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1. INTRODUCTION

In this document we describe a conceptual model for multimodal processing of gesture
and embodied music content. The document is organized as follows. First, we recall
important previous works since this conceptual model can be seen as a continuation of
previous researches by SAME partners. Second, we describe concepts and key elements for
the conceptual model coming from the analysis of the Use Cases and Frameworks
described in D2.2 and D.3.1. Third, we explicit the conceptual model by describing its
components, the different types of gesture and social descriptors used in it, and their
relationships to the various concepts. Descriptors are technically illustrated in D3.1 and
D4.1. We also discuss the interaction models and in particular how this conceptual model
extend previous established models.
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2. BACKGROUND

2.1 Layered analysis of expressive gesture

A relevant source for the work in the SAME Project is the research carried out in previous
FP5 and FP6 projects dealing with topics strictly related to SAME issues. One of such
projects, the FP5 EU-IST MEGA Project (Multisensory Expressive Gesture Applications,
November 2000 — October 2003), worked out a multilayered conceptual model for
multimodal analysis of expressive content in human full-body movement and gesture and
for synthesis of expressive music as well as visual output (Camurri et al., 2005).

Whereas, from the one hand, such a model mainly refers to full-body movement and
gesture and more limited interaction with physical objects (e.g., a mobile device moved
with a hand) is taken into account only implicitly (in the sense that the model does not
prevent to be applied also in such a case), on the other hand, it represents a quite
consolidated model, exploited in several real world applications, that can be extended and
adapted in order to encompass the aspects that are peculiar to the SAME Project, i.e.,
physical interaction with objects (mobiles), context-awareness, and social interaction.

A major purpose of the MEGA conceptual model is modeling of expressive gesture.
Expressive gesture is understood as a general concept including musical, human
movement, visual (e.g. computer animated) gesture. An attempt of defining the concept of
expressive gesture can be found in (Camurri et al., 2004). Such definition finds its basis on
Kurtenbach and Hulteen’s (1990) definition of gesture stating that gesture is “a movement
of the body that contains information”. Especially in performing arts (the application field
mainly addressed by the MEGA project), gesture is not only intended to denote things or to
support speech as in the traditional framework of natural gesture, but the information it
contains and conveys is often related to the affective, emotional domain. From this point
of view, gesture can be considered “expressive” since it carries what Cowie and colleagues
(2001) call “implicit messages”, and what Hashimoto (1997) calls KANSEI. That is,
expressive gesture is the responsible of the communication of information called
“expressive content”. Expressive content is different and in most cases independent from,
even if often superimposed to, possible denotative meaning. Expressive content concerns
aspects related to feelings, moods, affect, intensity of emotional experience.

The multi-layered model for analysis of expressive gesture developed in MEGA builds on
four different layers/steps following a bottom-up approach (Camurri et al., 2004). Figure 1
provides a sketch of the MEGA model.
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High-level expressive information: e g, recognized emotions (e.g.. anger. fear, grief. joy);
spectators’ intensity of emotional experience.

Laver 4 — Concepts and structures

Modelling techniques (for example, classification in terms of basic emotions, or
prediction of intense emotional experience in spectators): e.g. based on multiple
regression, neural networks, support vectormachines_ decision trees, Bayesian networks.

U

Segmented gestures and related parameters (e.g.. directness, impulsiveness, rigidity, etc.),
trajectories representing gestures in semantic spaces.

Laver 3 — Mid-level features and maps

Techniques for gesture segmentation: motion segmentation (e.g.. in pause and motion
phases), segmentation of musical excerpts in musical phrases. Representation of gestures
as trajectories in semantic spaces (e.g.. Laban’s Effort space. energy-articulation space)

U

Motion and audio descriptors: e.g., amount of energy - loudness, amount of
contraction/expansion - spectral width and melodic contour, low fluency - roughness ete.

Layer 2 — Low-level features
Computer vision techniques on the incoming images. statistical measures. signal
processing techniques on audio signals.

Images pre-processed to detect movement, trajectory of points (e.g., trajectories of body
parts, trajectories of dancers in the space); MIDI and audio pre-processed to detect
spectral and temporal low-level features.

Layer 1 — Physical signals

Analysis of video and audio signals: techniques for background subtraction, motion
detection, motion tracking (e.g., techniques for colour tracking, optical flow based feature
tracking), techniques for audio pre-processing and filtering, signal conditioning.

I

Data from several kinds of sensors, e.g., images from videocameras. positions from
localization systems, data from accelerometers, sampled audio, MIDI messages.

Figure 1. A snapshot of the multilayered conceptual model for analysis of expressive gesture worked out in the
framework of the FP5 EU-IST Project MEGA (Multisensory Expressive Gesture Applications).
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Layer 1 (Physical Signals) includes techniques for gathering data captured by sensors such
as videocameras, on-body sensors (e.g., accelerometers), sensors of a robotic system,
environmental sensors. Data are collected from different sources in order to obtain a
vector of measurements of the same event (i.e., a movement) as rich as possible. Sources
at this level may be either physical sensors (tactile, haptic, infrared, or ultrasound sensors)
or low-level measures performed on single video frames (e.g., employing techniques like
optical flow, motion templates, etc.). Layer 1 produces as output vectors of measures and
processed video frames.

