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Abstract

This article contributes to a more adequate modelling of emotions encoded in speech, by
addressing four fallacies prevalent in traditional affective computing: First, studies concen-
trate on few emotions and disregard all other ones ("closedworld'). Second, studies use
clean (lab) data or real-life ones but do not compare clean and noisy data in a comparable
setting ("cleanworld’). Third, machine learning approaches need large amounts of data;
however, their performance has not yet been assessed by systematically comparing differ-
ent approaches and different sizes of databases ('smallworld'"). Fourth, although human
annotations of emotion constitute the basis for automatic classification, human perception
and machine classification have not yet been compared on a strict basis (‘foneworld").
Finally, we deal with the intrinsic ambiguities of emations by interpreting the confusions
between categories (‘fuzzyworld'"). We use acted nonsense speech from the GEMEP cor-
pus, emotional “distractors'as categories not entailed in the test set, real-life noises that
mask the clear recordings, and different sizes of the training set for machine learning. We
show that machine learning based on state-of-the-art feature representations ( )
is able to mirror the main emotional categories ("pillars’) present in perceptual emotional
constellations even in degradated acoustic conditions.

Introduction

An important goalof affectivecomputingis to mirror humans'perceptionof emotionszt in
thewordsof R. Picard,developingmachineghat

[1, p.56]. Yet,thisis difficult to evaluatelueto theintrinsic prob-
lemsof emotionprocessingsuchastheinherentsubjectivityof emotionsor the unrealistically
restrictednumberof emotionclassegypicallyusedin SpeeckiEmotion Recognition(SER)We
will discusghelimitations of (mostof) the present-daytate-of-the-arapproachetowards
SERwith the metaphorof the “fiveworlds'.We wantto gobeyondfour of theseworlds;the
first of themwehaveto live with (cf. Fig 1).
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truth: We cantransferacoustic®nto written textandreconstructhe blankswordsaresur-
roundedwith in written text. Theacoustiggroundtruth canbeblurred (variants,noise,
slurredpronunciation,andalikes)but it canbedisambiguatedvith the help of phonotac-
tics,lexicon,and syntaxjmplicitly modelledaswellwithin deeplearning(DL) approaches.
All this doesnot existfor emotions We canaskthe speakersvhich emotionstheywanted
to produce by that, theyassestheir own emotionspostfestum,andthis distortsthe “refer-
ence'in similarwaysasanyassessmeittly othersbevenby expertsDdoesThereis no clear
emotionaldenotationBemotiongper seareconstitutedby connotationsand canbemixed
and/orweak.Thus,anygold standardcannotbedeterminedunequivocallyPletalonea
groundtruth. Furthermore the verynatureof emotionis multi-modal, andwithin SERjt
iswell establishethat arousakcanbeassessedithin acousticsin contrast,yvalencas pre-
dominantly constitutedby linguistics/semantis, e.g.,within sentimentanalysig2]. In
SERyesearclon emotioncategoriegoncentrate®n how goodtheyareclassifiedgonfu-
sionsbetweercategoriesbinpractice the interpretationof confusionmatricest arenot
consideredn detail.Yet,theyarehighly relevantbin both human-humanand human-
machineinteraction,therecanbefatalconfusionsandirrelevantones.

Within the fuzzy world: We cannotovercomeheintrinsic problemof fuzzinessn emo-
tion modelling.Thedefaultwayof dealingwith it is to facethis variability by employing
“reallife’, non-prompted/non-acte@motions[3+6] and more sophisticatedabelling
scheme§7+9].In this article,we pursueanotherapproachWe stickto carefullydesigned
actedemotioncategorieshis enablesisto systematicallgxtendthe scopebeyondthe
restrictionsdescribedn thefollowing, keepingthe main objectbthe (intended)emotion
categoriesbconsint. Note thatwedo not assigrany "highervalue'Bor even groundtruth
status'Dtoactedemotionstheysimply serveasreferencecategorieggold standard)that

Fig 1. Thefive worlds. Summary of howweinvestigateahe five worldsin this study.

https://abi.org/10.137ournal.pon®281079.g001
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canbecontrolledto ahigherextentthanreal-lifedata.Fuzzinesss takencareof by analys-
ing the confusionsbetweerthesecategoriesAs wewantto excludethe influenceof linguis-
ticsasinterveningfactor,wewill resortto nonsensepeech.

(ii) The closedworld: Firststudiesn SERtypicallydealtwith datacollected  Bcarefully
selecte@@motionalcategorie$l0], suchasthe "bigsix'[11], producedby actorsand
recordedin thelab[12]. Thesewerefollowedby attemptstowardsaddressingnorereality,
e.g.,by consideringelicited,spontaneouspeech3, 4], modellingmorerealisticscenarios
[13], or investigatingnixedemotions[6]. Still, mostof the machinelearning(ML) research
istypicallyhamperedy a [14]: An ML model'sperformanceobtained
with afewclassesannotbegeneralisedo areal-lifescenariovheremore,confounding
classedo exist.Differently, in researcton humanemotionperception attemptstowards
investigatingamorerealisticscenaridby the assessmeiof “recognition'ratherthan "dis-
crimination' havebeencarriedout [15]. This waspossibleny considering distractors'j. e.,
providing moreemotionalclasseto the userthanthoseincludedin theactualdata[16,17].

Beyondthe closedworld: In orderto investigateconfusionpatternsbetweeremotionsin a
morerealisticsetup weincludeemotionaldistractorsin both the perceptuabndML tasks.
Asin our pilot study[18], weuseasubsebf the

(GEMEP)databas§l9],i. e.,nonsensepeechproducedin four emotions(anger fear,sad-
nesshappinessyvith differentarousalevelq20].

