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Realism and Uncanny Valley
- use of androids sets higher
standard for evaluation [MI06]
- critical look to uncanny valley
[BKIH09]

[Mor70]

[Mor70] M. Mori, “ukimi no tani the uncanny valley,” K. F. MacDorman and T. Minato, Trans. Energy, vol. 7, pp. 33–35, 1970.
[MI06] K. F. MacDorman and H. Ishiguro, “The uncanny advantage of using androids in cognitive science research,” Interaction Studies, vol.
7, pp. 297–337, 2006.
[BKIH09] C. Bartneck, T. Kanda, H. Ishiguro, and N. Hagita, “My robotic doppelganger - a critical look at the uncanny valley theory,” in 18th
IEEE International Symposium on Robot and Human Interactive Communication, 2009, pp. 269–276.

Required capabilities
• Express and perceive emotions
• Communicate with high-level dialogue
• Use natural ways of communication

– speech, facial expressions, gestures and gaze

•
•
•
•

Establish/maintain social relationships
Exhibit distinctive personality
Learn/recognize models of others
May learn/develop social competencies

T. Fong, I. Nourbakhsh, and K. Dautenhahn, A survey of socially interactive robots, Robotics and Autonomous Systems, vol. 42, pp. 143–166, 2003.

Cognition, Emotion and Computers
• Giving computers the ability to recognize
and express emotions
–Is that absurd?
• Computers are based on logic,
rationality, predictability.
• Nuclear power plants, phones, stock
market, airplanes, automobiles
• Intelligence = rationality?
• Scientists not yet succeeded in having a
machine that can reason about difficult
problems or interact intelligently with
people.

First, why do we have emotions as humans?
• Scientific findings show that emotions are not
luxury and they play an essential role in basic
rational and intelligent behavior.
• Increase the quality of interaction
– Essential for natural communication
• Take role in decision making
– Resources are limited and choices are
endless, impossible to consider the output
of every decision
– Emotions help prioritize our options

A bit of history: Mind and Body

René Descartes, 1596-1650

António Damásio (1944 - …)

Descartes’Error: Emotion, Reason, and
the Human Brain (1994)
•
•

•

Damásio argues that it is wrong to think that
only minds think
The body and emotions have a key role in
the way we think and in rational-decision
making
Somatic markers hypothesis
– meaning ‘’gut feelings”
– Associating physiological signals to
positive or negative outcomes

The Media Equation
... individual’s interaction with computers, television and
new media are fundamentally social and natural, just like
interactions in real life. ...
Everyone expects media to obey a wide range of social and
natural rules. All these rules come from the world of
interpersonal interaction, and from studies how people
interact with real world. But all of them apply equally well
to media.
The Media Equation, Reeves and Nass, 1996, p.5)

Why do we want/Do we want computers
with social/emotional capabilities?
• Ethical considerations? (Responsible robotics)

Emotions are cognitive
• Cognitive appraisal can precede the generation of emotions
• Primary vs secondary emotions (Damasio, 1994)
– Primary emotions: Hearing a loud band, infant reacting to a large object
approaching
• reside inside the limbic system
– Secondary emotions: Death of a loved one
• initiated by thought and involves the cortex

• Secondary emotions are learnt by generalizing events that give rise to
primary emotions

Emotions are physical
• Facial expressions
• Vocational Intonation
• Gestures, movement
• Posture
• Pupillary dilation
• Respiration
• Heart rate
• Temperature
• Electro dermal response, perspiration
• Muscle action potentials
• Blood pressure

Emotional and Social Intelligence
• Emotional intelligence
– ability to recognize one's own and other
people's emotions
– to discriminate between different feelings
and label them appropriately
– to use emotional information to guide
thinking and behavior.

• Social intelligence
– Ability to recognize and express social
behaviors and understanding complex
social relationships

BBC Documentaries: Emotions and Face

Affective Computing
• computing that relates to, arises from, or deliberately
influences emotion or other affective phenomena.
Rosalind Picard (Pioneer, 1995)
• Affect, emotion, sentiment
• Emotions (happy, sad, angry)
• Moods (relaxed, tired, depressed)
• Interpersonal relationships (dominant,
submissive, liking, hating)
• Personality (open, extrovert, neurotic)

Affective Computing
•
•
•
•
•

How to sense and analyze emotions?
How to generate emotions?
How to model emotional phenomena in computers?
How to make computers with social interaction capabilities?
Is it good to make computers with human-like cognition and
emotion?

• Interdisciplinary: Computer science, psychology, cognitive science,
neuroscience, sociology, ethics…

AAAC (HUMAINE) Network

Interaction with virtual humans: Overall steps
Individual
low-level
sensing
modules
e.g. face
recognition,
speech
recognition,
sound
localization

Multi-modal
fusion

Decision
making

Planning
and synch.
of nonverbal
behaviors

Realization of
planned
behaviors
e.g. virtual
human/robot
controller

Multi-modal social signal analysis

A. Vinciarelli, M. Pantic, H. Bourlard. Social Signal Processing: Survey of an Emerging Domain, Image and Vision Computing Journal, Vol. 27, No. 12, pp. 1743-1759, 2009.
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Challenges for behavior understanding
• Context-dependent: W5+ (where, what,
when, who, why and how)
– e.g. “Smile can mean different things”
•
•
•
•
•
•

a display of politeness (social signal)
Being happy (affective cue)
Joy of seeing a friend (affective cue/social signal)
Empathy (emotional response/social signal)
Greeting (social signal)
Irony/irritation (affective cue/social signal)

A. Vinciarelli, M. Pantic, H. Bourlard. Social Signal Processing: Survey of an Emerging Domain, Image and Vision Computing Journal, Vol. 27, No. 12, pp. 1743-1759, 2009.

Challenges for behavior understanding
• Context-dependent: W5+ (where, what,
when, who, why and how)
rather unexplored area
– e.g. “Smile can mean different things”

•
•
•
•
•
•

of research:
a display of politeness (social signal)
Recognizing
communicative intention
Being happy (affective cue)

Joy of seeing a friend (affective cue/social signal)
Empathy (emotional response/social signal)
Greeting (social signal)
Irony/irritation (affective cue/social signal)

A. Vinciarelli, M. Pantic, H. Bourlard. Social Signal Processing: Survey of an Emerging Domain, Image and Vision Computing Journal, Vol. 27, No. 12, pp. 1743-1759, 2009.

Challenges for behavior understanding
• Temporal dynamics of social behavioural cues

– Timing, speed, co-occurance of social behavioral cues
• Posed vs. spontaneous gestures

– present methods cannot handle longer time scales

• Multi-modal fusion (speech, gestures, facial
expressions etc.)
– Most systems do decision-level fusion

• input from each modality is modeled independently and fused at
the end
• Human audio-visual expressions are complementary and
redundant, thus assumption of conditional independence is
incorrect.

A. Vinciarelli, M. Pantic, H. Bourlard. Social Signal Processing: Survey of an Emerging Domain, Image and Vision Computing Journal, Vol. 27, No. 12, pp. 1743-1759, 2009.

Challenges for behavior understanding
• Temporal dynamics of social behavioural cues

– Timing, speed, co-occurance of social behavioral cues
• Posed vs. spontaneous gestures

– present methods cannot handle longer time scales

•

From task-specific to domain-specific
multi-modal
data collection
Multi-modal fusion
(speech,
gestures, facial
expressions etc.) e.g. car, meeting

– Most systems do decision-level fusion

• input from each modality is modeled independently and fused at
the end
• Human audio-visual expressions are complementary and
redundant, thus assumption of conditional independence is
incorrect.

A. Vinciarelli, M. Pantic, H. Bourlard. Social Signal Processing: Survey of an Emerging Domain, Image and Vision Computing Journal, Vol. 27, No. 12, pp. 1743-1759, 2009.

Fusion at different levels
Early fusion

• suitable when input modalities are temporally
synchronized
• e.g. audio-visual speech recognition combining speech and
lip movements.

Intermediate
fusion

• useful for inferring high level states
• e.g. user intent, emotions and activities which are based on
related but not always temporally aligned features

Late fusion

• Fusion at the semantic level
• e.g. speech and pen input, less temporally coupled
modalities

P. K. Atrey, M.A. Hossain, A. El Saddik, and M. S . Kankanhalli. Multimodal fusion for multimedia analysis: a survey. Multimedia Systems, 16(6):345–379, 2010.

Challenges for decision making
• The gap between sensing and decision making
– Low-level sensory data is continuous and noisy
• Time-series data

– e.g. a tracker detects the location changes at millisecond level,
not every change in the system maybe important for the scenario

– High-level decision making requires discrete models
of objects, actions, properties

• High-level states are determined by the requirements of the
scenario (Top-down approach)
– e.g. whether a person appeared or disappeared is important, or
how close it is to the robot, not every small changes

R. Petrick and M. E. Foster. What would you like to drink? Recognising and planning with social states in a robot barterner domain. In Proceedings of the
International Cognitive Robotics Workshop (CogRob 2012) at AAAI 2012, pages 69-76, Toronto, Canada, July 2012

Methods for computational models of
social behavior
• Rule-based methods

– Inspired by theories from social sciences

• Advantage: Higher control, transparency
• Disadvantage: The number of rules can increase
dramatically in complex situations, cannot be foreseen in
advance

• Data-driven methods

– A similar situation is created, data collected and
labeled.

