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Abstract. Human-Computer Interaction (HCI) has mostly developed along two 
competing methodologies: direct manipulation and intelligent agents. Other 
possible but complementary methodologies are those of augmented cognition 
and affective computing and their adaptive combination. Augmented cognition 
harnesses computation to exploit explicit or implicit knowledge about context, 
mental state, and motivation for the user, while affective computing provides 
the means to recognize emotional intelligence and affects human-computer in-
terfaces and interactions people are engaged with. Most HCI studies elicit emo-
tions in relatively simple settings, whereas augmented cognition and affective 
computing include bodily (physical) embedded within mental (cognitive) and 
emotional events. Recognition of affective states currently focuses on their 
physical form (e.g., blinking or face distortions underlying human emotions) 
rather than implicit behavior and function (their impact on how the user em-
ploys the interface or communicates with others). Augmented cognition and af-
fective computing are examined throughout this paper regarding design, im-
plementation, and benefits. Towards that end we have designed an HCII inter-
face that diagnoses and predicts whether the user was fatigued, confused, frus-
trated, momentarily distracted, or even alive through non-verbal information, 
namely paralanguage, in a virtual reality (VR) learning environment.  

1   Introduction 

Augmented cognition extends users’ abilities to improve their performance and pro-
vide for graceful degradation. “the field of Augmented Cognition has the explicit goal 
of utilizing methods and designs that harness computation and explicit knowledge 
about human limitations to open bottlenecks and address the biases and deficits in 
human cognition” (http://www.augmented.cognition.org). Here, it is the computer or 
avatar rather than the human user that has its cognition augmented to overcome biases 
and enhance its performance. Towards that end, one seeks to design and implement a 
closed loop that becomes aware of subjects’ intentions and emotions. Face analysis 
and processing is integral to this endeavor. There is feedback based among others 
upon facial displays, the interface is adaptive, and anticipation is driven by predic-
tions. Both context and the subjects’ (mental states) models are attended to or inferred 
to leverage the connections between personal appearance, cognitive state, and behav-
ior, for an enhanced authentication of user identity and/or purposeful activity and their 
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interpretation. Augmented cognition parses both covert and overt communication and 
supports switching among contexts.  

The questions augmented cognition addresses are not limited to human identity. 
They are also about what the (face) messages convey and the reasons behind them, 
the place and time (sequence), and the channels of communication used. W5+ (see 
Sect. 4) is a succinct framework that encompasses such queries. It bears a close rela-
tionship to several new disciplines related to human-computer intelligence interaction, 
including aware computing, cognitive prostheses, human-centered computing, and 
pervasive and ubiquitous computing. Yet another emerging discipline, socially aware 
computing [35], takes into account the social context in support of group activities. 
Belief networks [33] are the method of choice to model and implement augmented 
cognition.  

Paralanguage, part and parcel of augmented cognition, refers to any (nonverbal) 
communication that goes beyond spoken words and includes inflection, emotions, and 
gestures. Sadness, according to Knapp and Hall [26], is communicated when “the 
inner corners of the eyebrows are drawn up. The skin below the eyebrows is triangu-
lated, with the inner corner up. The upper-eyelid inner corner is raised.” The medium 
of paralanguage or non-verbal face (and body) display plays a major role in Human 
authentication / face recognition and avatars’ design. Face communication includes 
gestures to modify and/or help with understanding, e.g., nodding or shaking the head, 
frowning for puzzlement, and raising the eyebrows for questioning. Gaze direction 
reveals mental state and social contact, e.g., intimacy, directness, and honesty [3].  

Immersive virtual environments can increase access for learners in regular physics 
and math education curriculum, by providing 3D abstraction for those concepts that 
cannot be represented in alternative delivery formats [5]. The integration of aug-
mented cognition with avatars allows the learning system to adapt to learners’ affec-
tive and mental states. When the Human-Computer Intelligent Interaction (HCII) per-
ceives the learning user’s frustration, it replaces challenging problems with comfort-
able review materials and explanations. The new HCII paradigm will have profound 
and broad impact in learning, training, and gaming applications that are yet to be con-
ceived and developed.  

