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ABSTRACT

In last years Hidden Markov Models (HMMs) have received #igant attention in the
task off-line handwritten text recognition (HTR). As in amatic speech recognition (ASR),
HMMs are used to model the probability of an observation sega, given its corresponding
text transcription. However, in contrast to what happens3i, in HTR there is no standard
set of local features being used by most of the proposedmagst@ this thesis we propose the
use of raw binary pixels as features, in conjunction with eiedhat deal more directly with
the binary data. In particular, we propose the use of BefitdiMMs (BHMMSs), that is, con-
ventional HMMs in which Gaussian (mixture) distributiors/e been replaced by Bernoulli
(mixture) probability functions. The objective is twofoldn the one hand, this allows us
to better modeling the binary nature of text images (foragddbackground) using BHMMs.
On the other hand, this guarantees that no discriminatiegrmation is filtered out during
feature extraction (most HTR available datasets can béydzsarized without a relevant
loss of information).

In this thesis, all the HMM theory required to develop a HMMsbkd HTR toolkit is
reviewed and adapted to the case of BHMMs. Specifically, wgrbley defining a simple
classifier based on BHMMs with Bernoulli probability furanis at the states, and we end
with an embedded Bernoulli mixture HMM recognizer for contbus HTR. Regarding the
binary features, we propose a simple binary feature extragirocess without significant
loss of information. All input images are scaled and biredtizin order to easily reinterpret
them as sequences of binary feature vectors. Two extenarergroposed to this basic fea-
ture extraction method: the use of a sliding window in ordebetter capture the context,
and a repositioning method in order to better deal with gattilistortions. Competitive re-
sults were obtained when BHMMs and proposed methods wel@dpp well-known HTR
databases. In particular, we ranked first atAlnabic Handwriting Recognition Competition
organized during th&2th International Conference on Frontiers in HandwritiRgcognition
(ICFHR 2010), and at thArabic Recognition Competition: Multi-font Multi-size dially
Represented Tertrganized during th&1th International Conference on Document Analysis
and RecognitiorfiCDAR 2011).

In the last part of this thesis we propose a method for trgiBhIMM classifiers using

\Y



discriminative training criteria, instead of the convengél Maximum Likelihood Estimation

(MLE). Specifically, we propose a log-linear classifier famdry data based on the BHMM
classifier. Parameter estimation of this model can be @hotig using discriminative training

criteria for log-linear models. In particular, we show tleerhulae for several MMI based
criteria. Finally, we prove the equivalence between bo#ssifiers, hence, discriminative
training of a BHMM classifier can be carried out by obtainitggéquivalent log-linear clas-
sifier. Reported results show that discriminative BHMMsachg outperform conventional

generative BHMMs.
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RESUM

En els dltims anys els models ocults de Markov (HMMs) hanutngn paper destacat en
el camp del reconeixement de text manuscrit off-line (HTAR)igual que ocorre en el re-
coneixement automatic de la parla (ASR), els HMMs s’emprregmodelar la probabilitat
d’'una sequiéncia d’observacions donada la seua transkrifei canvi, a I'inrevés del que
ocorre en ASR, en HTR no hi ha un conjunt de caracteristigsi@méard que estiga sent
utilitzat per la majoria de sistemes existents. En aquesta proposem utilitzar directament
com a caracteristiques els pixels originals binaritzatsjuntament amb models especifica-
ment dissenyats per a tractar amb dades binaries. Conemtigonoposem I'is de Bernoulli
HMMs (BHMMs), es a dir, HMMs convencionals on les distriboes de (mixtures de) gaus-
sianes so6n reemplacades per (mixtures de) funcions dehplitdtade Bernoulli. L'objectiu
és doble: per una banda aco ens permet modelitzar la naaitzilearia de les imatges amb
text (lletres/fons) utilitzant BHMMs. Per una altra bandgp garanteix que no és perdra
informacio discriminant en el procés d’extraccié de cadstiques (la majoria de les base
de dades d’'HTR disponibles poden ser facilment binaritza#mse una perdua rellevant
d’informacio).

Tota la teoria d’'HMMs necessaria per a desenvolupar un itdodisat en HMMs es re-
visada i adaptada per al cas dels BHMMs. Concretament, ccenedefinint un classificador
senzill basat en BHMMs amb funcions de probabilitat de Belihals estats, i acabem amb
un reconeixedor de HTR continuu amb mixtures de Bernoulbegudes. Respecte a les car-
acteristiques, proposem un procés senzill d’extraccicedacteristiques binaries amb poca
pérdua d’informacié. Totes les imatges son escalades iitrades per a que es pugen rein-
terpretar facilment com a seqiiéncies de vectors de caistitjaes binaries. Es proposen dos
extensions a aquest métode basic d’extraccio de cardicfeels. I's d'una finestra rellis-
cant per a capturar millor el context, i un métode de reposainent per a tractar millor les
distorsions verticals. S’han obtingut resultats compstiguan els BHMMs i els métodes
proposats s’han aplicat a bases de dades ben conegudeswitedél HTR. En particular,
hem quedat primers en la competidéabic Handwriting Recognition Competitiaargan-
itzada en ell2th International Conference on Frontiers in HandwritiRgcognition(ICFHR
2010), i en la competiciérabic Recognition Competition: Multi-font Multi-size dpially
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Represented Terrganitzada en dl1th International Conference on Document Analysis and
RecognitionICDAR 2011).

En la part final d’aquesta tesis proposem un metode per anentcéassificadors basats
en BHMMs fent Us de criteris d’entrenament discriminatieis,comptes del criteri Max-
imum Likelihood Estimation (MLE). Concretament, comencpraposant un classificador
log-lineal per a dades binaries basat en un classificadoHiié\Bs. L'estimacio dels parame-
tres d’aquest model es pot dur a terme utilitzant qualseitekcd’entrenament discriminatiu
per a models log-lineals. En particular, presentem les tifemper diversos criteris basats
en el criteri MMI. Per a acabar, demostrem I'equivaléncimeeambdos classificadors, i per
tant, demostrem que I'entrenament discriminatiu d’unsifecador de BHMMSs por dur-se
a terme obtenint el model log-lineal equivalent. Els regalteportats demostren clarament
que els BHMMs discriminatius milloren als BHMMs convendcids
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RESUMEN

En los ultimos afios los modelos ocultos de Markov (HMMs) teamido un papel destacado
en el campo del reconocimiento de texto manuscrito off{HiER). Al igual que ocurre en
el reconocimiento automatico del habla (ASR), los HMMs dlizah para modelar la proba-
bilidad de una secuencia de observaciones dada su traréorifgn cambio, al contrario de
lo que ocurre en ASR, en HTR no hay un conjunto de caractsstistandar que esté siendo
utilizado por la mayoria de sistemas existentes. En estgesponemos utilizar directa-
mente como caracteristicas los pixeles originales biadog, conjuntamente con modelos
especificamente disefiados para tratar con datos binanasrélamente, proponemos el uso
de Bernoulli HMMs (BHMMS), es decir, HMMs convencionalesde las distribuciones de
(mixturas de) gaussianas son reemplazadas por (mixtuydarigones de probabilidad de
Bernoulli. El objetivo es doble: por un lado esto nos permitelelizar la naturaleza binaria
de las imagenes con texto (letras/fuentes) utilizando BHIMPIor otro lado, esto garantiza
gue no se perdera informacion discriminante en el procesattaccion de caracteristicas (la
mayoria de las bases de datos de HTR disponibles puedercismefite binarizadas sin una
pérdida relevante de informacion).

En esta tesis, toda la teoria de HMMs necesaria para ddaamal toolkit basado en
HMMs es revisada y adaptada para el caso de los BHMMs. Cameegite, empezamos
definiendo un clasificador sencillo basado en BHMMs con fumes de probabilidad de
Bernoulli en los estados, y acabamos con un reconocedor &eddfitinuo con mixturas
de Bernoulli embebidas. Respecto a las caracteristicagppemos un proceso sencillo de
extraccion de caracteristicas binarias con poca pérdidafaienacion. Todas las imagenes
son escaladas y binarizadas para que se puedan reintefacdtaente como secuencias de
vectores de caracteristicas binarias. Se proponen dasséxtes a este método bésico de
extraccion de caracteristicas: el uso de una ventana ae&ipara capturar mejor el con-
texto, y un método de reposicionamiento para tratar megudistorsiones verticales. Se
han obtenido resultados competitivos cuando los BHMMs yrésodos propuestos se han
aplicado a bases de datos conocidas en el &mbito del HTR. fiauper, hemos quedado
primeros en la competicidArabic Handwriting Recognition Competitiarganizada en la
12th International Conference on Frontiers in HandwritiRgcognitio(ICFHR 2010), y en
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la competiciérArabic Recognition Competition: Multi-font Multi-size ddially Represented
Textorganizada en la1th International Conference on Document Analysis ancdBeition
(ICDAR 2011).

En la parte final de esta tesis proponemos un método paraentiasificadores basados
en BHMMs haciendo uso de criterios de entrenamiento discativos, en vez del criterio
Maximum Likelihood Estimation (MLE). Concretamente, ers@@os proponiendo un clasi-
ficador log-lineal para datos binarios basado en un claddicde BHMMs. La estimacion de
los parametros de este modelo se puede hacer utilizandiuéeratriterio de entrenamiento
discriminativo para modelos log-lineales. En particupaesentamos las férmulas para di-
versos criterios basados en el criterio MMI. Para acabanodgamos la equivalencia entre
ambos clasificadores, y por lo tanto, demostramos que @rentriento discriminativo de un
clasificador de BHMMs puede llevarse a cabo obteniendo eketnddg-lineal equivalente.
Los resultados reportados demuestran claramente que IbBvBHliscriminativos mejoran
a los BHMMs convencionales.
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Chapter 1. Introduction

Automatic Handwritten Text Recognition (HTR) is a resedield that aims at develop-
ing automatic computer systems which take as input an imag&ining handwritten text,
and obtains as output the transcription of the text conthimé¢hat image.

One of the most popular approachesin HTR is the use of Hiddakd¥ Models (HMM).

In fact, HMMs are used in HTR in a very similar way as they hagerbused in the past in

Automatic Speech Recognition (ASR), where HMMs are thedsteshapproach. As in ASR,

an input image (observations) is transformed into a sequehfixed dimension real feature
vectors. This sequence is transcribed using language smaddl HMMs for real data, that

is, HMMs in which the emission probability models real dditat,instance Gaussian mixture
distributions. However, while in ASR the feature extrantjorocess is quite standard, in
HTR there is not any kind of feature extraction process whimhld be considered standard
for HMMs.

A peculiarity of HTR is that text images have a binary natthef is, the unique relevant
information provided by a pixel in order to recognize textagliscern if that pixel belongs
to the foreground (text) or the background. In many HTR taskages can be easily bina-
rized using a simply binarization technique, as the Ots@thmd, without a relevant loss of
information required for their recognition. Binary datandae better modeled using proba-
bilistic models that deal more directly with binary data. Alikknown model is the Bernoulli
mixture distributions. Bernoulli mixture distributionsive been successfully used in several
woks involving input binary data, for example Saeed and B@®08]. An example more
related to HTR is Juan and Vidal [2004], in which a Bernouliktares classifier is used to
classify isolated handwritten Indian digits. Using a sanihnotivation than in Juan and Vidal
[2004], in this thesis we propose and analyze the use of BdiitMMs for HTR.

1.1 Scientific Goals

The goals addressed in this thesis are summarized in tlosvialh points:

Propose an HMM based on Bernoulli mixtures: The first goal of this thesis is the defini-
tion of an HMM based on Bernoulli mixtures (Bernoulli HMM)h€& basic idea is to
define a conventional HMM model in which mixture Gaussiartritigtions are re-
placed by Bernoulli mixture probability functions.

Review of the HMM formulae using Bernoulli HMM: There are several HMM toolkits avail-
able for research, the most famous is the HTK [Young et aB5).9However, all of
them only implement conventional HMMs for continuous détar this reason we de-
cided to implement a specific software for Bernoulli HMMs. drder to develop this
software we need to review the HMM formulae related to redgmand parameter
estimation: embedded HMMs, parameter estimation by meaBsaum-Welch algo-
rithm, recognition using the Viterbi algorithm, pruningchmiques, etc. In fact, we
think that this document could also be used, at some exteatreview of HMMs.

Propose a binary feature extraction process for HTR: The motivation beyond the use of
Bernoulli HMMs is to directly recognize binarized input iges. As was shown in Juan
and Vidal [2004], good results could be obtained, in isalatiit recognition, by di-
rectly using binarized input images as feature vectorsg,ishall images are resized to
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1.2. Document Structure

the same size (widtk height) and binarized, treating each pixel as a binary feain
fact, this is one of the main motivations of this thesis. Hearebecause here we are
working with text sequences of variable length, using omg dinary feature vector
perimage does not seem to be a very good approach. A morexeddsoepresentation
will be a binary feature vector sequence. Therefore, an itapbgoal of this thesis is
to determine a proper transformation of input images intpuseces of binary feature
vectors, in which values are directly related to binarizegls of the input image.

Evaluate the proposed methods on well-known HTR corpora:We plan to test Bernoulli
HMMs, and the proposed feature extraction techniques, dftkmewn HTR cor-
pora. Specifically, we are particularly interested on afggynoulli HMM to thelAM
database of English handwritten text, and #RN/ENIT database of Arabic handwrit-
ten text. Both are very well-known databases which have bised during last years
to compare HTR systems.

Discriminative Bernoulli HMMs: In last years, some progress has been achieved in ASR
by using discriminative training techniques to estimate MMarameters instead of
using the conventional Baum-Welch algorithm. Our last goahis thesis is to apply
some of these techniques to Bernoulli HMMs in order to imprthe performance of
BernoulliHMMs on HTR.

1.2 Document Structure

Regarding the structure, the thesis is organized as follolsChapter 2 some concepts,
which are not the focus of this thesis but necessary, areatefaefinition of HTR, language
models, error measures, etc. In Chapter 3 we introduceallistabases used in this thesis.
In the following three chapters we develop and test BHMMsigishe conventional training
criterion for HMMs (MLE). In particular, basic BHMMs are irtduced in Chapter 4, and
in Chapter 5 we extend basic BHMMs to Embedded Bernoulli mxtHMMS for isolated
handwritten word recognition. The use of BHMMs in conjunatito language models to
general HTR is explained in Chapter 6. The last two chaptéareduce the discriminative
training for BHMMs. We begin by developing a MMI training sene for a simple Bernoulli
mixture classifier in Chapter 7. Then, we extend that trgiisicheme to a BHMM classifier
in Chapter 8. Finally, conclusions are discussed in Ch&pter

AGP-DSIC-UPV 3
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Chapter 2. Preliminaries

2.1 Handwritten Text Recognition

The aim of Handwritten Text Recognition (HTR) is to devel@pnputer systems which take
as input an image containing handwritten text, and obtaioudisut the transcription of the
text contained in that image. That is, computer systems thatome sense, are able to
emulate the human ability to read.

It is worth noting that despite isolated character recégmitan be considered as a solved
problem, or near to be, for several kinds of scripts ([Cirestal., 2010, Mozaffari and
Soltanizadeh, 2009, Romero et al., 2007]), the HTR problermstill far to be considered
as a solved problem. Conventional Optical Character Rattogr{OCR) systems are not
suitable to the HTR task, because they are designed to diémisslated characters, and the
task of segmenting handwritten text before its recognisasften very difficult. Thus, while
HTR systems have to deal with unsegmented sequences ofctdrarand can be used to
perform isolated character recognition, the field of aggtlan of conventional OCR systems
is reduced to printed text recognition, where charactensbeaeasily segmented, and some
special cases of handwritten text recognition in which evathave been required to write
isolated characters.

Most of current HTR systems raise the recognition of hanieritext as a two step
process. In the first step the text lines or words, dependinpe system, are segmented and
extracted, while in the second step each resulting imagensdribed. The first step involves
layout analysis and image processing techniques. In tisissiep a system must deal with
some of the tasks described below (a detailed descriptidheofechniques discussed here
can be found in Pastor i Gadea [2007]):

Thresholding and background removal: Thresholding has as objective to classify pixels
into background and foreground, in order to separate as rasgossible the back-
ground, which contains irrelevant and noisy informatiooni the foreground, which
contains the information related to the text.

Noise removal: It is common that images contain some random variation gfibniess or
color information produced during the acquisition procésss useless information is
appointed as noise. Solutions for the noise removal probieatve techniques related
to filters and mathematical morphology.

Skew correction: Due to the image acquisition process, which is usually ediwut by hand
using a camera or scanner, images usually appear skewed.pfii@homenon has a
significant impact in the segmentation and extraction addior words. One simple
technique used to solve this problem is to find the rotatiaggleawhich when applied
the resulting rotated image optimizes some criterion.

Block or field extraction: In addition to the text, documents also contain images azualkbl
areas. There are documents where most of the content is pitheed or handwritten
text, whereas there are other documents which are mosthhgsas diagrams, maps,
etc. Thus an important problem in text recognition is to dietéich parts of the image
are text and extract them. This problem is commonly refelwddhyout Analysis, and
involves techniques such as connected components, RLS/Agthars.

8 AGP-DSIC-UPV



2.1. Handwritten Text Recognition

Line and word segmentation: Once blocks of text have been detected and extracted they
must be segmented into lines. A common approach used tovacthis is the use of
horizontal projections. In this technique projection ggil, that is lines with few black
pixels, are expected to be inter-line blank areas, whilkpeae expected to be the
text line bodies. In some systems and additional word setatien step is done, using
similar techniques than those applied to segment lines.

Despite that the HTR problem entails obtaining a transicriptrom a document image,
nowadays most HTR researchers focus their efforts on thensestep. In fact, almost all
HTR databases provide the documentimages and the segroeméab lines or words.

The first approaches to HTR were based on existing convaalt®@R systems. In these
approaches word images were segmented into charactetseamttognized. As said before
this is a very difficult task, thus what was really done in theases is to consider many seg-
mentations, recognize them all and try to get the correctgeition with the aid of external
sources, such as language models or rules [Breuel, 199Mebgrtheless, in the last years
these uncoupled approaches have been replaced by apmaachkkich the segmentation
and the recognition are carried out at the same time. Thgseaghes usually follow a three
module scheme as described in Figure 2.1: preprocesstdaattraction and recognition.

Prepro. Feature
Image image - vectors . Text
———| Preprocess Feature extraction Recognition ——

Figure 2.1: Typical scheme of a HTR system for segmentedésag

The aim of the preprocess module is to normalize the inpug@ia order to facilitate the
recognition. There is no standard concerning the stru@ndefunctions of the preprocess
module. However, most of the preprocess modules of exi$tifilg systems carry out, to a
greater or lesser degree, the following tasks:

Brightness and color normalization: All images are normalized in order to obtain similar
color and brightness values for shapes, and similar cobbaghtness for background.
When input images are gray level ones this is carried outllydoyameans of contrast
normalization or using thresholding techniques.

Slant correction: Text slanting is a handicap for most part of recognizers,amby due to
the fact that different writing styles can have differemtrging, but due to the fact that
letters appear vertically overlapped, making difficult segmentation problem.

Size normalization: This normalization tries to achieve the same size of a l@ttal input
images, so vertically as horizontally. Vertical normafiaa usually requires from a
previous detection of the text ascenders, text descenddngzat body.

In the feature extraction module images from the preprocesiule are converted into a
sequence of feature vectors which are fed into the recogmiadule. Finally, the recognition
module obtains the most suitable transcription for the imag@his recognition module is
usually implemented as an statistical recognizer whichbiegen automatically trained from
labeled data. That s,

W* = argmax p(W | O), (2.1)
w
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wherel* is the most probable transcription a@dis the sequence of feature vectors. De-
pending on whethe¥ is a sequence of words or a word, we will talk about isolateddwo
recognition or about continuous text recognition.

The use of Hidden Markov models (HMMs) for HTR have been cbdate in last years,
see for example Ginter and Bunke [2004], Plamondon and r&f2@00], Toselli et al.
[2004], Xue and Govindaraju [2006]. The technology is usedimilar way as it is used
in Speech Recognition, where HMMs have been the standandaéagy for years, see Ra-
biner and Juang [1993]. A relevant difference is that in $pdRecognition input is a one-
dimensional signal in the time axis, while in HTR the inpurel is a bidimensional one
in the plane. Therefore, during feature extraction inputssally sampled over the horizon-
tal axis at some frequency, obtaining a one-dimensionaksigThis transformation is the
main reason to explain the importance of preprocess in HMMlhaitten text recognizers.
However, there are more benefits than disadvantages in thid kfdhnology: well-known
algorithms for training and recognizing, existence of matoublic available software, and
easily integration with language models. When HMMs are y&et) is rewritten using the
Bayes' theorem as follows

W* = argmax p(W)p(O | W), (2.2)
w

wherep(W) andp(O | W) are usually treated as two independent models which are inte
grated during the search process. The first term is usuddlyresl to as the language model,
while the second term is usually referred to as the acousiaeinvisual or character model

in HTR), which is implemented using HMMSs. In continuous textognition the language
model is modeled using n-grams or other finite state moddiden isolated word recogni-
tion language model is modeled using a table of prior prdligisi, one for each word (class),
as in traditional statistical classifiers. HMMs could bedisemodel each word of the consid-
ered vocabulary, or at character level. Details about howts$Mre used to mode O | W)

will be discussed in detail along this thesis.

2.2 Preprocess Methods

As commented above in the previous section HTR systemslygraprocess input images

before the feature extraction process. In the experimemtged in this thesis we do not have
always used the same preprocess, moreover, in some exp&ineepreprocess was applied
at all. In this section we present the preprocess technighésh have been used at some
pointin this thesis.

2.2.1 Slant Correction

The used slant correction method consists of two stepselfirgt step we calculate the slant
angle, and in the second step we apply a shear operationhevamdut image. Given a slant
anglea the shear operation is defined as

(;:):shea;;(?;):(eryth(_a)). (2.3)

10 AGP-DSIC-UPV



2.2. Preprocess Methods

In order to obtain the slant angte we try different slant angles and choose that angle that
over the deslanted input image maximizes some objectivetim In particular we select
that angle that maximizes the standard deviation of thecatitrojections

cols

v g | S (1 v(sheas (m)))?

a€45:135] \| o1 cols

, (2.4)

wherev(sheay,(m)) is the vertical projection in columm of the input image after applying
a shear operation usingas slant angley is the average of the vertical projection, atwds
is the number of columns in the vertical projection. Theieaitprojection is calculated as

@)=Y flzy). (2.5)
Yy
A more detailed explanation of this method is available ist&%a Gadea [2007].

2.2.2 \ertical Size Normalization

Two vertical size normalization techniques have been ustidd thesis. In the first technique,
input images are first horizontal segmented using blankespa&o, each segment is not
related to a word but a sequence of shapes with a small sepebatween them. The main
objective of this segmentation is to detect the text bodygtrent level instead of globally.
Each segment is then smoothed using Rum-Length Smoothing Algorith(RLSA). This
smoothing is applied in order to better obtain the upper anét outlines of each segment.
Finally, approximating the upper and lower outlines wittaight lines the text body for each
segment is detected. Once, the text body has been detectstfosegment it is mandatory
to resize them to the same height. This height is calculatgdeamean (plus five pixels) of
all detected text body heights in the input image. A moreitigtaxplanation of this method
is available in Pastor i Gadea [2007].

The second technique is a more elaborated method based arra Network classifier.
Unfortunately, we do not have access to the software baséioral Networks and we only
report results in one corpus in which we had access to thegregsed images. The details
related to this technique can be found in Espafia-Boquerk 04.1], Gorbe-Moya et al.
[2008].

2.2.3 Otsu’s Method

The Otsu’s method is a very well known binarization techeiguhich belongs to the family
of global thresholding binarization techniques. In a gldheesholding technique a thresh-
olding value is obtained in some way for each input gray léwelge, and then all pixels
greater than that threshold are taken as white pixels, amdetimaining are taken as black
pixels.
In the Otsu’s method the threshold value for each input inigalculated by maximizing

inter-class variance of gray values and minimizing intiess variance of gray values. In
more detail, for a given thresholfl we split all gray level values in two classes: the gray
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values greater thafi and the gray values smaller th@h Then, we calculate the mean and
probabilities for each class as follows

T L—1
plzzhga b2 = Z hgzl_plv (26)
9=0 g=T+1
1 X =
p=—> ghy, pa=— > ghy, (2.7)
D1 9=0 D2 goT+1

whereL denotes the greatest gray level value anigl the normalized histogram of the given
input image. Finally, the thresholding value is selectetbisws

T* = argmax p1p2 (1 — /,[/2)2 . (2.8)
T

The Otsu’s method has been used as binarization method BHMMs experiments
of this thesis. The choice of the Otsu’s method was done dits tobustness, speed and
performance. Some preliminary work was done related to twéce of the binarization
method, but apparently the impact on the final recognitiahefinarization method used is
small. It is worth noting that the databases used in the @xertation, as we will see in the
next chapter, are not very difficult to binarize.

2.3 n-gram Models

The use ofi-gram models is a common approach in pattern recognitiomémteling symbol
sequences for a given finite alphabet. Thus, given a seqursyenbolsw! of length T,
in a n-gram model the probability for that sequence is calculateidg the Markov chain
approximation

pwl) = pwr) [[ plwe | wi™)p($ [ w]), (2.9)

t>1

where$ is a special symbol used to indicate the end of the sequemcanigram model
the probabilities of (2.9) are converted into parameterswéiser, the order of the number
of parameters needed is upper boundedhy,.. - W, beingT,,.. the length of the largest
sequence considered and beiigthe size of the alphabet. This is obviously a huge and
impractical amount of parameters. In thgram approach this problem is solved assuming
that the probability of a word does not depends on its paséiad only depends on the— 1
previous words, hence thein the name. So, taking into account this assumption (2.8) ca
be rewritten as

p(wl) = plw) [ pwe | w2 | Whasgr—nyiny):  (2:10)
t>1
and if we assume that all sequences implicitly include speagimbols <s> and </s> in posi-
tions0 andT + 1 respectively, indicating start and end of sequence, theexpression can

be simplified as
T+1

p(wlT) = H p(wt | wfn_ai{t_n+17o})- (2.11)

t=1
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2.3. n-gram Models

Then, the number of parameters needed iirgram model is upper bounded by, but
trends to the Zipf’'s law which it is typically smaller.

Despite its simplicity, the:-gram model is nowadays the most wide-spread model used
for language modeling. Besides from being used in HTR, itsisduin machine translation,
speech recognition and human language technologies [Gamd2001]. Its success lies in a
very good tradeoff between the time required during redommand the error rates obtained.

In addition, the parameter estimation can be easily cagigdrom a training set using the

Maximum Likelihood Estimation (MLE), since no hidden vdiia is required in ar-gram

model. According to MLEp(w | k), the probability of wordw given a historyh, can be

estimated as

N(w,h)
N(h) ’

whereN (w, h) and N (k) are the concurrences in the training sebofv andh respectively.
However, this estimation gives zero probability to all usrs@vents, which is an important
drawback since the number of parameté¥s'] is often larger than the different events in the
training set. This problem is solved by smoothing the matthelt is, modifying the original
probability distribution in order to obtain a similar distntion but without zero probabilities.

There are several smoothing techniques availablefgram models. In fact, much of
the current researching effort on language modeling istspereloping new smoothing tech-
niques fom-gram models. The most common techniques are the interpokaichnique and
the back-off one. In the interpolation approach probaegiaire smoothed

p(w|h)= (2.12)

p(w [ h) = Awnp(w | h) + Bub(w | h), (2.13)

wherep(w | h) denotes the smoothed probability, ;, is a factor used to discount mass
probability from the original distributionB), is the total amount of discounted probability
given historyh, that is,

Brn=1-> Xunp(w|h), (2.14)

and finallys(w | h) is a smoothed more simple language model, usually this dredehodel
is a(n-1}gram model [Chen and Goodman, 1996].

While in the interpolation approach discounted probapifitdistributed over all events,
in the back-off approach it is only distributed over non seeents as follows

Awpp(w | h)  N(w,h) #0

plw| >:{Bh3(w|h) N(w,h) =0’ (2.19)

wheref(w | h) is the distribution3(w | h) normalized over all unseen events, that is

Bw | h)
Ew:N(w,h):O ﬁ(w | h) .

There is another approach which is a modification of the liftpproach. In this approach
discounted probability is obtained only from these everttictv has been seen less than a

B(w | h) = (2.16)
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given threshold [Katz, 1987].

p(w | h) N(w,h) > s
plw | h) = Appp(w]|h) 0<N(w,h)<s. (2.17)
BuB(w|h) N(w,h)=0

Regardless of the approach used to smaegiiam models in all cases paramets,
are needed. There are several techniques in order to daltiese factors, which are usually
mentioned as discounting techniques. There are many disg,aas théNitten-Belldiscount
or the Absolute discount. However, most successful teclas@re probably those based on
the Good-Turingdiscount Good [1953], Nadas [1985], as teeser-Neydiscount Kneser
and Ney [1995]. Discount methods is a wide research field vigmot the focus of this
thesis, but as an example of discount techniques the expnesfthe Good-Turingdiscount
is shown in the next equation.

Ay = Tl (2.18)

TN,

being N(w, h) = r andn, the number of events which have been appearthes in the
training set. More information on discount techniques caffidnind in Andrés-Ferrer [2010].

