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AN AUTOMATON ANALYSIS OF THE LEARNING OF A MINIATURE
SYSTEM OF JAPANESE

Kenneth Norman Wexler

“Stanford.University
Stanford, (alifornia 94305

I. Introduction

7 The purpose of this study is to do an automata-theoretic’and experimental
investigation of the learning of the syntax and semantics of a second natural
language. Most studies in the psychological literature {e.g., Braine, 1963;
Epstein, 1962) that have tried to deal experimentally with the learning of a
small segment of language have analyzed only artifiecial languages.  Crothers
and Suppes (1967, Chap. 6) analyzed the learning of some Russian syntax by
American colleg¢ students, msaking predictions based on alternative concep-
tions of génefative’grammar;-but'did'not obtain significant*differences
.based'on thege “conceptions.

" The main thrust Jf this work is to ask what kind of an automaton can a
person become? - Suppes (1968} showed that there is a sense in which the be-
havior of any finite automaton can be approached in the limit by a stimulus
‘sampling model. ‘However, the thrust of our work was not to construct a’
model to capture the trial-to-trigl changes in learning, but rather 4o see
what kind of automaton a subject could be at a given point of time, that is,
what kind of automaton the learner could use to structure information. We
considered various kinds of automsta, made predictions from them (and perhaps
some auxilliary learning assumptions), and then tested these predictions
against data from a learning experiment to distinguish between the models.

Ancther question we wanted to ccnsider is the role of semantics in

language learning. ' There are two questidns here. First, what effect




does the introduction of sema#ticg.have.Qg.ggpfax\1arning? Miller and
Norman (1964} suggested that ?e%ﬁaﬁs;segantééé ﬁas no direct role in
syntax learning, that is, it gi&gs nédéﬁférﬁatién'to the subject which

he uses to learn the ;yntax° Rather, ‘semantics may have only a motivating

. role. .Minsky (1968, p.:20}, on the other hand, conceived of semantics

oo playing a very important part .in.the understanding cf syntax; namely, he

s claimed that semantics.restirigcts the rangs of syntactic structures that
.& sentence can have. This latter view suggegts_that_semantics_may haved
~the same effect.on;synﬁaxpleayninga That isJ_the,introdugtion of.

- semantics may ald syntax learning by restricting. t_hfa_ _p_os‘s;i"bll_e; syntactic.
-structures:.

Lo Avsecondary. question we¢wantedltowconside;htha;_iﬁgrelgvant to
semantics ig how the semantics itself is lezrned. . Wgz wanted, to look at.

& simple.-semantic system to see. if we could, say: anything precise about

~sementics leagrning. This was necessary., because‘almospino work has been.

.quneaon‘semantics-iearning,;:A,rgcentlbookk(Minsky,,1968):contains.a

number. of articles,which‘describe'variO&shat;empﬁsthuintroduce:sgmqnt;cs

- Ainto computers. But very little-is szid about how a computer might learn

~; these systems.

The . above discussions put a number of reguirements on..our choice .of
texperimental materialg.  The material had to
~¢a): -be drawn from natural language,
(b} have &.simple automata structure that we gould.specify, and
{¢) have a simple semantics that we gould specify.
S These requirementis were met by the nmaterial we chose, which is a .

sub~domain of the set of arithmetic sentences in Japanese. Spoken
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arithmetic in Japsdnese has a- simple-syntax that we could specify. : The
semantics of the system is simply the semantics of arithmetic.-

To give gome idea-éf‘what we mean:by'the syntax and semantics of
the small system of Japanese we studied, let us give-an example in English.
Consider the two sentences of English spoken arithmetics:

2L. ~Whatis two plus three?

2y "What plus two is -three?
First note - that:the syntax of the two:.sentences is different.  On a .
simple Ievel;-altﬁough the words in both sentences . are.the same, the
order of the words is different. But this is not the only difference.
between the two .sentences; -the meanings of the sentences :also differ. .. :
We -took as the meaning  (or.semantics) of such a-sentence-its correct:
answer in -arithmetic. " Thus, denoting meaning by A, we have A (Sentence::
1) =-5"and A {(Sentence 2) = 1. .Clearly,:the'meaning:ofﬁthesersentences:
does -not depend only on what words they contain;  for serntence:l and-. .
sentence 2 contain the same words vet have :different meanings. 'This of:
.course is ‘exactly the same state'bf affairs as in natural language in
general, e.g.; '""John loves Mary' is. (alas) different in meaning from
."ﬁ;ry*lovés John. ' o

To ‘what extent are we justified in taking the semantics of a
question to be its correct answer? The most serious study of semantics.
has ‘been 'in logic, where models which allow one-to determine: the truth of
a sentence are studied, The sentences ceonsidered are generally propositions,
not questions. -However, we can consider:'a guestion to be derived by a

transformation from a proposition with a variable in*it, and we can:then

<Say ‘that-the meaning of a question.-is that word:er.phrase.{in our-case -




number) which makes: the underlying propesition true-with respect to the
semantic model. =

. 'These considerations are discussed more precisely in-Section III.
“:8ince they are not: central: to .the major reason for our formulation of .. .
the experiment, we will not discuss-them further. Beforé~we-turn to a .
brief description of the experiment we want to point out -the - obvious
fact that the experiment deals with only a veryrsmall, -limited:system
of language. - While ‘our ultimate:goal, of course,  is to .understand the::
course of “language ~acquisition in general, :we havewchosén to ‘work with :.
a small experiment so that we can formulate precise theories which are
-also:pﬁédisely'testébleaa The rich:nature of ispoken:language in even a ..
-young child makes precise . testing:of, for.example, ;automata models very :
difficult if they are .toapply te the whole range of -language. --For ..:
example, one of “thé main points of our-study is the comparison of .two
automata,ﬁbothuof-which preédict learning at asymptote. Discrimination .-
between'the‘aﬁtomata ispossible by comparing details of learning. «-If-.
we -were to apply the - same procedure-to-%.large:range~of natural :language,
we would first have to-write: automata: to deseribe this.language. - We-: ... .
‘prefer to leave this task as an exercise for the linguists.. Then;we -~
would have.to preecisely:observethe course.of language-acquisition.
- Although:a number‘offinvestigators:have;studied, say, chlld language at
ca few:given pointsiof time,  very little.of a systematic nature;has,been
-said.:about the course:of:development over time.

- ~For-reasons of the: above sort-we settled on.a simple experiment as
an appropriate:way to study some aspects of language learning. . The.-

materials .learned have-properties:which-are -sufficiently similar to:those
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. demanded -by linguistic -theory that we call them-a “miniature- linguistic
system.” -»In the experiment subjects learned syntax by:being exposed.to .
~sentences of .this system. -We did-not teach them any rules, There- seems
to .be general~ggreement that .rules are not directly taught-to-children ..
learning:a. first language. Also; . it is commonly said that the best way.
to learn a second language is to go to a country where that -language is.
spoken-and. learn it, -not by learning.rules, but by:being exposed.to the.
language.- For these reasoﬁs~we-did¥not present-~rules to the subjects.
In general, we:feel that: the experimental situation.provides a. reasocnable
model of . some (though certainly not all) of the conditions of language..
learning.- This is especially true.of the sentencesxthat:are~presented-n

with-associated "meanings.”

The Experiment

A complete description of the experiméﬂ£éi‘mefhoé éﬁpearé iﬁﬂv
méecégon.iﬁu ;ﬁére wéLgive only é griegﬂ;ver~vieﬁ, ﬁefo?e“sﬁééiéyiﬁg
Eé#actl} £he'set'of jéﬁaneée éehééﬁcé; used iﬁ ouf.exﬁeriﬁeﬁt, i ﬁléﬁ%u.
me;;ién.ﬁfiefiy‘é piiot.éxperiﬁént.;gr;ﬁiéﬁ-we ;éea.a:ﬁﬁéh bro;défr;aﬁge
of senteﬁceé and éléiffereniVexﬁefiméﬁtaixﬁetﬁéa:fJThewma;;riéis.Qére |
senééﬁces‘thét”éﬁﬁtéinéd fwo ﬁ;mbefé ;;a:aiéafiébléléﬁa éﬁelféﬁrl.
oﬁératidﬁéz adéifiéﬁ;.sﬁﬁffaction, ﬁuléiﬁlicatiéﬁ-and:diQASioﬁ.lufﬁe
”Ease}s;ﬁténcés,.in §tﬁef words,=were of éhe-form'-x-+ 2 ¥Hé, 2 ; % = 3;
.2 +.3“= #; pi;s'fhe éame séﬁfénces.%ifh the otherlthreé opérafioﬁs.
Jinséeaa.of.addiéion, ‘Thé integerszd.fdfé wefe ﬁééduaﬁd éﬁi& é;;tences‘
who;é cﬁrféc£ an;ﬁér.ﬁés.poéitivé éf:éeron Thé seﬁfenées‘;e¥eAthé
Japanese sentences derived transformationally from the above equétioné
(sée‘éeétion ;Ii), A sﬁgjéét, énlAﬁe;ican:collégé.géuAént, heard.; large
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nunbeérief these sentences,; that is, he saw a Japanese:-speaker :saying them
on- televigion, ‘and afterieach sentence saw the: correct answer appear on-
the screen. Thé ' subject's job.was to-write the correct answer in:the few
seconds providéd: betwgen the time he ‘heard theisentence and: the-answer:’
was presented. iTo give an example, using- English.instead-of .Japanese,
the speakérfmight say; 'what plus twoequals five?" “A few.seconds :.
transpired; ‘and thée digit 3-was:flashed-on the secwyeen.: The -subject;:who
was:told the:dorrect -answer was:ag digit: frem 0 to 9, tried to writethe
.correct answer in the: time before it appesared on the screen. The mext: '
stimulus might-be "what-is 6 divided by 32" and the presented answer -
would"be "2." “The: only Japanese the’subjects knew before théese
sentences were started were the integers from 0 to 9, which they:learned
as paired associates. . The stimuli. were spoken Japanese words and the
responses were-written numeralsg |

SubJects dld not iéarn | .:'Ln.:this exﬁériﬁent . ‘- After elght eJ-q:;tleriKmental
sessi;ns-qf-égo;fﬂés.minufes:éééﬁ,Aﬁé.éuﬁjéét had:yet }éafned,,énd.it did
not igég.as‘ifl;hé§kﬁéula“ ‘Thé ﬁroﬁéf%ion cof;eé;Laid go.qp QQer dg&s;F
baéﬂanaiQSis-of:fhe ré;uitsfsﬁgéestea tﬁat tﬂis wa%umostlf-ﬁééa;seuxJ
subjé;ts'we;e:g;éséing bé££e¥, ﬁhé;”;s;‘fheir.ansﬁéfé we?éidfa;ﬁ.from
the ppésibie éé£ gf aﬁé%éfé.gi;enséhé.f6;£:oﬁeratioﬁsségd tﬁértﬁé iﬂ£ééers
the;.heard,l:for:g%éﬁpi;;'%ithﬂfﬂe“£wo:integers’2 aﬁd S:i; a-se££éﬁcé;‘£he
oﬁiyraﬁsﬁe;s:éoﬁla be 5,‘i;lof.é,‘éigée 3 diviée& by 2Jis.n§t éﬂ“iﬁtéée¥;

. and thé’subjéééé #geﬁ th;t:£hé anéwersuwére:iﬁtegers,. 50”here thé éubjécts
1eé¥ﬁeaafofgﬁéés 5;2L:;r GIQﬁHa”séntenéé Qﬁiéh ééntaiﬁed tﬁ;.iﬁfeééféu..
- é“ cen ‘ P co , - .

:“}éinéé tﬁéwsubjectg did not leéfﬁﬂthe‘étfucturenén fhis experimén£,

‘éﬁére:is-liétler£ﬁ£é;esfing.fotéay éhoué.it,‘énd.i,;haillnét diééﬁ;snié
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'in*any'more detail. - The experiment was useful, however, for we saw how
to modify it to obtain more interesting results’.  First, it seemed that
“the material was too complex. -The sentences we used made up a large
portion -of the {short) sentences obtained by our graﬁmar, ~8ince this
. was too much, it was decided that the material in the main- experiment
was to be limited to .the use of one operation, addition. :-Second, for
the same reasons, we used only the integers from:0 to 5. .Third, the. .
method of presentaticon. was so difficult that the subjects had no chance
‘to-attend to the structure. . A new method was adopted which allowed the
subject to concentrate on one word at a time.  Fourth, since the subjects
did not learn, and ‘a number of them complained that they could not tell
what the words were (i.e., they could not segment), in :the new experiment
pretraining was given on the "function” words, i.e., the non-numerical
words. This was not translation training, but it was enough to 'allow-.
the subjects tc identify the words when they heard:them in sentences.
The Japanese'sentences finally selected contained only the
‘addition operation. - Each sentence contained-exactly -two number words
and ‘a variable. That is, they were the kind of sentence whose meaning
was ‘the answer. . They were the Japansse senterices. whose base sgentences
{see Section III) were of the form x+ N.= N, N + x. = N, or: N 4+ N =x,
‘where N was an integer from 0 to 5.  In Japanese these sentences.read,

mon

respectively, "'ikutsu tasu N wa N- desuka," "N tasu ikutsu wa N desuka,"

and "N tasu N wa ikutsu desuka,' where we allowed N to stand for any

i 1" "

R t .
integer. ''Ikutsu’ means "what.' "Tasu" is Japanese for "add." 'wa"

is a post-position, analagous.syntactically to English prepositions, but

‘occurs after a noun. Desu’ means. '"is" and "ka' is a question marker.




Thus, -a typical sentence our subjects might hear;was,,ﬁlchi tasu ikutsu

ial

‘wa san-desuka” ("ichi" is 1 and "san" is 3), "one plus what is three?’
. - The experiment was carried out in four parts, one part taking place

after the previous part was completed. . .In Part I, the subjects had pre-

training on the four function words, "ikutsu,” "tasu,” "wa,” and '"desuka.”
They had to:write the first letter of the woerd when they heard the word
spoken by -a: Japanese speaker on closed-circuit teievision. -Part 11
-congisted of paired-asseciate training on the~Japanese integers from O

to 5.  The speaker said én integer, the subject wrote a digit, and then

the -correct answer appeared.

Part I11: was the main part of the experiment, for which Parts 1

and IT were necessary pretraining. . Here the subject-had to learn the.

-syntax ‘of the additien sentences described above. . A sentence. was
presented slowly. :-That is, there Were‘a few seconds between each word
in the sentence.  In:this time the subject was to write what words he
thought could possibly ‘appear -as ‘the next word. This procedure was
chosen so as to help 'the subject learn the syntax and forced him .to pay
attenfion-to the sentence structure. -In the sentences chosen it was ..
always the -case that either one or two words could have been the next
~word.  (Subjects were told not to distinguish between. numbers, but.if
“they thought a number could be next to simply write N for number). . The
- first position in all-sentences could be "ikutsu" or'a numeral. . The
second position was always ""tasu." The third position could be "ikutsu"
or a numeral, if the first position was a numeral, but if the first
position was "ikutsu" then the third position had to be a numeral. In

the :third position we see for the first time the influence of the history

-'=.8—




of the sentence (i.e., preceding words). The fourth word had to be "wa.”
The fifth word had to be a numeral if an "ikutsu" had already appeared.
Otherwise it had to be_"ikutsqn”‘”Qpce again the influence of the past
.higtory of the sentence is seen. The gixth.andcf;na;_wq?d_had_tq be
"desgkaf"_w

After the sentence_was_spoken slowly(in this manner, it wasaspoken
again, this time at a more normal rate. At_th;s point we cqnsidgredr
two groups of subjects. The semantics group {(group S) now haq the task
of answerigg the Japanese.question they had just heard. Thg;sentence
was repeated so that thé subjects would not have ﬁo_rgmgmber the
semantics_whilerconcentrating on thersyntgx in the_first pa:to__Afte;
.the_sentegce_was read for the second time, the gubjects wrote a numeral
from O to 9 whiqh was supposed to be the answer to the question. . After
the answer, a_digit from O to 9, appeared visuaily on the.televisiqn
screen, the pext sentence was presented, slowlyel

The o?her group pf sgbjects,did not have this semantic task.
_Instead thgy had some other task, or none at allj depending on the:sub~
group in which they were }ogated. .(311,°f these experimental_deta;ls
are presented in Section 1IV. If they are not important fqr_the“p;gsent
discussion_they will be:ignored until then;) For this non-semantic (5)
group, no number appeared onlthe television screen.

. The_?eason for running groqp E_ was to pbseryelthe effecﬁs of-

semantic_practice on the learqing of syntax. {Only group S was needgd
_to:stud& semantics learning.) The two hypotheses considered about the

effect of semantics on syntax learning appear to make different pre-

dictions here. If semantics acts as a motivator only, then we have no

:—_9 -




”féééon”tdﬁékpéé£,a.diffeféntial;éfféct"dn fhéAEiX‘reSpdhsééit Tﬂgf iS;
‘?éfdﬁﬁls shadld”do beé%ér fﬁan‘éroup gﬂéﬁ'éil fésponséé‘iﬁ.fhe'syﬁta;t
:iéarﬁihg'tésk,:fff;:oﬁ:fhe”dther.héhd,lsémaﬂfics helpé'synfax:iééfﬁigg
by'}égtfiékiﬁghtﬂe'5ds§ib1e”étfuctdres, then only fhoée fésponéésﬁaﬁ'
which the semantics actually restricts the possibilities should be
“helped. TﬁeSéﬂébﬁéidéfétibns wiii be”aiécusééd'Sdméﬁhaﬁﬂmﬁfédéémpletely
in Section IIT, which deals with the gemantic model.

