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RESUMO

Neste trabalho sdo apresentados métodos para aprendizado de classificadores Baye-
sianos a partir de bases de dados contendo dados rotulados e ndo-rotulados (aprendi-
zado semi-supervisionado). O trabalho apresenta dois novos algoritmos, SSS € CBL-
EM, e compara estes algoritmos com versoes de classificadores Naive Bayes, Tree-
Augmented Naive Bayes e Structural-EM. As principais contribui¢des foram o desen-
volvimento de um método para utilizar o algoritmo CBL1 em conjunto com o algo-
ritmo EM (do inglés Expectation-Maximization) e a definicdo de uma metodologia
para o aprendizado semi-supervisionado de classificadores Bayesianos. Os resultados
empiricos mostram que os algoritmos propostos tem desempenho superior aos algorit-

mos existentes para aprendizado com dados rotulados e ndo-rotulados.




ABSTRACT

This work presents techniques for learning Bayesian classifiers from databases
containing labeled and unlabeled data (semi-supervised learning). The work presents
two new algorithms, SSS and CBL-EM, and compares their performance with versions
of Naive Bayes, Tree-Augmented Naive Bayes and Structural-EM classifiers. The main
contributions of this work are the development of a framework for using the CBL1
and EM algorithms together, and the development of a methodology for the semi-
supervised learning of Bayesian classifiers. The empirical tests show that the proposed

algorithms perform better than existing classifiers for labeled and unlabeled data.
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1 INTRODUCAO

Com o continuo avanco da tecnologia de aquisi¢do e transferéncia de dados, em
muitas dreas ndo é conveniente classificar dados de forma manual. Por exemplo, uma
ferramenta de classificacio automdtica pode ser usada para classificar mensagens ele-
trénicas como sendo mensagens indesejadas ou como mensagens legitimas. Para tare-
fas como essa, algoritmos sdo utilizados para construir classificadores a partir de bases

de dados existentes.

Este trabalho aborda o aprendizado de classificadores Bayesianos a partir de uma
base de dados composta por registros rotulados e ndo-rotulados. Na literatura, esses

classificadores estdo no dominio do aprendizado semi-supervisionado.

Nos tltimos anos, varios autores utilizaram redes Bayesianas para aprendizado se-
mi-supervisionado, com resultados promissores (NIGAM et al, 2000; BALUJA, 1999,
GHANI, 2001; SHAHSHAHANI; LANDGREBE, 1994; SEEGER, 2000). Nesses traba-
lhos, dados ndo-rotulados aumentam o desempenho do classificador e levam a conclu-
sGes otimistas com relagdo ao valor dos dados ndo-rotulados. A utilizagdo de redes
Bayesianas é motivada pelo seguinte raciocinio. Quando um classificador é construido
a partir de uma base de dados, em geral um “modelo” é assumido — ou seja, as pro-
babilidades e decisdes que constituem o classificador sdo parametrizadas de alguma
forma especifica. Por exemplo, classificadores como o Naive Bayes (NB) ou o Tree-
Augmented Naive Bayes (TAN) assumem vdrias relagdes de independéncia entre atri-
butos. Sabe-se que o conhecimento do modelo probabilistico correto garante a constru-
¢do de um classificador 6timo (um classificador que minimiza o erro de classifica¢@o).
Por isso, faz sentido adotar uma familia de modelos que possam parametrizar modelos
arbitrrios, longe das restri¢des de classificadores como NB e TAN. Redes Bayesia-
nas representam uma familia de modelos com essas caracteristicas. Neste trabalho

adotamos redes Bayesianas como a familia bdsica de classificadores. Os algoritmos
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SSS e CBL-EM, propostos neste trabalho, sdo algoritmos que procuram utilizar todo
o potencial e a flexibilidade de redes Bayesianas no contexto de aprendizado semi-

supervisionado.

Neste trabalho foram utilizados os classificadores da literatura NB, TAN e uma
adaptacdo do método Structural-EM (SEM) como base para estudos em aprendizado
semi-supervisionado. Esses classificadores foram comparados a classificadores gera-
dos por dois novos algoritmos, SSS e CBL-EM. O primeiro algoritmo de aprendizado,
denominado SSS, foi desenvolvido juntamente com o pesquisador Ira Cohen (o traba-
lho principal de desenvolvimento foi realizado por ele). O algoritmo SSS realiza uma
busca estocéstica de redes Bayesianas guiada pelo erro estimado de classificagdo. O
segundo algoritmo de aprendizado, denominado CBL-EM, ¢ uma adaptacdo do algo-
ritmo de aprendizado CBL1 (CHENG; BELL; LIU, 1997), que se baseia em testes de

independéncia condicional para a escolha de uma rede.

1.1 Escopo

Neste trabalho foi escolhida uma abordagem estatistica do problema da classifi-
cacdo, ou seja, fungdes de distribui¢do de probabilidade representam a situagdo de
interesse e os pardmetros dessa distribui¢do sdo estimados utilizando-se o método da

maxima verossimilhanca.

Mostrou-se conveniente, também, trabalhar apenas com bases de dados discretas.
Do ponto de vista pratico, € sempre possivel discretizar atributos continuos presen-
tes em bases de dados; portanto trabalhar com distribui¢des multinomiais discretas €

pouco restritivo.

A literatura de aprendizado semi-supervisionado tem focado na utilizacdo de pou-
cos dados rotulados em compara¢do com a quantidade de dados nao-rotulados. Os
algoritmos de classificagéo estudados neste trabalho procuram utilizar uma quantidade
maior de dados rotulados do que o encontrado na literatura, por considerar que essa é

uma situagio de maior relevéancia prética.

Durante a pesquisa feita para esta dissertacdo foi verificado que existem muitos
caminhos possiveis que um analista pode tomar ao se deparar com o problema de cons-
truir um ciassificador Bayesiano a partir de uma base incompleta. Ele pode escolher

um método sofisticado, como uma busca estocéstica, ou mais simples como o NB-EM,



ou qualquer um dos procedimentos entre esses dois extremos. O foco deste trabalho
estd em verificar em que condigdes a utilizacdo dos dados ndo-rotulados € vantajosa €

principalmente descrever uma metodologia para auxiliar o analista nessa tarefa.

1.2 Contribuicoes
Cinco contribuic®es distinguem este trabalho:

e Participacio no desenvolvimento da primeira versdo do algoritmo SSS, que re-

presenta o estado da arte em aprendizado semi-supervisionado (durante os pri-

meiros meses do trabalho do mestrado, durante a visita do pesquisador Ira Cohen).

Os resultados obtidos com o SSS representam como um teto de desempenho a

ser obtido pelos outros classificadores.
¢ Desenvolvimento e implementagdo do algoritmo CBL-EM.

e Adaptacio e implementagio do algoritmo SEM (FRIEDMAN, 1997) para a tarefa

de classificagdo.

o Comparagdo dos principais algoritmos para aprendizado semi-supervisionado de
redes Bayesianas, com testes realizados em bases de dados reais (quatro bases
provenientes do repositério da UCI (BLAKE; MERZ, 1998) e mais duas bases de

reconhecimento de imagens).

e Descricio de uma metodologia que deve auxiliar 0s interessados em treinar clas-
sificadores utilizando dados rotulados e no-rotulados a experimentar os diversos
algoritmos existentes e principalmente fazer o melhor uso dos algoritmos mais

simples e de complexidade polinomial.

Como resultado desse trabalho, houve participagdo em artigo publicado na PAMI
(IEEE Transactions on Pattern Analysis and Machine Intelligence) (COHEN et al.,
2005), artigos publicados em congressos internacionais (COHEN et al., 2003; COZ-
MAN; COHEN; CIRELO, 2003). Houve também publicag@o de resultados em congresso
nacional (CIRELO; COZMAN, 2003).



2  EMBASAMENTO TEORICO

Neste capitulo sdo apresentados alguns conceitos necessdrios para a descrigdo dos

algoritmos de classificacdo desenvolvidos no trabalho.

2.1 Classificacao estatistica

A tarefa de classificacdo consiste em associar um rétulo ¢ a um vetor de atributos
x. Uma abordagem probabilistica envolve ou a modelagem da distribui¢do conjunta
dos atributos e rétulos, P(C.X), ou a modelagem da distribuigdo posterior dos rotulos
dados os atributos, P(C|X). Conhecida a distribui¢do P(C|X), a escolha do rétulo
que maximiza a taxa de acerto esperada do classificador ¢ feita utilizando-se a regra
de decisdo de Bayes (DUDA; HART; STORK, 2000), ou seja, escolhe-se o rétulo com
maior probabilidade posterior. No entanto, P(C|X) em geral ndo € conhecida e deve

ser estimada a partir de uma base de dados D.

O problema estd justamente na dificuldade de se estimar a distribuigdo conjunta
ou a distribuicdo posterior. A solugdo mais comum estd em assumir relagoes de inde-
pendéncias entre os atributos, reduzindo o nimero de pardmetros livres da distribui¢do
P(C,X).

O mais simples classificador Bayesiano, o classificador Naive Bayes, parte do pres-
suposto de que todos os atributos sdo independentes se o rétulo for conhecido. Dessa
forma temos uma classificador bastante compacto cujo nimero de pardmetros cresce
linearmente com o nimero de atributos. A distribui¢do posterior representada por esse

classificador é!:

INa equagfio 2.1, assim como nas demais, as letras maidsculas sao utilizadas para representar va-
ridveis aleat6rias discretas, letras miniisculas indicam varidveis observadas, | X | indica o nimero de
valores possiveis que dada varidvel aleatdria pode assumir, | X | representa o nimero de elementos do
conjunto X. Rétulos sdo representados por uma dnica varidvel C denominada varidvel de classe.
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Nos problemas de interesse prético a hipétese de independéncia em geral néo se
sustenta e é comum tentar construir classificadores que permitam representar relagoes

mais complexas entre atributos.

Redes Bayesianas, que constituem a base dos algoritmos apresentados neste texto,
permitem a representacdo de distribuigdes conjuntas de probabilidades com relagGes
arbitrarias de independéncia entre varidveis. Assim, redes Bayesianas se apresentam
como modelos naturais para representar relagdes de dependéncia e independéncia entre

atributos.

2.2 Redes Bayesianas e estimacao de parametros

Redes Bayesianas sdo representadas pelo par (S, 6) , onde S € um grafo aciclico
direcionado (DAG, na sigla em inglés) e 8 é o conjunto de pardmetros que quantifica
a distribuicdo. Nesses grafos as varidveis correspondem a nés enquanto relacdes de

dependéncia direta s3o representadas por arcos (PEARL, 1988).

A estrutura de uma rede Bayesiana é o conjunto de relagdes de independéncia
entre as varidveis de interesse: toda varidvel é independente das varidveis que ndo sdo
suas descendentes, dados seus pais. Essas relagdes podem ser representadas por grafos
aciclicos (SPIRTES; GLYMOUR; SCHEINES, 2000). Com efeito, parte da relevancia das
redes Bayesianas estd em aproveitar as propriedades matematicas e computacionais das

operagdes com grafos (LAURITZEN, 1996).

Alguns conceitos sdo especialmente importantes €, por isso, sdo reproduzidos a
seguir. Uma revisdo desses conceitos pode ser encontrada em (CHICKERING, 2002;

HECKERMAN, 1995).

e Ordenagio. Para um DAG podemos extrair uma ou mais seqiiéncias de varid-
veis, em que cada seqiiéncia é ordenada segundo a seguinte regra: cada varidvel
pode ser pai de uma ou mais das varidveis subseqiientes, mas ndo pode ser pai
de nenhuma das varidveis anteriores. O caso inverso também € de interesse:

pode ocorrer que a ordenagdo seja conhecida antes mesmo que uma DAG exista.




Figura 1: Grafo direcionado aciclico. Exemplo extraido de Spirtes, Glymour e
Scheines (2000).

Nesse caso, existem algoritmos eficientes para o aprendizado quando a ordena-

¢ao € conhecida (COOPER; HERSKOVITS, 1992; CHENG; BELL; LIU, 1997).

e Estruturas-V. Conjunto de trés nés e dois arcos que apontam para o mesmo no.

Por exemplo, sub-estrutura C — E « D da figura 1.

e Equivaléncia. Quando comparamos duas estruturas, dizemos que sdo equiva-
lentes se possuirem o mesmo conjunto de varidveis e de arcos (ignorando suas
direcdes) e as mesmas estruturas-V. A equivaléncia entre estruturas ndo implica

equivaléncia entre as distribuicdes.

e Estrutura Completa. Estrutura que ndo contém nenhuma relacdo de indepen-
déncia entre as varidveis. H4 arcos conectando cada par de varidveis e suas

orientacdes sdo dadas pela ordenagdo das varidveis.

o Estrutura Generativa. Grafos nos quais o né que corresponde & classe C € um no
que ndo tem pais. As distribui¢des cujas relaces de independéncia estdo restritas

a uma estrutura generativa podem ser fatoradas na forma P(C YIx P(X | Pa(X)).

e D-separacdo. Apenas observando a configuragao de um grafo aciclico é possivel
fazer afirmacdes sobre as relacdes de dependéncia entre as varidveis usando-se a
propriedade da d-separagdo. Se duas varidveis X; e X estdo d-separadas por um
conjunto V, ento elas serdo independentes quando as varidveis que compdem Y
forem observadas. A defini¢io de d-separagdo é apresentada na se¢do 3.2, onde

¢ utilizada para justificar o algoritmo CBL1.

Os pardmetros de uma rede Bayesiana sao os valores de probabilidade que definem

uma tnica distribuicdo conjunta sobre todas as varidveis da rede. Para tanto, cada né




X é associado a uma distribuicdo P(X | Pa(X)), onde Pa(X) indica o conjunto de pais

de X no grafo.

O valor de P(C | X) é inferido usando-se a férmula de Bayes:

P(C,X)

PICIX) = 55

(2.2)

Para obter os pardmetros da rede que permitem o cdlculo destes valores de pro-
babilidade, pode-se considerar a maximizagdo da verossimilhanga com relagéo a uma
base de dados D. Note-se que neste trabalho sempre consideramos a estimagdo de
pardmetros como a busca de pardmetros que maximizam verossimilhanga, e sempre
tomamos a verossimilhanga como o logaritmo da probabilidade dos dados observados
(DUDA; HART; STORK, 2000; GHAHRAMANI; JORDAN, 1994).

No caso de uma base de dados completa (ou seja, os valores de classe e atribu-
tos sdo conhecidos para todo registro), a verossimilhanga pode ser maximizada de
forma fechada. Com efeito, para dados rotulados a estimac@o de pardmetros reduz-
se simplesmente a uma contagem feita sobre a base de dados (FRIEDMAN; GEIGER;
GOLDSZMIDT, 1997).

x,C=¢)

SE

onde n(.) representa o nimero observado de ocorréncias encontradas na base de dados,

P(C:c):T, IS(X:x[C:c):n(X(:

(2.3)

e m é o ndmero de exemplos existentes na base.

Para bases contendo dados ndo-rotulados, a maximizagdo de verossimilhanca €
mais complexa. Considere inicialmente que a estrutura da rede Bayesiana € conhecida
e desejamos estimar apenas os pardmetros 8 (que sdo as distribui¢des associadas as

varidveis da rede). O logaritmo da verossimilhanga (LL) de uma base de dados D é:

|Dl+D”|
LL®|D) = log [] P(xici|6) (2.4)
i=1

124 D" Ic]
= log (HP(xi,C:yi|9>+log ( I1 ZP X;,cij | 8) )(25)

i=1 i=|Di|+1j=1

Dados Rotulados Dados Nao-rotulados




\D|
= log [ P(C =) [ P(x| Pa(x:),0) | + (2.6)
i=1 X;
Dados Iigtulados
|D"| lCl
Y log| Y Plcij|8) [TP(x]Pa(x:),0) | . 2.7)
=[D'|+1 Jj=1 X;

Dados Nio-rotulados

onde y; contém o valor verdadeiro do rétulo.

Nessa derivagio, a verossimilhanga dos pardmetros se decompde sobre 0s registros
rotulados e nio-rotulados. Note que a equagio (2.6) é a expressdo de verossimilhanga
usada em aprendizado supervisionado convencional (ou seja, com todos os dados ro-
tulados), e que leva a expressdes fechadas para estimagdo. Ja para a maximizag¢io do
segundo membro da equagao de verossimilhanga (2.7) nao existe solucdo fechada. Por
isso, utilizamos o algoritmo iterativo EM (do inglés Expectation-Maximization) para
maximiza¢io (GHAHRAMANTI; JORDAN, 1994). Esse algoritmo e aspectos de imple-

mentacdo sua sdo discutidos a seguir.

O algoritmo EM é composto por duas etapas. No contexto de aprendizado semi-
supervisionado, temos uma etapa de estimagdo de rotulos e uma etapa de estimagdo de
parmetros. Indicamos por €' os valores de pardmetros na t-ésima iteragdo do algo-

ritmo — ou seja, estimativas de todas as probabilidades na rede. Temos:

e Passo E: Os valores esperados da varidvel C sdo calculados usando a estimativa

atual dos parAmetros €.

e Pusso M: Calcula as estimativas de maxima verossimilhanga como se a base de
dados original tivesse sido complementada com os valores esperados pela classe;

essas estimativas passam a ser &' atell

No passo M, os estimadores de médxima verossimilhanga utilizados s@o os mesmos
que seriam utilizados caso todos os dados estivessem observados — essa € uma das

caracteristicas do EM.

A cada iteracdo calcula-se o valor atual de verossimilhan¢a e compara-se esse
valor com obtido na iteracdo anterior. Caso a diferenca esteja abaixo de um limite

especificado o processo é interrompido, pois o algoritmo convergiu para um méximo




local da fungdo de verossimilhanga. O algoritmo também € interrompido caso um

nimero maximo de iteracdes tenha sido alcangado.

No passo M do algoritmo EM a maximizagdo dos pardmetros se reduz a uma sim-
ples contagem de “co-ocorréncias probabilisticas” entre atributos na base de dados.
No entanto, existe o problema da ocorréncia de zeros nas tabelas de probabilidades
condicionais (quando os valores de dois ou mais atributos nunca ocorrem simultanea-
mente na base de dados). Na verdade, dois sdo os problemas que os zeros acarretam.
Em primeiro lugar, impedem o cdlculo do logaritmo da verossimilhanga (porém esse
caso poderia ser facilmente contornado substituindo-se o zero por um nimero arbitra-
riamente pequeno). O segundo problema, mais sério, € decorréncia do carater iterativo
do algoritmo EM. Zeros que aparecem em tabelas de probabilidade condicional impe-
dem que a probabilidade posterior da classe seja atualizada nas iteragdes subsegiientes
do algoritmo. Tendo em vista esses problemas, foi realizado amplo estudo sobre como

contornar o aparecimento de zeros no algoritmo EM.

Ap6s diversos testes realizados ficou claro que ndo seria recomenddvel simples-
mente substituir 0 pardmetro com valor zero por uma constante, devido a sua influéncia
no conjunto de pardmetros calculado, e conseqtientemente no desempenho do classi-
ficador. Apesar dessa questdo ser levantada em muitos trabalhos no campo de apren-
dizado de maquina ((FRIEDMAN; GEIGER; GOLDSZMIDT, 1997; NIGAM et al., 2000;
MCLACHLAN, 1992) para citar alguns), poucos trabalhos levantam uma comparagao
objetiva entre os principais métodos disponiveis. Um trabalho que apresenta essa com-
paragio é Kohavi, Becker e Sommerfield (1997). Naquele trabalho, um método deno-
minado Laplace Smoothing com fator de corregdo dependente do tamanho da base de
dados é recomendado. Temos, entdo, os seguintes estimadores:

. nC=c)+l/m 5. . nX=xC=c)+1/m
PC=c)== cT/m PX=xIC=d == e or X /m

(2.8)

Um problema da implementagio do algoritmo EM ¢€ a sua inicializagdo (ou seja, a
primeira estimativa dos pardmetros 0). Neste trabalho, adotamos como ponto de par-
tida a porcdo de dados rotulados relevante a cada pardmetro. Com efeito, a quantidade
de dados rotulados disponivel tem importante papel no desempenho do classificador

ao diminuir a importncia de rotinas para eliminag@o de zeros.
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Figura 2: Rede Bayesiana tipo Naive Bayes.
2.2.1 Naive Bayes ¢ Tree-Augmented Naive Bayes

Um classificador Naive Bayes (NB) pode ser representado como uma rede Baye-
siana com estrutura fixa e conhecida (como exemplo veja a figura 2). Por essa razdo,
o aprendizado semi-supervisionado de classificadores NB pode ser feita por algoritmo

EM — chamado aqui NB-EM.

Nigam et al. (2000) apresenta uma descri¢do detalhada da aplicagdo de NB-EM
para classificagdo de textos da Usenet. E interessante notar que apesar das simpli-
ficacdes adotadas pelo Naive Bayes, Nigam et al. (2000) obtém resultados bastantes
promissores em bases de dados com muitos atributos e com uma quantidade de dados

rotulados muito reduzida.

A estimacdo supervisionada de redes Bayesianas restritas a arvores foi inicial-
mente proposta por Chow e Liu (1968). O algoritmo desenvolvido naquele artigo
permite recuperar, em tempo polinomial, a drvore que melhor representa a base de
dados (em termos de distancia de Kullback-Leibler (KL)). O pseudo-cédigo desse al-
goritmo, aqui chamado de CL, estd no Algoritmo 1. Note que o passo 3 pode ser feito
em tempo polinomial utilizando algum algoritmo para a determinacdo da drvore que
maximiza a soma dos pesos dos nés (esses algoritmos sao conhecidos por MWST sigla

para Maximum Weight Spanning Tree).

No caso do algoritmo CL, o peso de cada arco (X;, Xj) é dado pela Informagio

Muitua de X; e X;. O célculo da Informagdo Mitua é feito pela seguinte equagao:

MIX:, X;) = KL(P(X;, X)), P(X)P(X;)) (2.9)
_ ( i )
X;{jP(X,,X) ————(X) 50X (2.10)

onde a somatdria percorre todos os valores possiveis para X; e X, € 0 circunflexo indica
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Figura 3: Rede Bayesiana tipo TAN.

que valores de probabilidade sdo estimados a partir da base de dados.

1. L recebe uma lista com todos os arcos ndo direcionados possiveis.
2. Para cada arco < X;, X; >em L.

2.1. Associar ao arco < X;, Xj > o “peso” MI(X;,X;).
3. S recebe a 4rvore que maximiza a soma dos pesos dos arcos.

4. Escolhe uma varidvel qualquer e orienta todos os arcos partindo dessa
varidvel

Algoritmo 1: Algoritmo CL para de redes Bayesianas restritas a arvores.

O trabalho de Friedman, Geiger e Goldszmidt (1997) adaptou esse algoritmo para
classificag@o. Foi proposto um novo tipo de classificador, denominado Tree Augmented
Naive Bayes (TAN), similar ao classificador NB, porém onde cada atributo pode ter um
pai além da classe. Como resultado temos redes como aquela apresentada na figura 3
__se desconectarmos a classe dos atributos, temos uma drvore sobre os atributos. Para
gerar um classificador TAN a partir de dados rotulados, Friedman, Geiger e Goldszmidt
(1997) modificaram o algoritmo CL. A modifica¢do bésica é o uso de Informacédo

Muitua Condicional & classe no lugar da expressdo (2.10):

CMI(X;,X;|C) = KL(P(X;,X;|C),P(X;|C)P(X;|C)) (2.11)
: P(X:,X;|C)
= P(X;,X;,C) log = E . (2.12)
ok X C) 8 B (OB, [€)

E garantido que a estrutura obtida por esse algoritmo é a estrutura de maior verossimi-

Ihanca entre as possiveis pelas restrigdes do modelo.
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O algoritmo para TAN, por sua vez, foi posteriormente adaptado para aprendizado
semi-supervisionado por Meila e Jordan (2000). O trabalho de Meila foi originalmente
focado no aprendizado ndo-supervisionado de estruturas restritas a drvores, nao neces-
sariamente aplicadas para classificagdo. O resultado, aqui denominado TAN-EM, per-
mite o aprendizado conjunto de estrutura e dos pardmetros, e é discutido na préxima

se¢do.

2.3 Aprendizado da estrutura e dos parametros simul-
taneamente

Nesta se¢do apresentamos dois algoritmos disponiveis na literatura para apren-
dizado semi-supervisionado de estruturas para classificagdo: TAN-EM e SEM. O pr6-
ximo capitulo propde dois novos algoritmos para a sele¢ao de redes Bayesianas arbitra-

riamente complexas a partir de busca ou de testes de independéncia, SSS e CBL-EM.