• Advantage: Better to handle complex situations
• Disadvantage: Huge data collection and labeling effort

R. Petrick and M. E. Foster. What would you like to drink? Recognising and planning with social states in a robot barterner domain. In Proceedings of the
International Cognitive Robotics Workshop (CogRob 2012) at AAAI 2012, pages 69-76, Toronto, Canada, July 2012

How do we decide on the high-level
states?
High-level concepts:
Intention, Context

Very much
application
dependent

Personality,
Emotions, History
…

Efforts for
standardization
Functional
Mark-up
Language (FML)

Functional Mark-up Language (FML)
• Communication partners:

– person, name, gender, type of the character,
appearance, personality, mood, role in the given
application, emotion felt, emotion expressed,
interpersonal stance

• Communicative acts:

– Turn-taking, provide-get information, improve relationship,
maintain-gain power, cheat, lie, question, answer, assertion,
back channeling, producer of the communicative act,
receiver of the communicative act, information structure:
what is being communicated (theme) and what is new
(rheme)

B. Krenn and G. Sieber, Functional markup for behaviour planning: Theory and practice, in Proceedings of the AAMAS 2008 Workshop FML: Functional Markup
Language. Why Conversational Agents do what they do, AAMAS ’08.

Modeling Emotions
Different representations of emotions: discrete, dimensional

Ekman, 1982

Plutchik, 1980

Mehrabian, 1980

Whissel, 1989

[1] P. Ekman, Emotion in the Human Face. Cambridge University Press, NewYork, 1982.
[2] A. Mehrabian, Pleasure-arousal-dominance: A general framework for describing and measuring individual differences in temperament, Current Psychology, vol. 14,
pp. 261–292, 1996. Russell, J. A circumplex model of affect. Journal of Personality and Social Psychology, 39(6), 1161–1178, 1980
[3] R. Plutchik, A general psycho-evolutionary theory of emotion, R. Plutchik and H. Kellerman (Eds.), Emotion: Theory, research, and experience,vol. 1, pp. 2–33, 1980.
[4] C. M. Whissel, The dictionary of affect in language, R. Plutchik and H. Kellerman (Eds.), Emotion: Theory, research, and experience, vol. 4, 1989.

PAD Temperament Model
• Pleasure

Trait combination

+P+A+D
– Emotional state’s
positivity or negativity -P-A-D

• Arousal

– Physical activity and
mental alertness

• Dominance

– Feeling of control

Mood type
Exuberant
Bored

+P+A-D

Dependent

-P-A+D

Disdainful

+P-A+D

Relaxed

-P+A-D

Anxious

+P-A-D

Docile

-P+A+D

Hostile

A. Mehrabian, “Pleasure-arousal-dominance: A general framework for describing and measuring individual differences in temperament,” Current Psychology, vol. 14,
pp. 261–292, 1996. Russell, J. (1980). A circumplex model of affect. Journal of Personality and Social Psychology, 39(6), 1161–1178.

Appraisal Models
• Appraisal: Evaluation of emotions based on the
events occurring in the environment and in
interaction with others
• OCC Appraisal Theory:

– Goals (desired states of the world)
– Standards (ideas about how people should act)
– Preferences (likes and dislikes)

A. Ortony, G. L. Clore, and A. Collins, The Cognitive Structure of Emotions. Cambridge University Press, 1988.

Examples of OCC emotions and
definitions
• Hope: about the possibility of something good
happening
• Fear: about the possibility of something bad happening
• Gloating: because something bad happened to an
unliked person
• Resentment: because something good happened to an
unliked person

Phases in OCC Model
•

Classification: where the character evaluates an event, action or object,
resulting in information on what emotional categories are affected.

•

Quantification: where emotional intensities of the affected emotional
categories are decided.

•

Interaction: which means how the emotional state will interact with the
current emotional categories of the character.

•

Mapping: how OCC emotions are represented by a lower number of
emotional expressions

•

Expression: involves how the emotions will be expressed as facial
expressions or other behaviours.

OCC emotions

P

A

D

Mood type

joy

0.4

0.2

0.1

+P+A+D Exuberant

Hope

0.2

0.2

-0.1

+P+A-D Dependent

relief

0.2

-0.3

0.4

+P-A+D Relaxed

Pride

0.4

0.3

0.3

+P+A+D Exuberant

Gratitude

0.3

0.2

-0.3

+P+A-D Dependent

Love

0.3

0.1

0.2

+P+A+D Exuberant

Happy-for

0.4

0.2

0.2

+P+A+D Exuberant

Gloating

0.3

-0.3

-0.1

+P-A-D Docile

Distress

-0.4

-0.2

-0.5

-P-A-D Bored

Fear

-0.64

0.6

-0.43

-P+A-D Anxious

Disappoint.

-0.3

0.1

-0.4

-P+A-D Anxious

Remorse

-0.3

0.1

-0.4

-P+A-D Anxious

Anger

-0.51

0.59

0.25

-P+A+D Hostile

Hate

-0.6

0.6

0.3

-P+A+D Hostile

Sorry-for

-0.4

-0.2

-0.5

-P-A-D Bored

Resentment

-0.2

-0.3

-0.2

-P-A-D Bored

Personality & Mood
 Mood differ from emotion in three
aspects:
 temporal: last longer than emotions
 expression: emotions associated with
a facial expression, moods not
 cause: not associated with a specific
event

 Personality differ from emotion in two
ways :
 duration: remain constant, do not
change over time
 focus: not specific to particular events

O

C

E

A

N

V.. Vinayagamoorthy, M. Gillies, E. Steed, A.and Tanguy, X. Pan, C. Loscos, and M. Slater, “Building expression into virtual characters,” in
Eurographics Conference State of the Art Reports, 2006.

Methods for emotion modeling
 Communicative-driven methods
 treat emotions as communicative
functions
 no internal calculation
 encoded via a scripting language
 Simulation-driven methods
 model the impact of events on internal
emotion dynamics
 emotional displays are tied to emotional
state rather than communicative
functions

Appraisal

Internal Update

Conversion to facial
expressions

J. Gratch and S. Marsella, Lessons from emotion psychology for the design of lifelike characters, Applied Artificial Intelligence, vol. 19, pp. 215–233, 2005.

Social Relationships
• Important when conversational partners coming together multiple
times
• Dyadic models: define relationship as the interdependency
between two people such that a change in the state of one will
produce a change in the state of the other.
• Provision models: what one person provides for the other
• Economic models: models relationship in terms of cost and
benefits, social-exchange theory
• Stage models: relationships go through a fixed set of stages
• Dimensional models: abstract a given relationship’s characteristic
to a point in dimensional space, e.g. power and social distance,
friendliness and dominance

Bickmore, T. and Picard, R. (2005) Establishing and Maintaining Long-Term Human-Computer Relationships. ACM Transactions on Computer Human Interaction (ToCHI) 12 (2) : 293-327

Remembering past interactions
• Why a character needs to remember?
– keeping the course of dialogue
– planning long-term goals
– explaining reasons for actions
– learning from past experiences
• requires a personal history of an entity
– Episodic memory (EM)

E. Tulving, “Episodic and semantic memory,” In E. Tulving and W. Donaldson (Eds.), Organization of memory. New York: Academic Press,1972, pp. 381–403.

Types of memory
Memory

Long-term
memory

represents our
expreriences on a
timeline

Procedural
memory

Declarative
memory

Episodic
memory

Short-term
memory

(skill learning)

Semantic
memory

structured
representation
of learned facts

How can we model personal memories
in computers?
• AI character (or NPC) should store and retrieve past experiences
• Episodic memory is defined as a neuro-cognitive (brain/mind)
system, uniquely different from other memory systems that enable
human beings to remember past experiences.
• Semantic memory is derived from episodic memory and it is a
structured representation of learned facts and concepts.
• E.g. remembering what you have done last summer is an episodic
memory and your knowledge about a city is semantic memory

Remembering past experiences:
Episodic Memory
Social sciences as a starting point

• Conceptual definitions [1] [2]
– inspiring but lack of details for
implementation of robots/VH

• Findings from social sciences
– Three phases of episodic memory
– Forgetting and recency effect
• emotional memories are remembered
more

Encoding
when and what to store

Storage
what happens to stored memory

Retrieval
when and what to retrieve

[1] E. Tulving, Episodic and semantic memory, In E. Tulving and W. Donaldson (Eds.), Organization of memory. New York: Academic Press,1972, pp. 381–403.
[2] R. C. Schank and R. P. Abelson, Scripts, Plans, Goals and Understanding: an Inquiry into Human Knowledge Structures. L. Erlbaum, 1977.