"‘Part'i?'df:fhe experiment was carried out as a check on Pérf'IIfq
Ihﬁfhis'paff.so sentences were presented, half of them'"grammafiéélﬁ.(G)

and half "ungrammatical’ (). C sentences were sentences of the form

ﬁreééntédﬁihiPéff'IIIl u Sénténces: with fhe éxcepfioﬁvofﬁfduf:sentehces
" ‘Which we d6 not discuss now, contained "ikutsu" twice and only onenumeral.
" The second "ikutsu" occuffé& whére one of the numerals Wéﬁld.dcéur in a
¢ ééﬂfehcén Otherwise, fhe'U'Sénfencés.wére jﬁétéliﬁéhtﬁé othef
sentences. An example of a U sentence is "ikutsu tasu 1 wa ikuféu
desuka." The'séntenceé were pfééented one ét a”time,'and fﬁe-sﬁbjects
“had & few secords to write a 1 for grammatical or a 0 for ungrammafiéélv
After the cofrect answer, a 1 or a O,'éppeared‘on the screen,'fhe”nékt
" sentence. was presented.

" Part IV was a check of Part I1I in %hé.fbllowing‘sehsen'.Oné‘of”
the main things we wanted to find cut in Part III was whether the subjects
would learin the syntax, in a sense to be defined later. If subjects
had learned in Part ifI, then fhéy'should learn Part IV qﬁiékly, since
‘the information needed in Part IV was a sub~set'of.the'ihférmation.needed
in Part TII. - Specifically, subjects who had learned Part III should

learn’ Part IV'more'quickly than subjects who had not learned Part III.

= 10 =~



If the differgncg %9_;earnipg was_n@t_;arge,rwe @%ght believe that
subjecfs who had.nof-ie;fﬁédipart iII.b&zbur-defiﬁition‘had nevertheless
léafhed.muéhIOf‘fhe structure. |
A summary of the threé things we are léoking at in this study is -
“1. Most importantiy, syntax'learnihg,: .
?2,'"Tﬁewihfiﬁehééiof'éémantié practiéeaén'syﬁtax'learhing; and

3. " Briefly, semantics 1earniﬁg.

- 11 -



rdii.UﬁAﬁmeﬁtaﬁThebriéé fér_S&ﬂfax'Reéﬁoﬁééé.:

In this section I shall define various kinds of automata to see how
to.make predictions from them about syntax Lg@xningjin_thefegperiment.
Definitions of automata will be needed in the course of the theoretical

- development. . These definitions are given where needed, .but almost no

digscussion of them is given, since there are many adequate sources for
such discussion.

First, we need the definition of finite automata.  In an atteﬁpt to

keep notation standardized in psychological applications of automata, I
shall follow the notation of Suppes (1968), which is in essence that of

- Rabin and Scott (1959). . However, the model of an automaton giveﬁ there
is not guite what we need to model this experiment. .The model is
appropriate in that it is a recognition device that decides what strings
are acceptable, but the only way it does this is to determine wﬁether the
string brings the machine to an appropriate final state. The final state
does seem to have psychological justification, relating to the_énd of a
sentence. However, people understand sentences as they are spoken and,
in general, do not have to wait for the end of a sentence to know that

it is nonsense or extremely ungrammatical. Specifically, in our
experiment, subjects were called on to respond with the next possgible
inputs after,gggg input. We could defiﬁe a process whereby they could

do this by projecting into the future and seeing what continuations of

the string bring the machine to a final state. However, this does not

seem at all to be a reasonable model, especially when another one is

available.




The problem is that in the Rabin and Scott definition, the transition
function M is a function from the Cartesisn product of the set of states
and set of inputs. - So this transition fust be defined for every state,
input pair. There is a stafehdiagram for a finite automaton that
describes our language in Figure 1. From each stéte cnly a few inputs

are accepted. The other inputs could be defined as taking the states to

which they do net apply into a 'g.édileéﬁ.ibn"f state, iwhich. then .cycles
back to itself with each irput and is not a membex inéﬁé éét.of.fihéi,”
stateg;'sq that npﬁsgcﬁlgtring'w}ll'bevaccgptedi'vBut if the subject is
to make:his respoﬂSé“bn the béé&%ﬁéf what_inﬁﬁfs,gan come next in the
automaton, there is nething to prevent him from Pi;kiﬁétiheﬁiﬁbutS:ﬁhéf}
go to this "collection” state, unless he makes extensivé calculatighé
about what can lead to a‘final state. This seems unreasonable in the
 1imited amount of time he is givén,. | |

iA model dees exist that captures the properties we want. This is
what Ginsburg (1962) calls an incomplete l-automaton.” We follow
Ginsburg's development, using as much as pessible the notation of Rabin
and Scott. - Since the class of languages generated by incomplete l-automata
is equal to the class of languages generated by the automata of Rabin and
Scott.(Ginsburg, 1962, Lemma 4.7, p. 131), we call our machine a finite
automaton. The form of definitions closely fcllows Suppes (1868).

DEFINITION: A structure U = (A, I, M,-sO,F> is a finite {deterministic)

auvtomaton if and'only if

(1) ‘A is 2 finite nonempty set (the set of states),




Fig. 1. State-diagram for the Tinite autdmaton,}.
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a finite ponempty set (the alphabet or inputs),

(2).

™
-
™m
®

{3) M is

[§3

function from a .subset of the.Cartesian product

Ax % to A (M is the transition table),

(4) sy is in A (s, 1is the initial state),

- {8) F. is a subset of A (F is the set of final states).

The- only difference between this definition and that of Suppes is in (3),
where the domain - of ‘M . is specified as a subset of the Cartesian product.
_ E* is the set of finite sequences (strings or tapes) of elements of X,

including the empty seguence .A . The function M .is extended to.a-.
function from a subset. of A4 X I ¥ to A by the following:

#
DEFINITION: Let O o) be a string in L -and let 8  be-in.-A.

1reier Oy string be - in
“M(s,wcl,,oa,.ck) is . said Eg_existrii each state. s = 5 .cand .

5141 = M(Si’gi) exists, for i =< k. -When M(s, Ul,ﬂ.;,'ck)-fexists,-iz
is defined to be the state Spel”

(DEFINITION: A string x of E* is accepted by U if and only if

Fh

M(sorx) exists and is in F. -A string sccepted by %)) -is-a sentence of
U,

DEFINITION: The language  T(Y¥} generated by .ﬁ-_lg‘the set of all.

strings accepted by WU.

At thig point I want to consider some special definitions that
attempt to model what the subject had to . deo in the .syntax leafaning task.
The subject had to decide, according to the instructions, what the next
possible words could be, that is, what the next acceptable inputs were.
If we conceive of the subject as. 'a finite automaton, .we can define a-

notion of response that captures the process of the subject’s response.
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DEFINITION:  -The resporge - r- of the finite gutomaton: % is g funetion

ey g . o ‘ _ _ Z
from the set of 'stdtes A ' to 'the set of subsets'gzginputs 2 such that

for s € A,

r{s) = {c € ¥ such that there is'an ‘s’ € A such that’ M(s,0) = s’}.
In other words; given the state of the automaton, r ' is the set of possible
next inputs: The notivation for5defining'"resﬁonse” is that if a‘subject
-in-our experiment "became"’'a finite automaton and his task was to write
the ‘next possible inputs, he would do sSo based on his currént state, i;éo,

produce the "response." To¢ give an example, consider the finite aut-

omaton ﬂ-. Figure 1 shows that’ M(SO,N) = 8 and M(SO,I) ="s, ‘and’

1 2

that' there is no’other input - 0. :such that M(so,o) exists. Therefore,

by the definition, r(s,) = {N,I}; Likewise,'r(sl),;;{x}f”and (s
the empty 'set.’ The function r- is computed in the same manner for the~
other states.

~ Instead of defining the finite asutomaton as a recognition device and

then constructing the "'response” of the sutomaton, we'might note another

possible approach to modeling our experiment would be to define the
automaton &s an output device, or a Moore machine. That is, each fime
the machine reached = state it yielded an output that depended’ only on
the current state. “For our’ purposes the output would play the frole of
- response in the current construction, -and no special definition of
response would be feeded:

A problem-with 'this approach is that an entirely new output function
would have to be défined: ‘Let 0 ‘be the output function and the aut-
omaton - % , ‘as-in Figure 1. Then the output glphabet would be defined

b .
as 2 , where I = {N,I,T,D,W} and set, for example, O(So) = {N,I} and
L
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0(51)%?;{T}° In other words, it is clear that we would set 0(s,) r(si).
By adopting our method we have actually defined an output; The important
point is that a natu;gl_me?hod_has bggn provided“fo;.fangigg FPQ.OUFPUt_
iggtead of apbitrarily_assigning_the_appropriate‘vg;gesﬁ.

I now return to.our development.

DEEINIT;QN:. A language I is & subnset of 2 An 1n1t1a1 segment Z of

L is a string \z.E L such that there is a string w € (2 {A}) such
that =w € L.

The elements of L havé been excluded from being initial segments,
because this is useful fdf“éipéf;méntal purpésésn For other purposes,

it might be desirable to include them. :Denote by £ (L) “the set ol all"

initial. segments: of L

DEFINITION: - The next-word functlon of L_ _g a function n from (L)

to (22 {A}) such that lf W GH@(L) ( e W ‘EE an initial segment of

L), EEEE n{w) ='{d € £ such that there'ig 3"2'632* Egggﬁiggﬁs'ﬁéz GEL}.
'Inlbthéf-Wd}ﬁé, given an iﬂitial sffiﬁg, n ‘tells us what letters may

come next. Note that in the above definition n(A) 1is theléét of initial
1efferé:6fi,L?

DEFINITION: Let % be Egﬂautoma%on and L be a language. We say that

ﬂ“*}ésponaé cdrréctl&=32'LL 'ig‘(lettihg r Eg'the'respbhse'gi“ﬂ , and

n”°bg'the?ﬂék%-w0rd funcfion:gi 'L)f

(1) r(s,) = nlA’,
*and for all x € Q#(L) - {A})
(?)"M{EG,X) 'exists EEE f(M(sb;X» = Alx).
This definition ekﬁléihs whét we mean by learning syhfaxf" A subject who
learns tﬁéﬁsyﬁtax"ﬁiili"reSpﬁﬁd éérrectiy;" That'ié; We will give the

appropriate next possible words.




Now, conside# an automaton for the sample of Japanese arithmetic.

‘As mentiofed in Section I, we do not have to consider senténces that

differ only in the numerals thsy uSe. We can assume that, due to our
instructions, the subject codes & nutieral he hears as N. At any raté.
the responses contain no individual humeral, only N, and our théory aims
“to explain’the responses. Using the notatioh of the first letter of a
ﬁépénesé;WOrdﬂ%ﬁ'étand:fbr'%hat word ‘and using N +to stand for a numeral,

there are exactly three sentences in our language, which we'Wiil'califfﬁ.

J =_{NTNWID;NTIWND_, I;‘NWND}, .

A transition table for a:finite automaton,.-}l. .such that. :.T.(}L) = J  is

shown in Figure 2. This automaton has the state~diagram. shown in Figure 1.

B

,Q- (AEMs F) where A={ OSISIO}Z {NITWD} and

v -

F = { 10} A s1mp1e calculatlon shows that )}__respongs corrgct;y_;gi_J,
. and that _TQ}) = J. Therefore, if we assume that our learner becomes. a

y

finite automaton, we would predict that in the 1limit he will 1§grpctpe ,
gyppa$:qf JJ 1n the sense that he w111 regpond correctly to JJE?:‘
o ﬁqweyer £he.1ntu1t1;; feel.of the automafan é}_ is not qulte rlght
The states do.nof seem fo ﬁake pé&cholqgicgl_senéé.n‘For example, after
one input, éL is in either s, or .sz 5ut él énq._sz can both
accept T. Since in both sentences. T appears at the samewﬁime, some-

how the states that accept them should be related. In other words, if

an input wérd appears in the same place in two different sentences, it .

should show up in the state structure of the automaton. The next
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Si "as in the text.
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definition yields. a kind of finite automaton that seems to have the

properties we want.

,DEFINITION: An ordered-state finite automaton (OSA)égggmfiﬂitéﬁautomaton

© such that for &bl 1,5,k . if ‘M(s;,0,) and M(siyo)) exist, then
M(-si,oj) = M(si,ok),
It follows from the definition that at éhy given time{(iue,, after a
given number of inputs) there issonly cne state that an ordered-state
automaton can be in, no matter wﬁat the past historyi  The ordered-
ététe automaton is of interest to us maiﬁly whefe thgfe are transitions
that are not defined. 1In an ordered—state'automaton;Lif all transitions
are defined, that is, if-'M(s,q) exists for all staﬁes s and inputs
‘g, then clearly for any iﬁteger k either all strinés-bf length k are
*éccepted or none-arxe. That is, whether fhe automaton' accepts or rejects
a string depends only on its length.

To us it makes a lot of intuitive sense to suppoée a subject
becomes a sequential automaston. The state of the automaton is directly
linked to time. The subject can learn where T appears, in a sense,
by learning that itralways appears in.second position. What sequential

automaton can behave like ‘J? None,. as shown by the following.

THEOREM: There is no ordered-state ‘automaton that responds correctly

to J.

- Proof: Suppose U is an OSA which responds correctly to J. Recall
J = {NTNWID,NTIWND,ITNWND}v Since U responds correctly to J, M(SO’I)
and M(sO,N) exist. Therefore, by the definition of an 0SA, M(SO,I) =

M(sy,N). Call this state s , and set M(sl,T) = s_. Therefore

1’ 2

‘M(sO,NT) = s and M(sO,IT) =8 . Therefore (letting n be the next-

2°
-0 -
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word ‘function of “J - and ‘' r be the response of ),

"r(szi-= n(NT)"and‘*r(sz)'

n{IT). : Therefore n(NT) = n{IT).

‘Inspection of J revesls that

n(NT) = {N,I} and. n(IT) {N}fp Therefore n(NT) # n{IT).
Therefore we have a con£radléfioﬁ;Land thé tﬁéorem is proved.

,sinéé ¥hefé is homafderéa;sfa%é:automatOn'fhat feSDOndé cofréctly
to"J, we éaﬁhprédicf.fhéﬁ if.éhe éubject becomes an OSA, hé”wdﬁktﬂlééfn
the syﬁfax*df. J; that ié: hé won ‘ £ respond corfectly at aé}mptotei' In
fact, this was the first hypothesis we developed about the experiment.

It is interesting that weﬂdan‘pfedict'the subject will not learn
from:ééSumihg thﬁf”he bec§mes_an'dfdéfed—sfate'adtomé%on indépéndént1Y
offéh§hﬁésuﬁpti6ns abﬁﬁf'fhé é6drse of iéarning;“tﬁét“iéj.of-the'triai—
b&gfri;i”éhéﬁéégtiﬁ £Eé;5£bjééfké:fééﬁbhses'6r even hié automaton. The
prediction rests upon the way'thensubject:sfructures information. - An
ordered-state automaten severely limits thié structure. .Ifuﬁe add the
additional assumption that the-automaton.ié Iéop—free, if ié‘clear that

1A2,u°An {where

the languagé genefated:bj an OSA ﬁusf bé of'tﬁe-form A
AiG bz)ivinithé}iéﬁgﬁége'bft}egular expressions, or; in other Words;:é
Caftésian ﬁrodﬁét:6f'setsrof'inph£éo' of éoufée, there is no such
reb?esehtation fdr J;

5'if fhe sﬁgject ign6fe§ifﬂéfpést sequéﬁée of WOfdé; ékceﬁf for letting
them tell him at what point of time the input is, his responses will be
siﬁply fhoSe:ﬁ0fds.which.cén‘cdmé:étrthé ﬁéﬁt'point.of time for some
input string, and his sequence of responses will be NI,T,NI,W,NI,D
where ‘ﬁI.'ihdicétés thaf.ﬁoth TN ‘énd; I' weresﬁiaéed inra bdx;erhis,

of course, can be cast in“the-Cartesian product form and bé-gehératéd by
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an ordered-state automaton. . Indeed, this is the.automaton one- would.. .
expect to find in. the-subject's responses_ifghe*becomes-an_OSA,,aA state

r

diagram for such an automaton,ﬁi, appears in Figure 3.

':Altpoqgh We‘have shown thaﬁ no grdgygdjgtgte‘fin}telagtomatop

_ responds correctly_to J, 1t is st;}l possible that_;n gpmg_sense.gn i
xOSA might respond correctly to _J__in_the }imit, with probabi}iﬁyw
.arbit?ari;y close to l, S0 ip practice-wg poulq npt rule‘out sggﬁ a =

‘machine. To investigate this pessibility, we make the-following:

DEFINITIQN:_‘The'probabilistic response ‘r of the flnlte automaton u

is a set of random variables r(s) for each state s of ﬂ taklng

Vvalues Eg‘ 22. The autpmaton, rgép?ns§~pa}r (ﬁqr)? rgsponds gorrectly
up to € _nggl}angqage_ L_gzgi é’?4o)__ii ‘
() Pr(r(s ) = n(A)) >1-¢,
and for all x € \»@(L) - {A}

(2 M(s x) exists and Pr(;(M(sO,x))

n(x)) > 1 - €.

.DEFINITION Let (ﬂi,ri), i=1,2,..., be a sequence of pairs of

finite automata and probabilistic responses for the automata. Eg_say 

the sequence can respond correctly with probability 1 to 'L ii, for

~all € > 0, there is an integer N (depending on €) such that (A, xg)

responds correctly up to € to L.

In this last definition we could have made an even stronger condition,
namely, we could have required some kind of convergence, that is, in
some sense, laler automata in the sequence get closer to responding

. correctly. -This would be in line with the usual convergence to



Fig. 3. State—diagraﬁl for an ordered-sgiate finite automaton ,\4’
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probability--1 definitions. DBut we have stayed with this weaker condition,
because as we shall see now, ordered-state automata cannot even meet the

weak condition.

THEOREM: There is no seguence &, of automaton, response pairs (ﬂi,ri)

where each %i is an ordered-state automaton such that (°I,r} can respond

corrgctly with probability 1 to J.