2.4 EM Algorithm

A wide-spread criteria used in automatic parameter esomafrom a given training set?
is the maximum likelihood estimation (MLE), which tries t@arimize the log-likelihood of
the training set, which is equivalent to maximize the folilog/function

L(®;x7) =Y logp(xa | ©), (2.19)

n

that is, MLE consists in solving

O = argmaleogp(xn | ©). (2.20)
© n

This problem can be solved in most cases by performing firgvatees, since in most
cases the MLE its a simple convex optimization problem. Sewamples of this are the
cases of MLE for Gaussian distributions, Bernoulli disitibns or multinomial distributions.
However, when the observationsY) are modeled as incomplete data finding the solution
to (2.20) is not a trivial task, and no closed form solution & found with the previous
approach anymore. Examples of probabilistic models witloimplete data are the hidden
Markov models or mixture of probabilistic models, which aréact wide-spread models in
almost pattern recognitions fields. The EM algorithm was jusposed by Dempster et al.
[1977]in order to apply the MLE criterion to those kind of nedsl

In the EM algorithm incomplete data is represented as hiddeables usually denoted
asz{. Thus the original probabilistic distribution can be redefl as

p(x]O®) = /p(x,z | ©®)dz, (2.21)
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and then the MLE estimation function (2.20) can be rewritien
© = argmax Zlog/p(xn,zn | ©®)dzy,. (2.22)
© n

The previous equation is solved by the EM algorithm by medres tovo step iterative ap-
proach. The first step is usually call&kpectation (Estep , since the expected value of
log-likelihood is calculated given a previous estimatidntite parameters and the known
data. While in the second step the parameters which maxitné&zexpression of E step are
calculated. Last step is usually denotedMeximization (M)step, hence the name of the
algorithm. The EM algorithm is proved to maximize the lokelihood in each iteration [Wu,
1983]. A more schematic description of the algorithm is shaelow.

Initialization: setk = 0 and choose initia® )
Loop:
1. E step: for all ®, compute

Q(©|0") =>"E(logp(Xn,zn | ©) | X, 0" (2.23)

2. M step: compute
O*+D) — argmax Q(O@ | @) (2.24)
e

Until: L(©K D). xN) — L(@®); xN) < ¢

2.5 Evaluation Metrics

All results results in this thesis are presented using ortbede metrics: the classification
error rate or the Word Error Rate (WER). The classificatiamrerate is the conventional

metric used in pattern recognition for classification pesh$. The metric is the percentage
of errors in the test set and is calculated as,

FE
E =—_.1 2.25
fror = — 00, (2.25)

where EF and N are respectively the number of errors and the number of ssriplthe
test set. This metric is used in this thesis on all those éxyaats of isolated word (token)
recognition, in which each word (token) is treated as a class

The classification error rate can also be used in continud, lih which a sequence of
words (tokens) is obtained as a result of the recognitiongs®. Nevertheless, itis somewhat
a strict metric, since an erroneous word on the sequenceeisniat the sequence is con-
sidered wrong. WER tries to measure the error at word lewéad of at sentence level. In
order to do that, for each predicted sentence the minimunbeuof insertions, deletions and
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substitutions needed to convert it into the reference isutaled. The WER is then calculated

as
I+D+S

w

wherel, D and.S are respectively the minimum number of insertions, detetiand substi-
tutions needed, whil&/ is the total number of words in the referende.D and S can be
easily obtained computing the Levenshtein distance betreereference sentence and the
recognized sentence. Note that the WER can be greateii @& due to the insertions, for
example, imagine that in the prediction the number of wosdgréater than in the reference
and all them are wrong. Note also that the classificatiorr éra particular case of the WER
in which recognized and reference sequences have alwaysade Sometimes the WER is
calculated at character (symbol) level instead of at wovdl|én that cases we will refer to
the character error rate.

WER = 100, (2.26)
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Chapter 3. Databases

Public available databases are required in pattern retogrin order to evaluate and
compare the different techniques. However, maybe due toladiinterest or maybe due
to the difficulty to obtain good databases, continuous HTR shéfered for years of a lack
of public available databases. In last years, this sitnaseems to be changing and new
databases of continuous HTR have been published, in plarticw Latin and Arabic scripts.
The current number of public available databases is not)dygt good enough to contrast
results between researchers.

In this work we have tested proposed techniques over sieréiftt databasesSCEN-
PARMI Arabic cheque databadé&M Handwriting DatabaselFN/ENIT - databaseRIMES
database GERMANA databasand RODRIGO database We think that six database is
enough to properly test the techniques proposed in this wbtkreover, these databases
gather some very interesting features: different kind apss (Arabic and Latin), state of the
art comparable results (most of the current published teeul Arabic and Latin scripts have
been obtained from IFN/ENIT, IAM and RIMES), ancient and raodwriting, mono and
multi writer tasks, different kind of tasks (isolated woretognition and line recognition),
and more. In next sections all six databases are descritzbtaii.

3.1 CENPARMI Arabic cheque database

The CENPARMI database is a database of handwritten Aralequds [Al-Ohali et al.,
2004]. Previous to this database no attempts were repartédabic cheque processing,
where cheque processing means all tasks that must be peddayna bank officer in order
to process an incoming cheque for a client. It is worth ngtthgt there are too many dif-
ferences between Arabic and Latin scripts, and therefameesttional techniques developed
for Latin scripts can not be directly applied to this tasksBles the fact of a different script
and that text is written from right to left, Arabic is written cursive script following strict
rules. That is, within one word two consecutive letters W#él connected or not depending
on which letters they are. Therefore, character segmentatcomes a difficulty task since
white spaces can appear inside words, and connected lateedifficulty to segment. More-
over, in some parts of Arabian world Indian digits are morpydar than Arabic numerals.
Due to all these reasons, this database was collected byeieiCfor Pattern Recognition
and Machine Intelligence (CENPARMI) in order to provide &licidatabase which can be
used to develop and compare Arabic cheque processing s/stem

The data were collected from abai@00 real cheques from Al Rajhi Banking and Invest-
ment Corporation. All cheques were scanned at 300 dpi, ramgon all cases the personal
information. Figure 3.1 shows two examples. From tH&x¥®) cheques3000 cheques with-
out stamps on top of their legal amounts were selected inrdadextract the data. In a
semisupervised procedure four different objects wereaeted from each cheque: courtesy
amount, legal amount, Indian digits and Arabic sub-words|(gences of connected letters).
As a result of this procedure four different datasets wetainbd, one for each kind of ob-
ject: 2499 legal and courtesy amount29498 sub-words and 5175 Indian digits. Each
dataset is divided into training and test sets, using appraely the75% of samples for
training. Furthermore, training and testing sets are éiithto touching and non-touching
sets, that is, non-touching sets contain isolated objelstshahave been correctly segmented,
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while touching sets contain images with one or more toucbinigcts which could not be
correctly segmented.
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Figure 3.1: Two examples of Arabic cheques extracted frarGBNPARMI Arabic cheque
database

In this work we have focused in the non-touching Arabic sudrds dataset, which is
used in order to perform isolated word (sub-word in this taseognition experiments, and
in the non-touching Indian digits dataset, which is useddeoto perform isolated character
recognition experiments. Table 3.1 gathers some statigfithe sub-words dataset, while in
Table 3.2 statistics and examples of the ten most frequéntveuds are shown. Regarding
the Indian digit dataset, the standard protocol is a simplitpn with 7390 samples for
training and3035 for testing (excluding the extra class#sdimiterandcomma. In Figure 3.2
some digit examples are shown. Additionally, a comparidahebest result obtained in this
thesis and published results is shown in Table 3.3. We doepuirt a comparison for the
sub-words dataset, since we do not known other publishedtses
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Table 3.1: Some statistics of the CENPARMI non-touchingtdeasub-words dataset

No. of samples

No. of sub-words No. of Singletons

Train 19813
Test 8172
All 27985

96
101
101

12
28
16

Table 3.2: Ten most frequent sub-words of the CENPARMI rarching Arabic sub-words
dataset. From right to left: sub-word identification, numbietrain samples, nhumber of test

samples and image example
Id

Train

Test Example

1-08
1-14
2-09
2-13
1-10
1-00
3-22
3-23
1-11

2-10

2061
1896
1726
1301
1175
1159
1077
1005
961

745

859
781
724
529
490
521
442
410
396

304

3.2 |AM Handwriting Database

LOERI =K

Developed in the “Institut fir Informatik und angewandtethematik” (IAM) in the “Univer-
sitat Bern”, IAM Handwriting Database is probably the cutreeference database for hand-

A\

Figure 3.2: Examples of the CENPARMI non-touching Arabidi&m digit dataset. From left
to right the digits corresponding t) 3, 7 and9
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3.2. IAM Handwriting Database

Table 3.3: Result comparison on CENPARMI non-touching Agéidian digit dataset. Sim-
ilar protocols but not exactly the same

Methodology ERR%
[Juan and Vidal, 2004] Bernoulli mixtures (BM) 2.3
[Romero et al., 2007]  BM with explicit modeling of invarisex 1.9

Discriminative BM 2.0

written text recognition using Latin script [Marti and Bunk2002]. Unlike other databases
which are made up from pre-existent handwritten documénthjs database all documents
were written before the scanning process. In order to do ¢hiollection of500 English
texts were collected from the LOB corpus. LOB is a corpus aimirtg British English texts
extracted from an heterogeneous set of sources and magerdphansson et al. [1978]. Ex-
tracted texts were segmented into fragments of about fiviesees, and printed onto forms
which were automatically generated using Latex. Each foms Wwandwritten by one or
several persons. Finally, handwritten forms were scanridtdawesolution of 300 dpi at a
grey-level resolution o8 bits. A total of657 different writers participated, obtaininig39
handwritten forms. The only restrictions imposed to weteere to stop writing if there was
not space left on the form, and using rulers. Two examplesnéivritten forms are shown
in Figure 3.3.

Sentence Database B06-097 Sentence Database R06-137

st of the hopeful 15-year-olds lea

This weele of wundow dpeaoing Wil not preveal The dopran limed Lic allec o
wtost of tha bopeful 15 qars -obls laavivg schoot o Hhie nesk red-eyea 2imerger [ Haa
U O weeks diws frove sucling ipo te Clicol allty darde ; avd we wert ol loaelun o
fobs. W neeols vaore Hiaw Ao'ovv chunts joarndes e shibio We dildren,

aucl open days ab decls, wore fan Aot tuto o Mo ercelby of R sooviod - Fivally Cabharine
Brgtbon's  sewts or balloon Aot sver s hex cges coet xqoio W‘H,m‘; its ol
Wolverhansphom for Brban's kebwuiat hacning b doglutedly beashy  acol | camt bemr ko Paik

Catels brp W (be spnce apt T G o = B e S o e s R

e ) ol 2l il oo icanh e o

it e dott (] jusl ae oy aol o, don'd

3

Figure 3.3: Example of two handwritten forms from the IAM Hawriting Database
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Table 3.4: Published results on the IAM words dataset. Rodsodiffer so results are for
guidance only

Methodology Lexicon Size ERR%
[Glnter and Bunke, 2004] HMMs 3997 20.5
[Bianne-Bernard et al., 2011] Context-dependent HMMs 10 500 32.7
[Bianne-Bernard et al., 2011] System Combination 10500 21.9
Bernoulli HMMs 1117 21.4
Bernoulli HMMs 10208 25.8

Using automatically techniques, handwritten text wasastéd from forms, segmented
into lines, then segmented into words, and finally labelet is transcription. In addition to
the transcription, words have associated more meta-dditet egsample the grammatical tag
of the word, or a flag to indicate the segmentation correstri@®m this process two datasets
were obtained: a word dataset for handwritten isolated werdgnition and a line dataset for
continuous handwritten recognition. In addition, a thiethtence dataset is available which
was manually obtained by means of segmenting the sampldsedfne dataset to avoid
images containing more than one sentence. In this work we pavformed experiments
with both word and line datasets.

3.2.1 1AM word dataset

The 1AM word dataset is the result of segmenting into word$ahdwritten forms. This
dataset containkl 5320 images96456 of them labeled as correctly segmented. The number
of different words id 3542, the most frequent word thewith 5826 images, while the number

of words with ten or less images i2362 (about91% of all dataset) and the number of
singletons i¥185 (about53% of all dataset). No experimentation protocol is defined ler t
dataset. Figure 3.4 shows some examples.

N upwerkd Brdin e 2\

Figure 3.4: Some examples of the IAM word dataset. Fromdefigtht: a, Newmarketherg
notandthe

In Table 3.4 we shown some published results on this datasegthe best results obtained
in this work. However, since there is no a standard protoedindd, the results are for
guidance only.

3.2.2 1AM line dataset

The IAM line dataset is the result of segmenting into linésahdwritten forms. This dataset
contains13353 samples,11344 of them labeled as correctly segmented. The total number
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of words is115174, the average words per line 9 and the size of the lexicon i83528.
Figure 3.5 shows some examples.

A MOVE o oo Mr. Godb ke Q0. frenm

Figure 3.5: Two examples from the IAM line dataset

There is no a standard protocol for the IAM line dataset. H@§egin most publications
the protocol described in Bertolami et al. [2007] is useddmpare results. This experi-
mentation protocol is raised as a writer independent tastt,cansists of training, test and
validation sets. Basic statistics of these sets are pregentTable 3.5. The details about
the development of the experimental protocol are unknowis Protocol has became the
de-facto standard protocol for this dataset. In Table 3.6kav a table with the best results
published using this protocol and the best result obtainehlis thesis.

Table 3.5: Standard de facto experimental protocol for #i¢ line dataset
Training Test Validation
No. Samples 6161 2781 920
No. writers 283 161 56

Table 3.6: Best published results on the standard protocthé 1AM lines dataset
Methodology WER%

[Bertolami et al., 2007] HMM 34.2
[Graves et al., 2009] RNN 25.9
[Espafia-Boqueraetal.,, 2011] Hybrid HMM+NN 21.2
[Kozielski et al., 2013] Tandem HMM+NN  13.3

Bernoulli HMMs 31.1

3.3 IFN/ENIT - database

IFN/ENIT database is an Arabic handwritten text databaselwdontains handwritten Tunisian
town/villages names, see Pechwitz et al. [2002]. It is thdatabase for isolated word recog-
nition. In last years this database has been used in severhicchandwritten competitions,
see Margner and Abed [2007, 2009, 2010], Margner et al. [R0@&rgner and El Abed
[2011], becoming this database a reference in the Arabidwetien area. In order to build
the databas@46 Tunisian town/villages were selected, atid writers were asked to filh
forms with 12 names from the possible names with their correspondingpdss. Forms
were made guarantying that each word appears at fetisies in the database, and each
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character shape occur at minimum more tRaf times. The only aid to writing was the
printing of dark light rectangles in the backside of the fdwrindicate where to write the
words. Figure 3.6 shows two examples of forms.

ot ¥ B ¥ ¥

ANo BN T 5016 o U\ )34 8 cot6 ir e
IME [EE SRR Sy SR 2112 45 sriupte 3199 S e 6o 3199 foe
£obo e PEVS T WYY 060 £ Fuy HERE ) 7241 wp
Zolo o= 98 2080 w0 9133 50 o136 s
£A3L [T S 132 o Ar1A 2oy Bt e
Coha b \_SSJ,\ [NIEN 8061 md o Foyt =5V 2041 s
Jo3¢ 5 s 9032 4 2060 NN $l= 2060 @iy
120 Sy 0170 iy 510 N 5, T 5120 sty
9444 o (L 9111 fwar Ao Ao 1140 oui
Q78 S - Ly 8076 sias 303s SUhe g 3095 e
5o 7o Sagh 5120 wtiyj 2233 6 5\R T 5\D 2239 gymoiie
4183 S 4263 & 6ob o 6080 o

As ;Zf).m’_] Profes: Nom: | Bpy ALl KARIN

Responsable; ]:| Numéro: 136, Noméro: A4l

Figure 3.6: Example of two handwritten forms from the IFNAEN database

Forms were scanned with 300 dpi and, binarized and autoafigtsegmented. Using a
semi-automatically process, segmented images were thiéle the postcode, the Arabic
word in ISO 8859-6, and with a sequence of Arabic charactape$ using306 different
shapes, since each letter can appear in four different fdepsnding on its position in the
word (begin,middle,end or isolated form). It is worth ngtithat ISO 8859-6 does not encode
the shape information.

The resulting database is composedby92 different images divided intb sets (a,b,c,d
and e). The first four sets are the original sets of the databdsle the set e was used as test
set in the ICDAR 2005 competition, see Margner et al. [20BB]ng lately released. Thus,
it is a common practice publishing results doing a crosgladitbn experiment with the first
four sets, and a final experiment using sets a,b,c,d foritigizind the set e for testing. Note,
that while the number of classe)i46 (the postcodes), the size of the lexicon is greater since
some names appear written in different ways. Table 3.7 slonwge statistics for the five
sets, while Figure 3.7 shows some examples of samples.

Apart from the5 previously described sets, there are two extra sets (s amdi¢h have
not been still published. These two sets have been used lagh&ur competitions as test
sets. In Table 3.8 the best results from last four compastis shown. It is worth noting,
that we participated in the ICFHR 2010 competition, usinga®ulli HMM system, and we

26 AGP-DSIC-UPV



3.4. RIMES database

Table 3.7: Some statistics of the IFN/ENIT-database sets
No. Samples Lexicon

a 6537 1588
b 6710 1634
c 6477 1498
d 6735 1564
e 6033 733

R o,
' ol o (7

Figure 3.7: Some examples of samples of the IFN/ENIT-databa

ranked first [Margner and Abed, 2010].

Table 3.8: Best results from last four Arabic HandwritingcBgnition Competitions

System Methodology Conference ACC%
setf sets
Siemens HMMs ICDAR 2007 87.22 73.94
MDLSTM Neural Networks ICDAR 2009 93.37 81.06
UPV PRHLT (This thesig Bernoulli HMMs ICFHR 2010 92.20 84.62
RWTH-OCR Tandem HMM+NN ICDAR 2011 92.20 84.55

3.4 RIMES database

The RIMES Reconnaissance et Indexation de données Manuscritesaat dierfilES database
is a database of French handwritten text letters, develimpadier to evaluate automatic sys-
tems of recognition and indexing of handwritten letters.isTdatabase has been used last
years in several competitions to test several documengsisahsks as document layout anal-
ysis, isolated character recognition, or more recentlgdiaitten text lines recognition. But
the task in which it has been more tested and compared is ¢bhgmiion of isolated hand-
written words [Grosicki and H., 2009, Grosicki et al., 20@psicki and El Abed, 2011].

In order to collect the data, volunteers were asked to watellwritten letters, such those
sent by individuals to companies by fax or postal mail. Eaalumteer was required to write
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using a given fictional identity (same sex as the real one)ugmni 5 scenarios, which were
chosen among 9 realistic themes: change of personal infammanformation request, open-
ing and closing, modification of contract or order, complgrayment difficulties, reminder
letter, damage declaration with further circumstancesaadeéstination. The volunteers were
free to write the letters as they wanted, the only requirdmwes to use white paper and black
ink. More than1300 people, writing up td& mails, contributed to the creation of the RIMES
database with more thar2723 pages corresponding 605 mails.

As previously mentioned, this dataset has been used inade¢asks, but in this thesis we
will report only results on the handwritten word recognittask, in particular on the dataset
used in theCDAR 2009 Handwriting Recognition Competiti@rosicki and H., 2009]. This
dataset is composed B9202 different images divided into training, validation andttests.
Results reported on this dataset are usually presented tisiee different protocols. In the
first one, a list ofl00 words containing the correct one is provided for each tgstirage. In
the second protocol a dictionary containingldll 2 words from test is provided. In the third
and final protocol, the given dictionary also contains wdrdm the training set. In this work
all results will be presented using the second protocol.leTat® shows some statistics for
the three sets, while Figure 3.8 shows some examples of samfihe results of the ICDAR
2009 competition, and our best obtained results, are showable 3.10.

Table 3.9: Some statistics of the RIMES words dataset uskeDAR 2009
No. Samples Lexicon

training 44196 4508
validation 7542 1636
test 7464 1612

—"’ - \I

RLUNYLOOSIAT QA
celé

Figure 3.8: Some examples of the RIMES word dataset. Fromdefght: écrire, constat
lesandcelle-ci

3.5 GERMANA database

The GERMANA database is the result of scanning and anngt#tie@ manuscript entitled
“Noticias y documentos relativos a Dofia Germana de FoiinalReina de Aragon”, see Pérez
et al. [2009]. This manuscript was written by Vicent Salvaiho1891 and deals about the
life of Germana de Foix (1488-1538), niece of King Louis Xflfvance and second wife of
Ferdinand the Catholic of Aragon. Most of the document igtemiin Spanish, nevertheless
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Table 3.10: Test-set classification error on RIMES obtainigd BHMMs and different sys-
tems participating at the ICDAR 2009 competition (using\WR2 protocol). NN and MRF
refer, respectively, to Neural Networks and Markov Randaoefds

System Methodology WER%
TUM NN 6.8
UPVv Hybrid NN+HMM 13.9
BHMM (this thesis) HMM 16.8
SIEMENS HMM 18.7
ParisTech (1) Hybrid NN+HMM  19.8
IRISA HMM 204
LITIS HMM 25.9
ParisTech (2) HMM 27.6
ParisTech (3) HMM 36.2
ITESOFT MRF+HMM 40.6

other5 languages appear in the document, mainly Catalan and LEtis.is due to the fact
that at the end of the document several historical docunagatappended.

The scanning process of the manuscript was carefully doesgrts from the Valencian
Library, since this library is where the original documeistpreserved. Pages were scanned
at300 dpi in true colors. As expected from an historical documscanned pages have noise
effects like spots, transparency of back side, etc. Thetatino process was carried out in
the PRHLT group in the “Universitat Politecnica de Valeridig paleography experts. This
transcription was done respecting as much as possible th@airtext layout and shapes
employed. Additionally, all text blocks were marked withmmhal enclosing rectangles, and
each text line was marked by its baseline. This was done wvethith of the GiDoc plugin
for the GNU Image Manipulation Program (GIMP), see Serranal.[2010]. Table 3.11
gathers some statistics of the manuscript, while FiguresBdvs an example of a page from
the manuscript.

Table 3.11: Some statistics of the GERMANA database
Language Pages Lines Words(K) Lexicon(K) Singletons(%)

Spanish 595 16599 176.8 19.9 55.6
Catalan 87 2417 26.9 4.6 63.2
Latin 29 951 8.3 3.4 69.2
French 8 266 3.0 1.1 71.1
German 8 228 1.5 0.6 52.7
Italian 2 68 0.8 0.3 67.3

3.6 RODRIGO database

As the GERMANA database, the RODRIGO database is the trigtiscrof an old manuscript,
see Serrano and Juan [2010]. Nevertheless, this manuiscdlster (1545) than the GER-
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MANA manuscript (891). The manuscript ha&53 pages, written entirely in old Castilian
(Spanish) by a single author. Due to its antique this maiptsgresents some interesting
singularities: embellishing writing, omission of natusplaces between words and addition
of artificial spaces, using of an Humanistic script, etc.

The manuscript was carefully scanned@® dpi in true color by experts from the “Min-
isterio de Cultura”. As in the GERMANA case, the annotatioogess, text block detection,
and line marking was carried out by paleography expertserPRHLT group of the “Uni-
versitat Politécnica de Valencia” with the aid of the GiDaotptype. The transcription was
carried out respecting the original manuscript layoutpsisaand spelling mistakes. The tran-
scription contain20357 lines and223447 words. The size of the lexicon 610, where
12004 are singletons (th&8% of the lexicon), and the number of different symbold 19.
Figure 3.10 shows a page of the manuscript.
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Figure 3.9: Page extracted from the GERMANA database
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Figure 3.10: Page from the RODRIGO database
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Chapter 4. Bernoulli Hidden Markov Models

4.1 Introduction

Hidden Markov models (HMMs) have received significant attemin off-line handwriting
recognition during the last years [GlUnter and Bunke, 200@mBndon and Srihari, 2000,
Toselli et al., 2004, Xue and Govindaraju, 2006]. As in spheexognition [Jelinek, 1997,
Rabiner and Juang, 1993], HMMs are used to model the pratyafgiensity) of an observa-
tion sequence, given its corresponding text transcripgirsimply its class label.

Observation sequences typically consist of fixed-dimen$gature vectors which are
computed locally, using a sliding window along the handeritext image. However, there is
no standard set of local features being used by most of thpopeal systems; on the contrary,
it seems that each system proposed is tuned using a sigtlifichffierent set of features.
For instance, in Toselli et al. [2004], the preprocessetliteage is transformed into a se-
guence of60-dimensional feature vectors, each compristfdghormalized gray levels plus
40 gray-level derivatives20 horizontal and0 vertical). In Giinter and Bunke [2004], how-
ever, only9 local features are computed:characterizing the sliding window globally, and
6 capturing additional information about the writing. Anetlexample can be found in Xue
and Govindaraju [2006], where both discrete and continfieatsires are combined.

In this chapter, we explore the possibility of not using elaed local features but using
raw binary pixels instead. The objective is twofold: on time dand, this allows us to better
modeling the binary nature of text images by introducingoatalistic models that deal more
directly with binary data. To this purpose, we propose the afBernoulli HMMs, that is,
HMMs in which the state-conditional probability (densitighnction is not a conventional
Gaussian (mixture) density, but a multivariate Bernoutlixture) probability function. On
the other hand, this guarantees that no discriminativerimftion is filtered out during feature
extraction, which now has to be somehow integrated intogeition.

The chapter is organized as follows. General theory abouiMdNt revised in Sec-
tion 4.2. The definition of Bernoulli HMM and its EM-based niaxim likelihood estima-
tion are given in Section 4.3. In Section 4.4, some empinieallts are reported on two
tasks of handwriting word recognition. Finally, some camiihg remarks and future work
are discussed in Section 4.5.

4.2 HMMs

HMMs are used to model the probability (density) of an obaton sequence. In the HMM
approximation it is assumed that the observation sequeasd®déen generated by a known
finite state machine which in each state generates an oliseraacording to a certain prob-
ability distribution. However, the sequence of resporesithtes for the generation of the
observation sequence is unknown, remaining as a hiddeabkeriMore formally, in a way
similar to Jelinek [1997], we characterize an HMM as follows

1. M, the number of states in the model. Individual states areléabas{1,2,..., M}
and we denote the state at timasg,. In addition, we define the special stafeand
F for startandstop.
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2. The state-transition probability distributiad,= [a;;], where
aij =P(g41 =7 q=1), i,7€{1,2,..., M} U{I, F}, (4.2)

that is, the probability to carry out a transition from stat¢o stateg;.,. For conve-
nience, we set;r = 0.

3. The observation probability (density) functids,= {b;(0)}, in which
bj(or) = Plos | a1 = 3), (4.2)
defines the probability (density) function in statevherej € {1,2,..., M}.
For convenience, the specification of an HMM can be compaated
© = (A, B), 4.3)

and in advance we will refer to the parameters of a HMM=asTherefore, the probability
(density) of an observation sequeri@e= o4, ..., or is given by:

T T
P(O | 9) = ZP(an | 9) = ZHG‘QtQt+1 Hblh (Ot)a (44)
q t=1

q t=0

where we have uncovered the latent varialies (qo, g1, - . -, gr+1), which represent all the
possible state sequences (or paths), suchythat. ,gr € {1,..., M} are the regular states
chosen out of a total o/ states, and the first and last states have been fixed te () and
(gr+1 = F), respectively.

4.2.1 Parameter Estimation

Maximum likelihood estimation of the parameters goverranddMM can be carried out us-
ing the EM algorithm for HMMs. Given an observation sequefice oy, . .., or, the HMM
probability can be written as the marginalization of a fumewithout hidden variables,

P(O|©)=> P(0,q|0), (4.5)

whereq denotes a state sequence of lerifjttif start and stop states are consideréd 2),
andP (0, q | ®©) is the so called completed model. For convenience we wilaapvariable
q by (T + 2) different variables, € {I,1,..., M, F'} satisfyingq = (qo, . .., qr+1) and

I t=20
g =4r t=T+1 . (4.6)
je{l,....M} 1<t<T

Another possible representation can be obtained ydire?) x (M +2) variablesy; € {0,1}

satisfying
1 g=7
- . 4.7
a5 {0 otherwise 4.7
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Note that (4.5) may be rewritten by using any of the threeipdiies, simply by substituting
the sum ing with as many sums as the number of used variables.
If q is represented by means of binary variabjgs then the complete model can be

written as
T M
P(0,q|©) = HHH e HH (o) | . (4.8)
t=1j=1

t=0 5 j’

Itis worth noting, that the terrp[; T [ aq“ #+17" is equivalent ta,,,,, , since for any other
pair of stateszqu’“f =a%, =1.In a5|m|Iar wayhq, (o) = H;‘il bj(o;)%. In fact this is
the approach used in (4.4). The main difference betweee tesapproaches is that in (4.8)
a;j; refers to a parameter, white,,,, ., refers to a function that selects a parameter given
the values ofy; andg:+1, which is a more compact expression but a more impracticaton
perform mathematical operations.

