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

Kenneth Norman Wexler

Stanford University
Stanford, California 94305

I. Introduction

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 artificial languages. Crothers

and Suppes (1967, Chap. 6) analyzed the learning of SOme Rus"ian syntax by

American college students, making predictions based on alternative cancep-

tions of generative grammar, but did not obtain significant differences

based on these conception".

The main thrust of 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·trial changes in learning, but rather to 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 automata, made predictions from them (and perhaps

some auxilliary learning assumptions), and then tested these predictions

against data from a learning experiment to distinquish between the models.

Another question we wanted to consider is the role of semantics in

language learning. There are two questions here. Fir"t, what effect
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does the introduction of semantics have on syntax larning? Miller and

Norman (1964) suggested that perhaps semantics has no direct role in

syntax learning, that iS,it gives no ihformation'to the subject which

he uses to learn the syntax. Rather semantics may have only a motivating

role, Minsky (1968, p.20), ()n the other hand, con",eived of semantics

play-ing a very, impor.tant, pa::rt-tJ:l the understanding ofsyni;axi, namely, he

claimed that ·s~mantics,;restricts the range of,: sY!1tactic; strqctures tha,t

a-sentence ,can nave. This_,latter view 8ugg'ests that semantics may have

t:he sameeffec;t_on,syn_~;?J.x:learni:t:lgo .That is) the;, introduction of

s~man-tics ma,Y= a:i.dsyntax :l:e~a:rning J;lY restr~cting, thepossil)l,e: syntactic

"",s.tructur~s"

A,'se.coI1dary qu~,s.,-t:i.on w.e;' wanteci, to'cOIF:Jid,e,I::-',: that is, 'relevant to

semantics is how the semantics itself is lea.rued, We wanted, to look at

;?-.,,simple;semaI1;-tic ,system to se_~:ifwe coulet- say anything: precise ,.fib:out

semi81.ntics le~rning:. This wl3.s.. necessary""because almost:no wqrkhasbe,en

dgn.e "n. semantics learning . A recent book (Minsky, 1968) contains a

number of'artic,les:wh~chdescribe-various,at_tempts to' introduce, se~ant~cs

int,o compu.ters. Bqt, 've-ry little ,is said &1.b.Oltt ,how a comput.er,~ight _lea:rn

these system~.

The,aboye di~;scussio_ns- pu,t a number pi ,rt8ql!irem~nt_s, onou:r, choice;of

experimental materials, The material had to

Ca) be drawn from natural language,

(b)· have a simple automata ~tructure that. we gould specify, and

(c) have a simple semantic~ that we could specify.

These requirements were met by the materi-al we chose , which is a

sub-domain of the set of arithmetic sentences in Japanese. Spoken
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arithmetic in Japanese has a simple syntax that we could specify . T!>e

semantics of the system is simply the semantics of arithmetic.

To ~ive some idea of 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 arithmetic:

1. What is two plus three?

2 ; What plus two is three?

First note that the syntax of the two· sentences is different. Qna

simple level , although the words in both sentences are the same, the

order of the wordsis·different. But this is not the only difference

between the two "sentences; the meanings of the sent'eneas also differ.

We'took as'the,-meaning (o'r 'semantics) of such a sentence its' correct,

answer in arithmetic. Thus~- denat,ing meaning-;by A,we have A (Sent,enca

1) = 5 and A .(Sentence 2) = 1. Clearly ,the meaning of·these sentences

doeS not depend only on what words they contain 1 for sentence land

sentence -2 contain the same words:'''yethave :different meanings" This of

course-is exactly the same state of affairs as in naturalil,a,nguage in

general, e;g. ,11.John loves Mary" is (alas) 'different in meaning from

"Mary:love's John. H

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 considered are-generally propositions,

not questions. ,However, we can consider a question to be derived by a

transformation from a proposition with a variable init,andwecan"then

. Say that the meaning Of a question is that wordar phrase (in our case
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number) which makes the underlying proposition. truewith:r:especttCl the

semantic model.

These constde-rations are discussed more precisely in Section I-II.

Since' they a-re not' central to the major reason ,for- our formulation of

the experiment, we iwill: not dis'cuss them further. Before' we turn -to_a

brief descript ion of the experiment we want, to poin:t 0utthe obvious

fact that the experiment deals with only a verysmall,limited.,system

of language. While 'our 'ultimate goal , of course j is to-unde:rstand the.

course'of -langua:ge' acquisi-tion'in general ,owe have ':chosento worl~ with

a small',-:experiment so. that we can 'formulate -precise thea,ries which are

also 'precise'Ty -testable. The rich,..nature of)spoken language in:evena

young::child makes precise test,iog of, for, example ""automata models'v.ery

difficult if they are to apply to the whole range of language .. For

exampletone':af ~;the<mairi point~s of our study is the compar.ison af;,two

automata, bot'h of which predict" learning, at asympt.ote.' "<;Discrimination

between the automata is possible by comparing details of learning. If

we" were to :"app'lythe same procedure to a large'range.of nat,uraL,:languag?,

we would first have to'write automata to describe this , language. We

prefer to leave this task as an exercise for the linguists; Thenjwe

would have,.to preciselY,iobse,rve"the course;of language'acquisition~

. Although a l1umberof··.investigators. have studied, say, childlaI)guage·at

a few-given points :,'of. timei"wery little .of a systematic nature has :been

said about;the ,course of-,developmentovertime.

