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1. Introduction

Handwriting Recognition and Language Modeling

e recognition of handwritten text is investigated since many years
e the use of statistical LM is relatively new

e the use of LM consistently improves baseline recognizer

e LM are predominantly used within the HMM framework

e so far, mostly bigram LM were used

Matthias Zimmermann — 26.10.2004 — p. 4/



1. Introduction

General Principle

W = argmaz p(X|W)p(W)
W

Matthias Zimmermann — 26.10.2004 — p. 5/-



1. Introduction

General Principle

W = argmaz p(X|W)p(W)
W

p(X|W) provided by HMM (optical model)

Matthias Zimmermann — 26.10.2004 — p. 5/2



1. Introduction

General Principle

W = argmaz p(X|W)p(W)
W

p(X|W) provided by HMM (optical model)
p(W) provided by the Language Model (LM)

Matthias Zimmermann — 26.10.2004 — p. 5/2



1. Introduction

General Principle

W = argmaz p(X|W)p(W)
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p(X|W) provided by HMM (optical model)
p(W) provided by the Language Model (LM)
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2. N-Gram Language Models

Statistical LM provide probabilities for given sentences

p(W) = p(She has put up the value of her money .)

Approximation by N-Gram LM

Trigram Example (n = 3)

p(W) = p(She| ¢ o) p(has| ¢ She) p(put|She has) ... p(.|her money)

Matthias Zimmermann — 26.10.2004 — p. 6/2



2. N-Gram Language Models

This Talk
e comparison of bigram and trigram LM
e artificial and natural text to smooth LM

Matthias Zimmermann — 26.10.2004 — p. 7/



2. N-Gram Language Models

This Talk
e comparison of bigram and trigram LM
e artificial and natural text to smooth LM
Bigram and Trigram LM
e positive effect is reported for bigram LM
e trigram LM typically outperform bigram LM in the speech domain

Matthias Zimmermann — 26.10.2004 — p. 7/



2. N-Gram Language Models

This Talk

e comparison of bigram and trigram LM

e artificial and natural text to smooth LM
Bigram and Trigram LM

e positive effect is reported for bigram LM

e trigram LM typically outperform bigram LM in the speech domain
Artificial Text

e SCFG to produce random sentences to smooth n-gram LM

e grammar extracted from Lancaster parsed corpus

Matthias Zimmermann — 26.10.2004 — p. 7/



2. N-Gram Language Models

This Talk
e comparison of bigram and trigram LM
e artificial and natural text to smooth LM
Bigram and Trigram LM
e positive effect is reported for bigram LM
e trigram LM typically outperform bigram LM in the speech domain
Artificial Text
e SCFG to produce random sentences to smooth n-gram LM
e grammar extracted from Lancaster parsed corpus
Natural Text
e Brown corpus for American English
e Wellington corpus for New Zealand English
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3. Random Sentence Generation

Extraction of Stochastic Context-Free Grammars (SCFG)
e extract all productions from parsed corpus
e estimate production probabilities from relative frequencies

Sentence from Parsed Corpus
S

NP VP
/\ /\
VBD NP

Det NN

the cat ate Det NN

the mouse
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Extraction of Productions

A e’

S — NP VP.
NP — Det NN

VP — VBDNP
Det — the

Production Probabilities

p(A — a)

~ NA— )
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3. Random Sentence Generation

SCFG bhased Sentence Generation
e start with start symbol S
e Select a nonterminal symbol A

e choose production with a left hand side A (according to the
production probabilities)

Example
S = NP VP = Det NN VP = the NN VP = the mouse VP
= ... = the mouse ate the cat

e sentences grammatically correct
e sentences normally not meaningful
e arbitrary number of sentences can be produced
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Perplexity is standard Performance Measure
e measures fitness of a given LM to explain a provided test text

e testtextis a set of sentences (s, s2,...,S,)
PPpr(M) = 2Hr(M)
Hr(M) = —% 1 logp(s;)

e Hp (M) is the (cross)entropy of the LM M for text T
e p(s;) Is the probability of the sentence s; for the given LM

e perplexity values correspond intuitively to the number of relevant
words in the lexicon

e the lower the value, the better the model
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5. Recognition System Performance

The following two Performance Measures are used
e sentence recognition rate
e word level accuracy

Sentence Recognition Rate
e percentage of correctly recognized sentences

e sentence is considered to be correct if recognition result exactly
matches the transcription