Proof: Suppose (V,r) 1is such a sequence. Pick € <% and let (ﬂi,ri)
respond correctly up to € to J. The proof is similar to that for
the deterministic theorsm. For this automaton, response - -pair, since the

automaton responds correctly to J, M(sO,NT) =8 exists, and

2

Wl

Pr(r(s,) = nNT)) > 1 - € >

{ .sihcg@;ﬂ1;'?§*éﬁ*0SA;;by_thgjséﬁe;arguﬂeﬁt'aétiggxhejlastjthpﬁéﬁ;

M(sO,IT) = B

,» and thus

Pr(r(sz) = n{IT))y>1-¢ >

.o

ﬁut-insbéé£isﬁ.of J revealé tﬁét
n(NT) = {N,I} and n{Im) = {N} . Therefore,

' Pr(r(s,) = {N,I}) >% and Pr(r(s)) = {N}) >% | which is a
contradiction, and the‘theorem is proved.
This last theorem is rather strong in regard to the capabilities of
ordered-state finite automata. No matter how we might try to approach
J with an OSA, changing both the automaton and the response distribution,
there is no chance of coming close to responding correctly to J.

If the subject does learn, though, that is, if he responds correctly
at asymptote, are we forced to conclude that he is g finite automaton of
the non-ordered-state type, such.aS!%Z? Somehow we would like to find
an automaton that preserved the ordered—staté property while using the
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past appropriately. These:properties can be found in an.appropriate push-
down store (PDS) automaton: (first called so by Newell,. Shaw and Simon,
1959). Two mathematical treatments,_thch:diffe;“slightly, may- be found
in Chomsky (1963). and Ginsburg_(1966),x.Howevér, we do not need- anything
‘like the full power of the PDS automata. We are not introducing the PDS
to thaig-mOIé-generative power,. since the finite-automata are strong
enough in this respect; rather we introduce PDS automata in order to
obtain different kinds of. structure. In particular;.we will not need

the PDS ability to erase from memory. What we have is the same structure
of:aﬁsﬁecial case-of what Chomsky called a "transducer,".but we do not
consider the machine as a mapping from ;nputs,into memory strings as a
transducer: does.” Thefessential_struqtﬁreJiS-the same, :because neither

a transducer ner-our'machine allows erasures, and thus, neither allows
~past-memory. to.beingpected by the machine. : For our purposes we only..
need:one- element in hemory at any given time, and this again .is different
wErom:a- general PDS.. OQur machine is also deterministic.  As far as we-
know,~an’' automaton” exactly. like ours has not been defined in the

cditérature. *As far:as possible:we will try to make our definition a.

wigpecial case of 'Ginsburg's (1966, p. 59). .This, however, is not completely

possible. because; for the same reasons we.gave for the finite- automaton
" definition, we want the transition function . to be defined on only a
subset of the appropriate Cartesian product, whereas Ginsburg defines -

the function on-the: full set: Nevertheless, these notions ean be defined

#7inca manner similar:to: that fer: finite automata.

DEFINITION: 'A'structure 'ﬂ'=;(A;E§r,M,zo,so,F,e> is a l-memory store:




(1) A is a nonempty finite set (states),.
(2) % -is a nonempty finite set (inputs),.
3) ' is a nomempty finite set {memory. elements),

- (4) M is a function from a subset of A X ¥ X (TUfe}) “to

AX (CV{e}) (M is the transition table) such that

a) it - M(s,0,m) exiéts;“thenw M(s,ﬁ,m),=-(s:e). if and .

~only Eﬁ = e

b) if M(s,0e.) exists fthen there ds'na .m:€. T Usuch that

M{s,o,m) exists {(the deterministic condition),

(5) = is an element of P(zo is the start bush—down;symbol),"

. (8) s, is in A(so is the start state),

(7) 'F is a subset of- A (F is the set of final states),

(8) e is not in I ALe is thefempty'memory-element).-

Actually there is little difference-between the foregoing:definition:and
the usual PDS definition. What makes our machine a "l-memory store“.is
the manner in which it moves.:  The -way we conceive of the 1-MS as moving
is the following. The machine is in a state, has one memory. element at
that time, receives an input, and as a result of those three properties,
'switches to another state, and changes the memdry element to another one.
In order to realize this process we define the following function M’
from a subset of - A X E* xT to. AxT .

. #*®
'DEFINITION: Let 'C - 0, beastring in ¥, and let s in A and

1
~m in . MI(S=01°‘°G;'m) 1s said to exist if there is a sequence of
States in A, sl,nu., Sk’ where sl = s, and 3.sequence.2£-mem9ry elements
in r? myye s By o and m, = m, such that for i =k, either
{1) (Si+1’mi+l) = M(si,oi,mi) exists, or

(2). (si+1,e) = M(si,ci,e) exists and m, =m

i+l”
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Eﬁéﬂ &'(s,cln.;ck,m) e#ieés,‘izxig def1ned.gi (s k+i5 N
We have defined the function as M’ instead of M '1nasmuch as 1t is not
guite aﬁ eeteﬁsien.ef Nﬂﬁeeeeﬁee”whenu k-: i” Qelﬁaﬁe M(s G m) # M (s Ul,m)
.ﬁheﬁ  M(e,U1,e) IEQiefs. *SiﬁceJit‘wiil noftc;uee‘eohfueieh, from'new'on
we will call this function M instead of M’.

Now we caﬁ see what e. does ihﬁthe:defiﬁition{eérapi—ﬁeﬁof& efdfe,
When alff;neiﬁiegth(s;c,ej =”(s’,éj' e%isfs,iiezﬁeaﬁs'fhat whéﬁ“; liﬁs
is in state s, has ﬁemofy elemeet “m, and receiﬁes ih;ut Lc,sit ewitehes
_.to state :s*ftaﬁéaleeves the memory éleﬁent uncﬁeeéed; Oﬁ.equrse, given
eur-defieifiehﬁef eil—MS; we couie'haﬁe:accomplisﬁed_the same result by
:ﬁfifinéioef seeﬁ‘exfule'forleech'ﬁemor§ element,“'But_fhere"are sféuefural
reasons for:eet”aeiﬁg ;ﬂieq .in oer-dieeﬁeSieﬁfof :J We:ﬁili see.thef
fhe'eebjeef'oéerafeeueoéetiﬁeeuas if he £e igﬁofingwwhaf:is ih”ﬁeﬁof§:
The‘eefermiﬁieéfe eeed{eioﬁ'ineuree{théf.theIEMS is'nevefceehfueeé{eﬁé
has at most ome rule to follow. This condition is similar to a condition
in Ginsburg®s (1966, p. 74) definition of = deeerminisfie pushndewn
automaton, but it does not make.Ginsburg’e assﬁmpfieﬂ éhaf‘it is always
possible to make‘a next MOee,:‘: | -

DEFINITION A string 'x of T is accepted by 2 1-Ms % if and only

1f M(so,x Z ) leiists.ahd-is in F. The language T(ﬂ) generated by

U is the set of all strlngs accepted by ﬁ

LIt 1s.eeey.to show that the class of languages generated by l memory
stores is equal to the,e}ees”ef5lepggagee:generated by finite automata.
In general we need fewer states for a l-memory store fhan for the
{equiﬁelentﬂkieite:aﬁtemeéee;‘.for any finite auﬁgmeibﬁ ﬁe:eaﬁ fiﬂd an

equivalent_l—MS‘with the same number of states simply by adding‘e'memory
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element which has no effect. 1In general, however, we can findran'equiv—
alent 1—MS w%#hifeﬁef‘steFee:‘ | o o
xWehnowﬁgeQE-te meke eqr special.aefipitiopshfor ﬁodeliﬁé.oer
_ue¥P?r%m¢¥€ juét‘asiwé ¢%d fO? finite_eutoma#a; The definitions wi1i'£e
just like those for finiee autemeta'excepﬁ fhat, ofucourse;”éﬁe meﬁeff

element has to play its natural role.

DEFINITION: The response r of the 1-MS U is a function from

. by . -
‘ A_X_T to 2 such that for s 1 A and m in T,

[ - such that there is an sﬂ in A and-an 'm in TU{é}{
r(s,m) = § o '
such that M(s g, m) (s 53 ) or M(s G e) (s’,m )J.
We see here another reason why our determlnlstlc condltlon is necessary,

namely, to 1nsure that the response of ﬂ is not amblguous

DEFINITIQN:_ Let A be a 1- MS and ‘L bea language We say that ﬂ

—_— = e _—— 2R —

responds correctly to _L lf (1ett1ng r be the response of ﬁ and

'n: be the next word functlon of L)

__ﬁl)ﬁ\r(s V2 ) = n(A),
and for all x € (@kl& - {A}),

(2) M(s ' z,, ) exists and r(M(s VX, 2, )) = n(x)

DEFINITION: A lHMS lS an ordered~state l-memory store if for all 85

in A, 0, and O  in & and m_ and m_ in TU{@} if M(s_,U_,m )
Toon e d T ok == e T g - . A.3p

,0 ,m ) exist, then they are equal

and M(s K

A state dlagram for a 1- MS ./? appears 'in Flgure 4. ﬁA-tfip&é:labeling

e o e G e e e e

a directed llne between two states has the obv10us 1nterpretat10n That
‘ (o,m, m‘) o . _
is{_suppose si—————————~#rsj. Then M(s U m) = (sJ ,m ). The 1-MS is
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defined as /= (A,Z,I‘,M,zo,so,F,e> where A = {si,l <is 6}, :
E_'= {N,I,T,W,D}, = {0,1,z0}, F = {se} and NI:--““}:S'-.,,Ldefined by the state-
diagram in Figure 4. |  .:

_A simple calculation shows that T(/q = J égd that //5 responds
correctly to J. It is also clear that A has 6fdered states. 8o,
unlike the finite automaton case, we have found1;ﬁ ordered state 1-MS
that responds correctly to J. What is essentiél@ﬂere is the memory
which keeps track of whether an I haé vet appgafed; it becomes 1 if
it has, and 0 if it has not. Therefofé the statég ao not have tc keep
track of this important history; all tpey do i; cp@ht the number of past
inputs (i.e., keep track of time).

Now that we have found two diffeﬁent kinds éf automata that respond
correctly to J, can we tell which isfé better mogél of the subject?
Since ﬁ; and_./b both accept exactly;%he saméblghégage and both respond
correctly to J, there is no discrimination pdgsﬁbf; here. If subjects
become either one of the two automata,”they'wiilliéé;n, and so we can
distinguish them on this basis. Yet jz. and .?62322 different; that
is, their structures are different. Héw can we éeéide which of the two
models is a better one to describe subjects?

This is one of the major questions of our sfudyw The solution to
" such a guestion in linguistics usually would be pésed on introspection,
thaf is, an attempt to decide which model describéé mental structure best
on the basis of feel. Our point is not to argué}_“kér;i;:h that method, which
often is the only one available, but to show in{éééﬁall example how other
‘kinds of data might be available. 1In our case, fhét other kind of data

involves 1éarning, If the structures of the two automata are different,
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very likely this structural difference is reflected in the details of
learnipg, even 1i both automata_prggiqp,%ggxning.at‘aé;mptotg.

Ntt__;n order. to make prgdictiqgsﬂapgut;1e;rning, we must,m%k§_ste
_aasumptiops abogt the cqgrse of }egrging,quﬁ=qur.assgmppioﬁs‘w;li be .
reasonabl&_weak (though they may be,wrong)gandffa;rly.general; It
would not be easy to fit a model well to this relatively comﬁlgx
:‘gxpgriment; that is not our goal. In\fagt,_oqrigsgumptiqns_willﬂth.be
strong encugh to predict any of the statistics of learning.

A reasonable fodel' for how a subject may become a finlte automaton

{and learns to respond correctly in;thg.gxperiment) is the félloﬁing,
After each input the subject is in the correct.staten That is, even
rfﬁough-ﬁe‘ﬁa§"ﬁot héﬁe.h;é %ﬁé'épp;opriafe:fréﬁsifion funéfién:£b gef
'fo.fhéthéfété;.wﬁén.fhe:iﬁsﬁf cémes'i;;ifwéWifchesnhim to that state.
Thié iéﬁimﬁbfténtzﬁeééuse;tﬁén‘thé sugjéCtjwiil hévé a'cﬁanéexfé iééfh
ﬁhigé inphts ﬁay.ﬁe'aéceptea in:that sféf;;;fhat is;lWhéf'fHé correct
Aféépoﬁéé féréhéé sté%e iéoh'

:kwﬁéh éiéﬁbject is_inré state éﬁaréﬂwiﬁﬁﬁt comés.in,'we assuﬁ;'fhét
the'gaﬁject.tb some ekfenfziea}ﬁ;'thaf‘fhé%‘iﬁbut ié partlofuthe-cdrrect
resﬁéhééffo“the state. We do'fhié byﬂégéumihérthafztheré'is an . increment
iﬁafﬁe'ﬁrﬁbaﬁilit} that the subject will imelude the input in his response

to that state. We need therOIIOWingi.

DEFINITION: A pair (s,9) for s in A and © in I (for a finite

e . : _ e .
automaton %) appears i& a string x EE % i; there are stringg y

DRRE IR ‘
and z in Z such that x = yoz and M(so,y) = s.

DEFINITION: Let ¥ be a finite automaton. Fox each s in A, the

learner's response to s 1is a random varigble' R(s) taking values in

&
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DEFINITION: ‘A presentation séhedule is a sequence X ;.:+ X .. Of

oo o rier e s T e ey s .. i . et
strings in "L ." %, "is ‘presentéd-on ‘trial "i." A'pair {(s,;0) ig ' "
Strings in X, 'isp d-on A pair (s,;0) 1is

preséﬁ%eé”éﬁ tfial'wi"lf (8,00 appears 1n xl 'Thé léarning sequence

for a state“*” 1s a sequence ef {édrner's’ ‘fesponses to ;s,Rdeiyfﬁb;Rin

Let f Bg"g“funcfiéﬁ”frsm*[oalj?“to*.foyl] ‘such that “f£(x) >'x “for-

x <1 ‘and F(1Y =i
‘ASSﬁﬁp%iéﬁ:““F6f7é”fiﬁifé”autdmétdﬁ U, 1etting *pi(é,daa= Pri{g-€ R}ﬁé)),

we assume
{piQSuQ))t-ife:Qs,a)f;was;presented,Qn,trial; i

T:pi+l§?,q)-:M pi(s}d);T‘dthérwiée;
In”pthgr_wqrdsizif_the'fﬁgteugﬁq_ﬂextrinpgt were presented on thg_ﬁyial,
the subject increases his probability of making the sppropriate response.
Q@pgxwiseﬂhg_1eaveswﬁbekpr9bgyélit¥ gnchaggedaul;f_we-assume_fhgélﬁhe
initial probability of including an imput in o response is 0, thon 1o
wrong input will ever be included in a responée, and.tﬁe_suﬁjeq#fékén}y

ﬁPrlegy‘wil;‘be“to 1e§rnlfhercgrrect responses., Thig agggmpti99 ofuthe
3 £ _ﬁungﬁ}op_isIrathgr geneégl_and }eaygs_roomﬂfqr a Variety of;@qdelg}

H_%pg}gding lingarJQnd_gféFate Markov models° Howéver,_the assﬁmpf;on _

N does prge}uderﬁorgettipg;.but forgettlng could have been 1ncluded by
introducing a forgetting functionn::Thg:pred?ctiqng'wg make would_thep

havgthrnedsggt.%n alsense‘even:stronggr, and:phere is no reggo#ifq_“"

iyt¥66ﬁce thié extra.complé;ityn - N
| 'fhe”predlctigns we make from thls assmptlon are applled to the ‘

flnlte automaton A@ (Flgure 1) The flrst predlctlon 1nv01ves the‘; ”

}npptgng _and W We Just con51der T here, becaugg”tp¢ der1yat1pn

for Wl-ls the same . Theuabove considerations.lead to thé éoﬁei;sio§1




'fhéf; if béforeifriéi i ¥H5 +”1;Jieifiﬁg ;ﬂxiﬁf#(él) be fﬁé:number of
.ﬁfeseﬂﬁatibns'dfhx(él,fjﬂ'gﬁd”ﬂ” 'ﬁﬁ#kséj fﬁéj%hélﬁhmﬁérlbflbféééﬁtéfions
of (s,,T), then o

Pr(T € Rksij“["#(si>.a“i*‘ana'*#(sé)-:'j) ;'brcrég(si) | #(s) - 0.
in otheg,yords, the numbgr 0f appearances Qf::Tﬁ_ddes not 99gnt yhen‘
they bring the automaton to state Sy, instea@'qﬁ 8y ang-game kind
oﬁ prgdic}iop may:pe.mgdgﬁwith, w._replacing“:Tf ige prediction ;s pot
.made for D, because in ;L, D only appears with ope-étateo ‘Similgr
predictions may be tested statistically in a number of ways, and there
is nb need to discuss fhem here, since they'are discussed_;n_Sectiop V.
“1Essent;allylthg prediction say that there are two kinds of trials on
_whiph_.Tr;appéa;é,ggd ;#aﬁ“}eér;i#g‘.T__on.oné”éqgsﬁqéﬁ.ﬁelphon thei
“otherﬁ | B T ST IR

| _A;vap;antiquthis pred;ct;op:involyeé comparing 1earning on, say,
thgirespgns?.fof'the sggond'and third inpﬁtsn ,ip the éxpg;imep;,tﬁe:
,p?pbahilipées-9£4preseptégg each of:thé_th?ee-sentences pf 5 arg.;
¥

3
% .

Il

~ Pr(NTNWID)

 Pr(NTIVND)

Pr{ITNWND)

P

It

Our assumption leads to the prediction that after i presentations of
i i
(s,0), p(s,0) = £ (0), where the notation. f means function composition

of f, i times. BSo if there are. t +trials in ali,
9. , .
:f'%“

1l

Pr(N € R(s;)) = (0)

. Pr(T € R(s,)), and.
pr(1 G.R(éo))“:.tf |

- Pr(T € R(sz))e. | W

]
[
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coassumes

. One way of interpreting these equations is that the rate of learning
_for the response predicting the second input should equal that for the
response predicting the first input. We test this in our experiment.