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 sufficiell.tlysimilartCl thqse
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; demanded by- linguistic theory that ,we call them a ".min..i?,tu;r~ lingui;stic

system." In the experiment sUbjects le"rned synt"x by being exp9sed tq

sentences 9f this system. We did n9t te"ch them "nyrules. There seems

t9 be gener"l"greement th"t rules are not directlyt"ug)lttochildren

learning a first l"ngu"ge. Also, it is commonly said that t)lebest way

to learn a second language is to go to a country w)lere thatlangu"ge is

spoken.and learn it, not by learning rules,·but by being exposed to the

language. For these reasons we did.not present rules to the sUbjects.

In general, we feel that the experimental ,situation <provides a reasonable

model of some (though certainly not all) of the conditions of language

learning. This is especi"lly true. of the sentences ,that are presented

with,associated

The Experiment

11 • IImean1ngs ..

A complete description of the experimental method "ppears in

Section IV. Here we give only a brief over-view. Before specifying

exactly the set of Japanese sentences used in our experiment, I might

mention briefly a pilot experiment in which we used a much broader range

of sentences and a different experimental method 0 The materials were

sentences that contained two numbers and a variable and the four

operations: addition, sUbtraction, mUltiplication and division. The

base sentences, in other words, were of the form x + 2 = 3, 2 + ~ = 3,

2 + 3 = x, plUS the same sentences with the other three operations

instead of addition. The integers 0 to 9 were used and only sentences

whose correct answer was positive or zeroo The sentences were the

Japanese sentences derived transformationally from the above equations

(see Section III). A SUbject, an American college stUdent, he"rd a large
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number:;of these sentences ,-that is ,he saw a Japanese speaker "saying them

on television,,'; and after' each sentence saw the,correct ans'wer appear on

thescreeri. The· sUbject~s'job-,was to,wri te the correct answer in the ,-"few

seconds provided between the time he heard the:sentence and,the aI;lswer

was preSented. ;,Tb give an:example, using,;English instead-.'of ,Japanese,

the speaker might say,'''whatplus two equals five?" A few seconds

traI;lspired, and the digit 3 was flashed on the screen. The'subject',who

was told the correct answer was a digit from 0 to 9, tried to write the

correct answer in the time before it "appeared on the screen. The ,next

stimulus might be, "what, is 6 divided by 31," and the presented answer

would be "2." The only Japanese the,:subjects knew before these

seI;ltences 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 numerals.

Subjects did not learn in this experiment. ,After eight experimental

sessions of about 45 minutes each, no SUbject had yet learned, and it did

not look as if they would. The proportion correct did go up over days,

but analysis of the results suggested that this was mostly because

~ubjects were guessing better, that is, their answers were drawn from

the possible set of answers given the four operations and the two integers

they heard. For example, with the two integers 2 and 3 in a sentence, the

only ansWers could be 5, 1, or 6, since 3 divided by 2 is not an integer,

and the subjects knew that the answers were integers. So here the SUbjects

learned to guess 5, ~ or 6 on a sentence which contained the integers

2 and 3.

Since the SUbjects did not learn the structure on this experiment,

there is little interesting to say about it, and I shall not discuss it
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in any 'more detail, The experiment was u'seful, however, fo:rwe 'saw how

to modify it to obtain more int'eresting results. First, it seemed that

the maferi-al was too complex. The' sentences we used made up a large

portion of the (short) sentences obtained by our grammar. Since this

was too much,it was decided that the material in the main experiment

was to'belimited to the use of' one, operation, addition, Second, for

the same reason's, we used only:theintegers from 0 to 5. Third, the

method of presentation 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 complaip.ed that they could not tell

what the words were (ioe., they could 'not segment), in ,the new'experiment

pretraining Was given on the 11 funct ionll 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:~wo number words

and a variable. That iS 9 they were the kind of sentence whose meaning

was'the~nswer. They were the Japanese sentences whose base sentences

(see Section III) were of the form x + N = N, N + x = N, or N + N =·x,

where N waS an integer from 0 to 5. In. Japanese these sentences read,

respectively, llikutsu tasuN wa N desuka , " llNtasu ikutsuwa N 'desuka, II

and"N tasu N waikutsu desuka, II where we allowedN to stand for any

integer. II IkutsuTl means "what. II "Tasu" is Japanese for II add.1i
11 Wa"

is a Pbst""'position, analagous syntactically to English,prepositions, but

occurs after a noun. !'Desuli
-" means II. "lS and Iika'~ is a:questionmarker.
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Thus, a typical sentence our subJects might hear was, "Ichi tasu ikut.su

wa san desuka'l (ll ichi" is land II 11san is3), none plus what is three?11

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, Hikutsu" II II tasu ,11 IIwa ," and H desuka. 1l

They had to write the first letter of the word when they heard the word

spoken by a Japanese speaker on closed~circuit television. Part II

cons-is ted of paired,..;associate training on the,Japanese integers from 0

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

the correct answer appeared 0

Part III was the main part of the experiment, for which Parts I

and II were necessary pretraining. Here the subject had to learn the

syntax of the addition 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

attention-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 lIikutsu" or a numeral. The

s~cond position was always I1 tasu ." The third position could be lIikutsulf

or a numeral, if'the first position was a numeral, but if the first

position was lI.i-kutsull then the third position had to be a numeral. In

the third position we see for the first time the influence of the history
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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 "ikutsu. II Once again the influence of the past

history of the sentence is seen. The sixth and final word had to be

II desuka."

