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Abstract. The capability of perceiving and expressing emotions through
di!erent modalities is a key issue for the enhancement of human-computer
interaction. In this paper we present a novel architecture for the devel-
opment of intelligent multimodal a!ective interfaces. It is based on the
integration of Sentic Computing, a new opinion mining and sentiment
analysis paradigm based on AI and Semantic Web techniques, with a
facial emotional classifier and Maxine, a powerful multimodal animation
engine for managing virtual agents and 3D scenarios. One of the main
distinguishing features of the system is that it does not simply perform
emotional classification in terms of a set of discrete emotional labels but
it operates in a continuous 2D emotional space, enabling the integration
of the di!erent a!ective extraction modules in a simple and scalable way.

Keywords: AI, Sentic Computing, NLP, Facial Expression Analysis,
Sentiment Analysis, Multimodal A!ective HCI, Conversational Agents.

1 Introduction

Emotions are a fundamental component in human experience, cognition, percep-
tion, learning and communication. A user interface cannot be considered really
intelligent unless it is also capable of perceiving and expressing emotions. For
this reason, a!ect sensing and recognition from multiple modalities is getting a
more and more popular research field for the enhancement of human-computer
interaction (HCI).

In this paper we present a novel architecture for integrating a process for
reasoning by analogy over a!ective knowledge, a facial emotional classifier and
a multimodal engine for managing 3D virtual scenarios and characters.

The structure of the paper is the following: Section 2 presents the state of the
art of multimodal a!ective HCI, Section 3 briefly describes the proposed archi-
tecture, Section 4 explains in detail how the a!ect recognition and integration
are performed and, eventually, Section 5 comprises concluding remarks and a
description of future work.
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2 Multimodal A!ective HCI

Human computer intelligent interaction is an emerging field aimed at providing
natural ways for humans to use computers as aids. It is argued that for a com-
puter to be able to interact with humans it needs to have the communication
skills of humans. One of these skills is the a!ective aspect of communication,
which is recognized to be a crucial part of human intelligence and has been
argued to be more fundamental in human behaviour and success in social life
than intellect [1][2]. Emotions influence cognition, and therefore intelligence, es-
pecially when it involves social decision-making and interaction.

The latest scientific findings indicate that emotions play an essential role in
decision-making, perception, learning and more. Most of the past research on
a!ect sensing has considered each sense such as vision, hearing and touch in
isolation. However, natural human-human interaction is multimodal: we com-
municate through speech and use body language (posture, facial expressions,
gaze) to express emotion, mood, attitude, and attention.

A!ect recognition from multiple modalities has a short historical background
and is still in its first stage [3]. It was not till 1998 that computer scientists
attempted to use multiple modalities for recognition of emotions/a!ective states
[4]. The results were promising: using multiple modalities improved the overall
recognition accuracy helping the systems function in a more e"cient and reli-
able way. Following the findings in psychology, which suggested that the most
significant channel for judging emotional cues of humans is the visual channel
of face and body [5], a number of works combine facial expressions and body
gestures for a!ect sensing [6][7][8]. Other approaches combine di!erent biological
information such as brain signals or skin conductivity for a!ect sensing [9][10].

However this research makes use of a single information channel, i.e. a single
type of computer input device, and, therefore, must assume the reliability on this
channel. For that reason, the trend in recent works is to consider and combine
a!ective information coming from di!erent channels. That way, eventual changes
on the reliability of the di!erent information channels are considered.

Recent literature on multimodal a!ect sensing is focused on the fusion of data
coming from the visual and audio channels. Most of those works make use of the
visual channel for body gesture recognition [11] or facial expression classification
[12] and the audio channel to analyze non-linguistic audio cues such as laugh-
ters [13], coughs [14] or cries [15]. However, very few works fuse information
coming from the visual channel with linguistic-based (speech contents) audio
a!ect sensing. With all these new areas of research in a!ect sensing, a number
of challenges have arisen. In particular, the synchronization and fusion of the
information coming from di!erent channels is a big problem to solve.

