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'ﬁthlnk, would dare to Take a slmilar c1a1m for reading comprehenslon.
qﬁcomprehenslon processes.d'EffArts*1ﬂ7that d1rectlon are currently

5fbeing—undertakencby magy groups, and ;t would be'lnterestlng to

“ﬁuatalogue the varlous approaches taken and d1scuss what they havei'

"ﬁ7of a psychologlcal model of comprehensldﬁ processes. I would llke %”

I "} B ' Lo

. ) k.
.\design of programs for-beginning readlng 1nstructlon.j None, I

¢ . .

) \ - -

But the time has come when" progréss can\be made in,tﬂb study of ¢

»
I

% —\ Y

RN » “

Y- . o

:Tshall rest:f‘t myself ;n ghe most paroch1a1 manner to our owﬂ work."’ff
. Co- ’l - BN . e

;'Mlller and'I, -as well as 'a number of students at Colorado, and .

W J’ '»

'Teun Van Dljk at Amsterdam, afe trylng ‘to work out d@rtain aspects .

: e g o e B
el . ‘Oncomprehensmn e ""f L
_:E‘ITL;‘ There is a lot of interest today in the processes thdt f;'w‘{
. ”—are invo}ved in~comprehension, particularly in.reading comprehen—:.‘
‘7_1”sion.- Historlcally, research on rgading has focused on the * _fo ;
J.-/"decoding aspects oﬁ the process,' and we have“seen some q1:'ea1 J R
L latheveménts in this&area.i I haée heard some very’knowledgeable~ o
persons malnxain that.Wewnow have enough knowledge about the decodlng
' aspects of reading)at least forrsuch p&actlcal purposes as: the ‘

{.a problem tﬁat hasdgeen of contlnulng 1nterest to‘educatlonal 'fff-@S.ﬂ
.iiisesearchers\ ﬁamely readablllty.. - ;1:~J, Adi.iff\ ;\,ffﬁﬁ!",}r“ﬁ{'if, }

: ,\, The terms "comprehen51o;" and 5readab111ty"'are.not ea511§ ?ﬁ”w.;;%'t
) deflned. At one poxnt 1£Athe hxstory o psYchology,Apsycholdﬁlsts Ff‘ ~:f
53 : talked-abdqt the facultles that the mlnd,possesses,_such ‘as the | I ikk
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Similarly, we mlght éay _out a teXt that "t has a Flesch score

' 4
“have prdqlaimed a; /1nteraction1st view, where readabllity 1s ',

3

' ‘@
the-outcome of a. reader-text lnteractlon. Most'

v
v o

thts are éasy to read for some people but hard for others, or easy."

l/' ( . b' -
'Awsome purposes but not for others.. Stated in- these ‘

to reaé\ f

:L terms,)nh%s\interactlonﬁﬁt pos;é}on'is no more than - a Trulsm.'-For .

iﬁ,té/become fru1tfu1 some precisé 1deas about the hature of’ the_ -

reader-text lnteractlon are requ:.red.l Inlother words, we need a 5:

‘ / 5,."0
. S

theory of compre ens10n, not Just mlnlature models of certa1n N

) rhole works. It would be nlce 1f we dould avo;d -the:

obvious rrsks that are 1nvolved 1n modgillng a system of such t .

I RN

R < "
-sentences don t necessarlly make a text easy ! to comprehend.‘ In

com; 'exrty. But the response of a compze§/system ‘can not’ always .

LI I

predicted from the component responses, in order to 1ntervene

successfully\\we need some 1dea about how the system as a who €

\.. 4 ’ -
£ " ’ A +

-

behaves. {In genera*, 3 text wlth,long senzznces is hard to. ead}3

lways so, and short

B 2 NI

' but everyone knows by now that thlS 1s not

-~

J.generdl, a certaln amount_of reﬁetltlon sbgports\c\vprehenSLOn,v-
\ .

’

- ‘but: qulte absurd %exts are/created by taklng thlS prlnciple too _f'

*

l;terally.i Roger Shuy (1978) has }ecently d1scussed some lnformatlve -
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' examples of this kind.v Let me, add another one from our own .”’ .

.

work.u Our model focuses on the inferences that a reader must

make in cbmprehending a text.; We have proposed the'Working ,_“;' ; }”ﬁ

*:} hypothesis that the more inferences a text‘requires; the harder'-
But as several authOr';have noted 1t is ,fjaf-

S it becomes to. read
1975; Shuy,~1978)

Q"f,easy to makeua text too explicit (e g. Mey'
Indeed we obserVed some time ago that stating explicxtly in text

.
I = e e

. 5what every reader would quite readily infeE confuses the read X

LA

(Keenan & Kintsch;\l974) the oVerly explicit phrase is- false y
\ copsidered by'the reader as an indication of some cdmplexéty 1n :

‘,— tpe gext that 1s not there at all, starting a train of useless and»f~

. Wn confus1ng 1nferences.b In such a case, the reader tries to figure

] )"‘
e

~ out. what subtle meaning the author had 1nt77ded by saying what is ,g;"
vio@§ anyway - except of course that the author had not 1ntqued : L:_

W ‘-zhything in particular and was merely trying to 1mp£ove readabiliiy
!

'ﬁ»'af7/ What we need then,'is a\complete model that tells us under “ﬁ f‘/)/

twhat conditiQns and why ‘a 1ong sentence might be better than several

' ;3' sh;;t ones, when repetition %ﬁ helpful and when it is simpry‘dfs— A
-‘."‘,. \: \ o :

tracting, when something 15 better left 1mplic1t in a text, ‘and

o , . . _ _
how ovét-explic1tness confuses the reade;. T, : o s

R We have'been trying to develop such a model relying'primarily‘«
o ’ o\.

B onetwo sets- of empirical obseryations. the. tlme it takes people to
o "8 TN

s read texts, andfwhat they can recall later.t

v
AR a model sq that 1t predicts reading timeﬂﬁnd éecall data as well

as poss1ble,_ nd théh to See what this model ImplieS“with respect

Our plan 1s to des1gn

@
- .