Properties of episodic memory
• Autobiographical: a person remembers episodes from his/her own
perspective
• Autonoetic: remembering entails the conscious re-experience of past
memories, but the retrieved memories are distinguished from the
perception of the person’s current state
• Temporally annotated: the person has a sense of the time when an episode
has occurred.
• Imperfect: the memory is incomplete and can have errors
• Primed: recall occurs more quickly when it is primed by repetition or by
recall of related information or similar state
• Activated: exposure frequency and recency affect the speed and probability
of recall
• Forgetting: memory performance declines with time or intervening events
E. Tulving, “Episodic and semantic memory,” In E. Tulving and W. Donaldson (Eds.), Organization of memory. New York: Academic Press,1972, pp. 381–403.

A computational model of episodic memory
Phase

Subphase

Definition

Encoding

Encoding initiation
Episode Determination
Feature Selection

When a new episode will be recorded
What information is stored in an episode
Which features in an episode will be available for matching

Storage

Episode structure
Episode dynamics

How the encoded episode is stored
How stored episodes change over time

Retrieval

Retrieval initiation
Cue determination
Selection
Retrieval
Retrieval of meta-data

How memory retrieval is triggered
How data are selected and created to cue retrieval of an episode
How the retrieved episode is selected based upon the given cue
What aspects of the episodes are retrieved and how they are
represented
What meta-information about the retrieved episode is available

E. Tulving, “Episodic and semantic memory,” In E. Tulving and W. Donaldson (Eds.), Organization of memory. New York: Academic Press,1972, pp. 381–403.

Generic Episodic Memory Model
Computational models of episodic memory are limited since
the attention of the AI community started very recently!!!
 Generic Memory Module [Tec07]
 Three episode Dimensions
 Context is the general setting in which an episode
happened: the initial state and the goal of the episode
 Contents is the ordered set of events that make up the
episode
 Outcome of an episode is an evaluation of the episode’s
effect

D. G. Tecuci, “A generic memory module for events,” Ph.D. dissertation, University of Texas at Austin, Austin, TX, USA, 2007.

Decision making models
• Three main decision making models of agents
– Reflex agents - e.g if-then rules, finite-state machines
– Goal-based agents - AI planners e.g STRIPS, GraphPlan,
Hierarchical Task Network (HTNs) and Belief-Desire-Intention
(BDI)
– Utility-based agents - decision theoretic agents, partiallyobservable markov decision process

S. Russell and P. Norvig, Artificial Intelligence: A Modern Approach. Pearson Education, 2003.

Dialogue with FSMs
• Dialogue Manager based on finite
state machines (FSMs)

• ALICE chatbot approach extended
with emotional states

A. Egges, “Real-time animation of interactive virtual characters,” Ph.D. dissertation, University of Geneva, Geneva, Switzerland, 2006.

Belief-Desire-Intention Model
• Three concepts:
– Beliefs: the knowledge available to the agent about itself and its
environment.
– Desires: the goals that the agent wants to achieve.
– Intentions: the actual actions selected by the agent to be
executed.
• Practical Reasoning
– Deliberation: deciding what goals we want to achieve
 Output: intentions
– Means-ends reasoning: how to achieve these goals
 Output: plans
M. E. Bratman, Intention, Plans, and Practical Reason. CSLI Publications,1996.

Hierarchical Task Networks (HTNs)
• Planning problem instance
– Initial state, task to achieve, problem domain
• Planning domain
– Operators: how a task can be performed
– Methods: how to decompose a task into subtasks being
primitive or compound

K. Erol, J. Hendler, and D. S. Nau, “Semantics for hierarchical tasknetwork planning,” University of Maryland at College Park, College Park, MD, USA, Tech. Rep., 1994..

Dialogue Planning with HTNs
 Conversational life style agent Nabaztag [SCC+08]
 Dialogue for non-player characters [SM08]
 Self-explaining agents in virtual training systems [HvdBM09]

[SCC+08]

[SCC+08]

[SCC+08] C. Smith, M. Cavazza, D. Charlton, L. Zhang, M. Turunen, and J. Hakulinen, “Integrating planning and dialogue in a lifestyle agent,” in Proceedings of the 8th international
conference on Intelligent Virtual Agent, Springer-Verlag, 2008, pp. 146–153.
[SM08] C. R. Strong and M. Mateas, “Talking with NPCs: Towards dynamic generation of discourse structures,” in Proceedings of the Fourth Artificial Intelligence and Interactive
Digital Entertainment Conference, 2008.
[HvdBM09] M. Harbers, K. van den Bosch, and J.-J. Meyer, “A methodology for developing self-explaining agents for virtual training,” in Proceedings of The 8th International
Conference on Autonomous Agents and Multiagent Systems - Volume 2, ser. AAMAS ’09. Richland, SC: International Foundation for Autonomous Agents and Multiagent Systems, 2009,
pp. 1129–1130.

Facial expressions generation

Kismet, MIT

MAX, Bielefeld University

Essentials of Behavior Generation
Believability: Actions
should be believable
and provide the feeling
of life-likeness

Believability

Responsiveness

Responsiveness:
Reactive, fast and
timely reactions that
are also interruptible.

Interpretability

Interpretability: Observed actions
should reveal the underlying
cognitive and emotional state
M. Thiebaux, S. Marsella, A. N. Marshall and M. Kallmann. Smartbody: Behavior realization for embodied conversational agents, in Proceedings of the 7th
International Joint Conference on Autonomous Agents and Multiagent Systems -Volume 1, AAMAS ’08, International Foundation for Autonomous Agents and
Multiagent Systems, Richland, SC, pp. 151–158, 2008

Types of different behaviors
• Various behaviors needs to be generated and
coordinated:
– Communicative behavior

• Dialogue acts: e.g. speech, greetings, nodding, backchanneling

– Emotional behavior

• Conveying emotional state with face and body

– Task-based actions

• Bringing a cup of coffee, turning on/off the lights

– Social acts

• Following a person, queuing-up, maintaining appropriate
distance, looking at the point of attention

Methods for behavior generation:
Literature-based
• Relies on findings on human behavior understanding

– Manual analysis of observations and recordings
– Disadvantage: Can not explain the full complexity of the
mappings between internal states and behaviors

• Examples:

– Behavior Expression Animation Toolkit (BEAT) [1]

• Text input analyzed according to linguistic and contextual features
• A rule base is used to convert these features to appropriate
behaviors

– Non-verbal Behavior Generator (NVBG) [2]

• Similar to BEAT
• Takes Funtional Mark-up Language (FML) and produces Behavior
Mark-up Language (BML)

[1] J. Cassell, H. Hogni Vilhjalmsson, and T. Bickmore. BEAT: the behavior expression animation toolkit. In Proceedings of the 28th annual conference on
Computer graphics and interactive techniques, ACM SIGGRAPH ’01, pages 477–486, New York, NY, USA, 2001.
[2] J. Lee and S. and Marsella. Nonverbal behavior generator for embodied conversational agents. In Intelligent Virtual Agents, volume 4133 of Lecture Notes in
Computer Science, pages 243–255. Springer Berlin Heidelberg, 2006.

Methods for behavior generation:
Machine learning based
• Automatically learn regularities and dependencies
between internal states and behaviors from collected
data
• Disadvantage: Requires good annotated data
• Examples:
– Head movements generation [1]

• Analyze text for syntactic features, dialogue acts, paralinguistic
features
• Annotation of head nods (small, medium, big) and eyebrow
movements (inner brow raise, outer brow raise, brow lowerer)
• Based on AMI meeting corpus
• Hidden Markov Models (HMMs)

J. Lee and S. Marsella, Predicting speaker head nods and the effects of affective information, Multimedia, IEEE Transactions on 12(6), 552–562, 2010.