2.3.1 TAN-EM

As duas caracteristicas mais importantes do algoritmo TAN sdo a garantia que ird
recuperar a melhor estrutura (dentro do universo de estruturas restritas a drvores), € que
o aprendizado € realizado em tempo polinomial. Assim, é natural que o algoritmo TAN
seja um candidato ao aprendizado semi-supervisionado juntamente com o algoritmo
EM. Meila-Predoviciu (1999) descreve o algoritmo TAN-EM, que adapta EM para

aprendizado de TAN. Veja esquema no algoritmo 2.

1. < So,08% >« CL(D') /* Rede Inicial */
2. Faca até a convergéncia, t = 0.1.....

2.1. D* — calcula “rétulos probabilisticos” a partir de < S:,0 > e
das bases de dados D' e D"’

2.2. < 841,00 > CL(D*)

2

Algoritmo 2: Algoritmo TAN-EM. O simbolo D* é a lista que contém os ndo-rotulados
complementados em uma dada iteragdo do EM. A saida produzida é uma rede Baye-
siana < §', 8" >. Os “rétulos probabilisticos” correspondem ao valor esperado para o
rétulo, ou seja P(C | X)

O algoritmo TAN-EM se destaca por sua simplicidade. Como todo o conjunto de
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pardmetros a ser estimado é conhecido, estes podem ser estimados de maneira eficiente
em apenas uma passagem pelos dados. Além disso, a cada passo recupera-se a Infor-
magdo Mitua entre os atributos dada a classe; Sahami (1998) utiliza essa informacgao

para selecdo de atributos.

2.3.2 Structural-EM

Originalmente o algoritmo SEM foi desenvolvido para estimar uma rede Baye-
siana (grafo e pardmetros) de uma base de dados incompleta (FRIEDMAN, 1997). Este

algoritmo realiza uma busca que maximiza a métrica MDL.

O MDL é uma métrica que busca um compromisso entre a aderéncia da rede Baye-
siana ao conjunto de dados de treino (com relagdo a verossimilhanga) e o nimero de
bits necessdrios para armazenar a rede (0 que ¢ proporcional ao nimero de pardmetros
da rede Bayesiana). O uso dessa métrica para o aprendizado de redes Bayesianas re-
monta ao trabalho de Lam e Bacchus (1994). A equag@o para calcular a métrica MDL

de uma rede (S, 0) é:
log m

2

onde | S | é o nimero de parametros da rede Bayesiana, m o nimero de registros dis-

MDL=L(0|D)—

N (2.13)

poniveis e D a base de dados disponiveis.

O algoritmo SEM ¢ apresentado nos artigos de Friedman (1997, 1998). Os dois
artigos diferem com relag@o ao critério para comparar as redes Bayesianas: o primeiro
artigo, no qual a implementagao apresentada neste trabalho foi baseada, utiliza o MDL,
enquanto o segundo artigo utiliza uma métrica Bayesiana (COOPER; HERSKOVITS,
1992).

Usualmente o algoritmo EM estd apenas envolvido no aprendizado de pardmetros,
estando fixa a estrutura da rede. O algoritmo SEM é um extensdo do EM de maneira
que a cada passo-M do algoritmo, busca-se maximizar ndo apenas 0s pardmetros, mas
também a estrutura utilizando o valor esperado da classe para os célculos. Esse racio-
cinio é similar ao adotado por Meila-Predoviciu (1999) para justificar sua dedugdo do
TAN-EM. No entanto, diferente do TAN-EM, ndo hd como evitar a realizagdo de uma

busca para a escolha da estrutura da rede Bayesiana.

O algoritmo de busca implementado foi o Hill Climbing, o qual, a partir de uma

estrutura inicial, lista todas as modificacdes possiveis (inser¢do de novo arco, remogao
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ou inversdo dos ja existentes). E nesta etapa que possiveis restri¢des na estrutura, ou
algum conhecimento adicional, podem ser colocadas no modelo: arcos que possam
causar ciclos orientados ou que violem a condigdo de estrutura generativa ndo sdo con-
siderados como modificacdes validas. Apés cada modificagdo, o valor esperado do
MDL é calculado. A modificacio é revertida se o novo MDL for igual ou menor que o
anterior. Fixada a rede, executa-se o0 EM convencional (para a estimag¢do dos parame-
tros). O algoritmo para quando o incremento do MDL feito no ultimo passo for menor
que um determinado valor minimo (definido em nossa implementac¢do como 107%).

Esquematicamente, o algoritmo SEM implementado ¢ apresentado no Algoritmo 3.

1. SO — NaiveBayves

o

999 — Estima pardmetros (80, D).

3. D* «— calcula “rétulos probabilisticos”.

N

. Repita até a convergéncia, n = 1,2,....

4.1. Repita até a convergéncia, [ =0,1,....
4.1.1. @™/*+1 — Estima parametro (S",D*).

4.2. D* «— calcula “rétulos probabilisticos”.

4.3. S — Estruturas candidatas (S8").

4.4. Para cada estrutura S° em S.

4.4.1. 8¢ — Atualiza parametros (S, D).
4.42. MDL¢ «— Calcula MDL usando equagdo 2.13.

45. < S+ @19 5 Rede candidata com maior valor para o MDL
calculado no passo 4.4.2.

Algoritmo 3: Algoritmo SEM.

2.4 Literatura relevante em aprendizado semi-supervi-
sionado

O interesse em aprendizado semi-supervisionado € relativamente recente, embora
o tema possa ser encontrado em publicacbes antigas (muitas vezes misturado com
aprendizado ndo-supervisionado). A seguir sao sumarizados trés artigos recentes sig-

nificativos e que motivaram o presente trabalho.
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e O trabalho de Baluja (1999) aplica dados rotulados e ndo-rotulados para a clas-
sificacdo de orientagdo de faces (cinco posigdes variando do frontal ao perfil).
Sio utilizados classificadores baseados no EM com estrutura fixa como o (NB)

e estrutura variavel (estruturas restritas a arvores).

O artigo de Nigam et al. (2000) € geralmente citado como um dos pioneiros na
utilizagdo prética de classificadores Bayesianos para 0 aprendizado semi-super-
visionado. O artigo detalha a implementagdo do algoritmo NB-EM especial-
mente destinado a classificacio de textos. Nigam et al. (2000) realiza seus testes
com bases de texto provenientes de mensagens escritas em listas de discussédo na
Internet. O objetivo proposto € classificar esses textos segundo seu tema. Como
em outros trabalhos, a base de dados utilizada tem muitos atributos, ¢é esparsa e

a quantidade de dados rotulados € insignificante.

No artigo de Blum e Mitchell (1998) ¢ descrito o algoritmo co-training. Esse
método necessita duas bases de dados redundantes, mas néo completamente cor-
relacionadas. O co-training, como descrito no artigo Blume Mitchell (1998) tem
a vantagem de se basear em classificadores convencionais para aprendizado se-
mi-supervisionado. Com efeito, ndo hd restricdes com relagdo ao classificador a
ser utilizado que poderia nem mesmo Sser probabilistico. O sucesso do algoritmo
co-training deu grande impulso a drea de aprendizado semi-supervisionado nos

dltimos anos.
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3 ALGORITMOS PARA
APRENDIZADO SEMI-
SUPERVISIONADO
BASEADOS NA BUSCA PELO
MELHOR MODELO

Neste capitulo sdo apresentados 0s dois novos algoritmos; o algoritmo SSS re-
presenta métodos de aprendizado baseados em busca, enquanto o algoritmo CBL se
baseia em testes de independéncia. A idéia central ¢ construir redes Bayesianas gené-
ricas que representem a distribui¢do P(C.X) em problemas de classificagdo. A partir
dessa distribui¢do, uma decisao 6tima sobre rétulos pode ser obtida. Dessa forma, o
problema pode ser encarado como a estimagiio de redes Bayesianas genéricas a partir

de dados rotulados e ndo-rotulados.

O algoritmo SSS foi desenvolvido primariamente pelo pesquisador Ira Cohen du-
rante visita 2 Universidade de Sao Paulo, em 2002. Houve participa¢go do autor du-
rante as fases de idealizagdo, implementagdo € testes. O segundo classificador ¢ ba-
seado no algoritmo de Cheng, Bell e Liu (1997) para aprendizado supervisionado,

tendo sido adaptado para aprendizado semi-supervisionado.

3.1 Aprendizado de estruturas baseado em busca esto-
castica

O algoritmo SSS ¢é baseado em busca estocastica; o algoritmo realiza uma busca
no enorme espaco de estruturas de redes Bayesianas. Esta busca € guiada por uma

métrica:
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(S = l/perro(sl)
5)= Ls I/PerrO(Sy

que, por sua vez, é baseada no erro de classificac@o estimado:

(3.1)

nimero de registros incorretamente rotulados

(3.2)

Perro = 2 :
ndmero total de registros

O algoritmo SSS procura gerar redes Bayesianas que tenham altos valores para
essa métrica, varrendo uma por¢do do espago de redes Bayesianas vdlidas. A métrica
do SSS é normalizada para definir uma distribuigéo de probabilidades a partir do perro-
O objetivo é dar ao SSS a capacidade de realizar uma busca mais bem informada
do que algoritmos como o Hill climbing poderiam fazer. No entanto, a equagao 3.1
ndo pode ser calculada diretamente pois a somatéria do denominador percorre 0 vasto
conjunto de redes Bayesianas vélidas (varrer 0 espago de estruturas somente € vidvel
para problemas poucas varidveis). Por essa razio, foi utilizado o algoritmo Metropolis-
Hastings (METROPOLIS et al., 1953) para realizar a busca. O algoritmo Metropolis-
Hastings permite sortear elementos de distribuicdes que ndo podem ser diretamente

caracterizadas.

O algoritmo Metropolis-Hastings € centrado na geragdo de um “‘estado candidato”
e na probabilidade de aceitag@o desse estado candidato, dada pela equagdo (3.3). No
presente contexto cada “‘estado” € uma rede Bayesiana. A probabilidade de aceitacao
depende do estado atual S% ual o estado candidato $™° e também de g(S* | 5?), que é

a probabilidade de sair do estado S? e ir para um estado S°.

. i(§10v) /T q(Satual | Snove)
min { 1, <W—>> q(Snovo l Satual) (3.3)

Os estados percorridos durante a busca sao determinados pela transi¢des permiti-
das entre redes Bayesianas. O algoritmo SSS permite que dois estados subseqiientes
possam diferir em apenas um arco (adicionado, removido ou invertido). Temos que
para um dado estado s@ual podem haver Nyvaual possiveis novos estados. No SSS,
definimos que a probabilidade de escolher o estado §novo corresponde a 1/Nv¥*4, ou

seja, distribui¢do uniforme.! De maneira analoga, Nv™"° corresponde a0 nimero de

IQutras distribui¢des além da uniforme poderiam ser empregadas. Em especial poderiamos escolher
alguma que privilegiasse estruturas mais simples (com menos parametros).
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estados alcancdveis a partir de $"**”. Portanto, a probabilidade do novo estado ser

aceito é:

il Perro (Satual) /T Nvatual
: Derro ( Snovo ) Nyhnovo

A descricio do algoritmo SSS estd no Algoritmo 4.

(3.4)

(98]

)]

o

. 89 — NaiveBayes

000 — Estima parimetros (S°, D).

. Estima p2,,, a partir da base de validag@o.

.1=0.

. Repita enquanto < Ndmero médximo de iteragdes (MaxlIter).

5.1.

5.2.

5.3.
5.4.
5.5.
5.6.

5.7.

Amostra nova estrutura S, a partir da vizinhanga de §', uni-
formemente, ou seja com probabilidade VI‘T

Repita até a convergéncia, [ =0,1,....

5.2.1. 9% — Estima parametro (§',D’,D").
Estima a probabilidade de erro da nova rede perr; -
< Sarual gatual — gt g >

Aceita $"°* com probabilidade calculada por (3.4).
Se 5"V for aceita.

56.1. < SH_I,GH'I S=c< Snm'o’enovo >

5.6.2. Bl =PIy
t=1t-+1.

6. Retorna a estrutura < S/,08/ >, cujo j = arg mino< j<maxirer(Perro)-

Algoritmo 4: Algoritmo SSS para aprendizado de classificadores utilizando busca es-

tocastica.

Note que ndo existe uma métrica que relacione de forma simples a estrutura de
redes Bayesianas com o desempenho de classificadores baseados em tais redes. Por

essa razdo o algoritmo SSS depende do erro de classificagdo estimado para guiar a sua

busca.
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3.2 Aprendizado de estruturas utilizando testes de in-
dependéncia

Nesta secio descrevemos a implementagdo de um classificador Bayesiano baseado
no algoritmo CBL1. O objetivo aqui € investigar métodos de aprendizado que se ba-
seiam em testes de independéncia, para concluir se esta estratégia de aprendizado pode

levar a melhores resultados que a estratégia de busca estocdstica.

Em algoritmos de aprendizado baseados em testes de independéncia, repetidos
testes devem ser conduzidos para descobrir quais pares de atributos devem estar co-
nectados por um arco ou ndo. O objetivo € gerar uma estrutura com conjunto minimo

de arcos necessérios para representar as dependéncias entre varidveis (PEARL, 2000).

Um algoritmo que utiliza esta idéia € o PC (SPIRTES; GLYMOUR; SCHEINES,
2000). Esse algoritmo pode reconstruir uma rede Bayesiana utilizando apenas o resul-
tado dos testes de independéncia, sem conhecimento a priori algum €, mesmo assim,
comprovadamente, encontrar a rede correta. O custo dessa flexibilidade vem no nu-
mero de testes de independéncia, que aumenta de maneira exponencial com relagdo
a0 niimero de atributos da base de dados. Por isso, o algoritmo PC é invidvel para o

aprendizado de redes com muitos atributos.

Dois exemplos podem esclarecer o tipo de conhecimento adicional em geral assu-

mido por algoritmos de aprendizado, visando diminuir a complexidade computacional.

Primeiro, caso haja restricdo para que toda varidvel tenha no maximo um pai, €
possivel aprender a rede em tempo deterministico (ndo h4 busca envolvida) utilizando
o algoritmo CL (algoritmo de Chow e Liu para aprendizado de drvores) (CHOW; LIU,
1968).

Segundo, uma rede Bayesiana pode ser recuperada em tempo polinomial se 0s
atributos da base de dados estejam previamente ordenados. A ordenacdo determina
quais atributos podem ser pais dos demais. Por exemplo, se temos seqiiéncia ordenada
for X1,X3,X> temos que X| — X2, X3 — X» sfo arcos possiveis, mas X; — X3 ndo é
vilido. O algoritmo CBL1 proposto por Cheng (CHENG; BELL: LIU, 1997), discutido

em mais detalhes adiante, é baseado na idéia de ordenac;éio.2

2Cheng et al. também propdem um algoritmo, que como o algoritmo PC, néo requer a prévia orde-
nag#o dos nods.
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Resultados tedricos existentes sobre eficiéncia desses algoritmos partem do prin-
cipio que testes de independéncia sempre revelam a “verdade”. Porém, quando uti-
lizamos testes estatisticos, a eficiéncia do algoritmo estd relacionada com o tamanho
da base de dados e, no contexto do aprendizado semi-supervisionado, com o conjunto
de parAmetros estimados. Devido a importancia desse topico no funcionamento do

algoritmo CBL-EM, a proxima se¢ao discute testes de independéncia.

3.2.1 Testes de independéncia de varidveis discretas

Um teste de hipéteses para independéncia procura decidir se duas varidveis, X; e
X, sdo independentes dado um conjunto de varidveis observadas, S. A hipétese nula
corresponde a situagdo em que a probabilidade conjunta P(X;,X; | S) fatora enquanto

que a hipétese alternativa nega essa possibilidade:

Hy : P(X:i|S)P(X;|S) (3.5)
H : PXX;|S). (3.6)

Foram utilizados dois testes para escolher entre as hipoteses: o teste de Informacgao

Miitua condicional e o teste G2.

32.1.1 Testes de independéncia usando Informacao Miitua

A Informacdo Mitua (COVER; T HOMAS, 1991), ou cross entropy, ¢ um caso es-
pecial da medida da distancia Kullback-Leibler de distribuices, avaliando a disténcia
entre as distribuicdes P(X;)P(X;) e P(X;,X;). De maneira andloga, define-se a Infor-
macdo Miitua Condicional, com relagdo as distribuicdes P(X;,X; | S). As defini¢des de
Informagdo Muitua e Informacao Mitua Condicional ja foram apresentadas durante a

descri¢do do algoritmo TAN (equagoes 2.10e 2.12).

Caso a hipétese Hy seja verdadeira (varidveis independentes), MI(X;,X;) = 0; caso
H; seja verdadeira, essa quantidade é maior que zero. Como, na pratica, as bases de
dados reais sdo finitas e sujeitas a ruidos diversos, a Informacio Mtua entre varidveis
nunca é exatamente zero, mesmo que haja independéncia. Como ndo € simples des-
crever a distribuicdo da Informacdo Miitua (HUTTER, 2002), em geral utiliza-se uma
pequena faixa de tolerancia [0, 8] dentro da qual as varidveis sdo consideradas indepen-

dentes. Na implementagio usada para os experimentos neste trabalho 6 =0.01.
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Durante o aprendizado de uma rede Bayesiana na prética, podem ocorrer casos em
que testes de independéncia condicionais envolvam um grande nimero de varidveis.
Como é necessdrio estimar a probabilidade conjunta das varidveis envolvidas no teste,
podemos nos deparar com situa¢des em que o nimero de pardmetros ¢ da mesma or-
dem de grandeza dos dados disponiveis, o que resulta em testes com baixo significado
estatistico. Para evitar essas situacdes e manter a estrutura t3o esparsa quanto possivel,
em nossa implementacdo interrompemos o teste e retornamos a Hy como verdadeira
quando temos uma relagdo nimero de pardmetros sobre nimero de registros superior

a0.1.

Observamos empiricamente que, caso a quantidade de dados disponiveis seja pe-
quena, a estimativa de Informagdo Miitua ndo € confidvel, e freqiientemente ndo ha
como saber se as varidveis testadas sdo efetivamente independentes. A escolha de 8
passa a ser crucial. Nesse sentido, Meila-Predoviciu (1999) derivou um teto para o
valor de & baseado no tamanho da base de dados de treino e na dimensionalidade do
teste (que, por sua vez depende do nimero de categorias das varidveis). Infelizmente,
nos testes realizados neste trabalho, o 8 fornecido por esse método era muito conser-
vador para que fosse ttil. O caminho buscado para contornar essa dificuldade foi a

implementagdo do teste G?, discutido a seguir.

3.2.1.2 Testes de independéncia usando G?

A estatistica G2 é definida como (AGRESTI, 1990):

A P(X;, X; |8
GG=2 Y P(Xi,xj|5)1n<A (X J' ) ) (3.7)
Xi. X;. 8 P(Xl | S)P(XJ i S)

A estatistica G2 distribui-se assintoticamente segundo a distribui¢éo x? com grau

de liberdade v proporcional ao niimero de pardmetros que o teste envolve:

IS|
v= (1] =00x 1 =DT1siD) (3.8)

i=1
Com o resultado do calculo do G? e do v, podemos determinar o p-value, que
corresponde & probabilidade de rejeitar Hy mesmo ela sendo verdadeira. Em todos 0s

testes realizados, utilizou-se por regra decidir que duas varidveis eram independentes




se p-value fosse inferior a 0.03.

3.2.2 A d-separacao

No centro do aprendizado baseado em testes de independéncia estd a propriedade
da d-separacdo (PEARL, 1988) que relaciona a estrutura da rede com as relagbes de

dependéncia entre as varidveis. Se V d-separa X; de X entdo X; IL X; | V.

Definiciio: Diz-se que V d-separa X; de X; se ndo houver nenhum caminho par-

tindo da varidvel X; para a varidvel X; em que:

1. todas as varidveis que possuem apenas arcos convergentes se encontram no con-

junto V;e,

2. todos as demais varidveis ndo pertengam a V.

Para efeito de ilustracdo, a partir da figura 1, podemos inferir, usando a d-separagdo

que: C1L D |B,porém C Y D | B, E.

No algoritmo CBL1, dadas duas varidveis é necessdrio determinar qual seria um
grupo de varidveis que poderia separd-las, denominado cutset. Um teste de indepen-
déncia condicional é entéo realizado, por exemplo verificando se MI(X;, X | Cutset) =
0. O ideal é encontrar o menor cutset possivel, minimizando assim, 0 ndmero de va-

ridveis envolvidas no teste.

3 ()

(a) (b) ()

Figura 4: Determinacdo do cutset.

Nas redes em que a ordenagio é previamente conhecida é muito mais simples
determinar um Cutset valido. Com efeito, se numa dada ordenagdo X; vier antes de

X, um Cutset vélido seria formando tomando-se os pais de X;. Considere a seguinte
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situacio: a partir do estado mostrado na figura 4(a), deve-se decidir pela incluséo ou
ndo do arco X; — X4 (figura 4(b)). Note que ndo hd a necessidade de realizar um
teste condicional ao grupo {X».X3}; basta testar X; 1L X4 | X3. O cutset, neste caso, €
composto apenas por X3. Na configuracdo de outro problema, o da figura 4(c), porém,

o cutset é composto por {X2,X3}.

3.2.3 O classificador baseado no algoritmo CBL1

Um algoritmo baseado em testes de independéncia relatado na literatura € o al-
goritmo CBL1 (CHENG; BELL; LIU, 1997).2 Esse algoritmo (veja algoritmo 5 requer

uma ordenagdo pré-estabelecida para as varidveis.

O algoritmo € composto por trés partes:

e Na primeira parte, obtemos um esbogo da estrutura. Em nossa implementagdo
esta fase produz a uma estrutura do tipo Naive Bayes. Esta etapa € portando

realizada em apenas um passo.

e Na segunda parte (loop iniciado no passo 4), realizam-se testes de independén-
cia condicional para determinar quais arcos devem ser adicionados. Testam-se
todos os pares de varidveis X,, X, com a # b e X, anterior a X, na ordenacao.
Os testes sdo condicionais ao chamado cutset, que corresponde ao conjunto de
varidveis capazes de d-separar X, e X;, (SPIRTES; GLYMOUR: SCHEINES, 2000;
PEARL, 2000). Sabemos que um cutset sempre vélido é composto pelos pais de
X,,. Em alguns casos esse conjunto pode néo ser o minimo possivel, porém como
em geral trabalhamos com redes bastante esparsas essa fato ndo chega a causar
problemas. Note que como a rede vai se completando a cada arco adicionado,
pode ocorrer que alguns testes ndo sejam realizados com o cutset completo, po-
dendo ocasionar a adicdo desnecesséria de arcos. Por essa razdo existe mais uma

etapa para reduzir a rede a0 minimo necessdrio.

e Na terceira parte (segundo loop, passo 5) é realizado um novo teste de indepen-
déncia condicional para cada arco para se decidir se esse arco deve permanecer

na estrutura ou ser removido.

3Esse algoritmo aparece com outros nomes em artigos mais recentes, no entanto, foi mantida a sigla
original, CBL, que aparece nas publicagdes mais antigas, por ser uma referéncia direta ao nome dos
autores: Cheng, Bell e Liu (1997).
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A descricdo completa do algoritmo estd no Algoritmo 5.

1. LC « Lista de arcos j4 conectados na estrutura inicial (Naive Bayes)

2. LD < lista de arcos candidatos. respeitando uma ordenagio pré-
estabelecida, excluindo aqueles contidos em LC

3. § « conecta arcos presentes em LC

4. Para cada arco candidato X; — X; presente em LD

4.1. Cutset — pais(X;) na estrutura S
4.2. Se X; 1L X; | Cutset

4.2.1. Conecta arcoem S
4.2.2. Adiciona arco em LC
4.2.3. Remove arcode LD

5. Para cada arco X; — X; presente em LC

5.1. Desconecta arco de S
5.2. Cutset — pais(X;) na estrutura S
5.3. Se X; L X; | Cutset

5.3.1. Conecta arcoem S

Algoritmo 5: Algoritmo CBL1 — Algoritmo para o aprendizado de redes Bayesianas
utilizando testes de independéncia. Na descricdo deste algoritmo os seguintes simbolos
foram utilizados: S, grafo direcionado aciclico; X; — X, arco que liga 0 n6 X; ao n6
X;; LC, lista de arcos j4 adicionados ao grafo S; LD, lista de arcos candidatos; Cutset,
lista de nés candidatos a d-separar dois nds.