:; to.other~1nterest1ng41ssue§£ . ‘_ o
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"_ ;that test one component of the model. Finally, I shall tell you ;

RN

: L]

'dﬁcan be*%tudied in isolation,'and that can then be combined to

]evaluate\their interactions. Thusl we are treating "comprehension"'

4

as.a- partially decomposable system in. the terminology of Simon

'(1574) I shall explain to you what the components of this system -

';'are and how we think they work. I shall be brief and informal. 4

'fa.paper published last fall in the\Psychological Review by van Dl]k

. .

and myself describes our theory more adequately, nd I refer you
'-to that.work for all the details that T qust necessarily neglect 1n

-

- ';this talk. I shall then present some readability and recall data

e U
fabout the further development of the model that is in prdq

%.gno

‘?and % shall mention another application of- the: mode1 t
. . f \ - . . . '
'x.Of practical educational 1nterest.

The primary goal of our theory 1s to account for what people

‘lremember when they read a text,'and to’ tell'what makes a tex s
[éasy or hard to\read ‘SLIDE l 1llustrates the-Situation we re

' adealing with ‘There are two gIVens. the text,‘and the readet 'S

ff,goals and purpoSes} Actually, we are not really dealing with the

-' /;
-'text at all* 1nstead we - can Smelify our" task con51derably by

'_accepting as an input to our model a’ semantic representation of

y the text‘rather than the real thing., We hand code the text 1n<?' .

'fa set of propositions‘- conceptual.structures that representﬁthe'f

meani_ng pof_\ the te_xt-. * This 1s done in a non’-arbitrary, &Odlfled

“ : e ] - o v
. . s L .



. 4 .

but non—algorithmﬁ% manner. In a sense, this_step is outside
the model' we need it, but we don t as yet kngw how to model it
explicitly, so we bypass it.‘ This is a weakness of " the theory,‘
but I am confident that in a few years the work on” semantic ‘_.? e
parsers\that is being done today\at several institutions will be i

",;so far advancgd that we shall be*able‘to borrow thgir résults for
) ‘ﬁ e

gﬁour purpodz,,“nd to incorporate”them into this tﬂeory.

Note at the top of the slide td reader s goals,'w ich are .
- e
represented here in terms of a schema. Without such a;schema, ﬁg p

to control process1ng ouerodel couldn't“Work at all. {If we are

fi

v
—~ |

dealing with an unspecified reader, we have ‘no way’of predrcting

what he will get out of - a text. Both the reader and the text need
.« S

to be specified in a model, otherw1se comprehens1on processes are‘

v

‘not suff1c1ent1y constrained tb be theoreticallz)explainable. S

TR

4any of you Wi:l:remember that Ernst Rothkopf ade th1s very ame /

point in his talk at these meetings two years ago. . ;.f o . _\a

A

b;>8etween the 1nput propovitionsqand the contrql schemay)there ',.-_

Y,

is a- big black box shown Afi y slide. The'goal of our model 1s o
~/" j o
iqsiﬁe th%t blaék box. (SLIDE 2) R

to accoun for what happen

e hypothes1ze three levels of process1ng. Thzgiggut prop051tions

: are arranged"h a network called :ﬁ:jherence g
‘ton the bas1s of so&e 51mple %her e rules: connegj;)ions are fdrmed

ThlS ¥ s done \' a

whenever two propos1tiohs share an argument. That 1s, coﬂerence is

_ ! ) . R
7 defined here,rn terms of referential tohé&ence algne.. At the T

: e .~ ) ' -

o j ﬂire S \f

same time tﬁe coherence giggh is formed, the propos;tions

el

grouped together>wheneVer they belongﬁto the same fact " We might
: - v S i . g
e -',/" S e L Ty (_/ - “.




)

. we need/ dir

ffor instance, know that the driver of an. old VW Iost control
: A
on the jice and smash%d into a parked pink Cadillac - which is

\(

lot of propositions, but they all belong‘to the same fact°.an

" accident, with various participants, circumstances, and.modalities.
. A :

:_‘However, not all of the facts related in a text are releVant, and

so we need to distinguish further levels of-Eepresentatioq, namely

the macrostructu;e of the text The macrostructure results from

‘the operation of the macro-operators, which are a set - of abstraction,.

or summarization, rules. Indeed, the macrostructure itself may .”

havg several 1evels, corresponding, say, to a long abstract .of the

-
k4 , -

\ text and to ever more con ise summarizations. Eventually, merely

A-\\C title'is left B “'m - - h < S R
'?" \ ' S . « > ' ’ -
%

)

S You will immediately say "Does the worid really have to be P
\ o ¥ou yiil fgm

A so\comp_ cated - do we reallx need all these levels?" In order to

lowrst level vIn ord r to predict the suFméfies that\people make ;i

\
of a text, we‘need

/ Pl .
hierarchical ma&éostruct“re. You can think,

' Pamitl YN R
of the %*Si level athhe lowest levgl offthe :ostrhcture%\angh
I shall later give you 3 demonb/ratioﬁ‘of the ‘ =
play-’rn t,e fheory. \) 2 _" 0. ol

N’Endee

\,make it muc more cdmplex -~ for what I have shown you here on this .

/\

slide has no _hance at all of working.. In order to make’ it work, AN

Y instead of making he,model simpler,‘I/shglL need to

|

lO from above (SLIDE 3) On; can't arrive-a} a~ j,_

- [
- ‘-

summaryupere : by wgrk upwards from the datg level <becaq§e we

donzf’inow what 1n the data is rerevant and what IS‘ﬂOt and what

-
a
~ 8
-

'.L:“ )
9 - .



\

'can%therefore?be deleted or generalized. We need a schema that

\

tells us what is relevant, that . sets up e*pectations, that calls

-

for certain facts,wipferring thém‘&f they are not directly

*

represented ‘in the input set I have indicated this in the slid ' .
by the red arrows.‘ TechnicaLly, such a system is modelled with/7

computer téchniques that were first used’ by the Carnegie group 2\

T
on a speech recognition system called HEARSAY We are using a

derivative of that system called AGE ‘which is bq1ng develop%d by

-

' Nii and Feigenbaum at Stanford. .\," S

.