At this point we are able to raise the EM algorithm for the HMIse. In the E step
functionQ(® | ©") (2.23) is written as

oJCANCRE) Zlogp o | ©) | 0F,0), (4.9)

which, by applying to (4.8) the properties of the logarithma@xpected value operators, can
be rewritten as

Q(® | @(r)) = Z ZZZ q71t]qﬂt+1] )IOg Q4
n t 0 7’
P , (4.10)
Zant log b;(0nt)
t 1j=1
where(gntjgne+1; ) andq( ") are defined as
(QnthntJrlj/)(T) = E(Qnthnt+1j’ | O{V, 9(7"))
_ P(Qntj = ant-i-lj’ = 17On | ®(T)) ’ (411)
P(0, | ®")
_ (r)
" _ I ON @)y — P(gni; = 1,0, | ©') 412
Qm‘j ((] tg | 1 ) P(On | 6(,,)) ( )

Where(qntquﬂj/)(’“) is the expected value of performing a transition betweeiesjaand

j' at timet, while qf;). is the expected value of beinghe current state at time

In the M step the set of paramete® that maximizes (4.10) is taken as the new set
of parameters. However, equation (4.10) is constraineﬁj}o(zjj/ = 1 and then we use
Lagrange parameters as follows

£O |0 =9®|6m) Z/\ > aj -1, (4.13)
j/
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which still maximizesQ while respecting the constraints. Note that more congBairay

be required depending on the definitionigf In a way, the E step can be interpreted as the
calculation of the hidden variables given the old paransetemd the M step can be seen as
a typical MLE estimation without hidden variables. Thusngdirst derivatives over (4.13)

al"" are calculated as
T T ..
W3 _ X Yo ntgnesrs ) (NG ) (4.14)
37’ T T . ) .
En Et:o qsn)j <N(j)>

where(N(j,4')) and (N(j)) are both expected valuesN (4, ;7)) refers to the number of
times the transition between stateand;’ has been completed, whilgv(j)) refers to the
number of transitions completed in which the source statejwavhich is equivalent to the
number of feature vectors generated in the stata a similar way, the parameters related to
the probability observation (density) functiéf(o) would be computed.

Nevertheless, the calculation 0f,.:;gni+1, )( ") andq . in E step requires the calcu-

lation of P(0,, | ®™) and other similar probabilities WhICh can only be calculaby
trying all possible values af. This task can be efficiently computed using the Baum-Welch
re-estimation recursion, which raise the task as a dynamgramming problem. In this ap-
proach two recursive probabilities are raised, the forvymabability and the backward one.
The forward probability for each samplestatej and timel, ., (j) = P(0n1, - - -, Onty Gnt =

j | ©), is calculated as

bj(on1)ar; 1<7<M,t=0

net1(f) = 1<j<M ; (4.15)

M
bj(ont+1) [Z ant(z)azj] — =~
s 1<t<T,

while the backward probability,,.(j) = P(ont+1,---,0nT, | Gut = j, ©), is calculated as

ajF 1 S ] S Mv t="1T,
ﬁnt(j) = M . 1<7<M . (416)
;ajj/bj’(ont+1)ﬂnt+l(] ) 1<t<T,
Thus, the probability (density) of an observation can bewated using forward proba-
bilities

(On|©) = Zam iaje (4.17)

and equations (4.11) and (4.12) can be rewrltten as

(r) 2y, (M) (r) (r)  (a
, ay/ (j)a by (0nt+1)57,t+1(1 )
(%zthnt—i—lj')( ) = i (J on | @(r)) : , (418)

() (130 (5
() _ e (J)Bnr () 4.19
i = SO0, @19
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4.2.2 Search for the Most Likely State Transition Sequence

A common question when working with HMMs is; given an obséorasequenc® =
o01,...,op which is the most likely state sequeneg= (¢1, ..., ¢r), that generates it? Or
more formally,

T T
q" = argmax H Agyqes H by, (0t) - (4.20)
4 t=0 t=1

This problem can be solved by using the well known Viterboaiiipm [Jelinek, 1997, Viterbi,
1967]. In the Viterbi algorithm the probability (or scord)tbe most likely path until time
that ends in statg is defined recursively as

. Jaribj(o) t=1
D(t,j) = max [D(t — 1,/ )ay ;] bjlo) £>1° (4.21)
J

Thus the probability of the most likely state transition ¢encalculated as

D(T +1,F) =maxD(T,j') ajir . (4.22)
j/

From (4.21) it is easy obtain a matrix which for each dajrj) holds a back-pointer to
the previous state of the sequence

I t=1
B(t,j) = argmax [D(t — 1,5 )a;r;]bj(0)) t>1 (4.23)
]/
then the most likely state transitigfi can be obtained by calculating
B(T +1,F) = argmax D(T,j') a;j r , (4.24)
j/

and following recursively the back-pointer until the statis reached.

4.3 Bernoulli Hidden Markov Model (BHMM)

The definition of Bernoulli HMM and its Baum-Welch re-estitioe formulae do not differ
significantly from that of the conventional HMMs, based othei discrete (multinomial)
probability functions or continuous (Gaussian) densities seen in Section 4.2, differences
are only related to the definition and the parameter estimatfb;(o;). In this section we
only describe the basic differences. Please see Rabinefuamd) [1993] and Young et al.
[1995] for more details about conventional HMMs based orticoious densities.

Let O = (oy4,...,07) be a sequence dP-dimensional binarpbservation vectorand
let M be a set of states. A BernoulliHMM is an HMM in which the probigpof observing
o, in statej at timet follows a multivariate Bernoulli distribution with protgpep;, i.e.,

D
bj(oy) = Ploy | g = j) = [ 35 (1 = pja)' o, (4.25)
d=1
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wherep;q is the probability for bitd to be 1 when the observation vector is generated in
statej. It is worth noting that (4.25) is just the product of condlitally independent unidi-
mensional Bernoulli variables, and that consequently rinca capture any kind of depen-
dencies or correlations between individual bits. The patamvector associated with state

p; = (pj1,---,p;p)", is referred as thprototypeof the Bernoulli distribution in statg.

One interesting property of Bernoulli prototypes lies imittdirect visual interpretation.
That is, each prototype of dimensid#i x H can be interpreted as a gray-scale picture of
width 1 and heightZ, wherel — p,,, is the color of pixel(z, y). Following this approach
Figure 4.1 shows a visual example of a simple synthetic BHMM @2 prototypes). In this
example an observation sequence, made up from one-dinmah&ature vectors (top of im-
age), is generated by a three state BHMM. In the Bernoulligtypes, which are drawn in
the middle of image, gray color is related to probabilit§ and white color to probability.

In the example, the first state is the responsible for gemmgrtte first three vectors, since the
second state can not generate vectors with a black pixelprHowever, observationsand

5 can be generated by both stafeand3. In the example stat2 generates the observation
4 and performs a transition to the statevhich generates the remaining observation vectors.
It is easy to check that the probability of generating theeokation sequence in the exam-
ple, which is calculated by multiplying the transitions patilities by the prototype ones, is

0.13608. Of 02 03 04 O5 Og OF

0.3 0.1 0.2

Figure 4.1: Visual example of a BHMM
Recall from Section 4.2.1 that Maximum likelihood estiratbf the parameters govern-
ing an HMM can be carried out using tiEM algorithmfor HMMs; i.e. usingBaum-Welch
(forward-backwardye-estimation formulae. Assume that the likelihood is ekted with
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respect taV sequenceé,...,On; with O,, = (op1,...,0,7,) foralln =1,...,N. At
the end of iteratiom, the Bernoulli prototype corresponding to stateas to be updated as

Ty r
(r+1) _ En Et:1 qgt)jont

, (4.26)
J T r
Don 2l qutz'
that is, each element of the Bernoulli prototype is updaged a
(1) _ Lon Lty Ghyontd _ (N(G,d))
= === T = : (4.27)

jd

Thn r - . 3
S al (N(j)

Whereqf;)j is the expectation value af,; to be generated in stage which it is calculated
in E step as described in (4.12), afl¥ (4, d)) is the expected value of the number of binary
feature vectors generated in statior which the bitd is one.

Overtraining is a common problem of the MLE criterion, andider to amend this prob-
lem, Bernoulli prototypes are smoothed by a linear inteafioh with a uniform prototype,
0.5,

p=(1-6p+005, (4.28)

whered is usually optimized in a validation set. A typical valuelis= 10~5.

4.4 Experiments

In order to test the proposed model, experiments were daotik using two corpus based
on real tasks: recognition of handwritten Arabic cheques l@tognition of handwritten
English text. The first corpus we used is the non-touchindgiraub-words dataset from
the CENPARMI Arabic cheque database, which is describedeiti& 3.1. The second
corpus we used is the IAM word dataset, which, as previouggtioned in Section 3.2.1, is
a handwritten English text dataset.

Experiments were carried out without applying any prepsede input images, apart
from those mandatory preprocessing steps related to theréeaxtraction. Therefore, all
input images were scaled in height to the same size whiletaiaing the original aspect
ratio. Different heightsD) were consideredt0 and20. In addition, an Otsu’s binarization
was carried out on thiAM words dataset.

Since both datasets have a great variability of the numbsaroples per class, we carried
out experiments with subsets from the original datasetsthéncase of Arabic subwords
dataset the ten most frequent subwords were selected,amthity were divided into training
and testing sets respecting the original proportion. FekAM words dataset, the classes with
at leasts0 samples were selected (this includes samples frondifevriters), and for each
class the’s0% of samples were selected for training and the others foingestn Table 4.1
some characteristics of the subsets are shown.

Experiments were carried out by varying number of stafgss {10, 20, 40, 80, 160,
320}. For each value of), all words were modeled using Bernoulli HMMs with the number
of states fixed t@). The Bernoulli HMMs were initialized using a left-to-rigtapology with

42 AGP-DSIC-UPV



4.5. Concluding Remarks

Table 4.1: Number of classes, number of training samplesiben of testing samples and
average aspect ratio in both testing and training sampethé Arabic subword dataset with
the ten most frequent subwords, and for A words dataset with words that at least have
50 samples

N. Classes N. S.training N.S.testing A.A.Ratio

Arabic subwords 10 13106 5456 1.26 4 0.66
IAM words 180 44492 11122 1.63+=1.00

skips as follows: for each training sample we define a stajeesgeq, which is used to
obtain initial parameters estimations using the MLE ciater Specifically, for each training
sample its binary feature vectors are distributed, from tiefright at same distance each
from other, over the states. After each Baum-Welch iterateach Bernoulli prototype
was smoothed as explained in (4.28). For each class-conditBernoulli HMM, 10 Baum-
Welch iterations were executed.

For each experiment, several repetitions were performeddans of randomly selecting
testing and training sets, while respecting the originabpprtions for each class. With the
Arabic subwords dataset abolf repetitions forQQ = {320} and30 repetitions forQ) =
{10, 20, 40,80, 160} were carried out. With théAM words dataset abo@trepetitions for
Q = {160, 320} were carried out, fo€ = {10, 20, 40,80} 10 and5 repetitions were carried
out for D = 10 and D = 20, respectively.

In Figure 4.2 the results for the Arabic subwords datasetshmvn. The best result
(10.9%) is obtained withD = 20 and@ = 320. For D = 20 the results could be improved
by increasing the&), however forD = 10 the best result is achieved with = 160. The
lowest classification erroii ¢.3%) is obtained withD = 20 and@ = 160.

In Figure 4.3 the results for tHAM words dataset are shown. As in Arabic subwords, the
best results are obtained wilh = 20, despite that better results are obtained with= 10
for low values of@). The best result obtaine] .0%, is similar to the best result in Glnter
and Bunke [2004] using a single Gaussian density in each Hkét& s It is worth noting,
however, that we use an independent Bernoulli HMM for eaelsswhile, in Gunter and
Bunke [2004], each class-conditional continuous HMM idtlftom more elementary HMMs
at character level.

4.5 Concluding Remarks

BernoulliHMMs have been proposed for off-line handwritiegognition in order to directly
model text image data in binary form. Empirical results heagorted on two tasks of off-
line handwritten word recognition: Arabic subwords fr@&@&NPARMIcorpus, and English
words fromlAM database. In both cases each word (subword) was modelednatAHMM,
and only the required preprocess to obtain binary imageaméheight was applied. Feature
vectors of different sizes, as well as HMMs with differentmher of states, were tested. The
results on the Arabic subwords task are promising. In the oathelAM words, the results
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22

20

18

16

14
12 ) %, D=20
4
10 C 1 1 1 1 1 Q JI
10 20 40 80 160 320

Figure 4.2: Error classification with different number dditsets () and heights D) for the
Arabic subwords dataset, with the ten most frequent subsvamd several repetitions for each
point

were very similar to those obtained using HMMs with one Geursper state.

In next chapter we will focus on the use of Bernoulli HMMs abwswrd (character) level
and extend them by using Bernoulli mixtures instead of gif&grnoulli probability functions
in each state. Moreover, a comparison with Gaussian HMMsgrizers will be presented.
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Figure 4.3: Error classification with different number dditsts (9) and heights D) for the
IAM words dataset, with the words that have at I&é@issamples and several repetitions for
each point
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Chapter 5. Embedded Bernoulli Mixture HMMs

5.1 Introduction

We have proposed the use of BernoulliHMMs for HTR in orderitectly deal with binarized
input images. Basic motivation is to better modeling theabjmature of text images, and to
guarantee that no discriminative information is filtered during feature extraction.

The direct method to model handwritten words with BernddMMs is to use an inde-
pendent, separate Bernoulli HMM for each word. We did it ira@ter 4, where successful
results were obtained in a task of word classification with @earate number of (words)
classes. However, this direct approach becomes impréictittee case of classification tasks
involving a large number of classes, due to lack of trainiatador infrequent classes, which
results in poorly estimated HMM parameters and degradessifier performance. Follow-
ing the usual approach in speech recognition [Jelinek, 1RABiner and Juang, 1993], from
where the HMM methodology was imported, word-condition®Ms are instead built from
sharedembeddedHMMs at symbol (subword) level, that is, all word classesifsaces) are
modeled by concatenation of subword (character) HMMs, had tnly one HMM per char-
acter has to be trained. In this way, each training word in@my#gributes to the estimation
of its constituent symbol HMMs, all symbol HMMs are relial#gtimated, and infrequent
words are better modeled.

HMMs at symbol level are usually simple in terms of numberafes and topology; e.g.,
6 states and a linear topology in which each state can onlydmhesl from its preceding state
or itself (loop). On the other hand, state-conditional @daibty (density) functions depend
on the type of output that has to be emitted. In the common ofseal-valued feature
vectors, Gaussian mixtures are generally preferred samayith finite mixture models in
general, their complexity can be adjusted to the availatali@ihg data by simply varying
the number of mixture components. Another good reason far tise is the availability of
reliable software from the speech recognition communiguivg et al., 1995].

In this chapter, we presents the needed formulae to apply Bl the embedded ap-
proach, and in addition, in a similar way that in the GaussidMs case, we propose the
substitution of multivariate Bernoulli probability funoths by Bernoulli mixture ones, which
have been proved to be a more flexible distribution [Juan addlM2004]. Empirical results
are reported in which embedded Bernoulli HMMs and embedd=d@&illi mixture HMMs
are compared with both, independent Bernoulli HMMs, andveational embedded (Gaus-
sian) HMMs [Glinter and Bunke, 2004, Pastor i Gadea, 2007jthEtmore, in this chapter
we explore the use of a sliding window with BHMMs, which is armoon technique used
in other HTR systems based on Gaussian mixture HMMs [Dreuat. e2009]. In contrast
to our basic approach, in which narrow, one-column slicdsimdiry pixels are fed into BH-
MMs, now we use a sliding window of adequate width to bettgtaege image context at each
horizontal position of the word image.

The chapter is organized as follows. We first explain the dsBHMMs at subword
level in Section 5.2. In Section 5.3 we review plain Bernomixtures, while embedded
Bernoulli mixture HMMs are presented in Section 5.4. In 8rb.5 we describe in detail
how embedded Bernoulli mixture HMMs are used for handwrité®rd recognition, and in
Section 5.6 the formulae required for maximum likelihootireation is shown. Our basic
extension to plain BHMMs, which will be referred asndowed BHMMsis explained in
Section 5.7. In Section 5.8, empirical results are reportédal, concluding remarks are
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discussed in Section 5.9.

5.2 Embedded BHMMs

As discussed in the introduction, BHMMs at global (line omdjdevel are built from shared,
embedded BHMMs at character level. More precisely,debe the number of different
characters (symbols) from which global BHMMs are built, @sdume that each character
is modeled with a different BHMM of parameter vec®r.. Let® = {©,,...,0¢}, and
letO = (o4, ...,07) be a sequence of feature vectors generated from a sequesyatodls

S =(s1,...,81), with L < T. The probability ofO can be calculated, using embedded
HMMs for its symbols, as

L
P(O|Sa®): Z HP(OZ'M'-WOZ'J-H*l |®81)a (51)

11,..0041 =1

where the sum is carried out over all possible segmentatib@snto L segments, that is, all
sequences of indices, . .., iy such that

l=t1 < - <ip<ipp1=T+1; (5.2)

andP(o;,,...,0.,-1 | ©y,) refers to the probability (density) of tligh segment, as given
by (4.4) using the HMM associated with symizgl

5.3 Bernoulli Mixture

Let o be aD-dimensional feature vector. A finite mixture is a probapi(density) function
of the form

K
P(o]|©)=) 7. P(o|©y), (5.3)
k=1
where K is the number of mixture components, is the kth component coefficient, and
p(o | ©y) is the kth component-conditional probability (density) functiohe mixture
is controlled by a parameter vect@ comprising the mixture coefficients and a parameter
vector for the component®,.. It can be seen as a generative model that first selectghthe
component with probability;, and then generatesin accordance withp(o | ©).
A Bernoulli mixture model is a particular case of (5.3) in wimieach componerit is
modeled by aD-dimensional Bernoulli probability function, as has beefired in (4.25).
Thus a Bernoulli mixture is a probability function defined as

plo|©)=> "7 [[rra(l - pra)' . (5.4)
k=1 d

Consider the example given in Figure 5.1. Three binary imdggeb andc) are shown
as being generated from a Bernoulli prototype depicted aayimage (black, white=0,
Gray=0.5). The prototype has been obtained by averaging imagasdc, and it is the
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best approximate solution to assign a high, equal prothghdi these images. However,
as individual pixel probabilities are not conditioned thert pixel values, there a2® =
64 different binary images (including, b andc) into which the whole probability mass is
uniformly distributed. It is then not possible, using a $eBernoulli prototype, to assign a
probability of 0.5 to a andc, and null probability to any other image suchtadNevertheless,
this limitation is easily overcomed by using a Bernoulli moise and allowing a different
prototype to each different image shape. That is, in our @@na two-component mixture
of equal coefficients, and prototypasandb, does the job.

@ ® ©

Figure 5.1: Three binary images, (b andc) are shown as being generated from a Bernoulli
prototype depicted as a gray image (blatkwhite=0, gray=.5)

5.4 Embedded Bernoulli Mixture HMMs

Embedded BHMMs can be extended to Embedded Bernoulli nextltMMS by replacing
the simple multivariate Bernoulli probability functiong Bernoulli mixture ones. Thatis, the
observation probability functiob; (o;) is now modeled as a Bernoulli mixture as described
in (5.4)

K D
bj(or) = ZTjk HP?L‘& (1= pjra)' . (5.5)
k=1 d=1

In Figure 5.2 two embedded Bernoulli mixture HMMs modelihg humbers and31 are
shown. The bottom model, which is modeling the nuniberis the result of concatenating
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Bernoulli mixture HMMs for digit3, blank space, and digit, in that order. Note that the
BHMMs for blank space and digitare simpler than that for dig& The binary image of the
number31 shown above can only be generated from two paths, as inditgtéhe arrows
connecting prototypes to image columns, which only diffethie state generating the second
image column (either stateor 2 of the BHMM for the first symbol). It is straightforward to
check that, according to (5.1) and (5.4), the probabilitgeferating this image &0004.

Consider now the top part of Figure 5.2, the BHMM used to mdldelnumber is
the same that the one used on the bottom model. Also notethta&HMM modeling the
number3 can model two different kinds o, in top a numbeB ended with a vertical stroke
is generated, while in bottom the numi3as rounded on the right part, and no more possible
ways to end the numbé@rare possible. As mentioned in the previous section thiségdthe
fact that Bernoulli mixtures are used instead of simple Baliis, in which is not possible to
generate both endings without allowing other type of ensling

It is worth noting that a simple BHMM is a particular case ofrBaulli mixture HMMs
using embedded models, since it can be understood as a Bemiature HMM made up
of an unique embedded BHMM with one mixture component peesfehus, in advance we
will refer to embedded Bernoulli mixture HMMs as BHMMs, andlp when required, or
when we want to remark some aspects of the model, we will weseetims: simple BHMM,
Bernoulli mixture HMM, or embedded BHMM.

5.5 BHMM-based Handwriting Word Recognition

Given an observation sequer@e= (og, ..., o), its most probable transcription is obtained
by application of the conventional Bayes decision rule

S* = argmax P(S | O) (5.6)
Sew

= argmax P(S,0) (5.7)
Sew

= argmax P(S) P(O|S5), (5.8)
Sew

whereW is the set of possible transcription8{.S) is usually approximated by amgram
language moddlGoodman, 2001]; an& (O | S) is atextimage modethich, in this chapter,
is modeled as a BHMM (built from shared, embedded BHMMs atattar level), as defined
in (5.1). An interesting case arises when the set of possinscriptions reduces to a (small)
finite set ofwords (class labels)n this caseP(S) is simply theprior probability of the word
S, while P(O | S) is the probability of observing when it is known that the handwritten
word is.S.
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Figure 5.2: Bernoulli mixture HMM examples for the numb@ér¢top) and31 (bottom),
together with binary images generated from them. Note tmaBernoulli mixture HMM
example for the numbe¥is also embedded into that for the numBeér Bernoulli prototype
probabilities are represented using the following coldresue: black*, white=0,gray=0.5

and light gray$.1
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5.5.1 The Forward Algorithm

As with conventional BHMMs (4.17), we use dynamic programgnin order to efficiently
computeP(O | S) as a BHMM probability of the form given in (5.1). For each time
symbols;, and statg we define the forward probability for the embedded cagéj) as

o (§) = pe(O%,q: = (1,§) | 5), (5.9)

that is, the probability of generatin@ up to itstth element and ending at stafeof the
BHMM related to symbok;. This definition includes (5.1) as the particular case inclhi
t=T,l=Landj = F;thatis,

pg(O | S) = aLT(F) . (510)

To computen;,(ry we must first take into account that, for each positiam S, except for
the first, the initial state of the BHMM foy; is joined with final state of its preceding BHMM,
ie.

1 L

1 T (5.11)

IAIA

au(I) = ar_11(F) !

INA

Having (5.11) in mind, we can proceed at symbol level as witiventional BHMMs (4.15).
In the case of final states, we have

M
. <[ <
i (F) = Zazt(l)as,m % ié 2 jLw , (5.12)
=1

while, for regular stated, < j < M,,, we have

ap(j) = [ Zaltl(i)as,ij:| bs,j(0¢), (5.13)

ie{1.1,., M., }

withl <! < Landl <t <T. The base case is for= 1

. (5.14)
0 otherwise

all(i): {asllz bslz(ol) l—l,lSZSMsl )
The forward algorithm uses a dynamic programming tablevg(-) which is computed for-
ward in time to avoid repeated computations.

Figure 5.3 shows an application example of the forward #lgorto the BHMM and
observation of Figure 5.2 (bottom). Non-null (and a few hahtries of the dynamic pro-
gramming table are represented by graph nodes aligned teitbss(vertically) and time
(horizontally). Node borders are drawn in black or gray, etegping on whether they are
in valid paths (i.e. those from which the observation sega@an be generated) or not. Also,
those associated with special states are drawn with dattesl. INumbers at the top of each
node refer tony: () and thus, for instance, the probability of generatingip to the third
image column and ending at stateof the BHMM for the first symbol isui3(2) = 2.
Computation dependencies between nodes are representaddws, which are labeled
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above by, first, the transition probability, and then theestation probability at the target
state (see (5.4)). For instance, the numbers above the @oowing to nodex;3(4) are:
5,23 bsy3(04) = 15 (3-0+35-15) =5 - 3.

From Figure 5. 3 we can clearly see that, as indicated in@ebt4, there are only two
paths from which the observation can be generated. They sitlanodes drawn with black
borders except the two nodes aligned with the second oligmrweector. In accordance
with (5.10), the probability of the observation sequencesig F') = 0.0004.

5.5.2 The Backward Algorithm

Thebackward algorithnis similar to the forward algorithm but, as it name indicategses a
dynamic programming table which is computed backward ir fiRabiner and Juang, 1993,
Young et al., 1995]. The basic definition in this case iskithekward probability

/Blt(j) = p9(03+1 | qt = (l,]),S), (515)

which measures the probability of generat@\ﬁrl given that theth vector was generated in
the statej of the BHMM related to symbad;. Using this definition (5.1) can be rewritten as

M,

O | S Zasdj 517 01)611( ) (516)

j=1

Taking into account again that the final state of each BHMMisgd with the final state of
its successor BHMM we have that

Bu(F)=Be(l) 151 (5.17)

IAIN

therefore the backward probability for the initial and tegular states, € {I,1,..., M,,},
can be efficiently computed as

M
<<
Bui) = air () + 3 tigbas 00 ) () L ik as
j=1
where the base case is definedfets T as
. QspiF l:La]-SZSMsL
p— 5.19
B (@) {0 otherwise ( )

5.5.3 The Viterbi Algorithm

Although the forward and backward algorithms efficientlynpute the exact value g (O |
S), itis common practice to approximate it by the so-caN&erbi or maximum approxima-
tion, in which the sums in (4.4) and (5.1) are replaced byrthe& operator, i.e.

po(O|S)~  max Hp o, (0! g, (5.20)

1[ ’ 1[
7L+1
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Figure 5.3: Application example of the forward and Viterljaithms to the the BHMM
and observation of Figure 5.2 (bottom). Numbers at the tothefnodes denote forward
probabilities, while those at the bottom refer to Viterbomas
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where thepg,, is defined as

g1 —2 ip1—1

. 411 =1y
Pe,, (01',1 ) 4y, ) = Qs Iq;, s19eqe41 " siqiy -1 F" bs,q: (Ot) : (5.21)

t=1; t=1;

In contrast to the exact definition, this approximationwhBaus to identify a single, best state
sequence opath associated with the given observation sequence. The wellvk Viterbi
algorithm efficiently computes this approximation using dynamic pamgming recurrences
similar to those used by the forward algorithm. Formally,need to compute the probability
Q1:(j) of the most likely path up to time that ends with the statg from the BHMM for
symbols;. For the specials states, it can be computed as

<
Qu)=Qw(F) 1S5k (5.22)
. 1<I<L

Qu(F) = 151;121‘}5151 Que(j) as,jr 1<t<T - (5.23)

while, for the regular states with< [ < L andl < t < T', we have
Qu(j) = Le{z,rf?.)fjwsl} Qut—1(7) asij | bs,5(0t) (5.24)

The base case is defined for 1

, as,1i bsyi(01) 1=1,1<4i< M,
= . 5-25
Qu(@) {0 otherwise ( )

Clearly, the Viterbi algorithm can be seen as a minor modificaof the forward algo-
rithm in which only the most probable path is considered ichegode computation. Indeed,
the application example shown in Figure 5.3 is used bothtHerforward and Viterbi algo-
rithms. Now, however, the relevant numbers are those irecdud the bottom of each node,
which denoteQ;:(j); i.e., at row2 and column3, we haveQ;3(2) = 4%0. Consider the
generation of the third observation vector at the secortd éfiar the first symbol). It occurs
after the generation of the second observation vectorredththe first or the second states,
but we only take into account the most likely case. Specifictiie corresponding Viterbi
score is computed as

1 3 1 2 9 1 9

Q1,3.2) = max{15 10 300 3 1} - ma“x{450’ 450} T 150"
Note that forward probabilities do not differ from Viterbéares up toQ(1,3,2), since it
corresponds to the first (and only) node with two incomindnpaT he Viterbi approximation
to the exact probability of generating the observation sega is obtained at the final node:
Q(3,7,F) = 0.00036. The most likely path, drawn with thick lines, is retrievegldiarting
at this node and moving backwards in time in accordance withpitation of Viterbi scores.
The final Viterbi score in this exampl®.00036) is a tight lower bound of the exact proba-
bility (0.00040). In practice, it usually happens that this is the case aa&iterbi algorithm
provides tight bounds on the exact probability.
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5.6 Maximum Likelihood Parameter Estimation

Maximum likelihood estimation of the parameters goverran@dHMM made up of embed-
ded BHMMs does not significantly differ from the non embeddaske. The well-known EM
(Baum-Welch) re-estimation formulae can be directly agpks described in Section 4.2.1
and Section 4.3 since for each word we can build a virtual BHMyconcatenating the
BHMMs related to its symbols, but taking into account that garameters are defined at

symbol level. Thus, letO,,S51),...,(OnN,SN), be a collection ofV training samples in
which thenth observation has length,, O,, = (0,1, ...,0,7,), and was generated from
a sequence aok,, symbols {,, < T,.), S, = ($n1,---,SnL, ). Atiterationr, in the E step

the expected values of the hidden varlat(I@g(]qu(] ) andqmC , which are defined
in (4.18) and (4.19), are rewritten for the embedded case as

) (7)), b0

(r) -/
Q, a (Ont+1)6nlr‘+l(] )
(4ntcjdnrsicy)”) = al s Sl (5.26)
’ ’ l:s"zl:=c ( n | Sma( ))
(r) nlt( )5nlt( )
Untej = PO 15 8 (5.27)
! l;l:c ( n | Snve( ))

where the forward and backward probabilities are define®.i@)(@nd (5.15), and subindex
cj denotes thgth regular state of the BHMM modeling the symhol Note that the only
difference between the embedded and the non embedded ¢haeasstate from a BHMM
modeling a particular symbdt, j) can appear modeling several virtual stateg), hence
an expectation value related to a symba@d calculated as the sum over all virtual states for
which s,,; = cis true.