By now. clearly something general is going on, .There is something

about the finite automaton model that does not let the same inputs
become connected in the appropriate way. Certainly if T appears in
' the sedond position in two different sentences it sholuld be learned ™

“faster, that is, both kinds of learning events should help each bther’

The empirical results bear this out. -~ Goodemoseannoen
o In'ordérhfd'iddeat‘fhé:same‘prediCtions”%6f“a:i;memdfbjéiafé*
model we need the

'DEFINITION: Let ¥ be a 1-M§. For each 's in A and m~ in I Ufe},

the learner's response to = (s,m) is a random variablé R(s,m) taking

values in 2 . A triple (s,0,m), where -mt# e, appears in g-strihg '

X in b if there are strings y and z 1in z such that x = yoz

and M(s).y,%) = (s,n). We say (s,0,e) mppears in x i ¥ = yor
and there is'an m in T' Such that M(s,,0,2,) = (s,m) and M(s,0,¢)
exists, “

Other definitions are just as béforé;:ﬁﬁking the appropriate new
definition of "appears.”

Assumption:LuFor-ai1—MS"'ﬂ,,lettingn;pi(s;crm) = Pr{@.€ Ri(s;m)),'We;,

1 f(pi(é,ﬂ,ﬁ))"‘if (s,0,m) was presented on i

p, ,(s,0,m) = .

1+l pi(s,c,m), otherwise .
The 1-MS determines the next response using the current state and memory
element, and learns in this manner alsc., What is especially important

for us is that it can determine the next response by using e -and



ignoring memory completely. - Thus, when it is ready to accept T, the
i«MS ignores the fact that there is. a 1ror a 0..in memcry, .that is,- that
+ the past history is different, .and thus, can let each presentation of
T help in learning T as one response. This is: exactly what-the.: ..
finite,automaton model cannot.do;{as,we saW,pfeviouslyr :To- seerthe
result for the. 1-M8 model, we congider the cases when the- finite .. ..
automaton. 2: is in._sl of s2igthat is, when an: N or. I, starts.the
sequence, respectively. Supposge -1 . sequences start with N and..j
with I, as before. Then by.our 1earniné,assumption,.for the 1-MS
(Figure 4}, noting that -Kslyﬁje)--is_presented:on;all-of these trials,
we have

L PriT € R(s ,e)) — oy,

We see that contrary to the result for Finite automata, all trials’ have
“an effeét'on'thé lestning of the single T response. This result was
found:fGVhoid“in;thé'ékpefimeﬁt and thus helped to suggest that s
‘a more aphfbbfiéte modél'tﬁaﬁ.ng‘J

Tn cohtrast td the set of equations (1), the 1-MS model predicts

féﬁt(O)”

f
¢y

Pr(¥ € R(s;,2.))

- v ol
Pri{l € R(so,zo)y f

%oy, T ey

(1

CUPr(T € R{sl:;e))‘
:fhé‘fir;t gﬁb.equétions;of the Ee£ afe the samé.és iﬁlEISl Euf &he
1asfloné:iéwdifféfént frém fheiseé;nd fﬁd‘ﬁf (ijo' Eéuafioﬁ {2) predicts
fasféf“iearnihé f&rw.f chan fo?rtﬁenfifst fesﬁﬁnée éet;‘in.cohtraét fo
.Eqdatioh%ki) whi;h ﬁfedié¥é.eéuiﬁéiéﬁ£tiéarnghéu‘ fhe resﬁltslbearzéut
the:bfédiétigh?of;Edﬁakigﬁ.éé); éhdrtﬂe‘l;ﬁs médei agfééé bé%ter.ﬁiﬁh
data once again. - : B o
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The essential property of ,Ié that allows us to.make'these predictions
is its ordered-states that can- tie together two identical inputs :
occurrihg-from.the.same state, but with different histories. The finite
automaton: cannot do this.

Pergaps a general word is in order. *There is a'certain sense ‘in
saying  that part of what we are studying is the psychological process
“known'as: 'generalization.' For:éxample,-tﬁe 1-memory stofé model -
predicts that a subject generalizes from a T with one history to'a:

T with-another history and says that in a certain sense they are the
< game. This generalization takes place over timé, but relative time,
that is, relative to the place -of the word in a seguence, since the
two appearances of T are very différent in absolufe time. The point
:_I am trying. to makeris;that any study of geperalization demands a
gﬁruc§ural quel oflsdme kind. ‘Traditiopal ggneralization studies have
.been done in areas where the generalization operated 6Ver‘a simple |
structure, namely, one continuous dimensipn_such_as t£e frquency of a
tpne,_ There is no simple, l-parameter way of charagterizing the
generalization in our experiment. One has to deal.with structure and
to work with a model of generalization over that structure. Our guess
is. that once structures have been worked out in a particular area, the
generalization model will prove to be a natural one for that structupe.
.In relating our theofetical results to the“broéder.qﬁeétion of
syntax learning, ﬁe-find thé‘ﬁotions of "paradigmaticf and "syntagmatic"
Fe.g,,.Ervine—Tripp, 1961)“ Paradigmatic responses are mutualiy o
sﬁbsﬁitutable in a frame. Syntagmatié responsgs ogcur next fo each

other. 1In response 1, we might say N and I are paradigmatic responses,
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because either one can occur there. But it is important to realize that,
say, I and N in response 3 are not paradigmatic in the same sense.
That is, although both can occur in position 3, they are not mutually
substitutable, because which one can appear depends on the history of
the string. Esseptially,rpara&iématip responges are responses that fill
Mﬁhe‘sgm?_slptjig.an ordered-state finité édtomatqn. We can generalize
:Fhigfﬁ§§%éﬁ¥?y $aying that paradigmatic fesponééﬁ?fiil tﬁe same slot in
an orde;ed—state l-memory store.

“_I*éndjtﬁisfsection by presentiﬁé'a'summa;y of purrprgdiét;ons,-

. Pigure ‘5 shows what resdltspleéd'to wh§%'édnclusionsg

- .3? -~




Jlearned | ... |J not learned

'_I’(and W) learned | T(and W) learned | Subject .becomes
independently on alt trials ~~ | 1 ~ordered: state ..
after N and I finite automation
Subject becomes Subject becomes

finite automation | |-memory store

Fig. 5. Diagram of conclusions to be drawn from
various experimental results.
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III. Syntactic and Semantic Models

The purpose of this sectign_is‘to_provide_another rationale for
choosing the kind of system we stgdiedn We‘discgss a linguistic quel
which has things tq_say'both_aboqt:syntgx and_sémantics ;n ngtural
language and whigh showg.how_gur_miniétpre system seems to capturersome
-essentiélrproperties of that modelf

-‘The_quel was prqppsed_ﬁ;rst by Chomsky {1965). We do not discgss
the details of how it applies‘to natural language. Although_by__ﬁ
pregqn£ing_ﬁhe theory iqlthe vay we do, we might have a tendengy:to
caricaturize it, th¢ es$ential‘iq§as should be represented adquately.

_ Chomsgyfs:prqposgy‘is thqt‘gll natural lgnguages take gomething
“like the following fo;mv_‘There is a s}ng}ei_qniversal s&ntactic base
..which, except for lexical entries, is mostly contextffreeu Thié.baéé
.1s universal in the sense.that all_languageg have the same basen The
context-free base operates first, and then the.qontext—sensitive_1exigon
rules. The lexicazl rules (which insert wprds) oi_course are specific to
each language. Aﬁ this.ﬁoint we.haye‘arcolleétiqn of phrase—markers° The
transﬁqrmétioqaL %gles_now opgrate on these_phrase—markers, changiﬁg the
pprase-ma;kers‘and at thersame_time the tgrminal sentencesn The trans-
.. formational rules are specifip to each language and are whgt cause thg
syntax of diffgrept languages to be.differgnt, ' One more assumption
(originally—p;oposed_by Katz and_qutgl,_1964) is that transformations
do not alter semantiqsn_ Tbat is, the meaning of a transformationally
derived sentence ig.nop_different from the meaning'of fhe sentence it

was derived from. Chomsky argues that all semantic interpretation is
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done on the base. ,?b?s‘FOQQQPtidn.Of grammar has recently been challenged
ﬁy a number of linéuisfs,-for exaﬁple, Lakéff and Ross (1967), who claim
" that, ihétéad of érﬁéée géﬁéfating synfak with 'a ‘semantic interpretation,
the bésénghould airectif 'génjéi'a.te''s:e:i.m'a‘rl-':‘ci'c:s\,‘= Syntacfic transformations
would bé'aéfinéd to opéfatéHOn'the output of a semantic base. This view
Hié knéwn'aé'"generativé'Semantibé":és oppoééﬁftd'"genefative syntax."
However, only the barest suggestion df'farmél"work'has‘beén’doné from
Lfﬁié:ﬁﬁiﬁﬁlof:view, f;f the'féaébn that the brobiem of semantics fep—
resentatiﬁﬁ ié élﬁost completely unsolved for natural languaée. It is
not.élear how this apbroach would cﬁange'fhérwag infwhich we represent
our arithmetic example, énd'wélwill'igﬂoré it from how or.

We ioﬁked for a small domain oﬁ'whiéh we could experiment that
'wdﬁid'h;Ve:as manf éssentiaifpropertiés of the above systém as possible,
whiie holding down tﬁéshbn-éfuci§l complgxity'as'much as poééible;"This
turned us to arithmetic. Arithmetic is taught in almost all, if not all,
 ¢odﬁ£riés=whére there is aﬁy‘kind of formal education. It is a simple
.syétem wﬁich, if turns buf;.can.be césf iﬁ a form with jdst‘the
prépefties required by fhié.fheory. We are talking here about spoken
arithmetic, that is, sentences which might be said in a classroom when
a teacher is teaching o child arithmetic. It is not true that spoken”
érithmetic is thé.saﬁe from éountry to country. The qﬁéstions-afe asked
in a‘iAngﬁége, and iaﬁguagés'differ; We looked at French, German, and
ﬁussian,‘but'in simple arifﬁmetié sentences we did not'find much more
than‘diffé;ent'léXical items.- That is, there is a fﬁnction” f from V1
té‘ V2 where .Vl is.the relevant vocabulary of lahguage 1 and V2 is
the releﬁaﬂf vocébularf'éf languége 2 such that'if. vl,..vn is a

= 40 -




sentence of language 1, then .f(vl)unf f(vn) is a sentence of language
2, and the two sentences.mean the same,_that is, the;r answers are the
same. This is not true for thése threg langgageé in general, but it is
roughly true for the small arithmetic domain we examined. Of course, f
is the usual translation function. However, Japanese provided some
differences in syntax, and so we-settied uﬁon that 1énguagen

What is important is that the'EEES @f.arithmetic is universal across
cultures. The part of arithmetic thaf,does not depend on language is
universal or almost universal. Sﬁécificaily, an'equation like "2 + 3 = 5"
ig almost universal in classrqoms.throughqut the:world. Even the so-
“called "Poligh" notation in which the above equation would be written as
" = 4+ 235" is not used in school classrooms, as far as we know.

Of course, the question, "What does 2 plus 3 equal?' is not universal,
but is specific to English. This sentence can be described via a trans-
formation ffom an underlying sentence such as "x = 2 + 3," which may be
an equaticon in the universal base. The system we propose for arithmetic,
in other words, has an underlying context-free base which is roughly
universal and generates arithmetic equations. Transformations then
operate on this arithmetic base to yield sentences in a specific language.
The transformations are specific to each language and thus have to be
written for each language. The base, on the pther hand, must be constant.

This model can be worked out in practice, -We take as our bhase the

rules in Table 1. The notation i1s standard linguistic notation. Set

brackets mean to choose exactly one element inside the brackets. QYN




. TABLE 1
' Sjntacfié’ﬁéée for Arithmetic., The Rules are Ordered -

““and May Apply Any Number of “Times.

:-..{QYN":Qwh}-N.: N

-
.'"m
4

l .

i’}
2,08 ‘“'C(N['}J N)

PERRITE

5
o

=
1.

' {0';1,'2,3';4, 5’,‘x}' :
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represents yes-no questions, Q

wh .represents what gquestions, and .C.

represents. commands. . There is a quéstion, of- course, about what a. base
for arithmetic should contain. - We do not claim that there.lis any.
particular reason to pick ocur base over one slightly different.: Our .. .

)
point ig that the . model can be applied, not that we have found the-
correct .solution:or even that there is.a correct solution.. The whole
problem of evaluation procedures for grammars could be: brought up here;
but it would serve no useful purpose.

The base is context-free, as the model requires. Note that- it
generates many -non-true sentences, but-it i1s set up to generate all well-
formed sentences, not all true ones. The base generates well-formed. -
sentences for the first 6. (0-5) integers, which are the oneés we used. in
the experiment.. It could be modified for any finite number, or a
separate system could be written to generate all the integers.

- A moreidifficult.task is to write the transformationgl rules for.a:
given-languagén One prcblem is how much to includé,.since there are.
many ways of asking arithmetic questions or giving commands in, say,
English. We have, fairly arbitrarily, selected.some of the more
prominent sentences to generate. Once again, the_gqal has been tq
demonstrate'that the mode1 iS applicable, not to yield any kind of
ccmplete solution. |

Appendix I contains a sketch of.thé transformational rules for
English ar;thmetig anq Japanese‘arithmetig, Notation is the standard
one used in transformational theo;y (see, for exampié, Chomsky and
M;lley, 1963)° The sentences gengrated by thelJapanesg grammar were

'bbtained from a Japanese informant, who wasltold to judge sentences on
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whether they were likely to be:héard in an elementary-school class: -
Others: have written a grammat using the same base and same form of & -
transforiiations for German arithmetic and, partially,” for Russian -
arithmetic.* -~
S0 far we have seen how the syntactic properties of ' the linguistic’

model ‘'we are discussing can-be incorporated in the arithmetic model:: :
What can we say about semantics? - The semantics of the simple arithmetie
we are discussing is well understood. The semantic model: is the truth '~
model for arithmetic. -There are two kinds of base sentences those that
~gontain an' x (variable) and those:that do'not.- These two kinds of
sentences’ have differentisemantic’ interpretations, analagous in English
generally to:'"what" questions on the one hand and "yes,no” guestions’ 6n
the other. We define the meéaning' of a basé sentence in the following’ -
way. Let L{B) be the set of 2ll terminal strings generated by the '
base. The meaning A -is'a function from  L(B) *into the set of subsets
of positive and negative integers 215 plus the values T and ¥ (for

true and false), that is

A - 2V 0y,
meeting the foliowihg”cdnditiongl"Leg s be in‘ L{B). Thén;
(1) ;f. 5 = QYﬁE for some E, then 1f B ééntaihs'aﬁ X, A(S) = &,
~and if E does not contain an x, A{s) = T if EL isaéfue;
‘and A(S) = F it E is false. |
(2) if s = QQhE. for some E, then if E does not contain an X,

CA(s) ;¢a” iIf E contains an x,

'A(s) = frational numbers i such that s is true when i is
substituted for x in s.
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(3) if s = CE, then if K. contains an x, A(s) -

A

¢, and if E_
does rot contain an x, ..

- A(s) = (the rational number .y . such that y =E is true). .
The meaning of .certain terminal strings is empty. .For example, when the
sentence is yes, no and there.is a variable in the sentence, we consider
the;mganing_gmg@y,becausegthqrg_iﬁ,nq:reasopane.answar to such a question,
unless  the.value of the variable,haswbeen,spec;i;ed, We are not.
considering such processes here, though in principle we could. It
would involve some linguistic progesses not Well-underFFPOdziPamele
meaning relations across sentences.

We .can paraphrase the three conditions above. Assuming that the. .
.proper variable .condition helds,. we see thaththe.meagipg of a yes, no .
sentence. is gimply its truth value. . The meaning.of a what' question .
is:ﬁhe=sgysq£_ya1ues that make it .true, that is, its answers. . If there

is exactly.one..x in, s, then A(s) will contain exactly one integer.

If there is more than one x .in ..s, then A(s) may contain different
Munbers - of é}ementsu__Forlexample}_A(QwhS + % =3%x) = @, the empty set,
because there is no value of x which makes this senﬁenqe_truev ,OF thé
othermhand):A(Qwh X + X = 8):: {4}; and A(Qwhx + 0 = x) = I, the set of
all integers. . The meaning of a command is simply the number.obtgined;by
carrying out the operations in ithe sentence.

Now that we, have defined.the_semantics of the set of base sentences,
Lwe¢can,def1ne:ﬁhe_mganing_pfgany sentence in . the language, that is, we
extend A .to be a function . on  T{B), the language generated by the base
together with the transformations. If. s € L{B), we let the transformational
rules apply.to .s -and obtain the sentence-.T($)<};Let.”Ti}=T(Blfﬁ L(B) be
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the function such that if s’ € T(B) ' and T (') s, then T(s) = s’.
Cur statement that Tml is a function requiréds-“that¥ T be & one-to-one
function, that® is,’ the transofrmational rules may not take more than one
‘base ‘sentencde inio ‘a given surface sentence (3 surface sentence is one-
‘on’ ‘Which the transformations have operated). “This is the case with our
Yrifpangformations, and for simplicity) we makeé this one-one‘assumption
here. HoWever, the assumption i& not hnécessary; instéad we coéuld “have

let T TiT(B) - ob(B) -

In this caée'we wolild have (semantically) ™
ambiguous ‘senfences, as we will soon ‘see.’

Now we can define the meaning of any sentence. -Let' ‘s € T(B).:
Then we define A(s) = A(T'l(s));'-Thatfis;*Wé:éxtéﬁd'fﬁﬂfto’a function
on  T(B) DBy taking ‘the meaning of ‘a non-basé sentence to be ‘the meaning
of’fhé"basé:Sentéhce*frdm which it was derived. ® We have ‘captured heré-
the ‘semantics dssumptions of ‘the linguistic-model. ‘Thé ‘meaning is'in' -
the ‘base, and transformations do not change meaning. For ‘éxample; "~
_A(Q§ﬁ2'+'3:: x) é"{S}f‘ Applying English transformations to' this base
sentence yields "What s two plus three?" By our definition, A (what'is
‘two plus three) = 5. ' Returning to @ point we made earlier; if T weré
‘not ‘Gne-one and we had definéd L more generally as we suggested =~
‘éarlier, we cotild have generalized A, defining 'it, “in'essencé; ad the:
set of meanings of the sentences which transformationally ‘map into it.
Thus semantic ambiguity. A sentence has more than ‘One meaning
when ‘it is'dgrivabie transformationally from moTe than one base senterce.