2   Learning Systems 

ScienceSpace, an NSF funded project, is a set of immersive virtual worlds designed to 
aid students in mastering challenging concepts in science [37].  It consists of three 
worlds ⎯ NewtonWorld, MaxwellWorld, and PaulingWorld. NewtonWorld provides 
an environment for investigating the kinematics and dynamics of one-dimensional 
motion. MaxwellWorld supports the exploration of electrostatics, leading up to the 
concept of Gauss’s Law. PaulingWorld enables the study of molecular structures via a 
variety of representations, including quantum-level phenomena. Through multisen-
sory immersion in three-dimensional synthetic environments, learners themselves 
become part of the physical phenomenona, gaining direct experiential intuitions about 
how the natural world operates. MUVE: Multi-User Virtual Environment, is another 
NSF funded project for creating multi-user virtual environments that use digitized 
museum resources to enhance middle school students' motivation and learning about 
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science and its impacts on society [6]. MUVEs enable multiple simultaneous partici-
pants to access virtual architectures configured for learning, to interact with digital 
artifacts, to represent themselves through graphical "avatars," to communicate both 
with other participants and with computer activities of various types. We also build a 
computational steering system for learners to understand the concepts of velocities 
and pressures, but without any previous knowledge of the differential continuity equa-
tion and Navier-Stokes equations for incompressible flow [5]. By looking at a fluid 
flow area, students can see the propagations of the pressures and velocities, and un-
derstand Navier-Stokes equations which govern the fluid flow field as a whole. The 
animated process gives much insight to the meanings of the parameters, variables, and 
the dynamic processes of the equations. We have been integrating the learning sys-
tems with HCII that is discussed below. The smart user interface responds to learner’s 
activity and progress, while at the same time learns about users’ inner emotion and 
motivation. The implication of this development is broad and profound.  

2   Paralanguage 

Emotions have an affective valence, i.e., a positive or negative feeling. Surprise is 
considered to be valence neutral, before giving way to happiness or sadness. Interest, 
however, is an inner or cognitive state rather than just an emotion [9]. The genetic 
narrative for facial displays, modulated by specific survival needs, led Panksepp [32] 
and Gray [23] to suggest specific biological drives that explain the “basic” emotions 
witnessed. Rather than merely serving as the means for communication, the drives 
are special routines or programs that provide an indication for intention and predict 
human behavior. Ortony and Taylor [31] model anger as a mix of several drives 
“The furrowed brow might accompany frustration or puzzlement; the open set 
mouth, pre adapted attack; the compressed lips, resolve; the raised upper eyelids, 
increased vigilance and attention” [9]. The drives themselves can be further decom-
posed or assembled from sub-drives and so on. Facial display and emotional state are 
not necessarily equivalent [20]. There are, however, many possible associations, e.g., 
the intention to fight and the display of anger. Staring, usually rude, is used for con-
trol and power. Medusa’s look petrifies humans. People “face off” and “face down,” 
when competing. “Saving face” and “losing face” are related to dignity. Expressions 
affect or reinforce emotions.  

Fernandez-Dols et al. [16] discuss inconsistencies in the way emotions and facial 
expressions are linked. The same ambiguities, which affect natural language process-
ing, hamper paralanguage too. The consequences are observed by all but the inten-
tions are hidden. The observables are expressed using communication via either 
regular language or paralanguage. The search or inference, for the physiological 
processes behind the observed or expressed behavior, is similar to that expressed by 
Hidden Markov Models (HMM). The problem raised by Fernandez-Dols et al. [16] 
is that “emotions are particularly opaque to and challenge language.”  

The empirical but standard approach for studying emotions goes back to Darwin’s 
The Expression of the Emotions in Man and Animals. The approach, more recently 
associated with Izard [24] and summarized by Ekman [13], has been idealistic in its 
belief in universal emotions. According to the idealistic view, there are basic emotions, 
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whose production (modulated by culture) and (innate) recognition has been regulated 
by evolutionary needs. Today, however, one is constantly aware about and seeks indi-
vidual (rather than universal) profiles and preferences. Emotions are further driven by 
context and motivation. Human behavior is situated, and above all, sequenced or time 
dependent rather than static.  

According to Ginsburg and Harrington [22], “emotion is action in context.” The al-
ternative view ultimately espoused by Fernandez-Dols et al. [16] is that “facial ex-
pressions are not ‘persistent’ objects or concepts but ‘rather experienced only once 
and not unique’ events.” According to this view, the facial expression is an icon, 
which suggests similarity rather than a pointer to some static and unique emotions.  