Bernoulli mixture components require the introduction afeav set of hidden variables
zujk € {0,1}, wherezy;, = 1 denotes that theth feature vector has been generated by
the kth mixture component of the stajeof BHMM related to symbok;. If the EM for-
mulae is developed for embedded Bernoulli mixture HMMs, isirailar way as we do in
Section 4.2.1, we realize that at E step, at iteratidhe expected valu@,.; zmcjk)(”) may
also be calculated as

o™ () (r) Omed (r) \1Tomed o)
( g )(7") _ Z nlf( ) Tejk Hd 1 Pejka (1 _pcjkd) Bnlr‘( )
AdntcjRntcjk = S 0(7") b(r)
lisp=c P(Oy, | Sn, ) cj (0nt)

D (r) Onid (r) yl7omd r
_ [li—ipejka (1= Dejra . Z 5,13‘( )@th( /) (5.28)
b(r Om‘) ( n | Sna 0 T))

(r) Ontd 1—ontd

l:sp=c

D
_ [Tizip Pejrd (1- pcgkd) )

b(r Onf) qnt(]

In the M step, transition parametersthfare updated as described in (4.14), but using the
expected values computed in (5.26) and (5.27). While the®&sli prototype corresponding
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to thekth component of the statein the BHMM for character has to be updated as

(r+1) _ En 23121 (%ztcjzntcjk)(r)ont (5.29)
jk - Ty r ) .
“ Zn Zt:l (qnth Zntcjk)( )

that is, each element of the Bernoulli protoype is updated as

(r+1) Zn Zz;l(QHtchntcjk’)(r)Ontd - <N(Ca Ji k, d)>
cjkd T - -
“ Zn Zzil(Qntcjzntcjk)(r) <N(C,j, k)>

where(N(c, j,k)) and (N (c, j, k,d)) are both expected valuegN (c, j, k)) refers to the
number of binary feature vectors generated initiemixture component from thgh state

of the symbole, and (N (¢, j, k, d)) refers to the number of those generated binary feature
vectors in which the bitl is one. Equation (5.29) is similar to (4.26) but using the new
expected values (5.28). Similarly, thth component coefficient of the statén the BHMM

for character: has to be updated as

, (5.30)

1) _ 20 3007 ey nreg) . _ (N (e g, k)
) _ testniepr) ") _ |
N I SAIT (N(e. )

where(N(c, 7)) is the expected value of the number of feature vectors gttt thejth
state of symbot.

(5.31)

5.7 Windowed BHMMs

Given a binary image normalized in heightibpixels, we may think of a feature vectoy

as its column at positioh or, more generally, as a concatenation of columns in a window
of W columns in width, centered at positian This generalization has no effect neither
on the definition of BHMM nor on its maximum likelihood estitian, though it might be
very helpful to better capture image context at each hot@guosition of the image. As an
example, Figure 5.4 shows a binary imagetafolumns and rows, which is transformed
into a sequence of 15-dimensional feature vectors (first row) by application dfliding
window of width 3. For clarity, feature vectors are depicted3as 5 subimages instead
of 15-dimensional column vectors. Note that feature vectorsositipns2 and 4 would

be indistinguishable if, as in our previous approach, theyenextracted with no context
(W =1).

Although one-dimensional, “horizontal” BHMMs for image aling can properly cap-
ture non-linear horizontal image distortions, they are ewimt limited when dealing with
vertical image distortions, and this limitation might bertgaularly strong in the case of fea-
ture vectors extracted with significant context. To overedhis limitation, we have consid-
ered three methods of windokgpositioningafter window extractionvertical, horizontal,
andboth. The basic idea is to first compute the center of mass of theabenl window,
which is then repositioned (translated) to align its cetdehe center of mass. This is done
in accordance with the chosen method, that is, horizontadigtically, or in both directions.
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Repositioning

None N L]

Vertical

T
17T
T

Both ﬂ

Figure 5.4: Example of transformation oftax 5 binary image (bottom) into a sequence of
4 15-dimensional binary feature vectofs = (04, 02,03,04) using a window of width3.
The standard method (no repositioning) is compared withtlihee repositioning methods
considered: vertical, horizontal, and both directions

Obviously, the feature vector actually extracted is thdamied after repositioning. An ex-
ample of feature extraction is shown in Figure 5.4 in which the standard method (no
repositioning) is compared with the three methods repositg methods considered.

To illustrate the effect of repositioning with real datagéiie 5.5 shows the sequence of
feature vectors extracted from a real sample of the IFN/EtdTabase, with and without
(both) repositioning. As intended, (vertical or both) rejioning has the effect of normaliz-
ing vertical image distortions, especially translations.
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5.8 Experiments

Experiments were carried out using three different dasafetisolated handwritten word
recognition: the IAM word dataset (see Section 3.2.1), fid/ENIT database (see Sec-
tion 3.3) and the RIMES word dataset (see Section 3.4). We bayanized this section in
six subsections. We begin the section carrying out experisia order to assess the behav-
ior of embedded BHMMs. Then, these experiments are exteindbd second subsection by
introducing Bernoulli mixture HMMs. In the third and fourttubsections, windowed BH-
MMs without repositioning, which extend Bernoulli mixtuVIMs, and with repositioning
are respectively tested on the IFN/ENIT database. Firatlgprding to the very good results
obtained in IFN/ENIT, in the last two subsections we repest/mesults on IAM and RIMES
database using windowed BHMMs with repositioning techagu

5.8.1 Embedded BHMMs

Experiments were carried over the IAM word dataset usingezidbd BHMMs. Apart from
the BHMM results, we also report comparative results usmbedded Gaussian HMMs. Re-
garding the dataset, we selected those samples which akednas correctly segmented in
the corpus, and which belong to a word with at lelssamples. All input gray level images
were then preprocessed before transforming them into segsef feature vectors. Prepro-
cessing consisted of three steps: gray level normalizadiesianting, and size normalization
of ascenders and descenders [Pastor i Gadea, 2007].

Selected samples were randomly split i3td 80%-20% training-test partitions at the
writer level to ensure writer-independent testing. Thisameabou§9000 samples for train-
ing and14000 for testing. The lexicon comprisdd17 different words and the alphabet is
composed by1 characters (upper and lowercase letters, punctuatios,siligits, etc.). This
task is similar to that described in Ginter and Bunke [2004].

For the Bernoulli system, feature extraction was carriedbyurescaling the image to
height30 while respecting the original aspect ratio, and applyingoasu’s binarization to
the resulting image. Therefore, the observation sequenicefact a binary image of height
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30. In the Gaussian case, the feature vector dimensién,isvhere the firsR0 values are
gray levels, and the othéf are horizontal and vertical gray level derivatives [Pas@adea,
2007]. In this case, we used the well-known HTK software [Ypet al., 1995].

Experiments were carried out by varying number of stadfess {4, 6, 8, 10, 12}, and
comparing our Bernoulli system to a conventional systenetham Gaussian HMMs. Both
systems were initialized by first segmenting the trainingusing a “neutral” model analo-
gous to that in Young et al. [1995], and then using the resgikegments to perform a Viterbi
initialization. The model was trained with EM iterations, and the recognition was per-
formed using the Viterbi algorithm. As in conventional HMMstems [Young et al., 1995],
the Viterbi algorithm was used in combination with a tablgbr probabilities so as to find
the most probable transcription (class) of each test imBigeLre 5.6 shows the results, where
each point is the average & repetitions 0 random splits). Vertical bars denatestandard
deviation multiplied by two.
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Figure 5.6: Classification error (in %) as a function of thentner of states for the Bernoulli
HMM system without mixtures and the conventional, Gauskiltivi system

The results obtained with the Bernoulli system are muchebéiian those given by the
Gaussian system. In particular, the best result for the @élirsystem is a14.0% classifi-
cation error, obtained witlp) = 10. In contrast, the best result for the Gaussian system is a
64.2% classification error, obtained with = 8.

We extended the experiment by using a different number ¢éstimr each HMM. To

AGP-DSIC-UPV 63



Chapter 5. Embedded Bernoulli Mixture HMMs

decide the number of states for each character, we firstbiigsmgmented all training data
using BHMM s of3 states for punctuation signs afidtates for other ones, and then computed
the average length of the segments associated with eacdotbiaiGiven an average segment
lengthT, for character, its number of states was setkb 7., whereF is afactor measuring
the average number of states that are required to emit aréeatictor. Thus, its inverse,
%, can be interpreted asstate loadthat is, the average number of feature vectors that are
emitted in each state. For instanée= 0.2 means that only a fraction 6f2 states is required
to emit a feature vector or, alternatively, tlﬁ; = 5 feature vectors are emitted on average
in each state. The results obtained are very similar to treyserted above; i.e. the Bernoulli
system outperforms the Gaussian system with error ratétasito those in Figure 5.6. In
both systems the best results are obtained With 0.4. Specifically, a classification error of
43.6% is obtained using BHMMSs, while the classification error adéa using the Gaussian
system i£1.9%.

We concluded these experiments by repeating those showigumners.6, but using one
BHMM per word instead of one BHMM per character while (appnoately) keeping the
same number of parameters. Using BHMMs at word level @d- 1 (1117 Bernoulli
prototypes) a classification error 8.3% was achieved, while with embedded BHMMs and
Q = 10 (710 Bernoulli prototypes) we had a classification erroddf0%. Moreover, using
BHMMs at word level and) = 10 (11170 Bernoulli prototypes) the classification error is
64%; that is, it is still not better than that obtained with emtéed BHMMs.

5.8.2 Embedded Bernoulli mixture HMMs

In this subsection, the experiments from the previous stitoseare extended by replacing the
conventional Bernoulli models by Bernoulli mixture modeleherefore, experiments were
carried out over the IAM word dataset, by varying number afe,Q € {4,6, 8, 10, 12},
varying the number of mixture components per sfdte {1,4, 16,64}, and comparing our
Bernoulli recognizer with a conventional recognizer basedembedded) Gaussian mixture
HMMs. For K = 1, both recognizers were initialized as in the previous scifise. Fork >

1, both recognizers were initialized by splitting the mixwomponents of the trained model
with K/4 mixture components per state. Models have been trained BN iterations,
and the recognition was performed using the Viterbi al¢ponit Figure 5.7 shows the results
for the Gaussian and Bernoulli recognizers, where, as eeéach point is the average3if
repetitions $0 random splits). Due to computational costs, ohyrepetitions were carried
out for K = 64.

From the results in Figure 5.7, it becomes clear that Befnmikture HMMs achieve
similar or better results than those of the conventionaldSiam mixture HMMs. Moreover,
Bernoulli HMMs have a more stable behavior, as compared @ihssian HMMs, in terms
of flatter curves. However, as the value Bf increases, the difference between the two
recognizers decreases. The best results for them both@mieethwith/X’ = 64. In particular,
the best result for the Bernoulli recognizer is an error cdit#). 9% (with @ = 10), while the
Gaussian recognizer is slightly worsH:.3% (with Q = 8). It must be noted that the optimal
Bernoulli recognizer is much simpler than the optimal Garseecognizeri.4M and4.4M
parameters respectively.
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4 6 8 10 12

Figure 5.7: Classification error-rate (%) as a function & ttumber of states, for varying
number of componentdy). Top: Gaussian HMMs. Bottom: Bernoulli HMMs

5.8.3 Windowed BHMMs

In this subsection we test the impact of using a sliding wimdturing feature extraction.
Experiments were carried out on the well-known IFN/ENITatetse of Arabic handwritten
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Tunisian names (see Section 3.3). More precisely, for tiperxents reported below, each
image was first rescaled in height #» = 30 rows, while keeping the original aspect ratio,
and then binarized using Otsu’s binarization method. Theltieg set of binary images was
partitioned into five folds labeled as a, b, ¢, d and e, foltaytihe standard protocol.

We tried different values for the sliding window widilv (1, 3, 5, 7, 9 and11) and
also different values for number of mixture components pegieds (1, 2, 4, 8, 16, 32, 64).
However, taking into account our previous, preliminaryutesin Khoury et al. [2010], we
only tried BHMMs with 6 states as character models. BHMMs were initialized usirg th
same approach than in the previous subsection. As usuaigmiion of test images was
performed by using the Viterbi algorithm.

Figure 5.8 shows the Word Error Rate (WER%) as a function @htiimber of mixture
components, for varying sliding window widths. Each WERmate (plotted point) was
obtained by cross-validation with the first 4 standard fqkiscd). It is clear that the use of
sliding windows improves the results to a large extent. Sjgatly, the best result7.4%, is
obtained fol = 9 and K = 32, although very similar results are obtained ¥or= 7 and
W = 11. Itis worth noting that the best result achieved with noistidvindows (¥ = 1) is
17.7%, that is,10 absolute points above of the best result achieved withnglidindows.

rErr. % WEL ———i

Figure 5.8: Classification error (%) on IFN/ENIT as a funnotiof the number of mixture
componentsk) for varying sliding window widths1{’)

To get some insight into the behavior of windowed BHMMs, thedal for charactet,
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trained from folds abc withV = 9 and K = 32, is (partially) shown in Figure 5.9 (bottom)

together with its Viterbi alignment with a real image of thecacter-, extracted from sample
de05_007top). As in Figure 5.2, Bernoulli prototypes are repregdrats gray images where
the gray level of each pixel measures the probability of iwesponding pixel to be black
(white = 0 and black= 1). From these prototypes, it can be seen that each state igbin r

to left accounts for a different local part @ as if the sliding window was moving smoothly
from right to left. Also, note that the main stroke of the dwer » appears almost neatly

drawn in most prototypes, whereas its upper dot appearsdiyprobably due to a compar-
atively higher variability in window position.

=

MEE ez il

4 24 / 1 32 3220 ,,"'24

blclomosoNo

Figure 5.9: BHMM for characterc, trained from folds abc withV = 9 and K =

(bottom), together with its Viterbi alignment with a realage of the charact% extracted
from samplede05_007top)

Following previous results in Khoury et al. [2010], in thepeximents discussed above
we only tried BHMMs with6 states. However, in Dreuw et al. [2009] where conventional
(Gaussian) HMMs are tested on IfN/ENIT, the authors claiat Arabic script might be better
modeled with character HMMs of variable number of statesesifirabic letters are highly
variable in length (as opposed to Latin letters). In ordecheck this claim, experiments
similar to those described above were repeated with ctearBetMMs of different number
of states. To decide the number of states of each charadt®MB we proceeded as in
Section 5.8.1, but now segmenting the training samples aaged out using BHMMs with
4 states per character.
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Figure 5.10 shows the WER as a function of the faétofor different number of mixture
componentds and a window width o/ = 9 (with which we obtained the best results in
the previous experiments). The best result ibdf% (obtained with? = 0.4 and K = 32),
is similar to the7.4% obtained withé states per character. Therefore, in our case, the use of
character models of different number of states does nottteadsignificant improvement of
the results.

Figure 5.10: Classification error rate (%) on IFN/ENIT as adtion of the factorF' for
varying values of the number of mixture componerty (

Although the results with variable number of states do natlle® significant improve-
ments, it is interesting to see that there are cases in whglexpected, Arabic letters are
better modeled with them. An example is shown in Figure 5<ifigithe sampledm33_037
This sample was recognized using BHMMs with = 9, K = 32 and both 6 states (top)
and variable number of states, with= 0.4 (bottom). In both cases, the recognized word is
Viterbi-aligned at character level (background color) atade level (bottom and upper ticks).
Although it was incorrectly recognized aqu‘ with BHMMs of 6 states (top), it was cor-

rectly recognized agJ\= ! with BHMMs of variable number of states (bottom). Note that

there are two letters)'and ' 5, that are written at the same vertical position (or coluranl

thus it is very difficult for our BHMMs to recognize them as twifferent letters. Anyhow,
the incorrectly recognized word (top) is actually not veiffedent in shape from the correct
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one; e.g. the charactersand >’ are very similar.

‘

i L 50 a2 1)
| -
W " . ‘h\
)
u\-u! "A\
T 1 s

= A J

Figure 5.11: The samplém33_037s incorrectly recognized aé;\i:ﬂ with BHMMs of 6

states (top), but correctly recognized ads .1 with BHMMs of variable number of states
(bottom); the background color is used to represent Vitalighments at character level

5.8.4 Window Repositioning

Apart from the windowed BHMM, in Section 5.7 we also proposiaee different window
repositioning techniques to deal with vertical (horizéyntext distortions, which as we dis-
cussed, are difficult to model with conventional windowed\BHs. To test these techniques
on IFN/ENIT, we used the best settings found above, thatis: 9, K = 32 and BHMMs

of variable number of states with = 0.4. We compared the standard technique (no reposi-
tioning) with the three repositioning techniques introeldien this work: vertical, horizontal
and both directions (see Section 5.7). Results are giveahiteTs.1 for each of the four par-
titions considered above (abc-d, abd-c, acd-b, and bcddjhe partition abcd-e, which is
also often used by other authors.

From the figures in Table 5.1 it is clear that vertical wind@pasitioning significantly
improves the results obtained with the standard methodrizdrttal repositioning alone. The
result obtained for the abcd-e partition with vertical (oth) repositioning6.1%, represents
a 50% relative error reduction with respect to th2.3% of WER obtained without reposi-
tioning. As said in the introduction, our windowed BHMM sgst with vertical repositioning
ranked first at the ICFHR 2010 Arabic Handwriting Recogmit@ompetition. The best re-
sults on the test sets f and s (only known by the organization) the last four competition
editions [Margner and El Abed, 2011] are provided in the &&hB from Section 3.3.
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Table 5.1: Classification error rate (%) of four repositiniechniques: none (no reposition-
ing), vertical, horizontal and both. We usBd = 9 and BHMM s of variable number of states
(F=04)andK = 32

Error %

Training Test None Vertical Horizontal Both
abc d 7.5 4.7 8.4 4.8
abd c 6.9 3.6 7.7 3.8
acd b 7.7 4.5 8.1 4.4
bcd a 7.6 4.4 8.2 4.6
abcd e 123 6.1 12.4 6.1
abcde e 4.0 2.2 3.9 2.0

5.8.5 More Results on IAM

Due to the very good results obtained on the IFN/ENIT dat@hb&ing windowed BHMMs
with repositioning, we have extended the experimentatiar the IAM word dataset using
windowed BHMMs. Furthermore, we have changed the protamrhfSection 5.8.1 by a
more challenging protocol. In particular, we have used |IABras dataset on the basis of
the standard protocol for IAM lines, which is a writer indegent protocol comprising 161
lines for training,920 for validation and 781 for testing (see 3.2.2). Only words annotated
as correctly segmented were used, which resultet6igb6 words for training,7 358 for
validation and19 907 words for testing. We used a closed vocabulary @208 words for
recognition, that is, the vocabulary of all words occurringhe training, validation and test
sets. Class priors were computed as a smoothed unigramdgeguodel.

Afirst series of experiments was conducted on the trainimigzatidation data so as to de-
termine appropriate preprocessing and feature extrasfibons. We tested different prepro-
cessing alternatives, from no preprocessing at all to gfelbrocessing method consisting of
three conventional steps: gray level normalization, de#lg, and size normalization [Pastor
i Gadea, 2007]. It is worth noting that, in this context, simemalization refers to a proce-
dure for vertical size normalization of three differentasén the text line image (ascenders,
text body and descenders), which of course might not be ciyrecated in all cases (see
Section 2.2.2). On the other hand, feature extraction cis@gthree steps: rescaling of the
preprocessed image to a given height binarization by Otsu’s method, and final feature
extraction by application of a window of a given widii and a particular repositioning
technique. We tested different valuesiof(30 and40) andW (9 and11), and also each of
the four repositioning techniques discussed above.

The best results in our first series of experiments were obthivith a two-step pre-
processing including gray level normalization and destanfollowed by feature extraction
with D = 40, W = 9 and vertical repositioning. Using these settings, a seceniés of
experiments was conducted on the training and validatioa idawhich we tested different
values for the number of statés(4, 6, 8, 10 and12) and the number of mixture components
per state (1, 4, 16 and64). BHMMs were trained as described in Section 5.8.2. Theltesu
are shown in Figure 5.12. Note that our best result iB4t8%, was obtained withX' = 64
andQ@ = 8.
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Figure 5.12: Classification error rate(%) on IAM words, gsinindowed BHMMs, as a
function of the number of state§] for several number of mixture componenis)(

As usual in recognition of handwritten text lines, we may finee system performance
by adequately weighting the importance of class priors végpect to class-conditional like-
lihoods. This is done by introducinggrammar scale factor to scale class priors. We
tested several values 6f on the validation set using a system trained in accordanttetiae
best results obtained in the previous series of experim@nWER of 22.4% was achieved
with G = 90.

In our final experiment on the IAM words dataset, we trainegséesn on the training and
validation sets, using the best settings found above fgrpoessing, feature extraction and
recognition. It achieved a WER @6.8% on the test set, which is quite good in comparison
with other recent results on IAM words using the protocoladibed here [Bianne-Bernard
et al., 2011]. In particular, as it can be seen in Table 5.2MBt$ are much better than the
two systems based on HMM technology alone, though the caatibimof these two systems
with a third, hybrid system (combining HMMs and Neural Neti&) achieves even better
results.

Although the results are not directly comparable with theihs reported in Section 5.8.2,
since the experiment protocols used differ, our previossltavith BHMMs, 29.6%, was not
as good as th25.8% of WER reported here.
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Table 5.2: Test-set Classification error rate on IAM wordsoted with BHMMs and other
techniques reported in [Bianne-Bernard et al., 2011]

System Errof%

BHMM (this work) 25.8

Context-independent HMM (Cl) 35.4

Context-dependent HMM (CD)  32.7

Combination (Cl+CD+Hybrid) 21.9

5.8.6 Results on RIMES

For the experiments reported below, we have adopted the WiR@qgwl used in the handwrit-
ten word recognition competition held at ICDAR 2009, whishdescribed in Section 3.4. It
comprisest4 196 samples for trainingy 542 for validation andr 464 for testing. The lexicon
to be used during recognition is that of the set to be recegh(z636 words for validation
and1 612 for testing), and the alphabet consist8bfcharacters. As above, class priors were
computed as a smoothed unigram language model.

As with IAM words, a first series of experiments was conductedhe training and val-
idation data to decide on adequate options and parametezs/édr preprocessing, feature
extraction and recognition. In particular, we tried threegrocessing alternatives, two repo-
sitioning techniques and different number of states< 4, 6, 8, 10) and mixture components
(K =1, 4, 16 and64). Other parameter values used wére= 30 andW = 9. The best
WER, 21.7%, was obtained with a two-step preprocessing includingathéisig and size nor-
malization, followed by feature extraction with = 30, W = 9 and vertical repositioning;
and then BHMM trained witlf) = 8 and K = 64. Also as with IAM words, the performance
of this system was fine-tuned by trying several values of tlaengnar scale facto& on the
validation data. We achieved a WERIH.7% with G = 120.

The best options and parameter values found on the validaébwere used to train a
system from the training and validation data, which was finalaluated on the test set.
We obtained a WER 0f6.8%. In Table 3.10 of Section 3, this result is compared with
those reported at the ICDAR 2009 competition (using the WRR2qggol) [Grosicki et al.,
2009]. From these results, it becomes clear that our windd@#MM system with vertical
repositioning achieves comparatively good results.

5.9 Concluding Remarks

Embedded Bernoulli HMMs have been proposed for handwritterd recognition. They
have been formally described first, and then empirically garad with conventional Gaus-
sian HMMs on a task of handwritten word classification frora tAM database. We have
first studied the impact use of simple Bernoulli HMMs at subdv@haracter) level. We have
obtained a classification error @..0%, which is 20 points better than the best result ob-
tained with a conventional, Gaussian-based HMM systemowitmixtures. It is also worth
noting that the proposed system works with less featurepargimeters than the conven-
tional system 0 vs 60 and half of the parameters). On the other hand, the propgstehs

72 AGP-DSIC-UPV



5.9. Concluding Remarks

has been also compared with Bernoulli HMM-based classifioad level. As expected, the
advantage of using subword models has been clearly confirmed

We have also studied the use of Bernoulli mixture emissiabability functions. In this
case, the results of the Bernoulli based recognizer usimgrized input images as features,
are similar or better than those of the Gaussian mixturecoesmsgnizer using real features
(gray levels and derivatives). Nevertheless, the featatraetion required for the Bernoulli
recognizer is minimal, moreover, it is much simpler in teiwhaumber of parameters.

Apart from our previous basic approach, in which narrow,-oakimn slices of binary
pixels are fed into BHMMs, we have used a sliding window ofcade width to better cap-
ture image context at each horizontal position of the wordgem Furthermore, windowed
BHMMs have been improved by the introduction of windaspositioningtechniques. In
particular, we have considered three techniques of wingpasitioningafter window ex-
traction: vertical, horizontalandboth. They only differ in the way in which extracted win-
dows are shifted to align mass and window centers (only indntical direction, horizontally
or in both directions). The experiments, reported over te-kinown IFN/ENIT database of
handwritten Tunisian town names, have carefully studiecffects of the window width, the
number of states, and repositioning. As expected, the bsslts have been obtained with an
adequate adjustment of the window width, number of statemfer of mixture components
and, what it seems even more important, (vertical) windguoséioning after window ex-
traction. An error 06.1% has been achieved on the standard abcd-e partition. Fomtiner
these repositioning techniques have been also tested thvheord dataset and the RIMES
word dataset. In both cases reported results were conweetitis worth noting, that the ver-
tical repositioning technique proposed here has been wsmhtly for other researchers in
the field [Doetsch et al., 2012, Su et al., 2013].
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Chapter 6. Bernoulli HMMs for Continuous HTR

6.1 Introduction

In Chapters 4 and 5, an isolated handwritten word recogmizar proposed in which bi-
nary image pixels are directly fed into word-conditioeadbedded Bernoulli mixture HMMs,
that is, embedded HMMs in which the emission probabilitiess modeled with Bernoulli
mixtures. As in Saon and Belaid [1997], the basic idea is smenthat no discriminative in-
formation is filtered out during feature extraction, whiohsbme sense is integrated into the
recognition model. In this chapter, this idea is extendegleioeral, continuous handwritten
text recognition; that is, whole sentences instead of iedlavords. As in speech recogni-
tion, HMMs are used to model the probability of the input ireagiven a transcription, and
n-gram models are used to model the probability of a transorigBertolami et al., 2007,
Pastor i Gadea, 2007, Rabiner and Juang, 1993]. Empirisaltseare reported on three
database of handwritten text lines recognition: the wathkn IAM database, the Germana
database, and the Rodrigo database. We also report resuftdafst two printed Arabic text
recognition competitions [Slimane et al., 2011, 2013], imchk we obtained state of the art
results using continuous BHMMSs.

The chapter is organized as follows. In Section 6.2 we erplaiv BHMMs are extended
to continuous HTR. In Section 6.3, empirical results areorggal. Concluding remarks are
discussed in Section 6.4.

6.2 BHMM-based Continuous HTR

As described in (5.7), given an observation sequeénce (o4, ...,or), its most probable
transcription is obtained as

w* = argmax p(wl) p(O | w}) 6.2
wNew

whereWV is the set of possible transcriptions. In contrast to haittearword recognition,
whereW is a finite set of words, in continuous handwritten text redtign (HTR) W is

a set with all possible word sequences which could be olddimmen a finite set of words.
Therefore, modeling directly(w1") with prior probabilities, as we did in Section 5.5, is not
feasible for continuous HTR, because, even though the nuafilpessible word sequences is
bounded, the number is usually too large to obtain good peterestimations. Consequently,
p(wi¥) is modeled by applying the Markov chain decomposition

N
pw) = [ p(wi | wi™), (6.2)

=1
which is usually approached usinggram models

N

pw) = [ p(wi | wiZ),,)- (6.3)
=1

For more details aboutgram models see the Section 2.3.
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As a consequence of the introduction of thgram models into (6.1) two main questions
arise: how this affects to the parameter estimation of BHM&u how this affects to the
recognition process. Regarding the first question, pammestimation of BHMMs can be
carried out as described in Section 5.6. Since, accorditigetmaximum likelihood criterion
the parameters of the BHMMs amdgram models can be independently estimated.

The second question requires a more elaborated answemdiwhigten word recognition
calculatingp(O | wi¥) (or the approximated Viterbi probability) and then addjrig1") is
a possible approach. However, in continuous HTR this apbr@unfeasible due to the too
large number of word sequences.

An advantage ofi-gram models, which we can use to efficiently carry out thegedion,
is that they can be easily reinterpreted as probabilistitefistate models. Each probability
p(w | k) can be reinterpreted as the transition probability betvikestated, whereh is the
current history, and’ = v(h-w), wherey(h-w) is the new history resulting from appending
w to h. Note, that here by history we mean the most reeent1 observed words (left to
right).