Perhaps we mMay say 'a word more about the ‘semantics groups in our '~
‘experiment.“ We suggested in Section I that ‘semantics might 'hélp syntax

learning bYerstricting the possible structures.  ‘In the experimental - -
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language J,: the sentences have only one answer, and this restricts the
possibilities, given the. base, of. their gyntax. .For exaﬁple,”it is ..o
unlikely that a sentence would contain "ikutsu" twice and a number only
once, because only rarely would such a sentence have exactly one answer.
A possible modél of what a subject is doing when he is trying to learn
semantics in our experiment is that he is looking for the base sitring
which transformationally maps into the sentence he is examining. Since
he knoﬁs the semantics of the base string (we assume this; surely it is
true for our subjects' knowledge of arithmetic), if he can find the base
string, he will know the semantics of the surface string. Now, since
meaning does not change ﬁhen transformations are applied, any essential
meaning-bearing elements in the base sentence will have to be repfesented
somehow in the surface sentence, or else the meaning Qill change. For
example, if the base sentence contains two numerals, then these numerals,
perhaps in some transformed form, must appear in the surface sentence.
Therefore, practice on semantics might lead the subject to realize that
the strings all have two numerals, and this would tell him éomething
about the syntax which would help him in responses three and five. Thus,
if an ikutsu has already appeared, then the third word must be a numeral.
Similarly, semantic considerations say something about the fifth word.
That is, semantics restricts only words three and five. So it is on
these responses that the restriction-of-structures model of semantics
predicts that subjécts will learn faster.

The main point of this section has been to provide a rationale for
studying spoken arithmetic. The miniature syétem we studied seems to

capture many of the essential properties of the linguistic model. Perhaps
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by studying the: learning of the miniature system we will increase olur -

understanding of the learning of natural languages. -
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IV. Experimental Method

Qutline génExPefiment

Briefly,.thé ekﬁe?iménﬁ.héd.the following form, Part I consistéd
of éré£raining:oﬁ the four funcfion wofds, 50 sﬁbjects could léarn to
reboénizé.ﬁﬁe?ﬁérdé in senten@éé and also éo‘they'could Be'trained'td
respoﬁ& ﬁith;tﬁe first-létter of:thé'wérd where appropriate in Part I1I,
Péft.li ﬁag éaired-assoéiaté:iearﬁing of the six Japaneée'numeréls;frbm
0 to S;IlTﬁis waé necessary‘éo that-the seméntics group'could learn the
sémantics-éfjfhe seﬁtenéesriﬁ Part III. As a'boﬁtrdl, the nbn-semaﬁtigs
groups also ieérnéd the nﬁﬁéraiso This part further allowed the subjects
tb‘iearﬁ fhé nuﬁezalé so“tﬁey could respénd .N‘ where appioPriate in
ifé¥t IIIo.‘fért:II1 pfesented the séﬁteﬁdes éiowly one word at a time,
‘and the.subjeété tried:to learn.ﬁhich word or words could come mext.
The sentence was fepeaﬁe& quickly. The semantics group tried to write
the answér,‘and‘theﬁ.saw the cdrfect-anSWér; In case gross'differénces
existed between the semantics and non-semantics groups, three non-
seﬁéntiéé gfoubsrwété rin to see if we could pinmpointrthe factor
céusing tﬁat difference. Nome of the non-semantics grdﬁps 5aw or
attempted to give the correct answers. One submgroﬁp did ﬁothing while
thé sem;nticé group.wfote aﬁd'saw thé answWers., Howevef; if this group
Aid ﬁorse'than the semantics group én.all the-fesponses of the syntax
:ieéfﬂing,.it might.bé érgued.that this was due to a lack of practice in
-genéral° 'The:semantics group ﬁight have spent more time on a task
. félété& to ;aﬁdlcdncerning the Samersentenéeé'és the syntaé£ic task,
‘Theféfore a'éecond sﬁb-group was run Whiéh,'in'the'time:that'thé Semanticsr.

group was writing and seeing the amswers, had the task of writing down
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in order the first letters of the sentemce they had just heard repeated
quickly. This gave them direct practice on the syntax‘in an g;tempt to
overcome the sta;ed_objec;iona Both sup-grop?éf;é¥é:£gid, ;;~%és,the
sgmanti;s grqpp,.the_basic alggbraic natﬁ?é Qf fhe.;en£éncés, -Tﬁis
might make a ;rupial difference,.andrmigﬁ?“in féét bgqéhé é?féét §f -
;??manpics9 _This_is,“knowipg thg_aigeb;ei; pé#ure pflﬁhé éep;eqcéé
.Lyppldsvggy likely_aid syptax.igarniggﬁj_Ihg?éfore, éithifd.éﬁ5~g¥oﬁé

. was run which was not told the forms of the underlying equations. This

b

~group like the first sub-group received no task during the_period that
.‘”;he_seman;ics group was answering, We ﬁogld‘expect that this group’
wqpldwﬁg:wo;s;‘onlsyntax learning. _Pa:f IV p£ the.exgg;iment ?rgséntéd
va;ipqs genﬁence;, half of th¢m qr§wg f;om_?arf_lll.senteqces,lana the
othg;nhalf:dfawn from'sgntencgs containing.“ikut§ﬁ" ;wicg or, in a few
Linstaqces,:sentences qurammatical inAother waysn_-Thergque;t?s task
. Was to ﬁnSWQFnl for grammatical_and‘olfpx ungrammaﬁigai}: Then_fhe
correct (0 or l)_gnswer appgareda | |
Sgeal;er° The speaker_wasla native Japanese graduate‘stpdeqt af ‘

Stanford Uniyg;;iﬁy,.who had left Japan.fqr the ﬁirst time.twé &éars.
.before the experiment, -

. Presentation. The entire sequence of material for the experiment

was recorded on videotape gnd_shown to ghg subjep;g on(clogedfgircﬁit
_ﬁté;evisiono The_only things to appear on the-séyeen ﬁeré.the_Japanese
speaker and, where apprqprigte? an integer, 580, M2.M VWhenever:weu

reﬁer to_"tﬁeusubjggtlheard" or "the‘subjectlsaw" or "an integer appéared,"
we mean with respect to the television screen. _Wheniwé.say an inﬁéger
gppeg;ed on the screen, We:alwgyg‘mean;inlqu@e;ical form, e.g., “é,ﬂ

not "two® or ™i,"
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Subjects, 'Sévéﬁty-ﬁhree subjects were recruited from the Stanford
student'ﬁiécemeﬁf‘Seivicéo ‘Most of them were either students in summer
scﬁdoi'orsétudéﬁts:dﬁfing tﬁé-regular academic year. The subjects were
run iﬁ gfoups.of six to thirteen. All subjects run together ‘were run on
:ﬁhé sameﬁééﬁditidn,sier, eithér they ‘were in the semantics group or the
ééﬁé“nonQSémanticé'éﬁﬁwéroup;:

Procedure., The four parts of the experiment were run sequentially,
with each shbjecf participating in all four parts., The entire experiment
lasted 1é§§r£han an hour and a half, There was no delay between parts
ekéept an interval of less than a minute to collect the subjects!
'fésﬁdﬁse sheets., Instructions for each part were read at the beginﬁing
‘of that ﬁéﬁt.'ﬁQuestiOné were answered, and then the television . .
immediately came on with the beginning of the stimuli for that part.
Before thé.Part I-iﬁstructiOns,'there were brief instructions inferming
the subject that this was an experiment in language learning.

Part I - Word Pretraining

Materials were the four Japanese words "ikutsu," "wa," "tasu," and
"desuka." The words were spoken five times each, one at a time, for a
total éf 20 words. There were 3 seconds between each word. The subject
Wés given a shéet of paﬁer with 20 spaces and was told to write the first
letter of the word (I,W,T or D). (The words had been read to him in the
instructions,) There was no feedback on this part.

Part 11 -~ Numeral Pretraining

Materials. The first six Japanese numerals.

" zero -
ichi =
san =
shi -
go -
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Instructions. The subjects were told the speaker would say a

‘Japanese number and  that they were to learn the:Epg%ishutraﬁé%ép;QQB
They were to write their answers on a provided shegt_qf paper and t?,“
guess if they did not know the correct answe:anwﬁThgy wgrg:;old the
.- correct answer -would appear in numerical form aﬁtgrlpyelperiqd in&which
they were to write the answer, and they were to W;itg_thg §p§weFPb¢£?Fe
.the correct answer appeared..

Procedure, -The numerals were spoken in Japanese by the épéékex,_
An item went like this. A Japanese numeral was spoken. During a;3£f
second response interval the subject was to write his response. Ehen
_the: correct answer {translation}, an integer in numerical fo:m,”aﬁpeated
on the lower right-hand of the screen for 2 seconds.  The negt qapénese
numeral was spoken. An example of,a_trial_gn the ngme;g;_3‘is

speaker says "san" «- . a 3%-second. pause while sUbje;t:writesﬂdown

his answer --

3" appears on screen for 2 seconds -- next item.
There were 10 .trials on each of the numerals for a potal of 60 items.
The numerals were presented in trials with no break between trials.
That is; the six numerals were presented randomly, then rewrandomized
and presented again; this process was repeated to give 10 trials. The
only constraint on the randoemization was that a ngmeral‘copld not appear
two times in a row, that is, the same numeral could not end one trial
and begin the mnext,

Part 111 - Sentence Learning

Materials., The sentences used were of the following three forms

ikutsu tasu N wa N desuka,
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N -tasu-ikutsu wa N . .odesuka, . -
"N tasu. N - viwa ikutsu. desuka,

where N stands for any Japanese mnumeral -from-0-.to-5, (Different N's
in the same sentence were notinecessarily the~same=numgr§l,;éﬁﬁc9urse.)
A:ﬁayfto?iﬁterpret these sentences is. to.translate "ikutsu" as "what,"
iMtasy" ds "plusy" and "wa'.as-"equals;™ so’'that the first sentence is-
"What plus N:.equals N," the:second "N:.plus-what:.equals -N," and the
third "Niplus N equals :what?" -“When we: speak of -thercorrect answer to
any of - these sentences, it waéfobiained by finding the correct amswer .
to the translated-sentence.. For.example, recalling that "san" = "3" -
and "go" = "5M:in  the'sentence Msan: tasu-ikutsu was. go.desuka," we knew
the correct -answer "is 424" rAccording to-our Japanese’ speaker, these.
sentences-would be spoken in ancelemeﬁfarymschool\arithmetic classg:-~
Half: of the sentencesiwere chosen from the third form shown: above
{i.e., NTNWID}; and the other-half was divided between the other.two
forms. Note that the third form demanded that the subject add to get
the correct answer,/ and the other two:forms demanded that he:subtract,
Thus, by any constant guessing scheme; if the subjects didinothing but
add or subtract thé two: nhumbers;- the. sémantics group weuld be correct.
half of the time:,

~Altogether 72: sentences:were presented.. Using the integers 0-5, we
had 6. X 6 = 36 sentences of the form NINWID, ' Since:we did.not want any
“answer'greater than 9, we'eliminated the sentence:with two 3's to'give
35 sentences, Then:we repeated one sentence to provide 36 sentences. -
for this form., - If-we look: at the form ITNWND, there are only 21 pos-
sibilities: because to assure a positive'ansWer,-the-second; N has: to
be greater than or equal to the first N, We picked 18 of these 21
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randomly, Exactly the same was true for the other form, NTIWND, and we
also selected 18 of 21 sSentences randomly for that form. In this way we
obtained a ‘total of 36+ 184 18 =72 sentences::

Qe“l'IﬂStrUctions;ivTheisubjects1werendivided into four .groups.in-thisg

“parti Wé aenote—themifS=(semantics);:Ehﬂ{non-semanticsywwriting),;gﬁ;
(non#Semaﬁtics,‘nonAﬁriting),"aﬁdfnggnOn-semantics; non-algebra).: .The
Part 111 instructions: for-Group"S are:contained in:Appendix II,. We..
review thém here ‘and*also indicate -how $he instructions .for the:-other:
groups’differeda%”All*gIOUPSzexceptfgilwere informed-of the basic. -
aléébraié*nature*of:thé‘sentences,aﬁhat%is, that: they were. arithmetic

“sentences -of- theigiven kindfandﬁthatrthey,aéked”questions*which Were: ..
related to?éertainéaigebfaic“eguations@vnSee Appendix Il for the-exact
statement toisubjécts;4vGroupf§K5was?told.onlyath@t they would hear. ..
Japanese -sentences,”  0f course the subjects had.had.training:on the;.
numeral translations, .so-they:-at least: knew there were numerals in- the
sentences;
~2io The subjects: in‘all groups.were:instructed that. they were:to hear:
actual Japanese sentences, and that their job would be to learn the. =

- patterns of these sentences. w:They:were to hear-each sentence word by

word, and they were té predict what words could come next-after: they

~"heard each word. - They wefemtoldmthat in-each pattern. at most -two. words

:(pethaPSuone)‘could‘beJCOfrectgavThey:were told- te-write:their answers

in the boxes:provided., - The boxes hadrroomffor;two,responses,ygeparated

by:a .comma. I1f-they thought only: one word could be.correct, they were
to predict that word. If they thought either.of two;worés‘c0u1d*be

correct, they were to:predict both of-the words. -(Note.that at any .
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point only one word would actually.be said in a sentence, but the
patterns were such that.sometimes another word could have been said.)
The subjects made their predictions by writing the first letter of the

word in the apprépriate box on the sheet provided if-they wanted to

predict ikutsu, wa$’tasu, or desui’éao Ifrtheyﬁwantedﬁto predict a numeral, .
they did not write the first letter of the number, ﬁ&f wrote N. To
repeat, the subjééfgmﬁgféﬂgéia Eﬁéfhfﬁef could write either one or two
of the letters 1, W, T, D  or N at each point,

At this point instructions among groups differed. First, the
semantics group was told that after they finished the above procedure
for a sentence, they would hear exactly the same sentence repeated, but
this time more quickly, at a fairly natural rate. After they heard the
sentence repeated, they were to write the answer to that sentence, a
digit from 0 to 9, in the space provided. If they did not know the
answer, they were to guess. In a few seconds the correct answer would
appear on the screen, and they were to try to learn so that they would
be.ﬁorrect°

‘Groups SW and SA were told that the sentence was repeated to help
them learn it. They had no ether task before the next sentence started,
Group SW was told the same thing, but had the task.of writing the first
letters of the sentence ﬁhey had just heard in spaces provided for them,
with the digits not N, actually being written,

Procedure. The number of subjects in each group is given -in Table

2. The subjects were assigned randomly to groups to the exteiit possible,
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D UpABLE 2 Gv 0w blecw e

“Numbet of Subjects'iﬁ}EQCH'Gfodp.”"

“Total

2 SWe oo SW s BA: 28 - . § .Total.

13 .13 13 .39 34 . . 73
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given the times that they could appear for the experiment, which was run
in groups of 6 to 13 subjects. Each group was'providedfﬁith paper _

marked for the responses they were instructed to make. --For example,

none oflthe B groups had roem for numerical answefe.fe:the sentences,
' The spaces for the preeietions for the mext poeeible words cont;iﬁéé;'
for eachiposition, a Béx with a coﬁﬁe in the ﬁi&dle so -that subgééﬁéﬂi
could pet.in either oee.or two resﬁensese |

A trial started by a tone sounding. The subjects were given 4

seconds to make their p;edictfcne?gf the first word of the sefitence,

+x.:Thens the flrst word of the sentence appeared (i.e., it was said by the
speaker on the screen) Agaln the subgects were glven a 4-second pause

to write their predictions for the second word, The second word was

said, and soaee;;ﬁntil the end of the sentence. Afeer the senteeeel:
was ffﬂished thére was eiZJsééeﬁaigause:ﬁand then thé sentence was ™’
repeated by the speaker, but this time at a normal rate of speech,

For the semantics group (S8) there was now a second pause of 4 seconds,

aufi:‘ig' which the é‘db‘jédés“wrbéé theanswer (a""digit f'fééi’"-o"to 9) to the

rightfef'theJSCfeeﬁ”fofﬁZ seconds, Affer a l-second ﬁeﬁge'the tone
sounded to begin the mext Eriélo:”A;diegfamffor'tﬁe se&eeﬁCe of events

for the example "“san tasu ikutsu wa go desuka appeefeuin‘righre b

e M e ot s L o Ut I £

Erp =Rt — Jubfipuag AP e =t ey St )

Up to the point after the sentence was repeated, the procedure was

the same for the non-semantics groups as for the semantics group, How-

ever, the answer did not appear on the screen for the non-semantics
group, and the subjects did not have the answering task, Exactly the
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. . ..tone AT e L
Television  -sounds ‘san tasu © Y ikutsu - wa
Comment ~trial oo g1 g et gy o g
starts A

Subject _ N,I T N,I W ‘N
Comment Rl R2 . R3 R4 R5

'Time 45 4g 4g - 4s 4g

'Television  go  _ desuka. .san tasu ikutsu = 2 tone
- R e AL 'wa go desuka’ : ' A sounds

Comment - 8% v . ©.86 ‘pause. sentence . - i correct pause next
' repeated faster answer trial

N T T T Ty S R T starts
Subject - D : 2

Comment RG . ‘number
[ Lo mat : 2 . Liresponse.: -

Time . . ... 4s 25  approx. 2.to3  4s 25  1s
x e 8 (58, ol %8 8.