After the sentence was spoken slowly in thism~nner, i~ was s~oken

again, this time at a mor~ normal rate. At this point we considered

two groups of. subjects. The semantics group (group S) now had the task

of answering the Japanese question they had just heard. The sentence

was repeated so that the sUbjects would not have to remember the

semantics while concentrating on the syntax in the first part. After

the sentence was read for the second time', the sUbjects wro~e a numeral

from 0 to 9 which was supposed to be the answer to the question. After

the answer, a digit from 0 to 9, appeared visually on the television

screeu, the next sentence was presented, slowly.

The other group of subjects did not have this semantic task.

Instead they had some other task, or none at all, depending on the sub­

group in which they were located. (All of these experimental details

are presented in Section IV. If they are not important for the present

discussion they will be ignored until then) For th~ non-semantic (8)

group, no number appeared on the television screen.

The reason for running group S was to observe the effects of

semantic practice on the learning of syntax. (Only group S was needed

to 'study 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 ~otivatoronly, then w€,have no
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re&i:son;"to "',:expe~'t,a.di:(ferential:effecf'on th~ six responses, That is,

'gro~p S should do better than group S on all responses in the syntax

learn1ng'task. If, on'the other hand, semantics helps syntax learning

by 're'stric\irig"the ;oss'ible structures, "'then only those responses on

which the semantics actually restricts the possibilities should be

'helped. These considerations will be discussed somewhat more completely

in: Sectioll'III , which deals with the semantic model.

Part IV of the experiment was carried out as a check on Part III.

In this pa.rt 50 sentences were presented, 'half of them II grammat ical" (G)

and half lTungrammaticalli (U). G' sentences were sentences of the form

pres'e'nted 'iii P,irt III, U sentences, with the exception of four sentences

which we do not discuss now, contained nikutsuli twice and only one numeral"

~he second Hlkutsu" occu.rred where one of the numerals would occur in a

G sentence. Otherwise~ the U sentences were just like the other

sentences. An example 'of it U sentence is" ikutsu tasu 1 wa ikutsu

desuka. II The' sentences were presented one at a time, and the sUbj ects

had a few seconds to write a 1 for grammatical or a 0 for ungrammatical.

After the correct answer, a 1 or a 0, appeared on the screen, the next

serit~'b.ce~as"presented.

Part IV was a check of Part III in the following sense. One of

the main things we wanted to find out in Part III was whether the SUbjects

wouldlearh the syntax, in a sense to be defined later. If subjects

had learned in Part III, then they should learn Part IV quickly, since

the information needed in Part IV was a sub-set of the information needed

in Part III. Specifically, SUbjects who had learned Part III should

learn'Part IV more qUickly than subjects who had not learned Part III.
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If the difference in learning was not large, we might believe that

subjects who had not learned Part III by our definition had nevertheless

l~arned much Of the structure.

A summary of the three things we are looking at in this study is

1. Most importantly, syntax learnil\g,

2. The influence Of semantic practice on syntax lea.rning, and

3. Briefly, semantics learning.



II. AlltomataTheories for Syntax Resporlses

In this section I shall define various ki.nd s of aut9mata to see how

to make pJ;'edicFions fromtl:).e~ ~b9ut syntax l!!'"rning in the ",xperiment.

Definitions of automata .\Vill .I).e. n"''''de.d in the course of .th", th",or",tical

d",velopment.

discussion of them is given, si~~e there ~r? ,mapy adegu~~e sources for

such discussion.

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

keep notation standardized in psychological applications of automata, I

shall follow the notation of Suppes (1968), which is in ",ss",nce that of

Rabin and Scott (1959). However, the model of an automaton given ther",

is not quit", what we need to mod"'l this exp",riment. The model is

appropriat", in that it is a recognition d",vic", that decides what strings

are acceptable, but the only way it does this is to determine whether the

string brings the machine to an appropriate final state. The final state

does seem to have psychological justification, relating to the end 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 possible

inputs after· each input. We could define 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.
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The problem is that in the Rabin and Scott definition, the transition

function M is a function from the Cartesian product of the set of states

and set of inputs 0 So this transition 'must be defined for every state,

input pairo There is a state-diagram for a finite automaton that

describes our language in Figure 1. From each state only a few inputs

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

which they do not apply into "collection" stat"e 1 ' which then cycles

back to itself with each input and is not a member of the- set of final

states, ~o that no such string will be:accepted. But if the sUbject is

to make his respons'e~on the basi's of what input's c.an come next in the

au_tomaton, there is nothing to prevent him from pickin'gt4,e :,i.!iPU1;S',,"t,hat

go to this "collection" state 1 u.nless he makes extensive calculations

about what can lead to a final state. This seems unreasonable in the

limited amount of time he is given.

A model does exist that captures the properties we want. This is

what Ginsburg (1962) calls an "incomplete I-automaton." We follow

Ginsburgls development, using as much as possible the notation of Rabin

and Scott. Since the class of languages generated by incomplete I-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 follows Suppes (1968).

