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ABSTRACT 1. INTRODUCTION

Automatic classification by machines is one of the basic tasks re- Maybe no movie of modern time has explored the definition of
quired in any pattern recognition and human computer interaction What it means to be human better than Blade Runner. The Tyrell
applications. In this paper, we discuss training probabilistic clas- Corporation’s motto, “More human than human”, serves as the
sifiers with labeled and unlabeled data. We provide an analysisbasis for exploring the human experience through true humans and
which shows under what conditions unlabeled data can be usedcreated humans, or Replicants. Replicants are androids that were
in learning to improve classification performance. We discuss the built to work for humans or fight their wars. In time, they began to
implications of this analysis to a specific type of probabilistic clas- acquire emotions (so much like humans) and it became difficult to
sifiers, Bayesian networks, and propose a structure learning algoell them apart. With emotions, they began to feel oppressed and
rithm that can utilize unlabeled data to improve classification. Fi- many of them became dangerous and committed acts of extreme
nally, we show how the resulting algorithms are successfully em- violence to be free. Fortunately, Dr. Elden Tyrell, the creator of
ployed in a facial expression recognition application. the Replicants, installed a built-in safety feature in these models:
a four-year life span.

. . . It is evident from the above story that it is not sufficient for a
Catego”es and SUbJeCt Descnptors machine (computer) to look like a human. Something else is es-
H.4 [Information Systems Applications: Miscellaneous; 1.2.6 sential: the ability to acquire the emotions. Moreover, the machine
[Computing Methodologied: Artificial Intelligence—earning should learn to recognize and understand these emotions to be able
to have a human-like interaction with its human counterpart. It is
argued that to truly achieve effective human-computer intelligent

General Terms interaction (HCII), there is a heed for the computer to be able to in-

Algorithms teract naturally with the user, similar to the way human-human in-
teraction takes place. Human beings possess and express emotions
Keywords in everyday interactions with others. Emotions are often reflected

on the face, in hand and body gestures, and in the voice, to express
Semi-supervised learning, Bayesian networks, facial expressionour feelings or likings. While a precise, generally agreed upon
recognition definition of emotion does not exist, it is undeniable that emo-
tions are an integral part of our existence. Facial expressions and
vocal emotions are commonly used in everyday human-to-human
communication, as one smiles to show greeting, frowns when con-
Permission to make digital or hard copies of all or part of this work for fused, or raises one’s voice when enraged. People do a great deal
personal or classroom use is granted without fee provided that copies argf inference from perceived facial expressions: “You look tired,”

not made or distributed for profit or commercial advantage and that copiesOr “You seem happy.” The fact that we understand emotions and
bear this notice and the full citation on the first page. To copy otherwise, to :

republish, to post on servers or to redistribute to lists, requires prior specifiémow how tp react to O_ther peOP'e'S EXpressions _greatly enrlc_hes
permission and/or a fee. the interaction. There is a growing amount of evidence showing
MIR’03, November 7, 2003, Berkeley, California, USA. that emotional skills are part of what is called “intelligence” [29,
Copyright 2003 ACM 1-58113-778-8/03/000115.00.



19]. Computers today, on the other hand, are still quite “emotion- networks culminate mainly as discrepancies in the graph structure,
ally challenged.” They neither recognize the user’s emotions nor signifying incorrect independence assumptions among variables.
possess emotions of their own. To eliminate the increased bias caused by the addition of unlabeled
The most expressive way humans display emotions is throughdata we can try simple solutions, such as model switching (Sec-
facial expressions. Humans detect and interpret faces and faciation 3.2) or attempt to learn better structures. We describe likeli-
expressions in a scene with little or no effort. Still, development hood based structure learning methods (Section 3.3) and a possible
of an automated system that accomplishes this task is rather dif-alternative: classification driven structure learning (Section 3.4).
ficult. There are several related problems: detection of an imageln cases where relatively mild changes in structure still suffer from
segment as a face, extraction of the facial expression information,performance degradation from unlabeled data, there are different
and classification of the expression (e.g., in emotion categories). Aapproaches that can be taken: discard the unlabeled data or give
system that performs these operations accurately and in real timehem a different weight (Section 3.5), or use the alternative of ac-
would be a major step forward in achieving a human-like interac- tively labeling some of the unlabeled data (Section 3.6).
tion between the man and machine. To summarize, the main conclusions that can be derived from
This paper tries to make a small dent in the huge task of provid- our analysis are:
ing computers with the ability to understand humans. The focus ) o ]
of the paper is on the task of learning how to classify events from  ® Labeled and unlabeled data contribute to a reduction in vari-
data which is labeled and unlabeled. The theoretical and algorith- ance in semi-supervised learning under maximum likelihood

mic results are then applied to facial expression recognition. estimation. This is true regardless of whether the model is
correct or not