Challenges for real-time interactive
animation
• Individual animation controllers are developed
–
–
–
–
–

Lip-synch generator
Emotional expression generator
Gaze controller
Grasping
…

• Animations may effect at the same time on the same body
parts
– Needs prioritization, synchronization and blending of different
animations

• Existing game engines cannot handle complex character
animations
– Open research area

A. Shapiro, Building a Character Animation System, Motion in Games 2011, Edinburgh, November, 2011

Computer Animation
• Animate = “Give life to”
• Adding the dimension of time to graphics
• Animator specifies movement of objects
through time and space

Low-level vs High-level techniques
• Low-level techniques
– Shape interpolation
– Helps the animator fill in the details of the motion given
enough information
– Animator has a fairly specific idea of target motion

• High-level techniques
– Generate a motion given a set of rules or constraints
– Object motion is controlled by a model/algorithm
– Fairly sophisticated computation, such as physically-based
motion

The early days
•
•
•
•

Eadweard Muybridge
“Animal Locomotion” - 1887
“Animals in Motion” - 1899
“The Human Figure in Motion” - 1901

The early days
•

Major technical developments (1910):

•

Max Fleischer (Betty Boop), Walter Lantz (Woody
Woodpecker)
Rotoscoping in 1915

•

– compositing multiple layers of drawings into a final image
(celluloid)
– using grayscale
– Drawing background on long sheet of paper for panning

• Disney came around end 1920s, introducing a
number of innovations
–
–
–
–

Storyboards
Pencil sketches for reviewing motion
Multiplane camera
Using sound & colour

12 principles of animation
•
•
•
•
•
•
•
•
•
•
•
•

Squash and stretch
Anticipation
Staging
Straight ahead action and pose to pose
Follow through and overlapping
Slow in and Slow out
Arc
Secondary action
Timing
Exaggeration
Solid drawing
Appeal

Pioneering animation movies
Pixar
• Luxo Jr. (1986)
• Red's Dream (1987)
• Tin Toy (1988)
– first computer animation to win an
Academy Award

• Knick Knack (1989)

Computer Animation Research
• University of Utah

– Films on walking and talking figure
– Animated hand and animated face (Ed
Catmull (president of Pixar now),
1972) (Fred Parke, Talking face, 1974)

• University of Pennsylvania

– Human figure animation (Norm
Badler, 1975)

• MIRALab, Geneva

– Virtual Humans (Daniel & Nadia
Thalmann, 1980s)

Representation of virtual humans
Skeletal model
– A VH is represented by a polyhedral model (or
mesh)
– An underlying skeleton deforms this mesh
• Joints, connected by bones

– A pose is defined by the rotations of the joints and
the position of the root joint
– Several standards
• H-Anim

Humanoid-anim standard (H-anim)
• ISO standard (ISO/IEC 19774)
for humanoid modelling and
animation
• Developed in the late 90’s
• Systematic system for
representing humanoids in a
network-enabled 3D graphics
and multimedia environment
• http://www.h-anim.org/

Animation Tools
• Animation tools:
– Maya
– 3D Studio Max
– MotionBuilder
– Blender

• Game/graphics engines:
– OGRE3D
– Unity
– Unreal

Animation Process
while (!finished)
{
UpdateEverything();
DrawEverything();
}

• Interactive vs. Non-Interactive
• Real Time vs. Non-Real Time

Different approaches to animation
Different approaches:
• Keyframe animation
• Motion Capture
• Physics-based animation
• Procedural animation

DOFs
• Degree of Freedom (DOF)

– A variable φ describing a particular axis or dimension of
movement within a joint

• Joints typically have around 1-6 DOFs (φ1…φN)
• Changing the DOF values over time results in the
animation of the skeleton
• Note: in a mathematical sense, a free rigid body has
6 DOFs: 3 for position and 3 for rotation

Kinematics
• Kinematics

– The analysis of motion independent of physical forces.
Kinematics deals with position, velocity, acceleration, and
their rotational counterparts, orientation, angular velocity,
and angular acceleration.

• Forward Kinematics

– The process of computing world space geometric data
from DOFs

• Inverse Kinematics

– The process of computing a set of DOFs that causes some
world space goal to be met (i.e., place the hand on the
door knob…)

Skeletons
• Skeleton

– A pose-able framework of joints arranged in a tree
structure.

• Joint
–
–
–
–

Allows relative movement within the skeleton.
Are essentially 4x4 matrix transformations
Can be rotational, translational, or other
Synonym: bone

Joints
• Core Joint Data

– DOFs (N floats)
– Local matrix: L
– World matrix: W

• Additional Data

– Joint offset vector: r
– DOF limits (min & max value per DOF)
– Tree data (pointers to children, siblings, parent…)

Poses
• One can adjust each of the DOFs to specify the pose of the skeleton
• We can define a pose Φ more formally as a vector of N numbers
that maps to a set of DOFs in the skeleton

Φ = [φ1 φ2 … φN]
• A pose is a convenient unit that can be manipulated by a higher
level animation system and then handed down to the skeleton
• Usually, each joint will have around 1-6 DOFs, but an entire
character might have 100+ DOFs in the skeleton

Skeleton Posing Process
1. Specify all DOF values for the skeleton (done by higher level
animation system)
2. Recursively traverse through the hierarchy starting at the
root and use forward kinematics to compute the world
matrices (done by skeleton system)
3. Use world matrices to deform skin & render (done by skin
system)

Rigging and Animation
Animation
System
pose

Rigging
System
triangles

Renderer

Φ = [φ1 φ2 ... φ N ]

Forward Kinematics
• In the recursive tree traversal, each joint first
computes its local matrix L based on the values of its
DOFs and some formula representative of the joint
type:
Local matrix L = Ljoint(φ1,φ2,…,φN)

• Then, world matrix W is computed by concatenating
L with the world matrix of the parent joint
World matrix W = L · Wparent

Motion Capture
• Optical motion capture
– Passive
– Active
– Markerless

• Inertial

Behavior Mark-up Language
• XML based language to coordinate speech,
gesture, gaze and body movements.

H. Vilhjalmsson, N. Cantelmo, J., Cassell, N. Chafai, M. Kipp, S. Kopp, M. Mancini, S. Marsella., A. Marshall, C. Pelachaud, Z. Ruttkay, K. R. Thorisson, H.
Welbergen and R.J. Werf. The behavior markup language: Recent developments and challenges, in Proceedings of the 7th International Conference on
Intelligent Virtual Agents, IVA ’07, Springer-Verlag, Berlin, Heidelberg, pp. 99–111, 2007
http://www.mindmakers.org/projects/bml-1-0/wiki

Behavior Mark-up Language
• Six phases of animation:
– start, ready, stroke-start, stroke, stroke-end, relax, end
– Synchronized by assigning the sync-point of one
behavior to the sync-point of the other behavior

Speech and Face animation
 Coarticulation
 Overlapping of phonemes and visemes
 Dominance functions are used
 Viseme parameters
 <viseme id= "4"
filename="sp_viseme_4.ex"
spread="2.0" scale="0.8" weight="1.0"
in="50" out="50"/>
 Generation of emotions
 Streched to the duration of speech
 Intensity is set to the intensity of max
emotion in the emotional state vector
received from emotion engine
 Attack-sustain-decay-release envelop

A. Egges, “Real-time animation of interactive virtual characters,” Ph.D. dissertation, University of Geneva, Geneva, Switzerland, 2006.

Facial Action Coding System (FACS)
• A system to taxonomize human
facial movements.
• Originally developed by Swedish
anatomist Carl-Herman Hjortsjö
(1969).
• Adopted by Paul Ekman in 1978.

– 100 most influential people in the
world by TIME Magazine.

• A major update is done by Ekman
and Friesen in 2002.

http://www.paulekman.com

Facial Action Coding System (FACS)
• Action Units (AUs)
Emotion

Action Units

Happiness

6+12

Sadness

1+4+15

Surprise

1+2+5B+26

Fear

1+2+4+5+7+20+26

Anger

4+5+7+23

Disgust

9+15+16

Contempt

R12A+R14A

MPEG-4 Facial Animation Parameters
• Part of the MPEG-4 Face and
Body Animation (FBA)
International standard (ISO
14496) since 1999
• Developed by “Moving
Experts Group” to virtually
represent humans and
humanoids, for low bitrate
compression and
transmission.

MPEG-4 Facial Animation Parameters
(FAPs)
• FDPs (Facial Definition
Parameters): Face is defined by
84 FAPs (feature points)
– For constructing 3D Face
Geometry

• FAPs (Facial Animation
Parameters) Each FDP is moved
by FAPs
• There are 68 FAPs
• FAPUs (Facial Animation
Parameter Units): distance
between key facial features on a
specific face
– To scale FAPs to any face

Gesture

• Gesture is a form of non-verbal
communication to convey complementary
information to discourse
• Different from movements such as grasping
and reaching as they carry semantic
characteristics

Types of gestures
• Conscious vs unconscious gestures
• Conscious gestures:

– Emblematic gestures: have different meaning depending
on the culture
• Making a ring with your hand to indicate “okay” or thumbs-up
gesture

– Propositional gestures: relates to size, shape direction or
relation

• Point at an object with the index finger or using the hands to show
the size of an object

M. Argyle. Innate and cultural aspects of human non-verbal communication. In . Blakemore and S. Greenfield, editors, Mindwaves: thoughts on intelligence, identity and
conciousness. Oxford: Basil Blackwell, 1987.

Unconscious gestures
•

Iconics: depict by the form of the gesture or
some feature of the action or event being
described

– Turning the wrist while the fingers are bent to depict
a pouring action

•

Metaphorics: also representational but not
directly linked with a physical action
– “Meeting went on and on…” accompanied by
indicating a rolling motion

•

Deictics: spatialize or locate the physical space
in front of the narrator
– "well, Roberto was looking at Pietro across the
table. . .“ while pointing left and then right”

•

Beats: small baton like movements that mainly
serve a pragmatic function as an orienting or
evaluative comment on the discourse
– “she talked first, I mean second” accompanied by a
hand flicking down and then up.