Previous studies fused emotional information either at a decision-level, in
which the outputs of the unimodal systems are integrated by the use of suitable
expert criteria [16], or at a feature-level, in which the data from both modalities
are combined before classification [17]. In any case, the choice of fusion strategy
depends on the targeted application.
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Accordingly, all available multimodal recognizers have designed and/or used
ad-hoc solutions for fusing information coming from multiple modalities but
cannot accept new modalities without re-defining the whole system. In summary,
there is not a general consensus when fusing multiple modalities and systems’
scalability is not possible.

3 Overview of the System

The architecture proposed (illustrated in Fig. 1) is based on the multimodal
animation engine Maxine [18], and it consists of four main modules: Perception,
A!ective Analysis, Deliberative/Generative and Motor module.

The Perception module simply consists of the hardware necessary to gather
the multimodal information from the user i.e. keyboard, microphone and web-
cam. The A!ective Analysis module aims to infer the user’s a!ective state from
the di!erent inputs and integrate it. The Deliberative/Generative module is in
charge of processing the extracted emotional information to manage the virtual
agent’s decisions and reactions, which are finally generated by the Motor mod-
ule. In this paper we focus on the presentation of the a!ective sensing part of
the system, explained in detail in Section 4.

Fig. 1. Sentic Avatar’s architecture

4 A!ective Analysis Module

The A!ective Analysis Module is in charge of extracting emotions from the
textual, vocal and video inputs and integrate them.

It consists of three main parts: Sentic Computing, for inferring emotions from
typed-in text and speech-to-text converted contents (Section 4.1), Facial Expres-
sion Analyzer, for extracting a!ective information from video (Section 4.2), and
A!ective Integrator, for integrating the outputs coming from the two previous
modules (Section 4.3).
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4.1 Sentic Computing

Sentic Computing [19] is a new opinion mining and sentiment analysis paradigm
which exploits AI and Semantic Web techniques to better recognize, interpret
and process opinions and sentiments in natural language text.

In Sentic Computing, whose term derives from the Latin ‘sentire’ (the root
of words such as sentiment and sensation) and ‘sense’ (intended as common
sense), the analysis of text is not based on statistical learning models but rather
on common sense reasoning tools [20] and domain-specific ontologies [21]. Dif-
ferently from keyword spotting [22][23][24], lexical a"nity [25][26] and statis-
tical [27][28][29] approaches, which generally requires large inputs and thus
cannot appraise texts with satisfactory granularity, Sentic Computing enables
the analysis of documents not only on the page or paragraph-level but also on the
sentence-level.

A!ectiveSpace. A!ectiveSpace [30] is a multi-dimensional vector space built
from ConceptNet [31], a semantic network of common sense knowledge, and
WordNet-A!ect, a linguistic resource for the lexical representation of a!ective
knowledge [32]. The blend [33] of these two resources yields a new dataset in
which common sense and a!ective knowledge coexist i.e. a 14,301 ! 117,365
matrix whose rows are concepts (e.g. ‘dog’ or ‘bake cake’), whose columns are
either common sense and a!ective features (e.g. ‘isA-pet’ or ‘hasEmotion-joy’),
and whose values indicate truth values of assertions.

In this knowledge base each concept is represented by a vector in the space of
possible features whose values are positive for features that produce an assertion
of positive valence (e.g. ‘a penguin is a bird’), negative for features that produce
an assertion of negative valence (e.g. ‘a penguin cannot fly’) and zero when
nothing is known about the assertion. The degree of similarity between two
concepts, then, is the dot product between their rows in the blended matrix.

The value of such a dot product increases whenever two concepts are de-
scribed with the same feature and decreases when features that are negations
of each other describe them. When performed on the blended matrix, however,
these dot products have very high dimensionality (as many dimensions as there
are features) and are di"cult to work with. In order to approximate these dot
products in a useful way, we project all of the concepts from the space of features
into a space with many fewer dimensions i.e. we reduce the dimensionality of
the matrix by means of principal component analysis (PCA).