This interpretation of am-gram is very important because we can replace the words in
the n-gram model by its corresponding BHMMSs, which in turn areltoconcatenating the
BHMMs related to its symbols. The result of this process isighBHMM, whose most
probable path can be obtained using the Viterbi algorith@pdéhding on how BHMMs are
embedded into the-gram model we talk of two different strategies: embeddihgVBVs
into LM states and embedding BHMMs into LM edges.

6.2.1 Embedding BHMMs into LM States

This embedding strategy can only be appliedgram models wit > 1, and in general,

to any finite state model in which states are words. A good @kamf this kind of finite
state models are wordnets [Young et al., 1995]. In the casegrhm models, each state is
representing the history, that is, the last 1 seen words. In order to apply this embedding
strategy, we assume that the word related to each LM stateitast word of the history,
which it is also the last observed word. This is the main redserause this strategy can not
be applied tol-grams, since in-grams the history is empty, and we can not associate any
word to the empty history.

As its name indicates, in this embedding strategy the hugelBHised in the search is
obtained by replacing each state of the language model bgHihéM related to the word of
the state. Each state of the resulting BHMM can be repreddnte tuple(h, k, 7), which
denotes thgth state of thekith symbol of the word which has been embedded into the state
h. An example of how BHMMs are embedded into language mod&dsia shown in Fig-
ure 6.1. The example represents four transitions of a bignaihel. For simplicity, we do not
represent the BHMMs related to each character.

The search of the best path on the resulting BHMM can be dffigiearried out by means
of the Viterbi algorithm. Specifically, we are trying to sel¢6.1), which after applying the
maximum approximatioaverp(O | w), in a similar way than we did in Section 5.5.3, can
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Figure 6.1: A visual example of how BHMMs are embedded into stistes.

be rewritten as

N
w* ~argmax [ pw))-  max  pol.qf,iy" T wl) (6.4)
wNew LN
ars .-, ar
N [y |
- . =1 g1 —1
~argmax | [ [] plwm |wp=p ][ max ] po., (0™ g™ )]
wiy €W m=1 7’1“”77"“’{\7‘*1 =1
a1, ar
(6.5)
N [wi™]
o m—1 ~ iip1—1 4411 6.6
“argmaxmax [ [plwn [0 7h) [ e, 0l el )L (66)
i1 N - —
wrew e mei I=w}" |41

where herdw{¥| does not denote the length of" in words, N, but it denotes the length
of wl¥ in symbols (characters). According to the Viterbi algariththe probability ofw*

can be efficiently calculated by defining a dynamic prograngéble. Where each entry,
Q(t, h,k, j), is the probability of the most likely path up to timébinary feature vectos;)
that ends in the statg, &, j) of the huge BHMM. Specifically, in the case of regular states
@ will be defined as

QUi hikyj) = max  p(w) ploy" g LT T (6.7)
w[:"H(w) =nh N——
iqli ;ﬁ :57’5 LM score Symbols inw{¥
ir—1 ir,—1 L . 6.8
p(OiL,k+1aqz'L7k+lsz7k+2 | ZLkarlva) ’ ( . )

Previous symbols i n

p(OEL,qu | Z.L;wN) ) (69)

kth symbol inw n

whereN denotes the number of wordg, returns the last — 1 words (H(w) = w}y_,, . ,),
and L is the position in the whole symbol sequence of tie symbol fromwy (L =
|w{V‘1| + k). Equation (6.7) can also be used for the special sthtasd F', by simply
redefining the restriction related to the segmentatioratées:. Specifically, for the staté
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we will requireif : iy, = t+1, while in theF case we will requirs«éfJrl tir+1 =t+1. Note
that (6.7) is a recursive function. For example, the two feains in (6.7) can be replaced by
Q as follows

Q(tvha ka]) = max Q(Z’Lkarl _17ha171)' (610)
PO gt T ik, wN)- (6.11)
p(of,,qi, lir,wn), (6.12)

or for example, we can also replace the previous symbolgseas follows
Q(tv ha ka]) = max Q(ZL - 17 ha k? I) : p(OfL,qu | iL; wN) . (613)

Note as well that usin@ we can calculate the probability of the most probable path,
as
p(w*) ~ hrggii) Q(Ta hv |w|7F) p($ | h) ) (614)

where$ is the special word used to denote end of sentence. The wquésee related to the
most probable pathy*, can be easily retrieved by building a parallel table of bpoknters,
as we did in Section 5.5.3.

In any case, in order to efficiently computewe proceed as follows. For the special
states/ and F' with 1 < ¢ < T we have

Q(t,h,k—1,F) 1<k <|wl
Qt,h k. I) = max  Q(t, W, |w'|, F)p(w | k) k=1 : (6.15)
R ho= (R w)
h =0 w
and, foranyh = v - w,
Q(ta hv ka F) = 1§§%%€}Wk Q(ta hv ka]) * Oy F (616)

wherewy, is thekth symbol of the wordv, and|w| is its length in symbols. For the case of
regular states, being< ¢ < T andh = v - w, we have

Q(t, h, kj,j) = [j/e{lrfl.?t?{M Q(t —1,h, k?;j/) * Q' 5 bwkj(ot) . (6.17)

L,
Finally, the base case is defined for 1, £ = 1 and anyh = w

p(w) CQuwy I bwlj(ol) 1<5< Mw1

. (6.18)
0 otherwise

Q(lvhalvj) = {

6.2.2 Embedding BHMMs into LM Edges

This strategy can be applied to anygram model, or to any finite state model in which
transitions between states are representing words. Intféstis a more generic approach
than the previous one, since a finite state model in whickstate representing words can be
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Cow

N
a
Q Kt/ p(cat| red) cat

Figure 6.2: Top: A visual example of how BHMMs are embedded @dges. Bottom: The
same example using a prefix tree. LM probabilities are aggiethe positions where they
appear.

easily interpreted as a finite state model in which edgesegmeesenting words by means of
linking to the each edge the word related to its incomingestat

In this strategy, the huge BHMM used during recognition itaoted by replacing each
edge by the BHMM related to its linked word. In this case, estake of the resulting BHMM
is a tuple(h,w, k, j), which denotes théth state of theith symbol of wordw which has
been embedded into the edge related(to | 4). On top of Figure 6.2 a visual example of
embedding BHMMs into LM edges is shown.

A disadvantage of this approach with respect to embeddiniyiBH into states is that
the search space is bigger. For example, assume an imageting in which we have a

82 AGP-DSIC-UPV
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smoothed bigram model a0 words (100 states withl 00 outgoing edges), where all words
have the same length €haracters), and each character is modeled with a BHMM mufdel
3 states. In the case in which BHMMs are embedded into stdtes)umber of states of the
resulting BHMM is(100 - 1 - 5 - 3) = 1500. However, when embedding BHMMs into edges
we have that the number of stateg160 - 100 - 5 - 3) = 150000. For this reason, a common
approach is to represent the outgoing words of a LM state asfi pree. Although using
this solution the number states is drastically reducedytimeber of states is still to large with
respect to the embedding into states approach. On bottoigufed6.2 we have the example
on top but using a prefix representation of the outgoing eflges each state. It is worth
noting, that due to the use of the prefix tree, LM probabsitieust be calculated at the end
of the edges.

In any case, when pruning techniques are used, which is goiitenon in practice, this
disadvantage is irrelevant. Moreover, in some aspectssiaisnore practical approach. For
example, using this approach is quite easy to generate waptig [Ney and Ortmanns, 1999],
since words are generated before reaching ingoing languadel states.

As in the state embedding strategy we can apply the Vitedmrighm. Specifically, in
this case we define a dynamic programming taplevhere each entr@)(¢, h, w, k, j) is the
probability of the most likely path up to time (binary feagurector)t that ends in the state
(h,w, k, j) of the huge BHMM. In a similar way as we did in (6.7), we defipg&, h, w, k, j)
in the case of regular state as

Q(t.hyw k.j) = max p(v) - ployt T gt i ). (6.19)
’qlL,l ;f :S; Previous words
p(w | h) plogy . air ") 0T ks | in—ky1,w) - (6.20)
LM edge Previous symbols im
P(OZ,(]:L | iva) ; (621)
kth symbol inw

wherev is a sequence the words, maybe empty, &rid now defined as| + k. The main
difference with (6.7) is that now does not include the current word, since word recognition
is carried out in the LM edge. It is worth noting, that in thasep(w | h) can be calculated at
the beginning of the edge, as we did here, or at any other@ogitthe word, as for example
at the end of the word.

Eficcient calculation of) is performed as follows. For the special stafesnd F’, with
1<t <T,Q(t h,w,k,j) is calculated as follows

Q(t,h,w,k—1,F) 1<k <|wl

max R W W, Fp(w | h) k=1 , (6.22)
(h’ﬁw’)rv(h“w’):hQ( [w'l, F)p(w | h)

Q(t’ h7 w? k’ I) =

and, for any paih, w),

Qt,h,w,k, F) = max Qt, h,w,k,j) aw,iF, (6.23)

1<G<M,,
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wherewy, is thekth symbol of the wordw, and|w| is its length in symbols. For the case of
regular states, being< ¢ < T', we have

Q(ta h,w, kj,j) = |:j’e{lr{1aXM }Q(t —1,h,w, k,j/) * Qo575 bwkj(ot) . (6-24)
oLy Mawy

Finally, the base case is definedfoe 1, h = -, k = 1 and anyw as

p(w) “QunIj b’wlj(ol) 1<j< My,

. ; (6.25)
0 otherwise

Q(17 s W, 1).7) = {
where heré, = - is referring to the empty history.

6.2.3 Pruning Techniques

Despite of the Viterbi algorithm, the recognition procassontinuous HTR is still too de-
manding of time and memory. For example, using a bigram miodel vocabulary 080 K
words, an average length &6fcharacters per word, antlstates per character; the num-
ber of different values which must be calculated accordinft17) for a given instantis
30K x 5 x 6 = 900K, that is, about one million of entries at each instant. Fx thason,
pruning techniques are required to restrict the searchespiahe Viterbi algorithm. Among
the pruning techniques, there are two that stand out duestoggbpularity.

Beam search: At each instant only those hypothesis whose probabilitybisva a certain
dynamic threshold, which depends on the probability of thet lhypothesis at that
instant, are expanded. This pruning is one of the more éffetdchniques, and must
be carefully tuned. This technique requires the most priebphth at current time
to be known, hence, the pruning is carried out after expandihprevious pruned
hypothesis. In order to accelerate the process, the theghasually dynamically
calculated using the current best hypothesis without ngitd expand all hypothesis,
that is, recalculating it every time that the best hypothebanges.

Histogram pruning: At each instant only thé/ best hypothesis are expanded. Wharés
a predefined number of active hypothesis. This is a very sitgghnique which allows
a strict control over time and memory requirements.

Beam search and histogram pruning are usually used tog€tiwen both techniques, the
beam search is the one with more impact over the speed reéimogince usually very few
hypothesis are expanded at each time. However, the beaohszes not allow the control
of the maximum number of hypothesis at each instant, andtainénstants this number can
be too large, and hence, the speed recognition slow. Forghson, when the beam search is
used the histogram pruning is also applied, in order to pl@at each instant an upper bound
to the beam search.

6.2.4 Constrained Search

This section is the result of a collaborative work. The metiion was to take advantage of the
BHMM recognizer, in order to develop a constrained recogmniar conventional Gaussian
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mixtures. This constrained recognizer was used into amaotiee handwritten recognition
framework, in order to automatically improve the recogditzxt partially supervised by the
user. That is, input image were re-recognized fixing thatdsdhat have been previously
supervised by the user. We do not have any result on BHMMslaréfiore we decided not
to report any result related to constrained search in tlésish Therefore, in this section we
briefly describe how the dynamic programming taBleefined in the previous Section 6.2.2
can be modified in order to add some constraints. For morélslatzout this collaboration
please refer to Serrano et al. [2010b, 2013].

We will focus on constraints of type= (¢, c., w), by which the wordo mus be recog-
nized from the segment. It is worth noting, that we are not forcing the wardo begin or
end at specified segment. For simplicity, we will reformel@tapplying only one constraint.

Therefore, letQ). a dynamic programming table, where each ergyt, h, w, k, j) is
the probability of the most likely path up to tintethat ends in the statgq, w, k, j) of the
huge HMM, constrained to the given constraint= (¢, c., w). From the@ defined in
Section 6.2.2 we can defiri@. as follows. Note, that here we are usi@g(t, h, w, k, j) =
Q(t, h,w, k, j) to denote thaf).. is calculated ag). First, we need to ensure that the ward
is recognized ige, so for the case of regular states we have
0 ey <t < ce,wi #F W

6.26
Q(t,h,w,k,j) othercase ( )

Qc(tﬂ h7w7kﬂj) = {
Second, previous equation avoids another word otherdhi@rbe recognized, but it does not
preventw is recognized more than once. Therefore, for the specitd stahenk = 1 we
have

0 cp <t < ce
(t,h,w,1,1) = . 6.27
Qelt: hyw, 1,1) {Q(t,h,w, 1,I) other case 6-27)
Finally, for any other case
Qc(t, h,w, k,j) = Q(t, h,w, k, 7). (6.28)

6.3 Experiments

Experiments were carried out using three different datedascontinuous handwritten text
recognition: The IAM database, the Germana database ariRidtiego database. The IAM
database is a synthetic database of English handwrittédexments, which is one of the
most popular databases used to evaluate HTR systems. \tigilether two databases were
obtained from two real historical documents written in SplanFor more details about these
databases see the sections 3.2.2, 3.5 and 3.6. Besidesetheugrexperiments, we also
report at the end of this section the results obtained usingrouous BHMMs on the last two
ICDAR competitions on recognition of printed Arabic text.

6.3.1 The IAM Database

In this section we carried out experiments using the IAM dase. Results were reported
using two preprocess alternatives: the preprocessed silagiewere used in Espafia-Boquera
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et al. [2011], and no preprocessing at all. As in previouptdrafeature extraction consisted
from three steps: rescaling of the preprocessed image teea gieightD, binarization by
Otsu’s method, and final feature extraction by applicatiba window of a given widthiV/
with vertical repositioning.

The language model was derived from three different Engéigshcorpora (LOB corpus,
Brown corpus and Wellington corpus) in a similar way as descrin Bertolami et al. [2007].
We used a bigram model, with an underlying vocabulary ctingi®n abouB0 000 words.
Note, that the vocabulary was not closed over the validaiidest sets.

In a first series of experiments, the heightand the grammar scale factor were tuned on
the validation set for both preprocessing alternativegdrticular, we tested several height
values,D € {15, 20, 30, 40}, and several grammar scale factor valygs), 15, 20, 25, 30}.

In all cases, window width was fixdd” = 9. This value was selected in accordance to the
results obtained in the previous chapter. The best reselts vbtained using heigiit = 20

for the preprocessing case, alid= 40 for the non preprocessed case. In both cases, the best
grammar scale factor value was.

With these settings, a second series of experiments weiedaut on the validation set
in order to adjust an appropriate number of states per BH@M; {4,6,8, 10, 12}, and the
number of mixture components per staké ¢ {1,4, 16,64}. As usual (see Section 5.8), for
K =1, the recognizer was initialized by first segmenting thenirag set using a “neutral”
model, and then using the resulting segments to performeab¥iinitialization. ForK > 1,
it was initialized by splitting the mixture components oétinained model with'/4 mixture
components per state. The results obtained are shown i6 Big.

Analyzing the results in Figure 6.3, it is seen that for batkes appropriate values for
Q and K are6 and64 respectively. In particular we obtained8.1% of WER in the non
preprocessed case, an@®a5% of WER in the preprocessed case; that is, four points better
than in the non preprocessed case. Using these valdgsotl X new models were trained,
for both preprocessing cases, using all training and deveémt data, and then they were
used to recognize the test set. In this set we obtainet%% and31.1% for the non pre-
processed and the preprocessed cases respectively. Eselte are better than t136.5%
WER reported in Bertolami et al. [2007], which is obtainedhaa similar system based on
Gaussian HMMs, geometrical features and flexible numbetatés.

6.3.2 The Germana Database

In this section, experiments were carried out using the @amtatabase, which is the tran-
scription of a Spanish manuscript frorf91 (see 3.5 for more details). Specifically, we only
used the firsi 79 pages, which comprise the unique part on the book in whiclmiSpas the
only language. From pade0 till the end othels languages appear, sometimes as the unique
language of the page, sometimes mixed with other languddes.pages were divided into
training, development and test sets. In Table 6.1 somestitatiof the partition used are
shown.

Original scanned pages were segmented into lines, and tepnggessed, using the Gi-
Doc prototype [Serrano et al., 2010a]. Preprocessing statsiof three steps: gray level
normalization, deslanting, and size normalization of adees and descenders. Preprocessed
lines were then transformed into sequences of binary feateetors as usual: image rescal-
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Figure 6.3: WER (%) on IAM lines dataset as a function of thenbar of states@), for
varying number of component&(). Top: Non preprocessed. Bottom: Preprocessed
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Table 6.1: Statistics of the partition used in the Germamegmentation
Pages Lines Words Lexicon Singletons

Train 140 3004 30119 8496 6052
Dev. 20 367 3550 1585 1287
Test 17 381 3773 1738 1434

All 177 3752 37442 10007 7025

ing to heightD, Otsu’s binarization, and feature vector extraction bylgpg a vertical
repositioned window of widthV’.

According to the statistics shown in Table 6.1, the perggntaf singletons in the par-
tition, about19%, is too high. This is an important issue related to the egtomeof the
language model. On one hand, singletons appearing in tdsderelopment will be incor-
rectly recognized, since they will not appear in the languagdel. On the other hand,
n-grams related to the training singletons will be poorlyreated, and they will be useless
for test recognition since they do not appear in the test eeldpment sets. Furthermore, the
amount of running words in training is small. In order to pedp estimate a language model
we adopted the method proposed in del Agua et al. [2012].isrpidwper, which also uses the
Germana database for experimentation, a character baggdige model is used instead of a
conventional one based on words. That is, words are spliharacters and treated as words
for language model estimation and recognition. After rexttign, characters are joined again
using the blank character as word separator.

Several experiments were carried out over the developnatrih ©rder tune the meta
parameters of the model. In particular, we tested seveighhealues,D € {15, 20, 30, 40},
several number of state§, € {4, 6, 8,10, 12}, several mixture components per staké,c
{1,4,16,64}, and several window widthg}) € {7,9,11,13}. Regarding the recognition
parameters, we also tested several grammar scale faatesval0, 15, 20, 25, 30}, and order
values for the character baseeram modely € {9,10,11,12}. The best result16.5%,
was obtained using features of height= 30 and window widthiW = 13, HMMs with
Q = 6 andK = 64, and carrying out the recognition with a grammar scale fatiand an
11-gram language model. In Figure 6.4, the WER as a functioh@humber of states and
mixture components per state is shown for the best case.

Using the best configuration from development we carriecadirtal experiment over the
test set. In this case the development set was includedhiettraining set. We obtained a
13.8%, which is close to thé2.1% obtained in del Agua et al. [2012] using discriminative
Gaussian HMMs.

6.3.3 The Rodrigo Database

We finish the experimentation section carrying out expentsiever the Rodrigo database. As
in the Germana database, the Rodrigo database is the ifaimscof a Spanish manuscript,
in this case froml545 (further details in 3.6). For the experimentation, the Hase were
divided into training, development and test sets. Somésstat are shown in Table 6.2.

As we did in Germana database, original pages were segmietddihes using the Gl-
DOC. However, time lines were extracted without applying &md of preprocess. Over
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Figure 6.4: WER (%) on Germana dataset as a function of thebruwf states@), for
varying number of component&()

Table 6.2: Statistics of the partition used in the Rodrigpezimentation
Pages Lines Words Lexicon Singletons
Train 410 10001 109143 13480 8112
Dev. 205 5010 55195 7453 4587
Test 227 5346 59105 7523 4513
All 842 20357 223443 20288 11738

the segmented lines the same feature extraction procedsengarevious experiments was
applied: image scaling to a given height, Otsu'’s binarargtand vertical window reposition-
ing. For language modeling, we used conventional word basg@ém models.

As usual, we began the experimentation carrying out see@driments over the de-
velopment set. Regarding the training, we tuned the follgwparameters: heighd €
{15, 20, 30,40}, number of state® < {2,4, 6,8, 10}, number of mixture componenis <
{1,4,16,64}, and window widthiW" € {7,9,11}. While for recognition we tested these pa-
rameters: grammar scale factor valyes, 15, 20, 30, 40}, andn-gram ordem € {2, 3,4}.
The best result26.6%, was obtained using heigli? = 30, Q = 4 states,K = 64 mixture
components per state, and a window widthdf= 9. Recognition was carried out using a
grammar scale factor &0 with a 4-gram model. In Fig. 6.5, the WER as a function of the
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Figure 6.5: WER (%) on Rodrigo dataset as a function of theramof states, for varying
number of componentdy)

number of states and mixture components per state is showinefdest case.

Using the best configuration from development, we carriedaofinal experiment on
the test set. In this experiment the development set wasded! into the training set. We
obtained 20.1%, and a character error rate®@b%. We do not have comparative results, but
taking into account the low character error rate, and thélproatic of the corpus (archaic
language, embellishing writing, etc) we think that this igced result.

6.3.4 Results on Printed Arabic Text

Given the good results obtained for handwritten Arabic 8xtFN/NEIT in Chapter 5, we
decided to participate in thikst Arabic Recognition Competition: Multi-fon Multi-siPegi-
tally Represented Texrih ICDAR 2011 [Slimane et al., 2011].

The database used for this competition was The Arabic Rrifg&t Image (APTI) database.
The APTI database is a collection of images of Arabic Printedds. It was recently pub-
lished by Slimane et al. [2009] for large-scale benchmaykiopen-vocabulary, multi-font,
multi-size and multi-style text recognition systems in Bira It consists ofl 13284 differ-
ent single words, each one available in 10 different forisglifferent font sizes, and also 4
different styles.

APTI is divided into six balanced sets (setl , set2 , ..., $¢tballow for flexibility in

90 AGP-DSIC-UPV



6.3. Experiments

Table 6.3: Results (character error rate) of 4eV-PRHLT-REC1 system on the second
protocol of ICDAR 2011 APTI competition.

Font / Size 6 8 10 12 18 24 | Average

Andalus 1.1 52 39 33 33 3 3.3

Arabic Transparent 1.0 4.8 45 39 38 3.9 3.6

Simplified Arabic 0.8 38 33 31 30 36 3.8

Traditional Arabic 10.7 181 15.7 164 16.5 15 15.4

Diwani Letter 9.1 242 222 219 51 204 17.2

the design of experimental protocols. Each set has diffeverds, but characters are equally
distributed. The five first sets are available for the sciientbommunity. The sixth set is kept

by the authors for future evaluation of systems in blind motiee are two big differences

between the APTI task and the IFN/ENIT database. The firlgraifice is that the APTI task

is a printed text recognition task. The second big diffeesisahat the vocabulary of set6 is
unknown and it is supposed to be much larger.

For the competitior2 protocols were proposed. In the first protocol font and stydee
fixed to Arabic Transparentand Plain respectively, while several font sizes were testgd (
8, 10, 12, 18 and24). The second protocol is equal to the first protocol but agladimore
fonts: Diwani letter, Andalus Arabic TransparentSimplified ArabiandTraditional Arabic
In both cases set6 was used for evaluation, and the font@izath test sample was known.

The systems we send were trained from input images scalezlghtto 40 pixels (while
keeping the aspect ratio) after adding a certain number dkevgixel rows to both top and
bottom sides of each image, and then binarized with the ®&gorithm. A sliding window
of width W = 9 was applied without repositioning. The number of statescharacter was
adjusted tay = 5 states for images with font size of 6, aQd= 6 states for other font sizes.
Similarly, the number of mixture components per state wagigcally adjusted tak’ = 64.
On the other hand, in order to deal with out of vocabulary wdrdtest, recognition was
carried out using a language mod&idram) at character level.

Two systems were submittettPV-PRHLT-REC1 andUPV-PRHLT-REC2. The first
system obtained better results and ranked first in the cotigpetThis system was used for
both tasks/protocols. In the first task (one font) one moale¢&ch font size was trained and
used later to recognize the test corpus. For the secondftas&ach font size, a different
model for each font was trained. The test corpus was recedron all models, and the
recognized text word with the highest probability was sieléc In Table 6.3, the results of
the first system on the second protocol are shown.

A second competition on the APTI database was released iARCED13: Competition
on Multi-font and Multi-size Digitally Represented Araiext[Slimane et al., 2013]. Despite
in this new competitiont protocols were proposed, we only participated in the firstdh
protocols. The first protocol (PCO) is the same that the firstgzol of the first competition,
that is, font and style were fixed #rabic TransparenandPlain respectively, while several
font sizes were tested (8, 10, 12, 18 and24). The second protocol (PC1) is equal to the
first protocol but now the font size for test samples is unkmokinally, in the third protocol
(PC2) theArabic Transparenfont from the second protocol is replaced by the ligatured fo
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Table 6.4: A summary of the results (character error ratédinbd by the UPV-PRHLT
systems in the ICDAR 2013 APTI competition.
6 8 10 12 18 24 | Average
PCO 0.52 0.07 0.04 0.04 0.04 0.04 0.12
PC1 0.59 0.06 0.03 0.01 0.02 0.02 0.12
PC2 284 153 129 123 124 1.19 1.55

DecoType Naskh

The systems we send were very similar to the systems send fyeékiious competitions.
The main difference is that this time we have applied velrtiepositioning. Specifically,
basic training consisted on scaling input images in heightOt pixels (while keeping the
aspectratio), and then binarized with the Otsu’s algoritArsliding window of widthi/ = 9
using the vertical repositioning was applied. The numbetaties per character was adjusted
to @ = 7 states for all font sizes. Similarly, the number of mixtuoenponents per state was
empirically adjusted td¢ = 128.

Three variants of the UPV-PRHLT system were submitteld®?V-PRHLT-REC1 (for
protocol PCO)JUPV-PRHLT-RECPC2 (protocol PC1) andJPV-PRHLT-RECPC3 (proto-
col PC2). For protocol PCO, where the size selection ops@niabled, six different models
were trained on thérabic Transparenfont images, one model for each font size. For all
test images of a specific font size, a specific model was sgl¢gtrecognize testimages. For
protocol PC1, only one model for all font sizes was trainedt@Arabic Transparenfont
images. For protocol PC2, one model for all font sizes waserhon theDecoType Nasfont
images. A summary of the results obtained in the competitiershown in Table 6.4. These
results, which are quite better than those obtained wittepdsitioning, ranked second in the
competition, and they are very close to the best system.

6.4 Concluding Remarks

Embedded Bernoulli mixture HMMs have been proposed for Dapus Handwritten Text
Recognition and comparatively good results have been rddadn the well-known 1AM
database. In particular,3.1% of test-set WER has been achieved. Experiments on real
ancient documents have been also carried out. Althougle e not comparable results,
the obtained results are quite good for a an automatic trigntien from an ancient docu-
ment. Finally, state of the art results have been obtainegrioter Arabic text recognition
using BHMMs and a language model at character level, whibresdahe problem of out of
vocabulary words. In fact, reported results in printed Acakere ranked first and second
respectively on ICDAR 2011 and ICDAR 2013 competitions.
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Chapter 7. Mixture Multi-class Logistic Regression ModelsBinary Images

7.1 Introduction

As we have analyzed in previous chapters, Bernoulli-basmdbis are competitive for hand-

written text recognition (HTR). HTR usually involve text ages which are only composed
by black and white colors. Since Bernoulli-based modelvarg well suited for such cases,

binaryzed input images are directly fed into a Bernoullséé model without the need of a

sophisticated feature extraction process. Bernoulli umed have been successfully applied
to isolated character recognition [Juan and Vidal, 2004n8w et al., 2007]. In this thesis,

we have obtained very good results in continuous HTR andtisdlhandwritten word recog-

nition using HMMs with Bernoulli mixture emission probabigs at the states (BHMMS).

All previously mentioned Bernoulli-based models are kndeibe generative models.
Generative models are classifiers based on the optimal Btggsfier [Duda and Hart, 1973].
The optimal Bayes classifier is a very well-spread classifinaechnique. The Bayes clas-
sifier, which minimizes the classification error rate, is tme that selects the class,that
maximizes the posterior probability.(c | x) for a given inputk. The posterior probability is
usually unknown and needs to be approximated. In the casenafrgtive models, the poste-
rior probability is approximated by a joint probability melchy (¢, x) which is parametrized
by 6.

Generative models have two great advantages among mamng.ofrethe one hand, the
parameters of the generative models are easily underdtenida researchers. For instance,
in the Bernoulli-based models, the model parameters carspiagled as grey level images,
so that we can know which pixels are more probable than othihsn a class. On the
other hand, generative models are mostly trained with mamirikelihood estimation (ME)
criterion. One of the advantages of this criterion is that¢hare well-known algorithms for
training generative models with hidden variables such a&ttl [Dempster et al., 1977].

Despite the good properties of theLKlIcriterion, it has a very important drawback when
used in classification problems. TheLKlis aimed at explaining the probability distribution
underlying the training sample, that is, maximizing theslikood of the joint probability
functionpy(c, x). However, we are interested in simply classifying sampdes|, there is no
guarantee that the Mt parameters are the most suitable for classifying.