DEFINITION: A structure ij = (A, L, M, SO,F) is a finite 0eterministic)

automaton if and only if

(1) A is a finite nonempty set (the ~ of stat~s),
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Fig" 10 State-diagram for the finite automaton;' .
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(2) E is a finite nonempty set (the alphabet 22: inputs),

(3 ) M is a function from a subset of the Cartesian product--- ---
A X E to A (M is the transition table) ,---

(~) So is in A (so is the initial state),

(5) 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 pr9duct.

E* is the set of finite sequences (strings or tapes) of elements of L,

A by the following:to

inclUding the empty sequence A. The function M is extended to a

'"A X Efunction from a subset of

*DEFINITION: Let CJ l' . ~ 0 , O"k be a string in E and let s be in A.----
M(s, aI' ... , O"k) is-said to exist if each state sl = s and- -- -
si+l = M(s.,O" . .) exists, for i ,. k. When Mes, crl' . .. , 0" k) exists, ,it

1 1

is defined to be the state

DEFINITION: ! string x of ,,* a,'"' is accepted by VA if and only if

exists and is in F. ,A string accepted by '!l is a sentence of

DEFINITION: The language generated by 'll is the set of all--------
strings accepted by'll.

At this point I want to consider some special definitions that

attempt to model what the subject had to do in the syntax learning 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 +inite automaton, ,we can define a

notion of response that captures. the process of the subject' s response.
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DEFINITION,Ttle response r of the finite-automaton CU is a function

from the set of .states A to the set of subsets of inputs 21: such that

for sEA,

res) ; {cr E I: such that there is .an Sf E A such that M(s,a) ; s'}.

In other words, given the state Of the automaton, r is the set of possible

next inputs, The motivation for defining "response" is that if a sUbject

in our experiment l'beca.mE{~ 'i3. finite automaton and his task was to w:ri te'

the next possible inputs,he woulctcto so based on his current state, i.e.,

produce the II IIresponse 0 To give an example, consider the finite aut-

omaton ,. Figure 1 shows that M.(so' N) ; sl and M(SO' 1) ; s2 and

that there is no· other input a such that M(so,a) exists. Therefore,

by the definition, r(so); {N,I}. Likewise, dsl) ; {~} and r(slO); ¢,

t.he empty set. The function r· is computed in the same manner for the

other states .

.Instead of defining the finite automaton 'as a recognition device and

then constructiIlg theTl response" Of the automaton, we :might-n9.te another

possible approach to modeling our experiment would be to define the

automaton as an qutput d~vice, or a Moore machine" That is, each time

the machine reached a state it yielded an output that depe~ded only on

the current state . For our purposes the output would play the role of

response in the current construction, and no' specialdefiriition of

response would be-needed;

A problem with this approach is that an entirely new output function

omatori

2
E

as

would have to be defined. Let a be the output function and the aut­

~, as in Figure 1. Then the output alphabet would be defined

, where E; {N,I,T,D,W} and set, for example, o(so) ; {N,I} and
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In other words, i tis,. c.lear that we wg,uld,set O(s,), r(s, ) ,,
By adopting our method we ,hav<o ,!ctuapy defined an O\ltput, The important

point is that a natural method has been provided for finding the output

insteado,f arbit,rarily ,assigningtlle appropri~te values.

L now ;return to., our development 0

,,* ,DEFINITION: A language L is ! sub-set of '-' An initial segment z of

L, is! string z E L such~ _ther!'. is ! string w E (!:* -{A}) such

that zw E L

The elements of L have been excluded from being initial segments,

because this is useful for experimental purposes, For other purposes,

it might be desirable to include them. Denote by '(L) the-set of all

ini tlal:· se'gments of L.

DEFINITION: The next-word function of L is a function n from ~(L)

to (2!: - {A}) such that if w E~(L) (.! .~., w is an initial segment of

L) , then new) = {IT E !: such that there is a z E !:* such that WCfz E+----
In other words, given an initial string, n tells us what letters may

come'next. Note that in the above definition n(A) is the set of ini'tial

letters of • L.

DEFINITION: Let & he an automaton and L be! language. We say that

U responds correctly to L if (letting r be the response of W, and

n be the riex't-word function of L),

(1) r(sO) ~ n(A),

and for all x E.<""eL) - {A})

(2) M(SO'X) exists and r(M(sO'x» = n(x).

This definition explains what we mean by learning syntax. A sUbject who

: """""

learns the' syhtax will "respond correctly 0 II That is '. he will give the

appropriate next possible words.
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Now,coni:;,:l'de'f.~aj{' automa'ton"'io':r' the sample of Japanese arithmetic.

As meIl'tioIl~d inSec!f1on I, we do not have to consider sentenMs that

differ on.l;Y iri t'he' numeral~ th"y us,,~ We can assume that, due to our

ins truct ions, thes'uhJectcbH~sanurn:eral he he'ars as N-. At any ra.te,

the. responses contain no individual 'humeral', only N; and' our theory aims

...toexplafri"t'he' responses. Using the notation of the first letter of a

Japanese word to stand for that word and Using N to stand for a numeral,

there are exactly three sentences in our language, which we will call J.