In particular, we perform truncated singular value decomposition (TSVD)
[34] in order to obtain a new matrix that forms a low-rank approximation of
the original data and represents, for the Eckart–Young theorem [35], the best
estimation of the original data in the Frobenius norm sense. By exploiting the
information sharing property of truncated SVD, concepts with the same a!ective
valence are likely to have similar features – that is, concepts conveying the same
emotion tend to fall near each other in A!ectiveSpace. Concept similarity does
not depend on their absolute positions in the vector space, but rather on the
angle they make with the origin.
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Fig. 2. A sketch of A!ectiveSpace

For example we can find concepts such as ‘beautiful day’, ‘birthday party’,
‘laugh’ and ‘make person happy’ very close in direction in the vector space,
while concepts like ‘sick’, ‘feel guilty’, ‘be laid o!’ and ‘shed tear’ are found in a
completely di!erent direction (nearly opposite with respect to the center of the
space). If we choose to discard all but the first 100 principal components, common
sense concepts and emotions are represented by vectors of 100 coordinates: these
coordinates can be seen as describing concepts in terms of ‘eigenmoods’ that
form the axes of A!ectiveSpace i.e. the basis e0,...,e99 of the vector space. For
example, the most significant eigenmood, e0, represents concepts with positive
a!ective valence. That is, the larger a concept’s component in the e0 direction
is, the more a!ectively positive it is likely to be. Concepts with negative e0

components, then, are likely to have negative a!ective valence.

The Hourglass of Emotions. The Hourglass of Emotions is an a!ective cate-
gorization model developed starting from Plutchik’s studies on human emotions
[36]. In the model (illustrated in Fig. 3) sentiments are reorganized around four
independent dimensions whose di!erent levels of activation make up the total
emotional state of the mind. The Hourglass of Emotions, in fact, is based on the
idea that the mind is made of di!erent independent resources and that emotional
states result from turning some set of these resources on and turning another
set of them o! [37].

The model is particularly useful to recognize, understand and express emo-
tions in the context of human-computer interaction (HCI). In the Hourglass of



86 E. Cambria et al.

Fig. 3. The Hourglass of Emotions

Emotions, in fact, a!ective states are not classified, as often happens in the field
of emotion analysis, into a few basic categories, but rather into four concomitant
but independent dimensions – Pleasantness, Attention, Sensitivity and Aptitude
– in order to understand how much respectively:

1. the user is happy with the service provided
2. the user is interested in the information supplied
3. the user is comfortable with the interface
4. the user is disposed to use the application

Each a!ective dimension is characterized by six levels of activation that deter-
mine the intensity of the expressed/perceived emotion, for a total of 24 labels
specifying ‘elementary emotions’. The concomitance of the di!erent a!ective di-
mensions makes possible the generation of ‘compound emotions’ such as love,
given by the combination of joy and trust, or disappointment, given by the con-
comitance of surprise and sadness.

Sentics Extraction Process. The text contents typed-in by the user and the
dialogue contents, traslated into text using Loquendo automatic speech recog-
nition (ASR) [38], go through a Natural Language Processing (NLP) module,
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Fig. 4. Sentics Extraction Process

which performs a first skim of the document, a Semantic Parser, whose aim is
to extract concepts from the processed text, and eventually A!ectiveSpace, for
the inference of concepts’ a!ective valence (Fig. 4).

In particular, the NLP module interprets all the a!ective valence indica-
tors usually contained in text such as special punctuation, complete upper-case
words, onomatopoeic repetitions, exclamation words, degree adverbs or emoti-
cons, and it ultimately lemmatizes text.