- But to show you what I am talking about, we- don 't -need "a -

S

L;\ computer.. The, part of the model that is fully developed at present
and from which the readability predictions ‘are derived is the one
.that containsjkPe coherence rules shownvat the bottom of the slide.

“~It'takes as its'input the set'of-prop05itionsﬁ'ordered as they \
N ¢ ~ ) BN _ B . . o
‘appear in the ;fx; and constructs from it a coherent network,
. : <
identifying pla fes where ihferences are required to obtain coherence.

I shall illustra tth construction of a’boherence graph W1th a'-

-

sim e example. In order not to, onfuse:you with technicalities,-
Q #

I shall surpress the prop051tions 1n the example and use English
text (§hIDE 4) 1n whichFWOrd groups that Troughly borrespond to
\underlylng propositions are ‘circled. Thus, the first Fentence : ~

N\
eads "The Swazi tribe was at war. w1th a neighboring t -ibe because
r

.- of adi te)over some cettle". This sentence constitutes the .

l‘“ﬁinputn', our first proce551ng cycle\(SLIqE 5) where a cgherent -
A - oy

.
f

,4'n€twor7 is constructed with the five 1nput prop051tions as nodes.
» The "being at war? propos;tiéh is selectedxas the superordinate

« . . R
N R . . . . R - o

.l C _
} . .
\~ . - I 9 RV
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of the net (let 8 poatpone the question of how - that belongs
to another compOnent of the system with which the coherence rules”

" interact), and the other propositions are annexed to it by a very

simple 'rule: connect all propositions which share a commorn argu-.

ment. / In the: sllde, since I am not showing propositions, the way

“\

. this'rule’ operates is not obvious, but it is an obJective, algorlthmi&
. ‘rule. Once .we have the grapH’ we procede to the next cycle. But

‘now the questlon arises which portlon of the coherence braph Just
i » b )
constructed should be retalned in short-term memory: so that the

g
. graph constructed on the next cy¢le can be lntegrated with it.
\, —_— . 1

A\ It 'won t do to construct a separate network each time we read a

W
&\ gsentjnce.. We need to interrelate the 1nformatlon from all the

\I
4:\\ sentences in a text. <Ideally, we would like to keep the whole tree

~

\

@

ﬁut people's processing capacltles are llmited. we cannot keep

T

nd simply add the new proposltlons when we go to another sentence.

AN
arbrtrar%ly iarge amounts of lnformatlon actlve in short-term -
- —
@:k.‘memory.‘ Hencq, we select a few proposltlons on each cycle, keep
O. ﬁ L) -
. J

those in a short-term memory buffer, ‘'while all the other, non-

~

‘ seleq{ed proposxtlops are relegated to inactive status rn long-

' k
B term memory. We need a rule or strategy that tells us whlch of

f

L4

1;he prop051t10ns are to be - kept in the short-term memory buffer.

/
We have descrlbed such a strategy in our paper,thlch when used

here selects the three proposxtlons circled by the broken red line.
“ AN &, .

The prlndlple b' “the strategy is to favor proposxtlons hlgh

)

up in the - graph'(wh;ch tend to be 1mportant ones), comblned ‘with
‘ .

. a recency b}fs Agaln, I shall forego the detalls, wave my hqu

i VR .

% - B ) : s N T
v D ) . s . g R ) N




and go to tho next alida. (SLInE 6) We nOW'havo three old

propositions in short-term memory, plus a new "input, which reads
in English: "Among the watriors were two unmarried men, Kakra and

his younger‘brogher Gum. " The task of the comprehender in- this .
>

. model is to conneCt these six new propositions with the three old

Jones still in short-term,memory. (SLIDE 7) “—his fails in an
interesting way.. There aré no concepts shared by the propositions ’
‘in the buffer and the new input to connect the two sets. So the ~

‘model says: ”Well,'maybe b kept the wrong propositions in ny buffer.

]

I’ ll go back and look at everything. I have in my long-term memory,

T maybe there is something there that relates to the new input.

’

g This we call a.reinstatement search, and we hypothesize<:;€t’it

1 is one of the things that makes people stumble when they read a

K text. - If a text: and a reader interact in such a way that the reader

' must perform frequent reinstatement searches, -then we have a text
that is hard to read. In our example the reinstatement search

' fails there simply are no common cdncepts in the iirst two cycles.
’So our model builds a new graph, this time selecting “&ere two men"ryl

.

as its starting propositions<and annexzng the rest via ‘the cdnczpt

to}

T

repetition rule. It also may perform an 1nference at thlS poin

‘ 1nterrelate the two graphs. e.gE{ that "the warriors belonged to
—

.the Swazi'tribe ; Or that ”thﬁipeople who fight in a war are

warriors  This is the kind bridging inference~that Clark and

-~ his-co leagues.have qtudied quite extenszvely (e. g. Havzlland &

074y,

: Again we select three propositions for our short-term memory

~Clark,
.

buffer,'and we govt the next sentance (SLIDE 8): "Kakra was killedf




| &7
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M , D . S . o -10':' ) . . ‘ < . .
R ‘ ' - ' .
in a battle" Thil timer there is no probl (SLID& 9): we - -
still have "Kakrar in STM, and the new sentence repaats that
"concept, so we canoadd if to\our graph, select a’buffer set, and .