Layer 2 (Low-level features) extracts from the sensors data a collection of motion features
describing the movement being performed. The MEGA Project focused on specific kinds of
cues derived from research by psychologists (e.g., Wallbott, 1998; Boone and Cunningham,
1998) and artists: an important set of features are those inspired to the Effort dimensions
described by the choreographer Rudolf Laban in his Theory of Effort (Laban, 1947, 1963).
Features developed in MEGA included for example kinematical measures (speed,
acceleration of body parts), detected amount of motion, amount of body
contraction/expansion. However, mainly because of technological constraints (e.g., low
space and time resolution videocameras at that time), research in MEGA could not address
subtler features such as impulsiveness, rigidity, heaviness, fluidity, etc., nor the project
directly focused on cues measured from manipulation of objects. Also, MEGA did not
implement the whole Laban’s Effort framework and limited research to some of the
Laban’s dimensions (e.g., the space dimension through the directness index).

Layer 3 (Mid-level features and maps) deals with two major issues: segmentation of
movement in its composing gestures, and representation of such gestures in suitable
spaces. Thus, the first problem here is to identify relevant segments in the movement
stream and associate to them the qualities/features deemed important for expressive
communication. For example in dance analysis, a fragment of a performance might be
segmented into a sequence of gestures where gesture’s boundaries are detected by
studying velocity and direction variations. Measurements performed on a gesture are
translated to a vector that identifies it in a semantic space representing categories of
semantic features related to emotion and expression. Sequences of gestures in space and
time are therefore transformed in trajectories in such a semantic space. Trajectories can
then be analyzed e.g., in order to find similarities among them and to group them in
clusters. The intermediate feature space proposed in the SAME model can be considered
as an extension of this layer.

Layer 4 (Concepts and structures) is conceived as a conceptual network mapping the
extracted features and gestures into (possibly verbal) conceptual structures. For example,
a dance performance can be analyzed in term of the performer’s conveyed emotional
intentions: in the MEGA Project an experiment was carried out aiming at distinguishing
among the four basic emotions (anger, fear, grief, and joy) in dance performances. Another
research direction, started in MEGA and which is still open, is modeling spectators’
engagement. Machine learning techniques can be employed in this layer ranging from
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statistical techniques (e.g., multiple regression and generalized linear techniques), to fuzzy
logics or probabilistic reasoning systems (e.g., Bayesian networks), to various kinds of
neural networks (e.g., classical back-propagation networks, Kohonen networks), support
vector machines, decision trees.

The MEGA conceptual model already included some mechanisms for taking context into
account and for enabling dynamic adaptation of the model to different contexts. The aim
was to adapt the behavior of the analysis and synthesis Layers, while preserving at the
same time the modularity of the conceptual framework. This was obtained by including
some intermediate modules in between the Layers. Suppose for example to have a module
at Layer 3 extracting the “scenic presence” of a dancer. The “scenic presence” would be a
mid-level feature that could be employed by Layer 4 for classifying the dancer’s current
expressive intention. Modules in Layer 1 and 2 provide Layer 3 with the information
needed to perform this task. On the basis of this information Layer 3 calculates an index of
scenic presence. Suppose now that such an analysis is done in a situation in which lights
are particularly relevant. In this case, lighting on stage can strongly affect (in a non-linear
way) the scenic presence index. For example, if the dancer were standing in a lighted area
in front of the stage, his/her scenic presence would sensibly grow. Scenic presence
therefore needs to be emphasized in a non-linear way. This can be done by means of an
intermediate (between Layer 3 and Layer 4) module taking as inputs the calculated index
of scenic presence, the outputs from the physical layer (stage coordinates, lighting position
and intensity), and from the low-level features layer (e.g., amount of detected motion to
understand whether the dancer is or is not moving), and generating as output a modified
(enhanced) index of scenic presence. The mid/high-level feature “index of scenic presence”
already implicitly depends on the actual values of the low-level features from Layers 1 and
2: the mechanism implemented by the intermediate module allows to adapt and tune the
index according to the desired focus of attention.

Such dynamic adaptation to changing contexts, even if already considered at a conceptual
level, was never fully implemented in the framework of MEGA. Instead, it represents a
primary goal for SAME.

2.2 Gesture follower, recognition and interaction

Another relevant source for SAME, especially with respect to analysis of gesture in its
temporal development, is the research carried out at IRCAM concerning the development
of interactive systems for performing arts: digital sound and visuals are mediated in real-
time by the gesture and motion of instrumentalists/dancers. For this, IRCAM have
established recently a general framework of analysis based on machine learning
techniques. This is informed by IRCAM fundamental research studies on music and dance
performances. This research focused on the analysis of multimodal movement and audio
data, and particularly investigated the different constraints instrumentalists face when
playing acoustic instruments. Such studies bring forth basic components of embodied
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2.3

interaction and communication concepts that are exploited for the development of
electronic interactive systems. For example, the analyses of bowed string movements
revealed some of the constraints, in particular acoustical or biomechanical
(Rasamimanana, 2006; 2008a; 2008b; 2008c) from which instrumentalists create
expressive music.

This research lead to a first important model taking into account fundamentally the
temporal behavior of gesture, instead of just considering posture. Machine learning
approaches provide a strong base for temporal modeling. For example, technologies such
as score following (Cont, 2008) and gesture following (Bevilacqua et al., 2007) are based
on temporal modeling of musical objects. Importantly, the modeling of temporal processes
allows for the consideration of past events as well as upcoming events through
anticipation.

The research findings are currently applied to the creation of novel types of interactions
for artistic performance (Bevilacqua et al., 2006; Cont, 2008).