2. SEMI-SUPERVISED LEARNING o If the model is correct, the maximum likelihood estimator is

Ani tant tofi derstanding is the abilit unbiased and both labeled and unlabeled data contribute to
n important component of image understanding IS the ability a reduction in classification error by reducing variance.
to classify objects, sequences, or events to different characteriz-

ing classes. Learning classifiers is typically done with training o |f the model is incorrect, there may be different asymptotic

data, which can be either labeled to the different classes, or unla- estimation biases for different valuesofthe ratio between
beled. Learning with labeled data is known as supervised learning. the number of labeled and unlabeled data). Asymptotic clas-
This paper is concerned with the use of unlabeled data in super- sification error may also be different for different values of
vised learning of classifiers, i.e., a set of labeled data is appended A. An increase in the number of unlabeled samples may
with a, typically much larger, set of unlabeled data. This learning lead to a larger bias from the true distribution and a larger
paradigm is known as semi-supervised learning. The motivation classification error.

for semi-supervised learning stems from the fact that labeled data
are typically much harder to obtain compared to unlabeled data,In the next section we discuss several possible solutions for the
e.g., in object classification, unlabeled data are all the images in aproblem of performance degradation in the framework of Bayesian
database, while labeled data require the manual labeling of eacinetwork classifiers.
image to one of the object classes.
Is there value to unlabeled data in supervised learning of classi-3 | EARNING THE STRUCTURE OF
fiers? This fundamental question has been increasingly discussed
in recent years, with a general optimistic view that unlabeled data BAYESIAN NETWORK CLASSIFIERS
hold great value. Due to an increasing number of applications and  The conclusion of the previous section indicates the impor-
algorithms that successfully use unlabeled data [3, 25, 32, 1, 5,tance of obtaining the correct structure when using unlabeled data
2, 18, 31] and magnified by theoretical issues over the value of in learning a classifier. If the correct structure is obtained, unla-
unlabeled data in certain cases [6, 28, 26], semi-supervised learnbeled data improve the classifier; otherwise, unlabeled data can
ing is seen optimistically as a learning paradigm that can relieve actually degrade performance. Somewhat surprisingly, the option
the practitioner from the need to collect many expensive labeled of searching for better structures was not proposed by researchers
training data. However, several disparate empirical evidences inthat previously witnessed the performance degradation. Appar-
the literature suggest that there are situations in which the additionently, performance degradation was attributed to unpredictable,
of unlabeled data to a pool of labeled data, causes degradation otochastic disturbances in modeling assumptions, and not to mis-
the classifier's performance [25, 32, 1, 5], in contrast to improve- takes in the underlying structure — something that can be detected
ment of performance when adding more labeled data. Intriguedand fixed.
by these discrepancies, we performed extensive experiments, re; .
ported in [10]. Our experiments suggested that performance degras3-1 ~ Bayesian Networks
dation can occur when the assumed classifier's model is incorrect.  Bayesian networks [27] are tools for modeling and classifica-
Such situations are quite common, as one rarely knows whethertion. A Bayesian network (BN) is composed of a directed acyclic
the assumed model is an accurate description of the underlyinggraph in which every node is associated with a varia¥leand
true data generating distribution. with a conditional distributiorp(X;|II;), whereIl; denotes the
Despite the shortcomings of semi-supervised learning, we do parents ofX; in the graph. The joint probability distribution is
not discourage its use. Understanding the causes of performancéactored to the collection of conditional probability distributions
degradation with unlabeled data motivates the exploration of new of each node in the graph as:
methods attempting to use positively the available unlabeled data. n
We restrict qurselves mainly to class.ifiers based on Bfayesian net- (X1, X)) = Hp(Xi“_Ii) ) 1)
works (Section 3.1). Incorrect modeling assumptions in Bayesian
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The directed acyclic graph is ttstructure and the distributions  cated structures have higher likelihood scores, penalizing terms are
p(X;|11;) represent thparameterof the network. We say thatthe  added to avoid overfiting to the data, e.g, the minimum description
assumed structure for a networ,, is correctwhen it is possible length (MDL) term. The difficulty of structure search is the size
to find a distribution,p(C, X|S’), that matches the distribution  of the space of possible structures. With finite amounts of data,
that generates data(C, X); otherwise, the structure iscorrect algorithms that search through the space of structures maximizing
In the above notation3 is an incoming vector of features (MU’s  the likelihood, can lead to poor classifiers because the a-posteriori
- see Section 4). Each instantiationXfis arecord We assume probability of the class variable could have a small effect on the
that there is alass variableC; the values ofC are thelabels score [17, 20]. Therefore, a network with a higher score is not
one of the facial expressions. The classifier receives a record necessarily a better classifier. Friedman et al [17] suggest chang-
and generates a labé(x). An optimal classification rule can be ing the scoring function to focus only on the posterior probability
obtained from the exact distributigr{C, X)) which represents the  of the class variable, but show that it is not computationally feasi-
a-posteriori probability of the class given the features. ble.