The Semantic Parser exploits a concept n-gram model extracted from Con-
ceptNet graph structure in order to deconstruct text into common sense con-
cepts. Once concepts are retrieved from the lemmatized text, the parser also
provides, for each of these, the relative frequency, valence and status i.e. the
concept’s occurrence in the text, its positive or negative connotation, and the
degree of intensity with which the concept is expressed.

The A!ectiveSpace module, eventually, projects the retrieved concepts into
the vector space clustered (using a k-means approach) wrt the Hourglass model,
and infers the a!ective valence of these according to the positions they occupy
in the multi-dimensional space.

Therefore, the outputs of the Sentics Extraction Process are four dimensional
vectors, called ‘sentic vectors’, which specify the emotional charge carried by
each concept in terms of Pleasantness, Attention, Sensitivity and Aptitude. This
information is ultimately exploited to produce emotional labels which are given
as inputs to the A!ective Integrator, as shown in the example below:

Text: Yesterday was a BEAUTIFUL day!
I couldn’t find the food I was after and there was pretty bad weather
but I bought a new dress and a lot of Christmas presents.

<Concept: ‘yesterday’>
<Concept: ‘beautiful day’++>
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<Concept: !‘find food’>
<Concept: ‘bad weather’––>
<Concept: ‘buy new dress’>
<Concept: ‘buy christmas present’++>

Sentics: [1.608, 0.571, 0.0, 2.489]
Moods: joy and interest
Polarity: 0.51

4.2 Facial Expression Analyzer

The Facial Expression Analyzer achieves an automatic classification of the shown
facial expressions into discrete emotional categories. It is able to classify the
user’s emotion in terms of Ekman’s six universal emotions (fear, sadness, joy,
disgust, surprise and anger) [39] plus neutral, giving a membership confidence
value to each emotional category.

The face modeling selected as input for the Facial Expression Analyzer follows
a feature-based approach: the inputs are a set of facial distances and angles calcu-
lated from feature points of the mouth, eyebrows and eyes. In fact, the inputs are
the variations of these angles and distances with respect to the neutral face. The
points are obtained thanks to a real-time facial feature tracking program [40].

Fig. 5(a) shows the correspondence of these points with those defined by the
MPEG4 standard. The set of parameters obtained from these points is shown
in Fig. 5(b). In order to make the distance values consistent (independently of
the scale of the image, the distance to the camera, etc.) and independent of the
expression, all the distances are normalized with respect to the distance between
the eyes i.e. the MPEG4 Facial Animation Parameter Unit (FAPU), also called
ESo. The choice of angles provides a size invariant classification and saves the
e!ort of normalization. As regards the classification process itself, the system
intelligently combines the outputs of 5 di!erent classifiers simultaneously. In
this way, the overall risk of making a poor selection with a given classifier for a
given input is reduced.

The classifier combination chosen follows a weighted majority voting strategy,
where the voted weights are assigned depending on the performance of each
classifier for each emotion. In order to select the best classifiers to combine, the
Waikado Environment for Knowledge Analysis (Weka) tool was used [41]. This
provides a collection of machine learning algorithms for data mining tasks. From
this collection, five classifiers were selected after tuning: RIPPER, Multilayer
Perceptron, SVM, Naive Bayes and C4.5.

The selection was based on their widespread use as well as on the individual
performance of their Weka implementation. To train the classifiers and evaluate
the performance of the system, two di!erent facial emotion databases were used:
the FGNET database [42] that provides video sequences of 19 di!erent Caucasian
people, and the MMI Facial Expression Database [43] that holds 1280 videos of
43 di!erent subjects from di!erent races (Caucasian, Asian and Arabic). Both
databases show Ekman’s six universal emotions plus neutral.
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Fig. 5. (a) Tracked facial feature points according to MPEG4 standard and (b) corre-
sponding facial parameters