Emotion in music performance: analysis and synthesis

Results from previous research which will contribute to the realization of the SAME
conceptual model include those obtained at KTH in the field of analysis and synthesis of
emotion in expressive music performance.

Research in automatic expressive music performance was started at KTH in the 70’s and it
is summarized in a recent overview paper (Friberg et al, 2006). Main achievements
previous to the start of the SAME projects have been:

e the design of the Director Musices (DM) system for expressive music performance
implementing about 30 performance rules, which modify acoustic parameters such
as duration, articulation, sound level, vibrato, attach time, envelope for each note
(Bresin et al., 2002)

e the identification and definition of macro-rules for automatic emotionally
expressive music performance (Bresin & Friberg, 2000; Juslin et al., 2002)

e the design of pDM real-time system for expressive music performance (Friberg,
2006)

e methods and tools for the control of music performance using gesture controllers,
sensors, and body movements (Bresin et al., 2003; Friberg, 2005a, 2005b)

In summary the tools produced from KTH and made available in the SAME project allow to
modify the emotional expression of a music score in real-time by manipulating a set of
acoustic parameters. This modification can be done using different tools, both software
and hardware.
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3. CONCEPTS

The SAME conceptual model should keep into account results from theories of perception.
Listening to sound and seeing a movement are intimately linked from the point of view of
perceptual and cognitive processes. Sounds and music evoke motor imagery. How
perception is linked to action? Perception is an active and explorative process. Consider for
example SAME Framework 3 (Mobile Orchestra Explorer): users in the Orchestra Explorer
perform free movements that may be explained as explorative behavior of perceivers
attending and acting on a sonic event. Explorative movement is based on motor imagery,
rooted in sensorimotor skills. Similarly, in the SAME Framework 2, the way that users
spontaneously move on sound and music are exploited as initial inputs for iterative and
adaptive models. Here follows some links to important theories and concepts of relevance
to the SAME conceptual model.

3.1 Enaction and ecological knowledge

The SAME Project focuses on gesture data produced as mutual interaction with sound
data. In this framework, gestures are considered as a result of a sensorimotor
perception/action coupling, which can be referred as an enactive approach. This approach
guestions the classical cognitive science paradigm, based on a linear schema of the
perceptual system where sensory inputs are interpreted with respect to internal symbolic
representations and where actions are considered as the result from this cognitive process.
On the contrary, enaction builds on the following principles:

- Perception is an activity of sensorimotor coupling with the environment
(or a destined result);

- Features are presented as available rather than as represented;
- Action and perception are inextricably bound.

In this view, gestural/corporeal activity can act as a mode of exploration of all given
possibilities drawing on implicit understanding of sensorimotor regularities. The perception
of emotion and the sense of interaction in music can be strongly linked to our expectation
on dependencies between some gestural activities and sound environments. For example,
the sound emanating from an approaching object tends to become louder and more
intense: this example refers to a sort of pre-understanding, referring to the role of
“ecological knowledge” (Gibson) in the mapping of sonic and movement signals.

This view is supported by recent literature in vision and music cognition (Noe, 2004;
Leman, 2007; London, 2004).

This cognition paradigm has direct modeling implications that have proved to be very
fruitful with real-world data. While traditional processing approaches to recognition and
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decision making consider analysis and action as separate steps, this cognitive inspired
approach considers the two as part of the same process.

3.2 Multimodality/cross-modality/a-modality

Multimodal analysis enables the integrated analysis of information from different sensorial
modalities (auditory, visual). It allows integration of features and use of complementary
information, e.g., use of information in a given modality for supplementing lack of
information in another modality or for reinforcing analysis in another modality.

Cross-modal analysis enables exploiting potential similarities in the approach for analyzing
information in different modalities: so, for example techniques developed for analysis in a
given modality (e.g., audio) can also be used for analysis in another modality (e.g., video);
further, commonalities at mid- and high-level in representations of different sensory
channels are an important perspective for developing models based on a-modal,
converging representations.

In multisensory research there is a reference to a-modal perception, related to the
observation that something we hear is similar to something we see, or that we do with our
body. We perceive something “similar” regardless to sensory modality.

Intensity, rhythm, shape, texture, spatial extent, spatial location, duration, temporal rate
are attributes that are transferred from one modality to another. The ability to perceive a-
modally seems to be a feature innate in the perceptual system or learned at an early
developmental stage. It is deemed important also in the development of multisensory
perceptual skills (Lewkowicz and Kraebel, 2004; Lickliter and Bahrick, 2004).

Also the theory developed by Stern (2000) puts into evidence a-modal perception as a key
component of caregiver/infant relation: e.g., a sound may be heard as being similar to a
seen movement. He proposes a theory based on the concept of "vitality affects" to denote
the almost infinite variations of an emotion, e.g., joy, or of an action (the close of a door -
see e.g., Pollick). These elusive qualities are better captured by dynamic, kinetic terms,
such as “surging”, “fading away”, “fleeting”, “explosive”, “crescendo”, “diminuendo”,
“bursting”, “drawn out”, etc. Each of these variations can be described in terms of an
“activation contour”, i.e., a dynamic profile: the way the dynamics, or the intensity, or the
emotion or the action evolve in time. Such activation contours are deemed to be a-modal.
A-modal perception seems to provide a source to our sensitivity to create relations
(automatic, reactive) between sonic content and movement. Complementary points on
time modeling are further discussed in section 3.5.