[Fleure B.  Dlagram for the sequence of events for one trial for Fert 1IL,
: . Group 5 (semantics) on thg_sentgnggJ”san tasu ikutsu ﬁg g0
:Tdeﬁgga.f..The responses given for ﬁhe{su?jeqtsa?e those he
~would give if he were correct. In the time row, ?s"hmegns_

"seconds."
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same videotape was used:f6r the non-semantics groups .as.for the semantics
group, but for the non-semantics group the answer-was .covered, 50 that
thetre would be o difference -in presentation between the two groups
except for the appearance of the -answer,: Thus;afterutheesentence was
repeated, for the uonmsemanfics group5‘(§tgroups); there was a pause of
4 seconds (as for the semantics group), plus.2 seconds (the covered
answer was on) plus 1 second- {as in-the second:pause for the semantics
group) for a total pause of: 7 seconds, ‘During this time groups SW and
“SA 1haé‘no tasks: Grouprthad'to“Writesthevéequence*of-the;first‘letters
of the words in the sefitence: they had just heard repeated, "‘For example,
'ifﬂthey‘heard;wﬁsan-tasubikutsulwa*gordesuka":they:should;pgvgiy;itten
"ITIWSD," -

- “The 72 randomized ‘sentences:were presented in-this fashiong:-All:.
the subjects had"the same order of presentation of sentences; indeed,
““ithe tape was the same for-a‘lI subjectso

Part IV - Grammaticality Learning:

Materialsul Fifty sentences were used.’' 'Twenty=four of them were.:
"grammétical" (é)“and 26 Mungrammatical'. (U). - (There.were suppeséd to
be: 25 0f éach, but'a mistake was made in the recording.) The 24 G - .-
sentences were chosen randomly from the kinds of sentences used in .
Part TIL; 8 of each form were chosen.  'Of the 26:U sentences, 22 were:
‘selected from Part III; grammatical form, - +substituting "ikutsu" for
one of the numbers; a typicalféxamplefmight?bewﬂikutsu'taSUUsan wa
-ikutsu desuka." These 22 were about equally divided (7, 7 aﬁde) among
the three kinds of sentences whose original grammatical sentence was

one of the three kinds of Part III sentences. These kinds of ungrammatical

sentences were chosen, because if a subject became the Kind of ordered-

- 54 -



. gtate raytomaton we «discussed “in:Section .IT (Figure 3);. .he: would’
consider .these sentences-grammaticals -~ “omanl o wis w00
The ‘other 4 U sentences were chosen by permuting two-words in a ..

gramraticdl “sentence, * “The: sentences:were

L el ikutsundeéﬁkaalﬁwa 3ﬂta§u,a
shee0s5 tasuiwa ikutsu desuka,
op2eikutsuctasuiwa. 3idesukay o
st sikutsuiwan 2 tasura;desuka.=~«.~
~The "50: sentences were randomized; the: only restraint was.to present the
w4 .special”lU sentences at-least.B sentences. apart.:

oo Instructionse:i: Thedsubjects were . told that in this part- they would

use some of the knowledge they learned in Part 111, They were tgld¢ 
they would: hear Japanesensentences;:ahd,Uyourwjébsis;toudetermineaif
these.séntences: are exactlyrlike.theusentenceS:you;heard'bgfpregip
Part I1I, That is, ceuld this sentence:yoﬁ,hear have been one you heard
before? 1If yes, Writ?fﬁf%%iﬂiFh?_bé?f;llf no, write a 0." They were
told:the:correct answer would then-appéar on. the .screen. SRRy
- Procedure, = The:50: sentences: were presented randomly as described:
above, .The subjects were given-sheets of paper to:.write their-answers
on. A trial-went like:this, . A .sentence was.spoken. -There was a 35~
seCOﬁdﬂinterval=during+'which;the,subjects;were to write, their answers
(1 or-Q), - Then:the: correct answer {1l  or Q) appeared on:the lower right
of the screen:for 2 seconds,  The next sentence was read and the. cycle

- repeated; - -




V. Egpérimental Results

Part 1 - Word Pretraining

On Part I, out of a total eof 1,460 responses (20 responses X 73
subjects), there were only 1l errors. Clearly the task was extremely
easy, and subjects had ne trouble discriminating the words.

Part IT - Numeral Pretraining

The learning curve for Part IL appears in Figure 7.

Clearly an asymptote of ne errors has been approached. On the last 3
trials there is a mean number of 2,5 errors per trial out of;a total of
73 possible.

Part 1III ~ Sentence Learning

Syntax Responses. We call the responses the subjects maﬁe in pre-

dicting the next possible words their syntax respoﬁses, as épposéd to

the semantics responses, which were the number answers for thé semantics
group. The form of the data is the following. There Were-7? trials for
each subjectsf.‘and,"‘*fer_‘-i?—_é.@h.]t:ri.a_i' six words vere presented, which we call
the stimuli;”and signified, in érder_of p;esentatidn, Sl,omo; $6. A
subjéct made a "response!" which is éiég& or a l- or 2-element subset of
the letters N,I1,T,W.D, In fact, all the responses were of this form,

and thé?é'ﬁéfé n6 ;£thi1eéteré ﬁééd by squéctS;J.Fﬁ¥théf, no subsets of
size greater than 2 were used, (The form of .the response sheets helped
to insure this.,) For simﬁlicity we will not use set notation, but write,
for a response, €.g.y R = I,N instead of R = {E,N}o ‘The six responses

are labeled Rl, R2,..., R6, in the order they were made on a trial,

- = 6l =
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- Fig. 7. Learning curve for paired-associate numbers. '
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Recall that Ri precedes Si. When we count responses of various kinds, if
the response contalned two elemenes;.we 1gnore, as the set notation
implies, ehe erder ef the subJect“s response and.count both orders
together, e.g., R3 = I,N means either the third output of the subject
on the trisl es LN or it was NI

Let us flrst Look at whether R3 was learned Tﬁe'ieievant'figures

are in Table 39 The first TOW shows the number oﬁﬁeubjeefe.iﬁreech Eroup.

i T D e D S -

Before-we-determine~whetherma subject learned we have ;8 deeideiif he
followedftbe instiuctidhso_ Some :subjects never put twe Qeeponeeelin the
same box on:any of the 72 trials for any of ﬁhé sixrﬁeszﬁses;eeﬁat‘is,
they nevef made two prédictioneifor tﬁe next WordET;Iheee;Sebjeees,'of
course, could r'iever"lia\fe“le'arneid”by'eur'defiﬁitioﬁa CIt seemed'feasonable
to decide that these subjects had not understoed the instructions and did
not realize that they could put two responses in the same box., Therefore,
these subjects were not included in consideration of whether subjects
learned., Out of 73 subjects, 14 fell into this category, leaving 59
subjects who followed the imstructiens. These figures are broken down
for the S and Ensubgroups in Table 2. S indicates all 3 § subgroups
combined.
We set the following criterion for learning R3.  When 81 = I, then
B3 =N is a correct response, If S1 = N, then R3 = N,I is a correct
response. -1f, somewhere in a subject’s 72-trial respense protocol there
is a sequence of 6 or more consecutive correct R3 responees,.including
responses to at least 2 sentences of each kind, we say'the.subject learned

R3. Most of the respenses in this sequence generally will be N,I since
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TABLE. 3

Numbex of.SubjeCts;onqrért iIItiﬁ,Yaridus:CategbtiéSL'ﬁﬁ'

— . Total _
SW___SW___SA § s Total

“Total Subjects = .13 13-'1713 L 39 534 o 730

 Subjects who did" : _ '
not use 2 responses 2~ L G 7. 7. 14

-Subjécts who Lo R I F BT _
followed . 11 12 9 . 32 27 59
directions - B : S : .

Subjects_who‘ : S B
learned R3. - - .. 1L: 8 .. 7. 26 24 .50 .

Proportion of -
subjects fol- _ - S
lowing.directions. 1,00 . .67 .78 .81 .89 .85

who learned R3
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more sentences begin with N than with I, but the criterion requires

that at least two of the@kﬁg mﬁitéﬁd'fﬁ;éjthe;é.ﬁe in sentences starting
with ‘I. This requireméntiiscmade ‘so.that a subject cannot be.considered
to have “learned simply by .always.isaying N;I. .regardless ef -Sl; -,

By “this criterion,. Table 3 showé'that 6 :subjects in Groﬂps~§;and;32

subjects in Group 'S did not learns:.In:other words, 50 of the 59 subjects
+(85-percent)-who understood the instructions:learned. -Bighty-nine percent
of the 8 subjects and 81 percent&of:thngrsubjects who .understood, the
instructions learned. There is no-signhificant-difference between the §
‘and glgroups.(x?f= 1,56, 1 df, -p:>:520)s “There:is-also;ng significant..
difference from chance on this statistic between the-three §:subwgroups
(X2f= 1:07,72-df, p > .50).. Of course,:there. are relativ;ly;few subjects
in each group, when we consider these subgroups. Also, i the: fact:that there
is'no difference between groups:bnwthis-statistig-does not mean. that there
is'no difference in. learning among the  groups. Thg.learning*zg;gg_pould
still:differ. We have!provided;evidenCe-that,mostvsubjects learned,Ri,jand
that.groups»did not differ:on how many’ subjects learned.R3:
-;-f-Of'the 9~subjeCts who followed directions but did not.learn, inspection
of the response protocols showed that by the end of the 72 trials, .3:9of the
subjects:consistently responded. N,I- for R3,.independent of -§l... The other

six subjects did not reveal: any.particular pattern;: It seems possible.that

“the three subjects responding °N,I -were at asymptote and would not.change

~their responses if more trials were added. Since the other 6 subjects were
not caught in a pattern, they might have:learned the’' correct responses:if
more.:trials were addedu.‘ln;fa;t, some. of these. subjects:almost met the.
crite%ion of learning when the trials ran out,.

Figure 8 shows the‘iéérniﬁé éu¥véifbf”thé'50.SUbjects who met

criterion. The asymptote is almost O, except for an occaslonal, possibly
- 65 .
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‘Maccidental" error, It seems reasonablé:to conclude that these errors
are "accidental," i.e., that the subject learned, but for seme reason
such as lack of attention due to boredom, did not make the coxrect

‘response, (A number of subjects:complained that the experimental task

‘was too easy,) The learning curve merely-shows in another way that. these
30 subjects‘1earned"the*correct:response for R3,

‘R5 enters into-our theoretical:predictions in the same way as R3, so
we turn to-it mow, We say that a response is correct if,_wheﬁ*Sl =1
‘aﬂd'531='N'or when 81 = N and S3°="1,. the regponse is R5> = N, or when -
“81"= N and 83 ; N, the respomse isR5:= 1, The criterion was the same
+-as for R3, A" subject learned R5'if he had a sequence .of at least 6
" consécutive correct responses which included at least 2 N responses and
at least 2'I responses, By this criterion, none of the subjects whe did
"not learn R3 1earnéd.ﬁ5° 0f" the 50 subjects who learned-R3, all but 2
learned R5. Once again, we see that most of the subjects who followed
- directions learned by this criterion. 1In the case of R5, 48 of 59 .subjects
- learned.

From now on we will consider the data of only those 50 subjects whe:
learned R3, because we do not know how: to interpret the data of the
" subjects who understood the instructions but did not learn, Thié involves
considering’ two subjects who did not learn R5, but fer simplicity, and se
‘" that we. could.use .the:.same.subjects. on all .tests, weé iﬁcluded‘all.50 :

subjects éven when: considering R5, In Figure 9 appears the learning:
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Fig. 8. Learning curve for R3. Some of the roughness
‘in the curve is due to different kinds of items.
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curve for R5 for the 50 subjects. Once again the curve shows that subjects
learned. It is 1mportant to reallze; when comparlng this curve with the
curve for R3 (Flgure 8) that although both curves plot the proportlon of
Neorrect" responses; the correct responses'differ tot”thg two graphs, and
in fact, differ from trial to trial withino each graph For R3, the correct
Tesponses are ’ﬁl or N,I and foer RSy thé_correct respenses -are N or
I; ‘The fact‘that the correct response set differs for R3 and #5 reduces
even more the probablllty of subjects giving a correct sequence by chance,
That is, we cénnot compute the probablllty -of subJects giving ‘a correct
sequence by chance-aS'lf, for example,ln R3, there is a probability op
that the response is. N and a probability 1-p that the response is
N,I, and, for R5, there is a probability ¢ that the response is N and
‘a probablllty l-q that the response*is I. We cannot simply de this
because this does nét account for the éubgect;s learnlng the resﬁonse set
in the firstlblacemz 83 was:always either N or I as was SS,J§0 there
was no way for the subjects to learn the response sets strictly from a
consideration of what 83 or 85 could bem”_

A summary of these results is that, in general, subjects learned both
R3 and R5., Also, there was little tendency for subjects, at asymptote,
to respond N, I independently of the preceding sequence of werds.,

In Table 4 we list the mean trial ef last error, L, for the six

responses for each group. 4As mentioned earlier, there are 50 subjects

- T v A T D M M BN R R e A e e

in the table. For respenses R3 and R3J, the trial of last error for each
subject is determined by the same method as described earlier for the
learning criterion; that is, the trial of last error is the trial before

I




TABLE &

Mean Trial of Last Errox, L, by Response and Subject Group.

Total TOTEL
SW SW SA 5 § s,5
E1 16,5 27 .8 7.4 17.5 19,0 . 18.3
R2 6.7 8.3 6.6 7.2 8.4 7.8
R3 29,6 33.3 28,7 30.5 28,0 é9°3
R& 8.1 15,1 5.7 9.6 10,5 10.2 .
R5 21.4 22.0 25,0 - 22.5 14,1 . 18.5
R6 3.7 3.4 5.4 4,1 4,6 4,3

RE,R3,R5 22.4  27.7 20,4  23.5  20.4  22.3
R2,R4,R6 6.2 8.9 5.9 7.0 7.8 7.4

Grand

Mean 14,3 18.3 13.1 15.3 14,1 14,9
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the occurrence of the first run of at least six correct responses which
include at 1east two of eaph kind of correct response, For R1, RZ, R4,
and R6,_for\each_of which there is iny one.corréct respénse, L .is
simply the trial before the start of the fifst run of six br moré
correct respomnses,

Table 2 shows clearly that respomses R2, R4 and R6 (the Peven"
responses) were learned more quickly than were Rl, R3 oxr RS {the "odd
responses"), The mean of L for the odd responses for Group §-(23,5)
is more than 3 times as great as the mean for the even responses (7.0).
For Group 8, the ratio is almost as great (20.4 to 7.8). In-fact, if we

~Llook at the means for each response we -see that none_of the 3 even

. responses has a mean. L value as great as any of the 3 odd responses.
This. last statement holds also within each sub-group of S. For any

. group,. there are- 6} ppssible ways of ordering thg_é‘re8ponses_with
respect to L., Thirty-six of these yield orders compatible with the
above_statement; that is, the odd values are all greater than the even
values.. Thus, if we assume the orders were chosen uniformly, the
probability of obtaining an erdering compatible with the statement is
36/6! = ,05, Since there were four independent groups {three subgroups
of S plus 8), the probébility of obtéining our results by chance is
05 % <1077,

“Inspection of the distributions of - I, shew that there are a few
fairly high values. To make sure the results we:-report for I are not
unduly influenced by these high values;'we also calculated medians for
all the valueés, ' The medians are shown in Table 5., The pattern of the

results.is the same &as for the means 'showh in Table 3.  Therefore, we .do




‘not discuss these values, but instead concentrate on the means.

Table 6 shows.the mean number of total errors, T, for each gi—ou_p°

This statistic behaves almost exactly like L with respect to the
questions we have.been'conSidering; Subjects made many more errors on
the odd responées than on the even,

In computing the trial of last error, L, for R3 and R5, we demanded
a criterion of 6 in a row correct, including at least two of eac¢h kind of
trial, This may have caused L to be slightly higher for R3 and R5 than
for the other responses, But this is'a very small effect. We recomputed
L for R3 and R5, relaxing the requirement of two of each kind of trial,
and found that the pattern of results did not change. This criticism does
not apply to the computation of the statistic T.

Are the mean trials of last error smaller for 5 than for §?
Generally, no, as may be seen from Table 4., Table 7 shows values' of

student's t for the difference between means for the six responses.

For 30 subjects, the only significant value is for R5 (p < .05). 1In fact,
the other t values are much smaller than R5's, The only other respomse
for which the mean value of L is greater for S than for § is R3,
These results show that, in genefal, the 8 group did.not learn faster
than the § groups., Figure 10 shows the learning curves separately for

the - § (24 subjects) and § (26 subjects) groups for the six responses.
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Median Trial of Last Error, L.

TABLE ‘5

lTotal
S SW SA 3 s
. RI 10.0 . 23,5 6.0 10.5  16.6°
‘R2 4,0 7.0 5,0 5.5 6.0 .
R3 21.0 32,0 23.0 28,5 26,5
R4 5,0 15,5 5,0 6,5 8,5
RS 21,00 17.5  24.0 21.5  12.0.
~R6 3.0 1.5 - 5.0 2.5

3.0
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TABLE ©

Mean Number of Total Erxors, T.

- _ — Total Total
SW SW SA - '3 ; s,5
R1 '15,4 27,9 7.0 17,06 18.5 17,7
R2 6.5 9.0 9,1 8,0 7.3, 7.6
R3 20,6 23,9 18.0 21.0 . 20.3  20.6
R4 7.5 9.6 5.4 7.6 8,8 8,2
R5 12,5 11.3 18,3 13,7 9.7 11.8
RG. 4,5 2.5 6.6 4,5 3.9 fffaqi
RL,R3,R5 16,2 21,0 14,4 17,2 16,2 16,7
R2,R4,R6 - 6,2 7.0 7.0 6.7 6.6 6.7
ﬁ;:ﬁd 1.2 14,0 10.7 11.9  11.4  11.7
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TABLE 7

" Values of t for the Différence Between Mean Trial
of Last Error, L, of the § and S Groups on R3.