: continue reading. But that is-enough¥for this'exampls. i hope
- » ?
that it eﬂabied you to get.some intuitive grasp of how, this part 4
. r

-Q_of the model works. o L . L
o Hhat does it do fon us? Two things, at this point. it;

4
-

permits us to make some readability predictions- if the model has £

to make lots of reinstatement searches, lots of inferences, then
,‘\

we predict ‘that' people vill also have a hard tiMe.‘ of course, how

L

‘foften the model ‘has to backtrack and go rummaging through its

-dong-term memory depends crucially on the amount of shQrt-term

Al

memory we give it. In .our example I have assumed a buffer size
. of '3. Obviously, if I had made it 1 or 2, there would have been '
more reinstatement searches. In general the bi gger shqrt-term

.":«memory, the less trouble the model has with a text.*g}hus, we need

-

_to know what the mooeI's parameters are before we can/make any

-
1

- 'specific/readability predictions. ,}° o
e o ' Thi's brings me to‘gy second point. By making sqme simple
| assumptions about memorv?rwe cat use recall data to éstimate the
;_model paramgfers* Fitting the model to recall data has another
~advantageq it permits us - to EValuate\how well the model fits w1th
. ' standard statistical procedures. The logic of - this argument is 7 -
shown on my ne;t slide (SLIDE 10) In the first column we have A
'the 13 propositions;from the three sed%ences I have Just shown ;‘ _

you, - The second column shows how. many subjects (out of iop) recalled

\ . . -
Y ' .
'

12 T
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, ‘each pnop051tlon on an lmmEdLate free-recall test. You sJe,‘thﬂ‘;”',
vfgas is typical that there is. qulte a b§t of variablllﬁyythere..f :,ﬂ/'

& : -
La.sumptron we'make‘lsgﬁ —ff

iNo;qunslder the m@del predrqtlons.f'T

,'”;t every t1me a proposltion 1s processed,.lt is s*ored 1n BTM . o
ﬁpe model) ' L

, @41§r09051tﬁons are prqcessed at least once (we assume a carerul ’“r :
‘:J;Lreader here, but th1s 1s not necessary), some Propos1tlons, however,-’f
j:fare prOcessedégore than once° for- 1nStahéé’ Proposztlons l 2’ and L

; 't'3 were'processed in, the flrSt cycl and then-they were processed '7Q4
‘.ﬁi 'agaln 1n the second cycle because tzey\were held over 1n‘STM‘ ' :

‘Proposltion lO, in iact, had two extra chances to be stored in’ LTM.

"fltlwas f1rst ﬁr\be}sed in the second cycle, held over for the th1rd, :
i
"and then heﬁﬂ\gver once more/for th% fourth cycle.. I have Just o '

'_ﬁlndlca d these extra processing chances by pl&%&slgns 1n column

.

'5three, but in the actual model these would ‘be a: se:?of stochast1c_'

#\,,¥fpred1ctlon equatlbns.- From here onq;} is easy g01ng we f1nd the,f:
value of E' the probablllty of LTM—storage, 1n these equatlons, '

: 'whlch generates the "best" predlctlons, Where best,means the
mxnlmum ch1 square on a goodness-of f1t test.

T 3

a m1n1mum ch1-square value 1n our- example of '36.35. .For —

If we do th1s, we

-

f, th1s 1s pretty bad,('nd clearly 1nd1cates that - the model

; \ .
”predlcts a pattern of recall that Just was not there in the data..
\

'But that is no reason to despalr - maybe the model was r1ght, and

. ‘ ‘ .
. merely our guess about the'slze of the STM buffer was wrong.v So .

R - 9\’% ¢ . ’ '
. we try the same th1ng aga1n, der1v1ng bredlctlons as beﬁhre except

that we restr1ct STM so that 1t holds only two prop s1t10ns. The” -

'//_ o L ';\_ »"'”*»u rf. - I ,A'_f ) -
5 : S - N .




resulting predlctlons-are sh0wn bn the 1ast column of'

*fand you seé‘that now the pius sﬁgns seem to corresgpn

'w¢‘:high values in the data column,‘as theY should: ThlS is bo,ne_-" S

3s'omt by the corréspOnding mlnlmum ch1 squareibf 19 34 ' Thls ls rff.’

St

,' zwas kalled "1n a battie“), wh1ch _nly 17 people recalled The model

'fsquare‘ Propos1tlon413 1s essentlally redundant. we know that there

fwas a: war, and Kakra was kllled,'so most people s1mply don't bother i

"’”Lto wrlte down in thelr recall protocol the redundant 1nformat10n i »},h
that thlS happened "1n a- battle“., The K1ntsch and van Dljk model

-”actualf§\has a component that deals w1th thlS k1nd of recall

)

'-fsuppress1on. there are productlon-rules that pre\;pﬂévredundantj
'lestatements from belngeaanssed under certaln condltlons.‘ Thus, the4~
t low reqall of Propos1tlon l3 is not really an embarrassment to the

model, and is s1mpiy 1rrelevant to the evaluatlon of the‘Foherence

fcomp_ﬂent of the model. If we delete thls propos1tlon and recompute

our ch; square, we’ obtaln a val e of 2. 8l for ll df, wh1ch is a |f

more valld 1nd1catlon of the fact that, except for small random

‘_,dev1atlonsf our model predlcts the pattern of. q.Fall remarkably

f'well ._,;h4‘4-4§~.- | |
. We have followed th1s strategy to test the model 1n a large'

;gexperlment in ‘which. 20 paragraphs from various sources were ‘used

as the mater;al.' The paragraphs, each about 80 words long, were'

‘_'selected SO that they would span-a,wmde range of readablllty.‘ In SN

SRR




0
,..» rv.

k.That is, only reprod-ctiveiproposltlonal recall 'was’ sco

\ i

_L~, The rellablllty of the proposltlon scor1ng was .9l;1n thls ~ , 32~L/

i
N

A questlon arlses, however, when we c3 : o the.operatlonal

8

fdeflnltlon of readablllty.: The meas&re I. g;d_er 1s an eff1c1ency

Az,
A/\

stat1st1c-:read1ng tlme per proposltlen re'“lled Intultlvely,

fr";'thls measure appears éo be more satlsfactory than e1ther read1ng
-2t1me or amount recalled alone.: However//thls measure d1d not .;»iil
.ficorrelate in our corpus Wlth ratlngs/of subjectlve readablllty
“.(whmle uncorrected read1ng tlmes dld), which means that people s .

f=d7 1ntu1tlons d;ffer about what rea?éblllty really 19&

. ;ﬁ} B | now have to glve you a_' ttle bit more’ technlcal detall

about the model 1tself spec" 1cally about the model parameters
'that wene estlmated In.my,exampl" I have already 1ntroduced one'

of them - the capac1ty ofnthe“shortEtermxmemory buffer\ In prevxous
» { ’ )
'work we have est1mated ?hls capac1ty to be 4 prop051tlons, Jlm '

'

/
Voss at the Un1vers1ty/of Plttsburgh has obtalned .an est1mate of

. / % o
two, but h1s buffer contalned, 1n,addutlon, some macro-proposltlons, -
so the two estlmates are not 1ncompat1ble. Another parameter of |
_the model that we need to be concerned with is the maximum 1nput RN
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81 e per cycle 1 e., theAnumber of propos;tlons accepted'ﬁach ~ff;j“{'

L gtimeg in the/presept verszon of tﬁe model° 1nput s1ze ;s de e?

