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Changesin the human face occur due to many factors, including communication, emotion,
speech, and physiology. Most systemsfor facial expressionanalysisattempt to recognizeone or
moreof thesefactors,resulting in a machine whoseinputs arevideosequencesor static images,and
whoseoutputs are, for example,basicemotioncategories.Our approach is fundamentally di�erent.
We make no prior commitment to someparticular recognition task. Instead, we considerthat the
meaning of a facial display to an observer is contained in its relationship to actionsand outcomes.
Agents must distinguish facial displays accordingto their a�or dances, or how they help an agent
to maximize utilit y. We show how an agent can learn relationships between observations of a
person'sface,the context in which that personis acting, and its own actionsand utilit y function.
The agent can then baseits decisionson theselearned decision-theoreticmodels, allowing it to
make value-directedaction choicesbased,in part, upon observed facial displays.

Recent research on the communicative function of the facesupports our approach. Psychologists
have concludedthat facial displays are purposefulcommunicative signals[1], that the purposeis
dependent on both the display and the context of its emission[4], and that the signalsvary widely
between individuals [4]. Theseconsiderationsimply that a rational communicative agent must
learn the relationshipsbetweenfacial displays, the context in which they are shown, and its own
utilit y function: it must be able to compute the utilit y of taking actions in situations involving
purposeful facial displays. The agent will then be able to make value-directeddecisionsbased,
in part, upon the \meaning" of facial displays ascontained in theselearnedconnectionsbetween
displays, context, and utilit y. Learning theserelationshipswill further allow an agent to adapt to
new interactants and new situations.

The model we proposeis a partially observable Markov decisionprocess,or POMDP, which
realisesthe designconstraints suggestedby the psychology literature, combining the recognition
of facial signalswith their interpretation and usein a consistent utilit y-maximization framework.
The parametersof the model are learned from training data using an a posteriori constrained
optimization technique, such that an agent can learn to act basedon the facial signalsof a human
through observation. The training is unsupervised: we do not train classi�ers for individual facial
displays, and then combine them in the model. Rather, the learning processdiscoversclustersof
facial motionsand their relationship to the context automatically. The advantageof this approach
is threefold. First, we do not needexpert knowledgeabout which facial motions are important.
Second,sincethe systemlearnscategoriesof motions, it will adapt to novel gesturesor displays
without modi�cation. Third, resourcescan be focusedon tasks that will be useful for the agent.
It is wasteful to train complex classi�ers for the recognition of �ne facial motion if only simple
displays are being usedin the agent's context.

1



A POMDP is a probabilistic temporal model of an agent interacting with the environment [3],
shown asa Bayesiannetwork in Figure 1. A POMDP describeshow an agent's actions, A, a�ect
the state of the world, S, which may be only observable through its e�ects on observations, O.

A reward function, R(S;A), de�nes the utilit y of performing
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Figure 1: A POMDP.

actions in world states. The parametersof the model include
a transition function, T � P(St jA tSt � 1) and an observation
function, B � P(Ot jStA t ). The agent's actions, A, are chosen
from a �nite set of discrete possibilities. The states, S, com-
bine both observable descriptorsof context, and unobservable
high-level descriptorsof facial display sequences,O. The ob-
servations, O, are sequencesof video frames,and so the obser-
vation function, B , de�nes temporal and spatial abstractions
of input video data, allowing decisionmaking to occur over a
small set of stateswhich are summarizationsof the continuous
sensorysignals. For example,one such state may correspond

with the wink of an eye, another may correspond to a smile, and decisionsmay madebasedupon
distributions over thesehigh-level motion states. The models for building theseabstractionsare
multi-level dynamic Bayesian networks, which couple dynamics and con�guration information
about the human face. The model is not restricted to learning facial displays: the samestructure
could learn any visually observable temporally variable feature, such as gestures.Figure 2 shows
an exampleof our model explaining part of a video sequencein which a personsmiles.

We trained the POMDP model on videos of a two-player cooperative card game. The game
is structured such that communication is crucial to play, but the players can only see(not hear)
their teammate through a real-time video link. There are no gamerules concerningthe video
link, so there are no restrictions placed on communication strategiesthe players can use. The
players naturally cameup with simple headgesturesand facial expressionsto help them win the
game. Our POMDP model was trained on a portion of the data, and and approximate policy of
action was computed. When applied to the remaining portion of the data, the POMDP inferred
the facial displays that the playerswereusing, and correctly predicted the human player's actions
in the test data. An autonomousgame playing agent using this model, therefore, would have
played as well as the human player. Our current work involves �nding redundant states in the
learned POMDP, leading to value-directed structure learning of the observation function: the
model learnswhich displays are useful to distinguish.
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Figure 2: Observation function for the POMDP. Observations, O, are sequencesof images, I ,
and imagetemporal derivatives, f t , both of which are projected over the facial region to a set of
basisfunctions, yielding featurevectors,Zx and Zw. The imageregions,H , areprojected directly,
while it is actually the optical 
o w �elds, V, related to the imagederivativeswhich are projected
to the basisfunctions [2]. Zx and Zw are both modeledusing mixtures of Gaussians,X and W,
respectively. The classdistributions, X and W, are temporally modeledasmixture, S, of coupled
Markov chains. The probability distribution over S is at the top. The most likely state, S = 1,
can be associated with the concept \smile". Probability distributions over X and W are shown
for each time step. All other nodesin the network show their expected value given all evidence.
Thus, the 
o w �eld, v, is actually hvi =

R
v vP(vjO).
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