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

Position Statement and Questions

Fiorella de Rosist

Linguists seemto agreesincelong in claiming thata 'good’ argu-
mentationsystemshould be keenin selectingthe agumentsthat
are’strong’in givencircumstancs, by ervisagng counterarguments
andprodudng courter-counteraguments(in advanceif neededpr
onrequest)jn orderto evertually prodwce a well formatted,coher

entand’convincing’ messageArgumentatiortheoriesgo backto the
originsof our cultureandAl researchershouldapparenthyonly find

outappropriate¢echniqus to produe suchnaturalresults However,

artificial agumentationsystemsaresstill far from being natural:in-

deed,obstaclesstill foundin the productionof a satisfyingsolution
aredue,in my view, to the unclearnes of someconceptsin these
theories!'ll try to list someof theseproblems in the hope thatthey

may contrikute to the Workshopdiscussion

1 Strength of argumentsand theoriesto treat them

Is an agumentstrongin itself or doesits strengthvary according
to the Hearerto whom it is addressedndto the contet in which
the interactionoccurs?How shouldstrengthbe measured?s there
only one measureof strength('probative weight' or ’plausibility’,
or 'impact’) or shouldseveral variablesbe combired to produe an
overallmeasuref agumentstrengthf so,which numericalparam-
etersshouldbe associatedvith the variouselementshat constitute
'an agumentatiorscheme’andwith the data,to enablecalculating
its strengthwhenappliedto thesedata?

I aminclinedfor avoidingto 'inventanad hoctheory’to measure
and combinethe argumentstrength:probalility andutility theories
provide acomfortableervironmert in whichto placesuchaproblem.
Belief networksandinferencediagramsenableusto representhain-
ing of agumentsand propagationof uncertaintyalong this chain,
from possiblyuncertainevidence. They allow, aswell, to definehow
to measuredifferent conceptsthat contritute to establishingan ar
gument’strength’; for instance:'warrants qualifier’ , 'uncertainty
in the belief aboutdata’, impact of dataon the 'claim’, 'plausibil-
ity of dataand claim to the Hearer’,’complexity of an agument’
(to the Spealer andto the Hearer), cost of failing in corvincing the
Hearer’,andsoon. Finally, they provide avivid representatioof the
strengthof thoseargumentsn which 'information sourcesarecited
(suchasin Walton’s "Ar gumert from positionto know” or "Apped
to Expertopinion” [?]), by enablinga definitionof 'positive andneg-
ative competene’ (the equivalentsof 'sensitvity andspecificity’, in
epidemiology), 'positive and negative sincerity’, 'informativeness’
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of the sourceand how thesemeasuresffect the plausibility of the
communicatediata.

2 Building argumentation chainsfrom
argumentation schemes

Belief networks (BNs) [?] arenot a novel formalism,in agumenta-
tion. They have beenapplied,for instancepy Zukerman[?] to build
a prototypesystemthat producesat the sametime, amgumentsand
answerso rehuttals. But do argumerts prodiwced by thesesystems
shaw the characteristicshatwould enableusto labelthemas’natu-
ral'? Not yet, | believe. Although 'insincere’ agumentatiormay be
simulatedandthisis, in my view, aclearsignof naturalnes§?]), the
naturallanguag texts prodwcedby thesesystemsarenot much’nat-
ural’. In addition,counterandcountercourter agumentatior(rebut-
tals or response$o them)is still weak.An explanationof this limit
is thatBNs (asthey have beenemplo/ed sofar) do not representhe
rich linguistic, psycholaical and rhetoricalknowledge that is em-
beddedin agumentationschemesThey are often not much more
thanchainsof logical rulesto which uncertaintymeasuredn proba-
bility terms,is associatedTo make BNs moreknowledgeable some
semanticshoud beassociateavith their nodesandarcs.A rule that
resultsfrom applying Walton’s "Appeal to ExpertOpinion” schema
might beformulated for instanceasfollows:

(SayX f) and(ExpertX f) =7 (T f), with
(Competeni f) and(SincereX f) =" (ExpertX f)
(NegCompetenX f) and(F f) =" (Bel X f)
(PosCompeterX f) and(T f) =’ (Bel X f)
(NegSincereX f) and(SayX (f) = (Bel X f)
(PosSincer& f) and(SayX f) =7 (Bel X f)

whereX is an Agent,f is afactandthe symbol=" shouldbe read
asa 'probabtlistic implication’ and representedn termsof condi-
tional probability tables.This would enablerepresentingin the BN,

the knowledge that is needel to answer after the agument:” The
fact f may plausibly be taken to be true because X assertsthat f is

true’, critical questionssuch as thosementionedby Walton: "But
how competehandsincee is X asa source?ls X's assertionbased
onevidenc®” (questionghatareaimed,in this case atcheckirg the
truth valueof majoror minor premisespr " X is not an expertin the
subjectdomainto which f belongs? in which the truth value of a
premisethatwasnot mentionedexplicitly in the argumentatiortext

is evoked. Anotheradwantageof this formalismis thatit enablege-
laxing thedifferencebetweeriobsenable’ and’not obsenable’ data:



asevidenceaboutary nodein the network may be propagatedargu-
mentationmay be chainedin ary direction: backfrom datato other
data (the typical means-endeasonig) or forward from claimsto
otherclaims(a 'hypotheticalreasoningabou the implications’ of a
claim). For instancewhenl cometo know that(SayX f) and(T f), |

may updae my beliefon X's expertiseabott f.

However, in translatingargumentatiorschemesnto BNs, several
problemsarise.Firstof all: how mayrehuttalsshouldberepresented
in thesenetworks?This sendsusbackto a morebasicquestion:Are
Toulmin’s rekuttals the sameas Walton’s critical questionsor are
they somethingdifferent?n the previousexample severalobjections
might be madeto the amgument:” Thefact f may plausibly be taken
to betrue becaug X assertghatf is true’. Someof theseobjections
arethecritical questiors mentionedoy Walton,in which anobjection
is madeaboutsome(direct or indirect) premiseof the schemeBut
objectionsof a differentkind might be raised,by evoking otherar
gumentationrschemegin the previous example,”Appeal to popular
Opinion”); or by applyingthe sameargumentatiorschemeto differ-
entdata,thatproducecontrastingesultsfor instance; ButY asserts
thatf is falsg andheis an experttod'.

Is thisthekind of objectionthatwe call a’retuttal’?.

If theansweris 'yes’, no problem,apparentlywe just addto our
BN somemorearcstowardsthe sameclaim-node andthat's all! Old
fashionedExpert Systemsiwould have enabledisto dothisby com-
bining uncertaintyin the two schemesaccordingto 'parallel’ and
'sequentialpropagtionrules.But no onewould propo® suchanad
hoc theory arymore: and, with belief networks, uncertaintydue to
applicationof differentschemegannotbe calculatedncrementally
asif thetwo knowledgesourcesvereindepemnlentof eachother So,
to beableto reply to rekuttals,all of the possiblerebuttalshave to be
representedn the BN (which increasesonsideraly the network’s
compleity!).

3 Intertwining 'pathos with 'logos

'Rational’ amgumentationapparentlydominateshe domainof psy-
cholinguistics,as mary placethe kind of amgumentationin which
emotionalfactorsareevoked, amongthe examplesof 'deceptve’ or
‘'unfair’ agumentationAs amatterof fact,though appeato emotion
andto a scaleof values('pathos’ or 'ethos’) arefrequentlyapplied,
in human-lumancommunicationfo persuadesomelody to perform
someaction. In Sillinces list of warrants[?], for instance,those
basedon ethicalor socialrules,or on appealo goals,arethe major
ity. So,emotionscanrot be ngglectedwhenreproducinghuman-lile
argumentatiorsystemss agoal.

Again, however, emotionsaretriggeredandabandoed according
to amechanisnin which uncertaintyweightgivento goals,andtime
decayplay acrucialrole. Again, then,the emotionalimpactof a spe-
cific agument,for a given Hearer andin a given context shouldbe
modeledthrougha formalismin which suchfactorsare considered
andtreatedappr@riately (again,for instancebpelief networks: [?]).

But how should emotionalargumentsbe combinedwith logical
ones?Shouldthey, like someoneassumeshea’lastresort’to which
to recuronly in caseof failure of otherstratgies?Or isn’t it more
‘natural’ to wisely interminglerational with emotionalsteps,in an
argumentatiormessagelor instancegmotionalargumentsmightbe
evokedin ashallov anda bit elusive way, while more’rational’ ones
might be spelledout moreclearly andin detail. This agumentation
style might be achieved by applying different methodsto translate
knowledge in the BNs into naturallanguaje messagesn the two
casesls thereary evidenceof how this occurs,in humanargumen-

tation?Any corpusof dataof public domair?

Silly questionsToo generalones? hopenot.
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