The discriminative models and criteria are aimed at clgisgjfthe data without explain-
ing it, and, hence, they directly approximate the posteilass probability by a modeh (c|x)
which is parametrized b)x. However, discriminative parameters are difficult to urstimd
provided that they do not explain the input. Discriminatpagameters are usually estimated
by the maximum mutual informationMMI) criterion, which directly maximizes the like-
lihood of the posterior probability functiopy(c|x). In contrast to ME, the parameters
estimated with M1 maximize the differences between classes in order to bel@ssify
samples. Unfortunately, there is no closed form solutiantfie@ Mmi criterion, and few
unsatisfactory algorithms are available for finding theiropt parameters. This problem is
specially important for discriminative models with hiddeariables

The generalized iterative scaling (GIS) algorithm [Dalr@nd Ratcliff, 1972] finds the
optimal discriminative parameters accordingly to theivcriterion for a special family of
discriminative models, the so-callé-linear or maximum entropy models (LLNHowever,
GIS is not suited for LLM with hidden variables. RecentlyHeigold et al. [2008] a similar
algorithm, namely GGIS, has been proposed for training LLNhwidden variables. Due
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to its very interesting properties, we will pay special atien to the case of mixture of log-
linear models Heigold et al. [2008], which approximate thstprior probability with a set of
parametera as follows

palc| x) = % Z:exp(/\Tf(x7 ¢, k)), (7.1)
k

wheref is a given vector feature functions, ahds a hidden variable. It is worth noting, that
for the special case in which the number of mixture compaisrit, (7.1) is a conventional
log-linear model which can be trained using the GIS algaritihlthough the GIS and GGIS
find the optimal parameters accordingly to th&Ntriterion, a huge amount of iterations are
required [Heigold et al., 2008], and theeRoP algorithm [Riedmiller and Braun, 1993] is
usually employed instead, since it obtains similar resuttde providing faster convergence.
The RrPROP algorithm is a hill-climbing algorithm, which has converge ratios indepen-
dent of the gradient since only its sign is used by the algoritin this way, the training is
accelerated provided that the GIS algorithm, and in pdeidhe GGIS algorithm, have slow
convergence ratios because of the gradient slope. HowbeeRPROPalgorithm introduces
new meta-parameters during the training process, and themgence is not guaranteed.

In this chapter we will study the following issues:

1. We propose a particular case of mixture log-linear moftelbinary data inspired by
Bernoulli mixtures, a mixture of multi-class logistic regsion (MMLR).

2. We prove the equivalence between Bernoulli mixturessiiass and MMLRs for bi-
nary data. Consequently, the equivalence of first ordefitaar models for binary
inputs and Bernoulli classifiers is also proved.

3. We provide a Ny training scheme for Bernoulli (mixtures) classifiers by meaf
their equivalence with MMLRs.

4. We provide the capability to understand discriminatigegmeters of the MMLR from
a generative perspective by means of their equivalenceBéthoulli mixture classi-
fiers.

The chapter is organized as follows. In Section 7.2, we staréwing the Bernoulli mix-
ture classifiers and its maximum likelihood estimation. &tt®n 7.3, the MMLR classifier
similar to the Bernoulli mixture classifier is proposed. T3extion 7.4 proves that both clas-
sifiers are equivalent, by providing a proof scheme that neayded for different generative
models. The experiments carried out in a task of hand wrltidran digits recognition are
gathered in Section 7.5. Final thoughts and future work a®udsed in the last Section.

7.2 Bernoulli Mixture Classifier

Given a binary input vectax € {0,1}” and a class from the set of classefl,...,C}; a
Bernoulli mixture classifier is defined as follows

¢* = argmax pp(c | x), (7.2)
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where the class posteripg(c | x) is approximated as follows

) = 20620 _ polx| (@) 3

whereZ(x) , which equals the input probability, (x); ensures the class posterior probability
to sum up tal,

Z(x) = Z po(c)po(x|c). (7.4)

The class prior probabilityy (c), is modeled as a tabte.; andpy(x | ¢) is assumed to follow
a Bernoulli mixture probability distribution as we prevaludefined in Section 5.3. This is
the usual way in which Bernoulli mixture classifiers are definHowever, a more compact
and equivalent definition, which is more convenient for aurent purpose, can be obtained
by directly modelling the joint probability function as folvs

K
po(x,¢) = Z po(x, ¢, k). (7.5)
k=1

Each joint probability is decomposed in two terms
po(x,¢, k) = ek po(x | ¢, k), (7.6)

wherer ., embrace the prior coefficient of thketh component of classand the prior prob-
ability of classc (n.); and wherepg(x | ¢, k) follows a multivariate Bernoulli probability
distribution. Summarizing, the Bernoulli mixture classifapproximates the posterior prob-
ability as follows

D

K
pole | x) = % S (ree [ 2%~ (1 posa) ). 77)

k=1 d=1

with the parameter® = {r; p}, where all parameters are required to be probabilitiesjrand
particular the mixture coefficients are constrained to suire.

> e =1. (7.8)
c,k

Finally, the Bernoulli mixture model classifies accordintg the following rule

¢* = argmax po(c, )
c Z(x)
whereZ(x) is a constant over the maximization variablend it is consequently ignored.
Given a training set of sampléx,,, ¢, }2_;, the parametem&of a Bernoulli mixtures are
usually estimated by maximizing thelM training criterion [Duda and Hart, 197 3. (9),
over the training set using the EM algorithm [Juan and Vidan4]. WhereFy,e (0) is the
the likelihood of the joint probability over the trainingtsnd is formally defined as

= argmax py(c, X) , (7.9)

N
Fume (9) = Z 10g(p9(cn, Xn)) . (710)

n=1
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7.3 Mixture of Multi-class Logistic Regression

In this section, we propose a mixture of multi-class logiségression (MMLR) model in-
spired by the Bernoulli mixture classifier. Given a binarpubvectorx € {0,1}” and a
classc € {1,...,C}, the proposed MMLR classifier is defined as

¢* = argmax py(c|x), (7.12)

where the posterior probability is modeled as

K

pale] %) = pale,k %), (7.12)

k=1

with k& denoting the selected mixture component for the curressglanalogously to (7.5).
The component and class posterior probability in (7.12)dsleted as a log-linear combina-
tion of binary featureg;(x, ¢, k),

exp(D_; Aifi(x, ¢, k))

pale k| x) = Z(x) , (7.13)
whereZ(x) is the normalization constant defined as
Z(x) =Y > exp(d_Nifilx,c, k). (7.14)
c k )

Note that (7.13) is a multi-class logistic regression model
Finally, given an index of featur@s= (¢, k, d) whereé ranges in the domaift, ..., C},
kin {1,...,K}anddin {0,1,..., D}; the featuref;(x, c, k) = f&kd(x, ¢, k) is defined as
follows
6(c,&)0(k,k)  d=0

Fagaloeb) = {5(0, &)k, k)zg 1<d<D’ (7.15)

The proposed model MMLR model is a particular case of logdinmodel with hidden
variables, and hence, it can be trained using the NKriterion, which is defined as

N
Fuw ()\) = Z log(p)\(cn | Xn)) ) (7.16)
n=1

and can be decomposed as a function of the numerator minasthmlization score as
Fawi (A) =) _log <Z exp(D  Aifi(%n, cn, k)))
n k A
S0 3) S NI
n k (]

c!

(7.17)
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As discussed in the introduction the parameter estimatotofy-linear models with hidden
variables using the M1 criterion can be carried out using the GGIS or the RPROP algo-
rithms [Heigold et al., 2008, Riedmiller and Braun, 1993]ot#&| that in the case of one
mixture component per clags = 1 the sum ovek is vanished, and therefore, the proposed
model is a particular case of log-linear model, which canrbééd using the GIS algo-
rithm [Darroch and Ratcliff, 1972]. Regarding parametedineation, the main difference
between conventional log-linear models and log-linear ef®dith hidden variables, is that
the MwmI criterion is convex for the former and not it is for the latter

The Mwmi criterion has the disadvantage that easily over-fits torthiaihg data. A typi-
cally solution to amend this problem is to add a regular@ratéerm to the criterion

Fe(A) = Fuan ) = C Y- (MY = x)?, (7.18)

whereA?) is either a reliable estimation of the parameters or sin@plyThe GGIS and
GIS algorithms cannot optimize (7.18), so, the RPROP algaris usually used in that case.

7.4 Equivalence Between Classifiers

In this section we prove that the Bernoulli mixture classifiefined in Section 7.2 isquiva-
lentto the MMLR model defined in Section 7.3. A generative classif said to bequiva-
lentto a discriminative classifier if for a given set of generafparameterd, discriminative
parameters), can be found such that

argmax pg(x,c) = argmax px(c | x); (7.19)
(&

(&
and vice-versa. Therefore, an equivalence proof has tws:par
e How to define the discriminative parameters from the geiverairameters,and

e how to define the generative parameters from the discriimgmparameters.

7.4.1 From Generative to Discriminative Parameters

Unlike the converse direction, it is quite simple to provattgiven a Bernoulli mixture clas-
sifier it can be re-parameterized into the model proposecenti@ 7.3. Left probability
in (7.19) can be rewritten as

K D
Z exp(log mer + Zxd log peka + (1 — z4) log(1l — peka)) - (7.20)
k=1 d=1

If we group the terms that depend op in the previous equation, then we obtain

3 exp(log mor + ver + Y wqlog L) (7.21)
k n 1 = pekd
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with
Yek = »_10g(1 = pea) - (7.22)
d
Finally, if (7.21) is re-parameterized as

)\ckO - IOg Tek + Yek s (723)
Aok = log —Lekd (7.24)
(1 = pera)

then a unnormalized discriminative MMLR classifier whicheguivalent to the generative
Bernoulli mixture classifier is obtained. Note that the nalimation constang (x) is irrele-
vant during classification.

7.4.2 From Discriminative to Generative Parameters

In this subsection we prove that the MMLR classifier definemiSection 7.3, iquivalent
to the Bernoulli mixture classifier defined in Section 7.2r 8Boing that, we prove that the
log-lineal model in (7.13) is equivalent to the joint probiyp defined in (7.6) but for a
constant that does not depend on neither the class nor thegotemt. Note that although this
transformation may seem trivial, it is not the case, sineediscriminative parameters does
not need to verify any constraint, while the generative petars must verify (7.8). We start
by rewriting (7.6) in the following form

ﬂ) . (7.25)

D
po(x, ¢, k) =exp (log mok+7ex+ D _walog 7
d—1 —DPckd

Log-linear models such as (7.13) are the optimal distrdsuthat maximize thentropy
while verifying the following expectation constraints [Ber et al., 1996, Jaynes, 1957]

N; = E[N;], Vi, (7.26)

where N; are the sample counts of the featyke and E[V;] is the expected value of the
corresponding feature count. Each log-linear paramsatecorresponds to a Lagrange mul-
tiplier [Boyd and Vandenberghe, 2004] that accounts forithieconstraint in (7.26), under
the the dual maximum entropy formulation point of view. Byabzing the log-linear models
form the maximum entropy point of view, the normalizatiomswaint in (7.8) can be intro-
duced as another constraint and Lagrange multiplier ggy. This new parameters is not
related with any feature since it accounts for an additieoaktraint. Moreover, introducing
this parameter does not modifies the posterior probalsilittenputed by the log-linear model
in (7.13) with the features in (7.15). Note that introducing new parametekg, is equiva-
lent to multiplying the numerator and denominatordsy(Aooo ). Therefore, Equation (7.13)
is rewritten as

1
pa(k,c|x) = Z exp(Aooo + Acko + zd: TaAekd) (7.27)

for an arbitrary and unknowiy.
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There are two types of parameters in (7.27) and (7.25). Thedioup corresponds to
the parameters that multiply the input featureg, while the second group multiplies the
featurel. In other words, equivalence between (7.25) and (7.27)aseor if the following
equivalences are verified

de/\ckd = Zxd[logpckd —log(1 = pea)] , (7.28)
d d
Aooo + Acko = log ek + Yek (7.29)

wherer.;, must verify (7.8).
Equation (7.28) is verified if

Ackd = log pera —1og(1 — pewd) (7.30)

from where we can work out the value @f;.4

_P(Acka) (7.31)

Pckd = 1+ eXp()\de) .

Although the equivalence in (7.29) is more difficult to vgrithe value ofr.; can be
worked out as

ek = €xp(Aooo) - €xP (Acko — Yek) (7.32)

where~,, is defined in (7.22) with the values pf;4 defined by (7.31).
Recall that the prior parametets, must sum up td and, hence, by plugging (7.32)
into (7.8), the following constraint must be verified

Z exp(Aooo) €xp (Aerro — Yerwr) =1, (7.33)
C/k:/

from where the value afxp(Aggo) is worked out

(=1

exp(Aooo) = | exp (Aerkro — Yerk) . (7.34)
Clk,l

Finally, the solution is given by plugging (7.34) into (7)% follows

exp (Acko — Vek) (7.35)

Tek — .
c chk, exp ()\c’k’o — ’Yc/k/)

Note that if we had not introduced the additional discriniveparameter)gqo, then we
could not have found a transformation from the discrimireafiarameters into the generative
ones.

Finally, if we define the generative parameters as indicated.31) and (7.35), then
the generative model in (7.25) is equivalent to the discrative model in (7.27), but for
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the constant factog(x). Given the previous relationship, it is straightforwardptove the
equivalence between the parameters for the full classHiefellows:

¢ = argmax py(c | x) = argmax E palc k| x)
c C
k

= argmax Z Z(x)pa(c, k| x) (7.36)
¢ k

= argmax Zpg(c, k,x) = argmax pg(c,x)
c k C
In summary, the MMLR adds no improvement or flexibility ovleetBernoulli mixture
classifier apart from the possibility of discriminativelaining it. The transformations pro-
vided in this section not only allow us to initialize the MMLdRassifier with the ME param-
eters, but also to train a MMLR classifier and then obtaindisialent generative parameters
so that they can be analyzed.

7.5 Experiments

Experiments were carried out in order to assess the prof@eadulli mixture Mvi training
algorithm with respect to the standard EM training alganthFor the experimentation, we
focused on the non-touching part of the Indian digits degakfeom the well-known Arabic
cheque database provided by CENPARMI (see Section 3.1).

In order to obtain properly normalized images, both in sizé jposition, two simple pre-
processing steps were applied. First, each digit image ast®@ onto a square background
whose center was aligned with the digit mass center. Thiarsgoackground was a white
image large enouglt4 x 64) to accommodate most samples. Second, given a%ieach
digit image was subsampled intbx S pixels, from which its corresponding binary vector
was built (with a dimension ab = S? binary bits). Figure 7.1 shows some preprocessed ex-
ample for each digit. Particularly interesting is thef the middle example which clearly is
an outlier and would affect the discriminative prototydfabey are allowed to get over-fitted.

S NG (N o (v I (NI R VA (Y=Y

s =l e] e[y AN
<IN QRSO T VN A

Figure 7.1: Some examples for each Indian digit with 8izex 30
All experiments were carried out using the standard expartal procedure foclassi-

fication error rate (CER)estimation in the CENPARMI Indian digits task. We dividea th
experimentation in two parts. In the first one experimentsewearried out using one mixture
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component per class, in order to better understand the ingbahe Mmi training. In the
second part we extend the experimentation by using sevexalime components per class.
Reported results will show that i training clearly outperforms conventionalld training.

7.5.1 Experiments with One Mixture Component per Class

We began by comparing the performance of the RPROP and Giithlys. Remember
that the GIS algorithm can be used in the case of one mixturgoaent per class. Results
are shown in Figure 7.2. The experiment was carried out uslages subsampled ad x

30 and a Bernoulli model trained with the I\ criterion as the initial model for initialize
both algorithms. The convergence of the RPROP algorithnotisiderably faster than the
GIS algorithm, which afteR0 K iterations is still far from the RPROP performance afté&r
iterations. This difference in the speed convergencetesubetter classification error rates.
After 100 iterations, the RPROP algorithm achieve2.80% CER, while the GIS algorithm
after 100 iterations scored.2%; in fact after20K iterations the GIS algorithm achieves a
3.8% which is still far from the CER obtained with the RPROP. Ndtattboth algorithms
would converge in the limit to the same CER (except for nuozprecisions).

0 4000 8000 12000 16000 20000

4.4 ' [terations GIS T -le-18
4.2 TRPROP Fumi ()T qe- 16
-le-14
-le-12
3.
-1le-10
3.
RpProOP CER% -le-8
3.
-le-6
> : -0.0001
3t GIs Fumi (V)  Joot
) " lterations RPROP
2. 8 Al L 1 I I _ 1
0 200 400 600 800 1000

Figure 7.2: Gs and RPrRoOPperformance comparison. On leftaxis CER % on testing, on
right y-axis the MMI criterion

In the previous experiment the discriminative parametergwnitialized using the Me cri-
terion with the aid of the transformation explained in sattr.4.1. The figure 7.3 compares
the performance of the RPROP algorithm using the previdtialimation and an uniform ini-
tialization of the generative parameters before the caiwer Although, it is observed that
the MLE initialization achieves better performance, the unifonitialization, which scored
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3- 8 T T T T
UNI FORM

2. 8CER %

Ilteration§ .
0 200 400 600 800 1000

Figure 7.3: Comparison between_Eand uniform initialization using the #rop algorithm

15.9% CER after firstiteration, achieves similar error ratesraftaterations. Note that in the
limit, both initializations would converge to the same CERdept for numerical precision er-
rors) but not for the same prototypes since the optimal sgaEmeters for the Mi criterion
and log-linear models is not unique.

In all previous experiments images were subsamplei at 30, since it was proved to
be a optimal value for Bernoulli mixture classifiers [Juad &fidal, 2004]. Figure 7.4 shows
a comparison between thePrRoP algorithm and the standard I\ criterion for several
subsample sizeg4 x 14, 20x 20 and30x 30. The results show that the subsample 8ize 30
is the best choice for both training algorithms. Moreovke profit of the discriminative
training and the RRoPstability is increased accordingly to the the subsample dihe best
performance that we obtained using one mixture componemigss, is achieved by#rop
with 30 x 30 at a score 02.8%. In the cited work [Juan and Vidal, 2004], the best result
that authors obtain by means of a latent mixture of Bernaoldksifier is2.5%, which is very
similar to the ourR.8% using only one mixture component per class andiNtaining.

Although, the RPROP algorithm reduces the test error veigktuin its first 100 iter-
ations; for more iterations, the model gets over-fitted ®tthining data and then the error
is dramatically increased. This over-fitting problem is aded by introducing the proposed
regularization term in (7.18). Figure 7.5 depicts to whistead the RPRoOP algorithm is
able to generalize from the sample using the regularization. Several values a@f' were
scanned, wher€ = 0 stands for no regularization term.

As previously commented, an interesting feature of Bedhprdtotypes is their direct vi-
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5. 5 T T T T
CER % RPROP 14 x 14
5 - v .
]\/JM LE 14 x 14
4.5 MLE 20 x 20
N MUE 30 x 30
\"
4 RPROP 20 x 20
3.5
3
Iterations
2. 5 1 1 1 1
0 200 400 600 800 1000

Figure 7.4: Comparison betweenLkl training and Mvi training (RPROP) for several sub-
sample sizes

sual interpretation. Probabilities of the Bernoulli priyfzes can be interpreted as gray level
pixels (1=black,0=white). Using this approach the Bernoulli prototypes feweral methods
are shown in Figure 7.9. It is observed that the prototypéasidd with the M.E algorithm
are, for each class, the average of all training samples.ederyfor discriminative methods,
every individual bit is independently modified dependingtemliscrimination level. This fact
is much more evident when the uniform initialization is usedhis case, those pixels which
are not discriminative, keep their initial value (gray).gaeding the regularization term, it is
observed that it tend to keep the prototypes similar to thit@lization. The RPROP proto-
types (without regularization term) differ more from thdiedization, when compared to the
GIs prototypes since the latter converges much more slowlye Wit if no regularization is
used, then the prototypes tend to discriminate outliers.iftance, part o in the middle
example in Figure 7.1 is learned by theliscriminative prototype provide that this part is
usually white in the other classes.

The convergence process of the prototypes with the RPRQiPithlign is depicted in Fig-
ure 7.10 for the ME initialization and in Figure 7.11 for the uniform initiaiion. It is
clearly observed the fact that theLM initialized prototypes seem more natural is just be-
cause of the initialization. Actually, by comparing bothuiigs, it is seen that both initial-
ization tend to modify the same prototype bits. Moreovels ibbserved that if the RPROP
algorithm is allowed to iterate more (00 iterations), then the prototypes strengthen features
that are specific to the training corpora, for instance uiestto discriminate between outliers.
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3.05 8

. Iterations .
0 200 400 600

Figure 7.5: Impact of the regularization term in the RPRQj®athm

7.5.2 Experiments with Several Mixture Components per Clas

In this section we extended the previous experiments byukifull proposed model, that s,
by using mixtures. In the first experiment, as we did in prasiexperiments, we compared
different initializations of the Bernoulli classifier prido its transformation into a MMLR
model. We tested two different initializations: an initzation using the EM algorithm and a
hypercube initialization. The comparison was carried ®itgK = 5 mixture components,
although similar results were obtained for other value&'ofin the hypercube initialization
all parameters were uniformly initialized and then randpperturbed. In the EM initial-
ization, the initial Bernoulli mixture classifier was traith using the EM algorithm, which in
turn, was initialized using a conventional Bernoulli ciiss trained with the M.E criterion.
Afterwards, several iterations of the RPROP algorithm wedormed to discriminatively
train the MMLR model. Results are reported in Figure 7.6. Seheesults are statistically
significant since each point in the plot is the averag&Oafepetitions. It is observed that the
discriminatively trained Bernoulli mixture classifier imgves the generative results, which
correspond to the left-most point in the EM curve. Howeviee, hypercube initialization
outperforms the generative initialization.

In order to assess the repercussion of the number of mixtoraponentsk’, we carried
experiments varying it in the randé, 2,4, 6,8, 10} and using the hypercube initialization.
The results are shown in Figure 7.7, each point is the aveshge repetitions. A big im-
provement is obtained by onB/components. The more components are added, the larger
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CER %

I'geratiqns
0 50 100 150 200 250 300 350 400

Figure 7.6: Comparison between EM and and HC initializatiosing the RROP algorithm

the improvement becomes until it is saturated abmponents. Results fdf > 6 are not
plotted since they are identical #§ = 6. Note that the behavior differs from the genera-
tive Bernoulli mixture classifier. According to Juan and &li§2004], generative Bernoulli
mixtures achieves the best results arohd= 15. Moreover, generative Bernoulli mixtures
with K = 15 have an error 02.7% while in Figure 7.7 usingk = 6 we obtain an error
about2.0%. The discriminative Bernoulli mixtures obtain an improvamhof25% over the
generative Bernoulli mixtures by using half of the paranmsetdo our knowledge, the best
result in this database is approximatél9% [Romero et al., 2007], which is similar to our
result but using much more parameters.

A final experiment were performed to assess the behavioreofeqularization term.
Several values of® were scanned ranging froth(no regularization) td).5. Results are
shown in Figure 7.8. It is observed that without regulait@athe error is unstable and it
increases (over-fits) along with the iterations. In contresgularization makes the error
more stable while providing the same performance. In pagidor C' = 0.001 the CER is
stabilized aroun@%.

As we did previously with the experiments without mixturergmonents, Bernoulli mix-
ture prototypes for a model witth mixture components per class are shown in Figure 7.12.
The mixture coefficients are also represented by means adyalgvel border, where black
denoted and white0, as in the Bernoulli prototypes. The selected model wasdthivithout
regularization and using an hypercube initialization hiis respect, the Bernoulli prototypes
are very similar to those of Figure 7.9 using uniform inigation without regularization. The
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K=6

Itleraticl)ns
0 50 100 150 200 250 300 350 400

Figure 7.7: CER (%) of discriminative Bernoulli mixture stfier for several number of
mixture componentsK) using the hypercube initialization

interesting point of Figure 7.12 is that in all classes thisralways one mixture component
which coefficient is very near tb. That is, other mixture components are apparently irrele-
vant. However, we performed experiments in which theseungtoefficients were removed,
and worse results were obtained.

7.6 Concluding Remarks

A mixture of multi-class logistic regression (MMLR) modehdrbeen proposed for binary
data. This model was inspired by Bernoulli mixture model.teAfvards, the equivalence
between both classifiers has been proved. Consequently tagmet) two results. On the
one hand, we have provided aMtraining scheme for Bernoulli mixture classifiers. On the
other hand, discriminative parameters can be interpretéghsforming them into generative
parameters.

This new training scheme has been tested and comparedheitfeherative Me training
scheme, using different initialization methods and regeddion terms, on the well-known
CENPARMI Indian digits database. The propose#iMraining scheme outperforms the
generative ME criterion using half of the parameters.
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Figure 7.8: Impact of the regularization term over the CER (%
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Chapter 8. Discriminative BHMM Classifier

8.1 Introduction

Handwritten word classifiers based on HMMs, and in particuldBHMMSs, aregenerative
models As discussed in the previous chapter, generative modelgsarally trained using
the MLE. The MLE is aimed at explaining the probability dikstrtion that underlies in the
training sample. However, we are interested in simply dasg samples, and there is no
guarantee that the MLE parameters are the most suitabldassifying, even though they
have been proved to be competitive. We also saw that distaiiae models and criteria are
a good alternative to generative models, since they aredaahelassifying the data with-
out explaining the data distribution itself. A well-knowrample of dicriminative training
criterion is themaximum mutual information (MM_byriterion.

In Chapter 7 a MMI training scheme for Bernoulli mixture d#iers was proposed and
tested in a task of isolated handwritten digit recognitibhe proposed approach was based
on the idea of finding a similar discriminative classifierite Bernoulli mixture classifier, and
then prove the equivalence between both classifiers. Thésesmalyzed report that discrim-
inatively trained Bernoulli mixture classifier outperfasrthe generative Bernoulli mixture
classifiers. In this chapter this work is extended to more glesnmodels, the BHMMs,
which are assessed in a complex isolated word recognitiin ta

More precisely, the contributions of this work are the folto

1. We propose a particular case of log-linear HMM (LLHMM) ssifier, which can also
be interpreted as a semi-Markov conditional Markov chaém(isCRF), for binary data
inspired by the BHMM classifier.

2. We prove the equivalence between BHMMs and the proposediiinative model for
binary data.

3. We provide a discriminative training scheme for BHMM dlifiers by means of their
equivalence with LLHMMs, and analyze several discrimivetiraining criteria such
as MMLI.

4. We provide the capability to understand discriminatiaegoeters from a generative
point of view by means of their equivalence with BHMMs.

The remainder of the chapter is organized as follows. Thegeed LLHMM or semi-
CREF classifier for binary data is described in Section 8.2 Séction 8.3 proves equivalence
between both classifiers, and in Section 8.4 the parametienagi®n for the LLHMM is
analyzed. The proposed training scheme is deeply analyzéuedRIMES database in Sec-
tion 8.3. We conclude the paper by summarizing and discgskie most important results
and future research directions.

8.2 Log-linear HMM for Binary Data
In this section, we propose a discriminative classifier irezhby the BHMM classifier for

isolated handwritten words (Chapter 5). The discrimireatilassifier proposed is based on
a log-linear model, which is inferred from the parametera &HMM classifier. In what
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follows, we define the log-linear model and how a log-linedM (LLHMM) discriminative
classifier can be built using it.

8.2.1 BHMM Inspired Log-linear Model

Using the equations we introduced in Chapters 4 and 5, wéngetite BHMM classifier can
be expressed by plugging (4.4), (5.4), and (5.1) as follows

p@(oas): Zpﬂ(oasaia(Lk)a (81)

i,q.k

where byi, q, k we denote th8 latent variables of the model, namely: the segmentation,
of O into L segments as defined in (5.2); the state sequence, (g0, q1,- -, g7r+1); and
the emission component at each stdte According to the given segmentatibnthe state
sequence; must be valid, which implies that if belongs to thé-th segment, then the state
g: must be a possible state of the character-level BHMM for tmeesponding symbal;.
Similarly, k = (k1, ..., kr) must be a valid integer sequence wherelenotes the selected
mixture component for statg, among all the components of the state.

The joint probability in the right-hand-side of previousuatjon,pe (O, S, i, q, k), is de-
composed left-to-right as follows

p9(0555i5q7k) = Trspe(oaia(Lk | S) = Trspg(iaq | S)pg(oak | iaq7 S) (82)

wherepg(i,q | S) is the transition probability of the word-level BHMM ang (O, k |
i,q, S) the emission probability. The transition probabilities #ren decomposed into

L u+1 2

(1 q | S Ha‘sl I qu) aS[ qu,l 17 H aS[ Qt7Qt+1 (83)

=1 t=1

where the first product accounts for the input,(1, ¢;, ), and outputas, (¢;,,, -1, F), transi-
tions of the embedded model for the charagteand where the second product are the inner
transitions within the embedded character model. In theaneimg of the chapter, we will not
differentiate between inner and outer transitions sinceitha well-known characteristic of
HMM, and by extension to our BHMM model. Furthermore, thignéficantly simplifies the
notation. For instance, previous equation is expressed as

ialS) Has, (qt: ge+1) (8.4)

where we have also omitted the boundaries of the productshwean always be traced back
to (8.3).
Similarly, the emission probability is decomposed as fefio

L iiy1—1

po(0.k|1a.8) =] T mua (k) Hpsmd (1= pagrea) 0. (85)

llf”
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where again by omitting the product boundaries is simplified

p@(ovk | ia q, S) = HTSllh (kt) Hps;qtktdotd(l _pSIQt,ktd)(liotd’) . (86)
Lt d

with 75,4, (k:) andps, 4,1, being the prior and prototype of theth mixture component at
stateq; of the charactes;.
Consequently, the model in (8.2) can be expressed as follows

po(0, S,i,q,k) = exp (logms +logpe(i,q | S) +logpe(O,k | i,q,5)) (8.7)

where the logarithms of the probabilities are given by

logpe(i,a|S) = logas, (¢, gr+1) (8.8)
It
and
logpa(0.k |i,q,5) = > (log T g, (ke) + Eurg, (k) + Y 0ralog —228L__ - (8.9)
Lt Lt,d (1 = Psrgiked)

with &.,(k) defined as

€og(k) = "log (1 = pegra) - (8.10)
d

Note that the terni., (k) is easily obtained when applying the logarithm to (8.6) arrang-
ing terms similarly to what we did in Chapter 7.