Maximum likelihood estimation is one of the main methods to The drawbacks of likelihood based structure learning algo-
learn the parameters of the network. When there are missing dataithms could be magnified when learning with unlabeled data; the
in training set, the Expectation Maximization (EM) algorithm [13] posterior probability of the class has a smaller effect during the
can be used to maximize the likelihood. search, while the marginal of the features would dominate. There-

As a direct consequence of the analysis in Section 2, a Bayesiarfore, we decided to take a different approach presented in the next
network that has the correct structure and the correct parameters isection.

also optimal for classification because the a-posteriori distribution . . . .
of the class variable is accurately represented. Therefore, to solve3.4  Classification Driven Stochastic Structure

the problem of performance degradation in BNs, we need to take Search

a careful look at the assumed structure of the classifier. In our approach, instead of trying to estimate the best a-posteriori
. . . probability, we try to find the structure that minimizes the proba-

3.2 Switching between Simple Models bility of classification error directly. To do so we designed a clas-

One attempt to overcome the performance degradation fromsification driven stochastic search algorithm (SSS) [11].
unlabeled data could be to switch models as soon as degradation First we define a measure over the space of structures which
is detected. Suppose that we learn a classifier with labeled datawe want to maximize:
only and we observe a degradation in performance when the clas-

. .
sifier is learned with labeled and unlabeled data. We can switch DEFINITION 1. Theinverse error measufer structureS” is

to a more complex structure at that point. An interesting idea is 1
to start with a Naive Bayes classifier [30] in which the features inve(S') = M @)
are assumed independent given the class. If performance degrades s ps(E(X)£C)

with unlabeled data, switch to a different type of Bayesian net-
work classifier, namely the Tree-Augmented Naive Bayes classi-
fier (TAN) [15].

In the TAN classifier structure the class node has no parents

and each feature has the class node and at most one other feature We use Metropolis-Hastings sampling [24] to generate samples

as parents, such that the result is a tree structure for the features,.rom the inverse error measure, without having to ever compute it
Learning the most likely TAN structure has an efficient and exact ¢, o hossible structures. We estimate the classification error of a

solution [17] using a modified Chow-Liu algorithm [9]. Learning  giyen structure using the labeled training data. Therefore, to avoid

the TAN classifiers when there are unlabeled data requires a mOd'overfitting, we add a multiplicative penalty term derived from the

ifilcati_okr: of the original algorithm to what we named the EM-TAN Vapnik-Chervonenkis (VC) bound on the empirical classification
algorithm [12]. error. This penalty term penalizes complex classifiers thus keeping

If the correct structure can be represented using a TAN SUUC-y, o hajance hetween bias and variance (for more details we refer
ture, this approach will indeed work. However, even the TAN the reader to [11]).

structure is only a small set of all possible structures. Moreover,

as the examples in the experimental section show, switching from3 5 Should Unlabeled Be Weighed Differently?
NB to TAN does not guarantee that the performance degradation An interesting strategy, suggested by Nigam et al [25] is to

will not oceur. change the weight of the unlabeled data (reducing their effect on
33 Beyond Simple Models the likelihood). The basic idea in Nigam et al's estimators is to

. .. produce a modified log-likelihood that is of the form:
A different approach to overcome performance degradation is

to learn the structure of the Bayesian network without restrictions NLi(0) 4+ (1 —X)L,(0) (3)

other than the generative oneThere are a number of such algo- o

rithms in the literature (among them [21, 16, 4, 8]). Nearly all whereL;(0) andLu(G)_are the likelihoods of tr)e Iabe_le(_j and un-
structure learning algorithms use the 'likelihood based’ approach. ab€led data, respectively. For a sequence\'pfmaximize the

The goal is to find structures that best fit the data (with perhaps Mmedified log-likelihood functions to obtaif (¢ denotes an esti--

a prior distribution over different structures). Since more compli- Mate off)), and choose the best one with respect to cross-validation
or testing. This estimator is simply modifying the ratio of labeled
1A Bayesian network classifier isgenerativeclassifier when the  to unlabeled samples for any fixed Note that this estimator can
class variable is an ancestor (e.g., parent) of some (or all) featuresonly make sense under the assumption that the model is incorrect.