3.2.4 Descricao do algoritmo CBL-EM

Esta secdo apresenta uma adaptacdo do algoritmo CBL1 para aprendizado semi-
supervisionado. A adaptacdo do CBL1 para o aprendizado semi-supervisionado € ana-
loga ao descrito em SEM. Isto &, a estrutura da rede Bayesiana é aprendida a cada
passo M do EM utilizando os melhores estimadores disponiveis naquela iteragdo. O

Algoritmo 6 traz uma descri¢@o desse processo iterativo.

Ao contrério dos algoritmos TAN-EM e SEM, a aprendizagem de estruturas utili-
zando testes de independéncia ndo garante que para cada rede encontrada maximize a

verossimilhanca dos dados com relagdo aos pardmetros.
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O algoritmo, denominado CBL-EM, ¢ interrompido se a verossimilhanga néo au-
mentar entre duas iteracdes. O CBL1 ndo € orientado por uma métrica global, mas
sim por testes de independéncia. Dada a natureza estatistica desses testes, € esperado
que ocorram erros e alguns arcos podem ser erroneamente adicionados (ou omitidos).
Como resultado, a verossimilhan¢a pode diminuir entre duas iteracdes consecutivas.
Nessa situacdo, o processo é interrompido e a tltima rede valida € retornada. Assim
como para o algoritmo EM, foi definido um nimero maximo de iteragbes. Os testes
realizados sugerem que o processo de convergéncia € rdpido: em raras situagdes o

CBL-EM realizou mais de seis iteragdes.

Ao contrario do TAN-EM. o CBL-EM nio exige que um niimero minimo de arcos
seja adicionado. Esse é um atrativo adicional do CBL-EM para os problemas mais
simples, em que os atributos da base de dados sdo em sua maioria independentes entre

si dada a classe.

1. 9 — Aprende estrutura usando CBL1 a partir de D.
2. 6% — Estima pardmetros a partir de D'
3. D* — Atualiza “rétulos probabilisticos” calculando P(C | X, 67).

4, t 0.

U

. Repita

5.1. §' — Aprende estrutura usando CBL1 a partir de D*.

5.2. 6' « Bstima pardmetros, usando EM, a partir de D*.

5.3. D* « Atualiza “rétulos probabilisticos” calculando P(C | X,8').
54. Set > 1.

5.4.1. MDL' — Calcula MDL usando §',0',D*.

5.4.2. Set > j, retorna < S, >.

5.43. Se MDL! — MDL'~! < 0, retorna < §'~1,8~1 >
5.4.4. Se MDL' — MDL'~! < §, retorna < S",6' >.

55.t=t+1

6. Retorna < $*.0' >.

Algoritmo 6: Algoritmo CBL-EM. A varidvel j indica o nimero maximo de iteracoes
do CBL-EM.




3.2.5 CBL-EM para selecao de variaveis

A selecdo automatica de varidveis € um subproduto do CBL1 que foi “herdado”
pelo CBL-EM. Como esse algoritmo decide quais arcos serdo adicionados/ removidos,
o grafo resultante pode ter uma configuragdo em que algumas varidveis simplesmente
ndo sdo relevantes para classificagdo. Consideram-se relevantes as varidveis cujo es-

tado influencia no valor P(C | X).

As varidveis descartadas pelo CBL-EM sdo aquelas que ndo estdo diretamente
conectadas com a classe e que ndo sdo pais de varidveis filhas da classe. A figura 5 (a)

ilustra essa situagdo.

) x| )
@ ©)

Figura 5: Figuras que exemplificam a sele¢@o de atributos feita pelo CBL-EM. Na
figura (a) a varidvel X3 ndo tem influéncia alguma para classificagdo; na figura (b),
entretanto, a varidvel X3 ainda influencia indiretamente a distribuicdo a posteriori da
classe ja que é pai de uma varidveis filhas da classe.




4 TESTES E RESULTADOS

Este capitulo contém descrigdes de testes realizados durante o trabalho. O desem-
penho dos algoritmos aqui propostos (SSS e CBL-EM) € discutido e comparado a0
desempenho dos algoritmos NB-EM, TAN-EM e SEM.

Foram utilizadas quatro bases de dados disponiveis no repositério da UCI. Essas
bases foram escolhidas por terem uma grande quantidade de registros e terem menos
de dez rétulos para a classe — a cardinalidade da classe tem influéncia direta no tempo
de processamento do EM. Adicionalmente, foram utilizadas duas bases de dados for-

necidas pelo pesquisador Ira Cohen, relacionadas a processamento de imagens.

Os testes nos permitem visualizar fendmenos interessantes do aprendizado semi-
supervisionado, e mais importante, reconhecer onde nossas contribui¢des trouxeram

progressos.

4.1 Descricao das bases de dados

Nesta secdo sdo descritas as bases de dados utilizadas nos testes. Todas as bases
sdo originadas de problemas reais sendo que quatro delas (Adult, Chess, Satimage e
Shuttle) sdo provenientes do repositério da UCI (BLAKE; MERZ, 1998). As outras

duas sdo bases de reconhecimento de expressdes faciais (COHEN et al., 2003).

Na tabela 4.1 temos um resumo das caracteristicas dessas bases de dados.

e Adult: Base que separa os americanos entrevistados em duas classes, os que
recebem mais que US$50 000 ano e aqueles que recebem menos que esse valor.
Os atributos contém informaces provenientes de um censo americano anterior a
1996 e trazem informacdes como idade, sexo, raga, nivel educacional, etc. Esta

base tem ao todo 13 atributos (originalmente eram 15 porém foram removidos os



Base de Dados Treino Teste
# rotulado | # ndo-rotulado
Satimage 600 3835 2000
Shuttle 100 43400 14500
Adult 6000 24163 15060
Chess 150 1980 1060
Cohn-Kanade 200 2980 1000
Chen-Huang 300 11982 3555

Tabela 1: Descri¢do das bases de dados.

atributos pais de origem e fnlwgt, pois ndo eram relevantes para a classificagéo).

e Chess: Contém posi¢des das pecas no tabuleiro de xadrez e associa um rétulo
vence ou ndo vence de acordo com a possibilidade das pegas brancas vencerem

o jogo. Além do rétulo existem 36 atributos, um para cada posi¢do no tabuleiro.

e Satimage: Os registros representam pontos em imagens feitas de satélites de
vérios tipos de terreno. O objetivo é associar a imagem a um dos seis rétulos
possiveis. Na base original hd 36 atributos que podem ter um valor de intensi-

dade de O até 255.

e Shurttle: Trata-se de um problema com nove atributos, todos numé€ricos, e sete
valores possiveis para a classe. Uma das classes aparece em 80% dos registros,
logo esse é a menor taxa de acerto possivel de classificagdo. Quando todos os

registros estdo rotulados e a taxa de acerto ¢ geralmente superior a 99%.

As bases de dados Cohn-Kanade e Chen-Huang estdo relacionadas com o reco-
nhecimento de expressdes em segmentos de video. Essas bases contém as posi¢oes
relativas de 12 marcagdes feitas nas imagens de rostos. Cada imagem na base de treino
é rotulada com um seguintes valores: Neutralidade, Felicidade, Raiva, Desgosto, Medo

ou Tristeza.

4.2 Preparacio dos dados

Foram escolhidas as bases mais préximas do tipo de problema de interesse. Muitas
das bases encontradas continham valores incompletos para seus atributos e/ou atribu-

tos continuos. Registros que continham dados atributos com valor incompleto foram




29

removidos. Em seguida, as bases completas (com os rétulos) foram discretizadas utili-
zando o pacote MLC++ (KOHAVI; SOMMERFIELD; DOUGHERTY, 1997) na sua con-

figuragdo padrao.

Entdo a relagdo entre nimero de dados rotulados e ndo-rotulados foi definida; a
partir desse niimero, sorteamos registros ao acaso € removemos o seu rétulo. Esse
procedimento é necessdrio para garantir que o fato de determinado registro ter ou nao
um rétulo seja completamente independente dos valores dos atributos do registro. Para
determinar a quantidade de dados rotulados foram levados em consideragéo o tamanho
da base de dados disponivel para treino e a complexidade do problema. A principal
premissa era ter uma quantidade de dados rotulados suficientemente grande para que
o ponto de partida do algoritmo EM néo fosse completamente invélido. O tamanho da

base de dados rotulados esteve entre 1% e 10%.

0.22

—— Base de validagdo
- = Base de treino

02} === ===== .

o
py
@

Taxa de erro
(o]
=
[0)]

0.14}
0.12¢
0.1 - . .
0 5 10 15 20
lteracao

Figura 6: Overfitting em um caso real: este grafico mostra a evolucdo da busca feita
pelo SSS na base Satimage (200 registros rotulados; os demais registros eram nao-
rotulados). Apés algumas iteracdes as redes encontradas jd estavam “‘viciadas” na base
de treino.

O SSS realiza uma busca guiada pelo valor estimado para pe,ro, devido a essa ca-
racteristica esse algoritmo estd sujeito ao efeito do overfitting, ou seja especializar-se
demais na base de treino e perder sua capacidade de generalizagdo. Quando ocorre 0
overfitting os classificadores podem ter alto desempenho na base de validag@o e baixo
nas bases de treino. A figure 6 mostra a ocorréncia desse fendmeno durante as exe-
cucdes preliminares do SSS. Note que apesar do erro de classificagdo estimado com

relacdo 2 base de treino diminuir a cada iteragdo, o erro “real” (estimado sobre uma
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base independente destinada a testes) permanece praticamente inalterado.

Nos primeiros testes, havia a suposi¢do que a grande massa de dados ndo-rotulados
seria suficiente para evitar o overfitting, mas sua ocorréncia foi observada de maneira
consistente. Para contornar esse problema, com o minimo de impacto no tempo de
processamento, a técnica de holdout (DEVROYE; GYGSRFI; LUGOSI, 1996) foi imple-
mentada. Essa técnica consiste em sortear um por¢ado dos dados rotulados disponiveis,
separd-los em uma base de validacdo e utilizd-la para estimar pe,.,. Foi utilizado um
terco dos registros disponiveis rotulados na base de treino a cada teste. Com esse pro-
cedimento, bastante simples, o overfitting foi reduzido. O holdout para separar a base
de validacdo da base de treino foi utilizado em todos os testes com o SSS. A figura 7

sintetiza a reparticdo dos dados.

Base discretizada

/ Z //

Parte dos rotulos \
foi removida _
Base de Treino Base de Teste
7z Z
\ \ Base de Treino

Base de g

=
Validacéo&d =z

Figura 7: Reparti¢do das bases de dados: as caixas hachuradas representam as bases
com dados rotulados.

4.3 Parametros para os testes

Alguns pardmetros devem ser configurados antes da realizacdo dos testes. Nesta

subsecdo, sdo descritos como foi feita a escolha dos valores dos parametros.

e CBL — definicdo da ordenagdo

O algoritmo CBL-EM necessita da ordenac@o completa dos atributos. Mesmo
com uma ordenaco incorreta (ou seja, inconsistente com a estrutura correta) €

possivel recuperar boa parte das relagdes de dependéncia entre os atributos, mas
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a rede resultante terd mais pardmetros. Esse excesso de pardmetros, como con-
seqiiéncia do erro de ordenagdo, tem impacto negativo no desempenho do clas-
sificador. A solucio escolhida foi a ado¢@o do seguinte procedimento: sortear
uma determinada quantidade de ordenagdes e escolher a rede com maior taxa de
acerto estimada sobre uma base de validagdo, que no caso do CBL-EM, corres-
ponde a propria base de dados rotulados de treino. Para cada base de dados, 200

ordenagdes foram testadas.

Apesar do nimero de ordenac¢des maximo tedrico crescer segundo n!, 0 numero
de ordenacdes reais é muito menor pois muitas delas sdo intercambiaveis. Por
exemplo, para estruturas como o Naive Bayes todas as ordenacdes em que a
classe aparece antes dos demais atributos € vélida. A decisdo de tomar um nu-
mero fixo de ordenacdes para os testes mostrou-se adequado ao proposito deste
trabalho, pois sorteando diversas ordenagdes foi possivel descartar os piores ca-

sos com facilidade.

e SSS — nimero de iteragoes

O ntimero de iteragdes é relevante para que o algoritmo SSS alcance um regime
permanente e as redes sejam geradas de acordo com a distribuigdo planejada.
A defini¢do do limiar a partir do qual o regime foi alcangado ¢ um problema
tipico de algoritmos da familia MCMC. Porém, quanto mais iteracdes forem
realizadas, melhor. Foi definido que cada teste seria executado o maior nimero
de iteracBes possivel dentro da capacidade computacional disponivel. O valor

méximo foi 1000 iteragdes.

4.4 Resultados

Os resultados obtidos com dados rotulados e ndo-rotulados estdo na tabela 3. Na
tabela 2 estiio os resultados com o NB e o TAN usando apenas dados rotulados e servem
como base de comparaco. Os resultados envolvendo os algoritmos desenvolvidos € o

TAN-EM estdo representados na figura 8.

Estes experimentos focam no erro de classificagdo. Como o primeiro objetivo do
trabalho era fazer o melhor uso dos dados ndo-rotulados, tempo de processamento ndo

foi um dado considerado central.




Base de dados NB TAN

Satimage 81,740,9 | 83,5£0,8
Shuttle 82,44+0,3 | 81,2£0,3
Adult 83,940,3 | 84,7+0,3
Chess 79,8+1,2 | 87,0£1,0
Cohn-Kanade | 72,5+1.4 | 72,914
Chen-Huang 71,34+0,8 | 72,5£0,7

Tabela 2: Resultados obtidos (taxa de acerto; confianca de 95%) — Apenas dados
rotulados

Comparando o CBL-EM com os algoritmos NB-EM e TAN-EM tivemos uma me-
lhora do desempenho em quase todas as bases de dados testadas. Isso mostra o poten-
cial de algoritmos baseados em testes de independéncia. No entanto, esse ganho s6 foi

alcangado quando implementamos a busca no espago de ordenacdes.

Como o algoritmo CBL-EM depende muito dos testes de independéncia hd muito o
que ganhar tornando esses testes mais confidveis. Na implementagdo atual decidimos
a independéncia dos atributos com base na comparagao do resultado da Informagdo
Miitua com um limite fixo. Verificamos que na realidade esse limite deve ser depen-
dente da base de dados. Quanto maior a base de dados, melhores os estimadores e mais

préximo de zero deve ser o limite (MEILA-PREDOVICIU, 1999).

Os resultados com o CBL-EM modificado para utilizar testes de independéncia
usando G? (batizado de CBL-EM x>, pois essa € a distribui¢do da estatistica G?) mos-
tram que a implementagdo de testes mais robustos resultou em um desempenho com-
pardvel ao algoritmo original, exceto para as bases Chess e Chen-Huang nas quais os

resultados foram consideravelmente superiores.

Considerando as nuances do aprendizado semi-supervisionado, o algoritmo SSS
tem as melhores chances que os demais algoritmos por ter menos restri¢oes ao tipo de
estrutura a ser gerada, essa caracteristica se mostra nos resultados experimentais. O

SSS teve o maior desempenho em praticamente todos os testes realizados.
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Base de dados | NB-EM | TAN-EM SEM SSS CBL-EM | CBL-EM 2
Satimage 77,5+£0,9 | 81,0+£0,9 | 77,84£0,9 | 83,4+0,8 | 83,5£0,8 | 82,8+0,8
Shuttle 76,1+0.4 | 90,5+0,2 | 73,0£0,3 | 96,3+0,2 | 91,8£0,2 | 87,2+0,2
Adult 73,14+0,4 | 80,0+0,3 | 81,340,3 | 85,0+0,3 | 82,7+0,3 | 83,2+0,3
Chess 62,1+1,5 | 71,2+1.4 | 62,9+1,4 | 76,0+1,3 | 81,0+£1,2 | 90,5+£0,9
Cohn-Kanade | 69,1+1,4 | 69,3£1,4 | 67,9+1,4 | 74,8£1,4 | 66,2£1,5 | 69,2+1,4
Chen-Huang | 58,540.,8 | 62,9+0,8 | 63,7£0,8 | 75,0+£0,7 | 65,9+0,8 67,8+0,7

Tabela 3: Resultados obtidos (taxa de acerto; confianca de 95%) — Dados rotulados e
ndo-rotulados (para comparacao)
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Figura 8: Comparagdo dos principais algoritmos: TAN-EM, CBL-EM, CBL-EM Y*e
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5 METODOLOGIA PARA O
APRENDIZADO
SEMI-SUPERVISIONADO DE
CLASSIFICADORES

O trabalho apresentado até aqui teve como foco a busca de um classificador, sem
consideracdio com o custo para isso (em termos de tempo de preparagdo dos testes e
tempo de processamento). Nio se pode, entretanto, fechar os olhos as restri¢coes a
que estio sujeitos os analistas responsaveis por colocar os métodos apresentados neste
texto em pratica. Neste capitulo é discutido um compromisso entre o ganho de de-
sempenho € o custo computacional para tanto. Espera-se, assim, que a experiéncia
acumulada durante o desenvolvimento desse trabalho, mesmo nos testes que eventual-

mente ndo apareceram no texto final, fique disponivel a analistas da 4rea.

De maneira resumida, as sugestdes sdo as seguintes:

1. Usar informagdes a priori disponiveis sempre que possivel (Se¢éo 5.1).
2. Ter mais de um algoritmo 2 disposi¢do (Secdo 5.2).

3. Obter tantos dados rotulados quanto possivel. (Segdo 5.3).

5.1 Utilizando informacées a priori para classificacao

Em primeiro lugar, conhecendo-se o dominio do problema, € possivel decidir se
todos os atributos fornecidos na base de dados sdo relevantes. Uma verificagdo nesse
sentido foi feita na base de dados Adult. Originalmente essa base possuia 15 atributos.

Dois foram descartados. Um dos atributos, fnlwgt, foi descartado pelo discretizador
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por ter baixa correlagdo com a classe. O segundo atributo removido, native-country,
embora seja composto por mais de 40 categorias, tem 90% dos registros pertencentes
a apenas uma delas. Nos testes que realizamos com o NB e TAN, a remogdo desses

atributos ndo diminuiu o desempenho dos classificadores.

Além de pré-filtrar as bases de dados, podemos também restringir alguns relacio-
namentos entre os atributos. Diferentes algoritmos tem diferentes possibilidades para
reduzir o espaco de busca de estruturas. No TAN, por exemplo, néo hd muito o que
fazer sendo aceitar a estrutura sugerida. No CBL-EM pode-se realizar uma busca num
conjunto de ordenagdes em que certos casos sejam proibidos. Para evitar que um arco
direcionado de A — B, por exemplo, basta que nas ordenagdes fornecidas ao algoritmo
o atributo A nunca aparega antes do atributo B. O algoritmo SSS também pode ser fa-
cilmente modificado para que estruturas que contenham os arcos proibidos ndo sejam

incluidas na lista de estruturas sugeridas.

5.2 Escolha dos algoritmos

A classe de estruturas permitidas durante o aprendizado de redes Bayesianas esta
no centro da questiio do aprendizado semi-supervisionado: quanto mais proximo da
estrutura real, maiores serdo as chances que uma diminui¢@o no erro de estimag@o dos
pardmetros também reduza o erro de classificagdo. Nos capitulos anteriores foram
apresentados alguns algoritmos para explorar o espaco de estruturas (usando sempre

estruturas generativas).

Quanto menos restricdes foram colocadas para o aprendizado de estruturas, maior
o tempo de processamento necessério, pois o espaco da busca é maior. Analisando os
resultados apresentados no capitulo anterior, percebe-se que, em alguns casos ganha-se
muito pouco em desempenho de classificagdo ao passo que o tempo de processamento
aumenta demais. Por essa razdo, apresenta-se a complexidade dos algoritmos (veja

tabela 4 e detalhes no Apéndice A) implementados para permitir uma comparagzo.

De modo geral o NB-EM n#o é recomendado para o aprendizado semi-supervisio-
nado pois a premissa de independéncia entre os atributos, que € a maior restri¢do que
se pode impor 2 classe de estruturas generativas, raramente se sustenta nos problemas
reais. Entretanto existem duas classes de problemas que, segundo a literatura se be-

neficiam do NB-EM. H4 utilizacdes bem-sucedidas do NB-EM, como a classificagéo
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Tabela 4: Complexidade dos algoritmos implementados. Nesta tabela, i corresponde
ao nimero maximo de iteragdes do EM, j corresponde ao nimero méximo de iteracdes
do SEM e do CBL-EM; m ao tamanho da base de dados; n ao nimero de varidveis da
base de dados; Max/ter o nimero de iteracdes do SSS.

Algoritmo | Complexidade
NB-EM O(imn)
TAN-EM | O(imn® + in?k®)
SEM O(jmn?)
SSS O(Maxlter imn)
CBL-EM O(jmn?)

de textos (NIGAM et al., 2000) que se caracteriza por bases de milhares de atributos
e muito esparsas. Espera-se que base de outros dominios com as mesmas caracteris-
ticas também se beneficiem. Outro tipo de problema relevante consiste em bases de
dados com muito poucos dados rotulados. Ou seja, situagdes em que os dados rotula-
dos ndo seriam suficientes para construir classificadores com desempenho melhor que
uma escolha aleatdria. Existem publicacdes que refor¢am essa afirmacdo (NIGAM et
al., 2000; COZMAN; COHEN, 2002).

Dos métodos onde a construcdo de estruturas é guiada pela verossimilhanca (SEM
e TAN-EM), ndo hd ddvidas que o TAN-EM é mais apropriado para classificagio,
ainda que o SEM tenha mais liberdade para encontrar estruturas arbitrdrias. O TAN-
EM ¢é um algoritmo notdvel: primeiro, porque pode ser construido a partir de uma
base de dados de maneira muito eficiente; segundo, porque como as estruturas que
gera sdo restritas a um pai por nd, a quantidade de parametros € limitada. O TAN-EM
combina a grande vantagem do NB-EM (o tempo de processamento) a0 mesmo tempo

que diminui a sua maior desvantagem (a premissa de independéncia entre varidveis).

Pelo que foi obtido como resultado experimental, o TAN-EM sempre esteve pro-
ximo do desempenho dos algoritmos mais complexos. Mais relevante, no entanto, €
que o TAN-EM permite ao analista aprender um pouco sobre a estrutura do problema.
Como exemplo, veja o caso do Shuttle, em que o desempenho do TAN-EM indica ser

uma base com poucos relacionamentos, o que foi confirmado pelo SSS.

Um tipo de algoritmo onde a busca é guiada pelo erro estimado de classificagdo ¢
representado pelo SSS. Cada iteragdio é processada rapidamente pois cada estrutura ¢

derivada diretamente da estrutura definida na iteracdo anterior. Porém, por pertencer
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A classe dos algoritmos MCMC, o SSS exige um grande nimero de iteragdes até se

chegar a estabilidade.

A vantagem clara do SSS € sua garantia de que a melhor estrutura serd encontrada
se a premissa que o modelo é generativo for correta. Com efeito, para a base Shuttle
registra-se um desempenho de 96% e em testes preliminares chegou-se a construir
um classificador com desempenho de 99%, o mesmo valor obtido quando todos os
dados sdo rotulados. Para essa base e para ao menos duas outras bases representativas,
Cohn-Kanade e Chen-Huang, o desempenho foi muito acima do obtido utilizando-se

os outros classificadores.

Caso se tenha indicios que o modelo gerador da base de dados seja generativo, e 0
TAN-EM pode ajudar nesse sentido, e se disponha de algum tempo para o aprendizado,

0 SSS é a melhor opg¢do disponivel.

Finalmente temos o CBL-EM. Uma possivel critica ao SSS € que uma busca ex-
clusivamente dirigida pelo erro de classificag@o estaria muito sujeita ao overfitting. O
CBL-EM sofre menos desse problema pois a cada iteragdo, uma nova rede € gerada a
partir dos teste de independéncia. Mesmo considerando que uma busca de ordenacdes
foi implementada, o efeito do overfitting é menor, pois as ordenagdes sdo geradas de

maneira aleatéria e independente de perro.

O CBL-EM ¢ indicado para problemas mais complicados, com muitos relaciona-
mentos entre as varidveis e nos quais exista uma grande quantidade de dados para que
seja possivel realizar os testes de independéncia de maneira confidvel, como ocorre

com as bases Adult e Shuttle.