3   Face Expressions 

The expressions the idealistic approach finds to be universal include anger, disgust, 
fear, joy, sadness and surprise. “These signals emerge in infancy and on a reliable 
timetable. They are almost certainly unlearned. The smile and surprise appear ‘first’ 
at birth. Thalidomide babies born blind, deaf, and armless show them” [29]. The 
computer study of face expressions traces its origins to the Facial Action Coding Sys-
tem (FACS), which is based on measurements of facial actions [12]. FACS defines a 
repertoire of Action Units (AU) that is driven by the complex interplay between the 
skull/cranium and bones, the soft tissue / flesh, and the muscles.  

The analysis of face expressions serves several purposes. Among them, indexing of 
inner states and emotion displayed, either spontaneous or deliberate, for augmented 
cognition. Similar to pose detection, which leads to subsequent face recognition  
indexed for that particular pose, one trains on face recognition constrained by the spe-
cific face expressions displayed. Face expression analysis requires image acquisition, 
image representation, and classification. The methods used to represent face expres-
sions involve the aggregation of deformations starting from some neutral state. The 
methods are similar to those employed to define and encode the face space or those 
used to transform and warp faces for animation and virtual reality. The latter capture 
the dynamic aspect and bear resemblance to motion analysis, e.g., (dense) optical 
flow and tracking [38]. Another alternative, MPEG-4-SNHC [27], includes analysis, 
coding, and animation (of talking heads).  

Facial expressions are deformations that result from the contractions of facial mus-
cles. “Typical changes of muscular activities are brief, lasting for a few seconds, but 
rarely more than 5s or less than 250 ms. ‘Timing of’ facial expressions can be de-
scribed with the aid of three temporal parameters: onset (attack), apex (sustain), and 
offset (relaxation)” [15]. Demographics, factors related to denial (“occlusion”) and 
deception (“masking”), and the geometry and ambient lighting experienced during the 
image acquisition process, affect the analysis of face expressions. The representations 
used are local, e.g., Gabor filters, or global, e.g., PCA. Classification aggregates and 
relates among temporal information, e.g., HMM or (recursive) neural networks. A note 
of interest is that aphasics, people who show deficit in understanding spoken language, 
are “unusually sensitive to deceitful behavior and significantly more accurate than  
controls at detecting lies” possibly from “the growth of compensatory skills” [14].  
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Donato et al. [10] report on an extensive study concerning the automatic classifica-
tion of facial expressions from image sequences. The methods used include analysis of 
facial motion through estimation of optical flow; holistic spatial analysis, such as PCA, 
independent component analysis (ICA), local feature analysis (LFA), and LDA; and 
methods based on the outputs of local filters, such as Gabor wavelet representations 
and local PCA. Best performance on classifying twelve facial actions of the upper and 
lower face were obtained using Gabor wavelets and ICA. Local filters, high spatial 
frequencies, and statistical independence were found most important for classifying the 
facial actions. Cohn et al. [8] have measured facial expressions over intervals from four 
to twelve months, and found that individual differences were stable over time and “suf-
ficiently strong that individuals were recognized on the basis of their facial behavior 
alone at rates comparable to that for a commercial face recognition system.” They  
conclude that “facial action units convey unique information about person identity that 
can inform interpretation of psychological states, person recognition, and design of 
individual avatars.”  

Fidaleo and Neumann [17] partition the face into local regions of change, which 
are labeled as co-articulation (CoArt) regions. Each of the local CoArt regions dis-
plays its own texture while actuated by a limited number of facial muscles or degrees 
of freedom, and the coupling between such regions is limited. Significant reduction in 
the dimensionality of the facial gesture data can be further achieved using PCA. One 
of the important innovations made comes from using Gesture (second d-order) Poly-
nomial Reduction (GPR) to model and learn the G-manifolds or trajectories that cor-
respond to different facial gesture movements and/or speech (viseme) sequences. 
GPR overcomes the limitations of the discrete face space defined by CoArt. Both the 
input and output space for GPR are continuous. GPR drives 2D Muscle Morphing 
animation where a mass – spring muscle system drives the control points. Synthesis 
for direct animation, driven by GPR modeling, is achieved by using a single camera 
and varying the settings in terms of user models, context, and lighting. An added ad-
vantage of GPR comes from the use of intensity for the gestures analyzed. Fidaleo 
[18] describes a new approach that integrates analysis and data-driven synthesis for 
emotive gesture and speech analysis, on one side, and 3D avatar animation, on the 
other. This is essential for the development of intelligent human-machine interfaces.  

