
Natural is Uncertain, Emotional, Deceptive and Still
Other. But: How to Get it?

Position Statement and Questions
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Linguistsseemto agreesincelong in claiming that a ’good’ argu-
mentationsystemshould be keen in selectingthe argumentsthat
are’strong’in givencircumstances,by envisaging counter-arguments
andproducing counter-counterarguments(in advanceif needed,or
on request),in orderto eventually producea well formatted,coher-
entand’convincing’ message.Argumentationtheoriesgobackto the
originsof ourcultureandAI researchersshouldapparentlyonly find
out appropriatetechniques to producesuchnaturalresults.However,
artificial argumentationsystemsarestill far from beingnatural:in-
deed,obstaclesstill found in the productionof a satisfyingsolution
aredue, in my view, to the unclearness of someconcepts in these
theories.I’ ll try to list someof theseproblems, in thehope thatthey
maycontributeto theWorkshopdiscussion.

1 Strength of arguments and theories to treat them

Is an argumentstrongin itself or doesits strengthvary according
to the Hearerto whom it is addressedand to the context in which
the interactionoccurs?How shouldstrengthbe measured?Is there
only one measureof strength(’probative weight’ or ’plausibility’,
or ’impact’) or shouldseveral variablesbe combined to produce an
overallmeasureof argumentstrength?If so,whichnumericalparam-
etersshouldbe associatedwith the variouselementsthat constitute
’an argumentationscheme’andwith the data,to enablecalculating
its strengthwhenappliedto thesedata?

I aminclinedfor avoiding to ’inventanad hoc theory’ to measure
andcombinethe argumentstrength:probability andutility theories
provideacomfortableenvironment in whichto placesuchaproblem.
Belief networksandinferencediagramsenableusto representchain-
ing of argumentsand propagationof uncertaintyalong this chain,
from possiblyuncertainevidence.They allow, aswell, to definehow
to measuredifferent conceptsthat contribute to establishingan ar-
gument’strength’; for instance:’warrant’s qualifier’ , ’uncertainty
in the belief aboutdata’, ’impact of dataon the ’claim’, ’plausibil-
ity of dataand claim to the Hearer’, ’complexity of an argument’
(to theSpeaker andto theHearer),’cost of failing in convincing the
Hearer’,andsoon.Finally, they provideavivid representationof the
strengthof thoseargumentsin which ’information sources’arecited
(suchasin Walton’s ”Ar gument from positionto know” or ”Appeal
to Expertopinion” [?]), by enablingadefinitionof ’positiveandneg-
ative competence’ (theequivalentsof ’sensitivity andspecificity’, in
epidemiology), ’positive and negative sincerity’, ’informativeness’
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of the sourceandhow thesemeasuresaffect the plausibility of the
communicateddata.

2 Building argumentation chains from
argumentation schemes

Belief networks (BNs) [?] arenot a novel formalism,in argumenta-
tion. They have beenapplied,for instance,by Zukerman[?] to build
a prototypesystemthat produces,at the sametime, argumentsand
answersto rebuttals.But do arguments producedby thesesystems
show thecharacteristicsthatwould enableusto label themas’natu-
ral’? Not yet, I believe. Although ’insincere’argumentationmay be
simulated(andthis is, in my view, aclearsignof naturalness[?]), the
naturallanguage textsproducedby thesesystemsarenot much’nat-
ural’. In addition,counterandcounter-counterargumentation(rebut-
talsor responsesto them)is still weak.An explanationof this limit
is thatBNs (asthey have beenemployedsofar) do not representthe
rich linguistic, psychological and rhetoricalknowledge that is em-
beddedin argumentationschemes.They are often not much more
thanchainsof logical rulesto which uncertainty, measuredin proba-
bility terms,is associated.To make BNs moreknowledgeable,some
semanticsshould beassociatedwith theirnodesandarcs.A rule that
resultsfrom applyingWalton’s ”Appeal to ExpertOpinion” schema
might beformulated,for instance,asfollows:

(SayX f) and(ExpertX f) �
�

(T f), with
(CompetentX f) and(SincereX f) �

�
(ExpertX f)

(NegCompetentX f) and(F f) �
�

(Bel X f)
(PosCompetentX f) and(T f) �

�
(Bel X f)