__lqls too longy . cy LA
u'f“Lbe est}mated g.:mythe-dataf The thlrd and f1na1 parameter of the “#?
'“[‘model that ‘we estlmate from,the data is. 2,,the probablllty that B
‘;ﬂwhen a propos;tlon is. processed ;t w111 be stored in TIM. and w111 4
;ﬁ%d'hbe recalled subsequently.;~?";5:ij'je-'qu ;{ij; pf":;ff” :gf. _
’5;""') ' | ' . e,

qulte cruc1a1 to the model lS the strategy that selec s the‘

'Qpropos1trons to be retalned 1n the short-term memory buffer from

_5one process;ng cycle to the next. In the,Klntsch & van. Dl]k paper

'twe descrlbed such a strategy.; In the present work we have b' ’cally‘f'

- . ’
.-retalned thlS strategy, but modlfled 1t 1n s0me ways. Slnceﬂ

C detalls would mean Very lrttle to most of thls audlence I shall

Ib. . iy I B
Ce i;mlt them here and refer you to a forthcomlng publlcatlon of thls

I N

work. The model, w;th these sma11 changes, 1s formallzed as a

,LT S -4._

"computer program, wrltten in- LISP, that accepts as lnput a propos1-i W

o ' X
o ;tlon llst derlved from a text w1th 1nd1cat10nsjof sentence bounda 1es.

o n.\"/

vﬂ‘ ‘For fixed —ues of the short-term memory and. max1mum 1nput size

v

é§ parameters'“ ,program processés thlS 1nput 11st 1n the manner’7

v

hypothes1zed by the model, thereby generatlng reca11 as well as i
7] readablllty predlctlons.t The reca11 predlctlons thus obtalned are
f'g then fltted to the actual data by means of a mlnlmum chl-square_'t

procedure,.whlch y1e1ds the thlrd modei parameter,— the learnlng

1’.

probablllty.p.-,.as we11 as a measure of goodness of flt.
) : < ( '." .>'- .

- - L . ey, n PO




Overiill, for the ”‘paragraphs 's6; gar.analyzed, _‘,these good-—

,E)yjlness of f1t measurws}were qulte; 'er, Thekaverage mlnlmum .__

-

n“';w1€h a m;nlmum ch154' e f 122 It was the most dlfflcult Hext

»of:the set, and'fhe;md e

-t

;c uldn t handle that one.; There was 1ndeed,

L its dlsposal
5:."

=-he textS° the ea51er the text,:the hetter the -

il ,
‘When you have to start maklng a }otyof 1nferences,

RN

3jto 5 prop051t10ns, w1th a mean of 3 88 Max1mum 1nput

/ A
v

s;zeé anged from 5 to B prop051t10ns, w1 ) a mean of 6. 2 hev-”

N

mean kuarnlng probablllty was rather hlgh for these short texts,--

.p_.54 o - '_', .‘ _‘

But the“most 1nterest1ng results of thls study are t?e

readab111ty predlctlons.. The small var1at10ns 1n the estlmates of -

\

" the short-term memory capac1ty for the ten d;fferent texts appear

~

tp be unrelated to readablllty.s The same 1s true ‘for the learn1ng

N .




.probabll;ty E' which appears to be mostly d egmlned by thef‘ '3.'f§»

T-The thlid paratmetér of the qu%l '-

Ry

£y

’Ekropdsition denS1ty of the teﬂt.

Coee

': 1s ore 1n:erest1ng. 1nput s1z"correlates ’67 W1th rgwdabrllty,

&

as.sﬁown in SLIDE ll 2 For th ' ﬁllde I‘havé d1v1deé/the ten texts

ff%y, R PR Tl : o
Cinto- a,. GEOUP. of 3 easy, 4 medlum, and 3 hard. texts, based upbn 5»f-' |
& ) L

l“" 1\ N i ' R
thelrffﬁadlng tlmes per propositloﬁ recalled¢_'§é&ﬂthe easy texts

more propositlons are accepted per cyple than\for the hard textsl

‘.

/Input 51ze i#}also irfactor 1n how long subjects read a. tex‘, as*
would be expected o :A7f~ ,f“"' "“"1 ;L*éi;‘J-yn'f=~ _w; f

. The most 1mportant factor 1n tﬁe model related to neadablllJ
\ ' .’ 4 " 3 4 ’5 i . S'_. n' ’ ‘ 4
fmi” JS, howeverp the number of relnstatement_searches that are made 1n
processmng each text“v Relnstatement searches are 1nstances of
" f..,\

. backtracklng.athe present‘lnput_ls not, related to the prop051tlonsly.‘”
's.¢y~that we\“§eta1ned 1n t@e.short-te. empry buffer, the system has

| h_ to go back and search,lts long-term memory for a pos51ble relatlon-‘
'?dzp.shlp that would egtabllsh the coherence”bf the text. SLIDE 12 o

A‘shows that'oﬁr three eﬁsy texts do not requlre any relnstatement

T e L
searches, the three medlum textS\requlre on the average_ 5 relnstate-

. ments, but thls number 1ncreases to l §7 ‘for: the three hard 5exts..~h'

h -

Overall, reinstatements correlate w.62 w1thyreadab111ty and about

equally Y?th xotal rgpall (- 59)._‘
-,;t:«. X V’c’ ,. .

nd, the number of 1nferences that have to be

b on*thé.othé§¢
e made in readlng a text in order to make it coherent correlate much
Iess hlghly w1th the readablllty statlstlcs.. Brldglng 1nferences