5.3 Valor praticos dos dados rotulados

Um diferencial deste trabalho com relagfo ao demais revistos no capitulo 2 € que
os dados rotulados sdo uma parte importante do processo de aprendizagem. Essa abor-
dagem é uma conseqiiéncia da constatagdo que ndo ha melhor estratégia sendo realizar

um busca no espaco de estruturas e decidir pela melhor usando o erro de classificagdo.

Sempre em que a busca for adotada, os dados rotulados so utilizados para treinar
e validar as estruturas candidatas. Caso a quantidade de dados seja pequena, € quase

certa a ocorréncia de overfitting. Logo, uma outra razdo para necessitar de dados rotu-
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lados é permitir que as bases de dados para treino e para a validacdo sejam diferentes

utilizando-se holdout ou validagdo cruzada.

Essa abordagem, que depende de uma base de dados rotulados mediana, embora
seja mais bem sucedida em problemas genéricos, traz consigo uma desvantagem: po-
dem ocorrer casos em que a melhor estratégia seja simplesmente descartar os dados
ndo-rotulados. Embora radical, essa alternativa deve ser considerada. Nessa situagdo a
melhor alternativa, com base nos resultados experimentais obtidos, seria usar simples-
mente o TAN.
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6 CONCLUSAO

Este trabalho comparou diversas abordagens para aprendizado semi-supervisiona-
do de redes Bayesianas discretas. Até o momento trata-se da comparag@o empirica
mais completa disponivel na literatura. Houve o cuidado de realizar experimentos
com bases de dados de dominios bastante diversos e representativos. Novamente essa
caracteristica é inica ao nosso trabalho; por exemplo, Nigam et al. (2000) usa apenas
bases provenientes de classificagdo de textos e Baluja (1999) utiliza apenas bases de

reconhecimento de imagens.

Algumas conclusdes interessantes podem ser tiradas deste trabalho. Primeiro, ape-
sar do SSS e do CBL-EM terem apresentado resultados superiores aos demais, sempre
devemos considerar o uso do TAN-EM — isso em razdo da sua eficiéncia computaci-
onal (o algoritmo é polinomial e ndo hé busca envolvida). Além disso, os resultados
obtidos com TAN-EM estio bastante proximos dos obtidos com os algoritmos propos-

tos.

Nos parece que enquanto ndo existirem métodos de estimagdo eficientes que rela-
cionem a estrutura com o resultado de classificacdo, ndo ha como evitar a busca para
obter classificadores mais complexos que o TAN. A pesquisa em classificadores mais
complexos que TAN e que ainda sejam computacionalmente vidveis € tépico impor-

tante a ser seguido.

Verificamos que em muitos casos é mais interessante descartar os dados ndo-
rotulados e utilizar apenas os rotulados junto com classificadores convencionais como
o NB e o TAN. Nesses casos a melhor alternativa ao uso de dados ndo-rotulados seria a
aquisicdo de mais dados rotulados, se possivel, realizando a escolha de dados a rotular
de maneira otimizada. O estudo de métodos para escolha de dados a rotular (“aprendi-

zado ativo”) seria crucial para melhorar os resultados apresentados nesse trabalho.

Como indicado no Capitulo 1, o trabalho contribuiu com novos algoritmos (SSS
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e CBL-EM), com comparagdes entre varios algoritmos (NB, TAN, SEM, SSS, CBL-
EM), e com uma metodologia para uso de dados ndo-rotulados. O trabalho certamente
ndo esgotou o tema de aprendizado semi-supervisionado, deixando para o futuro um

consideravel numero de oportunidades para pesquisa.
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APENDICE A - COMPLEXIDADE DOS
ALGORITMOS

Neste apéndice, sdo apresentadas, mais detalhadamente, as relagdes de complexi-

dade apresentadas na tabela 4.

e NB-EM. Exige apenas um passagem pela base de dados para a estimacdo dos
parametros a cada iteracdo do EM. Como para cada registro analisado todos os
contadores associados as varidveis devem ser atualizados, temos que a comple-

xidade ¢é dada por:
CNB—EM = O(iml’l)

o TAN-EM. Algoritmo 2. Para cada iteragdo do EM, uma nova passagem pela base
de dados € feita e todos os contadores sdo preenchidos. Para que se possa cons-
truir a MWST (Maximum Weight Spanning Tree, ou seja, drvore cuja soma dos
pesos dos arcos € mdxima) a Informagdo Miitua de cada par de varidveis deve
ser calculada. A complexidade do cdlculo da Informag@io Mitua é proporcional
ao produto da cardinalidade das varidveis envolvidas. Assume-se que a cardina-
lidade das varidveis seja majorada por uma constante & suficientemente grande.
No algoritmo TAN utiliza-se testes de Informacdo Mitua condicional 2 classe.
Por isso, cada teste envolve as varidveis do arco e o né. Existem n(n— 1) /2 arcos
possiveis em uma drvore (menor n2). A constante i indica o nimero maximo de
iteragbes do EM. A complexidade do TAN-EM é dada por:

Cran—gm = O(imn?) + O(in*k>)
N—— e —
Passo 2.1 Passo 2.2

CTAN—EM = O(imn2 + in2k3)
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e SEM. Algoritmo 3. Esse algoritmo iterativo é composto de uma série de pro-
cedimentos de complexidade polinomial. O maior nimero de estruturas ocorre
quando a estrutura sendo testada estd completamente conectada. Nesta situagdo
existem n(n — 1) /2 arcos que podem ser removidos e um mesmo numero de ar-
cos que podem ser invertidos. O nimero de candidatos € portanto menor que
n?. Como notacdo adicional temos a constante j que corresponde ao numero

méximo de iteragdes do SEM.

Csgm = O(nm) +j | O(imn) + O(nz(mn))
N — —— ~———
Passo 2 Passo4.1 Passo4.3

Passo 4

Csem = j(O(imn) + O(mn’))

Csem = O(jmn?))

e SSS. Algoritmo 4. No SSS cada iteracdo é composta pela listagem das modifica-
¢cdes possiveis (O(n?)), pela sele¢do de uma dessas possibilidades (O(1)) € pelo
teste da rede resultante (O(imn)). Do ponto de vista do desempenho computa-
cional, o gargalo do SSS estd no nimero de iteragoes, Maxlter de ordem n*. O

simbolo ' se refere i base de validacdo que é muito menor que m. Portanto:

Csss = O(nm) + O(nm') +MaxIter O(imn)
—— N — - —

Passo 2 Passo 3 Passo 5

Csss = O(MaxIter imn)

e CBL-EM Algoritmo 6. No algoritmo original (CHENG; BELL; LIU, 1997) hé
uma avaliacdo indireta da complexidade desse algoritmo. Sdo necessdrios O(n?)
testes de Informacdo Mitua (o mesmo nimero de testes realizados pelo TAN).

No entanto, a complexidade dos testes pode ser muito maior.

Num caso extremo, poderia ser necessario realizar testes de independéncia con-
dicional envolvendo todas as varidveis (tal situagfio envolveria em torno de k"
calculos). Na pratica dada a natureza dos problemas reais é raro que haja mais
de seis varidveis sendo avaliadas. Néo faz sentido realizar testes que envolvam
mais varidveis pois certamente ndo haveria dados suficientes para que os testes

fossem significativos estatisticamente. Na prdtica testes de independéncia que
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envolvam um nimero de pardmetros maior que o ntmero de registros da base
de dados sio descartados. No entanto, para testes de independéncia genéricos
(condicional a varidveis além da classe) é necessdria uma nova passagem pela
base de dados. Por essa razio esses testes sdo de ordem O(mn). Portanto:
2
Cepry =n” O(mn) + O(mn)

—— ~——
Passo 4.2 Passo 5.3

CcBr1 = O(mn3)

Como no algoritmo CBL-EM a parte predominate do processamento 0corre du-
rante o aprendizado da rede usando o algoritmo CBL1, a complexidade do CBL-

EM ¢ a mesma do CBL1 vezes o niimero maximo de iteracdes j.

CcpL—EM = O(jmn’)




48

APENDICE B - PUBLICACOES

Este trabalho fez parte de um projeto conduzido pelos pesquisadores Fabio G.
Cozman (orientador) e Ira Cohen. Este tltimo é pesquisador do HP Labs de Palo Alto,
Estados Unidos, e iniciou sua participacdo neste projeto em 2002 durante visita ao
Laboratério de Tomada de Decisdo da Escola Politécnica. As contribui¢des individuais
do presente trabalho se encaixam num projeto mais ambicioso que visa compreender

melhor a teoria e prética de aprendizado semi-supervisionado.

Desse esforco conjunto, resultaram alguns artigos relevantes. O brago teérico do
trabalho, encabecado por Fabio G. Cozman, foi descrito no artigo Semi-Supervised
Learning of Mixture Models (COZMAN; COHEN; CIRELO, 2003). O pesquisador Ira
Cohen aplicou os algoritmos de aprendizado semi-supervisionado para o reconhe-
cimento de expressdes faciais; o resultado foi o artigo Learning Bayesian Network
Classifiers for Facial Expression Recognition with both Labeled and Unlabeled data
(COHEN et al., 2003). Finalmente, uma descri¢do mais abrangente de toda a pesquisa
realizada foi publicada no IEEE Transactions on Pattern Analysis and Machine In-
telligence (PAMI), em artigo intitulado Semisupervised learning of Classifiers: The-
ory, Algorithms, and Their Application to Human-Computer Interation (COHEN et al,,
2005)

Esses artigos estio reproduzidos neste Apéndice com o objetivo de colocar a par-
ticipagdio do autor no contexto de todo o trabalho que foi produzido por essa equipe.
Embora ndo seja o autor principal desses artigos, o autor teve participag@o seja desen-
volvendo o algoritmo CBL-EM, conduzindo inimeros testes com 0s algoritmos SSS,

NB-EM e TAN-EM ou participando das discussdes.
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Abstract

This paper analyzes the performance of semi-
supervised learning of mixture models. We show
that unlabeled data can lead to an increase in
classification error even in situations where ad-
ditional labeled data would decrease classifica-
tion error. We present a mathematical analysis of
this “degradation” phenomenon and show that it
is due to the fact that bias may be adversely af-
fected by unlabeled data. We discuss the impact
of these theoretical resuits to practical situations.

1. Introduction

Semi-supervised learning has received considerable atten-
tion in the machine learning literature due to its potential
in reducing the need for expensive labeled data (Seeger,
2001). Applications such as text classification, genetic re-
search and machine vision are examples where cheap unla-
beled data can be added to a pool of labeled samples. The
literature seems to hold a rather optimistic view, where “un-
classified observations should certainly not be discarded”
(O’Neill, 1978). Perhaps the most representative sum-
mary of recent literature comes from McCallum and Nigam
(1998), who declare that “by augmenting this small set [of
labeled samples] with a large set of unlabeled data and
combining the two pools with EM, we can improve our pa-
rameter estimates.”

Unfortunately, several experiments indicate that unlabeled
data are quite often detrimental to the performance of clas-
sifiers (Section 3). That is, the more unlabeled data are
added to a fixed set of labeled samples, the poorer is the
performance of the resulting classifier. We make this state-
ment cautiously, for some readers may find it obvious,
while others may find it unbelievable — and some will dis-
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miss it as incorrect. One might argue that numerical er-
rors in EM or similar algorithms are the natural suspects
for such performance degradation; thus we want to stress
that our results concern performance degradation even in
the absence of numerical instabilities. Some might object
that unlabeled data are provably useful (Castelli & Cover,
1996), and so any “degradation” must come from incorrect
analysis, while others might argue that unlabeled data could
conceivably be deleterious in exceptional situations where
modeling assumptions are clearly violated. Yet we note
that unlabeled data can lead to performance degradation
even in situations where labeled data can be useful to clas-
sification, so it must be the case that modeling assuptions
have a rather different effect on these types of data. We
have made extensive tests with semi-supervised learning,
only to witness a complex interaction between modeling
assumptions and classifier performance. Unlabeled data do
require a delicate craftsmanship, and we suspect that most
researchers are unaware of such complexities. With this pa-
per we wish to contribute to a better understanding of semi-
supervised learning by focusing on maximum-likelihvod
estimators and generative classifiers.

In Sections 2 and 3 we summarize relevant facts about
semi-supervised learning. In Section 4 we show that per-
formance degradation from unlabeled data depends on bias.
Our main result is Theorem 1, where we characterize
maximum-likelihood semi-supervised learning as a convex
combination of supervised and unsupervised learning, and
show how to understand performance degradation in semi-
supervised learning. We indicate the reasons why we may
observe labeled data to improve a classifier while unlabeled
data may degrade the same classifier: in short, both labeled
and unlabeled data contribute to a reduction of variance, but
unlabeled data may lead to an increase in bias when mod-
eling assumptions are incorrect. We present examples il-
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lustrating such circumstances in semi-supervised learning.
We finish by discussing the behavior of some practical clas-
sifiers learned with labeled and uniabeled data.

2. Semi-Supervised Learning

The goal is to classify an incoming vector of observables X.
Each instantiation x of X is a sample. There exists a class
variable C; the values of C are the classes. To simplify
the discussion, we assume that C is a binary variable with
values {c’,c"}. We want to build classifiers that receive a
sample x and output either ¢’ or ¢””. We assume 0-1 loss,
thus our objective is to minimize the probability of clas-
sification errors. If we knew exactly the joint distribution
F(C,X), the optimal rule would be to choose class ¢’ when
the probability of {C = ¢’} given x is larger than 1/2, and
to choose class ¢” otherwise (Devroye et al., 1996). This
classification rule attains the minimum possible classifica-
tion error, called the Bayves error.

We take that the probabilities of (C,X), or functions
of these probabilities, are estimated from data and then
“plugged” into the optimal classification rule. We assume
that a parametric model F(C,X|6) is adopted. An esti-
mate of © is denoted by 8; we adopt the maximum likeli-
hood method for estimation of parameters. If the distribu-
tion F(C,X) belongs to the family F(C,X|8), we say the
“model is correct”; otherwise we say the “model is incor-
rect” When the model is correct, the difference between
the expected value Eq[6] and ©, (Eg[6] — 0), is called es-
timation bias. If the estimation bias is zero, the estima-
tor  is unbiased. When the model is incorrect, we use
“bias” loosely to mean the difference between F(C,X) and
F(C,X|8). The classification error for 8 is denoted by e(6);
the difference between E[e(8)] and the Bayes error is the
classification bias.

We assume throughout that probability models satisfy the
conditions adopted by White (1982); essentially, parame-
ters belong to compact subsets of Euclidean space, mea-
sures have measurable Radon-Nikodym densities and are
defined on measurable spaces, all functions are twice dif-
ferentiable and all functions and their derivatives are mea-
surable and dominated by integrable functions. A formal
list of assumptions can be found in (Cozman & Cohen,
2003).

In semi-supervised learning, classifiers are built from a
combination of N; labeled and N, unlabeled samples. We
assume that the samples are independent and ordered so
that the first N; samples are labeled. We consider the fol-
lowing scenario. A sample (¢, X) is generated from p(C,X).
The value c is then either revealed, and the sample is a la-
beled one; or the value ¢ is hidden, and the sample is an
unlabeled one. The probability that any sample is labeled,

denoted by A, is fixed, known, and independent of the sam-
ples. Thus the same underlying distribution p(C,X) mod-
els both labeled and unlabeled data; we do not consider the
possibility that labeled and unlabeled samples have differ-
ent generating mechanisms.

The likelihood of a labeled sample (c,x) is Ap(c,x|0);
the likelthood of an uniabeled sample x is (1 — A)p(x|0).
The density p(X|0) is a mixture model with mixing facior
p(c']0) (denoted by 11):

p(X|6) =np(X|c',8) + (1 —n)p(X[c",0). (1)

We assume throughout that mixtures (1) are identifiable:
distinct values of 6 determine distinct distributions (permu-
tations of the mixture components are allowed).

The distribution p(C,X|0) can be decomposed either as
p{ClX,0) p(X|0) or as p(X|C,0)p(C|8). A parametric
model where both p(X|C,0) and p(C|8) depend explic-
itly on 0 is referred to as a generative model. A strategy
that departs from the generative scheme is to focus only on
p(C|X, 8) and to take the marginal p(X) to be independent
of 8. Such a strategy produces a diagnostic model (for ex-
ample, logistic regression (Zhang & Oles, 2000)). In this
narrow sense of diagnostic models, maximum likelihood
cannot process unlabeled data for any given dataset (see
Zhang and Oles (2000) for a discussion). In this paper we
adopt maximum likelihood estimators and generative mod-
els; other strategies can be the object of future work.

3. Do Unlabeled Data Improve or Degrade
Classification Performance?

It would perhaps be reasonable to expect an average im-
provement in classification performance for any increase
in the number of samples (labeled or unlabeled): the more
data are processed, the smaller the variance of estimates,
and the smaller the classification error. Several reports in
the literature seem to corroborate this informal reasoning.
Investigations in the seventies are quite optimistic (Cooper
& Freeman, 1970; Jr., 1973; O’Neill, 1978). More recently,
there has been plenty of applied work with semi-supervised
learning,I with some notable successes. There have aiso
been workshops on semi-supervised learning at NIPS1998,
NIPS1999, NIPS2000 and ITJCAI2001. These publications
and meetings have generally concluded that unlabeled data
can be profitably used whenever available.

There have also been important positive theoretical results
concerning unlabeled data. Castelli and Cover (1996) and
Ratsaby and Venkatesh (1995) use unlabeled samples to es-

IRelevant references: (Baluja, 1998; Bruce, 2001; Collins &
Singer, 2000; Comité et al., 1999; Goldman & Zhou, 2000; Mc-
Callum & Nigam, 1998; Miller & Uyar, 1996; Nigam et al., 2000,
Shahshahani & Landgrebe, 1994b).




timate decision regions (by estimating p(X)), and labeled
samples are used solely to determine the labels of each re-
gion (Ratsaby and Venkatesh refer to this procedure as “Al-
gorithm M"). Castelli and Cover basically prove that Algo-
rithm M is asymptotically optimal under various assump-
tions, and that, asymptotically, labeled data contribute ex-
ponentially faster than unlabeled data to the reduction of
classification error. These authors make the critical as-
sumption that p(C,X) belongs to the family of models
p(C,X|0) (the “model is correct”).

However, a more detailed analysis of current empirical re-
sults does reveal some puzzling aspects of unlabeled data.”
We have reviewed descriptions of performance degradation
in the literature in (Cozman & Cohen, 2002); here we just
mention the relevant references. Four results are particu-
larly interesting: Shahshahani and Landgrebe (1994b) and
Baluja (1998) describe degradation in image understand-
ing, while Nigam et al. (2000) report on degradation in
text classification and Bruce (2001) describe degradation
in Bayesian network classifiers. Shahshahani and Land-
grebe speculate that degradation may be due to deviations
from modeling assumptions, such as outliers and “samples
of unknown classes” — they even suggest that unlabeled
samples should be used only when the labeled data alone
produce a poor classifier. Nigam et al. (2000) suggest sev-
eral possible difficulties: numerical problems in the EM
algorithm, mismatches between the natural clusters in fea-
ture space and the assumed classes.

Intrigued by such results, we have conducted extensive
tests with simulated problems, and have observed the same
pattern of “degradation.” The interested reader can again
consult (Cozman & Cohen, 2002). Here we present a dif-
ferent test, now with real data. Figure 1 shows the result of
learning a Naive Bayes classifier using different combina-
tions of labeled and unlabeled datasets for the Adult clas-
sification problem in the UCI repository (using the training
and testing datasets in the repository). We see that adding
unlabeled data can improve classification when the labeled
data set is small (30 labeled data), but degrade performance
as the labeled data set becomes larger.

Both Shahshahani and Landgrebe (1994a) and Nigam
(2001) are rather explicit in stating that unlabeled data can
degrade performance, but rather vague in explaining how
to analyze the phenomenon. There are several possibili-
ties: numerical errors, mismatches between the distribu-
tion of labeled and unlabeled data, incorrect modeling as-
sumptions. Are unlabeled samples harmful only because of
numerical instabilities? Is performance degradation caused
by increases in variance, or bias, or both? Can performance

2The workshop at JCAI2001 witnessed a great deal of discus-
sion on whether unlabeled data are really useful, as communicated
to us by George Forman.
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Figure I. Naive Bayes classifiers generated from the Adult
database (bars cover 30 to 70 percentiles).

degradation occur in the absence of bias; that is, when mod-
eling assumptions are correct? Do we need specific types
of models, or very complex structures, to produce perfor-
mance degradation?

Our strategy in addressing these questions is to study the
asymptotic behavior of exact maximum likelihood estima-
tors under semi-supervised learning. The asymptotic re-
sults obtained in the next section allows us to analyze semi-
supervised learning without resorting to numerical meth-
ods, and to obtain insights that are not clouded by the un-
certainties of numerical optimization. We do not deny that
numerical problems can happen in practice (see McLach-
lan and Basford, (1988, Section 3.2) and Corduneanu and
Jaakkola (2002)), but we are interested in more fundamen-
tal phenomena. The examples in the next section show that
performance degradation with unlabeled data would occur
even if numerical problems were somehow removed.

4. Asymptotics of Semi-Supervised Learning

In this section we discuss the asymptotic behavior of max-
imum likelihood estimators in semi-supervised learning.
We assume throughout that expectations Eflogp(C,X)],
Ellog p(X)], E[logp(C,X|6)], and E[log p(X|6)] exist for
every 0, and each function attains a maximum at some
value of 0 in an open neighborhood in the parameter space.
Again, we remark that a formal list of assumptions can
be found in (Cozman & Cohen, 2003). The assumptions
eliminate some important models (such as Cauchy distri-
butions), but they retain the most commonly used distribu-
tional models.

To state the relevant results, a Gaussian density with mean
u and variance o7 is denoted by N(u, 62), and the follow-
ing matrices are defined (matrices are formed by running
through the indices i and j):

Ay(8) = E[*log p(¥|6) /26,8,],

By (6) = E[(3log p(¥16) /36;)(dlog p(¥16) /36)].

We use the following known result (Berk, 1966; Huber,



1967; White, 1982). Consider a parametric model F(Y'|6)
with the properties discussed in previous sections, and a se-
quence of maximum likelihood estimates Oy, obtained by
maximization of Z?’:l log p(vi|0), with an increasing num-
ber of independent samples N, all identically distributed ac-
cording to F(Y). Then 8y — 6" as N — oo for 8 in an open
neighborhood of 8%, where 6* maximizes £[log p(Y|0)]. If
8* is interior to the parameter space, 6” is a regular point
of Ay(0) and By (0*) is non-singular, then VN (éN - 9*) ~
N(0,C(6*)), where Cy(8) = Ay(8)"'By(8)Ay(0)~!. This
result does not require the distribution F(¥) to belong to
the family F(Y|0).

In semi-supervised learning, the samples are realizations
of (C,X) with probability A, and of X with probability (1—
A). Denote by C a random variable that assumes the same
values of C plus the “unlabeled” value u. We have p(C #
u) = A. The actually observed samples are realizations of
(C,X), and we obtain p(C = ¢,X) equal to

(Ap(C=c, X))’{f‘#u}(") ((1=2) p(X))’{<‘=u}(") ;

where p(X) is a mixture density obtained from p(C,X)
(Expression (1)) and Iy(Z) is the indicator function (1 if
Z € ¢; 0 otherwise). Accordingly, the parametric model
adopted for (C,X) is §(C = ¢,X|8), equal to

(Ap(C = ¢,X[8))/E#n ) ((1 = 2) p(X[0)) 0.
Using these definitions, we obtain our main result:

Theorem 1 Consider supervised learning where samples
are randomly labeled with probability \. Adopting pre-
vious assumptions, the value of 0* (the limiting value of
maximum likelihood estimates) is:

argmaxAE[log p(C, X{6)] + (1 — ME[logp(X[0)], ()
where the expectations are with respect to p(C,X). O

Proof. The value 6* maximizes E[log 5(C,X]8)] (expec-
tation with respect to 5(C,X)), and E[logp(C,X|6)]
is equal to  E[lez, (C) (logh +log p(C,X|0)) +
Iip=y(C) (log(1 = 4) +logp(X|0))];  thus the ex-
pected value is equal to Alogh + (1 —A)log(l —X) +
Ell;¢4,4(C)log p(C, X|6)] + E[l(p,y (C) log p(X|6)]. The
first two terms of this expression are irrelevant to maxi-
mization with respect to 8. The last two terms are equal to
AEllogp(C,XI8)[C # u] + (1 — NEllogp(X[6)|C =
u). As we have p(C,X|C # u) = p(C,X) and
A(X|C = u) = p(X) the last expression is equal to
AE[log p(C,X|0)] + (1 — A)E{log p(X|8)], where the last
two expectations are now with respect to p(C, X). Thus we
obtain Expression (2). O

Expression (2) indicates that the objective function in semi-
supervised learning can be viewed asymptotically as a
“convex” combination of objective functions for supervised
learning (E[log p(C,X|0)]) and for unsupervised learning
(Eflog p(X]6)]). Denote by 65 the value of 6 that maxi-
mizes Expression (2) for a given A; use 6} for 87 and 8}, for
63.3 We note that, with a few additional assumptions on the
modeling densities, Theorem 1 and the implicit function
theorem can be used to prove that 65 is a continuous func-
tion of A. This shows that the “path” followed by the so-
lution is a continuous one, as also assumed by Corduneanu
and Jaakkola (2002) in their discussion of numerical meth-
ods for semi-supervised learning.