At this point, we reparameterize the probabilities in tewhthe new parameters\, as
follow

)\S = log s, (8.11)

Acqq = logac(q,q), (8.12)

Acgk = log ch(k) + gcq(k) ) (8.13)

Acgra = log —2e*_ (8.14)
1- DPcqkd

for each character; statesg andq’; mixture component; and input dimensioni.
Provided the previous parameterization, the originaltjpirobability in (8.2) is alterna-
tively expressed as follows

PA(0,S.4,q.k) = exp(As + > Aajgigrsr + O Asigeke + D Otadsigkea)  (8.15)
It It I,t,d

In order to simplify notation, we adopt here the standard@mderful notation of log-linear
models. We define an index that ranges through all the subindexes of the previous expyat
i.e., m ranges from{S} over{c,q,¢'} and{c,q,k} to {c,q,k,d}. We also introduce a
functiong,,, (O, S, i, q, k) that equals to the number of times the paramgjeis used, except
for the parameter§ q1q}. In this case, the function,, (O, S,1i,q,k) with m = cqkd,
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counts the number of times tldeth bit is setand has been generated with #hth component
in the state,g, of the charactere. The simplest case of the function is that of the prior
parameters s for which g,, = 1 (with m = 5).

The proposed notation simplifies (8.15) into

pA(0,S i, k) =exp( D> Angm(0,S,i,q,k)) (8.16)
meM(0,S,i,q,k)

where byM(O, S, i, q, k) we denote the set of values through which the indexanges.

It is important to notice that this set depends on all thealdés, namely), S, i, q, k; and
changes with them. However, it is simpler to defivg¢ as the union of all the possible
indexes that our parameters require and replace the funsajjp by the so-calledeature
functionsf,,(0, S, 1, q, k), which are equal tg,, if m is an index of a required parameter
and0 otherwise. For instance, consider again the word prior @amvith the new domain
M. In this case, the index can take the value of any word! in the vocabulary; and then
the feature function is defined as

fS’(Ovsvivqa k) = 5(5’ Sl) (817)

whered(a, b) is the Kronecker delta function, which equalg both elements are equal, and
0 otherwise. The feature functions for the remaining paransedre detailed in Section 8.2.3.
Finally, equation (8.15) is expressed as

PA(0,8,1,q.k) = exp( Y Anfm(0,S,1,q,k)) = exp(N'f(0,S,i,q.k)), (8.18)
meM

where we can substitute the sum by its vectorial notatiomre/by\’ we denote the transpose
of XA. The model in (8.18) when plugged into (8.1) is a log-lineadal with binary inputs.

8.2.2 Discriminative Classifier

Log-linear models are commonly employed to approximatégpms probabilities. From (8.18),
we can approximate the posterior class probability reguisethe optimal Bayes’ classifier
as follows

pA(S 1 0) = > pa(S,i,q.k|0), (8.19)

i,q,k
wherepa (5,1, q,k | O) is approximated by (8.18) and the Bayes’ theorem as

. pA(0,Si,q,k) _ exp(N'£(0,S.i,q,k))
(S, i,q,k | O) = = . 8.20
MELak10) =" 10) p2(0) (8:20
It is worth noting that the denominator is a probability besa of the transformation
that we have performed in equations (8.11)-(8.14). Howeverwish to select any arbitrary
parametric vector), and in such a case, the denominator also becomes arbyfieldig the
LLHMM model

exp(AN'f(0, S,1i,q,k))
Zx(0) ’
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whereZ, (0) is a normalization constant defined as

=> > exp(Nf(0,5,i,q,k)), (8.22)
S i,qk
that for the specific parameters in equations (8.11)-(&d#Aksponds to the marginal prob-
ability px(O). The log-linear model in (8.21) is a log-linear model witldthen variables
for the segmentation and for the states which have a first alefgendence. This model is a
variation of a semi-Markov conditional random field.
The formerly defined LLHMM is used in the optimal Bayes’ rutedbtain theLLHMM
classifier
S* = argmax px(S | O), (8.23)
S

8.2.3 Feature Functions

As discussed before, in order to use the standard notatitmgiinear models, we need to
define the feature functions for each family of parameters.

For a given characterout of C different symbols, and for a given pair of state indexes
(g,¢") of that character, we define thrnsition featuresf.,, (O, S,1,q,k) = feqq (5,1, q)
as follows

il+172
> (g 9)(ar1,9) 1<q,q <M,
t=1;
L /
. 5((]zaQ) q:IalgqlgMc
fea (Si1,@) = 8(s1,0) : (8.24)
=1
5((12'14-171;(]) 1 ngMc;q/:F
0 otherwise

wherel andF’ represent thaitial andfinal states respectively, and, the number of states
for character. Intuitively, this feature counts the number of times thecdsfic transition from
q to ¢’ of the character, is used in the inpu$, i, q. Note that it can bé, if, for instance, the
character is not part of words.

For the mixture components, we define ttenponent featurder each character, state
q and component as follows

L 11+1 1
f(:qk’(OaSaiaq7k):fch(saia(L ) Z(s S, C Z 6 qt7 kt7 ) (825)
=1 t=1

Intuitively, this feature counts the number of times an aiois of O is generated by the-th
component of the statgof the character.

The final set of features are tleenission featureswvhich are given as follows for each
character, stateg, componenk and dimensiom

ip41—1

feqra(O, 8,1, q, k) Zésl, > 6(qe,q)0(ke, k)oa - (8.26)

t=1;
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8.3 Equivalence Between BHMMs and LLHMMs

In this section we prove that the BHMM classifier for isolatedrds is equivalent to the
LLHMM proposed in Section 8.2. A generative classifier igis@a be equivalent to a dis-
criminative classifier if for a given set of generative paetenséd, a set of discriminative
parametera can be found such that

argmax pg (0, S) = argmaxpx(S | O); (8.27)
Sew Sew
and vice-versa. Note that the previous equivalence holeis eden any of both probabilities
is scaled by a factor that does not depend§ gend consequently, the normalization constant
of the LLHMM, Z,(0), defined in (8.22), can be removed from the right-hand sid&78
without changing the equivalence. Note also, that in cetti@discriminative parameters,
generative parameters must fulfill a set of constraints

S mw=1, Veg: D Gegy =1,  Veg: Y Teqp=1. (8.28)
w q’ k

The proof of the equation is done in two steps by proving twplications: left to right, and
right to left.

8.3.1 From Generative to Discriminative Parameters

Unlike the converse direction, it is relatively simple t@pe that given a BHMM classifier for
isolated word recognition, it can be reparameterized irtbldMM. Recall that by definition
of the LLHMM, if we set the log-linear parameteps, using the generative parameteétsas
defined in (8.11)-(8.14), then we have that

pe(0,5) =Y exp(N'(0, 5,1,a,k)) = Zx(0)pa(S | O). (8.29)
i,q,k

Therefore, these two models when inserted into their cpaeding classifiers in (8.27) pro-
duce proportional scores and, hence, select the same wolaksst

8.3.2 From Discriminative to Generative Parameters

In this subsection, we prove the converse statement: thahgi LLHMM classifier for
isolated word recognition as defined in Section 8.2, an edgit BHMM classifier exists.
We begin expressing the right-hand model in (8.27) as falow

h)\(Ov Sv iv q, k)

= 8.30
pA(S | 0) Zk 70 (8.30)
1,9,
whereh (0, S,i,q,k) = exp(A'f(O, 5,1, q,k)).
We start instantiating the featuhg (- - - ) in previous equation
h)\(07 ‘97 i7 q, k) = eXp()‘S) : h)\(ia q; S) : h)\(07 k7 ia q, S) (831)
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with

ha(i, q; S) = exp (Z AS,MM) : (8.32)
Lt
and
PO, ki,a, 8) = exp (D A + D ouaNsrauna) (8.33)
It Lt,d

If we compare (8.2) expanded accordingly to (8.4) and (8vhlp (8.31) expanded with (8.32);
then it is observed that each of théerms in the right-hand side in (8.31) can be transformed,
independently, into the corresponding term in (8.2).

Firstly, we transformh (O, k; i, q, S) into pe(O,k | i,q,5). Therefore, we need to
transform the part of the discriminative parametgks,s } and{A.4xq} into the generative
parameterg§r; p}, wherer is constrained as shown in (8.28). For doing that, (8.31)us m
tiplied and divided byexp(>_; ; (s,4,), and then, we rearrange the multiplication into (8.33)
as follows

exp(z Cs;qt)h)\(Oa k7 iv q, S) = €xXp (Z()\s;qtkt + Cslqt) + Z Otd)\slqtktd) ; (834)
It It I,t,d

whereas the division is moved into the second term in the-tgind side of (8.31), yielding

eXp(_ Z CSHIf,)hA(ia q; S) = exp (Z 5‘81%%4—1) ) (835)
1t It

wherelg,y = Asqer — Csq Will be used afterwards. The unknown parametfs,} are
introduced to force the generative paramefetg(k)} to suml in the transformation.

From (8.9) and (8.34), and taking into account the congs&mn(8.28), the solution must
fulfill the following 3 constraints

Aegha = log —Leakd (8.36)
1- Pcqkd
)\ch’ + ch = log ch(k) + gcq(k) s (8.37)
Keq
> Teg(k) =1. (8.38)
k=1

Then, from (8.36) we work out the value pf ;.4

€xp ()\chd)
14 exp (/\chd) ’
and from (8.37) the value of,, (k) is expressed as

Teq(k) = exp (Mgl — €eq(K)) exp (Ceq) » (8.40)

whereé., (k) is defined as in (8.10) using the values{pf,xq} defined in (8.39). Although
exp (Ccq) is still unknown, recall that it was introduced to tackle tte@malization constraint
in (8.38), and then its value is worked out by replacing (3i4(8.38)
1
exp(Ceq) = - . (8.41)
S X (eqr = Eeq(F))
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Finally, the exact value of,, (k) is obtained by plugging (8.41) into (8.40)

(k) = exXp ()‘ch’ - fcq (k)) . (8.42)
reall) S exp (Aegrr — Ecq(K'))

Now we focus on transformingkp(—>_, ; (s, )ha(i, q; S) from (8.35) intope (i, q | 5)
as defined in (8.4). This part of the proof is similar in corte@pto the proof given in Heigold
et al. [2008c]. Firstly we define a global transition matgxas follows

exp (Aeqy) @ = fle,q)andj = f(c,q')
Qi =11 1= f(c,F) , (8.43)
0 otherwise

wheref : N? — N is an injective function that maps each pair composed by eacter and
state, into a global index or state

B. q=1
B.+M.+1 g=F

with M, being the number of states for the symboandB,. = 1 + 22;11(2 + M,,) being
the number of preceding states to the first state of sympabls1. Since all the values of
are not negative, accordingly Rerron-Frobenius theorefRao and Rao, 1998, p.473], the
largest eigenvalue of, v, is positive and unique. Furthermore, the eigenvectorcatsa

to the largest eigenvalus;, has only positive coefficients, and obviously because ef th
eigenvector definitiony satisfies

> Qi =vv;, Vi=1,... (8.45)
J

Now, the transition generative parameters are defined as

_ Qrecafea)Vsea) _ eXPAcaq V(e (8.46)
YV (c0) Vs (c0)

ac(q,q")

wherea.(q, ¢') verifies the normalization constraint (8.28) because ef5B.These param-
eters yield a probability proportional to that of (8.35) whesed in (8.4) as the generative
parameters ofg (i, q | S) (see A.1),

. 1 VP hai g 5)
_ , A7
p9(17 q | S) wTJrL [];[ Vi (s,,T) } eXp(Zu CSIQt) , (8 )

which is the equivalence we need but for the tegh— [, 2epB)

Vi(sy D)
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We can introduce this constant factor by multiplying anddiivg (8.31) by it. The divi-
sion is used in this part whereas the multiplication is adddtle first term as follows

h)\(Ov Sv iv q, k) =

< ha(i,q; S) Vf(s,,F) .
1/JT -exp(Ag) - : - exp Csiq. )P (O, k31, q, S
(As) YT+L exp(ZLt Csiqr) { o UfGsiD) } (; a )P ( )

(8.48)
with Ag = \g + Lloge — Zlel log z;((—’;)

Finally, the last part of the proof consists in the transfation ofexp(\g) into the word
prior probabilitiesrs. Similarly to the case of mixture coefficients, we multiplydadivide
the numerator of (8.31) by an unknown constantp ({). Since the constantxp (¢) is
independent of the word, it can be introduced into the right-hand side of (8.27). sThi

constant is grouped together witkp (\) as follows
exp(As + ¢) (8.49)

Thus, taking into account (8.49) and the constraints (8 \28)have that following equalities
must hold

As + ¢ =log g (8.50)
d ms=1 (8.51)
Sew

and the solution is found by following a similar proceduréttat of the mixture coefficients
_ exp (;\S),
ES/GW exp (As)

In summary, we have proven that for a given set of discrinnegiarameterg\, a set of
generative parameters can be defiredyy (8.39), (8.42), (8.46), and (8.52); such that

Zx(0)
oxp(0) exp(¢)pa(S 1 0)

= argmax exp(()2x(O)pA(S] 0)

TS (8.52)

argmax px (S | O) = argmax
S s

= argmax Z exp(Q)ha(0, S,i,q,k)
5 -
q,i,k

ha(i, q; 5) [ - Uf(s,,m}
wTJrL exp(ZLt Cslqt) =1 vf(sl,f)
-exp(d_ Cag)ha(0, ki, q, 5)

It

= argmax > 9T ws peli,q| S) pe(O k|i,q,5)
q,i,k

= argmaXZ ¢T eXp(;\S + C) ’

q,ik

(8.53)

= argmax "> pe(0,8,i,q,k) = argmax pe(0,9).
q,ik

126 AGP-DSIC-UPV



8.4. LLHMM Parameter Estimation

where by=- we highlight the step of the proof that is not symmetric.

8.4 LLHMM Parameter Estimation

The most well-known criteria for discriminative paramegstimation is thenaximum mu-
tual information (MMI) Given a collection of sampleg 01, S1), ..., (On, Sn)}, the MMI
criterion is defined as follows

N
Fumi(A) =) _10g (PA(Sn | On)). (8.54)

n=1

The optimal discriminative parameteps;, are those that maximizByy, .

There are several algorithms for obtaining the parametatsmtaximize (8.54) [Heigold
et al., 2008a], but commonly thiResilient back-propagation (RPROP) algoritfiRiedmiller
and Braun, 1993] is used. The RPROP requires the computatitve gradient sign, for the
parameter\,,, which is associated with the featufg,(-), the punctual derivative of v
with respect to\,,, is given by

OFumi ()

. N (A) = Qm(A) (8.55)

whereN,,,(A) and@,,,(\) are expected counts defined as follows
N
Nm()‘):ZNnm()‘)a Qm()‘):ZQnm()‘)v (8.56)
n=1

with N, ., (X) and@,, . (\) being the expected latent and class counts respectivelyserh
counts are defined as follows

Nnm(A) = Z p)\(i; q, k | On; Sn)fm(ona 571,7 i7 q, k) s (857)
i,q.k
and
QumN) =D pa(S.i,q.k | On) fm(On, S.i,q. k). (8.58)
igk S

The probabilitiepx (i, q, k | O, S) andpx(S,i,q,k | O) are computed as follows

exp(A'f(0, S,i,q,k))

pa(i,q,k]0,S) = Z:(0.5) ,

(8.59)

and

exp(N'f(0, S,1i,q,k))

pa(S.i,a,k [ 0) = pa(S | O)pali,a.k | 0,5) = Zx(0)

(8.60)
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Finally, Zx(O) is the normalization constant for the model defined in (8vi#@greaszy (0, S)
is a joint normalization constant for the output and the wauriich is likewise defined as

25(0,8) = > exp(N'f(0, S,i,q,k)). (8.61)

i,q,k
Note thatpx (S | O) defined in (8.19) can be expressed as

Zx(0,8)

(8.62)

The RPROP algorithm computes the sign of the gradient withaill of these expected
counts, and then, modifies the current parame\é’?é accordingly, so that a new estimate
of the parameters is obtained* ™. The algorithm starts with a rough estimate of the
parameters\(”, and it ends when either a maximum number of iterations haee beached,
or the value of the objective function surpass a given tholesh

8.4.1 ~-MMI Criterion

A modification of the MMI criterion (8.54), the so-called@MMI criterion, leads to better
performance [Povey, 2003, Schluter and Macherey, 19983 ~FMI is defined by intro-
ducing a scaling factoy into the MMI criterion as follows

N
Frama(N) = = 3 log(pas (Sn | 0n), (8.63)

n=1

with px (S | O) defined as follows

[2x(0,9)]"
S|10)= . 8.64
pa~ (S| 0O) SRENCAE (8.64)

The basic idea is to scale the scores for each word in ordefaterthe best words to
compete one against the others even if the differences lapitity are already large.

The gradient for the-MMI criterion in (8.63) is analogous to (8.55) but insteddising
Qnm(X), we now use)? . () which is defined as follows

TN =D oAy (S, a4,k | On) fin(On, 8,4, ,k) (8.65)

gk S

with the probabilitypx (S, 1, q, k | O) defined as
pay(S,1,a,k | O) =pxa,y (S| O)pa(i,a.k | S,0), (8.66)

where the probabilitiepx (S | O) andpa(i,q,k | S, O) are defined in (8.64) and (8.59),
respectively. Itis worth noting, that the calculation@f,,, (A) andN;,. (X) requires a lot of
computations. In appendix A.2 an example of how these valandbe efficiently calculated
using the Forward-Backward algorithm is shown.
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Figure 8.1: Differences (in logarithmic scale) betweemttast probable and the second most
probable word for a given training sampke(te. Several values of the-MMI criterion are
plotted. The most probable word changes at iteraiibhecoming the correct word

Fig. 8.1, summarizes the main idea behind thkIMI training criterion. It depicts the
differences between the most probable word an the secontpraisable competitor for a
LLHMM model (more details in Section 8.5). It is observedtthizese differences are of
44 points (in logarithmic scale) at the beginning, which cepends to MLE. Additionally,
the training sample is incorrectly classified at the firghirgy iterations. Although, aftes0
iterations all they values correctly classify the sample; smaller values afduce a larger
difference between the correct class and its competitors.

8.4.2 The Power Approximation

It is well-known, that the MMI criterion is very sensitive tutliers [Heigold et al., 2008Db,
Povey, 2003]. In order to avoid this problem, we can appratéthe logarithm by the power
approximation and transform both MMI andMMI by applyinglog v = limg_,¢ “kk—l. For
instance, in the case of the MMI, the power approximatioidgie

N X
Sn On k— 1
Foow, (x) = 32 PG O (8.67)

n=1
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wherek is a meta-parameter that calibrates the resemblance weittibil criterion [Heigold,
2010]. Values near to zero produce a similar criterion toMivil, whereas larger values yield
criteria less sensible to outliers.

As in the MMI case the POW criterion can be modified by addirentimeta-parameter
providing they-POW criterion defined

N
1 S| 0)
Fypow, (A) = ; E P24 |k; I - ) (8.68)

with px (S | O) defined as in (8.64).
The RPROP algorithm is yet applicable to this optimizatiookjem, by using the gradi-
ent which is computed likewise to (8.55) but with the follogicounts instead the standard

ones
N

Nin(A) = 3 [Py (Sn [ On)) Navm(A). (8.69)
n=1
and
Z[p)‘V n | O nm( ) (870)
n=1

whereN,, ,,(A) andQ? , (X) are defined in (8.57) and (8.65), respectively.

8.4.3 Error Rate Criterion

An interesting case i8pow, Which produces the expected classification error rate aigea cr
rion (plus a constant value). Specifically

N
FPOW1 (A) + N = ZPA(SH | On Z pr S | On S Sn s (871)
n=1 n=1 S

with §(S, R) being the Kronecker’s delta function.

8.4.4 Regularization

A common undesired property of all the proposed discrinieatriteria is that they eas-
ily overfit the parameters. Even criteria specially destjte avoid outlayers such as the
power criterion suffer from overfitting. Since there is nead way to smooth discrimina-
tively trained models, a typical amendment is to add a regaton term to the criterion
itself o

with F,(X) denoting the original criterion, such &%,,/; or F,.pow; andA®) being either a
reliable estimation of the parameters or simply
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The inclusion of the regularization term, only modifies thadjent in the following form
OFc«(A)  OF.(X)
MmO

where the expected countd],, and @,,,, are calculated as in the original criterion. For
instance, fory-POW,, we use equations (8.69) and (8.70) respectively.

+CAY =) = (Nm(A) = Q@m(N) + CAY = ), (8.73)

8.5 Experiments

In this section, we perform several experiments on the RIME&base of handwritten
French letters (see Section 3.4), so that the performarsmvefal discriminative training cri-
teria for BHMM is assessed with respect to the generativeitrg. We achieve this goal by
transforming a BHMM into a LLHMM and afterwards discriminggly training a LLHMM.
Furthermore, we visually inspect several discriminatigegpneters by transforming them into
their generative counterpart.

8.5.1 Database and Experimental Setup

Experiments were carried out over the protocol WR2 usederh#mdwritten word recogni-
tion competition of the ICDAR 2009, which is described in &t 3.4.A three step prepro-
cess was applied to all input images: gray level normabratileslanting, and vertical size
normalization. Then, preprocessed images were first sialeeight to30 pixels maintain-
ing the aspect ratio, and then binarized with the Otsu’s oetRFinally, a sliding window of
width 9 with vertical repositioning was applied, and as a resutjusaces o270-dimensional
binary feature vectors were obtained.

In order to properly initialize the MMI training scheme thelHMM was initialized with a
BHMM classifier trained with the EM (Baum-Welch) algorithiRdbiner and Juang, 1993],
using the same training scheme than the used in the expesroéChapter 5. The best
generative BHMM, which is composed liy = 8 states per character aiid = 64 mixture
components per state, obtains an erroeb2%. Note, that in contrast to what we did in
Chapter 5, we have carried out all experiments without dapglgny language model.

Regarding the discriminative training, the RPROP alganitivas used for optimizing
the criteria. The initial discriminative parameters webtained transforming the generative
parameters of a BHMMs witl) = 8 states per character aiid = 26 mixture components
per state. Despite the best generative results is obtaiitleddiv= 64 mixture components per
state, in the Chapter 7 we reported that the best classiftarnaa using MMI training has
half (0.4 ratio) the number of mixture component per state than itegsive counterpart.
Consequently, in preliminary experiments we checked thatresults obtained using the
conventional MMI criterion with' = 26 are similar or better to those obtained increasing
the value ofK.

Finally, all the proposed discriminative training crierequire to compute sums over all
the words for calculating several values suct£agO) in (8.60). Consequently discrimina-
tive training algorithms become unfeasible in a straighglementation. For this reason we
have approximated the sums over all the words by a beam pysitiategy together with a
histogram pruning up td00 best hypothesis accordingly 1S | O).
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8.5.2 [Experiments

Firstly, we wanted to assess the repercussions of the mézatian term in the conventional
MMI criterion. For doing so, we scanned several values ofridgularization parameter
C ={0,0.1,1,10, 100} as introduced in (8.72), wherg = 0 stands for not using the reg-
ularization at all. In Fig. 8.2, the classification errorr§€CER) as a function of the number
of RPROP iterations is plotted for different regularizaticalues. In all cases, even with
standard MMI, the CER decreases in a similar way, until ftere60, where the best result
is obtained. At this point, the behavior diverges dependimghe precise value af'. If no
regularization is applied{ = 0) the error becomes unstable and increases (over-fits) as the
training iterates. However, the larger the regularizagarameter is, the less overtrained the
model becomes, until that f@af = 10 the error becomes stable while providing similar per-
formance to that at iteratiags0. Note that if the regularization parameter is further irased,

an slight drop in performance is observed. As expected afelarization term reduces the
overfitting problem.

Fig. 8.2 also shows that the regularized MMI criterion oh$aa CER around9.5%
using only K = 26 components per state. If we compare it with the best gerneregisult,
which is21.2% and is obtained usingf = 64, we observe not only an improvementiof
absolute points but also a reduction on the number of pasamef40%, i.e. less than half
the parameters are needed for such improvement.

For a deeper understanding of the MMI criterion, in Fig. 8.8 depict the top 5 most
probable words as a function of the training iteratian5@,55,60,100) and they value of the
~v-MMI criterion (1-MMI=MMI). We selected a common example in which the MLE mis-
classifies the sample and the MMI learns how to discrimirtatmiong the other competitors.
More precisely, for several training iterations thenost probable transcriptions are shown.
In addition, for each transcription the difference (in lagamic scale) between its score and
the best score at that iteration is also shown. As expedtedcdrrect transcriptiorcétte
gains relevance with the iterations, that is, the trainitgpathm is modifying the model
parameters in order to better classify the sample. In pdaticat the beginning there is a dif-
ference of44 points betweeicetteand the best transcriptiondlle). However, at some point
near to iteratiors0 this situation is reverted, and from this point on the scdffer@nce keeps
increasing (see Fig. 8.1). A total 66.3% of the training samples that are misclassified by
the MLE, are correctly classified at the end of the last MMiat®n. In contrast, only.3%
of the correctly classified samples by theL E' are misclassified at the end of the training
process.

In Fig. 8.4, we explored several values-pfranging from standard MMI+( = 1) to
104, and using the best regularization term obtained in theipusvexperiment = 10.
The results of this experiment are shown in Fig. 8.4. It issobsd a severe over-fitting when
the~-MMI is applied, in particular foyamma = 10~%. This over-fitting presents a strange
pattern of error increasing and decreasing evériterations, which casually coincides with
the 100-best recalculation frequency. Consequently, in Fig. 8e@&peated the experiments
recalculating the best words every iteration. Additionale also plottedy = 2. It is ob-
served in Fig. 8.6 that the modifiedMMI obtains a very competitive performance in terms
of CER (15%) if applied properly. If we compare the best result in Figs @&ith the best
generative result, the former obtains an improvement bobstore thant absolute points
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Figure 8.2: Classification error (in %) as a function of RPR@Pations for the regularized
MMI criterion with several values of the regularization pareterC. Note thatC' = 0 stands
for the non-regularized MMI

with respect to the latter.

In Fig. 8.3 the behavior of the-MMI can be checked for a training sample. As we can
see, the use of small valuespfeads to an increase of the separation between classe$, whic
is consistent with the idea that thes increasing the competition between classes during the
training process. For example, at iteratid} the separation between the two best hypothesis
usingy = 1 is 100 points, while usingy = 10~ the separation increases ued points.

Fig. 8.5 depicts a similar experimentation to that of Fi@ But for severatest samples
The first samplevoug is a sample that is misclassified by the MLE model and it isezxily
classified usingy-MMI criterion. The remaining two samples are correctlyssified by the
MLE criterion. However, the first one is finally misclassifieg the discriminative model,
while the second one remains correctly classified. It is wardting, that these three cases
represent the0.2%, 2.2% and74.7% of the test set, respectively.

We also carried out an experiment in order to testtHeOW, criterion which theoret-
ically better avoids over-fitting. For this experiment, thest configuration from previous
experiments = 10 andy = 10~?) is used as starting point and then several values of the
POW parametet = {0,0.1,0.5,1} are tested. Note thgt-POW, is equivalent toy-MMI.

The results are shown in Fig. 8.7. The closeftine value ofk is, the more similar to the
~-MMI criterion the behavior is. Therefore, no improvemenbbtained using the-POW,
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Original image Preprocessed without sliding window
MLE Y—MMI(~=1)
Iterations - 50 55 60 100
1-best - celle - celle - cette - cette - cette

2-best 44 cette 6 cette 73 celle 72 celle | 100 celle

3-best 447 Cette | 376  dette | 342 dette | 359 dette | 354 dette
4-best 467  dette | 406 Cette | 382 Cette | 388 Cette | 393 Cette
5-best 499 celles | 497 celles | 564 celles | 542 celles | 485 geste

MLE ~—MMI (v =10~ 1)

Iterations - 50 55 60 100
1-best - celle - celle - cette - cette - cette
2-best 44 cette 7 cette 79 celle 94 celle | 116  celle
3-best 447  Cette | 375 dette | 340 dette | 358 dette | 336  dette
4-best 467 dette | 409 Cette | 385 Cette | 403 Cette | 393 Cette
5-best 499 celles | 497 celles | 570 celles | 556 geste | 459 geste

MLE Y—MMI(~ = 10 %)

Iterations - 50 55 60 100
1-best - celle - celle - cette - cette - cette
2-best 44 cette 6 cette | 128 celle | 207 celle | 260 celle
3-best 447  Cette | 403  dette | 413  dette | 417 dette | 440 dette
4-best 467 dette | 516 celles | 663 Cette | 631 Cette | 657 Cette
5-best 499 celles | 530 Cette | 667 celles | 784 celles | 828 telle

Figure 8.3:4-MMI behavior on atraining sample for several values of The figures stand
for the difference (in logarithmic scale) between eaehest word and the best transcription
at each iteration. Bold words highlight the position of tleerect wordcette

instead ofy-MMI.