Table 1. Confusion matrix obtained combining the five classifiers

classified as disgust joy anger fear sadness neutral surprise
disgust 79.41% 0% 2.39% 18.20% 0% 0% 0%

joy 4.77% 95.23% 0% 0% 0% 0% 0%
anger 19.20% 0% 74.07% 0% 3.75% 2.98% 0%
fear 9.05% 0% 0% 62.96% 8.53% 0% 19.46%

sadness 0.32% 0.20% 1.68% 0% 30.00% 67.80% 0%
neutral 0% 0% 1.00% 2.90% 4.10% 92.00% 0%
surprise 0% 0% 0% 11.23% 0% 4.33% 84.44%

A new database has been built for testing this work with a total of 1500
static frames carefully selected from the apex of the video sequences from the
FG-NET and MMI databases. The results obtained when applying the strategy
explained previously to combine the scores of the five classifiers are shown in the
form of confusion matrix in Table 1 (results have been obtained with a 10-fold
cross-validation test over the 1500 database images).

As can be observed, the success rates for neutral, joy and surprise are very
high (84.44%–95.23%). However, the system tends to confuse disgust with fear,
anger with disgust and fear with surprise; therefore, the performances for those
emotions are slightly worse. The lowest result of our classification is for sadness :
it is confused with neutral on 67.80% of occasions, due to the similarity of the
facial expressions. Confusion between these pairs of emotions occurs frequently in
the literature and for this reason many classification works do not consider some
of them. Nevertheless, the results can be considered positive as two incompatible
emotions (such as sadness and joy or fear and anger) are confused on less
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Table 2. Confusion matrix obtained after considering human assessment

classified as disgust joy anger fear sadness neutral surprise
disgust 84.24% 0% 2.34% 13.42% 0% 0% 0%

joy 4.77% 95.23% 0% 0% 0% 0% 0%
anger 15.49% 0% 77.78% 0% 3.75% 2.98% 0%
fear 1.12% 0% 0% 92.59% 2.06% 0% 4.23%

sadness 0.32% 0.20% 1.68% 0% 66.67% 31.13% 0%
neutral 0% 0% 0% 0.88% 1.12% 98.00% 0%
surprise 0% 0% 0% 6.86% 0% 2.03% 91.11%

than 0.2% of occasions. Another relevant aspect to be taken into account when
evaluating the results is human opinion.

The labels provided in the database for training classifiers correspond to the
real emotions felt by users although they do not necessarily have to coincide
with the perceptions other human beings may have about the facial expressions
shown. Undertaking this kind of study is very important when dealing with
human-computer interaction, since the system is proved to work in a similar
way to the human brain. In order to take into account the human factor in the
evaluation of the results, 60 persons were told to classify the 1500 images of the
database in terms of emotions. As a result, each one of the frames was classified
by 10 di!erent persons in 5 sessions of 50 images.

The Kappa statistic obtained from raters annotations is equal to 0.74 (cal-
culated following the formula proposed in [44]), which indicates an adequate
inter-rater agreement in the emotional images annotation. With this informa-
tion, the evaluation of the results was repeated: the recognition was marked as
good if the decision was consistent with that reached by the majority of the hu-
man assessors. The results (confusion matrix) of considering users’ assessment
are shown in Table 2. As can be seen, the success ratios have considerably in-
creased. Therefore, it can be concluded that the confusions of the algorithms go
in the same direction as those of the users: our classification strategy is consistent
with human classification.

4.3 A!ective Integrator

The Sentics Extraction Process outputs a list of sentic vectors which represents an
emotional analysis of text and dialogue contents in terms of Pleasantness, Atten-
tion, Sensitivity and Aptitude while the Facial Expression Analyzer provides an
a!ective evaluation of video contents in terms of Ekman’s six universal emotions.
Some researchers, such as Whissell [45] and Plutchik [46], consider emotions as a
continuous 2D space whose dimensions are evaluation and activation. The evalu-
ation dimension measures how a human feels, from positive to negative. The ac-
tivation dimension measures whether humans are more or less likely to take some
action under the emotional state, from active to passive. To overcome the problem
of the integration of the a!ective information coming from the Sentic Extraction
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Fig. 6. Whissell’s model

Process and the Facial Expression Analyzer, the continuous 2D description of af-
fect is considered.