4   W5+  

Non-verbal information or paralanguage facilitates now a special type of communica-
tion, where the ultimate goal is to probe the inner (cognitive and affective) states  
of the mind before any verbal communication has been even contemplated and/or 
expressed. The existing work on facial processing can be extended to task relevant 
expressions rather than the typical arbitrary set of expressions identified in face proc-
essing research. This is characteristic of the Nominalistic approach and leads incre-
mentally to W5+ [11] and HCII via traditional HCI and dynamic Bayesian (belief) 
networks (DBN) approaches as described next. 

HCI has mostly developed along direct manipulation and intelligent agents (also 
known as delegation) [28]. These methodologies can be contrasted as the computer 
sitting passively waiting for input from the human vs. the computer taking over from 
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the human. Another dimension for HCI is that of affective computing [36], which is 
concerned with the means to recognize “emotional intelligence.” Most HCI studies 
elicit emotions in relatively simple settings, whereas emotional intelligence includes 
both bodily (physical) and mental (cognitive) events. There are many interacting but 
hidden factors behind the display of expressions, and a probabilistic approach that 
includes uncertainty in their interpretation is required. The usual approach involves 
Bayesian networks, in general, and Hidden Markov Models, in particular.  

The ultimate goal for smart interfaces is to expand and complement the human 
perceptual, intellectual, and motor activities. The old debate between direct manipula-
tion and delegation using software agents has led to the realization that what is really 
needed is “to look at people, to understand them, and to adapt to them” [7]. This leads 
to HCII (see Fig. 1) in general, and W5+, in particular, which are adaptive and smart.  

The range of questions 
W5+ can answers includes 
queries about location 
(where), identity (what 
and who), time (when), 
motivation (why), and 
modality (how). W5+ in-
tegrates parsing and inter-
pretation of non-verbal 
information with a compu-
tational model of the user, 
which in turn feeds into 
processes that adapt the 
interface to enhance user 
performance and provide 
for rational decision-

making. The availability of users’ embodied cognitive models is used in an adaptive 
fashion to enhance human-computer interactions and to make them appear intelligent, 
i.e., causal, to an outside observer. HCII promotes human activity and creativity. It 
combines the (computational) ability to perceive multimodal affordance (input) pat-
terns, reasoning and abstraction, learning and adaptation, and meaningful communica-
tion. These concepts, akin to perceptual intelligence [34], echo those of Kant, for 
whom “perception without abstraction is blind, while abstraction without perception is 
empty.” 

To reach the sophisticate characteristic of HCII, one needs to (a) perceive users’ 
behaviors; (b) infer users’ cognitive and affective states on the basis of those behav-
iors; (c) adapt to help the users achieve their goals; and (d) improve the quality of 
interactions for users [11]. Adaptive interfaces are especially needed in situations 
where the user may become confused and frustrated in carrying out tasks with a com-
puter application. Time stamped records for both explicit and implicit user behaviors 
are maintained for dynamic modeling purposes. These behaviors are natural forms of 
non-verbal communication that signal particular affective states such as confusion, 
frustration, fatigue, stress, and boredom. The record of explicit and implicit behaviors 
serves as input to a computational model of embodied cognition, e.g., ACT-R/PM 
cognitive architecture [4]. ACT-R/PM is a framework to create models of cognitive 

Fig. 1. Human-Computer Intelligent Interaction 
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processing out of fundamental building blocks of cognition, perception and motor 
control. The outputs from ACT-R/PM drive HCII to align itself with the user’s task 
and cognitive states, subject to the affective states mentioned above. The range of 
adaptations includes (i) presentation of pertinent tutorial information; (ii) reduction or 
enhancement of visual and auditory stimulation; (iii) emphasis of the most relevant 
information and de-emphasis of secondary information (for the subtask at hand); (iv) 
acceleration or deceleration of the pace of interaction; and (v) dynamic adjustment of 
the reactivity of the input devices in response to transient physical motor problems. 
ACT-R/PM enables HCII to react to a problem or specific need after it occurs,  
i.e., reactive adaptation, as well as to anticipate an upcoming problem or need and act 
before it occurs, i.e., proactive adaptation. 

A cognitive model solves the same tasks as humans do using similar cognitive steps. 
An embodied cognitive model is endowed with affective states to match the user’s 
states, and with the ability to perceive and interact with an external world in a similar 
way as the user does. Embodied cognition uses affective sub – symbols and their de-
gree of belief, derived earlier by the perceptual and behavioral processing modules. 
Building models of embodied cognition calls for a specific cognitive architecture, e.g., 
ACT-R, Soar, EPIC, 3CAPS, which includes a relatively complete and well validated 
framework for describing basic cognitive activities, possibly at a fine granularity. Cur-
rently the framework that works best for building models of embodied cognition ap-
pears to be ACT-R/PM, a system that combines the ACT-R cognitive architecture [2] 
with a modal theory of visual attention [1] and motor movements [25].  