As discussed before, all experiments were carried out uking 26 components per
state. In order to better compare the performance of the Midsy@IMI criteria we carried
out a final experiment, in which both criteria are tested gisieveral components per state
K € {1,4,16,64}. For they-MMI criteria the best parameters from previous experiraent
were usedq{ = 10~2 andC = 10). Results are shown in Fig. 8.8.

From the results reported in Fig. 8.8 it is clear tha¥!MI outperforms MLE in all cases.
The improvement of the MMI decreases as the number of commpsinmecreases. For exam-
ple, the improvement using’ = 1 is about20 points while usingk’ = 64 is about5 points.
It is worth noting, that the best result in this figurel 2% which is achieved using = 16
components and it is very similar to the best result obtamigd X' = 26, which we chose for
all the previous experimentation. K = 16 components are used, this implies a reduction
on the size of the model size 640%.

Finally, a visual inspection of some Bernoulli prototypes $everal training criteria is
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Figure 8.4: Classification error (in %) as a function of RPR@Pations for the modified
~-MMI criterion with regularizationC' = 10 and several values of. Note thaty = 1
corresponds to the standard MMI criterion

given in Fig. 8.9. The Bernoulli prototypes for letterands are shown, where the columns
represent states, and rows represent mixture componewotgd@d that the number of mix-
ture components in each state is large £ 26) we have selected thecomponents with the
highest mixture coefficients when trained using the MLEeei@n. Prototypes are plotted for
3 different training criteria (from left to right): MLE traing; they-MMI with v = 10~3 and
regularizationC' = 10; and the conventional MMI training without regularizatidhis worth
noting that the MLE prototypes are the initial prototypesboth represented discriminative
training criteria.

It is observed that the prototypes without regularizatimnapparently a noise version of
the MLE prototypes, however we know that they have a bettdopaance when classifying.
A further observation reveals that discriminative tragqiiocus on modifying those pixels
that discriminate the most while keeping the remaininglgisemodified. These unmodified
pixels are those that keep the same stata () for many characters. When no regularization
is employed, a pixel that discriminates a single traininggke can be set tb, however, those
spurious pixels are eliminated by adding the regularizatgom.
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Incorrect — Correct [10.2% of cases]

MLE ~—MMI (v = 10~ 9)

Iterations - 40 45 50 100
1-best - virus - virus - virus - vous - vous
2-best 26 \ous 35 vous 15 vous 16 virus 89 virus
3-best 44 vous 40 Vous 50 Vous 93 Vous | 318 \ous
4-best 82 bruits | 118  bruits | 165 bruits | 268  bruits | 350 nous
5-best 231 plus | 243  plus | 261 plus | 323  plus | 419 viens

Correct — Incorrect [2.2% of cases]
MLE Y—MMI(~ = 10 %)

Iterations - 40 45 50 100
1-best Suite Suite Suite suite - suite
2-best 97 suite 77 suite 50 suite 16 Suite 247  Suite
3-best 357 Société | 376  Société | 395 seule | 336 seule | 465 seule
4-best 405 société | 413  société | 402  Société | 457  société | 698  santé
5-best 428 Santé | 431 seule | 425 société | 470  Société | 702 suis

Correct — Correct [74.7% of cases]
MLE ~—MMI (v = 10~ 9)

Iterations - 40 45 50 100
1-best que - que - que que - que
2-best 239 due | 233 due | 221 due | 188 due 167  due
3-best 350 dire | 371 dire | 396 dire | 438 dire 753  dire
4-best 539 grise | 590 grise | 620 date | 628 date | 810 date
5-best 595 avez | 611 date | 639 avez | 659 dune | 930 quel

Figure 8.5:~v-MMI behavior on three selecte@stsamples. The figures stand for the dif-
ference (in logarithmic scale) between eachest word and the best transcription at each
iteration. Bold words highlight the position of the correaird

8.6 Concluding Remarks and Future Work

In this chapter, we presented a log-linear HMM (LLHMM) to ogmize isolated handwritten
words that directly deals with binarized images without tleed of a sophisticated feature
extraction process. This model has been proved to be eguivid Bernoulli HMMs (BH-
MMs), and in this way, we have provided a framework for disgnatively training BHMMs.
Furthermore, this allows us to visually inspect and un@ediscriminative parameters by
transforming them into generative ones.

Several discriminative training criteria have also beealyred for the LLHMM model:
conventional MMI,v-MMI, and the POW approximation. We analyzed all of them dis-
cussing problems (over-fitting, computational cost) andedypical approximation to those
problems (regularization term, pruning techniques). Adlde methods have been tested over
the well-known RIMES database of handwritten French wowtls.have seen that the POW
approximation do not report improvements. Furthermorejlinases discriminative training
clearly outperformed the conventional MLE training. Inf@rlar, very competitive results
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Figure 8.6: Same experimentation than Fig. 8.4 but recatitg the best words every itera-
tion instead of every0 iterations

were obtained using thge-MMI training scheme which obtained near$% of CER, or in
other words an improvement of more thé% of absolute points with respect to the gen-
erative counterpart. However, there are many more disgétivie training criteria such as
margin-based or minimum phoneme error. As future work we pdeimplement and adapt
these discriminative criteria to the proposed model.

The best result obtained in this work on the considered thskeoRIMES database is
15%. If we compare our system with the results of the ICDAR 2008oEE:ki et al., 2009],
our system would be positioned in the third position and v&oge to the second system
(13.9%), which is in fact a combination of hybrid HMM/MLP systems\cifar from the first
system (.8), which is a system based on a hierarchy of multidimensi@zairrent neural net-
works, and has shown to be extremely competitive in this. tlkeover, if we compare our
result with the results reported on the same task in Bianereddd et al. [2011], it is observed
that our system outperforms the results of the three sysggasented on that paper: a dy-
namic context-independent system based on HMMs5(%), a dynamic context-dependent
system based on HMM49.6%), and a hybrid HMM/neural network syster20(5%). How-
ever, when the three systems are combined an errt.6%% is obtained. Consequently, as
future work we plan to combine the proposed discriminatiteéVMs system, with the con-
ventional generative BHMMs system and other state of theyatems, as for instance those
based on recurrent neural networks [Graves and Schmid2(@9], in order to measure the
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Figure 8.7: Classification error (in %) along of the numberations for several values of the
parametek; using they-POW, criterion and recalculating the best words on each itematio

impact of discriminative BHMMs when combined with other &yss.

Finally, we intend to extend all the work developed in thisdis to continuous HTR, that
is, a discriminative BHMM in which the words are replaced byrd/sequences, and hence,
the prior probabilities are replaced by a language model.
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Chapter 9. Conclusions

9.1 Summary

In this thesis Bernoulli HMMs (BHMMSs) have been proposeddfftline handwriting recog-
nition in order to model text image data in binary form. TheNM was first introduced in
Chapter 4. A BHMM is defined as an HMM in which emission proligbfunctions are
modeled using multivariate Bernoulli probability funate Empirical results were reported
on two tasks of off-line handwritten word recognition: Aralsubwords fromCENPARMI
corpus, and English words frolAM database. In both cases each word (subword) was mod-
eled using a BHMM, and input images were rescaled to a givigghhand then binarized.
The results obtained, compared with conventional Gaushdkls, were promising.

Given the promising results from previous chapter, in Caaptwe delved into the use
of BHMMs for handwritten word recognition. Specifically, ioegan the chapter proposing
embedded BHMMs. They were formally described first, and grapirically compared with
conventional HMMs on a task of handwritten word classifmatirom the IAM database. In
this case BHMMs clearly outperformed conventional HMMseénmts of error and number
of parameters. Furthermore, embedded BHMMs were also cadpeth the classifier at
word level from previous chapter. As expected, the advantdgising embedded models
was clearly confirmed.

After studying the used of embedded BHMMs, we studied theofigernoulli mixture
emission probability functions. As expected the use Belnmixtures improved the recog-
nition accuracy. Bernoulli mixture HMMs were also comparweth a conventional HMM
using Gaussian mixtures. In this case, the results of theddr based recognizer were sim-
ilar or better than those of the Gaussian mixture based repelg Nevertheless, the feature
extraction required for the BHMM recognizer was minimal,nemver, it is much simpler in
terms of number of parameters.

Apart from our previous basic approach, in which narrow,-ookimn slices of binary
pixels are fed into BHMMSs, in Chapter 5 we also studied the afsa sliding window of
adequate width to better capture image context at eachdmailposition of the word image.
Furthermore, windowed BHMMs were improved by the introdéureiof windowreposition-
ing techniques. In particular, we considered three techniqti@sndow repositioningafter
window extractionvertical, horizontalandboth. They only differed in the way in which ex-
tracted windows are shifted to align mass and window ceiftetly in the vertical direction,
horizontally or in both directions). Experiments were ngpd on well-known databases for
handwritten word recognition: IFN/ENIT database, the IAMra& dataset and the RIMES
word dataset. In all cases, reported results were competitbpecifically, in the case of
IFN/ENIT database we obtained very good results, which etbuank first at the ICFHR
2010 Arabic Handwriting Recognition Competition.

In Chapter 6 BHMM formulae was extended in order to apply BHMMdr continuous
handwritten text recognition. Experiments were carrietbothe well-known IAM database.
Moreover, experiments on real ancient documents were alsied out.

BHMMs are generative models which have practical advarstagasily understandable
parameters, well-known training algorithms, etc. Howater known that in several appli-
cations they are outperformed by discriminative modelg-(inear models, neural networks,
etc.). At this point of the thesis we thought about how to ggji$criminative training tech-
nigues to BHMMs. Instead of directly trying to discriminagly train a BHMM we began
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9.1. Summary

in Chapter 7 by how apply a discriminative training to a siemBernoulli mixture classifier.
Specifically, a mixture of multi-class logistic regressidMLR) model was proposed for
binary data. This model was inspired by Bernoulli mixturassifier. Afterwards, the equiva-
lence between both classifiers was proved. Consequentlptaeéed two results. On the one
hand, we provided a Mi(discriminative) training scheme for Bernoulli mixtureaskifiers.
On the other hand, discriminative parameters can be irgergy transforming them into
generative parameters. This training scheme was testdueomell-known CENPARMI In-
dian digits database. Reported results shown that the pegjgbscriminative training scheme
clearly outperformed the conventional generative tranin

Finally, in Chapter 8 we applied the same strategy from previchapter to BHMMs.
More precisely, we presented a log-linear HMM (LLHMM) to ogmize isolated handwrit-
ten words that directly deals with binarized data. This medges proved to be equivalent to
Bernoulli HMMs (BHMMs), and in this way, we provided a framesk for discriminatively
training BHMMs. Several discriminative training criteneere analyzed for the LLHMM
model: conventional MMI;y-MMI, and the POW approximation. We analyzed all of them
discussing problems (over-fitting, computational cost) anme typical approximation to
those problems (regularization term, pruning techniqued) these methods were tested
over the well-known RIMES database of handwritten FrenchdaoWe seen that the POW
approximation do not report improvements. Furthermorallinases discriminative training
clearly outperformed the conventional MLE (generativairting. In particular, very compet-
itive results were obtained using theMMI training scheme.

In summary, the main contributions of this thesis are thiefahg:

e Bernoulli HMMs (BHMMs) have been proposed for off-line hayritten text recogni-
tion as an alternative to conventional Gaussian HMMs. Tlsichidea is to exploit the
binary nature of handwritten text by directly modeling brimad text images.

e All the HMM theory required for training models and recodmit has been reformu-
lated in order to use BHMMs.

e For binary feature vector extraction we have proposed th®fia sliding window with
repositioning. This is a very simple technique which hasnb@®ved to improve the
recognition accuracy, especially when vertical repositig is used.

e A Mmi training scheme for Bernoulli mixture classifiers has bessppsed. This
training scheme has been proved to clearly outperform cdioal MLE training.
This contribution also includes the following contribut&

— We have proposed a mixture of multi-class logistic regms$MMLR) model
for binary data.

— Equivalence between MMLR models and Bernoulli mixture siféers has been
proved.

— We provide a way to interpret MMLR parameters as generativarpeters.

e Adiscriminative training scheme for BHMMs has been proghgeéhis training scheme
has been proved to clearly outperform conventional gereraining. Specifically we
have studied:
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— We have proposed a log-linear HMM (LLHMM) to recognize idethhandwrit-
ten words that directly deals with binarized data.

— Several discriminative training criteria were analyzed tfre LLHMM model:
conventional Mat, v-Mmi, and the POW approximation.

— Equivalence between LLHMM for binary data classifiers andvBWs classifiers
has been proved.

— We provide a way to interpret LLHMM parameters as genergiamameters.

9.2 Scientific Publications

Most of the work in this thesis has directly yielded intefoaél articles in workshops, con-
ferences and journals. In this section, we enumerate thasilmutions to the scientific
community, highlighting the relationship whit this thesis

Bernoulli HMMs were first proposed (Chapter 4) in one pulilmain an international
workshop:

e A. Giménez-Pastorand A. Juan-Ciscar. Bernoulli HMMs for Off-line Handwrigin
Recognition. In Proc. of the 8th Int. Workshop on Patterndggition in Information
Systems (PRIS 2008), pages 86 — 91, Barcelona (Spain), 00& 2

The extension of BHMMs to embedded BHMMs (Chapter 5) was fivdtlished in an inter-
national conference:

e A. Giménezand A. Juan. Bernoulli HMMs at Sub-word Level for Handwritté/ord
Recognition. In 4th Iberian Conference on Pattern Recagméand Image Analysis,
volume 5524 of LNCS, pages 497 — 504. Springer-Verlag, Pded#arzim (Portugal),
June 2009.

while the use of Bernoulli mixture HMMs (Chapter 5) was firgbfished in another interna-
tional conference:

e A. Giménezand A. Juan. Embedded Bernoulli Mixture HMMs for Handwriti&/ord
Recognition. In Proc. of the 10th Int. Conf. on Document A and Recognition
(ICDAR 2009), pages 896 — 900, Barcelona (Spain), July 2009.

Recently, a paper with the theory and results from Chaptdyoh(previous papers with
updated results, plus windowed BHMMs with repositioningyyspmore results on other
databases) has been accepted in an international journal:

e A. Giménez I. Khoury, J. Andrés-Ferrer, and A. Juan. Handwriting WRetognition
Using Windowed Bernoulli HMMs. Pattern Recognition LeteB5(0): 149 — 156,
2012. ISSN 0167-8655. doi: 10.1016/j.patrec.2012.09.002

The use of BHMMs for continuous HTR (Chapter 6) was first pshid in:
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e A. Giménez-Pastorand A. Juan. Embedded Bernoulli Mixture HMMs for Contin-
uous Handwritten Text Recognition. In 13th Internationah@rence on Computer
Analysis of Images and Patterns (CAIP), pages 197-204n&grVerlag, 2009.

The collaboration with Nicolas Serrano, in which the BHMMliat used in this thesis was
adapted to conventional mixture Gaussian and modified tpatip constrained search (see
Chapter 6), resulted in two publications:

e N. SerranoA. Giménez A. Sanchis, and A. Juan. Active Learning Strategies in Hand
written Text Recognition. In Proceedings of the ICMI- MLMO 20, pages 1-9. ACM,
2010b.

e N. SerranoA. Giménez J. Civera, A. Sanchis, and A. Juan. Interactive handvgritin
recognition with limited user effort. International Joatmon Document Analysis and
Recognition (IJDAR), pages 1-13, 2013. ISSN 1433-2833. Hail007/s10032-013-
0204-5.

Most of the work on Arabic presented in chapters 5 and 6 (IRNIfEand printed Arabic)
was done in collaboration with Ihab Khoury, resulting ines&l publications:

e |. Khoury, A. Giménez-Pastor and A. Juan. Arabic Handwritten Word Recognition
Using Bernoulli Mixture HMMs. In The 3rd Palestinian Intational Conference on
Computer and Information Technology (PICCIT), Hebron é3tihe), Feb 2010.

e A. Giménez |. Khoury, and A. Juan. Windowed Bernoulli Mixture HMMs férabic
Handwritten Word Recognition. In Proceedings of the 12tkermational Conference
on Frontiers in Handwriting Recognition (ICFHR), pages 5833, Kolkata (India),
November 2010. IEEE Computer Society.

e |. Khoury,A. Giménez A. Juan, and J. Andrés-Ferrer. Arabic Printed Word Recogni
tion Using Windowed Bernoulli HMMs. In 17th Internationab@ference on Image,
Analysis and Processings (ICIAP 2013), pages 330—-339 ds4fihly), Sep 2013.

Results and theory about discriminative Bernoulli mixtatassifiers from Chapter 7 was
published in the following international conferences:

e A.Giménez J. Andrés-Ferrer, A. Juan, and N. Serrano. Discrimin&aeoulli Mix-
ture Models for Handwritten Digit Recognition. In 11th Imational Conference on
Document Analysis and Recognition ICDAR 2011, pages 5582: #5EE Computer
Society Conference Publishing Services, September 2GRN [978-0-7695-4520-2.
doi: 10.1109/ICDAR.2011.118.

The content of Chapter 8 (discriminative BHMMSs) yielded aewmtly accepted paper on a
international journal:

e A. Giménez J. Andrés-Ferrer, and A. Juan. Discriminative BernouMMs for Iso-
lated Handwritten Word Recognition. Pattern Recognitiettérs, 35(0): 157 — 168,
2014. ISSN 0167-8655. doi: 10.1016/j.patrec.2013.05.016
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Related to this chapter, a paper has been recently publisteedlaboration with the HLTPR

group from RTWH Aachen University. In this paper discrintina BHMMs were compared

with Gaussian HMMs based on neural network features, usingoth cases the vertical
repositioning technique:

P. Doetsch, M. Hamdanh. Giménez, J. Andrés-Ferrer, A. Juan, and H. Ney. Com-
parison of Bernoulli and Gaussian HMMs using a vertical s#paning technique for
off-line handwriting recognition. In 2012 Internationab@ference on Frontiers in
Handwriting Recognition (ICFHR 2012), pages 3 — 7, 2012.

Finally, during the making of this thesis | have collabodsite several publications, most of
them not directly related with the topic of this thesis:

A. Giménez-Pastor J. Andrés-Ferrer, and A. Juan. Modelizado de la longitud pa
clasificacion de textos. In Nicolds Pérez de la Blanca antdftb PI4, editors, Ac-
tas del | Workshop sobre Reconocimiento de Formas y Andlsisnagenes (CEDI
2005), Simposio de la Asociacién Espafiola de Reconocimimformas y Analisis
de Imagenes (AERFAI). ISBN: 84-9732-445-5, pages 21-28n13on, 2005.

J. Gonzalez, A. L. Lagarda, J. R. Navarro-Cerdan, L. Eliodar Giménez F. Casacu-
berta, J. M. Val, and F. Fabregat. Sishitra: a spanish-4talaahybrid machine transla-
tion system. In 5th SALTMIL Workshop on Minority Languagesges 69—-73, 2006.

J. Gonzélez-Rubich. Giménez J. Gonzélez, A. L. Lagarda, J. R. Navarro-Cerdan,
L. Eliodoro, V. J. Félix, P. Peris, and F. Casacuberta. Urduacion exhaustiva de
sishitra, un paradigma hibrido en traduccion automatich/ Dornadas en Tecnologias
del Habla (IVJTH’2006), pages 93—-98, 2006.

J. Gonzdalez-Rubio, J. Gonzalez, A. L. LagardaGiménez J. R. Navarro-Cerdan,
and F. Casacuberta. Translation applications under théraiframework. In 3rd
Language and Technology Conference, pages 453-457, 2007.

V. Romero,A. Giménez and A. Juan. Explicit Modelling of Invariances in Bernaull
Mixtures for Binary Images. In 3rd Iberian Conference orté&tatRecognition and Im-

age Analysis, volume 4477 of LNCS, pages 539-546. Sprikgeag, Girona (Spain),

June 2007.

J. A. Silvestre-Cerda, M. A. del Agua, G. Garcés, G. Gasc&iménez A. Martinez,
A. Pérez, I. Sanchez, N. Serrano, R. Spencer, J. D. Valomdrés-Ferrer, J. Civera,
A. Sanchis, and A. Juan. transLectures. In Online Proc. ofafides in Speech and
Language Technologies for Iberian Languages (IBERSPEBETIR R pages 345-351,
Madrid (Spain), nov 2012.

J. A. Silvestre-Cerdd. Giménez J. Andrés-Ferrer, J. Civera, and A. Juan. Albayzin
Evaluation: The PRHLT-UPV Audio Segmentation System. lhJdrnadas en Tec-
nologia del Habla. Ill Iberian SLTech Workshop (IberSPEEZIH 2), pages 596—600,
2012.
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e A. H. Toselli, N. SerranoA. Giménez |. Khoury, A. Juan, and E. Vidal. Lan-
guage technology for handwritten text recognition. In DewoTorre Toledano, Al-
fonso Ortega Giménez, Antonio Teixeira, Joaquin Gonzatedriguez, Luis Hernan-
dez Gémez, Rubén San Segundo Hernandez, and Daniel Rantos, @dgors, Ad-
vances in Speech and Language Technologies for Iberianuages, volume 328 of
Communications in Computer and Information Science, pdges-186. Springer
Berlin Heidelberg, 2012. ISBN 978-3-642-35291-1. doi:1007/978-3-642-35292-
8_19.
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APPENDIX

NOTES ON DISCRIMINATIVE BHMMS

In this appendix some points which were barely seen in Chhaéptre explained in more
detail.

A.1 Discriminative to Generative Transition Probabilities

In this section, we prove that the parameters in (8.46) yaghdobability proportional to that
of (8.35) when used in (8.4) as the generative parameterg(qfi | S). In order to clarify
this, we plug the parameters as computed in (8.46) into (8e4ding

. P ~ _
H eXp SLIQz Uf(Sl 4y) Llﬁ €Xp (/\sthQt+1)Uf(81,th+1) ] €xXp ()\Slqil+1—lF)Uf(Sl:F)]
ey YUf(s.) =i YUF(s1,00) VVF (51,014, -1)

(A1)
where by grouping elements we get
. L . ip1—2
1 h(,g9) ] [em_USena) T Urtsvaren) (A.2)

PpT+L eXp(El,t CSth) =1 YF(si0) Uf(517Qil+l—1) =i, Uf(si,qt)

Note that, in each segmehthe telescope product ove=iL is equal toq)“( £5 .1, and then
equation (A.2) is reduced to

’ 1=1 Uf(s;,]) eXp(Zl,t CSlqt)
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A.2 Efficient LLHMM Parameter Estimation

As seen in Section 8.4, parameter estimation for LLHMM reggithe calculation of scores
for all hidden variable combinationd, q, k), for example see houg, (O) is calculated
in (8.22). Fortunately, as to some extent the proposed LLHMbtel is like a BHMM
in which parameters are not restricted, the Forward-Baottakgorithm can be also applied
in a similar way as we did in Section 5.5. In what follows, wee#ne the Forward and
Backward recursions for the LLHMM case, and show an exampleow they are used in
parameter estimation. Specifically, we show h@¥,,,(\) (v-MMI Criterion) is calculated
for a transition parametex.,, .

A.2.1 The Forward Algorithm

We begin the section with some preliminary definitions
h)\(07 ‘97 i7 q, k)

ha(O,i,q,k; S) = xpOhs) (A.4)
=ha(i,q;9) - (0, ki, q, S) (A.5)
= exp Z Asigeqers + Z Asigeke + Z )‘Slthkt ) (A.6)
itd
i,q.k

Note that, as we did in Section 8.32,(-) is used to denote scores or scaled probabilities.
In a similar way that in Section 5.5.1, the forward functiemefined as

asi(d) = ha(0},i) <t <ipy1,q0 = 53 9), (A.8)

that is, the score of up to itstth element for a given word, when it is calculated using
all hidden variable combinations which end at staté symbols;, and divided byexp(As).
Using this functiom (O; S) is calculated as

hA(O; S) = agrsr(Fy (A.9)

whereLgs and is the number of symbols # andT is the length ofD. The forward function
is a recursion which can be efficiently calculated using dyicgorogramming. For the special
states/ and F' it is calculated as follows

<
asit(I) = asi—1:(F) 11<§l —SLTS , (A.10)

|/\|/\

1<L
= (A.11)

1
OéSlt ZOéSlf eXp sljF) 1 T >

while, for regular stated, < j < Mj,, we have

asi(j) = > asii-1(i) exp(Aeij) | bej(01a) (A.12)
ie{l,1,....Ms,}
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with1 <[ < Lgandl <t <T, and being.,(o) defined as follows

Keq

beg(0) = exp (> [Aegh + > Aegraod]) - (A.13)
k=1 d
The base case is for=1

. Aslibslio lzlalgng‘l
asi (i) = {eXp( i) basilo1) ! . (A.14)

0 otherwise

It is worth noting, that different words with common prefixam share the(.) values for
the prefix.

A.2.2 The Backward Algorithm
Similarly to the generative case (5.5.2) the backward fonds defined as follows

Bsi(j) = ha(Of 1301 < t <iipr,qe = 5,9) (A.15)
that is, the score of processiiig, 1 for a given wordS, knowing that thefth vector was

processed in the stajeof the symbols;, and divided byexp(As). As in the forward case,
the backward function can be efficiently calculated usingeadyic programming as follows

<
Bsi(F) = Bsi+1e(1) 11,§lt<<li§ , (A.16)
M,
. . <[<
Bsie(i) = exp(\s,iir) Bsu(F) + Y expiboslo)Boun () 422
j=1
(A.17)

where the base case is definedfoet T" as

(A.18)

Borr(i) exp(Asir) = Lg,1<i< M,
1) = .
ST 0 otherwise

A.2.3 Example of Parameter Estimation Using Forward-Backvard

In this section we show how the Forward-Backward algoriterased in parameter estima-

tion. In particular, we focus on the case)af,/, a parameter related to an transition between

normal states, for the-MMI Criterion. And more specifically, we focus on the calatibn of

QY ijg(A), whereQ” (\) denotesR?,.(\) with m = (cjj’), and@),,,()) is defined
(8.65).

) n (ejj’)
in
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We begin the example rewritin@’ (i)
and rearranging terms we have tigat

(\). Putting (8.64), (8.66), and (8.59), into (8.65)
(A) can be expressed as follows

n(cij’)
Qz (ij/)(A) = Z ZPA’Y(Sa ia q, k | On)fcjj’ (Ona Sa ia q, k) (Alg)
i,q.k S
=33 (S| O)pali,a.k | S,0)fejjr (On, S, i, q,k) (A.20)
S iq,k

2:(0,,9)]""
:zs: [Z[:R)\[(Z)\(O:,}R)]V 'z:kh)\(onasaiaqv k)ijj’(OnaSaiaqv k) .

(A.21)

The normalization terng£, (0, S) can be easily calculated using the forward algorithm as
follows

2,(0,8) =>_ hx(0,8.,i,q,k) (A.22)
i,q.k
hA(O, Sa ia q, k)
= A = A.23
exp( w% () (A23)
=exp(As)ha(0; S) = exp(As)asrsr(r) - (A.24)

The inner sum in (A.21), which we will refer Q’é”)ﬂ can be rewritten using forward and
backward function as follows

€5 = O ha(On, 8,1,0,%) fejj1(On, S, 0, k) (A.25)
i,q,k
L ip41—2
=3 [ On, S, k) D dsi,0) D bl i)dlar1,5) (A.26)
i,q,k =1 t=1;
iy41—2
= Za s,00 )Y Zé 4, 5)3(de41, 5 )ha(On, S, i, 4, k) (A.27)
i t=1,
71
= Z Z hx(On, Syt <t <irpr — 1,q0 = §, g1 = ') (A.28)
l:s;=c t=1
T-1
= > > exp(As) - ha(Onf it <t <irgr,q0 = j; S)- (A.29)
l:s;=c t=1
eXp(chj/) : bcj/(ontJrl)' (A30)
h/\(ont{-%il <t+1<ig1,q@e1=73,95) (A.31)

exp(As) Z Z O‘S - exp(Acjj) - bej (Ont+1) - 55972_,_1(]/) . (A.32)

l:s;=c t=1
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Finally, putting all together we get that

(n) Y=1p(n)
exp(Ag) - « ESioiin
v ()\) _ ZS [ ( S) SLST(F)} S(cjj’) ) (A33)

e >R [eXPO\R) : Ofgan)RT(F)}7

It is worth noting, that using the same procedure than in tegipus case is easy to see
that N () can be calculated as

n(cjj’

(n)
85(cif")

exp(As) - a(snL)sT(F)

Ny ejinN) = Naezin(A) =

(A.34)

where heres = S,,.
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