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ANhatsanemotio®
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AHowdoeghemarkelook?




Emotional Machines
Trends

A Ubiquitous computingiccessible via

ASmart mobile devices: phones, glasses, watches,
tshirts, implants, etc.

AHome automation: central intelligence controlling media, comn
environment

AAgingsocietgetssupportetlytechnologicaiterfaces

A Uses natural interface voi ce, gestures,

AGets much nearer to user, unobtrusive
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Whatis anemotion?



Emotional machines
Emotions and intelligence

AOFor decades, biol
emotion and feelin@s _
uninteresting. Buttoniwamasio
demonstrated that tegentralto
the IlferePuIatmg processeasf
almost all'living creatures

ABrain injuries sBecmc to emotional
processing robbed people of their
capacity to make decisionsee the
bigger picture, exercise common
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Emotional machines
Categories

AXSOSNE2YyS SEOSLI |
what an emotion is (Young 1973)

ACharles Darwin: The Expression of the
Emotions in Man and Animals

AThe big four:

A Anger

A Sadness
A Joy
AFear
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AMany more catgaoricalnqdelsexist ev.?.
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nger, fear, joy;




Emotionaimachines
P ANKS Edvdnorthal Emotions

A JaakPankseppvas a neurescientist who suggested
seven emotion categories in men an animals that can
be localized in the brain.

ASearch (anticipation, desjre

ARage ((frustration, body surface irritation, restraint,
iIndignation)

AFear pain, threat, foreboding

APanic/Loss(§eparation distress, social loss, grief,
loneliness)

APlay (fough-and tumble carefree play, jQy
ALust copulation, mating)
ACare ((maternal nurturance)




Emotional machines
Dimensional models

ADimensions consider an emotion as a
point in an Adimensional emotion
space.

AOne of the most welknown spaces is
the PADspace:
APleasure (valence)
AArousal (activation)
ADominance

ASpecific dimensions are better
recognized by different modalities, e.g.
activation in the speech but valence in
the mimics
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Emotionalmachines
Appraisal theory

AAppraisal theory means that emotions are

Environment
stimuli (stressors)

perception filter (selection)

person

Primary Appraisal
interpretation of the stressors

extracted from our evaluations (appraisals or hositie R et

estimates) of events that cause specific
reactions in different people.

threat,
harm/loss

Secondary Appraisal
analysis of the available resources

insufficient sufficient
AE.g. Scherer's meltel sequential check
model Stress
Coping
AThree levels of processing are: innate-(sensory A
motor), learned (scheased), and e

deliberate (conceptual)

pacing and learning

https://en.wikipedia.org/wiki/Appraisal_theory

http://emotionresearcher.comAl@mponenrprocessnodebfemotiomndthe
poweiofcoincidences/


https://en.wikipedia.org/wiki/Appraisal_theory

Emotionaimachines
Modalities

AUseintrospectio®.g. Emoticon, pilassoretc
ATextsentimeratnalysis
AAudiospeectextralinguistics
AVideofaciabxpressiggesturesposture
APhysiologsespiratiorate ploodoressurskinconductivityeuronal
activityspeeclteldvowels
ABehaviope.gswitchedoonoftentypingpeed
AContextocalizatigweathetimefdayothep e o prioca$te
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Emotional Machines
Where does the data comes from ?
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A Ideally from the application

A Fromanapplicatiosimilatothe
target

A FronWizardfOzscenario

A Fronfieldrecordings 8Ver a am
Mi ttago)

A Frominduce@motioné & L 0 s t
luggage Aibaa)
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Felix Burkhardt, AstadschkeMirianRolfesWalther Eendimeie@nd Benjamin Weis:
A Fro rraCtO I'S A Database of German Emotional $peetlic/spee005
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http://www.interspeech2005.org/

Emotional Machines
Which emotion exactly is meant?

A 20 listeners judged the distribution of four ange
subcategories in a German customer voice
portal data.

A The choice of subcategories was based on a
listener experiment undertakéars@nd
Scherer (hot, cold anger, despair, contempt).

A All subcategories were attributed with a Kappa
value of about 0.3 and they have distinct
acoustic features.
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Emotionalmachines
Where is the ground truth ?