J. Cassell. A framework for gesture generation and interpretation. In R. Cipolla and A. Pentland, editors, Computer Vision in Human-Machine Interaction,
pages 191–215. Cambridge University Press, New York, 1998.

Laban Movement Analysis
• Comprehensive set of
parameters to represent
human movement
• Have its roots in dancing
• Movement exists not just
because it has underlying
linguistic relationships
Chi, D.M., Costa, M., Zhao, L., Badler, N.: The EMOTE model for effort and shape. In: Siggraph 2000, Computer Graphics Proceedings (2000)

More on Effort parameter
• Space: attention to the surroundings

– Indirect-direct
– E.g. waving away bugs vs pointing to a particular spot

• Weight: sense of the impact of one’s movement
– Light-strong

• Painting on a canvas vs punching

• Time: lack or sense of urgency
– Sustained-sudden

• Stretching to yawn vs grabbing a child from danger

• Flow: attitude towards bodily tension and control
– Free-bound

• Waving wildly vs tai chi movements

Proxemics
• Angry people have a
tendency to reduce
the distance during
social interaction
• Distance between
intimate people is
also close

E. T. Hall, The hidden dimension: man’s use of space in public and private. New York: Doubleday, 1966.
E. T. Hall, Proxemics, Current Anthropology, vol. 9, pp. 83–108, 1968.

Gaze and Emotion
• Gaze has two functions:

– Monitoring function: to collect information about the
people and environment
– Expressive function: attitude towards the other person

• Length and direction is important.
• Continuous gaze might indicate liking and activity.
• Constant mutual gaze during conversation might be
disturbing.
• Quick eye movements indicate nervousness or
anxiousness.

Our research:
INDIGO European project

Modelling emotions and memory for
long-term social interaction
• Motivation: Social characters
should interact with us
multiple times during a long
period of time and have the
ability to maintain engaging
interpersonal relationships.
– Existing systems focus on
short-term interactions
– Few systems for long-term
interaction

Modelling
episodic
memory

Long-term
social
interaction:
Experiments
Modelling
personality
and
emotions

Expressive
behavior
generation

Our system: Robotic tutor
Affect
- create fun, interest into
the topic
- emotional support &
self-awareness

Feedback
- report on user’s progress
- increase learning outcome
by review

Y. Kim and A. L. Baylor, A social-cognitive framework for pedagogical agents as learning companions, Educational Technology Research and Development, vol. 54, pp.
569–596, December 2006.

Our Emotion Model


OCEAN personality [1]




16 OCC emotions [2]




Joy, hope, relief, pride, gratitude, love, happy-for,
gloating, distress, fear, disappointment, remorse, anger,
hate, sorry-for, resentment

Pleasure-Arousal-Dominance(PAD) model for mood [3]





Openness, conscientiousness, extroversion,
agreeableness, neuroticism

Positive: Exuberant, dependant, relaxed, docile
Negative: Bored, disdainful, anxious, hostile

Two-dimensional relationship model [4]


Friendliness and dominance

[1] R. R. Mccrae and P. John, An introduction to the five-factor model and its applications, Journal of Personality, vol. 60, pp. 175–215, 1992.
[2] A. Ortony, G. L. Clore, and A. Collins, The Cognitive Structure of Emotions. Cambridge University Press, 1988.
[3] A. Mehrabian, Pleasure-arousal-dominance: A general framework for describing and measuring individual differences in temperament, Current Psychology, vol. 14, pp.
261–292, 1996.
[4] M. Argyle, Bodily communication, second ed. Methuen and Co Ltd, 1998.

Overall architecture
face recognition

Episodic Memory

Dialogue Manager

memory query

HTN Planner Layer
selected
FSMs

speech recognition

belief
update

Finite-State-Machine
(FSM) Layer
generated
text

Facial Animation & TTS
animation
stream

belief update

audio

memory record
emotion appraisal
emotion &
mood

Long-term EM
Short-term EM

relationship
level

Emotion Engine

Our model (Case 1)
O = 0.28
C = 0.33
E = 0.41
A = 0.35
N = 0.15

Base Mood

OCEAN to PAD Conversion
P = (O, C , E , A, N ) O, C , E , A, N ∈ [−1,1]
M base = (m1 , m2 , m3 ) mi ∈ [−1,1]
m1 = 0.21 ∗ E + 0.59 ∗ A + 0.19 ∗ N
m2 = 0.15 ∗ O + 0.30 ∗ A − 0.57 ∗ N
m3 = 0.25 ∗ O + 0.17 ∗ C + 0.60 ∗ E − 0.32 ∗ A
Initially , M cur = M base

Current Mood
Mood type = Exuberant
P = 0.32 A = 0.06 D = 0.26

Our model (Case 2,3)
 Mood is updated with relationship,

 Case 2,3: when a new person is
recognized or leaves
 arousal increases/decreases slightly due
to activation/deactivation

friendliness

dominance

Case 2:

M cur = (m1 + rf , m2 + 0.2, m3 + rd )

Case 3:

M cur = (m1 − rf , m2 − 0.2, m3 − rd )

Our model (Case 4)
Emotional state

Emotional Appraisal
Mood Filter
Emotional State

if

Emotional appraisal

Mood

Es , Ea = [e1 ,..., e16 ]; ei ∈ [0,1]

Step 1:
Emotional State
∑ ∑ α ∗m
)=E +
filter ( E , MUpdate
∑ ∑ α

then Es = Es + filter ( Ea , M cur )
where

a

cur

3

i =1

j =1

a

OCC to PAD matrix

ij

16

3

i =1

j =1

j

ij

Mood dimension

Step 2:( Es , α )
M cur = M cur + UpdateMood

) = ∑i =1 Update
UpdateMood ( Es , αMood
∑ j =1 e j ∗ α ij
3

New Mood

16

16

Relationship Update
n events are retrieved from Episodic Memory for person X
Event #n
Name = X

Weighted average of
relationship contribution
of each event

Rn Pn
Event #1
Name = X

R1 P1
R ×P
∑
=
∑ P

Event’s relationship
contribution

n

RX

k =1 k
n
k =1

k

,

k

where username = X
and RX = {rf , rd }

Recall Probability

Episodic Memory
Event #n
Name = X
Event #2
Name = Y
Event #1
Name = X

111

The good student

The difficult student

Emotional Interaction sessions

Recognition and Remembering sessions

Z. Kasap, M. B. Moussa, P. Chaudhuri, and N. Magnenat-Thalmann, “Making them remember: emotional virtual characters with memory,”
IEEE Comput. Graph. Appl., vol. 29, pp. 20–29, March 2009.

Theoretical Basis of Our System
BDI Model [Bra96]

Belief-DesireIntention (BDI)
agent model

- Belief
- Desire
- Intentions

HTN Planning [MGT04]

- the initial state of the world
- the goal that the agent wants to achieve
- the actions that the agent can perform

Episodic Memory
(EM)

Hierarchical Task
Network (HTN)
Planning

Episodic Memory [Tec07]

- Context: initial state and goal
- Contents: events
- Outcome: result of the episode
[Bra96] M. E. Bratman, Intention, Plans, and Practical Reason. CSLI Publications, 1996.
[MGT04] M. Ghallab, D.Nau and P. Traverso, Automated Planning: Theory and Practice. Morgan Kaufmann Publishers, 2004.
[Tec07] D. G. Tecuci, “A generic memory module for events,” Ph.D. dissertation, University of Texas at Austin, TX, USA, 2007.

Theoretical Basis of Our System
BDI Model [Bra96]
- Belief
- Desire
- Intentions

BDI Model
Beliefs
HTN Planning [MGT04]

Belief-DesireIntention (BDI)
agent model
Planning

HTN
Initial state

- the initial state of the world
Goals
Methods
- the goal that the agent wants to achieve
Operators
- the actions thatActions
the agent can perform

(primitive tasks)

Episodic Memory [Tec07]

Episodic Memory
(EM)

Belief-DesireIntention (BDI)
agent model
Episodic Memory

Context and Outcome
Context
Contents
Hierarchical Task
Episodic Memory
Network (HTN)
(EM)
Planning

Hierarchical Task
Network (HTN)
Planning

- Context: initialS. state
and goal
Sardina, L. de Silva, and L. Padgham, “Hierarchical planning in BDI agent programming languages: a formal
- Contents: events
approach,” in Proceedings of the fifth international joint conference on Autonomous agents and Mult-agent
systems,
AAMAS’06,
2006.
- Outcome: result
of the
episode
[Bra96] M. E. Bratman, Intention, Plans, and Practical Reason. CSLI Publications, 1996.
[MGT04] M. Ghallab, D.Nau and P. Traverso, Automated Planning: Theory and Practice. Morgan Kaufmann Publishers, 2004.
[Tec07] D. G. Tecuci, “A generic memory module for events,” Ph.D. dissertation, University of Texas at Austin, TX, USA, 2007.