The asymptotic variance in estimating 6 under the con-
ditions of Theorem 1 can also be obtained using re-
sults in White (1982). The asymptotic variance is
ABA, where A = (Mcx)(0")+ (1 -2)Ax(6")) ™' and
B = (AB(cx)(8") + (1 —A)Bx(8%)). It can be seen that
this asymptotic covariance matrix is positive definite, so
asymptotically an increase in N (the number of labeled
and unlabeled samples), leads to a reduction in the vari-
ance of 8. This reduction in variance is true regardless of
whether F(C,X) is in F(C,X|0).

Model is correct Suppose first that the family of distri-
butions F(C,X|0) contains the distribution F(C,X); that
is, F(C,X|01) = F(C,X) for some 6. When such a con-
dition is satisfied, 6 = 6} = 67 given identifiability, and
then 6% = 6+ (so maximum likelihood is consistent, bias
is zero, and classification error converges to the Bayes er-
ror). By following a derivation in Shahshahani and Land-
grebe (1994b) for unbiased estimators, we can argue (ap-
proximately) that the expected classification error depends
on the variance of 8. We have A(0%) = —B(6%), thus the
asymptotic covariance of the maximum likelihood estima-
tor is governed by the inverse of the Fisher information.
Because the Fisher information is a sum of the information
from labeled data and the information from unlabeled data
(Zhang & Oles, 2000; Cozman & Cohen, 2003), and be-
cause the information from unlabeled data is always pos-
itive definite, the conclusion is that unlabeled data must
cause a reduction in classification error when the model is
correct. Similar derivations can be found in Ganesalingam
and McLachlan (1978) and in Castelli (1994).

Model is incorrect We now study the scenario that
is more relevant to our purposes, where the distribution
F(C,X) does not belong to the family of distributions

3We have to handle a difficulty with e(8}): given only unla-
beled data, there is no information to decide the labels for decision
regions, and the classification error is 1/2 (Castelli, 1994). To sim-
plify the discussion, we assume that, when A =0, an “oracle” will
be available to indicate the labels of the decision regions.



F(C,X|6). In view of Theorem 1, it is perhaps not sur-
prising that unlabeled data can have the deleterious effect
discussed in Section 3. Suppose that 0} # 6] and that
(%) > e(8]) (we show how this can happen in a later
example). If we observe a large number of labeled sam-
ples, the classification error is approximately e(67). If we
then collect more samples, most of which unlabeled, we
eventually reach a point where the classification error ap-
proaches e(6}). So, the net result is that we started with
classification error close to e(8]), and by adding a great
number of unlabeled samples, classification performance
degraded towards e(8};). The basic fact here is that (esti-
mation and classification) biases are directly affected by A.
Hence, a necessary condition for this kind of performance
degradation is that e(8}) # e(6}); a sufficient condition is
that e(8%) > e(0). If e(6]) is smaller than e(6}), then a
labeled dataset can be dwarfed by a much larger unlabeled
dataset — the classification error using the whole dataset
can be larger than the classification error using only labeled
data.

A summary 1) Labeled and unlabeled data contribute to
a reduction in variance in semi-supervised learning under
maximum likelihood estimation. 2) When the model is
correct, the maximum likelihood estimator is unbiased and
both labeled and unlabeled data reduce classification er-
ror by reducing variance. 3) When the model is incorrect,
there may be different asymptotic estimation/classification
biases for different values of A; asymptotic classification
error may also be different for different values of A —an
increase in the number of unlabeled samples may lead to a
larger estimation bias and a larger classification error.

An example: performance degradation with Gaussian
data The previous discussion alluded to the possibility
that e(0%) > e(8}) when the model is incorrect. To un-
derstand how such a phenomenon can occur, consider an
example of obvious practical significance. Consider Gaus-
sian observations (X,Y) taken from two classes ¢’ and
¢'. We do not know the mixing factor N = p(C =¢');
the data is sampled from a distribution with mixing fac-
tor 3/5. We know that X and Y are Gaussian variables:
the mean of (X,Y) is (0,3/2) conditional on {C = '},
and (3/2,0) conditional on {C = ¢"}; variances for X and
for Y conditional on C are equal to 1. We believe that
X and Y are independent given C, but actually X and ¥
are dependent conditional on {C = ¢} — the correlation
p=E[(X —E[X])(Y - E[Y])|C = "]is equalto4/5 (X and
Y are in fact independent conditional on {C = ¢'}). If we
knew the value of p, we would obtain an optimal classi-
fication boundary on the plane X x Y (this optimal classi-
fication boundary is quadratic). As we assume that p is
zero, we are generating a Naive-Bayes classifier that ap-
proximates p(C|X,Y).

Under the incorrect assumption that p = 0, the classifica-
tion boundary is linear: y = x+ 2log((1 —1)/%)/3, and
consequently it is a decreasing function of fj. With labeled
data we can easily obtain 1| (a sequence of Bernoulli trials);
then 1} = 3/5 and the classification boundary is given by
v =x—0.27031. Note that the (linear) boundary obtained
with labeled data is not the best possible linear boundary.
We can in fact find the best possible linear boundary of
the form y = x+7v. The classification error can be writ-
ten as a function of 7y that has positive second derivative;
consequently the function has a single minimum that can
be found numerically (the minimizing v is —0.45786). If
we consider the set of lines of the form y = x + 7, we see
that the farther we go from the best line, the larger the clas-
sification error. Figure 2 shows the linear boundary ob-
tained with labeled data and the best possible linear bound-
ary. The boundary from labeled data is “above” the best
linear boundary.

Now consider the computation of n};, the asymptotic esti-
mate with unlabeled data. By Theorem 1, we must obtain:

arg max /_:/_:((3/5)N([0,3/2]T,diag[1,1])+

ne(0,1]
@/SIN(3/2,0",[ s )

log(MN([0,3/2]" , diag[1,1])+
(1 —IN(B/2,0], diagl1, 1]))dydx.

The second derivative of this double integral is always neg-
ative (as can be seen interchanging differentiation with in-
tegration), so the function is concave and there is a single
maximum. We can search for the zero of the derivative of
the double integral with respect to 1. We obtain this value
numerically, n% = 0.54495. Using this estimate, the lin-
ear boundary from unlabeled data is y = x — 0.12019. This
line is “above” the linear boundary from labeled data, and,
given the previous discussion, leads to a larger classifica-
tion error than the boundary from unlabeled data. We have:
e(y) = 0.06975; e(8}) = 0.07356; e(0}) = 0.08141. The
boundary obtained from unlabeled data is also shown in
Figure 2.

This example suggests the following situation. Suppose we
collect a large number N; of labeled samples from p(C,X),
with 1 = 3/5 and p = 4/5. The labeled estimates form a
sequence of Bernoulli trials with probability 3 /5, so the es-
timates quickly approach )} (the variance of f} decreases as
6/(25N,)). If we add a very large amount of uniabeled data
to our data, f| approaches N and the classification error
increases.

By changing the “true” mixing factor and the correlation
p, we can produce other examples where the best linear
boundary is between the “labeled” and the “unlabeled”
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Figure 2. Contour plots of the Gaussian mixture p(X,Y), the best
classification boundary of the form y = x 47, the linear boundary
obtained from labeled data (middle line) and the linear boundary
obtained from unlabeled data (upper line).

boundaries, and examples where the “unlabeled” bound-
ary is between the other two. Non-Gaussian examples
of degradation can also be easily produced, including ex-
amples with univariate models; the interested reader may
consult a longer version of this paper (Cozman & Cohen,
2003).

Discussion The obvious consequence of the previous re-
sults is that unlabeled data can in fact degrade performance
even in simple situations. For degradation to occur, mod-
eling errors must be present — unlabeled data are always
beneficial in the absence of modeling errors. The most im-
portant fact to understand is that estimation bias depends
on the ratio of labeled to unlabeled data; this is somewhat
surprising as bias is usually taken to be a property of the
assumed and the “true” models, and not to be dependent on
the data. If the performance obtained with a given set of
labeled data is better than the performance with infinitely
many unlabeled samples, then at some point the addition
of unlabeled data must decrease performance.

5. Learning Classifiers in Practice

To avoid an excessively pessimistic and theoretical tone,
we would like to mention some positive practical experi-
ence with semi-supervised learning. We have observed that
semi-supervised learning of Naive Bayes and TAN classi-
fiers (Friedman et al., 1997), using the EM algorithm to
handle unlabeled samples, can be quite successful in clas-
sification problems with very large numbers of features and
not so large labeled datasets. Text classification and image
understanding problems typically fit this pattern; not sur-
prisingly, the best results in the literature are exactly in
these applications. A plausible explanation is that such
applications contain such a large number of observables

that the variance of estimators is very large for the num-
ber of available labeled samples, and then the reduction
in variance from unlabeled data offsets increases in bias.
This agrees with the empirical findings of Shahshahani
and Landgrebe (1994b), where unlabeled data are useful
as more observables are used in classifiers — while Nigam
et al. (2000) suggest that adding observables can worsen
the effect of unlabeled data, the opposite should be ex-
pected.

However, our experiments indicate that Naive Bayes and
TAN are often plagued by performance degradation in rel-
atively common classification problems, for example for
the datasets found in the UCI repository. Overall, we have
noticed that TAN classifiers have an edge over Naive Bayes
classifiers.* It is even possible to look at performance
degradation as a “signal” that modeling assumptions are
incorrect, and to switch from an initial Naive Bayes classi-
fiers to a TAN classifier if performance degradation is ob-
served.

We observe that the most natural way to go beyond Naive
Bayes and TAN classifiers is to look for arbitrary Bayesian
networks that can represent the relevant distributions; we
have had significant success in this direction. Given the
many possible approaches to Bayesian network learning,
we just mention an interesting approach that has produced
excellent resuits.

We have developed an stochastic structure search algo-
rithm (named SSS) that essentially performs Metropolis-
Hastings runs in the space of Bayesian networks; we have
observed that this method, while demanding huge compu-
tational effort, can improve on TAN classifiers (Cohen et
al.. 2003). To illustrate these statements, take the Shut-
tle dataset from the UCI repository. With 43500 labeled
samples, a Naive Bayes classifier has classification error of
0.07% (on independent test set with 14500 labeled sam-
pies). With 100 labeled samples, a Naive Bayes classi-
fier has classification error of 18%; by adding 43400 un-
labeled samples, the resulting Naive Bayes classifier has
error of about 30%! A TAN classifier with 100 labeled
and 43400 unlabeled samples leads to classification error
of about 19%. The SSS algorithm does much better, lead-
ing to classification error of only 3.7%. Interestingly, we
obtain classification error of just 4.4% by selecting 500 ad-
ditional labeled samples randomly and producing a TAN
classifier with EM.

The last observation suggests that active learning should be
a profitable strategy in labeled-unlabeled situation McCal-
lum and Nigam (1998). When feasible, active learning can
use unlabeled data in a clever and effective manner.

4The combination of TAN with EM to handle unlabeled data
is described in Meila (1999).




We close by warning the reader that only a careful analysis
of unlabeled data can lead to better learning methods. As an
example, we can use the insights in this paper to analyze the
class of estimators proposed by Nigam et al. (2000). They
build Naive Bayes classifiers by maximizing a modified
log-likelihood of the form A'L;(8) + (1 — A")L,(8) (where
L; is the “likelihood” for labeled data and L, is the “like-
lihood” for unlabeled data) while searching for the best
possible A'. There is no reason why this procedure would
improve performance, but it may work sometimes: In the
Gaussian example in Section 4, if the boundary from la-
beled data and the boundary from unlabeled data are in dif-
ferent sides of the best linear boundary, we can find the
best linear boundary by changing A’ — we can improve on
both supervised and unsupervised learning in such a situa-
tion! In any case, one cannot expect to find the best possi-
ble boundary just by changing A'; as an example, consider
again the Shuttle dataset from the UCI repository, taking
100 labeled and 43400 unlabeled samples. We have ob-
served a monotonic increase in classification error of Naive
Bayes classifiers as we vary A’ from O to I: no value of
A’ can do better than just using the available labeled data!
The good results obtained by Nigam et al. (2000) could
either be attributed to the fact that Naive Bayes is the “cor-
rect model” in text classification, or to the fact that text
classification handles a huge number of features (and the
comments in the first paragraph of this section apply).

6. Conclusion

In this paper we have derived and studied the asymptotic
behavior of semi-supervised learning based on maximum
likelihood estimation (Theorem ). We have also presented
a detailed analysis of performance degradation from un-
labeled data, and explained this phenomenon in terms of
asymptotic bias. In view of these results, overly optimistic
statements in the literature must be ammended. Also, pro-
cedures such as Algorithm M are perhaps not reasonable in
the presence of modeling errors.

Despite these sobering comments, we note that our tech-
niques can lead to better semi-supervised classifiers in a
variety of situations, as argued in Section 5.

We have focused on modeling errors, and not on numer-
ical instabilities. Note first that modeling errors must be
present for performance degradation to occur. One of our
contributions is to connect in a very precise way modeling
errors to performance degradation. The connection, as we
have argued, comes from an understanding of asymptotic
bias. We have on purpose not dealt with two types of mod-

5Some authors have argued that labeled data should be given
more weight (Corduneanu & Jaakkola, 2002), but this example
shows that there are no guarantees concerning the supposedly su-
perior effect of labeled data.

eling errors. First, we have avoided the possibility that la-
beled and unlabeled data are sampled from different distri-
butions (McLachlan, 1992, pages 42-43); second, we have
avoided the possibility that more classes are represented in
the unlabeled data than in the labeled data, perhaps due to
the scarcity of labeled samples (Nigam et al., 2000). We
believe that, by constraining ourselves to simpler model-
ing errors, we have indicated that performance degradation
must be prevalent in practice.

Results in this paper can be extended in several directions.
It should be interesting to find necessary and sufficient con-
ditions for a model to suffer performance degradation with
unlabeled data. Also, the analysis of bias should be much
enlarged, with the addition of finite sample results. An-
other possible avenue is to look for optimal estimators in
the presence of modeling errors (Kharin, 1996). Finally,
it would be important to investigate performance degra-
dation in other frameworks, such as support vector ma-
chines, co-training, or entropy based solutions (Jaakkola
et al., 1999). We conjecture that any approach that in-
corporates unlabeled data, so as to improve performance
when the model is correct, may suffer from performance
degradation when the model is incorrect (this fact can be
seen in the co-training results of Ghani, (2001, Hoovers-
255 dataset)). If we could find an universally robust semi-
supervised learning method, such a method would indeed
be a major accomplishment.

Regardless of the approach that is used, semi-supervised
learning is affected by modeling assumptions in rather
complex ways. The present paper should be helpful as a
first step in understanding unlabeled data and their pecu-
liarities in machine learning.
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Abstract

Understanding human emotions is one of the necessary
skills for the computer to interact intelligently with human
users. The most expressive way humans display emotions
is through facial expressions. In this paper, we report on
several advances we have made in building a system for
classification of facial expressions from continuous video
input. We use Bayesian network classifiers for classifying
expressions from video. One of the motivating factor in us-
ing the Bayesian network classifiers is their ability to han-
dle missing data, both during inference and training. In
particular, we are interested in the problem of learning with
both labeled and unlabeled data. We show that when us-
ing unlabeled data to learn classifiers, using correct model-
ing assumptions is critical for achieving improved classifi-
cation performance. Motivated by this, we introduce a clas-
sification driven stochastic structure search algorithm for
learning the structure of Bayesian network classifiers. We
show that with moderate size labeled training sets and large
amount of unlabeled data, our method can utilize unlabeled
data to improve classification performance. We also provide
results using the Naive Bayes (NB) and the Tree-Augmented
Naive Bayes (TAN) classifiers, showing that the two can
achieve good performance with labeled training sets, but
perform poorly when unlabeled data are added to the train-
ing set.

1. Introduction

Since the early 1970s, Ekman has performed extensive stud-
ies of human facial expressions [10, 11] and found evidence
to support universality in facial expressions. These “uni-
versal facial expressions” are those representing happiness,
sadness, anger, fear, surprise, and disgust. Ekman’s work in-
spired many researchers to analyze facial expressions using
image and video processing. By tracking facial features and
measuring the amount of facial movement, they attempt to
categorize different facial expressions. Recent work on fa-
cial expression analysis has used these “basic expressions”
or a subset of them (see Pantic and Rothkrantz’s [19] de-
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tailed review of many of the research done in recent years).
All these methods are similar in that they first extract some
features from the images or video, then these features are
used as inputs into a classification system, and the outcome
is one of the preselected emotion categories. They differ
mainly in the features extracted and in the classifiers used to
distinguish between the different emotions.

We have developed a real time facial expression recogni-
tion system. The system uses a model based non-rigid face
tracking algorithm to extract motion features that serve as
input to a Bayesian network classifier used for recognizing
facial expressions [5]. In our system, as with all other past
research in facial expression recognition, learning the classi-
fiers was done using labeled data and supervised learning al-
gorithms. One of the challenges facing researchers attempt-
ing to design facial expression recognition systems is the
relatively small amount of available labeled data. Construc-
tion and labeling of a good database of images or videos of
facial expressions requires expertise, time, and training of
subjects. Only a few such databases are available, such as
the Cohn-Kanade database [14]. However, collecting, with-
out labeling, data of humans displaying expressions is not as
difficult. Such data is called unlabeled data. It is beneficial
to use classifiers that are learnt with a combination of some
labeled data and a large amount of unlabeled data. This pa-
per is focused at describing how to learn to classify facial
expressions with labeled and unlabeled data, also known as
semi-supervised learning.

Bayesian networks, the classifiers used in our system,
can be learned with labeled and unlabeled data using max-
imum likelihood estimation. One of the main questions is
whether adding the unlabeled data to the training set im-
proves the classifier’s recognition performance on unseen
data. In Section 3 we briefly discuss our recent results
demonstrating that, counter to statistical intuition, when the
assumed model of the classifier does not match the true data
generating distribution, classification performance could de-
grade as more and more unlabeled data are added to the
training set. Motivated by this, we propose in Section 4 a
classification driven stochastic structure search (SSS) algo-




rithm for learning the structure of Bayesian network clas-
sifiers. We demonstrate the algorithm’s performance using
commonly used databases from the UCI repository [2]. In
Section 5 we perform experiments with our facial expres-
sion recognition system using two databases and show the
ability to use unlabeled data to enhance the classification
performance, even with a small labeled training set. We have
concluding remarks in Section 6.

2. Facial Expression Recognition Sys-
tem

We start with a brief description of our real time facial ex-
pression recognition system. The system is composed of a
face tracking algorithm which outputs a vector of motion
features of certain regions of the face. The features are used
as inputs to a Bayesian network classifier.

The face tracking we use in our system is based on a
system developed by Tao and Huang [22] called the Piece-
wise Bézier Volume Deformation (PBVD) tracker. This face
tracker uses 2 model-based approach where an explicit 3D
wireframe model of the face is constructed. Once the model
is constructed and fitted, head motion and local deforma-
tions of the facial features such as the eyebrows, eyelids,
and mouth can be tracked. The recovered motions are rep-
resented in terms of magnitudes of some predefined motion
of various facial features. Each feature motion corresponds
to a simple deformation on the face, defined in terms of the
Bézier volume control parameters. We refer to these mo-
tions vectors as Motion-Units (MU’s). The MU’s used in
the face tracker are shown in Figure 1(a). The MU’s are
used as the basic features for the classification scheme de-
scribed in the next sections.

Figure 1: The facial motion measurements

2.1. Bayesian network classifiers

We start with a few conventions that are adopted through-
out. The goal here is to label an incoming vector of features
(MUs) X. Each instantiation of X is a record. We assume
that there is a class variable C; the values of C are the la-
bels, one of the facial expressions. The classifier receives
a record x and generates a label é(x). An optimal clas-
sification rule can be obtained from the exact distribution
p(C, X). However, if the distribution is not known, we have
to learn it from expert knowledge or data.

For recognizing facial expression using the features ex-
tracted from the face tracking system, we consider proba-
bilistic classifiers that represent the a-posteriori probability
of the class given the features, p(C, X), using Bayesian net-
works [20]. A Bayesian network is composed of a directed
acyclic graph in which every node is associated with a vari-
able X; and with a conditional distribution p(X;|II;), where
I1; denotes the parents of X; in the graph. The directed
acyclic graph is the structure, and the distributions p(X;|II;)
represent the parameters of the network. We say that the
assumed structure for a network, S’, is correct when it is
possible to find a distribution, p(C, X|S’), that matches the
distribution that generates data; otherwise, the structure is
incorrect. We use maximum likelihood estimation to learn
the parameters of the network. When there are missing data
in our training set, we use the EM algorithm [9] to maximize
the likelihood.

A Bayesian network having the correct structure and pa-
rameters is also optimal for classification because the a-
posteriori distribution of the class variable is accurately rep-
resented. A Bayesian network classifier is a generative clas-
sifier when the class variable is an ancestor (e.g., parent) of
some or all features. A Bayesian network classifier is di-
agnostic, when the class variable has non of the features as
descendants. As we are interested in using unlabeled data
in learning the Bayesian network classifier, we restrict our-
selves to generative classifiers and exclude structures that
are diagnostic, which cannot be trained using maximum
likelihood approaches with unlabeled data [23, 21].

Two examples of generative Bayesian network classi-
fiers are the Naive Bayes (NB) classifier, in which the fea-
tures are assumed independent given the class, and the Tree-
Augmented Naive Bayes classifier (TAN). The NB classifier
makes the assumption that all features are conditionally in-
dependent given the class label. Although this assumption
is typically violated in practice, NB have been used success-
fully in many classification applications. One of the reasons
for the NB success is attributed to the small number of pa-
rameters needed to be learnt.

In the structure of the TAN classifier, the class variable
is the parent of all the features and each feature has at most
one other feature as a parent, such that the resultant graph
of the features forms a tree. Using the algorithm presented
by Friedman et al. [12], the most likely TAN classifier can
be estimated efficiently. When unlabeled data are available,
estimating the parameters of the Naive Bayes classifier can
be done using the EM algorithm. As for learning the TAN
classifier, we learn the structure and parameters using the
EM-TAN algorithm, derived from [16].

We have previously used both the NB and TAN clas-
sifiers to perform facial expression recognition [6, 5] with
good success. However, we used only labeled data for clas-
sification. With uniabeled data we show in our experiments




that the limited expressive power of Naive Bayes and TAN
causes the use of unlabeled data to degrade the performance
of our recognition system. This statement will become clear
as we describe the properties of learning with labeled and
unlabeled data in the next section.

3. Learning a classifier from labeled
and unlabeled training data

In this section we discuss properties of classifiers learned
with labeled and unlabeled data. In particular, we dis-
cuss the possibility that unlabeled data degrade classifica-
tion performance.

Early work proved that unlabeled data lead to improved
classification performance, provided that the modeling as-
sumptions of the classifier are correct [3, 23]. These have
advanced an optimistic view of the labeled-unlabeled prob-
lem, where unlabeled data can be profitably used whenever
available. However, unlabeled data can also lead to signif-
icant degradation in classification performance. A few re-
sults in the literature illustrate this possibility. Nigam et
al [18] use Naive Bayes classifiers and a large number of
features, and report that, when modeling assumptions “are
not satisfied, EM may actually degrade rather than improve
classifier accuracy” and suggest giving a smaller weight to
the unlabeled data. Baluja [1] use unlabeled data to help
learn how to determine face orientation. He observed that
with Naive Bayes classifiers, unlabeled data sometimes de-
graded the performance, and proceeded to model the depen-
dencies among the features, finding that such models use
better the unlabeled data.