A t·ransitiontable for a finite automaton r such thatT<t) "J is

shown in Figure 20 This automaton has the state-diagram,shown in Figure 1.

where

A. simple calculation shows

,;; lO}, L: = {1l,I,T,w,n} and

that' responds correctly to J,

and that T()/,) = J. Therefore, if we assume that our learner becomes a
V

finite automaton, we would predict that in the limit he will learn the

can bothandbutor

syntax of J in the sense that he will respond correctly to J.

However, the intuitive feel of the automaton , is not quit" right.

The states do not seem to make psychological sense. For example, after

one input, ; is in either

accept T. Since in both sentences T app~ars at the same.~~me, some-

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

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

should show up in the state structure of the automaton. The next

- 18 -



N I T W 0

0 1 2

:3

2 4.

3 5 6

4 6

5 7

6 8

7 9

8 9

9 10

10

Transition table for the finite
automaton j, For simplicity, a
state· is denoted i instead of
si as in the text,
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definition yields a kind of finite automaton that seems to have the

propertie,s we want 0

DEFINItION: An ordered-state finite automaton (OSA) ~~, finite'''sutomaton

~ thst'foraH i,)j ,k II ":M(si 'O':j).~ .,M(s,-jO"k) ~,then

Mes.,O'.) = Mes. 'O'k)'
1 J 1

It follows from the definition that at any given time' (i.e., after a

given number of inputs) there is only one state that an ordered-state

automaton can be in, no matter what the past history. The ordered-

state automaton is of interest to us mainly where there are transitions

that are not defined, In an ordered-state automaton, if all transitions

are defined, that is, if Mes,O') exists for all states s and inputs

0', then clearly for any integer 1<, either all strings of length k are

accepted or none are. That is, whether the automaton accepts or rejects

a string depends only on its length,

To us it makes a lot of intuitive sense to suppose a sUbject

becomes a sequential automaton. The state of the automaton is directly

linked to time. The subject can learn where T appears, in a sense,

by learning that it always 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 ~ is an OSA which responds correctly to J. Recall

J = {NTNWID,NTIWND,ITNWND}. Since ~ responds correctly to J, M(sO,I)

and M(sO,N) exist. Therefore, by the definition of an OSA, MesO,I) =

MeSo,N), Call this state sl' and set MeSl,T) = s2' Therefore

MeSO,NT) = s2 and MesO,IT) = s2' Therefore Uetting n be the next-
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word function of J and r be the reSponse of· ~),

r(s2) ~ n(NT) and r(s2) =n(IT) ... Therefore n(NT) ~ n(IT).

Inspection of J reveaTs· that

n(NT) ~ {N,I} and nOT) _. {+ Therefore !l(NT) f nCIT).

Therefore we have a contradiction, and the theorem is proved.

Since there is no ordered-state automaton that responds correctly

to J, we can predict that if the subject becomes an OSA, he wonit learn

the syntax of J, that is, he won't respond correctly at asymptote. In

fact, this was the first hypothesis we developed about the experiment.

It is interesting that we can predict the subject will not learn

from assuming that he becomes an ordered-state automaton independently

of arty' assumptions about the- 'course of learning, that is , of -the trial-

by...;,t'riaT'·changes in the subject ~ s responses' or even his automaton. The

prediction rests upon the way the sUbject structures information. An

ordered-state automaton severely limits this structure. If we add the

additional assumption that the automaton is loop-free, it is clear that

the language generated by an OSA must be of the form A
1
A

2
...A

n
(where

in t'he language 'of regular expressions:, or, in other words, a

Cartesian product 'of sets ofinputsQ Of course, there is no such

representation for J.

If the subject ignoreS the past sequence of words, except for letting

them tell him at what point of time thein.put is, his responses will be

simply those words which can come at the next point of time for some

input string, and his sequence of responses will be NI,T,NI,W,NI,D

where NI indicates that both N and I were placed in a box. This,

of course, can be cast in the Cartesian product form and be generated by
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an ordered-state automaton. Indeed, this is the; automaton one would

expect to find in the subject's responses if he becomes an OSA .. A state

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

Although we have shown that no ordered-state finite automaton

responds correctly to J, it is still possible that in some sense an

OSA might respond correctly to J in the limit, with probability

arbitrarily close to 1, so in practice we could not rule out such a

machine. To investigate this possibility, we make the following:

DEFINITION: The probabilistic response r of the finite automaton ~

is a set of random variables res) for each state s of ~, taking

values in 22:. The automaton, response-pair (~,r), responds correctly

up to € to a language L (for e > 0) if

(1) Pr(r(sa) = n(A)) > 1 - e,

and for all x E -t (L) - fA},

(2) M(sa'X) exists and Pr(r(M(sa',,)) = n(x)) > 1 - e.

DEFINITION: Let (~. ,r.), i = 1,2, ... ,
~ ~

be a sequence of ,pairs of

finite automata and probabilistic responses for the automata. We say

the sequence ~ respond correctly with probability 1 to L if,!£E

all e > a, there is ~ integer N (depending ~ 8) such that (~,rN)

responds correctly up to e 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, later automata in the sequence get closer to responding

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

- 22 -



Fig. 3. State-diagram for an ordered-state finite automaton )d' .
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probability' 1 definitions. But 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 sequence (m,r) of automaton, response pairs (mi,r
i

)

where each is an ordered-state automaton such that (~,r) can respond

correctly with probability 1 to J.