Further relevant concepts in Stern’s theory are (i) cross-modal correspondence, intended as
imitation and affect attunement; (ii) imitation as reproduction of overt behavior; and (iii)

affect attunement (in mother-infant relation) referred as features in mother’s execution of
actions, i.e., subtleties in the mother's performance that not only reflect or mimic the overt
behavior of the child, but that are rooted in the mother’s intention of making known to the
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child that she understands the inner-feeling state of the child. Attunement involves an
element of imitation, but it is distinguished from imitation on the basis of the kind of
intuition or empathy that adults exhibit when with small children.

Stern proposes three (a-modal) features as important for affect attunement: intensity,
timing, shape. He then lists a set of features that in more detail explains how these overall
features may be involved in affect attunement:

“1. absolute intensity: the level of the intensity of the mother's behaviour is the same as
that of the infant's, irrespective of the mode or form of the behaviour]...]

2. Intensity contour

3. Temporal beat. Regular pulsation in time is matched

4. Rhythm. A pattern of pulsations of unequal stress is matched
5. Duration. The time span of the behaviour

6. Shape. Some spatial feature of a behaviour that can be abstracted and rendered in a
different act is matched" (Stern, 2000: p.146)

Activation contour is closely related to the experiencing and expression of vitality affects.
How “good” is the match required to be accepted as an imitation? Certain salient or
accentuated moments should be precise, while before and after these moments precision
may be lower (Wohlschlager, Gattis, Bekkering, 2003). Therefore, an action that is
intended to imitate another action does not have to be a perfect reproduction to be
regarded as an imitation.

3.3 Collaborative and social interaction

Social interaction and collaboration, intended as cooperation between subjects in order to
fulfill a specific goal, is a relevant aspect in the framework of SAME.

In particular, music making and listening are a clear example of a human activity that is
above all interactive and social. However, nowadays mediated music making and listening
is usually still a passive, non—interactive, and non-context sensitive experience. The current
electronic technologies, with all their potential for interactivity and communication, have
not yet been able to support and promote this essential aspect of music making and
listening. This can be considered a degradation of traditional listening experience, in which
the public can interact in many ways with performers to modify the expressive features of
a piece. The need of recovering such active attitude with respect to music is strongly
emerging and a major objective of SAME is to develop research and technologies enabling
such a recovery.
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Relevance of collaborative and social interaction is further witnessed by the Roadmap of
future research in Sound and Music Computing (SMC, www.smcnetwork.org). The
roadmap indicates “Address social concerns” among the future research challenges in the
SMC field, and “Expand existing SMC methodologies emphasising user—centred and group
experience—centred research” as a strategy for addressing such challenge. In particular the
roadmap says: “In practice, however, music is most of the time a social activity in which
musical engagement is influenced by the behaviour of other participants. Existing empirical
and experimental methodologies should be expanded towards understanding aspects of
social music cognition. These involve the study of the social context in which musicians and
listeners influence each other during musical activities. Also the tools for collaboration,
information and communication exchange are now developed in the context of e—science
and e—learning and there are no collaborative tools that incorporate all the music specific
information, such as audio files, scores, or extracted audio features. Such tools should take
into account the profile and experience of users.”

Since long time collaborative models have been used in a lot of application contexts, e.g.,
in Al and in HCl in the field of conversational agents (see for example, Guinn and Biermann,
1993; Pérez-Quinones and Sibert, 1996). In the literature the term “collaborative” is often
used with reference to Collaborative Virtual Environments (CVEs), intended as systems that
“use VR technology to visualise a space inhabited by multiple users, usually geographically
remote in the real world” (Benford et al., 1997), and provide a framework for enhancing
cooperation among users finalized to a given group work (Benford et al., 1996, 1997).

Taking inspiration from Benford’s definition, in the context of SAME “collaborative” means
that users cooperate in the common group “work” consisting in generating a music
performance (Framework 1 — Collaborative music performance), in exploring and
manipulating a music piece (Framework 2 - Learning and context adaptive gestural music
exploration and Framework 3 — Mobile orchestra explorer), in playing a sound story or a
sound game (Framework 4 — Sound Stories). In other words, music content can evolve and
be molded on the basis of joint and coordinated actions by the users who can directly
collaborate in generating and transforming the content. The word “collaborative” is
therefore used mainly with reference to its social meaning (i.e., bringing together people
cooperating in the fulfillment of a goal), rather than in its technological implications (such
as requirements of CVEs).

3.4 Context awareness

See Annex of D2.2 (context descriptors feasibility study), Sections 3 and 4.
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3.5 Time modeling and synchronization

Time plays a fundamental role in SAME with respect to three different aspects: (i) time
scale for descriptors and relation to prediction, (ii) time modeling of gesture, i.e., the
analysis of temporal dynamics of gesture, and (iii) time modeling in the framework of social
interaction, e.g., synchronization among members of a group during interaction. These
three aspects, that need to be taken into account in the SAME conceptual framework, are
briefly summarized below.

3.5.1 Time scale and prediction

Most motion analysis systems are based on the analysis of data frames. A single frame can
be considered as a “posture”, which is an “instant” view of the movements (precisely the
shortest possible considering the motion capture system). Generally, this small time scale
is on the order of few milliseconds to tens of millisecond. However, if this time granularity
is generally enough to analyze postures/events, it is not sufficient to grasp a complete view
of movements, gestures, and interaction mechanisms. An ensemble of frames over a given
time interval, as schematically illustrated in Figure 2, must therefore be considered.
Depending on this time window, different motion characteristics can be highlighted,
typically from milliseconds to several minutes. Importantly, the time window should also
be compared to particular sound and music characteristics (Levitin et al., 2002).