Word Level Accuracy
e measures the accuracy of the recognition result

e percentage of correctly recognized words minus the percentage of
inserted words compared to the transcription
(H-D/N
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The Recognizer

e text line normalization (slant, writing regions, contrast)
e feature extraction (sliding window)

e HMM for each character
— linear topology
— variable character length
— multi Gaussian

e Baum-Welch training
e Viterbi decoding

Matthias Zimmermann — 26.10.2004 — p. 13/z



6. Experimental Setup

Assumptions
e recognition of isolated sentences
e closed lexicon: no new words in test set

Matthias Zimmermann — 26.10.2004 — p. 14/:



6. Experimental Setup

Assumptions
e recognition of isolated sentences
e closed lexicon: no new words in test set

Training of Character HMM
e |IAM database
e 5,799 lines of handwritten text (33,993 words)
e Wwritten by 448 persons

Matthias Zimmermann — 26.10.2004 — p. 14/:



6. Experimental Setup

Assumptions
e recognition of isolated sentences
e closed lexicon: no new words in test set

Training of Character HMM
e |IAM database
e 5,799 lines of handwritten text (33,993 words)
e Wwritten by 448 persons

Training of Baseline Bigram/Trigram LM
e LOB corpus (tagged)
e 50’000 sentences (excluding test/validation set)
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6. Experimental Setup

Recognition Task* Specifications

validation test

sentences 200 200
text lines 582 575
words 4,094 3,956
lexicon 8,827 8,821
writers 100 100

* writer independent: different writers in training, validation and test set
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6. Optimization

Bigram LM: Optimizing the Perplexity
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6. Optimization

Bigram LM: Optimizing the Word Level Accuracy (H-I)/N
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6. Optimization

Trigram LM: Optimizing the Word Level Accuracy (H-1)/N
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6. System Evaluation

Test Set Results

Language Model Sentence Rec. Rate Word Level Acc.
Bigram 11% 76.3%
Trigram 12% 78.2%
Smoothed* Trigram 14% 79.9%

* LOB plus first 65’000 sentences from combined
Brown + Wellington corpus
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{. Conclusions

Main Conclusions

e texts to train LM should match recognition task
e random sentences produced by SCFG did not help
e trigram LM outperformed bigram LM significantly
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Text Line Normalization

of AU priomLy.

slant estimation reference line estimation

normalized text line

oA har monay.



Appendix The Recognizer

Extraction of the Feature Vector Sequence




Appendix The Recognizer

Extraction of the Feature Vector Sequence

H}wmcmuj

( L21

\x;m)

X = (X17X27



Appendix The Recognizer

Extraction of the Feature Vector Sequence

!
[ )
L32

oo

X = (X17X27 X37



Appendix The Recognizer

Extraction of the Feature Vector Sequence

!

[\

L42

oo

X = (X17X27X37X47

Matthias Zimmermann — 26.10.2004 — p. 24/:



Appendix The Recognizer

Extraction of the Feature Vector Sequence

oA A MO'n.Uj

Matthias Zimmermann — 26.10.2004 — p. 24/:



Appendix The Recognizer

Extraction of the Feature Vector Sequence

oA MUI'\.Us

X = (X17 X27 X37X47X57 X67

Matthias Zimmermann — 26.10.2004 — p. 24/:



Appendix The Recognizer

Extraction of the Feature Vector Sequence

o e oy .

X = (X17X27X37 X47 X57 X67X77 SR



Appendix The Recognizer

Viterbi Decoding

(X1, X9, X3, ...

IIOII

P11

{3
P12
OO
'+

P1(X)

P22

\
P2(X)

P33

P23

a3 )/

p3(X)

¢

Q:



Appendix The Recognizer

Viterbi Decoding

"g"
P11 P22 P33
(Xl, XQ, Xg, e .__@ P12 ;@ P23 ‘@__».
'+ '+ '+
p1(X) P2(X) P3(X)

&

Q:

Matthias Zimmermann — 26.10.2004 — p. 25/:



Appendix The Recognizer

Viterbi Decoding

"y
P11 P22 P33
(Xl, XQ, Xg, .. .__,@ P12 ;@ P23 ‘@——».
'+ '+ '+
P1(X) P2(X) p3(X)

6

Q:

Matthias Zimmermann — 26.10.2004 — p. 25/:



Appendix The Recognizer

Viterbi Decoding

(X1, Xo, X5, ...

IIOII

P11

)
(o) ()
b

P1(X)

P22

\
P2(X)

P33

P23

a3 )/

p3(X)

¢

Q:



Appendix The Recognizer

Recognition Lattice Generation
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Appendix The Recognizer

Sublattice of 2nd Line
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