‘bccur when a concept is not repeated from.cycle to cycle, as, for

4
¢

’ .
1nstance, in the e&ample\I gave you before where “war" was mentloned
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.’ : M / : ;_¢.' L .” l. ‘- “e Tt ' - S
"(-11 the flrst sentence, and warrlors 1n thF sec:ond.,t W know-;»,‘:_-gu
from the)work of Clark and others that such 1ﬁferences requlre "":f.';f

T s ‘
extra processlhg t1me,_but apparently'th;s effect.ls relatlvely

;#Q? weak compared w1th the extra effort 1nvqlvedL1n the relnstatég%nt

¥_:‘ searehe .7 There is- an 1mportanT quall ication hEre..many of the

P : o [REP 2

u (: brldglng 1n£erences 1n our mater1a1 were very easy and obv1pus, .:HF”V

as 1n the example that I just mentloned If we arraqge thl gs 'ﬁy“‘

so that éhe reader does not have the necessary knowledge base to e:'T.

e .

e\ make the 1nferences that the text requlres,'they could be just as.,u

.
’\\' -

"'reifurce consumlngﬁas‘;e;nstate\\nt searbhes, and gven’ more-so. ic; .

-

Such a case, in- fact, occurs 1n one of our texts where you'ﬁhJE to'j'*fj

tneSses who‘appeared before Judge
4 g F ]

Slrlca in theé?atetgate trlals -;;nformatlon whlgh.does not appear wl

know that.Sloan was one of the ?

(to be current among@Colorado undergraduates.. y,;

L don't want to. suggest a new readablllty formula, but SLIDE l3

-is an easy way/to~summarlze our results.-ln our - llmltedaset of data

i jthg multlple correlgtlon between six predlctor varlables and read1ng
: .
d1ff1culty (def1ned hére as the number of’ seconds of read1ng t1me

-

;per proposltlan recalled on an 1mmed1ate test) is a proud 97.‘

©  Most of the var;ance 1s eccounted for by the f1rst two: factors - the

W :number of-- re1nstatements, ‘as just dlscussed and the tradltlonal ‘

word frequency. Two other factors make smaller\con}glbutlons-

. a
proposltlon denSLty (th‘l 1s the number of words in the’ text d1v1ded

Coa

-

"by the number of propositlons 1n 1ts base) and 1nferences(\\ L P
ly related to the \1

‘.

’The number of processlng cycles (whlch is obv1o

.

' ;.tradltlonal sentence length verlable as well a "to thé'maiiﬁum input

N e L e
E: . o
.




B

make negllg;?le contrlbutiohs. That w;‘d ﬁrequency Q(ihsentence {f;f

T'E’length are related to readrpg dlffxcu 'y 1s no news. at propos1—-5

e

Lo L tlon denSLtyLand-numbdr of<dlfferent atguments are so related

'J;nreplicates some‘o ”ouﬂ~ear ier work.; Abou%'relnstatement searches,‘

" - o..~ -

e

A

predlct raw readlng t1mes, however,-?nd 1s alggtrelatud &
ratfﬁ@s of readablllty, just to comp 1cate the plct 'e a ' bit

| Let me récapltulate what I have talked about s

[

components.: I then dlscussed 1n some detall one of thf:

h,»

oAy ‘
A the coherence rules. I have polnted.out thm
‘\_..',_g Lo \Q’i L ; !

T anqu ﬁascrlbed an experlment that tested these predlctlons.» Thlngs

seemed to be 901ng qulte well wlth th1s rather 51mple component 5Qﬂjl€

L P

h of the model, ‘so why then~do we - need a more complex model w1th

?;acts, macrostructures, nd all that7'v

' The bas1c problem is that at the level we have operated oni

far our. model is 51mply too stupld Let 's. go gack to Ehat

v PN 4 Y

example of the trlbesmen Kakra and Gum,'an the last sentence, :'ifutfﬂﬂ

. . - . .~s,.-

(7 Kakra was kllled N Sllde 14 shows the three prop srtlons 1n the

\ r,»,i.
STM buffer -after that sentence, as well as.a new rnputusentence:

. ....' -

S




'it”marrled, wh11e you as readers at thls p01nt have experlenced

:-real read

. very 1ma'*nat1ve, 1nvent some approprlate

"ythe effect of knowledge on understandlng, ‘élﬁ gave her subjects

; ghost marrlﬁgesa' In a ghost—marrlage the

' 1nto the present model is v1a the group1ng of prop051tlons on the L,

[

e

,naccording to trlbalfcustom, he was marﬁ%sd subsequently tg

.'_ \N .
.;the ‘woman Ami f SLIDE Eve thln is fine Wlth .the model'

 he gnan Angr. (euIDE (157 Bverytning.

;=the "Kakrg* 1n the buffer reappears in the input sentence,.and
“i;a n1ce,<coherent graph st;ucture is’ obtalned The computer doesn t’”

';ﬁpscream, the model doesn't bllnk an eyelld whex a dead man 1s belng

’-coherence o the text, and doesn t care at all what you say. A ”5~'ff

he’khOWS

'1nstance of

m::“. : ’ F
R s

AR

¢ s R

e . .- J - e

s

".“-cons:Lderabla puzzlement w:Lth the text,,I hope\. That s what I

mean w1th the model belng stupld - 1t 1s only concerned w1th the

'wlllereject thls text as nonseQ:;;al, or,»lf he is

al cuStom, or,'lfﬁ
bout ghost marrlages, recognlze Kakra s marrlage as an
ost-marrlage.. In fact, my example comesmgqpm a- ",' e

study d0ne at olorado by Donna. Caccamlse, wh was concerned W1thé

.

P

anthropology lessons, in wh1ch they learned bout the custom of

;:est son of a, famlly,.

1f he dies wlthout an helr, 1s legally ma r1ed, but his younger
° . s

brother takes hls place untrl an offsprlng is produced oo

Comprehen513n requlres knowledge, and the way knowledge enters'

ba51s of the facts to wh1ch they be%Png.“ A fact, once establlshed,l

generates expectatlons about other related 1nformation 1n the text,‘

v

.as . well as about other facts.; The way a fact is establlshed in the

R

model 1s that an approprlate knowledge structure is pulled out of

the reader s knowledge store, and the text prop051tloﬁs are related

." . L]
to that knowledge structure._ Let us return ‘to my earller example.