For example, the following time scales can be considered:

e 1-10ms: typical time resolution necessary for percussive gestures, and time
accuracy required for rhythmic control of sound. This also corresponds to sound
transients.

e 10-500ms: typical time interval when considering fast gestures and their
transitions. In music, this typically corresponds to “notes”.

e 500-5000ms: typical time scale when considering a group of gesture. In music, this
corresponds to a phrase or group of notes.

e 5s-minutes: time scale for slow movements. In music, this is generally related to
music/composition structure

Using probabilistic models, the prediction of the gesture unfolding in the future can be
estimated from the analysis of past data. This fact is further developed in the section
Techniques (4.2). An important point resides in the fact that there is a relationship
between observation time window and the prediction time window.
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Figure 2. lllustration of various time scales when analyzing gestures. The blue curve represents an example of
gesture data (here acceleration from bowing). Depending on the time window of observation, prediction over
similar time scale can be estimated using a probabilistic model.

3.5.2

Sound and gesture descriptors

As described previously, music playing, or more generally interacting with sound, is
narrowly tied to certain acquired sensorimotor couplings of a physical action with a given
musical instrument/interface (whether real or virtual) leading up to sonic results. These
couplings can be studied by observing temporal dynamic profiles of both sound and
gesture descriptors. These different temporal features actually contribute to a great deal
of what we often referred to expressivity (Rasamimanana, 2008a).

These profiles can be related to particular types of articulation, i.e. the manner successive
gestures/sounds are merged together. Moreover, the actual temporal relationships
between gesture and sounds descriptors reveal also important information about playing
mechanisms. Such temporal relationships between sound and gesture descriptors are
complex, since gesture and sound cannot be simply considered as two separate
phenomena in a causal relationship, but as mutually interacting.

While there are many algorithms in the literature designed for sub-problems encountered
in pattern recognition domains, they often lack consideration for temporal dynamics: most
methods are geared towards stationary or quasi-stationary data-structures with little or no
concern for interactive learning. Specific methods for time modeling do exist, such as
Hidden Markov Models, but they are often used considering relatively coarse time
resolution. The work at IRCAM on gesture follower and score follower partially fills this
gap, by proposing approaches for the modeling of fine temporal behaviors, based on
Hidden Markov Models and Semi-Markov Models. Nevertheless, appropriate modeling
should also take into account the interactive coupling between gesture and sounds
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properties. For this, an approach based on concurrent interacting agents is under
consideration at IRCAM.

3.5.3 Time modeling and social descriptors

In the framework of social interaction, synchronization takes place at several levels, from
synchronization of single gestures and types of gestures (e.g., all members in the group,
mimicking each other, perform a guitar-like gesture), up to emotional synchronization,
emotional contagion, empathy.

As for synchronization at the level of single gestures and/or types of gesture, the focus is
on the measurement of a set of features describing gestures performed by each
participant and on finding correlations and similarities for such features between
participants. Thus, it is possible to obtain an index of the degree of coherence between
participants, i.e., whether they perform or not similar gestures (e.g., according to a given
similarity measure). As a further result, it is also possible to isolate rare, unexpected, or
incoherent behavior by a single participant in comparison with the average behavior of the
group, when a high degree of coherence is detected. If gestures are mapped onto
trajectories in abstract feature spaces, coherent behavior will be represented by
trajectories (associated to single participants) occupying about the same area in the
feature space or moving together along the space. A group showing incoherent or non-
homogeneous behavior will instead be represented by trajectories moving chaotically and
in an uncorrelated way along the whole space.

Analysis of synchronization can also be carried out at the emotional level in order to
investigate subtle phenomena such as emotional entrainment and empathy. This
encompasses the analysis of high-level emotional, expressive descriptors for individuating
the establishment of synchronization in the emotional state or expression between
participants. This phenomenon is particularly emerging in the case of music ensembles,
where performers achieve such a level of emotional synchronization that the group can be
considered as a single organism (i.e., the ensemble), rather than a group of performers.
Preliminary studies in this direction, showing promising results, have been carried out at
UGDIST on a duo of violin players and on string quartets (Camurri et al., 2008b).

4. THE SAME MODEL

The model proposed by UGDIST for research and applications in the SAME project grounds
its bases on the concept of simultaneous navigation/exploration and manipulation, by
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multiple users, of multiple maps at different levels of abstraction. The metaphor of
navigation/exploration has been chosen because of its familiarity and easiness to
understand and handle for the users. Many existing systems for several application
domains are based on the concept of navigation/exploration (e.g., navigation in virtual
worlds, navigation and retrieval of multimedia content, Google Earth and GPS applications,
games, etc.).

Peculiar aspects of the SAME model are:

- Physicality and embodiment: this is obtained in two complementary ways: (i)
associating the navigation/exploration concept to a real, physical space and to user’s
expressive movement and gesture, and/or (ii) exploiting interaction with physical
objects endowed with suitable sensors. Both navigation and manipulation exploit
enaction (see Section 3.1), i.e., the knowledge the user gains by moving and acting in
the space.

- Context-awareness, i.e., the maps, at all levels, change and adapt according to the
context where music is experienced; moreover, the model adapts to what the user is
doing (e.g., whether she is at home, walking, running, driving, etc.) and to the
input/output devices that are available.

- Social interaction, i.e., navigation/exploration/manipulation is performed or better
exploited by a group of (collaborative) users. This is an important contribution in a
shared social as well as active experience of music.