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 structures.
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Figure 1: A snap shot of our realtime facial expression recognition system. On the right side is a wireframe model overlayed on
a face being tracked. On the left side the correct expression, Angry, is detected (the bars show the relative probability of Angry
compared to the other expressions). The subject shown is from the Cohn-Kanade database.

Otherwise, both terms in Expression (3) lead to unbiased estima-tion of classification error. With incorrectly specified generative

tors off. models, active learning is very profitable in quickly reducing er-
Our experiments in [10] suggest that there is then no reasonror, while adding the remainder of unlabeled data might not be

to impose different weights on the data, and much less reason tadesirable.

search for the best weight, when the differences are solely in the .

rate of reduction of variance. Presumably there are a few labeled3.7 Concluding Remarks

samples available and a large number of unlabeled samples; why  The idea of structure search is particularly promising when un-

should we increase the importance of the labeled samples, givinglabeled data are present. It seems that simple heuristic methods,

them more weight to a term that will contribute more heavily to such as the solution proposed by Nigam et al [25] of weighing

the variance? down the unlabeled data, are not the best strategies for unlabeled
. . data. We suggest that structure search, and in particular stochastic
3.6 Active I—eamlng structure search, holds the most promise for handling large amount

All the methods presented above consider a “passive” use ofof unlabeled data and relatively scarce labeled data for classifica-
unlabeled data. A different approach is known as active learning, tion. We also believe that the success of structure search methods
in which an oracle is queried as to the label of some of the unla- for classification increases significantly the breadth of applications
beled data. Such an approach increases the size of the labeled datf Bayesian networks.
set, reduces the classifier’s variance and thus reduces the classifica- In a nutshell, when faced with the option of learning with la-
tion error. There are different ways to choose which unlabeled databeled and unlabeled data, our discussion suggests following the
to query. The straightforward approach is to choose a sample ranfollowing path. Start with Naive Bayes and TAN classifiers, learn
domly. This approach ensures that the data distribyt{oh X) is with only labeled data and test whether the model is correct by
unchanged, a desirable property when estimating generative claslearning with the unlabeled data, using EM and EM-TAN. If the
sifiers. However, the random sample approach typically requiresresult is not satisfactory, then SSS can be used to attempt to fur-
many more samples to achieve the same performance as methther improve performance with enough computational resources.
ods that choose to label data close to the decision boundary. Wdf none of the methods using the unlabeled data improve perfor-
note that, for generative classifiers, the latter approach changes thenance over the supervised TAN (or Naive Bayes), active learning
data distribution therefore leading to estimation bias. Neverthe- can be used, as long as there are resources to label some samples.
less, McCallum and Nigam [23] used active learning with gener-
ative models with success. They proposed to first actively query 4. FACIAL EXPRESSION RECOGNITION
some of the labeled data followed by estimation of the model’s
parameters with the remainder of the unlabeled data. SYSTEM

We performed extensive experiments in [10]. Here we present  Our real time facial expression recognition system is composed
only the main conclusions. With correctly specified generative of a face tracking algorithm which outputs a vector of motion fea-
models and a large pool of unlabeled data, “passive” use of thetures of certain regions of the face. The features are used as inputs
unlabeled data is typically sufficient to achieve good performance. to a Bayesian network classifier. A snap shot of the system, with
Active learning can help reduce the chances of numerical errorsthe face tracking and the corresponding recognition result is shown
(improve EM starting point, for example), and help in the estima- in Figure 1.



Figure 3: Examples of images from the video sequences used in the experiment. Top row shows subjects from the Chen-Huang DB,
bottom row shows subjects from the Cohn-Kanade DB (printed with permission from the researchers).

extract features in the form of 12 facial motion units. There are
seven categories of facial expressions correspondingetdral,

joy, surprise, anger, disgust, saahdfear. For testing we use two
databases, in which all the data is labeled. We removed the labels
of most of the training data and learned the classifiers with the
different approaches discussed in Section 3.