‘We have conducted an investigation on the effect of unla-
beled data and showed that uniabeled data can have deleteri-
ous effect when the modeling assumptions are incorrect [8];
here we summarize the main points. We have observed
that degradation is not just caused by numerical problems,
such as local convergence of the EM algorithm; nor is it
just caused by differences between the distribution of la-
beled data and the distribution of unlabeled data; nor is
it just caused by outliers. These explanations do not suf-
fice to clarify why is it that labeled records are routinely
seen to improve classification, even in the presence of out-
liers or incorrect clusters of features, while the same model-
ing problems lead unlabeled data to degrade classification.
This degradation occurs because the asymptotic classifica-
tion performance of a classifier with incorrect structure can
be different when this classifier is learned with fully labeled
data and when the classifier is learned with labeled and un-
labeled data. Moreover, we proved that there is a funda-
mental lack of robustness of maximum likelihood estimators
when trained with labeled and unlabeled data under incor-
rect modeling assumptions.

Consider Figure 2 which illustrates the differences in
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Figure 2: Histogram of classification error bias from the
Bayes error rate under incorrect independence assumptions
for training with labeled data (left) and training with unla-
beled data (right).
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classification bias of classifiers learned from labeled and un-
labeled data, where the bias is measured from the Bayes er-
ror rate. We simulate the asymptotic case of infinite data.!

We generated 100 different binary classifiers, each with
4 Gaussian distributed features given the class, and not inde-
pendent of each other. The parameters of each classifier are:
the class prior, 7 = p(C = 0), the mean vectors, ug, t1 €
¢, and a common covariance matrix § € £4%4. The Bayes
error rate of the classifiers ranged from 0.7 —35%, with most
being around 10% (the Bayes error was computed analyti-
cally using the true parameters of the classifiers).

For each classifier we looked at different combinations of
making incorrect independence assumptions, by assuming
that features are independent of each other (from one to all
features being independent of each other; overall 11 com-
binations). For example, if we assume that z; and z3 are
independent of the rest of the features, the covariance ma-
trix we estimate under this assumption must have the form:
n 0 0 a
0
e e o
0 3842 0 544

3
S =

thus some elements of the covariance matrix are incorrectly
forced to be zero.

For each combination we computed the classification er-
ror of two classifiers (trained under the independence as-
sumptions): one simulating training with infinite labeled
data and a second trained with infinite unlabeled data. For
the labeled data case, since the ML estimation is unbiased,
the learned parameters are the true priors, the means, and
the elements of the covariance matrix that were not forced to
be zero. For unlabeled data, we approximated infinity with
100, 000 training records (which is very large compared to
25, the largest number of parameters estimated in the ex-
periments). We used EM to learn with unlabeled data, with
the starting point being the parameter set of the labeled only

1Care should be taken when using only unlabeled data in training. As
noted by Castelli [3], with unlabeled data it is possible to recover all the pa-
rameters of the classifi er (under some restrictions, such as identifi ability),
but a decision on the actual labeling is not possible since we do not know
what are the class labels. In the following we assume that we are given this
knowledge and therefore are able to perform classifi cation.




classifier, therefore assuring that the difference in the results
of the two estimated classifiers do not depend on the starting
point of EM. The essential idea of EM when using unlabeled
data is to guess pseudo-labels for the unlabeled data based
on a previously estimation of the model. These new pseudo-
labeled data are then used to create a new classifier, and the
process is repeated until a stable solution maximizing the
likelihood is found.

Over all, we computed 1100 classification errors for the
completely labeled case and 1100 for the unlabeled case.
From the errors we generated the classification error bias
histograms in Figure 2. The histograms show that the clas-
sification bias of the labeled based classifiers tends to be
more highly concentrated closer to 0 compared to the un-
labeled based classifiers. We also observed that using unla-
beled data always resulted in a higher error rate compared to
using labeled data. The only exception was when we did not
make any incorrect independence assumptions, in which the
classifiers trained with unlabeled data achieved the Bayes
error rate, as expected. What we understand from these his-
tograms is that when training with labeled data, many clas-
sifiers will perform well (aithough never achieve the opti-
mal Bayes rate). However, classifiers trained with unlabeled
data need to be more accurate in their modeling assumptions
to achieve good performance and they are a great deal more
sensitive to such inaccuracies.

4. Learning the structure of Bayesian
network classifiers

The conclusion of the previous section indicates the impor-
tance of obtaining the correct structure when using unla-
beled data in learning the classifier. If the correct struc-
ture is obtained, unlabeled data improve a classifier; oth-
erwise, unlabeled data can actually degrade performance.
Somewhat surprisingly, the option of searching for better
structures was not proposed by researchers that previously
witnessed the performance degradation. Apparently, perfor-
mance degradation was attributed to unpredictable, stochas-
tic disturbances in modeling assumptions, and not to mis-
takes in the underlying structure — something that can be
detected and fixed.

One attempt to overcome the performance degradation
from unlabeled data could be to switch models as soon as
degradation is detected. Suppose that we learn a classifier
with labeled data only and we observe a degradation in per-
formance when the classifier is learned with labeled and un-
labeled data. We can switch to a more complex structure at
that point. An interesting idea is to start with a Naive Bayes
classifier and, if performance degrades with unlabeled data,
switch to a different type of Bayesian network classifier,
namely the TAN classifier. If the correct structure can be
represented using a TAN structure, this approach will indeed
work. However, even the TAN structure is only a small set

of all possible structures. Moreover, as the experiments in
the next sections show, switching from NB to TAN does not
guarantee that the performance degradation will not occur.

A different approach to overcome performance degrada-
tion is to use some standard structure learning algorithm, as
there are many such algorithms in the Bayesian network lit-
erature [12, 7]. A common goal of many existing methods
is to find a structure that best fits the joint distribution of
all the variables given the data. Because leamming is done
with finite datasets, most methods penalize very complex
structures that might overfit the data, using for example the
minimum description length (MDL) score. The difficulty of
structure search is the size of the space of possible struc-
tures. With finite amounts of data, algorithms that search
through the space of structures maximizing the likelihood,
can lead to poor classifiers because the a-posteriori proba-
bility of the class variable could have a small effect on the
score [12]. Therefore, a network with a higher score is not
necessarily a better classifier. Friedman et al [12] further
suggest changing the scoring function to focus only on the
posterior probability of the class variable, but show that it is
not computationally feasible.

The drawbacks of likelihood based structure learning al-
gorithms could be magnified when learning with unlabeled
data; the posterior probability of the class has a smaller ef-
fect during the search, while the marginal of the features
would dominate.

4.1. Classification driven stochastic structure
search

In this section we propose a method that can effectively
search for better structures with an explicit focus on clas-
sification. We essentially need to find a search strategy that
can efficiently search through the space of structures. As we
have no simple closed-form expression that relates structure
with classification error, it would be difficult to design a gra-
dient descent algorithm or a similar iterative method. Even
if we did that, a gradient search algorithm would be likely
to find a local minimum because of the size of the search
space.

First we define a measure over the space of structures
which we want to maximize:
Defi nition 1 The inverse efror me?sure for structure S is

inve(§') = XD @
Ls 5@0#0)

where the summation is over the space of possible structures
and ps(é(X) # C) is the probability of error of the best
classifier learned with structure S.

We use Metropolis-Hastings sampling [17] to generate
samples from the inverse error measure, without having to
ever compute it for all possible structures. For construct-
ing the Metropolis-Hastings sampling, we define a neigh-
borhood of a structure as the set of directed acyclic graphs




Training records
Dataset #labeled | # unlabeled | ¥ Test | NB-L | NB-LUL | TAN-L | TAN-LUL { SSS-LUL
TAN artifi cial 300 30000 50000 | 8341% | 5921% | 90.89% 91.94% 91.05%
Shuttle 500 43000 14500 { 82.44% | 76.10% | 81.19% 90.22% 96.26%
Satimage 600 3835 2000 | 81.65% | 77.45% | 83.54% 81.05% 83.35%
Adult 6000 24862 15060 | 83.86% | 73.11% | 84.72% 80.00% 85.04%

Table 1: Classifi cation accuracy for Naive Bayes, TAN, and stochastic structure search: Naive Bayes classifi er learned with labeled data
only (NB-L), Naive Bayes classifi er learned with labeled and unlabeled data (NB-LUL), TAN classifi er learned with labeled data only
(TAN-L), TAN classifi er learned with labeled and unlabeled data (TAN-LUL), stochastic structure search with labeled and unlabeled data

(SSS-LUL).

to which we can transit in the next step. Transition is done
using a predefined set of possible changes to the structure; at
each transition a change consists of a single edge addition,
removal, or reversal. We define the acceptance probability
of a candidate structure, Spew, to replace a previous struc-
ture, S; as follows:

. Ve (Snew) ’}' Q(St|5new) i pgrror ,}'Nt
mlné’( inve (St) ) q(Snewlst))_mné, (Iﬁ; Nnew) £
where g($'|S) is the transition probability from S to S', T’
is a temperature factor, and Ny and Nnp.., are the sizes of
the neighborhoods of S; and Sy respectively; this choice
corresponds to equal probability of transition to each mem-
ber in the neighborhood of a structure. This further cre-
ates a Markov chain which is aperiodic and irreducible, thus

satisfying the Markov chain Monte Carlo (MCMC) condi-
tions [15]. We summarize our algorithm in Figure 3.

1. Fix the network structure to some initial structure, So.
2. Estimate the parameters of the structure So and compute
the probability of error [

3 Sett=40.
4. Repeat, until a maximum number of iterations is reached

(MazxlIter)
o Sample a new structure Snew, from the neighborhood of

S uniformly, with probability 1/Ny.

e Learn the parameters of the new structure using maxi-
mum likelihood estimation. Compute the probability of
error of the new classifi er, Bfror

® Accept Spew With probability given in Eq. (3).

® If Snew is accepted, set Sity1 = Spew and

pitl . = pX¥_ and change T according to the
temperature decrease schedule. Otherwise Si+1 = St.

e t=t+1 _
5. return the structure S;, suchthat j = argmin  (Plyror)-
0<j< Mazlter

Figure 3: Stochastic structure search algorithm (SSS)

Roughly speaking, T close to 1 would allow acceptance
of more structures with higher probability of error than pre-
vious structures. T close to 0 mostly allows acceptance
of structures that improve probability of error. A fixed T'
amounts to changing the distribution being sampled by the
MCMC, while a decreasing T is a simulated annealing run,
aimed at finding the maximum of the inverse error distribu-
tion. The rate of decrease of the temperature determines the
rate of convergence. Asymptotically in the number of data,

a logarithmic decrease of T will guarantee convergence to a
global maximum with probability that tends to one [13].
There are two caveats though; first, the logarithmic cool-
ing schedule is very slow and we do not have infinite number
of data, second, we never have access to the true probabil-
ity of error for each structure - we calculate the classifica-
tion error from a limited pool of training data (denoted by
P35 .or)- To avoid the problem of overfitting we can take
several approaches. Cross-validation can be performed by
splitting the labeled training set to smaller sets. However,
this approach can significantly slow down the search, and is
suitable only if the labeled training set is moderately large.
Instead, we use the multiplicative penalty term derived from
structural risk minimization to define a modified error term:

A8
(BFrror) ™ = Eercor . @
l1—c- \/ hs(log(2n/hs)+1)~log(n/4)

where hg is the Vapnik-Chervonenkis (VC) dimension of
the classifier with structure S, n is the number of training
records, 7 and ¢ are between 0 and 1. To approximate the
VC dimension, we use hs < Ng, with Ng the number of
(free) parameters in the Markov blanket of the class variable
in the network, assuming that all variables are discrete.

To illustrate the performance of SSS algorithm, we per-
formed experiments with some of the UCI machinel learn-
ing datasets and an artificially generated data set (a Bayesian
network with TAN structure), using relatively small labeled
sets and large unlabeled sets (Table 1). The results using the
UCI datasets show, to varying degrees, the ability of SSS
to utilize unlabeled data. The most dramatic improvement
is seen with the Shuttle dataset. The results with the arti-
ficially generated data show that SSS was able to achieve
almost the same performance as TAN, which had the ad-
vantage of a-priori knowledge of the correct structure. We
also see that for both NB and TAN, using unlabeled data
can cause performance degradation, therefore the idea of
switching between these simple models is not guaranteed
to work.

5. Facial Expression Recognition Ex-
periments

We test the algorithms for the facial expression recognition
system. We initially consider experiments where all the data




is labeled. Then we investigate the effect of using both la-
beled and unlabeled data.

We use two different databases, one collected by Chen
and Huang [4] and the Cohn-Kanade database [14]. The
first consists of subjects that were instructed to display fa-
cial expressions corresponding to six types of emotions.
In the Chen-Huang database there are five subjects. For
each subjects there are six video sequences per expression,
each sequence starting and ending in the Neutral expression.
There are on average 60 frames per expression sequence.
The Cohn-Kanade database [14] consists of expression se-
quences of subjects, starting from a Neutral expression and
ending in the peak of the facial expression. There are 104
subjects in the database. Because for some of the subjects,
not all of the six facial expressions sequences were available
to us, we used a subset of 53 subjects, for which at least four
of the sequences were available. For each person there are
on average 8 frames for each expression.

We measure the accuracy with respect to the classifica-
tion result of each frame, where each frame in the video se-
quence was manually labeled to one of the expressions (in-
cluding Neutral). This manual labeling can introduce some
"noise’ in our classification because the boundary between
Neutral and the expression of a sequence is not necessarily
optimal, and frames near this boundary might cause confu-
sion between the expression and the Neutral.

5.1. Experimental results with labeled data

We start with a person-independent experiment using ail the
labeled data. For this test we use the sequences of some
subjects as test sequences and the sequences of the remain-
ing subjects as training sequences (we leave out one subject
in the Chen-Huang database and 10 subjects for the Cohn-
Kanade database). This test is repeated five times, each time
leaving different subjects out (leave one out cross valida-
tion). Table 2 shows the recognition rate of the test for ail
classifiers. We see that the Naive Bayes classifier performs
poorly. However, a significant improvement for both the
TAN and the SSS algorithm is obtained, with SSS being
significantly better. It should be noted that with a smaller
training set, SSS would not have been able to explore many
structure and its performance would have probably be the
same or worse than NB and TAN.

5.2. Experiments with labeled and unlabeled
data

We consider now both labeled and unlabeled data in a
person-independent experiment. We first partition the data
to a training set and a test set and randomly choose a portion
of the training set and remove the labels. This procedure
ensures that the distribution of the labeled and the unlabeled
sets are the same.

Table 2: Recognition rates (%) for person-independent test

NB TAN | SSS
Chen-Huang
Database 71.78 | 80.31 | 83.62
Cohn-Kandade
Database 77.70 | 80.40 | 81.80

We train Naive Bayes and TAN classifiers, using just the
labeled part of the training data and the combination of la-
beled and unlabeled data. We use the SSS algorithm to train
a classifier using both labeled and unlabeled data (we do not
search for the structure with just the labeled part because it
is too small for performing a full structure search).

We see in Table 3 that with NB and TAN, even when
using only 200 and 300 labeled samples, adding the unla-
beled data degrades the performance of the classifiers, and
we would have been better off not using the unlabeled data.
Using the SSS algorithm, we are able to improve the results
and use the unlabeled data to achieve performance which is
higher than using just the labeled data with NB and TAN.
The fact that the performance is lower than in the case when
all the training set was labeled (see Table 2) implies that
the relative value of labeled data is higher than of unlabeled
data, as was shown by Castelli [3]. However, had there been
more unlabeled data, the performance would be expected to
improve.

6. Summary and Discussion

In this work, we presented several advances we made in
building a real-time system for classification of facial ex-
pressions from continuous video input. The facial expres-
sion recognition was done using Bayesian networks clas-
sifiers. Collecting labeled data of humans displaying ex-
pressions is a difficult task and therefore, we were inter-
ested in learning the classifiers with both labeled and unla-
beled data. One question we asked was whether adding the
unlabeled data to the training set improves the classifier’s
recognition performance on unseen data. We showed that
when incorrect modeling assumptions are used, the unla-
beled data could have deleterious effect on the classification
performance, while the same unlabeled data, under correct
modeling assumptions, are theoretically guaranteed to im-
prove the classification performance. With this result we
proposed a classification driven stochastic structure search
algorithm for learning the structure of the Bayesian network
classifiers. We demonstrated the algorithm’s performance
using standard databases from the UCI repository. Using
moderate size labeled training sets and large amount of un-
labeled data, our method was able to utilize unlabeled data
to improve classification performance.

We tested our classifiers for facial expression recogni-
tion using two databases. We compared the results with two




Table 3: Classification resuits for facial expression recognition with labeled and unlabeled data.

Training records
Dataset #1abeled | # unlabeled #Test | NB-L | NB-LUL [ TAN-L | TAN-LUL | SSS-LUL
Cohn-Kanade 200 2980 1000 | 72.50% | 69.10% | 72.90% 69.30% 74.80%
Chen-Huang 300 11982 3555 | 71.25% | 58.54% | 72.45% 62.87% 74.99%

other Bayesian network classifiers that have been used in
our system: Naive Bayes and TAN networks and we showed
that the two can achieve good performance with labeled
training sets, but perform poorly when unlabeled data are
added to the training set. We showed that by searching for
the structure driven by the classification error enables us to
use the unlabeled data to improve the classification perfor-
mance.

In conclusion, our main contributions are as follows. We
applied Bayesian network classifiers to the problem of facial
expression recognition and we proposed a method that can
effectively search for the correct Bayesian network structure
focusing on classification. We also stressed the importance
of obtaining such a structure when using uniabeled data in
learning the classifier. If correct structure is used, the un-
labeled data improve the classification, otherwise they can
actually degrade the performance. Finally, we integrated the
classifiers and the face tracking system to build a real time
facial expression recognition system.
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Semisupervised Learning of Classifiers:
Theory, Algorithms, and Their Application to
Human-Computer Interaction

Ira Cohen, Member, IEEE, Fabio G. Cozman, Nicu Sebe, Member, IEEE, Marcelo C. Cirelo, and
Thomas S. Huang, Fellow, IEEE

Abstract—Automatic classification is one of the basic tasks required in any pattern recognition and human computer interaction
application. In this paper, we discuss training probabilistic classifiers with labeled and unlabeled data. We provide a new analysis that
shows under what conditions uniabeled data can be used in learning to improve classification performance. We also show that, if the
conditions are violated, using unlabeled data can be detrimental to classification performance. We discuss the implications of this
analysis to a specific type of probabilistic classifiers, Bayesian networks, and propose a new structure learning algorithm that can
utilize unlabeled data to improve classification. Finally, we show how the resuiting algorithms are successfully employed in two
applications related to human-computer interaction and pattern recognition: facial expression recognition and face detection.

Index Terms—Semisupervised learning, generative models, facial expression recognition, face detection, unlabeled data, Bayesian

network classifiers.

1 INTRODUCTION

MANY pattern recognition and human computer inter-
action applications require the design of classifiers.
Classifiers are either designed from expert knowledge or
from training data. Training data can be either labeled or
unlabeled. In many applications, obtaining fully labeled
training sets is a difficult task; labcling is usually done using
human expertise, which is expensive, time consuming, and
error prone. Obtaining unlabeled data is usually easier since
it involves collecting data that are known to belong to one of
the classes without having to label it. For example, in facial
expression recognition, it is easy to collect videos of people
displaying expressions, but it is very tedious and difficult to
label the video to the corresponding expressions. Learning
with both labeled and unlabeled data is known as
semisupervised learning.

We start with a general analysis of semisupervised
learning for probabilistic classifiers. The goal of the analysis
is to show under what conditions unlabeled data can be used
to improve the classification performance. We review
maximum-likelihood estimation when learning with labeled
and unlabeled data. We provide an asymptotic analysis of the
value of unlabeled data to show that unlabeled data help in
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reducing the estimator’s variance. We show that, when t’
assumed probabilistic model matches the data generati.
distribution, the reduction in variance leads to an improvea
classification accuracy; a situation that has been analyzed
before {1], [2]. However, we show that, when the assumed
probabilistic model does not match the true data generating
distribution, using unlabeled data can be detrimental to the
classification accuracy; a phenomenon that has been gen-
erally ignored or misinterpreted by previous researchers who
observed it empirically before {1], [3], [4]. This new result
emphasizes the importance of using correct modeling
assumption when learning with unlabeled data.

We also present, in this paper, an analysis of semisuper-
vised learning for classifiers based on Bayesian networks.
While, in many classification problems, simple structures
learned with just labeled data have been used successfully
(e.g., the Naive-Bayes classifier [5], [6]), such structures fail
when trained with both labeled and unlabeled data [7].
Bayesian networks are probabilistic classifiers in which the
joint distribution of the features and class variables is
specified using a graphical model [8]. The graphical
representation has several advantages. Among them are
the existence of algorithms for inferring the class label, the
ability to intuitively represent fusion of different modalities
with the graph structure [9], [10], the ability to perform
classification and learning without complete data, and, most
importantly, the ability to learn with both labeled and
unlabeled data. We discuss possible strategies for choosing a
good graphical structure and argue that, in many problems, it
is necessary to search for such a structure. Most structure
search algorithms are driven by likelihood-based cost
functions, which are potentially inadequate for classification
[11], [12] due to their attempt to maximize the overall
likelihood of the data, while largely ignoring the important
quantity for classification; the class a posteriori likelihood. As
such, we propose a classification driven stochastic structure
search algorithm (S5S), which combines both labeled and
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unlabeled data to train the classifier and to search for a better
performing Bayesian network structure.

Following the new understanding of the limitations
imposed by the properties of unlabeled data and equipped
with an algorithm to overcome these limitations, weapply the
Bayesian network classifiers to two human-computer inter-
action problems: facial expression recognition and face
detection. In both of these applications, obtaining unlabeled
training data is relatively easy. However, in both cases,
labeling of the data is difficult. For facial expression
recognition, accurate labeling requires expert knowledge
[13] and, for both applications, labeling of a large amount of
data is time consuming for the human labeler. We show that
Bayesian network classifiers trained with structure search
benefit from semisupervised learning in both of these
problems.

The remainder of the paper is organized as follows: In
Section 2, we discuss the value of unlabeled data and
illustrate the possibility of unlabeled data to degrade the
classification performance. In Section 3, we propose
possible solutions for Bayesian network classifiers to benefit
from unlabeled data by learning the network structure. We
introduce a new stochastic structure search algorithm and
empirically show its ability to learn with both labeled and
unlabeled data using data sets from the UCI machine
learning repository [14]. In Section 4.1, we describe the
components of our real-time face recognition system,
including the real-time face tracking system and the
features extracted for classification of facial expressions.
We perform experiments of our facial expression recogni-
tion system using two databases and show the ability to
utilize unlabeled data to enhance the classification perfor-
mance, even with a small labeled training set. Experiments
of Bayesian network classifiers for face detection are given
in Section 4.2. We have concluding remarks in Section 5.

v

2 LEARNING A CLASSIFIER FROM LABELED AND
UNLABELED TRAINING DATA

The goal is to classify an incoming vector of observables X.
Each instantiation of X is a sample. There exists a class
variable C; the values of C are the classes. We want to build
classifiers that receive a sample x and output a class. We
assume 0-1 loss and, consequently, our objective is to
minimize the probability of error (classification error). If we
knew exactly the joint distribution p(C,X), the optimal rule
would be to choose the class value with the maximum
a posteriori probability, p(C|x) [15]. This classification rule
attains the minimum possible classification error, called the
Bayes error.

We take that the probabilities of (C, X), or functions of
these probabilities, are estimated from data and then
“plugged” into the optimal classification rule. We assume
that a parametric model p(C, X|4) is adopted. An estimate
of § is denoted by 6 and we denote throughout by 6" the
asymptotic value of 6. If the distribution P(C,X) belongs to
the family p(C.X|§), we say the “model is correct”;
otherwise, we say the “model is incorrect.” We use
“estimation bias” loosely to mean the expected difference
between p(C, X) and the estimated p(C, X|6).

We consider the following scenario: A sample (c,x) is
generated from p(C, X). The value ¢ is then either revealed
and the sample is a labeled one or the value c is hidden and
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the sample is an unlabeled one. The probability that any
sample is labeled, denoted by ), is fixed, known, and
independent of the samples.! Thus, the same underlying
distribution p(C,X) generates both labeled and unlabeled
data. It is worth noting that we assume the revealed label is
correct and is not corrupted by noise; the case of noisy
labels has been studied in various works (such as [17], 18],
[19], {20], chapter 2 of [21}). Extending our analysis to the
noisy labeled case is beyond the scope of this paper.