4.1 Model description

The multilayered model proposed for SAME is an evolution of previous research (Camurri
et al., 1994) and of the multilayered model for expressive gesture processing presented in
(Camurri et al., 2005; see also Section 2.1). With respect to the original multilayered
framework, the model presented here (i) explicitly takes into account the role of context
and context-awareness, (ii) explicitly takes into account the social interactions between
multiple users, (iii) better defines the content of each layer through a dimensional
approach (the maps). Figure 3 provides a sketch of the SAME model.



SAME SAME CONCEPTUAL MODEL 17 (28)

Sound And Music for Everyone Everyday Everywhere CONFIDENTIAL
Every way

A. Camurri, F. Bevilacqua, and G. Volpe (Eds.) 29.09.2008

Context Social
interaction

1y 1

|
Valence

n
Sensors U Flveney Features space
Energ
yd .

U
4 ‘ ‘ Physical space

Affective space

Live and pre- —> Audio processing !::>[Q
recorded music

Figure 3. A snapshot of the SAME model, based on the concept of simultaneous navigation/exploration and
manipulation, by multiple users, of multiple maps at different levels of abstraction.

4.1.1 Interaction with the physical space

Interaction with the physical space is obtained by superimposing onto the map of the real
space a collection of 2D potential functions. Each potential function is associated to a
specific audio content, e.g., a single instrument in a polyphonic pre-recorded music piece, a
sound in an interactive sound story, a live input from the user, e.g., a virtual instrument.
While each listener navigates the physical space, the values of such potential functions in
correspondence of her (x, y) position are computed. These values are directly used to
control audio processing in several ways, ranging from simple applications such as real-
time mixing, where values are weights for the sound level of the corresponding channel,
up to complex real-time control of audio effects and processing modules.

This approach can be applied to both when the user moves in a physical space (with her
mobile device) and her position is tracked along time and when it is the mobile device
which the user moves (e.g., with her hand) in a more limited space (e.g., upon a table). An
example of the first context is the “Mobile Orchestra Explorer” (Framework 3) where users
explore a physical space populated by a virtual orchestra. An example of the second
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context is the “Sound Stories” framework (Framework 4), where a possible application is a
game board upon which users can move their mobiles.

In early prototypes, potential functions given by the weighted sum of two components, an
exponential one and a logarithmic one have been used (see for example Camurri et al.,
2007). However, other kinds of potential functions can be used as well. For example, in
case the occupation rate of an area in the space has to be calculated (e.g., to check
whether the mobile device is in a given location of a game board or to compute how much
time has been spent in that location), such a potential function can be used.

The type and the shape of potential function can change according to the context and to
input coming from the upper levels. Potential function can also be time-varying. For
example a given sound may be activated by a user (or a mobile device) entering in a
specific area; then the same sound may gradually fade out (according to a time-varying
potential function) when the user leaves that area as long as she does not occupy it again.

Note that these potential functions can also be defined as probability density functions,
and thus can be directly related to probabilistic approaches derived from machine learning
techniques. For example, the likelihood that a user is following a particular path in the
space can be expressed as probability function associated at each (x, y) position. Parameter
of such probability functions (e.g. maximum, variance) can then be mapped to parameters
of various sound processing.

4.1.2 Interaction with physical objects

In case users interact with physical objects (e.g., mobile devices) different approaches are
possible according to the application and the context. For example, if it makes sense to
transform manipulation of the object into a navigation in a space (e.g., a repetitive
movement of the mobile toward the left causes a displacement in the map toward the
left), a similar approach as the one depicted above can be used. Otherwise, the features
measured by the on-board sensors (e.g., acceleration along the three axes) will directly
contribute to navigation in the feature spaces at the second level, that is, the first level of
physical map is skipped and audio processing is directly controlled through navigation in
the feature and affective maps. This may be the case of, e.g., Framework 1 (collaborative
music performance) where mobile devices are used to control virtual music instruments.
Features extracted from the movement of the mobile may be used to compute higher level
features (e.g., repetitiveness, frequency of repetitions, energy, impulsiveness, etc.) that are
then mapped onto audio processing parameters (e.g., see Framework 2).

Note that interaction with physical objects and navigation in the physical space can take
place simultaneously. That is, users can manipulate a mobile device while being tracked
during their exploration of the physical space.
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4.1.3 Feature spaces

While users move and manipulate objects, features are extracted describing user’s
movement and gestures. In the context of the SAME Project, inputs of the feature
extraction modules are data from sensors (e.g., accelerometers on mobile devices), even if
images from one or more videocameras may also be processed if available (e.g., if
interaction takes place in a space that can be monitored with videocameras; such
information is part of the contextual information addressed in the project). Examples of
features are those described in Deliverables 3.1 and 4.1. Features are mapped on mid-level
feature spaces such as for example the Energy-Fluency space described in (Camurri et al.,
2005) and used for the ExpressiveHiFi application at the International Broadcasting
Conference 2001 (IBC2001). Another example is the 3D space choreographer Rudolf Laban
(1947; 1963) introduces in his Theory of Effort.

Thus, movement and gesture can be represented as a trajectory in such a feature space.
Again, (N-dimensional) potential functions (or probability functions) can be superimposed
on these spaces so that feature extraction results in the navigation/exploration of the
feature space through user’s movement and gesture. The values of the potential function
corresponding to the trajectories followed by the user’s gesture can be used in two
different ways: (i) to directly control audio processing, i.e., enabling direct manipulation of
sound and music content through movement features, and (ii) to dynamically modify the
shape of the 2D potential functions at the physical level (if the physical map is used).