Response Rl - R2 R3 R4 RS R6

t 0,26 0,73 -0.52 0.38 -2.16 0.46
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These curves - as well as the mean number of total error (Table Q) fit the
same pattern. of results with respect to the differences between § and_gl

Remembering that two of. the subjects did not learn R5, it occurred
te us that this may have. somehow. influenced the results concerning the‘
difference between the S and S groups on R5, We included these two
subjects in the data, and took as their trial of last erxor, since.they
did not meet criterion, the actual-last trial of the 72 on which an
error occurred, It turned out that this value was 70 fo:.béth.subjects,
and both subjects were in Group s. Although the subjects in. the tablg
were chosen statistically so as not to favor Group § (they were chosen
. on the basis of whether they had learned R3), it might be argued that
accidentally subjects who had not met-critefion on R5 were selected for
E and this pushed up the mean value of L for R5. Therefore, we did
a new calculation of - I, for R5 for Group '§, discarding these two
.subjects, and calculating the mean 1L for ﬁhe 24 remaining subjects.
The new value was 18,5 for L, which, compared to the l4.1 for Group.S,
still yields the largest discrepancy between 1L for S _and..g of any
response.  Therefore, even if one accepts this argument, Group S did
better on R3 than Group S did,

As explained earlier, we ran 8 in 3 different subgroups under
different conditions, sc that in case S‘ learned faster than E, we
could sée if the difference cduld”ﬁe exﬁlaiﬁed by a particular factor,
If we look at the mean L. value over all responses, group,gﬁ had .the
highest value (18,3) and group SA had the -lowest value (13,1).. However,
as we. stated in  the previous paragraph, the only significant difference

. between S and “S- was on R3,. and en this response the mean values of
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'L for the 3§ subgroups are about equal, and all are much greater than
Ifor Group S. Since there is no explainable difference between 8 .and
§'”by these S control groups, we do not censider these subgroups, but
lump the data and consider only the one 5 "group. One short point can
be made about Group-gx however, Since this group did not even know the
algebraic'charaCter~bf the sentences, we had expected them to do worst
on the syntax responses; bﬁt9 in fact, their score was best, However,
note that on R5 their mean trial of last error is‘higher than for the
other two subgroups.

" In analyzing the difference between the § and gagroups, we work on
the assumption, of course, that because the groups were chosen randomly,
‘there was no difference between the groups except for the different
‘treatment in the experiment., However, we have some direct evidence.

Part 11 of the experiment was conducted before there had been any
different treatment for the different groups. By locking at differences
in the learning of Part Ii, we cbuld.seéﬁif there was any evidence of
differences between the groups not related to experimental treatment,

In Table 8 we show the mean number of total errors for Part LI for Groups
] and‘gz for subjects who learned R3 and for subjects whe did not learn

R3 {(including those who did net follow instructions).

e
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The results are summarized by saying that subjects who did net learh R3
made more errors on the number learming, and subjects in Group S made
more errors than subjects in Group 8§, {Between learned and did noet

learn, t = 1,96, .05 <p < ,l; < - between 8 and E; t= 1,17, p > .1),
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TABLE 8

Mean Number of Errors on Number Paired-Associates
(Part II) for Groups S and S8 for Subjects Who'
Learned R3 or Did Not Learn R3,

s s
. Learned R3 8.1 | 10,3
Did Not

Learn R3 11.7 _ 13.3

- 8l



These Tesults suggest that subjects Wﬁo did net learn R3 were poorer
learners in general (whetherjfor motivatioﬁa; Qr-otﬁer reasons we do
not know), and that subjects in Group E’probably were slightly poerer
learners than subjects in Group 8. The fact that ‘§- subjects did better
on four of six responses in Part III together with this last fact once
again suggests that sémantics does not have a general improving effect
on syntax learning, -

We have seen that R2, R4 and R6 were learned faster:than RI, R3 and
R5. This finding agrees with the prediction made from the l-memery store
model. It is not the case hewever, that the only difference between the
even and odd responses is the one that led to our prediction. The
correct response for Rl contains twoe components {I,N}, and one of the
correct responses for R3 also has two components (I,N). But the even
responses have only one correct response (T,W or D). There may be
something which caused subjects to be less ready to respond with two
letters than with one. RS, however, did not meet this difficulty. Both
correct responses are only a single letter (I or N), and R> was learned
more slowly than any of the even respomnses. This built~in controel thus
helped us decide that the difference between the even and odd responses
was due to the even responses being learned in such a way that trials
with different pasts contributed to learning., In other words, the
Equations {2) in Section II are more correct than the Equations (1).

However, there is an even more direct way to test this, as we
showed in Section II, and that is to look at whether, say, T was learned
independently on trials with different histories, Figure 11 shows the

learning curves for Groups S and S for R2, R4 and R6 for the first 10
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trials, (After 10 frials on these responses there were relatively few
errors.,} The abscissa is trial number, and the ordinate is propertion
of errors. The trials on which 81 = I (that is, the first woxrd
presented 1s 1), are plotted by x's. These are trial numbers 1,4,7,
The other trials are plotited by dots. Now,.if the responses for the
two kinds of trials were learned :independently, the learning curve weuld
not he a monotonicaily decreasing curve.  Rather, points 4 and 7 would
jump way up. in fact, if we assume that the learning rates were equal
for the two kinds of trials, the trial-4 point would jump up to the
trial-3 point, and the trial-7 point would jump up to the trxial-5 point
{(assuming no interference)., On the other hand, if all the trials (i.e.,
both kinds} count equally toward the learning of the response {(i.e., if
we assume that all the trials form a sequence of.learning trials en the
same response), then we should obtain a monotonically decreasing learning
cuxve.of the usual kind, with trials 1,4 and 7 falling into place. The
éurves plotted in Figure 11 show that this latter result is the case,
The S1 Z,I trials appear as they would iflthe ten trials were a learning
sequence oOn one response.

As a comparison, in Figure 12 the learning curves for the first 10

trials for R3 and R5 are plotted, For R3, the x's are trials on which

e g o o M e e o MO A

81 = I and dots are trials on which 81 = N. It is clear that the curve
here is net monetonic, rather the x points are much lower than the dots.

In the R5 curve, the x's are trials on which either §1 = 1 or 52 = I, and
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81 = I. Dots are trials on which 81 = W.
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the dots are trials on which 85 = I, Here it is also clear that the
curve is not monotonic, the x's representing fewer errors, We may
conclude that R2, R4 and R6 were neot learned independently on the

different kinds of trials.

Semantics Learning. Figure 13 shows the learning curve for the

number {answer) responses for Group §. {(Group S had no such answers,)

There are two curves, one for the 24 subjects who learned R3 and.one'for
the 10 subjects whe did not leérn R3. It can be seen that thé §£bje§ts
who learned R3 learned the numbérs.faster than.the subjects whe did{not
learn, but there is no way to téll from this data Wheéher subjects
learned the numbers slswer, because they did not learn R3 or Wﬁether
they weré slower learners and thus learned beth R3 and the numﬁers
slower, However, we have already reported data showing that tﬁe non-
learners learned the Eart.ii reéponses slower than did the learners.
Thus a ggﬁétgi difference in learning abiiigy géfpfobabiypﬁf least part
of the explanation for the difference here,

Both groups of subjects épproached an asymptote of no errors. §o
this simple semantic system can be learned quite readily. Since this
system is éomewhaﬁ»éiﬁplefithan~£hé,éyntécﬁgc syéiém:digcussed eérliér,
let us'loék éﬁ'séﬁé.of=thé~prééErtiés bf:ieafﬁiﬁéctﬂelé&stem, A simple
one-element model will not work hecause inspectioﬁ of tﬁe data reveals
that there were more erxrors on the first few trials, even when trials
after the last error were excluded. However, another possibility

suggests itself, Many of the responses were wrong because they are sums
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of the two numbers in the sentence when they should be differences or
vice versa, We assume that at first the subject did not even respond
with sums or differences, In this state the subject answered randomly
or made no response at all, We can assume one-element learning to take
the subject into state SD, where he mostly responed with an answer which
is the sum or difference of the two numbers, but whether the answer is

a sum or difference does not depend on the stimulus sentence, in this
state we can assume one-element learning of which kind of sentence.means
."sum" and which means "difference." When the subject learned.tﬁié he
responded correctly on all trials.

These assumptions can be made more precise by writing the Mgrkbv;f
chain transition matrix and the vector of state response probabilitiéﬁ,
The response probability Pr(8D) . is the probability og_making a
response which is the sum or difference of the numbershpresented in the

stimulus sentence, The matrix and probability vector sare

Trial n + 1 -+ Pr{8D)
L SD LU
Trial SO’ d  1-4 0 p
n T
U 0 C l=-¢ 0

We assumed that in tEe unléarned”étété'the'pfcbabilify of a ‘subject's
making a sum or difference response is 0 even though it might be a little
higher than that because when the subject guessed a numeral he might

have guessed suéh a response. However, the probability is quite a bit
smaller than 2/10 (theré were 10 possible answers, as the subject kﬁew)
because many reéponses in the early part of the response protocols were

" blank. o
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It is-important to realize that this theory does not distipguish

. ‘between the two kinds of sentences, i.e., Sum {8) sentgncés, where ;hg
sum of ‘the numbers is correct and Difference:(D) sentences, where the
difference of the two numbers is correct,

The transition matrix is the same as for some cases of the two-
element model (e.g., Bower and Theois, 1964). We attempted to estimate
parameters for the above model by applying the methods of Greeno (1968).
This analysis was more‘appropriate than otﬁer analyses because it allowed
-subjects to start in a state other than the unlearned stafee Since some
subjects were correct on the first trial this was necessary. »Greeno€s
Case 2 analysis was applied, which was the natural one for our data. “The
theory was applied to the 24 subjects who learned R3, using Greeno's
matchedwstatistics estimates for parameters, Hewever, no matter what
identifying restriction was assumed (i.e., learning on correct or error
“trials out of the intermediate state is equivalent, or there are ne
transitions to the learnmed state from the unlearmed state), the estimates
were mot acceptable, some of them either being negative or greater than
one, The preoblem is that we have too little data for making reliable
estimates of statistics, there being only 24 learning sequences., For
‘example, an important statistic in the estimation methed is the number
of errors before the first correct response. made by subjects Who made no
errors after the first correct response. "Howevér9 there were only four
such- subjects in our data, and thus, the estimate could net be considered
‘reliableo Since these methods just did not work, there is ne reasen to
analyze them furthex, If-we were .interested primarily in this question,
an experiment could be grranged which wéuld éllow-a better test of the

model.,
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. One prediction from such a model is the following., If in the unlearned
étate'the'subject never ﬁakes a sum or difference ‘response, and if in .the
intermediate state he makes such a fesponse with constant probability,
then the plot of proportion of errors versus trials after the first sum
or difference response, for responses before the last error, should be

‘horizontal, Figure 14 shows this plot; It looks roughly flat, though

-‘we have 'left out g¢rials at the end where there were only a few subjects.
x? (between theory and data) = 3.04, 4df, p ® .50. At test of the
difference between th¢ number of errcers in the first half and second
half of a subject's protocol (responses afﬁer first correct and before
last error) is significant (t = 2.14, 23 df, p < .05), more errors
-oécurring in the second half. However, the significance is due to.a
small variance, the mean numbers of errors for the two halves differing
“by less than I.

The model makes another prediction, a prediction which relates
speéifically to the difference and sum sentences, Let Pr{S8/D) be the
probability of giving. a sum response to a difference sentence, and
define the other three probabilities likewise. Then the model predicts
“that''in State 8D, Pr(S/D) = Pr{(D/D) and Pr{S8/S) = Pr(D/S). Once again
‘we look at trials en which we know subjects were in state SD, those
~after the first sum or difference response and before the last arror.

~Table 9 shows the -above probabilities for these trials. . We seée that the
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TABLE 9

Probability of Giving a Sum or Difference Response
to a Sum or Difference Sentence, Only Trials after

the First Sum or Difference Response and before the
Last Error are Included.

Response
Sum Difference
R Sum .53 .06
Stimulus
Senterice
Difference .35 .37

.92




model is wrong in this prediction. The subjects are much more likely to
give a difference response to a difference sentence than to a sum
sentence. Somehow the subjects have some knowledge about sum sentences
and do noet give difference responses to them,

Part 1V - Grammaticality Learning

There can be two kinds of errofs in Part iV, either a 1 response-
where a O was correct {i.e.,, calling the sentence grammatical when it
was ungrammatical} or a 0 where a 1 was correct (calling the sentence
ungrammatical when it was grammatical)}. For now we considef.both kinds

together and simply'call them erxrors. Figure 15 shows the learning

curves for Part IV for the 50:subject$ who learned R3 and for the 23
subjects who did not learﬁ R3, Excluded from the curve is trial number
16, because the reading of the sentence was garbled, The number of
errors for this response was higher than for the responses adjacent to
it, but this was doubtless due to the laFk of clarity of the sentence.
For each tfial, whether the sentence was grammatical {1} or ungrammatical
{0} is indicated at the bottom éf the figure., Asterisks indicate the
four sﬁecial ungrammatical sentences in which sentence words were inter-
changed,

Eirst we see that; as a group, subjects who learned R3 also learned
Part IV, The mean number of errors per subject per trial over the last
6 trials is .03, If the subjects guéssed 0 or L with probability % each,
the mean would be .50. Did the subjects start Part IV always being
“correct? Since they had learned R3 by definition (that iss.by selection
of subjects) and since, according to the results discussed for Part III,
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‘they also learned Rl and RS, it is possible that they could have done
perfectly on Part IV from the start. -That is, because the respense rule
for R1, R3, and R5 could have been coded as "the stimulus is always an

I or N, and there is exactly one I," the sibjects might have used this
to respond.correctly on. Part 1V,

But it 1s clear ﬁhatlthé Subjécts did n5£ start out by almost always
being corfé;t; The'pfopofﬁion uf.erfdrs‘on rrial 1 wéé.ouly ;08;:bht'on
ufiui 2.i£'shot up ﬁo 00443H ﬁoue'thut on trial 1a graﬁmaticai'sénténce
Was“présentéd.but on trial 2.an uugramﬁaticai sentence was uhe ;timuluso
Siuce the pfoﬁdrtion uf érfbrslon £rial lqis oﬁly 08, it seems éléﬁr
that SUbJECtS dld not guess 0 and 1 each Wlth probablllty 5 o But could
they be 51mp1y gue551ng 1 w1th probablllty close to l? No, because then
the proportlon of errors on trlal 2 would be close to 1, 1nstead of ,44,

The dueétiuu is;.do.subjécts.récognize.at firét that a Séuteucé.uith
"ikutéu“ uppearing twice (iue;,"én ungrammaticél éeutence) is differeut
ffom‘uné thaﬁ.haﬁ unly oné_ﬁikutsugﬁ if fﬁey did nof distinguish
Bétweén.them,lﬁherproportiun of_errurs on trials 1 and 2 uould:not'be

:diff;rent (iueu,-if the subjects were guessing iudepéndently of the
stimuluu éentence, no mattér.what fhe guessing probability,rthe exﬁéuted
pr0porti0nsluf errors on the two trials would be the sameo This aséumes,
of course, thatlno 1earning.ocrurs between the first and second trlalsa
But there seems no réason tu suppeose that learnlng to dlstlngUISh ﬁ
uefween é G sentence and al éeﬁtence would occur as the result of.oué
.éﬁposure to é G.séntenceo And if learniug did occur, the proportion of
errors for trial 2 would be lower than for trial 1, not higher, which

was the actual result). Therefore, it seems likely that from the start
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subjects. discriminated the ungrammatical from the grammatical sentences,
-but-had - te:learn how to respond to them.
-Bearing these results in mind, let us look at the results for.the,

23 subjects who did.not learn R3. Table 10 shows the mean number of

errors per subject for both groups (ieea,“those.who learned or dld not
r‘lea;n R3),: Tbe number of‘errers is greater for the group.tbat diu.not
:learn.R3 than.for the.group that did.learuu Thls is:a tesultlwe mould
expect,.siuce if a subject did.uot leamn R3 me might_essume.he.beu not
| learned that an I could not appear tw:Lcen But suppose we assume that
;Kthe subJect had learned nothlng about this, dnce agaiu thls.wculd lead
us to_predlct that‘tbe proportlons of errors for trials l and 2 woulde
}be the_.sameo 'Figure 15, bewever; shoys this is.not tbe case; the‘
. proportions are.BOQ‘and w97, respectively, These proPettious_ate not
.way out:oflline Wlth tbe proportions fer_subjects who leatnee R3. The
best egpleuation”fcr this_result seems to be that even subjects who did
not”learn R3 by our.definition learned the structure of the.syntax;.i,ee,
that I appeared exactly once, Remember that many of the subjects in.
this group had never used twe responses in a b0x,.1 eo, they had not
followed dlrectlon_su Also, only three subJects had locked 1nt0 an R3
response of N,I. What seems_to_have happened then is that even most of
_the 23 subjects in tbis gr0up learued the structure cr semethlné about
‘the structure, whlch leads to the dlfferent proportlons between trlals
1 and 2,

‘Table ll shows the number ot subjects in each group who made at

least one exror on the last 6 trials, Consistent with the results we
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TABLE 10

Mean Number of Errors in Part IV,
Grammaticality Judgments,

. _ Total

SW Sw SA S S
Learned R3 = 4.8 2.8 2.9 3.4 6.5
Did Not Learn . '
R3 13.8 4.0 18,5 14,5  10.3

97 .




TABLE 11

Proportion of Subjects who Made at Least One Erxor
on Last & Items of Part IV, Grammatical Judgments.

5 5  Total
" Learned R3 17 L4 .10
' Did Not Learn

R3 « 30 62 48

98




have already discussed, the subjects who did net learn ™R3 had proportionately
higher scores on this statistic. than subjects who did learm, In fgct, 11 of
~the' 23 non-learning subjects‘made.at.leasﬁjqne:errqr on the last 6 trialsg

It iSvﬁosSible_that;some-subjects who did not learn R3 because of lack of
ability or motivation had the same effect on Part IV. This is substantiated
by the fact: that- these subjects alsexdid'less_well on Part I1.

Now let us turn to the four special ungrammatical sentences. We can
read the proportion. of errors.for each frpm Figure 15, The first of these
sentences was presented on.trial 9 and read Mikutsu desuka 1 wa 3 tasu.!