Dialogue Planning with HTNs and FSMs
JSHOP2 syntax (methods and operators) [1]
Session

(:method (teach ?topic ?question)
((not (executedtask teach))
(usersuccess ?usersuccess))
((!teach ?topic ?question ?usersuccess))
()
((!endgoal (teach ?topic ?question ))))

XML style [2]
<state name=" beginTopic " type=" begin "/>
<state name=" askQuestion " type=" normal "/>
<state name=" gotChoiceA" type=" normal "
goalType=" goalviolated "/>
<state name=" gotChoiceB " type=" normal "
goalType=" goalviolated "/>
<state name=" gotChoiceC " type=" normal "
goalType=" goalachieved "/>
<state name=" endTopic " type=" end"/>

HTN Layer Introduction

Greet

Greet
unknown

[1] O. Ilghami, Documentation for JSHOP2, University of Maryland, College Park, USA, Tech. Rep. CS-TR-4694, 2006.
[2] A. Egges, Real-time animation of interactive virtual characters, Ph.D. dissertation, University of Geneva, 2006.

Greet
known

FSM Layer

Talk about
course

Dialogue Planning with HTNs and FSMs

Executable
task (FSM)

Goal update
to goal queue

Memory
query from
Episodic
Memory

Our Episodic Memory Model
• Step 1: Encoding
– Primitive task  FSM  Episode
– Event  FSM state change
• time of the event, user name, FSM state, goal status, emotion, emotion
intensity, recall probability

Z. Kasap and N. Magnenat-Thalmann, Towards episodic memory based long-term affective interaction with a human-like robot. in IEEE International Symposium on Robot
and Human Interactive Communication (ROMAN’10), pp.479-484, 2010.

Episodic Memory Model
• Step 2: Storage

• Step3: Retrieval

• A relational database is used
(SQLite)
• for efficient storage and retrieval

• Spontaneous
•

• Recall probability

recall prob.

• recency effect: exponential
decay function
• neurotic people remember bad
memories

Retrieval of relationship
upon seeing someone
known

• Deliberate
•

Queries from HTN planner
•

e.g. user’s success level

neuroticism

Pi ∈ [0,1], t ≥ 0, A ∈ [0,1], N ∈ [-1,1]
if A > 0 e −t A 
A = ( N + 1) / 2, Pi = 

0 
else

SELECT * FROM ShortTermEpisodicMemory
WHERE username = ’zerrin’
AND ( goalType = ’goalviolated’)
AND ( stateName = ’gotChoiceA ’
OR stateName = ’gotChoiceB’
OR stateName = ’gotChoiceC’)

Facial Animation Generation Pipeline
Facial animation
driven by OCC
emotions

Static facial expression
database

Idle gaze head
behaviour model [1]

Blending &
Deformation

Virtual face
to robot
converter [4]

[2][3]

Facial animation
driven by PAD
mood

[1] C. Cig, Z. Kasap, A. Egges, and N. Magnenat Thalmann, Realistic emotional gaze and head behavior generation based on arousal and dominance factors, in The Third
International Conference on Motion in Games. Springer, 2010.
[26] A. Egges, Real-time animation of interactive virtual characters, Ph.D. dissertation, University of Geneva, 2006.
[3] S. Garchery, A. Egges, and N. Magnenat Thalmann, Fast facial animation design for emotional virtual humans, Proceedings of Measuring Behaviour. 2005.
[4] M. Ben Moussa, Z. Kasap, N. Magnenat halmann and David Hanson. MPEG-4 FAP Animation Applied to Humanoid Robot Head. Proceedings of Engage 2010 Summer
School, 2010.

Static Facial Expressions
Two steps:
1) Using the OCC to PAD conversion table a row is selected.
2) One of the three expressions is selected randomly to increase variation.

Idle Gaze and Head Behaviour Model
•

Parametric approach enhanced with custom-designed animation files
Gaze Model Parameters

Head Model Parameters

Arousal

Dominance

Arousal

Dominance

Saccade
Duration

Direct
Proportion
Inverse
Proportion

Probabilistic
Approach

Inverse
Proportion

Probabilistic
Approach

Inter-saccade
Interval

Inverse
Proportion

Inverse
Proportion

Saccade
Velocity
Saccade
Magnitude

Direct
Proportion
Direct
Proportion

Inverse
Proportion

Direct
Proportion
Direct
Proportion

Inverse
Proportion

Inverse
Proportion

Direct
Proportion

Inverse
Proportion

Blink Rate

Total Amount Direct
of
Gaze Proportion
Aversion

C. Cig, Z. Kasap, A. Egges, and N. Magnenat-Thalmann, “Realistic emotional gaze and head behavior generation based on arousal and dominance
factors,” in The Third International Conference on Motion in Games. Springer, 2010.

Virtual to robotic face
 Controlled by 32 Servo-motors
 Bi-directional
 Inside the head
 Values between 0 and 250
 Skin deformed by servo-motors pulling and pushing the
skin

MPEG-4 FAPs to
Robot Servos

Conversion results
FAP to Servos
Conversion

matrix

MPEG-4 FAP
animation stream

FAP To Robot
Converter

Robot Servo
values stream

M. Ben Moussa, Z. Kasap, N. Magnenat-Thalmann and David Hanson. MPEG-4 FAP Animation Applied to Humanoid Robot Head. Engage 2010 Summer School, 2010.

Demo robotic tutor

Z. Kasap (Yumak) and N. Magnenat-Thalmann. Building long-term relationships with virtual and robotic characters: The role of remembering. The Visual Computer.
28(1). pp. 87-97. Springer-Verlag. 2012.

Case Study

Four conditions:
(1) Supportive Eva with memory
(2) Supportive Eva without memory
(3) Unsupportive Eva with memory
(4) Unsupportive Eva without memory

Purpose of the study
• Four hypothesis:
– Existence of memory in the system will cause a higher level
of social presence.
– Social presence level will not decrease by time in withmemory conditions and this will significantly be due to
existence of memory.
– Existence of memory in the system will cause a higher task
engagement.
– Participants will discriminate between the different robot
personalities and supportive robots will be considered as
more motivative.

Measurements and Protocol
Measurement
Groups

Measurements

Social presence

Engagement [1]
User responsiveness [2]
Affective understanding [3]

Task
engagement

Adaptability to learning
Success level

Motivation

Extrinsic Motivation
Intrinsic Motivation [4]

Personality

Friendliness
Dominance

 Experiment protocol:
 52 participants, 12 female,
40 male with age from 18 to
46
 4 interactions over two
weeks, 15 minutes each
 Questionnaire after 2nd and
4th interaction

[1] M. Lombard, T. B. Ditton, D. Crane, D., G.-E. B., and K. G., Horvath, Measuring presence: A literature-based approach to the development of a standardized
paper-and-pencil instrument, in In W. IJsselsteijn, J. Freeman and H. de Ridder (Eds), Proceedings of the Third International Workshop on Presence, 2000.
[2] F. Biocca, C. Harms, and J. Burgoon, Towards a more robust theory and measure of social presence: Review and suggested criteria, Presence: Teleoperators and
Virtual Environments, vol. 12, pp. 456–480, 2003.
[3] E. McAuley, Psychometric properties of the intrinsic motivation inventory in a competitive sport setting: A confirmatory factor analysis. Research Quarterly for
Exercise and Sport, vol. 60, pp. 48–58, 1989.

Results
• We applied a repeated measures MANOVA
– Both memory, support and time has significant effects on the model

- Existence of memory in the system caused a higher level of social presence.
- Social presence level increased by time in with-memory conditions, however this effect was
not significant.

Results

- Existence of memory in the system caused a higher level of task engagement.

Results
- Participants discriminated
between different robot
personalities.

- But supportive robots were
not considered as more
motivative as expected.

Discussion
• Two important results:
– Social presence level didn’t decrease through multiple interactions.
– Memory is an important component for long-term interaction.

• Not suprising result but important for validation
– Different personalities are created and correctly perceived.