A Fivenumarnabelerannotatetheemotional abeler A
contenbftextuatlatausingourcategories

] ] ] labeler B

A A machine algorithm did the same
classification. L R
Admajorityo means t heeP
human labelers. labeler E
AThe chart shows t h e maio

thesee al | ed o1 nter r at

much each rater agrees with all other raterS:="""

A It is a statistical measure relating the agreement
to the agreement with chance level, given the
categories and their frequencies.
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Howcanit berecognize@



Emotional Machines
Recognition by statistical classification

ABasicapproach
Aextractfeatures
Aselectbestones
Aclassifyfeatures
Afuseclassifieroutputs

AClassifiersGaussiarMixture Models: modeltrainingdataas
Gaussiardensities Artificial NeuralNetworks (ANN), e.g.
Multi LayerPerceptron SupportVector Machines(SVM):
use ockernelfunctionsito separate nordineardecision
boundaries Classificatiorand Regressioirees(CART),
I—Itldd?n Markov Models (HMMs)usedto modeltemporal
structure

ADeepNeuralNetworkscanoperatedirectly on signal end-
to-endapproach

Feature Extraction

|

Feature Extraction

Feature Selection

Feature Selection

|

Classification

l

Classification

Fusion

Positive proof of global warming.
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Emotional Machines

example: Speech Features for classification

ATelephone speech: digital signal
ABasefeatures e.g. MFCCs
AProsody

AMicroprosody e.g. jitter/shimmer
APitch durations and energy
AFunctionalsMean, max/min,

High-level cues =a tic
(learnad traits) 7
dialegic
A e [af] af] o ] [ ]
/ idielectal

=2z==how shall i say this<e>= <5 yweah i know ...

phonetic
5 ol Ao A0 DY A8 ' A S

Y Ppresedic
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spectral [FERE

Low-level cues
(physical traits) F W """"b"“"’
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AText (as recognized by Automatic
Speech Recognition)
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Emotional Machines
example: IVRAnger database

A A) Basic approach:

A extract features, select best ones, classify features, fuse classifier
outputs

A Apply different classifiers like Gaussian Mixture Models (GMMSs),
Support Vector Machines (SVM)

A B) Deep Neural Networks
A might operate directly on base features: etmtend approach

A Results .

X2 —

ACompared to 2009, the results improved 10% in average reca.,, -

80.1 % with a bidirectional LSTM netwodoMmParEeature set)
vs. 69.0 % with SVMs on a reduced feature set.

|

Feature Extraction

Feature Extraction

Feature Selection

Feature Selection

l

Classification

Classification

|

Fusion
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Emotional machines
Demonstrator

A Presshe&ecordbuttoratthebottom

A Lookintothecamerandsaysomethingf
aboutthreesecondiength

A Trytosmilevhileyouspeak
A Therpresshestopbottonatthebottom

B RANGE UF

af 100% 1l 15:46




Howcanit be synthesized



Emotionaimachines
example: Simulation of affective behaviour by Speech Synthesis

A DNN Synthesis: TTS with neural nets has been done since many
decades. They replace the HMM approach to predict the best acoustic
parameters for a given sequence of symbols representing text.

A HMM Synthesis: Synthesis based on Hidden Markov Models, a
statistical approach to model the transition probabilities of the ac
parameters based on the speech to be generated.

A Nonuniform urselection: Best chunks of speech get concatenate
minimizng double caltnction: best fit to next unit and best fitto &

target prosody.

A Diphonsynthesis: Speech concatenatedigtoneinits (two
phone combinations), praiibyy done by sigmanipulation

A Formamtynthesis: Speech synthesized by physical models (form
are resonance frequencies itnamtal

A Articulatoigynthesimodelshehumarvoiceracbymathematical
modelsModelindynamicsdifficult
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Emotionaimachines
Example Emofilt

AEmofilisatooltotransforrtheprosodpfa [EEEitms

giverutterancemordetosimulatemotiona
expression

AltisbasednMbroldorspeeclyeneration
andanarbitrarghonemizatigeneratdike
MARYr Txt2Pho

AMbrolasadiphonsynthesizéonthe
UniversigfMonsvithdatabasdsr34
languages

IBES

i andeny o nihbiniCiet st fgaxh alkEnH a Er/’_l_ml hapE pgresphBuxt |

rate effortinormal " target{overshoot
PHO-File . B P intensity [1...1 E
N I_P A ! DS P emotion: hotAnger, voice: deé
HE
emofilt
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Whatarethe mainusecase?



Emotionalmachines
Five types of applications

a)Mediatedemotion
b)Affectecognition
c)Affecsimulation

dModeling emotiomdelligence

e Modeling human emotibahavior