Thus, different styles of movement or different gestures can modify the way music is
experienced. So, for example, repetitive guitar-like gestures will result in the occupation of
an area of the feature space associated to that kind of gesture. A potential function
associated to the guitar and located in that area of the feature space will make the guitar
sound gradually emerge as long as the user insist with such gestures. Here also, the
potential function can be related to probability function from recognizing particular
gestures. As another example, repetitions of high-energy gestures may result in making
specific kinds of instruments emerging and other hiding: highly repetitive, strong,
“percussive” gestures may make percussions emerging over the other sections (e.g., either
directly or by increasing the amplitude of the 2D potential functions associated with
percussions at the physical level). A change to a gentler, calmer, “string-like” movement
may make the string section emerge, while the amplitude of the potential functions
associated to the percussions gradually decreases as they fade out. At this level, sonic
interaction design issues (Rocchesso and Serafin, 2008) are one of the most important
components in order to create effective active listening environments.

4.1.4 Affective/emotional spaces

At the higher level, the user can intervene on the expressive features of the music
performance. This is done through the navigation of an emotional, affective space. Starting
from the extracted features, a further analysis is carried out for classifying the expressive
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intention the user conveys with her expressive movement and gesture. Expressive
intentions are translated in a position (or a trajectory) in an affective, emotional space.
Such space can also be divided in several areas, each one corresponding for example to a
different performance of the same instrument with a different expressive intention.
Several examples of such affective spaces are available in the literature, for example the
spaces used in dimensional theories of emotion, e.g., (Russell, 1980; Tellegen et al., 1999),
or those especially developed for analysis and synthesis of expressive music performance,
e.g., (Canazza et al., 2000; Juslin, 2000; Vines et al., 2005a). Classification of expressive
intentions from movement and gesture features can be performed starting from the
results obtained in psychological research (e.g., Boone and Cunningham, 1998; De Meijer,
1989; Wallbott, 1998).

The higher level has a twofold influence on the lower ones:

(i) it can directly intervene on the audio processing chain, e.g., by triggering different
intentions either by suitably sequencing audio fragments from pre-recorded
performances of the same piece with different expressive intentions, or by applying
techniques such as the KTH real-time rule-based system (Friberg, 2006);

(ii) it can operate on the parameters of the potential functions at the feature and
physical levels so that their profiles are dynamically adapted to the expressive
behavior of the user.

In an early prototype (Camurri et al., 2008a), four different expressive intentions have
been classified and the results used to control expressive music performance with dance.

In music recommendation system such as those described in Framework 5 (Music for my
life) music pieces can be placed in the feature and affective spaces according to their
content (both at the level of features and at the level of the emotional content the pieces
convey). As the user navigates such spaces through her movement and her expressive
intentions, the music pieces that are located in the area the user occupies may be provided
to her as suggested music to listening to.

4.1.5 Context-awareness

Context information is considered at all levels. This is information related for example to
where active music listening takes place (e.g., at home, in the car, in a pub, in a
discotheque) and to what the user is doing while listening to music (e.g., walking, running,
driving, seated on the sofa). Context information can intervene on all the parameters of
the model: the classification technique and its parameters at the higher-level, the
parameters of the feature extraction techniques, the parameters of the potential or
probability functions.

For example, classification of gestures or of specific expressive intentions has deep cultural
and contextual roots. At level two (features maps) and three (affective maps) context
information can be used to dynamically adapt the model to such changing contexts. In
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other words, the multidimensional maps where gestures are represented according to
their type of the expressive intention they convey can be dynamically changed and/or
adapted (e.g., by adapting the potential function located on them) according to contextual
information. The classification techniques have to adapt accordingly (e.g., in case a
supervised machine learning technique is used the training set against which classification
is performed can change according to contextual information).

4.1.6 Social interaction

The model, as sketched up to now, refers to a single user. However, a fundamental aspect
of the work in SAME is to enable active experience of music by multiple users and groups.
Thus, the model encompasses a further level where synchronization among the elements
in a group is evaluated. Synchronization is considered at the emotional level, that is it
concerns the degree of common feeling, engagement, empathy which is reached within
the group. Preliminary studies in this direction have been carried out leading to promising
results (Camurri et al., 2008b). Research on emotional synchronization makes it possible to
(i) individuate a common behavior/feeling in the group and (ii) evaluating synchronization
and coherence among its elements (see also Section 3.5.3). When high emotional
synchronization and coherence is detected, the group becomes like a single person
experiencing the same feelings, and thus it can be represented as a single individual.
Similarly, several groups can be represented as several single individuals. This allows to
replicate the model, with suitable adaptations, also in case of active experience by single
and multiple groups.

4.2 Techniques

Several different techniques are applied at the different levels of the conceptual model, in
order to compute suitable gesture, motion, social descriptors and to map them onto sound
and music parameters. Such techniques can be grouped in two major categories,
depending on how they are calculated: descriptors can result from a direct, explicit
calculation, or they can result from an indirect calculation, using machine-learning
techniques.