• An unexpected result:
– Supportive robot were not more motivative
• Due to the interesting personality of the unsupportive robot

– Matching between user and robot personality can be important
• Some users liked the course more when interacting with the unsupportive robot

Z. Kasap (Yumak), N. Magnenat-Thalmann. Long-term Social Interaction with an Expressive Robot. Computer Graphics International. Ottawa,
Canada, 2011 (to be published)

Multi-party interactions

Motivation: Mostly 2-party interactions

Issues in multi-party interaction [1]
• Conversational roles
• listener, addressee, bystanders, over-hearers [2]

•
•
•
•

Attention management
Speaker identification
Addressee recognition
Turn management

[1] D.R. Traum. Issues in multi-party dialogues. In: F. Dignum, editor. Advances in Agent Communication. Springer Verlag, 2004. p. 201-11.
[2] Clark, H. 1996. Using Language. Cambridge University Press. (Image from Bilge Mutlu)

Kendon’s F-formations [1]
• Transactional segment [2]

– The space during interaction
individuals direct their attention,
manipulate objects etc.
• e.g watching TV vs using ATM is
different

• F-formation (facing formation) [2]

– Is formed whenever two or more
people arrange themselves such
that their transactional segments
overlap creating a o-space
– While the r-space is not used it is
observed by the participants

[1] Kendon, A. Spacing and orientation in co-present interaction. Lecture Notes in Computer Science, 5967, 1-15. 2010
[2] P. Marshall, Y.Rogers, and N. Pantidi. Using F-formations to analyse spatial patterns of interaction in physical environments. In Proceedings of the ACM 2011
conference on Computer supported cooperative work (CSCW '11). ACM, New York, NY, USA, 445-454, 2011

Comparison of two-party and multi-party
Two-party

Multi-party

Conversational roles

Listener and addressee

Listener, addressee, side
participant(s)

Attention management

Attention could be on the
other or elsewhere

Attention is more dynamic,
new conversations can be
initiated and terminated

Speaker identification

If there is sound, the other
one is speaking

-

Audiovisual cues (sound
localization, lip movement
etc) for human speakers
Can be embedded in the
communication channel for
agent-agent com.

Addressee recognition

Whoever is not speaking is the
addressee

-

Calling by name
Audiovisual cues (body
orientation, gaze, pointing
gestures)

Turn management

Turns taken in order, could
allow interruptions

Participants need to compete
for the turn (e.g. leadership)

D.R. Traum. Issues in multi-party dialogues. In: F. Dignum, editor. Advances in Agent Communication. Springer Verlag, 2004. p. 201-11.

Challenges in tracking and fusion for
multi-party interaction
•
•
•
•

Speaker identification
Addressee detection
Engagement intention detection
Interruptions and overlaps during speech
– You-speak-then-I-speak approach
– Barge-ins
– Backchannelling

• Incremental speech recognition
Z. Yumak and N. Magnenat-Thalmann. Multi-modal, multi-party interactions with virtual humans. Springer Book Chapter on Autonomous Virtual Humans and Social
Robots, Edited by Nadia Magnenat-Thalmann, Junsong Yuan, Daniel Thalmann, 2014 (to appear)

Previous work on multi-party interactions

Bohus and Horvitz 2009

Foster et al. 2013

Xu et al. 2013

[1] D. Bohus, and E. Horvitz. Learning to Predict Engagement with a Spoken Dialog System in Open-World Settings. In Proceedings of SIGdial'09, London, UK, 2009
[2] M. E, Foster, A. Gaschler, M. Giuliani. How Can I Help You? Comparing Engagement Classification Strategies for a Robot Bartender. In Proceedings of the 15th
International Conference on Multimodal Interaction (ICMI 2013), Sydney, Australia, 2013.
[3] Q. Xu, L. Li, and G. Wang. Designing engagement-aware agents for multiparty conversations. In Proceedings of the SIGCHI Conference on Human Factors in
Computing Systems (CHI '13). ACM, New York, NY, USA, 2013

What is engagement?
• “the process by which individuals in an
interaction start, maintain and end their
perceived connection to one another”
• “the value that a participant in an interaction
attributes to the goal of being together with
the other participants and of continuing the
interaction”
C.L. Sidner, C.D. Kidd, C. Lee, and N. Lesh, 2004, Where to Look: A Study of Human-Robot Engagement, IUI’2004, pp. 78-84, Madeira, Portugal
C. Peters, C. Pelachaud, E. Bevacqua, and M. Mancini, 2005, A model of attention and interest using gaze behavior, Lecture Notes in Computer Science, pp. 229-240.

Possible situations

Decision making for multi-party
interactions
• Modelling engagement decisions
– Decide when to engage and disengage with which
user in a multi-party environment

• Modelling turn-taking behavior
– Decide when it is my time to speak during
conversation

Modelling engagement decisions
• Two layers:

– Application independent multi-user engagement
decisions

• Take into account current engagement state of the user,
previous agent and system actions, sensory input [1]
• Decide whether to respond to the user’s attention requests
or proceed with the current user [2]

– Application-dependent decisions

• Take into account high-level application-dependent goals
and context (history of interactions, relationships between
users) [1]
• Decide what to say once engaged with a user [2]

[1] D. Bohus, and E. Horvitz. Models for Multiparty Engagement in Open-World Dialog, in Proceedings of SIGdial'09, London, UK, 2009
[2] S. Keizer, M. E. Foster, O. Lemon, A. Gaschler, and M. Giuliani. Training and evaluation of an MDP model for social multi-user human-robot interaction. In
Proceedings of the 14th Annual SIGdial Meeting on Discourse and Dialogue, August 2013

Modelling turn-taking behavior
• Rule-based model [1]

– Floor states and floor management actions:

• States => Binary variable: has the floor, does not have the floor
• Actions => Take, release, hold, no action

– Rules:

• If a participant has the floor already and if she is not speaking, the floor is
assigned to the set of addressees for the last spoken utterance.

• Decision-theoretic approach [2]

– Take into account uncertainties in state recognition and system’s own
computational delays
– Continuously deliberate about uncertainties and delays and resolve
tradeoffs between waiting and taking the floor
– Handle situations such as long silences, barge-ins and flow conflicts

[1] D. Bohus and E. Horvitz. Computational models for multiparty turn-taking. Technical Report MSR-TR-2010-115, Microsoft Technical Report, 2010.
[2] D. Bohus and E. Horvitz. Decisions about turns in multiparty conversation: From perception to action. In Proceedings of the 13th International Conference on
Multimodal Interfaces, ICMI ’11, pages 153–160, New York, NY, USA, 2011. ACM.

Behavior generation for multi-party
interaction
• Heuristic rules

– “During a hold behavior, the avatar directs its gaze away from
the addressee during the thematic part and towards the
addressee during the rhematic part.” [1]

• Data-driven methods

– No methods exist for automatic generation of multi-party
behaviors
– Mutlu et al. [2]

• Developed models of role signaling, turn-taking, topic signaling
• In two-party conversations

– Speaker gazed towards the addressee 76% of the time and looked at the
bystander 8% of the time

• In three-party conversations

– Speaker gazed towards the addressee 71% of the time and looked at the
environment 29% of the time

[1] D. Bohus and E. Horvitz. Facilitating multiparty dialog with gaze, gesture, and speech. In International Conference on Multimodal Interfaces and the Workshop on
Machine Learning for Multimodal Interaction, ICMI-MLMI ’10, pages 5:1–5:8, New York, NY, USA, 2010. ACM.
[2] B. Mutlu, T. Kanda, J. Forlizzi, J. Hodgins, and H. Ishiguro. Conversational gaze mechanisms for humanlike robots. ACM Trans. Interact. Intell. Syst., 1(2):12:1–
12:33, January 2012.

Our work: Multi-party interaction among two
users, a virtual human and a robot

Overall architecture

Multi-user tracking and fusion

Screenshot from the fusion module
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Multi-user entrance/leave mechanism
• Kinect assigns IDs to people
– 6 people are tracked, 2 with full skeletons

• Kinect IDs are lost when the users are lost inside
the room
– Users might get out of the field of view of Kinect or
can cross each other

• We need an intelligent mechanism to distinguish
between user entered, left, lost and found states
and to re-identify the lost users

Multi-user entrance/leave mechanism
Track
skeleton

participant
lost

Inside
the
room

ID
already
exist

Left
from the
door

Get the LBP
and color
hist.
features

participant
left

Compare
with
existing
users

Show
skeleton

new
user

participant
found

participant
entered

Users might cross each other:
the user at the back is lost

User 3

User list =>
-1

3

User found back:
appeared in the middle of the room

Store LBP and
color
histogram to
recognize
people

User 3

User list =>
2

3

User 2

Extracting LBP features

Extracting Color Histogram

Skeleton Checking
• Check whether the skeleton is
in a proper position.
– The lengths of these vectors do
not change much.
– Shoulder width
– etc.

• If the skeleton is twisted, skip
the frame

Overview of Kinect-based person
re-identification

Results
• Experiment 1 [1]: Overall evaluation of the
system with multiple users
– Conducted in December 2013

• Experiment 2 [2]: Evaluation of the user
lost/found functionality
– Conducted in September 2014
[1] Z. Yumak, J. Ren, N. Magnenat Thalmann and J. Yuan, Modelling Multi-party Interactions among virtual characters, robots and humans, MIT Presence: Teleoperators and Virtual Enironments (Presence), 23(2), 2014 .
[2] Z. Yumak, J. Ren, N. Magnenat Thalmann and J. Yuan, Tracking and fusion for multiparty interaction with a virtual character and social robot, SIGGRAPH Asia,
Workhop on Autonomous Virtual Humans and Social Robots, December 2014

Experiment 1
•

21 participants interacted in 14 sessions

•

They were instructed by the speech recognition vocabulary and the
general from interaction but they were free to choose when to enter and
leave.