Proof: Suppose is such a sequence. Pick € < .J:.. 2 and let (m. , r.)
1 1

respond correctly up to 8 to J. The proof is similar to that for

the deterministic theorem. For this automaton, response-pair, since the

automaton responds correctly to J, M(So,NT) = s2 exists, and

Pr(r(s2) = n(NT» > 1 - 8 > ~

'OSA, .by thesalUe argllment as in the . last theorem,

Pr(r(s2) = n(IT» > 1 - 8 > ~.

But inspection of J reveals that

n(NT) = {N , I}

{N,I}) > ~ and

and n(IT)

Pr(r(s )
2

= {N}. Therefore,

{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 a finite automaton of

the non-ordered-state type, such as I-? Somehow we would like to find

an automaton that preserved the ordered-state 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, which differ slightly, may be found

in Chomsky (1963) and Ginsburg (1966). However, we do not need- anything

like the full power of the PDS automata. We are not introducing the PDS

to obtain more 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 a.'.special caseaf what Chomsky c,alled a Iltransducer,", but we do not

consider the machine as a mapping from:~nputs into memory strings as a

transducer: does. 'I'h-e essential struqture is the same I because oeither

a transducer nor:'~ur'm-acbJne allows erasures I and t~us, neitherallows

past memory to, be inspected by the machine . 'For ourpllrposes we only

need one,· element in memory at any given time, and this again is different

~'from a·, general PDS. Our machine is also deterministic. As far as we

know;,·,"an' automaton exactly like ours has not 'been defined in the

,<literature. As far as possible we will try to make our definition a

special' 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 can be defined

in a manner "similar to that for finite automata.

DEFINITION: A structure m= <A;~;r,M,zO,so,F,e) is a I-memory store

(l-MS) if and only if
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(1) A is a nonempty finite set (states),

(2) ~ is a nonempty f inite set (inputs) ,

(3 ) f is a nomempty finite set :~memory' ,elements),

(4) M is ~ function from a subset of A X ~ X (fU(e}) ·'to---
A X (fUres) (M is the transition table) such that---
a) M(s,Cf,m) M(s,cr,m) I

if exists, then '" (s,e) if and

b) if M(s,Cf,e) exists then there :is·no:m:E I' ..such.~

M(s, Cf, m) exists (the deterministic condition),

(5) Zo is an element of I'(zo is the start push-down symbol),

(6) So is in A(SO is the start ~),

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

(8) e is not in f (e is the empty memory element) .

Actually there is little difference between the foregoing definition and

the usual PDS definition. What makes our machine a "I-memory store" is

the manner in which it moves. The way we conceive of the l·MSas 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 membryelement to another one.

In order to realize this process we define the following function M'

*from a subset of AX ~ X f to A X r .

*DEFINITION: Let Cf
l

... v
k

be a string in ~ , and let s in A and

m in f.

states in A, 8
1

, .. " sk' where 8
1

= 5, and a sequence of memory elements

in r, m1, .. "rnk+ 1 , and such that for i ::;;, k, either

(2) (s. l,e) '" M(s.,Cf. ,e)l+ "11
exists and
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When M' (s'Ol" ,Ok,m) exists, it is defined as (sk+l,mk+l )·

We have defined the function as MJ instead of M, inasmuch as it is not

quite an extension of M, because when k ~ 1 we have

when M(s,Ol,e) exists. Since it will not cause confusion, from now on

we will call this function M instead of M/ ,

Now we can see what e does in the definition of a I-memory store.

When a transitionM(s,cr,e) ~ (s' ,e) exists, it means that when a l-MS

is in state s, has memory element in, and receives input cr, 'it switches

to state s and leaves the memory element unchanged. Of course, given

our definition of a l-MS, we could have accomplished the same result by

writing out s~ch a rule for each memory element. But there are structural

reasons for not doing this. In our discussion of J we will see that

the sUbject operates sometimes as if he is ignoring what is in memory.

The deterministic condft'ion insures that the l."':MS is neve-i:' cohfused and

has at most one rule to follow. This condit'ion is similartoacdndition

in Ginsburg"s (1966, p. 74) definition of a deterministic push-down

automaton, but it does not make Ginsburg~s assumption that it is always

possible to make a next move.

DEFINITION: A string x of 2;* is accepted 'by ~ l-MS ~ if and only

if M(sO'x,zO) exists and is in F. The language T('1.l) generated by-- --
'll is the set of all strings accepted by 21.---- ---
It is easy to show that the class of languages generated by l-memory

stores is equal to the class of languages generated by finite automata.

In general we need fewer states for a l-memory store than fo~ the

equivalent finite automaton. For any finite aut9maton we can find an

eqUivalent l-MSwith the same number of states simply by adding a memory
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element which has no effect. In general, however, we can find an equiv-

alent I-MS with fewer states.

We now have to make our special definitions for modeling our

e~periment just as we did for finite automata. The definitions will be

just like those for finite automata except that, of course; the memory

element has to play its natural role.