(iif) The cleanworld: Noisepollution hampersspeecltommunication reducesomprehen-
sion,andcanleadto misunderstanding[21]; yet,mostof theworksin SERnvestigatelata
collectedn thelab[12]. Forassessintheimpactof backgroundnoiseon humanunder-
standingof paralinguistidnformation [22+24],aswell asfor investigatingo which extent
SERmight beimpairedby adverseenvironmentalconditions[13, 25], artificial noisehas
beentypicallyappliedto maskspeechrecordedin thelab.Differently, real-lifenoisehassel-
dom beenemployed26+28].

Beyondthe cleanworld: In orderto evaluatédhow noisyreal-lifeconditionsaffecthumans
and ML whenidentifying emotionsin speechwe systematicallgompareboth perception
andclassificatiorresultsobtainedfrom cleanandnoisifiedspeechln contrastto our pilot
study[18] thatemployedonly artificial noise(brown, pink, andwhite), we now assesthree
real-lifenoiseqbell,rain, andtrain station).From now on, wewill referto the experiments
basedn artificial noisesasEXP-1andto thosebasedn real-lifenoisesasEXP-2.Asin the
pilot study[18], the speectwasmaskedwith four Signal-to-Noisdratios(SNRs)-1 dB,-0.5
dB,+1dB,+3dB.

(iv) The smallworld: Dueto the problemsof collectingdataand especiallyannotationg29],
emotioncorporaaretypicallysmallbfar awayfrom the sizeof corporausedfor ASR.This
canimpair the performanceof DL systemsywhich areknown to beinfluencedby the
amountof training data.SinceDL hasrevolutionisedcomputervision[30], thereis much
interestin otherfieldson comparativelyevaluatingvhetherstate-of-the-arML methods
outperformtraditional oneg[31, 32],andhow much performancds impactedby the size
of the database3]. Yet,thiskind of assessmeiid still rarein the contextof SER34].

Beyondthe smallworld: In orderto evaluatdo which extentthe performanceof traditional
methodsin SERg.g.,0f hand-engineerefeaturesis comparabldo the oneachievedy
representationgearntwith state-of-the-arDL procedureswe systematicallgomparethe
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) featureset[35] with the oneof [36]. For our experimentsyeconsider
standardhyperparameteoptimisation,training samplesvith varyingsizesandtwo simple
ML modelssupportvectormachine(SVM) and multilayerperceptron(MLP). It wasneces-
saryto useasmallnumberof itemsin theinitial datasetn orderto allowfor the comparison
"humanvsmachine'despitethe promisingresultsachievedy DL modelsin SER[37], we
thusrefrainon their usein the presenttudy,astheyrequireamuchlargerdataset(Of note
wewantto mentionthatin preliminary experimentsyweemployednodernDL methods
that, howeveryieldedunsystemati@andlow performancedueto sparselata.)Moreover,as
weareinterestedn investigatinga varietyof SNRsandtypesof noisesconsideringalarge
initial setof cleansamplesvould makethe humanannotationtaskfar too costly.

(v) The oneworld: Sincethe categoried/L triesto modelaretypicallybasecn perceptual
humanassessmernthjereis anintrinsic connectionbetweerhumanperceptionandits
encodingin ML. In spiteof therareattemptsaimedto comparativelynvestigatdhuman
perceptionand ML classificatiof38+41] to the bestof our knowledgeaone-to-oneassess-
mentguaranteeingdenticalsetupq otherthingsbeingequal)hasneverbeenperformed
sofar.In [42], afirst attemptof comparinghumanperception(previouslyevaluatedn
[43]) andML accuracys presentedHowever neithernoisenor distractorsheededo
guaranteérealisticconditions,havebeentakeninto considerationn thesewo studies.

Beyondthe oneworld: In orderto performaone-to-onecomparisorbetweerhumanand
machine we guaranteg¢he same realisticconditionsby employingnoisesanddistractors
for both perceptionand classificatiorand systematicallgomparetheir performances.

Summingup our motivationandthe approacheshosenthis studyaimsto encourage
moreadequatenodellingandclassificatiorof emotionsencodedn speechwhichis achieved
by investigatingour specificfallaciedbeyondthe state-of-the-artFirst, unlike previousworks
in SERwhich normally concentrateon fewemotionswhile disregardingall otheroneswe
assesthe performanceof humansandML in amorerealisticsetting,i. e.,by assessintheir
efficiencyin handlingconfoundingfactors.For that, weintroduceso-called distractors'j. e.,
emotionclassethathavenot beenseenin thetraining phaseSecondunlike traditional
researchyhich normally concentrate®n cleandata,we assesthe impactof real-lifenoise
pollution in humansandML systemsvhile guaranteeingomparableconditions.Third,
althoughML approacheseedalargeamountof data,in SERresearchypicallyonly small
datasetareavailableyethereforesystematicallpssessow ML performancen SERs
impactedby comparingdifferentmodels featuresand databassizesFourth, unlike previous
works,wherehumanperceptionand ML classificatiorarenot comparedon astrict basisywe
performaone-to-onecomparisonthat enablesisto assesthe efficiencyof ML in emulating
human'sperceptionin SERIn Fig 2,an overviewof the differentconstellationgakeninto
accountto systematicallpssesthe describedvorldsis depicted Methodologicadetailson
eachof themaregivenin the Section

Materials and methods
Data and set-up:Beyondthe closedworld

Giventhelackof agreemenbn the adequacyf the two main emotionmodels[17], we consid-
eredboth:the categorical11] andthe dimensiona[20]. From the categoricaimodel (with
uniquediscreteclassefl1,44]), wechosehefour basicemotionsanGeRr, FEAR sADNEssand
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