(NegSincereX f) and(SayX (f) �
�

(Bel X f)
(PosSincereX f) and(SayX f) �

�
(Bel X f)

whereX is an Agent, f is a fact andthe symbol �
�

shouldbe read
as a ’probabilistic implication’ and representedin termsof condi-
tional probabilitytables.This would enablerepresenting,in theBN,
the knowledge that is needed to answer, after the argument:”The
fact f mayplausiblybe taken to be true becauseX assertsthat f is
true”, critical questionssuchas thosementionedby Walton: ”But
howcompetent andsincere is X asa source?Is X’s assertionbased
onevidence?” (questionsthatareaimed,in thiscase,atchecking the
truth valueof majoror minor premises)or ”X is not an expert in the
subjectdomainto which f belongs!” in which the truth value of a
premisethatwasnot mentionedexplicitly in theargumentationtext
is evoked. Anotheradvantageof this formalismis that it enablesre-
laxingthedifferencebetween’observable’ and’not observable’ data:
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asevidenceaboutany nodein thenetwork maybepropagated,argu-
mentationmay bechainedin any direction:backfrom datato other
data(the typical means-endreasoning) or forward from claims to
otherclaims(a ’hypotheticalreasoningabout the implications’ of a
claim).For instance:whenI cometo know that(SayX f) and(T f), I
mayupdatemy belief on X’sexpertiseabout f.

However, in translatingargumentationschemesinto BNs, several
problemsarise.Firstof all: how mayrebuttalsshouldberepresented
in thesenetworks?This sendsusbackto a morebasicquestion:Are
Toulmin’s rebuttals the sameas Walton’s critical questions,or are
they somethingdifferent?In thepreviousexample,severalobjections
might be madeto the argument:”Thefact f mayplausiblybe taken
to betrue because X assertsthat f is true”. Someof theseobjections
arethecritical questionsmentionedby Walton,in whichanobjection
is madeaboutsome(direct or indirect) premiseof the scheme.But
objectionsof a differentkind might be raised,by evoking otherar-
gumentationschemes(in the previous example,”Appeal to popular
Opinion”); or by applyingthesameargumentationschemeto differ-
entdata,thatproducecontrastingresults:for instance,”ButYasserts
that f is false, andheis an experttoo”.

Is this thekind of objectionthatwe call a ’rebuttal’?.
If theansweris ’yes’, no problem,apparently:we just addto our

BN somemorearcstowardsthesameclaim-node,andthat’sall! Old
fashioned’ExpertSystems’wouldhaveenabledusto dothisby com-
bining uncertaintyin the two schemesaccordingto ’parallel’ and
’sequential’propagationrules.But no onewould proposesuchanad
hoc theory anymore:and,with belief networks, uncertaintydue to
applicationof differentschemescannotbecalculatedincrementally,
asif thetwo knowledgesourceswereindependentof eachother. So,
to beableto reply to rebuttals,all of thepossiblerebuttalshave to be
representedin the BN (which increasesconsiderably the network’s
complexity!).

3 Intertwining ’pathos’ with ’logos’

’Rational’ argumentationapparentlydominatesthe domainof psy-
cholinguistics,as many place the kind of argumentationin which
emotionalfactorsareevoked, amongtheexamplesof ’deceptive’ or
’unfair’ argumentation.Asamatterof fact,though, appealtoemotion
andto a scaleof values(’pathos’or ’ethos’) arefrequentlyapplied,
in human-humancommunication,to persuadesomebody to perform
someaction. In Sillince’s list of warrants[?], for instance,those
basedon ethicalor socialrules,or on appealto goals,arethemajor-
ity. So,emotionscannot beneglectedwhenreproducinghuman-like
argumentationsystemsis a goal.

Again,however, emotionsaretriggeredandabandonedaccording
to amechanismin whichuncertainty, weightgivento goals,andtime
decayplayacrucialrole.Again,then,theemotionalimpactof aspe-
cific argument,for a given Hearer, andin a given context shouldbe
modeledthrougha formalismin which suchfactorsareconsidered
andtreatedappropriately(again,for instance,belief networks: [?]).

But how shouldemotionalargumentsbe combinedwith logical
ones?Shouldthey, like someoneassumes,bea ’ lastresort’ to which
to recuronly in caseof failure of otherstrategies?Or isn’t it more
’natural’ to wisely interminglerationalwith emotionalsteps,in an
argumentationmessage?For instance,emotionalargumentsmightbe
evokedin ashallow andabit elusiveway, while more’rational’ones
might be spelledout moreclearly andin detail.This argumentation
style might be achieved by applying differentmethodsto translate
knowledge in the BNs into natural language messages,in the two
cases.Is thereany evidenceof how this occurs,in humanargumen-

tation?Any corpusof dataof public domain?

Silly questions?Too generalones?I hopenot.
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