Given a set of N} labeled samples and N, unlal;eled
samples, we use maximum-likelihood for estimating §. We
consider distributions that decompose p(C, X|6) as p(X|C. 6)
p(C16), where both p(X|C. #) and p(C|6) depend explicitly on
9. This is known as a generative model. The log-likelihood
function of a generative model for a data set with labeled and
unlabeled data is:

L(8) = Li(8) + L.(6) + log(x"'u = ,\)*""), (1)

where
NN,
Lo = > log[p(x[6)],
J=(Ni+1)
and

N
Li(6) = Zlog {H(P(C = c9)p(xilc, 9)1*“3)(6')}
i=1 ¢

with I4(Z) the indicator function: 1 if Z € A; 0 otherwise.
Li(6) and L,(9) are the likelihoods of the labeled and
unlabeled data, respectively.

Statistical intuition suggests that it is reasonable to expect
an average improvement in classification performance for
any increase in the number of samples (labeled or
unlabeled). Indeed, the existing literature presents several
empirical and theoretical findings that do indicate positive
value in unlabeled data. Cooper and Freeman [22] were
optimistic enough about unlabeled data so as to title their
work as “On the Asymptotic Improvement in the Outcome
of Supervised Learning Provided by Additional Nonsuper-
vised Learning.” Other early studies, such as [23], [24], [25],
further strengthened the assertion that unlabeled data
should be used whenever available. Castelli [26] and
Ratsaby and Venkatesh [27] showed that unlabeled data
are always asymptotically useful for classification. Krishnan
and Nandy [19], [20] extended the results of {25] to provide
efficiency results for discriminant and logistic-normal
models for samples that are labeled stochastically. It should
be noted that such previous theoretical work makes the
critical assumption that p(C,X) belongs to the family of
models p(C, X|4) (that is, the “model is correct”).

There has also been recent applied work on semisuper-
vised learning [1], [3], [4], [5], [28], [29]), [30], [31], [32].
Overall, these publications advance an optimistic view of
the labeled-unlabeled data problem, where unlabeled data
can be profitably used whenever available.

However, a more detailed analysis of current applied
results does reveal some puzzling aspects of unlabeled data.
Researchers have reported cases where the addition of

1. This is different from [3] and [16], where X is a parameter that can be set.

A
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Fig. 1. Naive Bayes classifier from data generated from (a) a Naive Bayes model and (b) a TAN model. Each point summarizes 10 runs of each

classifier on testing data; bars cover 30 to 70 percentiles.

unlabeled data degraded the performance of the classifiers
when compared to the case in which unlabeled data is not
used. These cases were not specific to one type of data, but
for different kinds, such as sensory data [1], computer
vision [5], and text classification [3], [4].

To explain the phenomenon, we began by performing
extensive experiments providing empirical evidence that
degradation of performance is directly related to incorrect
modeling assumptions [33], [34], [35]. Consider Fig. 1, which
shows two typical results. Here, we estimated the parameters
of a Naive Bayes classifier with 10 features using the
Expectation-Maximization (EM) algorithm [36] with varying
numbers of labeled and unlabeled data. Fig. 1 shows
classification performance when the underlying model
actually has a Naive Bayes structure (Fig. 1a) and when the
underlying model is r.ot Naive Bayes (Fig. 1b). The result is
clear: When we estimate a Naive Bayes classifier with data
generated from a Naive Bayes model, more unlabeled data
help; when we estimate a Naive Bayes classifier with data that
do not come from a corresponding model, more unlabeled
data can degrade performance (even for the case of 30 labeled
and 30,000 unlabeled samples!).

To provide a theoretical explanation to the empirical
evidence, we derived the asymptotic properties of max-
imum-likelihood estimators for the labeled-unlabeled case.
The analysis, presented in the remainder of this section,
provides a unified explanation of the behavior of classifiers
for both cases; when the model is correct and when it is not.

2.1 The Value of Unlabeled Data in
Maximum-Likelihood Estimation

We base our analysis on the work of White [37] on the
properties of maximum-likelihood estimators—properties
that hold for the case of model correctness and model
incorrectness. In [37], Theorems 3.1, 3.2, and 3.3 showed
that, under suitable regularity conditions,” maximum-like-
lihood estimators converge to a parameter set ¢ that
minimizes the Kullback-Liebler (KL) distance between the
assumed family of distributions, p(Y|d), and the true
distribution, p(Y"). White [37] also shows that the estimator
is asymptotically Normal, i.e., VN (é‘v -6y ~ N (0,Cv(6)
as N (the number of samples) goes to infinity. Cy(f) is a

2. The conditions ensure the existence of the derivatives defined below
and the expectations used in Theorem 1.

covariance matrix equal to Ay(6) ' By ()Ay(8)7", evaluated
at 6%, where Ay(6) and By () are matrices whose (i, j)th
element (i.j=1,...,d, where d is the number of para-
meters) is given by:

Ay(6) = E[0*logp(Y']0)/06:0;],

By(6) = E[(0log p(Y|0)/06:)(01og p(Y'16)/96))]- @

Using these definitions and general result, we obtain:

Theorem 1. Consider supervised learning where samples are
randomly labeled with probability \. Assuming identifiability
for the marginal distributions of X, then the value of 6*, the
limiting value of maximum-likelihood estimates, is:

arg m;ax(/\E[log p(C.XI6)] + (1 — N E[log p(X|9)]),  (3)

where the expectations are with respect to p(C, X). Addition-
ally, VNy — 67) ~ N(0,C\(6)) as N — oc, where CA(6) is
given by:

Cr(6) = Ax(8) 7' By(8)Ar(8) ™" with,
ArB) = (Mcx)(8) + (1 — M) Ax(6)) and (4)
Bx(6) = (ABicx)(8) + (1 — \)Bx(8)),

evaluated at 0°, where Ax(0), Accx)(8), Bx(9), and
Bcx)(0) are the A and B defined in (2), with Y replaced
by (C,X) or X.

Proof. Denote by C a random variable that assumes the
same values of C plus the “unlabeled” value u. We have
p(~C~' # u) = \. The observed samples are realizations of

(C,X), so we can write the probability distribution of a
sample compactly as follows:

H(C=¢X=x)=

5
(Ap(C ='e,X = x))er (1 = Np(X = x))fie=n ), )

~ where p(X) is a mixture density obtained from p(C, X).
Accordingly, the parametric model adopted for (C, X) is:

Pp(C =c,X =x]6) =

QMC=QX=xmﬂMWW1—MMX=ﬂmﬂmﬂ%(m

From White’s results stated above, we know that 6"
maximizes Eflogp(C.X|6)] (expectation with respect to
p(C,X)). We have:
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Eflog j(C. X|6)] = E[I{(-‘;“}((’)(logz\ + log p(C. X[6))

+ Ly (C) (log(1 = A) + 1ogp(X|9))]
=Alog A+ (1 — A)log(l — )
+ E 110y (C) logp(C. x|9)]

+ E[I{C-z,,}(é) log p(xw)] .

The first two terms of this expression are irrelevant to
maximization with respect to 6. The last two terms are
equal to

AE[log p(C. X|0)|C # u] + (1 — A Ellog p(X|9)IC = u].

As we have p(C.X|C # u) = p(C,X) and H(X|C = u) =
p(X) ((5)), the last expression is equal to

AE[log p(C, X[6)] + (1 — ) Ellog p(X16)],

where the last two expectations are now with respect to
p(C.X). Thus, we obtain (3). Expression (4) follows
directly from White’s theorem and (3), replacing Y by
(C.X) and X where appropriate. O

A few observations can be made from the theorem. First,
(3) indicates that semisupervised learning can be viewed
asymptotically as a “convex” combination of supervised and
unsupervised learning. The objective function for semi-
supervised learning is a combination of the objective
function for supervised learning (E[logp(C.X|0)]) and the
objective function for unsupervised learning (E[log p(X|6))).
Second, because the asymptotic covariance matrix is positive
definite as By (f) is positive definite and Ay-(¢) is symmetric
for any Y, 9A(6) ' By ()A(0) 167 = w(6) By (9)w(8)' >0,
where w(f) = 0Ay(6)"'. We see that, asymptotically, an
increase in N, the number of labeled and unlabeled samples,
will lead to a reduction in the variance of 8. Such a guarantee
can perhaps be the basis for the optimistic view that
unlabeled data should always be used to improve classifica-
tion accuracy. In the following, we show this view is valid
when the model is correct and that it is not always valid
when the model is incorrect.

2.2 Model is Correct

Suppose first that the family of distributions P(C.X]|6)
contains the distribution P(C,X), that is, P(C.X|f1) =
P(C,X) for some 6r. Under this condition, the
maximum-likelihood estimator is consistent, thus #}_, =
0;_, =6+ given identifiability. Thus, 6} = 6+ for any
0<A<L1.

Shahshahani and Landgrebe [1] suggested using the
Taylor expansion of the classification error around 6 to link
the decrease in variance associated with unlabeled data to a
decrease in classification error. They show that the smaller the
variance of the estimator, the smaller the classification error
and since the variance of the estimator is smaller as the
number of samples increases (labeled or unlabeled), adding
the unlabeled data would reduce classification error. A more
formal, but less general, argument is presented by Ganesa-
lingam and McLachlan [25] as they compare the relative
efficiency of labeled and unlabeled data. Castelli [26] also
derives a Taylor expansion of the classification error to study
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estimation of the mixing factors, (C = ¢); the derivation is
very precise and states all the required assumptions.

2.3 Model Is Incorrect

We now study the more realistic scenario where the
distribution P(C.X) does not belong to the family of
distributions P(C.X|6). In view of Theorem 1, it is perhaps
not surprising that unlabeled data can have the deleterious
effect observed occasionally in the literature. Suppose that
97 # 67 and that e(¢%) > e(6}), as in the example in the next
section, where 6} =6i_, and 6 = 0,_,- If we observe a
large number of labeled samples, the classification error is
approximately e(;). If we then collect more samples, most
of which are unlabeled, we eventually reach a point where
the classification error approaches e(8;). So, the net result is
that we started with classification error close to e(f;) and,
by adding a large number of unlabeled samples, classifica-
tion performance degraded. The basic fact here is that
estimation and classification bias are affected differently by
different values of A. Hence, a necessary condition for this
kind of performance degradation is that e(f;) # e(6;); a
sufficient condition is that e(8}) > e(6;).

2.3.1 Example: Bivariate Gaussians with Spurious
Correlation

The previous discussion alluded to the possibility that
e(#) > e(6;) when the model is incorrect. To the skeptical
reader, who may still think that this will not occur in
practice or that numerical algorithms, such as EM, are the
cause of performance degradation, we analytically show
how this occurs with an example of obvious practical
significance. More examples are provided in [38] and [34].
We will assume that bivariate Gaussian samples (X.Y) are
observed. The only modeling error is an ignored dependency
between observables. This type of modeling error is quite
common in practice and has been studied in the context of
supervised learning [39], [40]. It is often argued that ignoring
some dependencies can be a positive decision as we may see a
reduction in the number of parameters to be estimated and a
reduction on the variance of estimates [41]. :

Example 1. Consider real-valued observations (X.Y) taken
from two classes ¢ and ¢’. We know that X and Y are
Gaussian variables and we know their means and
variances given the class C. The mean of (X.Y) is
(0,3/2) conditional on {C = ¢'}, and (3/2,0) conditional
on {C = ¢"}. Variances for X and for ¥ conditional on C
are equal to 1. We do not know, and have to estimate, the
mixing factor n = p(C = ¢). The data is sampled from a
distribution with a mixing factor equal to 3/5.

We want to obtain a Naive-Bayes classifier that can
approximate p(C|X.Y); Naive-Bayes classifiers are based
on the assumption that .X and Y are independent given
C. Suppose that X and Y are independent conditional on
{C = ¢}, but that X and Y are dependent conditional on
{C = ¢'}. This dependency is manifested by a correlation

p= E|(X — E[X|C = ')(Y - E[Y|C = ¢')IC = "] = 4/5.

3. We have to handle a difficulty with e(6;): Given only unlabeled data,
there is no information to decide the labels for decision regions and then the
classification error is 1/2 [26]. Instead of defining e(6}) as the error for
A =0, we could define (") as the error of A approaching 0.
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Bast Linear

-— Labeied
Unlabeted

-3 2 0Ce 1 2 3 4

Fig. 2. Graphs for Example 1. (a) Contour plots of the mixture p{.X.Y"), the optimal classification boundary (quadratic curve), and the best possible
classification boundary of the form y = r + +. (b) The same contour piots and the best linear boundary (lower line), the linear boundary obtained from
labeled data (middle fine), and the linear boundary obtained from unlabeled data (upper line); thus, the classification error of the classifier obtained
with unlabeled data is larger than that of the classifier obtained with labeled data.

If we knew the value of p, we would obtain an optimal
classification boundary on the plane X x Y. This optimal
classification boundary is shown in Fig. 2 and is defined by
the function

y=
(—101‘ — 87 + /5265 — 2160z + 57622 + 5(610@(100/81))/3‘7

Under the incorrect assumption that p =0, the
classification boundary is then linear:

n/m/3

and, consequently, it is a decreasing function of 7. With
labeled data, we can easily obtain 7 (a sequence of
Bernoulli trials); then 77 =3/5 and the classification
boundary is given by y = x — 0.27031.

Note that the (linear) boundary obtained with labeled
data is not the best possible linear boundary. We can in
fact find the best possible linear boundary of the form
y = 2 + 5. For any 7, the classification error e(7) is

LT[ i)
9 X px 4
AL o

By interchanging differentiation with respect to y with
integration, it is possible to obtain de(y)/dy in closed
form. The second derivative d°e(vy)/dy’ is positive when
v € [~3/2,3/2]; consequently, there is a single minimum
that can be found by solving de(v)/dy = 0. We find the
minimizing 7 to be

y=2z+ 2log((1 -

—9 + 2/45/4 + 1og(400/81))/4 ~ —0.45786.

Theliney = z — 0.45786 is the best linear boundary for this
problem. If we consider the set of lines of the form
y = = + v, we see that the farther we go from the best line,
the larger the classification error. Fig. 2 shows the linear
boundary obtained with labeled data and the best possible
linear boundary. The boundary from labeled data is
“above” the best linear boundary.

Now, consider the computation of 7. Using Theorem 1,
the asymptotic estimate with unlabeled data is:

" = arg ma\/ / log <7]N ([0.3/2]T. diag[1, 1])

nef0,1]

+(1 - )N([3/2.0]7, diag[1, 1]))

((-3/5)1\/([0. 3/2]7 . diag[1, 1])

(321 s _
+<:>/a>.m<{ / }.[4/5 1 D)dydl.

The second derivative of this double integral is always
negative (as can be seen interchanging differentiation
with integration), so the function is concave and there
is a single maximum. We can search for the zero of the
derivative of the double integral with respect to 7. We
obtain this value numerically, 1} =~ 0.54495. Using this
estimate, the linear boundary from unlabeled data is
y =z — 0.12019. This line is “above” the linear bound-
ary from labeled data and, given the previous discus-
sion, leads to a larger classification error than the
boundary from labeled data."We have: e(~) = 0.06975,
e(6;) = 0.07356, e(¢;) = 0.08141. The boundary obtained
from unlabeled data is also shown in Fig. 2.

This example suggests the following situation. Suppose
we collect a large number N; of labeled samples from
p(C.X), with n=3/5 and p =4/5. The labeled estimates
form a sequence of Bernoulli trials with probability 3/5, so
the estimates quickly approach 7 (the variance of 7
decreases as 6/(25)V;)). If we add a very large amount of
unlabeled data to our data, 7 approaches 7; and the
classification error increases.

2.4 Finite Sample Effects

The asymptotic analysis of semisupervised learning suffices
to show the fundamental problem that can occur when
learning with unlabeled data. The focus on asymptotics is
adequate as we want to eliminate phenomena that can vary
from data set to data set. If e(6}) is smaller than e(8; ), then a
large enough labeled data set can be dwarfed by a much
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Fig. 3. (@) LU-graphs for the example with two Gaussian observables. Each sample in each graph is the average of 100 trials; classification error was
obtained by testing in 10,000 labeled samples drawn from the correct model. (b) Naive Bayes classifiers from data generated from a TAN model
(introduced in Section 3) with 49 observables (each variable with two to four values); points in the graphs summarize 10 runs on testing data (bars
cover 30 to 70 percentiles). (c) Same graph as (b), enlarged. Note that uniabeled data does lead to a significant improvement in performance when
added to 30 or 300 labeled samples. There is performance degradation in the presence of 3,000 labeled samples.

larger unlabeled data set—the classification error using the
whole data set can be larger than the classification error using
the labeled data only. But, what occurs with finite sample size
data sets? We performed extensive experiments with real and
artificial data sets of various sizes [7], [34]. Throughout our
experiments, we used the EM algorithm to maximize the
likelihood ((1)) and we started the EM algorithm with the
parameters obtained using labeled data as these starting
points can be obtained in closed-form.

To visualize the effect of labeled and unlabeled samples,
we suggest that the most profitable strategy is to fix the
percentage of unlabeled samples () among all training
samples. We then plot classification error against the
number of training samples. Call such a graph a LU-graph.

Example 2. Consider a situation where we haveabinary class
variable C with values ¢ and ¢’ and p(C = ¢) = 0.4017.
We also have two real-valued observables X and Y with
distributions:

P(X|d) = N(2,1), p(X|c")= N(3,1),

P(Y|d,z) = N(2,1), p(Y|c",z)=N(1+2z,1).

There is dependency between ¥ and X conditional on
{C = ¢"}. Suppose we build a Naive Bayes classifier for
this problem. Fig. 3a shows the LU-graphs for 0 percent
unlabeled samples, 50 percent unlabeled samples, and
99 percent unlabeled samples, averaging over a large
ensemble of classifiers. The asymptotes converge to
different values. Suppose then that we started with
50 labeled samples as our training data. Our classification
error would be about 7.8 percent, as we can see in the LU-
graph for 0 percent unlabeled data. Suppose we added
50 labeled samples, we would obtain a classification error
of about 7.2 percent. Now, suppose we added 100 unlabeled
samples. We would move from the 0 percent LU-graph to
the 50 percent LU-graph. Classification error would
increase to 8.2 percent! And, if we then added 9,800 un-
labeled samples, we would move to the 99 percent LU-
graph, with classification error about 16.5 percent—more
than twice the error we had with just 50 labeled samples.

It should be noted that, in difficult classification problems,
where LU-graphs decrease very slowly, unlabeled data may
improve classification performance for certain regions of the
LU graphs. Problems with a large number of observables and
parameters should require more training data, so we can
expect that such problems benefit more consistently from
unlabeled data. Figs. 3b and 3c illustrate this possibility for a
Naive-Bayes classifier with 49 features. Another possible
phenomenon is that the addition of a substantial number of
unlabeled samples may reduce variance and decrease
classification error, but an additional, much larger, pool of
unlabeled data can eventually add enough bias so as to
increase classification error. Such a situation is likely to have
happened in some of the results reported by Nigam et al. [3],
where classification errors go up and down as more
unlabeled samples are added.

In summary, semisupervised learning displays an odd
failure of robustness: For certain modeling errors, more
unlabeled data can degrade classification performance.
Estimation bias is the central factor in this phenomenon as
the level of bias depends on the ratio of labeled to unlabeled
samples. Most existing theoretical results on semisupervised
learning are based on the assumption of no modeling error
and, consequently, bias has not been an issue so far.

3 SEMISUPERVISED LEARNING FOR BAYESIAN
NETWORK CLASSIFIERS

We now turn our attention to the implication of the
previous analysis to Bayesian network classifiers. As stated
before, we chose Bayesian network classifiers for several
reasons; classification is possible with missing data in
general and unlabeled data in particular, the graphical
representation is intuitive and can be easily expanded to
add different features and modalities, and there are efficient
algorithms for inference.

A Bayesian network [8] is composed of a directed acyclic
graph in which every node is associated with a variable X;

and with a conditional distribution p(Xi|IL), where II; :

denotes the parents of X; in the graph. The joint probability
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distribution is factored to the collection of conditional
probability distributions of each node in the graph as:

n
P(X1,..., Xn) = [[ p(X:ITL).
i=1

The directed acyclic graph is the structure and the
distributions p(X;|II;) represent the parameters of the
network. Consider now that data generated by a distribu-
tion p(C,X) are collected. We say that the assumed
structure for a network, S, is correct when it is possible to
find a distribution, p(C,X|S’), that matches the data
generating distribution p(C.X); otherwise, the structure
is incorrect.*® Maximum-likelihood estimation is one of the
main methods to learn the parameters of the network.
When there are missing data in training set, the
EM algorithm can be used to maximize the likelihood.
As a direct consequence of the analysis in the previous
section, a Bayesian network that has the correct structure and
the correct parameters is also optimal for classification
because the a posteriori distribution of the class variable is
accurately represented. Thus, there is great motivation for
obtaining the correct structure when conducting semisuper-
vised learning. Somewhat surprisingly, the option of search-
ing for better structures has not been proposed by researchers
who have previously witnessed the performance degrada-
tion when learning with unlabeled data. In the following
sections, we describe different strategies for learning Baye-
sian network classifiers with labeled and unlabeled data.

3.1 Switching between Simple Models and
Structure Learning

If we observe performance degradation, we may try to find
the “correct” structure for our Bayesian network classifier.
Alas, learning Bayesian network structure is not a trivial task.

One attempt, perhaps the simplest, to overcome perfor-
mance degradation from unlabeled data could be toassumea
very simple model (such as the Naive Bayes), which is
typically not the correct structure, and switch to a more
complex model as soon as degradation is detected. One such
family of models is the Tree-Augmented Naive-Bayes (TAN)
[11]. While such a strategy has no guarantees to find the
correct structure, the existence of an efficient algorithm for
learning the TAN models, both in the supervised case[11] and
in the semisupervised case [71, [42], makes switching to TAN
models attractive. However, while both the Naive-Bayes and
TAN classifiers have been observed to be successful in the
supervised case [41], the same success is not always observed
for the semisupervised case (Section 3.3).

When such simple strategies fail, performing uncon-
strained structure learning is the: alternative. There are
various approaches for learning the structure of Bayesian
natworks, using different criteria in an attempt to find the
correct structure.

The first class of structure learning methods we consider is
the class of independence-based methods, also known as
constraint-based or test-based methods. There are several
such algorithms [43], [44], [45], all of them can obtain the

4. These definitions follow directly from the definitions of correct and
incorrect models described in the previous section.

5. There is not necessarily a unique correct structure, e.g., if a structure is
correct (as defined above), all structures that are from the same Markov
¢ -uivalent class are also correct since causality is not an issue.
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correct structure if there are fully reliable independence tests
available; however, not all of them are appropriate for
classification. The Cheng-Bell-Liu algorithms (CBL1 and
CBL2) seem particularly well-suited for classification as they
strive to keep the number of edges in the Bayesian networks
as small as possible and the performance of CBL1 on labeled
data only has been reported to surpass the performance of
TAN [46]. Because independence-based algorithms like CBL1
do not explicitly optimize a metric, they cannot handle
unlabeled data directly through an optimization scheme like
EM. To handle unlabeled data, the following strategy was
derived (denoted as EM-CBL): Start by learning a Bayesian
network with the available labeled data, then use EM to
process unlabeled data followed by independence tests with
the “probabilistic labels” generated by EM to obtain a new
structure. EM is used again in the new structure and the cycle
is repeated, until two subsequent networks are identical. It
should be noted that such a scheme, however intuitively
reasonable, has no convergence guarantees; one test even
displayed oscillating behavior.

A second class of structure learning algorithms are score-
based methods. At the heart of most score-based methods is
the likelihood of the training data, with penalty terms toavoid
overfitting. A good comparison of the different methods is
found in [47]. Most existing methods cannot, in their present
form, handle missing data, in general, and unlabeled data in
particular. The structural EM (SEM) algorithm [48] is one
attempt to learn structure with missing data. The algorithm
attempts to maximize the Bayesian score using an EM-like
scheme in the space of structures and parameters; the method
performs an always-increasing search in the space of
structures, but does not guarantee the attainment of even a
local maximum. When learning the structure of a classifier,
score-based structurelearning approaches havebeenstrongly
criticized. The problem s that, with finiteamounts of data, the
a posteriori probability of the class variable can have a small
effect on the score that is dominated by the marginal of the
observables, therefore leading to poor classifiers {11}, [12].
Friedman et al. [11] showed that TAN surpasses score-based
methods for the fully labeled case, when learning classifiers. The
point is that, with unlabeled datd, score-based methods, such
as SEM, are likely to go astray even more than has been
reported in the supervised case; the marginal of the
observables further dominates the likelihood portion of the
score as the ratio of unlabeled data increases.