The first database was collected by Chen and Huang [7] and
is a database of subjects that were instructed to display facial ex-
pressions 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). Figure 3 (upper row) shows one frame of each subject from

Figure 2: The facial motion measurements this database.
The second database is the Cohn-Kanade database [22] and
. . . consists of expression sequences of subjects, starting from a Neu-

The face tracking we use in our system IS base_q ona Systemy expression and ending in the peak of the facial expression.
developed by Tao and Huang [33] called the piecewSB& VOl- 1416 are 104 subjects in the database but, because for some of
ume deformation (PBVD) tracker. ._the subjects not all of the six facial expressions sequences were

The face tracker uses a model-based approach where an explicif, 4 apje 1o us, we used a subset of 53 subjects, for which at least
3D wm_aframe model of the face is con_structed. In the first frame four of the sequences were present. For each subject there is at
of the image sequence, landmark facial features such as the €Yfhost one sequence per expression with an average of 8 frames for

corners and. mouth corners are selected interactiyely. The generi(éach expression. Figure 3 (lower row) shows some examples used
face model is then warped to fit the selected facial features. Thein the experiments

face model consists of 16 surfape pa}tchgs embeddedlzreBvol- A summary of both databases is presented in Table 1. We mea-
umes. The surface patches defined in this way are guaranteed to b§ure the accuracy with respect to the classification result of each
continuous and sm_ooth. The shape of the m.eSh,Ca” be changed bPfame, where each frame in the video sequence was manually la-
changing the Iocatlon§ of the control paints In thiker volume: beled to one of the expressions (including Neutral). This manual
The recover_ed motlo_ns are represent_ed in terms of magnitude abeling can introduce some ’noise’ in our classification because
of some predefined motion of various facial features. Each featurethe boundary between Neutral and the expression of a sequence
motion corresponds to a simple deformation on the face, definediS not necessarily optimal, and frames near this boundary might
in terms of the Bzier volume control parameters. We refer to o <o confusion between ,the expression and the Neutral.
these motions vectors as motion-units (MU’s). Note that they are 14 esults are shown in Table 2 showing classification ac-
similar but not equivalent to Ekman’s AU's [14], and are numeric curacy with 95% confidence intervalis. We see that the classi-
in nature, repfeseT‘““‘J not. only Fhe activation. of a facial region, fier trained with the SSS algorithm improves classification per-
but al_so the direction and Intensity of t_he motion. The, 12 MU 5rmance to about 75% for both datasets. Model switching from
used in the face tracker are shown in Figure 2. The MU’s are usedy5iye Bayes to TAN does not significantly improve the perfor-

as the features for the Bayesian network classifiers. mance; apparently, the increase in the likelihood of the data does
not cause a decrease in the classification error. In both the NB and
5. EXPERIMENTS TAN cases, we see a performance degradation as the unlabeled

We show results of Bayesian network classifiers learned with dat@ are added to the smaller labeled dataset (TAN-L and NB-L
labeled and unlabeled data for facial expression recognition. WeC°mPared to TAN-LUL and NB-LUL). An interesting fact arises
use our non-rigid face tracking system presented in Section 4 andom learning the same classifiers with all the data being labeled



Table 1: Summary of the databases and the description of the datasets.

. Overall # of sequences # of sequences per subjectaverage # of frameg Train
Database # of Subjects per expression per expression per expression | #labeled| # unlabeled Test
Chen-Huang DB 5 30 6 70 300 11982 3555
Cohn-Kanade DB 53 53 1 8 200 2980 1000

Table 2: Classification results for facial expression recognition with labeled data (L) and labeled + unlabeled data (LUL). Accuracy
is shown with the corresponding 95% confidence interval.

|

Dataset |

NB-L

l

NB-LUL

l

TAN-L

l

TAN-LUL

l

SSS-LUL |

Chen-Huang

71.25+0.75%

58.54+0.81%

72.45£0.74%

62.840.79%

74.99+0.71%

Cohn-Kanade|

72.50£1.40%

69.1G+1.44%

72.9G:1.39%

69.3G+1.44%

74.80+1.36%

(i.e., the original database without removal of any labels). Now, Java, using the libraries of the JavaBayes system (freely available
SSS achieves about 83% accuracy, compared to the 75% achievedt http://www.cs.cmu.edu/ javabayes). This work has been sup-
with the unlabeled data. Had we had more unlabeled data, it mightported in part by the National Science Foundation Grants CDA-
have been possible to achieve similar performance as with the fully 96-24396 and 11S-00-85980. The work of Ira Cohen has been sup-
labeled database. This result points to the fact that labeled data ar@orted by a Hewlett Packard fellowship.

more valuable than unlabeled data (see [6] for a detailed analysis).
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