Direct calculation is mainly used for low and mid-level descriptors. Thus, descriptors
obtained with direct calculation are usually found at level one (physical level) and level two
(features level). Input to direct calculation techniques are the data coming from mobile on-
board sensors (e.g., data from accelerometers, audio from the on-board microphone,
images from the on-board camera) and data coming from possible other sensors in the
environment, if available (e.g., images from video-cameras placed in the environment).
Direct descriptors are usually computed in a single step either on each input sample (e.g.,
on each input image), or on a frame of input samples, i.e., in a time window (e.g., a frame
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of N accelerometer samples). Typical direct descriptors are statistical descriptors of a given
input signal (e.g., average and peak velocity) or other simple computations (e.g., the
volume of an audio stream, the area of a blob extracted from an image, etc.). Expressive
descriptors (see for example Camurri et al., 2004, 2005) can also results from a (quite)
direct calculation, e.g., the amount of detected motion (motion index) computed on a
small number of video frames, the contraction index of a blob computed on a single frame,
a simple impulsiveness index computed on a frame of accelerometer samples.

Higher-level descriptors (located at levels two and three in the proposed model) are
obtained using machine learning techniques. Contrary to direct descriptors, which are
computed from low-level data in a single step process, these descriptors are computed in
two steps, after a learning phase. Precisely, they can typically be seen as “distance” or
“divergence” from a performed movement to one or multiple reference movement. This
approach inherently draws on probabilistic modeling. For example, Hidden Markov Models
(Rabiner, 1990) have been used to model movement data (Bevilacqua, 2007). Several
descriptors can hence be deduced from the likelihoods output from these models.
Examples of such descriptors are the likelihood index, giving the probabilistic similarity
between the performed gesture and the reference (it therefore reflects the probability
that the currently performed movement is one reference movement); temporal deviation,
indicating how temporally different the performed movement is with respect to the
reference movement; shape distances, used to compute the statistical difference/similarity
between a performed and a reference movement (Euclidian distance or Kullback Leibler
divergence and other relevant measures as proposed by Basseville, 1989).

More generally, approaches building statistics on movements can be used to model part or
whole of movements. Decomposition approaches and functional data analyses can provide
explicit temporal and shape descriptions of movement data. An approach consists of
decomposing movement data on one or several bases where each basis component is
linked to an elementary significant movement feature, determined statistically (Lee and
Seung, 1999; Hoyer, 2004) or empirically. This approach permits to sum up a movement as
a contribution of elementary components, and besides it also addresses segmentation
issues for movement data by factorizing a movement as a temporal concatenation of basic
elements. At the same time, techniques can be used that explicitly model temporal shapes.
Different approaches can be considered, either based on a physical modeling explaining
movements (Nelson, 1983; Hogan and Sternad, 2007) or based on a functional and/or
differential calculus regression (Ramsay and Silverman, 2002; Vines et al., 2005b). One
main benefit of such techniques is that they provide a physics-based framework for
interpreting movement data.

Further machine learning techniques can be used for classification of gestures e.g.,
according to expressive intentions. These include “classical” neural networks, self-
organizing maps, support vector machines, decision trees, etc. Clustering algorithms can
also be employed e.g., for grouping feature vectors according to a specific gestural quality.
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4.3 Types of interaction

The SAME model takes into account different types of interaction with the sound and
music content that are implied in the SAME Frameworks and Use Cases.
Various categories can be considered:

“Interactions based on mimetic skills, or rehearsed action scenarios, such as playing
a musical instrument” (Leman, 2007). This type of interaction encompasses
conscious control of the user, as playing an instrument. It is also one of the simplest
forms of embodied listening (the user mimics the instrument she wants to listen
to). In the proposed conceptual model this type of interaction can be obtained at
level two (features maps). At that level, features extracted from user’s gestures are
classified in terms of the type of gesture the user is performing (e.g., a percussive
movement, a movement mimicking the bow of a string instrument, a guitar-like
movement, etc.). Such categories are placed in a map at level two. The current
location of the user in such a map is used for making the corresponding
instruments (or sections) emerging and other hiding, or to trigger sounds
associated to the kind of instrument being mimicked. In case interaction takes place
in a physical space, the type of gesture can directly influence the shape of the
potential functions at level one.

- “Interactions based on goal-directed gestures that do not require highly developed
skills but nevertheless may be highly culture-dependent such as symbolic gestures”
(Leman, 2007). This type of interaction encompasses context dependant, person
dependant, culture dependant gestures. Semi/conscious control may also appear in
this type of interaction (e.g., gestures that have become automatic). In the
proposed conceptual model this type of interaction is dealt with at level two. Again,
gesture classification techniques are used for distinguishing between different
types of gestures (e.g., different symbolic gestures) and for placing such different
types on a map. The current position of the user in such a map controls musical
output. In this type of interaction, however, context information plays a
fundamental role because classification may be context-dependent. Thus context
information is used for switching between different context-dependent
classifications and different maps. Thus, several instances of level two exist and the
instance currently in use depends on the context.

- “Interactions based on direct episodic action sequence, involving responses based
on our emotive, affective, and expressive capabilities” (Leman, 2007). This type of
interaction encompasses expressive gestures and it is often characterized by
unconscious control. In the conceptual framework this type of interaction is
addresses at level three (affective maps), where expressive gestures are analyzed,
e.g., in terms of trajectories in a space associated to a dimensional theory of
emotion. Emotional responses are treated as processes rather than as static states.
The current position in such affective, emotional space influences musical output
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either directly (e.g., intervening on expressive features of music performance) or
through modifications (e.g., change of shape of potential functions) at the features
and physical levels.

Another fundamental aspect in SAME is social/collaborative interaction. If from the one
hand the types of interaction introduced above usually refer to how a single user interact
with the sound and music content, on the other hand they can be generalized to the
(social) interaction among members of a group of users and to the interaction of the whole
group with sound and music content.
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