3.2 Classification Driven Stochastic Structure
Search (SSS)

Both the score-based and independence-based methods try to
find the correct structure of the Bayesian network, but fail to
do so because there is not enough data for either reliable
independence tests or for asearch that yields a good classifier.
Consider the following alternative: As we are interested in
finding a structure that performs well asa classifier, it would
be natural to design algorithms that use classification error as
the guide for structure learning. Here, we can further leverage
on the properties of semisupervised learning: We know that
unlabeled data can indicate incorrect structure through
degradation of classification performance and we also know
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Procedure Stochastic structure search (SSS):

|+ Fix the network structure to some initial structure, Sp.

o Sett=0.

- t=t+1

L

. Repeat, until a maximum number of iteratlions is reached (M axlter),
~ Sample a new structure Snew, from the neighborhood of S; uniformly, with probability 1 /N
— Learn the parameters of the new structure using maximum likelthood estimation. Compute the!
probability of error of the new classifier, p '
Accept Speyp with probability given in Eq.(8).
— If Spee is accepted, set Sii1 = Spew and pitl new  and change T according to the

| temperature decrease schedule. Otherwise Sie1 = St

« Return the structure S, such that j = arg minocj<ataciter (Phrvor)-

|
!
. Estimate the parameters of the structure Sy and compute the probability of error P, o l

Tew
error®

error T Perror

Fig. 4. Stochastic structure search algorithm.

that classification performance improves with the correct
structure. Thus, a structure with higher classification accu-
racy over another indicates an improvement toward finding
the optimal classifier.

To learn the structure using classification error, we must
adopt a strategy for searching through the space of all
structures in an efficient manner while avoiding local
maxima. In this section, we propose a method that can
effectively search for better structures with an explicit focus on
classification. We essentially need to find a search strategy
that can efficiently search through the space of structures. As
we have no simple closed-form expression that relates
structure with classification error, it would be difficult to
design a gradient descent algorithm or a similar iterative
method. Even if we did that, a gradient search algorithm
would be likely to find a local minimum because of the size of
the search space.

First, we define a measure over the space of structures
which we want to maximize:

Definition 1. The inverse error measure for structure S’ is

I S
inu(9) = LAED (7
228 FeeNIEC)
where the summation is over the space of possible structures
and ps(é(X) # C) is the probability of error of the best

classifier learned with structure S.

We use Metropolis-Hastings sampling [49] to generate
samples from the inverse error measure without having to
ever compute it for all possible structures. For constructing
the Metropolis-Hastings sampling, we define a neighbor-
hood of a structure as the set of directed acyclic graphs to
which we can transit in the next step. Transition is done using
a predefined set of possible changes to the structure; at each
transition, a change consists of a single edge addition,
removal, or reversal. We define the acceptance probability
of a candidate structure, Spe., to replace a previous structure,
S;, as follows:

o= 1 iﬂ’l', (Sneu') I/Tq(stlsm'w) _
- inv (S q(SmewlSty )

T
: p trrmr 1/ ‘\rf
min{ L, { —== ~ |
p, rror ‘\ neie

where (S'1S) is the transition probability from S to &' and
N; and Ny are the sizes of the neighborhoods of S and
S,ews Tespectively; this choice corresponds to equal prob-
ability of transition to each member in the neighborhood of
a structure. This choice of neighborhood and transition
probability creates a Markov chain which is aperiodic and
irreducible, thus satisfying the Markov chain Monte Carlo
(MCMC) conditions [{50]. We summarize the algorithm,
which we name Stochastic Structure Search (S55), in Fig. +.

We add T as a temperature factor in the acceptance
probability. Roughly speaking, T close to 1 would allow
acceptance of more structures with higher probability of error
than previous structures. T close to 0 mostly allows
acceptance of structures that improve probability of error. A
fixed T amounts to changing the distribution being sampled
by the MCMC, while a decreasing T'is a simulated annealing
run, aimed at finding the maximum of the inverse error
measures. The rate of decrease of the temperature determines
the rate of convergence. Asymptotically in the number of
data, a logarithmic decrease of T guarantees convergence toa
global maximum with probability that tends to one [51].

The SSS algorithm, with a logarithmic cooling schedule T,
can find a structure that is close to the minimum probability
of error. There are two caveats though. First, the logarithmic
cooling schedule is very slow. We use faster cooling
schedules and a starting point which is the best out of either
the NB classifier or the TAN classifier. Second, we never have
access to the true probability of error for any given structure,
P, Instead, we use the empirical error over the training
data (denoted as p3.,)-

To avoid the problem of overfitting several approaches
are possible. The first is cross-validation; the labeled
training data is split to smaller sets and several tests are
performed using the smaller sets as test sets. However, this
approach can significantly slow down the search and is

(8)
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Fig. 5. Train and test error during the structure search for (a) the artificial data and (b) shuttle data for the labeled and unlabeled data experiments.

suitable only if the labeled training set is moderately large.
Another approach is to penalize different structures
according to some complexity measure. We could use the
BIC or MDL complexity measure, but we chose to use the
multiplicative penalty term derived from structural risk
minimization since it is directly related to the relationship
between training error and generalization error. We define
a modified error term for use in (7) and (8):

L
Derror

hﬁlogﬁ—’l—*—ll-log(nﬂ)

n

(AS

) mod __
Perror -

, (9)
1—c-

where hg is the Vapnik-Chervonenkis (VC) dimension of
the classifier with structure S, n is the number of training
records,  and ¢ are between 0 and 1.

Toapproximate the VC dimension, we use ks Ng,where
" isthe number of (free) parameters in the Markov blanket of
the class variable in the network, assuming that all variables
are discrete. We point the reader to [52], in which it was shown
that the VC dimension of a Naive Bayes classifier is linearly
proportional to the number of parameters. It is possible to
extend this result to networks where the features are all
descendants of the class variable. For more general networks,
features that are not in the Markov blanket of the class variable
cannot effect its value in classification (assuming there are no
missing values for any feature), justifying the above approx-
imation. In our initial experiments, we found that the
muitiplicative penalty outperformed the holdout method
and the MDL and BIC complexity measures.

3.3 Evaluation Using UCI Machine Learning
Data Sets

To evaluate structure learning methods with labeled and
unlabeled data, we started with an empirical study involving
simulated data. We artificially generated data to investigate:
1) whether the SSS algorithm finds a structure that is close to
the structure that generated the data and 2) whether the
algerithm uses unlabeled data to improve the classification
performance. A typical result is as follows: We generated
data from a TAN structure with 10 features. The data set
consisted of 300 labeled and 30,000 unlabeled records. We
first estimated the Bayes error rate by learning with the
correct structure and with a very large fully labeled data set.
We obtained a classification accuracy of 92.49 percent. We
learned one Naive Bayes classifier with only the labeled
records and another with both labeled and unlabeled
records; likewise, we learned a TAN classifier only with the

labeled records and another with both labeled and unlabeled
records, using the EM-TAN algorithm, and, finally, we
learned a Bayesian network classifier with our SSS algorithm
using both labeled and unlabeled records. The results are
presented in the first row of Table 1. With the correct
structure, adding unlabeled data improves performance
significantly (columns TAN-L and EM-TAN). Note that
adding unlabeled data degraded the performance from
16 percent error to 40 percent error when we learned the
Naive Bayes classifier. The structure search algorithm comes
close to the performance of the classifier learned with the
correct structure. Fig. 5a shows the changes in the test and
train error during the search process. The graph shows the
first 600 moves of the search, initialized with the Naive Bayes
structure. The error usually decreases as new structures are
accepted; occasionally, we see an increase in the error
allowed by Metropolis-Hastings sampling.

Next, we performed experiments with some of the
UCI data sets, using relatively small labeled sets and large
unlabeled sets (Table 1). The results suggest that structure
learning holds the most promise in utilizing the unlabeled
data. There is no clear “winner” approach, although
SSS yields better results in most cases. We see performance
degradation with NB for every data set. EM-TAN can
sometimes improve performance over TAN with just labeled
data (Shuttle). With the Chess data set, discarding the
unlabeled data and using only TAN seems the best approach.
We have compared two likelihood-based structure learning
methods (K2 and MCMC) on the same data sets as well [34],
showing that, even if we allow the algorithms to use large
labeled data sets to learn the structure, the resultant networks
still suffer from performance degradation when learned with
unlabeled data.

Illustrating the iterations of the SSS algorithm, Fig. 5b
shows the changes in error for the shuttle data set.

4 LEARNING BAYES!IAN NETWORK CLASSIFIERS
FOR HCI APPLICATIONS

The experiments in the previous section discussed commonly
used machine learning data sets. In the next sections, we
discuss two HCl applications that could benefit from the use
of unlabeled data. We start with facial expression recognition.
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TABLE 1

Classification Results (in %) for Naive Bayes, TAN, EM-CBL1, and Stochastic Structure Search

Dataset Train Test NB-L = EM- TAN-L EM- EM- SSS
! ! # lab | # unlab | NB TAN CBLI

TAN ‘
artificial | 300 30000 | 50000 | 83.4=0.2 | 59.240.2 | 90.9+0.1 | 91.94+0.1 N/A 91.1£0.1
Satimage | 600 | 3835 | 2000 | 81.7=0.9 | 77.5+0.9 | 83.5+0.8 | 81.0+09 | 83.5£0.8 | 83408
Shuttle 100 43400 ‘ 14500 | 82.4=0.3 | 76.1£0.4 | 81.240.3 | 90.5+£0.2 | 91.8£0.2 | 96.3x0.2
Adult 1 6000 | 24163 | 15060 | 83.9=0.3 :‘ 73.1£0.4 | 84.740.3 | 80.040.3 | 82.7+0.3 | 85.0+0.3
Chess 150 1980 | 1060 | 79.8=1.2 1 62.1£1.5 | 87.0+1.0 712414 | 81.0+1.2 | 76.0£1.3

Fig. 6. Examples of images from the video sequences used in the experiment. The top row shows subjects from the Chen-Huang DB, the bottom row
shows subjects from the Kanade et al. DB (printed with permission from the researchers).

4.1 Facial Expression Recognition Using Bayesian

Network Classifiers

Since the early 1970s, Ekman and his colleagues have
performed extensive studies of human facial expressions
[53] and found evidence to support universality in facial
expressions. These “universal facial expressions” ate those
representing happiness, sadness, anger, fear, surprise, and
disgust. Ekman’s work inspired many researchers to analyze
facial expressions by means of image and video processing.
By tracking facial features and measuring the amount of facial
movement, they attempt to categorize different facial
expressions. Recent work on facial expression analysis and
recognition has used these “basic expressions” or a subset of
them. In [54], Pantic and Rothkrantz provide an in-depth
review of much of the research done in automatic facial
expression recognition in recent years.

One of the challenges facing researchers attempting to
design facial expression recognition systems is the relatively
small amount of available labeled data. Construction and
labeling of a good database of images or videos of facial
expressions requires expertise, time, and training of sub-
jects. Only a few such databases are available, such as the
Kanade et al. database [55]. However, collecting, without
labeling, data of humans displaying expressions is not as
difficult. Therefore, it is beneficial to use classifiers that can
be learned with a combination of some labeled data and a
large amount of unlabeled data. As such we use (generative)
Bayesian network classifiers.

We have developed a real-time facial expression recogni-
tion system [56]. The system uses a model-based nonrigid
face tracking algorithm [57] to extract motion features (seen in
Fig.7) that serve asinput to a Bayesian network classifier used
for recognizing the different facial expressions. There are two

main motivations for using Bayesian network classifiers in
this problem. The first is the ability to learn with unlabeled
data and infer the class label even when some of the features
are missing (e.g., due to failure in tracking because of
occlusion). The second motivation is that it is possible to
extend the system to fuse other modalities, such as audio, ina
principled way by simply adding subnetworks representing
the audio features.

4.1.1 Experimental Design

We use two different databases, a database collected by Chen
[58] and the Kanade et al. AU code facial expression database
[55]. The first is a database of subjects that were instructed to
display facial expressions corresponding to the six types of
emotions. All the tests of the algorithms are performed on a
set of five people, each one displaying six sequences of each
one of the six emotions, starting and ending at the neutral
expression. The video sampling rate was 30 Hz and a typical
emotion sequence is about 70 samples long (~ 2s). Fig. 6
(upper row) shows one frame of each subject.

Fig. 7. Motion units extracted from face tracking.
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TABLE 2
Summary of the Databases
[ Overall # of sequences | # of sequences per subject | average # of frameS'{
Dafanes | 20l Subjects 1 per expression per expression per expression |
Chen-Huang DB 5 30 6 70
Cohn-Kanade DB | 53 | 53 ! 8

The Kanade et al. database [55] consists of expression
sequences of subjects, starting from a neutral expression
ar..l ending in the peak of the facial expression. There are
104 subjects in the database. Because, for some of the
subjects, not all of the six facial expressions sequences were
available to us, we used a subset of 53 subjects, for which at
least four of the sequences were available. For each subject,
there is at most one sequence per expression with an
average of eight frames for each expression. Fig. 6 (lower
row) shows some examples used in the experiments. A
summary of both databases is presented in Table 2. We
measure the accuracy with respect to the classification
result of each frame, where each frame in the video
sequence was manually labeled to one of the expressions
(including neutral). This manual labeling can introduce
some “noise” in our classification because the boundary
between neutral and the expression of a sequence is not
necessarily optimal and frames near this boundary might
cause confusion between the expression and the neutral.

4.1.2 Experimental Results with Labeled Data

We start with experiments using all our labeled data. This
can be viewed as an upper bound on the performance of the
classifiers trained with most of the labels removed. For the
labeled only case, we also compare results with training of
an artificial Neural network (ANN) so as to test how
Bayesian network classifiers compare with a different kind
of classifier for this problem. We perform person indepen-
dent tests by partitioning the data such that the sequences
of some subjects are used as the test sequences and the
sequences of the remaining subjects are used as training
sequences. Table 3 shows the recognition rate of the test for
all classifiers. The classifier learned with the SSS algorithm
outperforms both the NB and TAN classifiers, while ANN
does not perform well compared to all the others.

4.1.3 Experiments with Labeled and Unlabeled Data

We perform person-independent experiments with labeled
and unlabeled data. We first partition the data to a training
set and a test set (2/3 training, 1/3 for testing) and choose at
random a portion of the training set and remove the labels.
This procedure ensures that the distribution of the labeled
and the unlabeled sets are the same.

TABLE 3
Recognition Rate (%) for Person-independent Test
NB TAN | SSS | ANN
Chen-Huang Database | 71.78 | 80.31 | 83.62 | 66.44
Cohn-Kandade Database | 77.70 | 80.40 | 81.80 | 73.81

We then train Naive Bayes and TAN classifiers, using
just the labeled part of the training data and the combina-
tion of labeled and unlabeled data. We also use the 555 and
the EM-CBL1 algorithms to train a classifier, using both
labeled and unlabeled data (we do not search for the
structure with just the labeled part because it is too small for
performing a full structure search).

Table 4 shows the results of the experiments. We see that
with NB and TAN when using 200 and 300 labeled samples,
adding the unlabeled data degrades the performance of the
classifiers and we would have been better off not using the
unlabeled data. We also see that EM-CBL1 performs poorly
in both cases. Using the SSS algorithm, we are able to
improve the results and utilize the unlabeled data to
achieve performance which is higher than using just the
labeled data with NB and TAN. The fact that the
performance is ower than in the case when all the training
set was labeled (about 75 percent compared to over
80 percent) implies that the relative value of labeled data
is higher than of unlabeled data, as was shown by Castelli
[26]. However, had there been more unlabeled data, the
performance would be expected to improve.

4.2 Applying Bayesian Network Classifiers to Face
Detection

We apply Bayesian network classifiers to the problem of
face detection with the purpose of showing that, using our
proposed methods, semisupervised learning can be used to
learn good face detectors. We take an appearance-based
approach, using the intensity of image pixels as the features
for the classifier. For learning and defining the Bayesian
network classifiers, we must look at fixed size windows and
learn how a face appears in such windows, where we
assume that the face appears in most of the window’s
pixels. The goal of the classifier would be to determine if the
pixels in a fixed size window are those of a face or nonface.

We note that there have been numerous appearance-based
approaches for face detection, many with considerable
success (see Yang et al. {59] for a detailed review on the
state-of the-art in face detection). However, there has notbeen
any attempt, to our knowledge, to use semisupervised
learning in face detection. While labeled databases of face
images are available, a universally robust face detector is still
difficult to construct. The main challenge is that faces appear
very different under different lighting conditions, expres-
sions, with or without glasses, facial hair, makeup, etc. A
classifier trained with some labeled images and a large
number of unlabeled images would enable incorporating
many more facial variations without the need to label huge
data sets.

In our experiments, we used a training set consisting of
2,429 faces and 10,000 nonfaces obtained from the MIT CBCL
Face database #1 [60]. Each face image is cropped and
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TABLE 4
Classification Results for Facial Expression Recognition with Labeled and Unlabeled Data
Dataset Train Test | NB-L EM- TAN-L EM- EM- SSS
# lab ‘ # unlab NB TAN CBL1
Cohn-Kanade | 200 2980 1000 | 72.5+1.4 | 69.1£1.4 | 72.9=1.4 | 69.3=1.4 | 66.2x1.5 | 74.8+1.4
Chen-Huang 300 11982 | 3555 | 71.3+£0.8 | 58.5+£0.8 | 72.5+0.7 | 62.9+0.8 | 65.9%0.8 | 75.0+0.7
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Fig. 8. ROC curves showing detection rates of faces compared to false detection of faces of the different (SSS, TAN, and NB) classifiers and
different ratios of labeled and unlabeled data, (a) with all the data labeled (no unlabeled data), (b) with 95 percent of the data unlabeled, and (c) with

97.5 percent of the data uniabeled.

resampled to an 8 x 8 window, thus we have a classifier with
64 features. We also randomly rotate and translate the face
images to create a training set of 10,000 face images. In
addition, we have available 10,000 nonface images. We leave
out 1, 000 images (faces and nonfaces) for testing and train the
Bayesian network classifier on the remaining 19,000. In all the
experiments, welearna Naive Bayes,a TAN, and two general
generative Bayesian network classifiers, the latter using the
EM-CBL1 and the SSS algorithms.

To compare the results of the classifiers, we use the
receiving operating characteristic (ROC) curves. The ROC
curves show, under different classification thresholds,
ranging from 0 to 1, the probability of detecting a face in
a face image, Pp = P(C = face|C = face), against the
probability of falsely detecting a face in a nonface image,
Prp = P(C = face|C # face).

We first learn using all the training data being labeled.
Fig. 8a shows the resultant ROC curve for this case. The
classifier learned with the SSS algorithm outperforms both
the TAN and NB classifiers and all perform quite well,
achieving about 96 percent detection rates with a low rate of
false alarm.

Next, we remove the labels of 95 percent of the training
data (leaving only 475 labeled images) and train the
classifiers. Fig. 8b shows the resultant ROC curve for this
case. We see that the NB classifier using both labeled and
unlabeled data performs very poorly. The TAN based on
the 475 labeled images and the TAN based on the labeled
and unlabeled images are close in performance, thus there
was no significant degradation of performance when
adding the unlabeled data. The classifier using all data
and the SSS outperforms the rest with an ROC curve close
to the best ROC curve in Fig. 8a. Fig. 8¢ shows the ROC
curve with only 250 labeled data used. Again, NB with both

labeled and unlabeled performs poorly, while SSS outper-
forms the other classifiers with no great reduction of
performance compared to the two other ROC curves. The
experiment shows that using structure search, the unlabeled
data was utilized successfully to achieve a classifier almost
as good as if all the data was labeled.

5 SUMMARY AND DISCUSSION

Using unlabeled data to enhance the performance of
classifiers trained with few labeled data has many applica-
tions in pattern recognition, computer vision, HCII, data
mining, text recognition, and more. To fully utilize the
potential of unlabeled data, the abilities and limitations of
existing methods must be understood.

The main contributions of this paper can be summarized
as follows:

1. We have derived and studied the asymptotic
behavior of semisupervised learning based on max-
imum-likelihood estimation. We presented a de-
tailed analysis of performance degradation from
unlabeled data, showing that it is directly related to
modeling assumptions, regardless of numerical
instabilities or finite sample effects.
We discussed the implications of the analysis of
semisupervised learning on Bayesian network clas-
sifiers, namely, the importance of structure when
unlabeled data are used in training. We listed the
possible shortcomings of likelihood-based structural
learning algorithms when learning classifiers, espe-
cially when unlabeled data are present.
3. We introduced a classification driven structure.
search algorithm based on Metropolis-Hastings-
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sampling and showed that it performs well both on
fully labeled data sets and on labeled and unlabeled
training sets. As a note for practitioners, the 5SS
algorithm appears to work well for relatively large
data sets and difficult classification problems that are
represented by complex structures. Large data sets
are those where there are enough labeled data for
reliable estimation of the empirical error, allowing
search for complex structures, and there are enough
unlabeled data to reduce the estimation variance of
complex structures.

4. We presented our real-time facial expression recogni-
tion system using a model-based face tracking
algorithm and Bayesian network classifiers. We
showed experiments using both labeled and unla-
beled data.

5. We presented the use of Bayesian network classifiers
for learning to detect faces in images. We note that,
while finding a good classifier is a major part of any
face detection system, there are many more compo-
nents that need to be designed for such a system to
work on natural images (e.g., ability to detect at
multiscales, highly varying illumination, large rota-
tions of faces, and partial occlusions). Our goal was
to present the first step in designing such a system
and show the feasibility of the approach when
training with labeled and unlabeled data.

Our discussion of semisupervised learning for Bayesian
networks suggests the following path: When faced with the
option of learning Bayesian networks with labeled and
unlabeled data, start with Naive Bayes and TAN classifiers,
learn with only labeled data, and test whether the model is
cerrect by learning with the unlabeled data. If the result is
not satisfactory, then SSS can be used to attempt to further
improve performance with enough computational re-
sources. If none of the methods using the unlabeled data
improve performance over the supervised TAN (or Naive
Bayes), either discard the unlabeled data or try to label
more data, using active learning for example.

Following our investigation of semisupervised learning,
there are several important open theoretical questions and
research directions:

# Is it possible to find necessary and sufficient
conditions for performance degradation to occur?
Finding such conditions are of great practical
significance. Knowing these conditions can lead to
the design of new useful tests that will indicate when
unlabeled can be used or when they should be
discarded or if a different model should be chosen.

e An important question is whether other semisuper-
vised learning methods, such as transductive SVM
[61] or cotraining [62], will exhibit the phenomenon of
performance degradation? While no extensive studies
have been performed, a few results from the literature
suggest that it is a realistic conjecture. Zhang and Oles
[2] demonstrated that transductive SVM can cause
degradation of performance when uniabeled data are
added. Ghani [63] described experiments where the
same phenomenon occurred with cotraining. If the
causes of performance degradation are similar for
different algorithms, it should be possible to present a
unified theory for semisupervised learning.
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e Are there performance guarantees for semisuper-
vised learning with finite amounts of data, labeled
and unlabeled? In supervised learning, such guar-
antees are studied extensively. PAC-and risk mini-
mization bounds help in determining the minimum
amount of (labeled) data necessary to learn a
classifier with good generalization performance.
However, there are no existing bounds on the
classification performance when training with la-
beled and unlabeled data. Finding such bounds can
be derived using principles in estimation theory,
based on the asymptotic covariance properties of the
estimator. Other bounds can be derived using PAC
theoretical approaches. The existence of such bounds
can immediately lead to new algorithms and
approaches, better utilizing uniabeled data.

e Can we use the fact that unlabeled data indicate
model incorrectness to actively learn better models?
The use of active learning seems promising when-
ever possible and it might be possible to extend
active learning to learn better models, not just
enhancement of the parameter estimation.

In closing, this work should be viewed as a combinatior
of three main components. The theory showing the
limitations of unlabeled data is used to motivate the design
of algorithms to search for better performing structures of
Bayesian networks and finally, the successful application to
the real-world -problems we were interested in solving by
learning with labeled and unlabeled data.
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