ACT-R/PM is a hybrid production system architecture, which represents knowledge 
at both a symbolic level (declarative memory elements and productions) and sub-
symbolic level (the activation of memory elements, the degree of association among 
elements, the probability of firing productions, etc). ACT-R/PM contains precise (and 
successful) methods for predicting reactions times and probabilities of responses that 
take into account the details of and regularities in motor movements, shifts of visual 
attention, and capabilities of human vision. The task for the embodied cognition mod-
ule is to build a detailed mapping of interpretations, i.e., motion/affective states, for 
parsed sensory-motor data within the ACT-R/PM model. One can extend ACT-R/PM 
to make it a true model of embodied cognition by incorporating the effects of affect on 
performance.  

The scope for W5+ and HCII extends beyond cognitive and affective states and  
includes understanding and/or ascribing intentions. The tentative narrative for such an 
expansion comes from the discovery of mirror neurons in Broca’s and pre-motor cor-
tical areas of the brain, which fire when performing an action or when observing the 
same action performed by another subject [19] [30]. Such neurons, a kind of mind 
readers making predictions on others’ expected behavior, appear to be important for 
imitation learning and for encoding the intentions behind particular actions. Lack of 
the mirror neurons is conjectured to be responsible for autism.  

5   Integration of Learning and HCII 

We are developing an online math education system with combination of networking, 
computer graphics, data mining, data access and data base management technologies 
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to facilitate student online education [21]. The features of interaction, intelligent 
evaluation, distributed access, and data management are characteristics of such physi-
cal environments. An added student profiling system aims for achieving high grades 
for elementary school students. The system provides an interactive mathematical 
learning environment that is personalized to each student with intelligent state feed-
back to tailor the appropriate mathematics exam data set for the student in order to 
evolve his/her mathematical skills. If the student responds correctly, he/she will be 
challenged with a more difficult test question set. If he/she responds incorrectly, an 
easier question set will be administered at the next round. On the completion of  
the academic assessment, the student receives feedback that shows the correct an-
swers of each question, the difficulty level of the questions, the student�s final score 
to each set, and a predicted score along with probability bands that show satisfactory 
performance ranges.  

A simple application of the HCII is to identify the learner’s current states: positive 
(happy, successful, advantage, etc.) and negative (unhappy, frustration, retreat, etc.). In 
the learning system, the current state of the learner along with his/her current physical 
and verbal commands, in addition to performance, are used to compose the system 
feedback. The response includes decisions on levels of performance, problem sets, and 
contents of learning. The interactions, in addition to text and graphics, include a virtual 
human instructor that provides communications in facial animation and verbal feed-

back. The virtual instructor 
complements the learning 
environment with rich, face-
to-face learning interactions. 
It can demonstrate complex 
tasks, employ locomotion and 
gesture to focus students' 
attention on the most salient 
aspect of the task, and convey 
emotional responses in the 
learning process. The ani-
mated instructor is an expres-
sion of the system in response 
to the student’s activity and 
emotion.  

The boundaries between 
the ‘real world’, augmented 

reality, and virtual environments are blurred to create a mixed reality: an adaptive and 
virtual reality human computer interface for VR learning environments. On one hand, 
we employ VR technologies to build HCI and simulate complex phenomena to help 
learning. On the other, we seek to enhance the real environment instead of replacing 
it. The result is an emerging ecosystem that interfaces people and computing devices, 
promotes mutual understanding, decreases the cognitive load experienced by the user, 
and leads to optimal sharing of the computational load.  

Our system architecture includes sensory input and output, adaptive virtual inter-
face, and the intelligent reconfiguration of the HCI depending on the learner’s pro-
file/preference (Fig. 2). At the design stage, our sensory input includes eye tracking, 
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Fig. 2. Integration of learning and HCII 
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voice recognition, VR 3D position/orientation tracking, and tactile sensory devices. 
Each sensory input is used to control all possible HCI input components, while mul-
tiple sensory input forms can dynamically reconfigure according to the learner’s 
ability and/or preference. The implementation stage of this project emphasizes on 
eye tracking and voice recognition.  
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