DEFINITION: ~ response r of the l-MS ~ is a function from--- ---

such that there is an Sd in-- -- --- -- --
, I

M(s,cr,m) = (s ,m )

A X r to

r (s ,m)

such that for

such that

s in A and m in 1,

• I
A and an m-- --

or M(s,O',e)

..,
in LUte} I

(
I , 1

= (s ,m )J

We see here another reason why our deterministic condition is n~cessary,

namely f to ins'ure that the response of ~ is not aIllbiguouf?

DEFINITION: Let ~ be a I-MS and------ L ~ ~ language. We say~

responds correctly to L if (letting r be ~ response of ~, and
" .. '. """ .. ,,,.. -

n be the next-word function of L),--., ..-.-..-,.-....-
(1) r(so'zo) = n(A),

~ for all x E (>/.(L) - { A}),

(2) M(sO'X'zo) exists and r(M(sO'X'zO)) = n(x)

DEFINITION: !'!: 1:-~ is an ordered-state I-memory store if for all si

in A, 0'.
J

and a in l:
k -

and m
p

and m
q

in rUte), g M(s. ,a .,m )
, J p

and M(si,crk,mq ) exist, ~ they ~ equal.

A state diagram for a I-MS ,/ appears,'in :Figure .4. '/l. trip:ke .labeling

states has the obvious interpretation. That

is, suppose

a directed line between two
I(O',m,m )

s; ----~)o.. s ..
• J

Then M(s. ,a,m), I
== (s., m ).

J
The I-MS is
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defined as J>= (A,E,r,M'Zo,so,F,e) where A = {si,l :;; i :;; 6},

~ = {N,I,T,W,D}, r = {O'I'Zo}' F = {s6} and M· is"defined by the state-

diagram in Figure 4.

A simple calculation shows that T<A = J ~nd that ./> responds

correctly to J. It is also clear that ~ has ordered states. So,

unlike the finite automaton case, we have found an ordered state I-MS

that responds correctly to J. What is essential here is the memory

which keeps track of whether an I has yet appeared; it becomes I if

it has, and 0 if it has not. Therefore the stateS do not have to keep

track of this important history; all they do is count the number of past

inputs (i.e., keep track of time).

Now that we have found two different kinds Of automata that respond

correctly to J, can we tell which is a better model of the subject?

Since f and j:J both accept exactly the same htnguage and both respond

correctly to J, there is no discrimination possible here. If subjects

become either one of the two automata, they'w~ll learn, and so we can

distinguish them on this basis. Yet' and j/J are different;. that

is, their structures are different. How can we decide which of the two

models is a better one to describe subjects?

This is one of the major questions of our study. The solution to

such a question in linguistics usually would be based on introspection,

that is, an attempt to decide which model describes mental structure best

on the basis of feel. Our point is not to argue With that method, which

often is the only one available, but to show in' ~ small example how other

kinds of data might be available. In our case, that other kind of data

involves lea.rning. If the structures of the two automata are different,
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very likely this structural differense. is.. repested in the details oJ

learning, eve~if b~th automataprl;;!~ic:t, ~eElz:ning,at asymptotE!.

In order to make predictiof,l.s,aq<?ut learning, we must J~.ake some

assy.mptions about the Gourse of learning, but ,Our _as.E)_wnp~ions, will be

reasonably weak (though they,may be wrong) and fairly general. It

would not be easy to fit a model well to this relatively complex

exp~riment; that is not,our g~al~ ~n,f~ct, our ~ssu~ptions will not be

strong enough to predict any of the statistics of learning.

A reasonable model"for- how a" sUbject may'<become a f iuite automaton

(and learns to respond correctly in the experiment) is the following.

After each input the subject is in the correct state. That is, even

though he may not have had the appropriate transition function to get

to that state, when the input comes in it switches him to that state.

This is important because then the sUbject will have a chance to learn

which inputs may be accepted in that state, that is, what the correct

response to that state is.

When a subject is in a state and an input comes in, we assume that

the SUbject to some extent learns that that input is part of the correct

response to the state. We do this by assuming that there is an.increment

in the probability that the SUbject will include the input in his response

to that state. We need the following:

DEFINITION: !:; pair (s, (]) for s in A and a in ~ (for ~ finite

automaton ~) appears in a string x ",*in L.J if there are strings y

and z in such that x = yaz and

DEFINITION: Let ~ be a finite automaton. For each s in A, the

learneris response to s is a random variable R(s) taking values in
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DEFINITION: Apresentation schedule is ~ sequence xl' ,,;,xi ' '" of

, *strings ~!:I::. X.
1

is 'presenteci-'on 'trial 1. A pair (s,d) is

pres,,,ited6fi trial x. ~
1

The learning sequence

~R .. Q •

1

Let f be a function from [0;1] to [0,1] such that f(x) >x for

X < 1 an<lf(l) = 1:

we assume

~, letHngp,(s,O) = p:i-(aE 11'.(5»,
1 1

if (s ,0)

P. 1(~'0)
1+ '"

= {HPi (s,O»

P. (s,O), otherwise.
1

wa~ ;-pres€)nted .on·. trial i

In other words if the state and next input were presented on the trial,

the subject increases his probab~lity of making the appropriate response.