21 "



trlhe was.at ‘war w1th a neighbollngﬁ,rlbe. Thls act1vates the Y e
P S ’/.- : Y ~ o
"War" frame - the SWazi tribe is inserted as the actor Ain th1s .

(SLIDE 16} xn;the flrst sentence we ‘were  told that the Swa21' i

.~
v

- I - . ‘.

N

war, the nelghborlng erbe becomes the opponent, there 1s also a

-cause. Many other thzngs that1we eﬁbect when we hear about a war

are at thls polnt unspec1f1ed, but the system l§ ready for other

O

ﬁnformation related to thlS war.l Therefore, the next: sentence C .

L\vaY

4es as no“%urprlse (SLIDE l7)' what we: have herézls a further

‘\

_entence.addswan‘outcome. Note that what I am show1ng here are

-e actly the same prop051tlons as 1n the coherence analysls, the,

only dlfferenge 1s that ‘we are now grouplng these proposltxons 1nJ'
terms of the&\vfact relatlons.3 In Cycle 4 f1nally somethlng
1nterest1ng happ ns (SLIDE 19). we are no longer talklng about war-

}
but about marr1age.7 So the "Marrlage" frame becomes the basis for4

an organlzatlon of the 1nput proposltlons, but 1t faxls- ahdead “

Kakra does not make a good husband Thenefore - if; the system knows

about ghgst-marrlage - that frame 1@ called up,‘and now there are

' ec1f1catlon of ‘the actor 1n the War - fact. (SLIDE 18) The th1rd B

AN
v

no. dlfﬁlcultles ”bll of the" 1nformatlon in the text flts '1nto the_ -

slots of the "Ghost-marrlage" fragf, and no contradltlons ar1se. o

What have we galned by thxs addltlonal analys1s°' F1rst,

g‘cons1der the readablllty predlctlons again. In the coherence'?

' analy51s‘We predlcted trouble w1th ‘the. transltlon from the f1rst

to the second sentence, because there was no dlreqi'conceptual
overlap between them. ‘A brldglng lnference was requlred - somethlng

llke;”the,warrlors_belonged to,the tribe at_war .  As our data

T e . : . . .
L . . . 4
, . .. . X

| "%(\



text harder to read, as long as the reader has available the back-g N

‘~

ground knowledge to derive the~inferences.f My re—analy51s of this,

different_picture: the bridging 1nference is. still there, but

L H

since the appropriate knowledge structure, namely the war-frame is

already activated, 1t shouldee an easy 1nference.1 On the other

hand, a major problem arises when the text ShlftS from war to

- i - L]

K marriage. realizing that we are talking now about ghost—marriage f',f

-

is no triv1al feat, and readers as well as the model are very likely _
to experience csmprehension problems here. A second advantage of '

our re-analy51s 1s that the facts prov1de a basis for dealing w1th'

inferences. Although the 1nference mechanisms themselves are not
the focus of our work at present,'clearly they Wlll be a’ very
1mportant part of. a complete comprehension model _ Finally, the .

fact analysis permits us,an'easy transition to the topic of macro-
structures. | ) _ 3 SRS |
.Macrostructures, ingthis_theory,jare generated from a- text

L Sl L ST T

‘by~the reader and correspond to what one usually callg its gist,
‘as expressed by a summary or abstract. By-their very,nature,
macrostructures are hierarchical, corresponding to more and mored

8*1

concise ahgtract% ; useful t01think of fact-representation

2

as the lowest level of the,macrostructure 'containing:everything;
that was in the text.- The macro—operators-bick out from all these
ﬁacts only those that are relevant. In order to do th1s, they

‘ must, of course know, what is relevant.-_{his guidance is provided

byfthe control schema..



zﬁ,:Kakra and hlS ghost-marriage tq se how the‘macrostructure i

0

I can not go- into any det_ll at thls po;nt, but as always
] y . - ¥
~refer you to other publications, givxng you Just a brle ex le-

to illustrate how’ the model work” ‘Once more, we go back to . .

".

'gradually evolves durlng the processing. of . the text. (SLIUE 20)

1*'In Cycle Ii when only the flrst ‘sent nce. 1s probessed, the hypothe-

. sized macrostructure is a 51mple gene allzatlon of the 1nput,

deleting everythlng that appears to be 1rre1evant at the tlmea
*Two trlbes were at war". In Cycles'IIlend 111, another macro-
prop031tlon 1s added each tlme- "Kakra and Gum were.warrlors ~and
'“Kakra was. kllled" (SLIDE 21) In Cycle IV, however, a complete '

reorganlzatlon'ls requlred Because. of th\ ghost-marrlage, different -

"_facts now appear to be relevant.. The fact that Kakra was-unmarrled B

when he d;ed, and that- he had a younger brother now appear as the

)resupp051tlons for the ghost-marriage, and a ‘new. macrostructure

hls generated by the,model at this po;nt, as’ shown in the sllde.

”Thus, 1f we asked subjects to summarize our . text after the thlrd

Sentence,.they would wr1te somethlng llke I showed you on the last

,sllde. ‘But 1f we asked them to summarlze after they had read the
v

whole story, a rather dlfferent summary would be ohtalned (as on

-

.'the present slide). . o '
_ . : .
But - what has all thls to do w1th educatlon? " thlnk 1t dogs

in two ways. The flrst I have already 1nd1cated in the beglnnlng
’of thlS talk. It is the 1mportance of hav1ng avallable a-general-
’£ramework for the understandlng of comprehen51on processes.
’Edupators deal;wlth prcblems 1nvolv1ng_comprehenslon on a day to-

' . R
\
. i
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spot. Their bést gui 1has.been commo' : ' We'are“all tﬁg“
'experienced compre nders‘ we all haVe had our comprehen31on"'
( .

' problems and" ve developed reasonably good 1ntu1tlons about them.