– Interacted in pairs
– In 7 of the 14 sessions, one user was a participant, the other one was the
researcher
– In the other half of the sessions, both users were participants
– Total interaction time was 105 min, 7.5 min on average

System capabilities
1) One user might interact with the system
2) A new comer might join, while one user is
already interacting
3) One user leaves while two users are
interacting with the system and the remainder
user continues interacting
4) Two users might enter or leave the scene at
the same time.

Questionnaire & Results
• Questionnaire

– First part: adapted from an existing social presence
questionnaires
– Second part: prepared by the researchers in particular
for multi-party interaction

• Analysis of video recordings:
–
–
–
–

Speaker identification accuracy: 82.3 %
Addressee detection accuracy: 81.4 %
Speech recognition accuracy: 81.5 %
Overall accuracy : ~60%

Results of the questionnaire: Part 1
0

How involving was your experience with the system?
How engaging was the interaction content?
To what extent did you feel mentally immersed in the experience?
To what extent did you experience a sensation of reality?
I was so involved in my experience that I lost track of time.
How often did you want to or did you make eye-contact with Sophie or…
The experience caused real feelings and emotions for me.
How often did you make a sound out loud in response to Sophie and…
How often did you smile or make an expression in response to Sophie and…
The experience was natural and comfortable.

1

2

3

4

5

6

Results of the questionnaire: Part 2
0

1

2

3

4

5

6

7

I could understand when (Sophie/Nadine) was addressing me.
I could understand when (Sophie/Nadine) was addressing the
other person.
(Sophie/Nadine) was aware of my existence.
(Sophie/Nadine) was aware of the other user’s existence.
(Sophie/Nadine) was aware of (Nadine/Sophie)'s existence.
(Sophie/Nadine) knew when I was speaking to her.
(Sophie/Nadine) knew when I was speaking to
(Nadine/Sophie).
(Sophie/Nadine) knew when it was her time to speak.
(Sophie/Nadine) could answer with appropriate timing.
(Sophie/Nadine) could understand what I am saying.

Sophie
Nadine

Comments from users
•

“They both did a fantastic job understanding when they were addressed.
Sometimes, I would look neither of them and use their names in the
question and the correct person answered. When I looked at them and did
not say their name, they were able to recognize when I was looking at
them and respond accordingly.”

•

“Except once, they were able to know which user were speaking.”

•

“With Nadine, I want to interact about daily conversation like “How do you
feel today?” because she looks real. With Sophie, I want her to tell me
about my schedule like secretary (e.g. Today you have a meeting).”

•

“They can understand only the specific sentences. It will be great if they
can understand without specific and whatever we say - like real humanbeings”

Experiment 2
•
•
•
•

20 participants interacted in pairs
32 mins of interaction, 3.2 mins on average
Questionnaire with 9 questions
Between subjects study
– There were two conditions, 10 users 5 pairs for each:
• System without the lost/found user capability
• System with the lost/found user cabability

Results
• Results:
– There is a significant difference between these two
cases (F(1, 18) = 5.067, p=0.037) with 95% confidence
– The second case gave higher results with respect to
the questionnaire.

• Analysis of video
– The accuracy of user re-identification is 67%
– One session contained extreme movements of users
• excluding this session, accuracy is 88%.

Demo: Multi-party interaction

Current research: What is the goal?
• Developing believable 3D characters with
autonomous social/emotional interaction
capability

Immersive Role-playing Games
• Artificially-driven characters that
can take roles in real-life simulations

should be engaging
encourage/challenge the user
have emotional/social intelligence
have real-time interactivity
high-fidelity (realistic appearance and
behavior)
– social and physical presence
–
–
–
–
–

Social
Presence

Emotional
Intelligence

Interactivity

Immersion

High-fidelity

Physical
Presence

RAGE Horizon 2020 EU project
• Realising an Applied Gaming Ecosystem
• Improving soft skills with games
– Negotiation and communication skills
– e.g. Job interview training

COMMIT : Serious game for the elderly
• 8D Games, Utrecht University, Aafje Rehabilitation Center,
CTI Rotterdam
• Rehabilitation after hip replacement
• Methods inspired from biomechanics and motion analysis
– investigation of low-cost capture devices such as Kinect

Utrecht University Virtual Human Controller

https://www.staff.science.uu.nl/~yumak001/UUVHC/index.html

Virtual Human Controller
Lip-synchronized speech
Facial expressions
Gestures
Gaze
Based on Unity-3D and CereVoice Text-toSpeech System
• Driven by Behavior Mark-up Language (BML)
•
•
•
•
•

Prepare a virtual human in Daz3D

DAZ export rules for Unity

Import virtual Human to Unity

Fixing the eye and hair shaders

BML Realizer
• We developed a BML realizer for Unity
– Speech Realizer
– Gesture Realizer
– Face Realizer
– Gaze Realizer

• Available for RAGE project and internal
projects
• Planning to make it public

Speech realizer
• Based on Rogo Digital Lipsync and CereProc
– SSML – Speech Synthesis Mark-up language

• Rogo Digital lipsync works offline with sound files
• We linked RogoDigital with the TTS callback
functionality of CereVoice
• Wrote a set of scripts to extract phonemes and pass
them to Rogo LipSync
• Currently, works only on Windows

Add Rogo Digital Lipsync to Unity

Map phonemes to blendshapes
Rogo Digital Phonemes

Daz3D Blendshapes

AI

head.eCTRLvAA

E

head.eCTRLvEE

U

head.eCTRLvUW

O

head.eCTRLvOW

CDGKNRSThYZ

head.eCTRLvTH

FV

head.eCTRLvF

L

head.eCTRLvL

MBP

head.eCTRLvM

WQ

head.eCTRLvW

Gesture Realizer

How to add new gestures?

Animation Controller

Animation Controller

Gaze realizer
• Download Head Look Controller asset
• Link the Gaze Realizer to the Head Look Controller
script and create gaze targets from your scene.

BML Example

BML Example

Research: Engagement-driven gaze
model

List of features
Feature

Explanation

Change of distance and
orientation

If the user is not only passing by but staying stable for a while

Greeting/
calling by name

If the user calls by name or greets explicitly

Waving hand

If the user waves hand

Distance

If the user is closer to the vh

Orientation

If the user configures his/her body towards the vh

Closeness to the center of FoV

If the user is closer to the center of the field of the view of the vh

Speaking

If the user is speaking

Smiling

If the user is smiling

Engagement detection model
• Engagement level is decided based on a
contribution of multiple features.
– Weighted sum of 𝑛𝑛 features

𝐸𝐸𝐸𝐸 𝑖𝑖 (𝑡𝑡) = 𝑤𝑤1 𝑐𝑐1 𝑓𝑓1 𝑖𝑖 𝑡𝑡 + 𝑤𝑤2 𝑐𝑐2 𝑓𝑓2 𝑖𝑖 𝑡𝑡 + 𝑤𝑤3 𝑐𝑐3 𝑓𝑓2 𝑖𝑖 𝑡𝑡 + … + 𝑤𝑤𝑛𝑛 𝑐𝑐𝑛𝑛 𝑓𝑓𝑛𝑛 𝑖𝑖 𝑡𝑡
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 k ∈ 1, 𝑛𝑛 , 𝑖𝑖 ∈ 0,5 , 𝑓𝑓𝑘𝑘 𝑖𝑖 t ∈ 0,1 , 𝑐𝑐𝑘𝑘 ∈ 0,1 , 𝑤𝑤𝑘𝑘 ∈ [0,1]

𝑓𝑓𝑘𝑘 𝑖𝑖 (t) ⇒ 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 𝑜𝑜𝑜𝑜 𝑡𝑡𝑡𝑡𝑡 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑘𝑘 𝑎𝑎𝑎𝑎 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑡𝑡 for person i
𝑐𝑐𝑘𝑘 ⇒ 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑎𝑎𝑎𝑎 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑏𝑏𝑏𝑏 𝑡𝑡𝑡𝑡𝑡 tracker or estimated
𝑤𝑤𝑘𝑘 ⇒ 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖) 𝑓𝑓𝑓𝑓𝑓𝑓 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒t 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖.

Parameter estimation based on real data
Equal feature weights

Model testing with real
data and analysis

Adjustment of weights

Overall Architecture
• Kinect SDK
• Google Speech Recognition
• AIML Pandorabots dialogue manager

Demo at Intetain 2016

Z. Yumak, B. van den Brink, A. Egges, Engagement-driven gaze control model for interactive virtual humans, (under revision)

Thank you
z.yumak@uu.nl
www.zerrinyumak.com
https://twitter.com/zerrinyumak