Bi-dimensional representations of a!ect are attractive mainly because they
provide a way of describing emotional states that is more tractable than using
words. This is of particular importance when dealing with naturalistic data,
where a wide range of emotional states occurs. Similarly, they are much more
able to deal with non discrete emotions and variations in emotional states over
time, since in such cases changing from one universal emotion label to another
would not make much sense in real life scenarios.

In her study, Cynthia Whissell assigns a pair of values activation-evaluation
to each of the approximately 9000 words with a!ective connotations that make
up her Dictionary of A!ect in Language. Fig. 6 shows the position of some of
these words in the activation-evaluation space.

The emotion-related words corresponding to each one of Ekman’s six emo-
tions plus neutral and to the levels of Pleasantness, Attention, Sensitivity and
Aptitude have a specific location in the Whissell space. Thanks to this, in our
work the output information of the Sentic Extraction Process and the labels pro-
vided by the Facial Expression Analyzer can be mapped in the Whissell space: a
pair of values activation-evaluation can be calculated from the obtained labels,
and hence concurrently visualized and compared in the 2D space (Fig. 7).
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Fig. 7. Example of A!ective Analysis Module output: integration of the extracted
emotional information (from audio and video) into the Whissell space

In particular, the process of a!ective integration is achieved through the fol-
lowing three steps:
1. Each one of the emotional labels inferred by the Sentics Extraction Process

from the video spoken sentence is mapped as a 2D point on to the Whissell
space.

2. In the same way, the Facial Expression Analyzer outputs the user’s emotion
in terms of Ekman’s six universal emotions (plus neutral), giving a member-
ship confidence value to each emotional category. The mapping of its output
in the Whissell space is carried out considering each of Ekman’s six basic
emotions plus neutral as 2D weighted points in the activation-evaluation
space, where the weights are assigned depending on the confidence value
obtained for each emotion in the classification process. The final detected
emotion is calculated as the centre of mass of the seven weighted points
in the Whissell space. That way, the Facial Expression analyzer outputs
one emotional location in the Whissell space per frame of the studied video
sequence.

3. Finally, the whole set of 2D activation-evaluation points obtained from both
the Sentics Extraction Process and the Facial Expression Analyzer is fitted to
the Minimum Volume Ellipsoid (MVE) that better covers the shape of the set
of extracted points. The MVE is calculated following the algorithm described
by Kumar and Yildrim [47]. The final emotional information outputted by
a!ective analysis module for the whole video sequence is given by the x-y
coordinates of the centre of that MVE.
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5 Conclusion and Future Work

This paper describes a novel architecture for multimodal a!ective interaction
with conversational agents. The proposed system recognizes user’s a!ective state
through two di!erent modalities: A!ectiveSpace, a process for reasoning by anal-
ogy and association over common sense and a!ective knowledge able to extract
a!ective information in terms of Pleasantness, Attention, Sensitivity and Apti-
tude from spoken words (dialogue contents), and a Facial Expression Analyzer
that classifies the shown user’s facial expression in terms of the six Ekman’s
universal emotions (plus neutral).

The emotional information coming from these two di!erent channels is inte-
grated in a simple manner thanks to Whissell’s 2D activation-evaluation space,
where all the extracted emotional labels are mapped onto x-y locations of that
space. The benefits of using Whissell 2D representation are, on the one hand,
that the final output of the system does not simply provide a classification in
terms of a set of emotionally discrete labels but goes further by extending the
emotional information over an infinite range of intermediate emotions and, on
the other hand, its capability for improving the overall recognition accuracy
helping the system function in a more reliable way.

Furthermore, it opens the door to the integration of new emotional extraction
modules in the future (e.g. modules that study user’s gestures, gaze, mouse-clicks
or keyboard use for a!ective recognition) in a simple and scalable fashion.
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