.

“'But common sense Wlll help us only so- far. A sc1entif1c, theoretical'
'understanding of comprehen31on processes could be of great help,.g'

-not én the sense that the theory could solve every one of the

N0

‘educator 8 problems in real time, but in the" sense that it would
l -~

-vprovide the pract1c1an with another set of 1n5§rtions about

-

comprehension-processes that would sharpen his or her perception

A

"and make them ‘more efficient problem solVers.

l
o - In addition of course, there are the specific results that
@ ; work like this one produces. I havegstressed here the impllcatlonsd
-of the model w1th respect to the concept of readabllity.- The model

~

.;gives us a more refined notion "of what is involved in readability,.
.which may eventually have some practical'conseguences. But that . s
was Just one example.' It seems to my. admittedly biased eyes that
| wherever I look in the. educational literature I find another

v : 4

'potential area where thiS\theory could be applied -And that is not

'\"i \ »

ﬁ_;gfsurprising. A really general theory of comprehenéion ought to have
strong consequences for’ numeronus educational questions' 4

1 shall,take JUSt a few minutes to tell you about~one of
these.' Mathemagenic behaviors, in particular, asking people
'questions about what they are reading, have been investigated
extenSively by educational psycholOgists They seemed to hold a

lot of promise for improving learning from text, but when all .the
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research was in the resuIts were a little bigldisappointing. o ..

L)

b
v
\\W L‘

1

.‘- | It’ Qadrhard to det really Spectacular effects, and there were lots
o "?of i?conszstencies in the data. Now from my po;nt of view, and ; ‘:'_/
'the advantage of hindsight, this ts not surprising if you Ibok
) '_at the nature of that reSearch effort.&.A good reV1ew of that >';f'
J%'work was written,in 1975 by Anderson and Biddles Their main Sectl;ﬁ‘ '
| contained a discusSion of the folloWing factors that determine the ﬂ
.effectiveness of adjunct questions-'nature of test items, p051tion1ng
Aand timing of questions,\response mode, feedback, overt response, | \ﬁ}
t;motivation, and finally, Just before other factors“ comes the ‘
o "Nature of the . Questions-, w1th only four studies 1n it, dut' of a
reference list of 3 1/2 pages.. But what kind of question you ask
'ought to be the most 1mportant factor of all' The problem is, of
course,_that in order to 1nvestigate this factor Qpe needs to have:
some kind of theory of»comprehension and of the possible roles
that adJunct questions might play \' o 5" 'j ' o o
o I can not treat this subject here adequately, but I can give'
.you some. examples to show you how that could be done2 .Back, of
| course‘ to Kakra and-his ghost—marriage. Suppose that after the
sentence "Kakra dies in a battle”,I -had asked the reader "How does

'n_the tribe proiide for the 1nher1tance of the family property and

status whenhanfolder son dies w1thout an heir’"' In the: knowledgeable

|

reader, th1s question would have primed the ghost-marriage frame

and hence 1nsured the correct comprehen51on*of thesremainder of the
/
passage. Such a question very well might fac111tate retention of

new material in the text. -On the other hand, suppose we had asked

!

v g
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.mnstead,UQWhat was the cause of Kakra 's death’", This questlon e
does not engage the reader in processlng that would help hlm
later on, the answer ls,merely computed from an already lnstantlated
_}frame Therefore, -such a questlon would have very little effect
: beyond the better retention of the 1mmed1ately querried ltem..
'As a third pos51b111ty, lmaglne a questlon that would be harmful
_ because it prompts the reader to set up the wrong expectatlons._‘
:'For instance, if after the first sentence ‘in our text, which . says
1:“that there ‘was a .war. because of a dlspute over some cattle, we had
basked the. reader "What do you thlnk happened to the cattle’", the_
reader would wrongly focus on the dlspute over the cattle, and a
."'Eorganize the lnput propos1tlons in terms of a Dlspute—fact, whlch
-.would have to be. replaced in favor of a War-fac 1n the second
'_process1ng cyclet, Thus, adjunct questlons may have p051t;ve,
bnegatlve or null effects, dependlng upon how theiprocess of
/:questlon answerlng meshes w1th the comprehens10n process' llf I
l'know that at a certaln p01nt ln the text the reader WLI{fneed a
E't concept that, accordlng to the model he no 1onger has avallable 1n

M

”his worklﬁg memory, relnstatlng that cohaept via a sultable questlon "
e

: ought'to help.‘ But asking- about somethlng that ls in worklng

memory anyway Wlll "do llttle gwod. And if we ask our questlon

realby shrewdly, I bet we,can confuse the reader, too. '
h'éyﬁﬁs_ Anderson and Biddle, .in e reVLew I Just c1ted, complaln that

'E)do not need another demonszzgtlon that adjunct questlons'"work"-~:
Instead, we need to know why they work and under what condltlons._r'

A model’llke the presenb one w111 let you flnd out why and when

B !
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Even: an., incomplete model and one

'?many of its details is better in
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e

that is undoubtedly wrong in

this resPect than ‘no framework

fat a11, because it 1ets you ask the questlons you always wanted

'jto ask and didn't know how. ' y
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(Kakra was killed)
(in @ battle)

P



 Cycler:
" MARRIAGE: (wos momed) |

; 'Hos‘ban’dz, '-(Kokra) "!!(Kakro dead)
| .-wffez - ~ (the womon (Ami))

'.Modolify (according to)(tribol custom) )

Time -f(after WAR)

- GHOST-MARRIAGE: (was marned)
| ﬁ—___—_—

R Deod Mon '_(Kokro)

L;Younger Brother v'(Gum)

o W|fe o ._r-(thewoman(Ami)) o

Modality: | 3'(according to (tFibal custom))

N -

NATime: | -(ofter WAR)

e




Mncrosrructure

Cycle I"

~j-h‘wo trlbes were at war) ‘

Cycle o

. __i'_.(two tnﬁ)es were at war)

-‘ "'.}(Kakra and Gum were warrlors)f o

._“'c/ycle m

| ( Kakra and Gum were warrrors)

.?-

_(Kakra was kllled)
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