In other words, "tasu" and "desuka' were interchanged. Considering the

50 . subjects who learned R3, only a propertion of .02 of them called this
sentence grammatical° The seﬁond of these sentences appeared on trial 17
and read 0. 5:tasu wa_ikutsu desuka." In other Words,."tagu“_and.“5" were
iﬁterchangedma-The propeortion. of errors was ,38, This proportion was much
higher -than the.proportion for the trial immediately preceding and
 following it. . The third sentence was number 30 and was supposed to have
;read‘RZ_ikutsu,tasu wa 3 desuka.' In ether words, "ikutsu" gnd‘“tasu“
were interchanged. However, the speaker made an error and instead of.
saying "tasu! he said something that sounded like "des.! In other words,
a new word was introduced to the subjects. The propertion calling this

. sentence grammatical was only .l0. However, this proportion was doubtless
.low because eof the introduction of‘the new word, so we will not. consider

this sentence, The fourth sentence was number 42 and read "ikutsu wa 2

.. tasu 4 desuka.” Here "wa" and "tasu" were interchanged. The proportion

.. of subjects responding 1 {(grammatical) was .44, Once again, this

- proportion-was much larger than for the sentences immediately preceding

and following it.
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' The question that strikes us is, why is the proportion of ‘errors so
ﬁﬁch higher for seﬁteﬂcés:lT‘ahd 42" (.38 and .44) than for“séntence 9
(.02)2 Two éxplanétions“Suggest=thémSelVeS. ‘First, consider the Mword

distance™ between the two words interchanged to make the ungrammatical
sentence from a grammatical sentence; “This is 1 plus the number of
words between'the“two'WOrds”in‘the'grammatical-sentence;“‘This”measufe
"for the three sentences is: for sentence 9 the distance is &4, for
“sentence 7 ‘the distance is 1, and for Senténce 42°the distance-is 2.
S0 it.is a question of distance 4‘on the one hand versus distamces 1
‘and 2 on the other; It might be that this distance is a good measure’
‘of sentence gtaﬁmaiicalityﬁ' The greater the distance the more chance
the sentence will be 'called ungrammatical,

"ZHBWévergfaﬂothér”poésibility is that sentence 9 was heard as
ungrammatical because it put ‘"desuka" out of place., “MDesuka" is the °

last word of every sentence and signals the subject that the sentence
‘is over., When it did not appear there, but tasu appeared in its place,
fhié waswprbbablyVVery saliént'tO'the subject. As we’ saw previously,
Mdesuka" (R6) was the response learned quickest iﬁ Part: 111, This was
doubtless not because of the properties of the word, but because it
appeared laste‘

There is mno way to'distinéuish in this.experiméﬁt'between EheSe two
“possibilitiés. An experiment could bé done varying this "word distance"
and having.subjecfs judge grammaticality. However, there deoes seem to
“be one solid conclusion from the results. That is that subjects make many
more errors in“this part on the few sentences which in'terchange function

‘words than on”the sentences which include "ikutsu" twice, ~“Whether this
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is due to more practice on the ‘latter or to some other reason is not

clear,

.In summary, Part IV mainly confirmed our belief that on Part III,
subjects learned the language -J. It has also provided evidence that
seme subjects who did not learn R3 by our definition did indeed learn

the language J.
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VI, Discussion and Summary

The major point of cur study was to try to decide what kind of
autbmatbﬁfﬁest fepreéeﬁfs a subjéét's'ﬁéhé;i;r in tﬁe:éx5ériﬁéﬁt. First,
we.note&:fﬂéf‘if éhéJsubjeéf becéme‘aﬁ:brdéredQstatéufinifébéutbﬁéfdﬁ;
he w0uld-ﬂ;£ iéérﬁ the éyntéx of J}u‘fﬁé'reSUIES:présénféd iﬁ the last
section show that most of the subjects who followed the ins%}ﬁctiﬁnS' 
learned, and that of those who did not, only three behaved at asymptote
in the way a sequential finite automaton such as o might predict., Also,
the results of Part IV of the experiment suggested that even the nine
subjects who did not learn R3 by our criteria learmed much of the
structure of J. We may safely conclude that, in general, subjects did
not behave as if they became ordered-étate finite automata,

We predicted that if subjects became either general finite automata
or ordered~state l-memory store automata, then they would learn, as they
could become either }; or /7. However, we noted a way to distinguish
between these two auéomata. By making a general aSsumption about the
course of learning on finite automata and 1-MS automata, we could write
equations (1) in Section II for /Z and equations (2) for .J% The equa-
tions for the finite automaton ﬁﬁ predict that R2 is learned at the same
rate as Rl, while the equations for e predict that R2 is learned faster
than R1. By the same reascning that produced these equations, we can
derive similar equations which predict for ? that R4 is learned at the
.same rate as Rl and for /2 that R4 is learned faster, From both %@
and ./~ we predict that R6 is learned faster than Rl. The difference
between R2Z and R6 here is that in 2; the pair (sg,D) appears on every

trial. It is clear that we cannot write a finite.automaton that will
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behave like R6 for all responses, .including R2 and R4, since then we would
_have an ordered-state finite automaten, -and we saw in Section II that no
ordered-state'finite'autémat6n=can respond correctly to J.

Now, “the above:predictions are made with. respect to Rl, Bu;gby..,
exactly the same reasoning, we see that )@ predicts. that-R3 .and R5. are:
learned at the same rate as R2 and'R4,-whilem-ﬁé predicts that R2 and R&
are learned faster. Both automata predict that R6 is.learned faster.than
R3 or R5. 1In short, élpredicts that R1l- through R) are learned at the
same rate, while _yﬁ'predicts that'the-even_responses-(RZ,R4) areulearggd
faster than the odd responses.

‘We 'saw in the last: sectien that, in-fact,-noxmatter_what.statistic
we looked at, all"the even responses-were-learnéd_faster than the .odd . .
responses, and this result even held. across the four subegroupéo‘.These
results make it clear that the predictions from -jb are mugh-cl@ser to .
the experimental daté:thén are the predictiocns f;om,vﬁﬂ - In this.
experiment, at least, subjects behaved more like a 1-MS than like a
finite automaton,
wotent An alternative explanation of our results might be proposed. This

‘is that, for some reason, it is difficult for the subject to learn those

‘. responses where a two-letter response is correct. This would explain

why Rl and R3 were learned slowly-compared with the even responses, but
it would not- explain why R5 was iearned more slowly than the even responses,
bgcause‘the'corrECt responses for R5 contained one letter (N or. 1 .depending
on the history). ‘This built-in centrol rules out the.twéwlette%
explanation. -

Also, note that the usual serial position effect could not -explain

our results. The results de not at all fit a bowed serial position curve
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“{where the serial positien is Rl through R6}; - In féct, an error’ curve -
through the results {as well as predictions) changes its direction (i.e.,
the sign of the first derivatiﬁe) at every point, For example,: there. . .
are moré'érrof% for: B3 than. for R2.or R4, and this coupld notieccur:in a
bowed serial position curve.
© “In addition to the abovezpredictions,.as we saw in Section I, our

“learning assumption together with:~ (| predicts that each kind of. trial
is the ‘same; - Specificallyy 22 predicts that the learning curve over all
“ithe trials should be monotenically decreasing, but.that the peints for
one of the kinds of trials should come up. We saw;iﬁ the last section
that the curves were monotonically decreasing for both even responses,
Onde “again, ‘the 1-MS ' /7 is ‘more appropriate for the data.

= HWe also'Wgntéd'tbwlodkfat“the effects of semantics! practice on:-the:
learning of ‘syntax. ‘The“hypothesis that semantics acts as a metivator -
only préﬁiéts—thaﬁfthe=Semaﬁticsigroup would do better than the non-
semﬁnticb”group'on‘all-thé responses, ' The hypothesis:that semantic
structure restricts the range of possible syntactic structures predicts
ﬁhaf; since this restriction only ‘affects R3.and RS {since these responses
‘are the ‘only ones affected by the history of the-sequences, the semantics
group would do better on'these responses, but'therevwéuld*be no difference
on “the ‘other resPonses-bétweeﬁ'theftwoLgroups,
-7 The rfesults show -that indeedfthere'was no. difference .on mean trial
“'of “last érror between the ' two:groups on Rl,; R2, R4 and R6, as-the
restricfion-hypothesis suggests, 'and that the semantics group did better
o R5, again as the restriction hypothesis suggests. On the other hand,

R3 was not significantly better for the semantics group.: However, the




mean was smaller for the semantics grbup on R3, and this was the only
response besides R5 for which this was true, At any rate, ‘since R5 was’
the.oné:réspthe for which the semantics group did significantly better;
these resuits; though less conélusive than our results on the syntax
learniﬁg, sﬁggeét'that the restriction hypothesis predicts the data
better than déeé.fhe.motivation hypothesis,

We also saw that the semantics system {correct number responses)
was learned by the subjects., There was some evidence that before the
subjects were in a state in which they always answered correctly, they
were guessing numbers which were sums or differences of the two numbers
presented in the sentence.

Do.our results suggest anything about language learning in generall?
It is of some interest that a finite automaton did not turn out to be an
appropriate representation for the subject in our experiment. Of course,
the language we dealt with was a finite language so that it is not a
question of generative capacity. Our 1-MS is much weaker than the
general PDS automata. On the cther hand, a crucial part of the PDS
structure remains in our version and distinguishes it from finite
automata, This siructure is that there is memory besides the state of
the automaton. Perhaps our experimeptal results are generalizable to
more complex languages, including languages with loops, which we have
not congidered at all in this study.

Our results on semantics suggest that studies of syntax learning
that do not include a semantic model may be losing an important
component of syntax learning. The results seem to suggest that semantics

acts as more than a motivator,
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In general, we feel that the value of our study lies_in-the fact
that it provided experimental evidence for the kind of automaton a
person could become, The predictions from the automata included both
predictions about whether a person who became a given kind of automaton
could learn a given language, and also predictions about how a language
would be learned. These predictions allowed us to distinguish be tween _
various kinds of automata., Perhaps fqture‘work on. more complex

languages will confirm our results.
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AEEendik I. Transformational Rules for Arithmetic_

Our purpose is to list the transformational rules for a subset  of .
spoken arithmetic in English and Japanese. We do not give any discussion
of the rules. Our goal is mainly to show that spoken arithmetic can be
generated by a miniature linguistic model having the properties of the
model discussed in Section III.

Notation is the standard linguistic one. All transformatiens
(except the lexical ones) are described by an analysis, which is a cut
of the phrase-marker of a sentence, and a permutation of that aﬁalysisu_
For each transformation, we call the analysis A and the permutation P.
When we write BLOCK, it is the same as writing the empty string, but we
do it this way for graphic purposes. The transformations are orderedl
and, éxcept for those labelled otherwise, are obligatory. The trans-
formations apply to the base in Table 1.

The BLOCK trensformations are used to delete strings that do not
have the proper number of x's (variables) for the given séntence; This
is-related to the discussion Qf base stringé whose meaning is empty in
Section 1II, However, some strings are deleted whose meaning is net
empty, namely, strings with more than one variable, since there is no
natural way of asking such gquestions in the spokenlianguage, especially
when the twe variables are not adjacent,

In the rules, capital letters X,Y,2 are variables taking strings as
arguments, When such a ieftér appears, any string can be inserted.

Small x is the variable in arithmetic.

= 107~




English Trafsformations

. Lexicon

~ Zero

- one
two
-~ three

~ four

E R S T O N I |8
1

= five

1l
1

equal

-+ = plus

= = minus

e w'times

/ = divided by
(~¢

) - ¢

B. BSentence Transformations

l. T A= X,x,Y,x,Z )
BL1 P=122345 " = BLOCK
2, .TQWhl A= Q. X,x,Y,=,2
. P= 123456 - 2 what 4 is 6
3, TQW A= Q.X,=,Y,x%,2
wh2 P= 1234568 - 2 is 4 what' 6
4 Tpro A= QX
P= 12 -~ BLOCK
5, T A= X,x,Y
BL 1) 1)
3 P=123 "= BLOCK
6. TQ A= Qu,X,=,Y
N P = 12 34 - Does 2 3 4
7 Te, S A= G, {,N,+,N,)
) P=123456 ~ Add 3 and 5
8, Teg A= C,(,N,-,N,)
P=123456% ~ Subtract 5 from 3
9 Ty A= C,(,N,.,N,) .
P=123456 - Multiply 3 by 5
10, TCD A= C,(,N,/,N;)}
P=123456

- Divide 3 by 5
~108 .- - '



Japanese Transformations

Lexicon
— Zero

> ichi

P san

A
0
1
2 -'ni
3
4 - shi
L

- go

I
1

wa

+ . tasu

- - hiku

. = karu
/ - waru
( -9 .
e 2

B. Sentence Transformations

1. T A= X,x,Y,x,Z _
. BLL. P=12345 - BLOCK’
: 7 \\
2, T, A= 2N 5L/ 3N,=,N . ml
Qwhl QWh ‘A/ kar
s P= 12 3 456~- 12 3. t0.6
0 e
3, TQW' A Qwh;x,x,v
: f’hz" ‘P= 1234 - 2 ikutsu 4 desuka
e Toro A= QX
P= 12 - BLOCK
5. T, A= X,x,Y |
3L3 P=123 - BLOCK
A T | |
P = 12 ﬁf' - 2 desuka
7. ‘TC A= C:(st\“/ ’_N’)
P =

123 4 56 = ﬁ5> 4 te kudasai_
. . n1
\\ de

In thlS last transformation we have 1gnored a morphophonemlc rule that
.takes, for-example, tasu + te ~ tashite. s :
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Appendix Il. Experimental Instructions for Part I11, Group S

Part III will probably be more difficult than the other parts. . The
instructions are somewhat complex; so listen carefully., You are géiﬁg |
to learq gome simple Japanese sentences. Each sentence contains six
words., You are already familiar with all the words. They are all either
the four words you became familiar with in Part I or they are thé_nuﬁbers
you learned in Part II. Your first job is to learn to predict what the
order of words is in each sentence, You will hear a tone (or a bleep)
on the television, Then you will write the letters for what you think
the first words can be in the first box. If you think the word will be-
one of the four words you learned in Part I, write the first letter of

~that word, for example, T for tasu, However, if you think the word will
be one of the numbers vou learned, write N fﬁf;ﬁﬁmbefu ﬁememBéf;.do not
write the first letter of a particular number, féthef writé N for number.
In some sentences, in some positions, it is possible that more than one
word could-oécﬁpygthét pbéitiona' In fact, sometimes two words ééﬁld
possibly occupy a position.- If you think only one word can occupy a
position, write the letter for that word before the comma in the box,

If you think two words could occupy the position, write both words, one
befofe and one after the comma;. Remember, in somersengences, in some
positions only one word would be éorrects and in some positions two words
would be correct. So do not always fill the space_aftér_tﬁe comma'.
because sometimes only one would be correct. The patterans:are such that
sométiﬁéé é'precgding'word'éan influence what words can later follow,

S0 do not write ali six answeré at one time, Always f£ill in just one box,
theﬁ‘ﬁaif.for iﬁeunegt wofd to.be:spokenq~ ?ou-ﬁave ajfew-seéoﬁds f§ méke




your prediction. . Then the actual word of the sentence wi}l_bg said.by.
the speaker,  This.may be only one of the pos;ible words,that_mightm
appear at that posipioh. If yop'ﬁreQi;ted.thigfword you were corﬁgct{
If you pxedi;ted_another.word you might”havg been_qorrectu' singg_at
most two.words cépld have come in that position, if youupredictgd:two_”
words and pmeither was said by the speaker, at least one of them was
wrong.,

. --+After you hear the first word of the sentence there will be a few
secqndsf pause and you Will then predict the -second word of the sentence,
_ Then the third Wofd{ﬁill‘come&”and so on, for the six word$°_ ?lea§e do
not-write any answers after you have heard.the correct word. Wgyhgvéhpp
trust you,.qnd"it is very important to us to get your answersﬂbefo;exJ
_you have actually hea:d_;he.correct”answe;, Look at yqpr.answggishegﬁs,
Each row is for one sentence.,  The row of six boxes is for the six
predictions of the words in the sentences. The comma is there ;gtha;
you may p:ediqt_twojworﬁs if you WiSh§ Please predict:only wordq_thgt
you . feel might be correct. 1f you_have some feeliﬁg that_they are
.correckt, write them. But do not make completely wild guesses. If you .
do not know any word you want to predict, put a dgsh inrthe‘bqkuapd
write the next answer in the next box, Are_thgre.any questions abou;
this part of the procedure?

_There‘is.one_thing_more to this part. Please listen ca:éfullth__
Each of these sentences is an actual Japanese sentence, And each one is
a sentence asking a question in arithmetic. The guestions are about
addition. In algebra the questions they ask would be expressed by the
equations, for example, "l plus 3 equals x," "1 plus x equals 3," and

"x plus 1 equals 3." That is, the required answer is the value of x,
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These are the bnly sentences you will be hearing, -In English, the
questions Woﬁld'be; perhaps, "1 plus 3 equals what," "1 plus what equals
3," and "Whataplus l:equals'3?“ Note that the answer to, séy, "] plus.
what eqﬁalé-S“ is 2" whereas the answer to ™1 plusiB'§QUéls'What"'is'
"4," That is, the answers are differert, It is also your ‘job in this
part'tﬁ'leafn the meaning of these Japanese sentences, that is, to learn
what questions the sentences are asking., Remember, the sentences all
have the meaning of one of the 3 algebraic eguations I mentioned before.
After you have heard the six words of each sentence repeated slowly,

and yoﬁlhave made your ?tedictidns,”ydu will hear the same sentence,
‘repeated at a more natural speed. Then you have a few seconds to write
the answer to that semtence in the box to the right of_thé six boxes
andféépaféted from it, Then the numerical answer will appear on the
screen, For example, if you think the sentence asked the question (in
Jaﬁaﬁesé), ®x plus 1 equals 3," the number 2 will appear., If the
qﬁeétioﬁ is "1 plus 3 equals x," the number 4 will appear. Once again,
please do not write any answers after you have seen the correct answer.
If you do not know an answer put a dash in the box. Do not try ‘to write
the.JaﬁanéSe number for these answers. Simply write the digit, The
answers are any number from O to 9, After the numerical answer appears
on the screen, a tone will once again be heard.” This is your signal to

predict the first word of the next sentence. Are there any questions?
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