beware: Theoretical concepts alone not su cient for suitable recognition systems!

Problems: (and solutions)
E Numerical problems
(vanishing probabilities for long sequenceg
) Repesentationin negative logarithmic domain, o oring

E Spasedata problem
(model complexity, dimensionality of data; unseen everts)
) Conatenation of small basismodels, feature optimization

E E cieng issues
(complexity of search space, redundancy)
) Pruning (Beam seach, forward-backward pruning), treedexica

Recanition systems: Integrated evduation of HMMs and n-gram models for
suitably pre-processedhandwriting data

Lineaization of input data (sliding window) + feature extraction

UseHMM \on top" for combination of HMM and n-gram scaes.

Fink, Pletz
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ESMERALDA

An integrated
Environment for Statistical M odel Estimation and Recognition on Arbitrary Linear Data Arrays

Devdoped at Bielefeld, now Dortmund Universty (Germany) [Fin99, Fin07a]

Supports (primarily)

(SCHMMs of di erent topologies
(with user-de nable internal structure)

I Incorporation of n-gram models
(for long-term sequential restrictions)

I Gaussianmixture models (GMMSs).

Used for numerousprojeds within:
I Handwriting Recognition,
I Automatic SpeechRecogrition,
I Analysisof biological sequences,
I Music andysis.

Availability: Open sourcesoftware (LGPL) sourcdorge net/p rojects/esmeralda

Fink, Pletz
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