Otherwise he leaves the probability unchanged. If we assume that the

i~itial probabi~ity of including an input in a response is 0, then no

wrong input will ever be. included in a response, and the subject ~ s only

problem will be to learn the correct responses. This assumption of the

f functiop is rather gener~l and leaves room for a variety of models,

~n~~u~ing linear and ~-state Markov models. However, the assumption

does preclude forgetting, but forgetting could have been included by

introducing a forgetting function. The predictions we make would then

have turned out ,in a sense even stronger, and there is no reason to

introduce this extra complexity,

The predictions we make from this asamption are app~ied to the

finite automaton ,~ (Figure 1). The first prediction involves the

inputs T and W. W~ just consider T here, because the derivation

for W is the same. The above considerations lead to the conclusion



that, if before trial i + j + 1, letting

presentations of (sl,t) and

of (s2,T), then

,i(s') be the number of presentations
2

In, other words, the n\lmber of appearances of '1' does not count when

they bring the automaton to ,state s2 instead of sl' The same kind

of predict,ion may be made with, W replacing T. 'l'he predict;Lon is not

made for D, because i~ ~, D only appears with one state. Similar

predictions ~aybe te~trd statistically in a n\lmber of ways, and there

is no need to discuss them here, since they are discussed in Section V.

. Essentially the prediction say that there are two kinds of trials on

which '1' appearS,anq that learning '1' on one does not help on the

other.

A var~,ant:of: this predict;i.on involves co~paring learning on, say,'

the. response for the s.econd and third inputs. In the e:x;periment. the

probaqilities Of presenting each of the three sentences of J are

Pr(NTNWID) = ~

Pr(NTlWND) = i

Pr(ITNWND) =i.

O\lr assumption leads to the prediction that after i presentations of

(s,O-), p(s,O-) = fi(O), where the notation fi means function composition

of f, i times. So if there are t trials in all,

%t Pr(T EPr(N E R(so) ) = f' (0) = R(sl»' and

~.

Pr(I E R(sO» = f,'!'t(O) = Pr(T E R(s2»' (1)
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One way of, interpreting these equations is that the rate of learning

fort!l.~r~spons~rpredie:tiegthe second input should equal that for the

response predicting the first input. We test this in our experiment.

By n()w, clea..ly s()meth,ing general is going on,There is, some,t~~ng

about the finite automaton model that does not let the same inputs

become connected in the appropriate way. Certainly U T appears in

the second po'si tion in two different sentences it should be learned

faster, that is; both kinds of learning eVents shollld help eadh 6the".

The empirical'results bear this out.

In order to look at the same predictions lora i-memory 'store

model we need the

DEFINITION: Let ~ be a I-MS. For each s in A and min rlfte},

the learner's response to (s, m) is ,,'random vario,bl" Il(s, m) taking

~
values in 2. A triple (s,O,m), where m.f e, appears in a string

x in ~* if there are strings y and z such that x' ~ ycrz

and M(so',y,zo) ~(s,m). We say (s,'o-',e) appears in x iIx ~ ycrz

and there is an m

exists.

in r such that l\I(s~,cr, zO) ~'(s,m) and M(s ,O',e)

Other definitions are just as before, making the appropriate new

defini tion of II appears .11

Assumptton: For a I-MS 'm, letting p, (s; cr,m) ~ Pr(cr, E R, (s ;m», we, .
1 1

assume

P. l(s,a,m) =:
1+ tf(Pi (s,a,m» if (s,a,m)

p, (s,a,m), otherwise.
1

,., , .

was' presented" on i

The I-MS determines the next reSponse using the current state and memory

element, and learns in'this manner also. What is especially important

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



ignoring memory completely 0 Thus, wheni t is r!'ady .to accept T, the

I-MS ignores.: the' .fact that there i.s. 8..:L or a a,in memory" :thatis, ,that

the past history is diffe;l:".en·t, and thus ~ can; let eacl:i. presentatioll of

T help in learning T as one response 0 This .is. exactly ",hat th""

finite; automaton model cannot d9,', ,as .we saw,previotlsly.;" . To .s,e~:the

resul:t fOl:' the l~MS mod,el,we consider the cases:when the- finite

au.tomaton ~ is in sl or s2' that is, when an· N or I starts the

sequence'j respeGtive!y'. Suppose i sequences st1?rt with N andj

with I ~as before'" Then, by our learning a.~sumption, for the l~MS

(Figure 4), noting that is presented ,on }lll of these trial,s,

we -,have

We see that contrary to the r';sultfor finite automata, all trials have

an effect on the learning of the single T responseo This result was

found to hold in tlleexperimellt and thus helped to suggest that ··~iS

(2)

Pr(N E R(SO'zO» =

Pr(I E R(sO' zo») -

a more apprbpria1e modkI tlianf'"

In contrast td the set of equations (1), the l-MS model predicts

f*'t CO )

f %t (0)

PitT E 8[sl,e» = fttOyo

The first two equations of the set are the same as in (1)0 But the

last one is different from the second two of (1)0 Equation (2) predicts

faster learning for T than for the first response set, in contrast to

Equation (1) which predicts equivalent learningo The results bear out

the prediction of Equation (2), and the l~MS model agrees better with

data once again.
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The essential property of ~ that allows us to make these predictions

is its ordered-states that can tie together two identical inputs

occurring from the same state, but with different histories'. The finite

automaton cannot do this.

Pe'rhaps a general word is in orde'r.There is a: certainsense:in

saying that part of what we are studying is the psychological process

knownias "generalization~1,1 For example" the I-memory store 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

·same. This generalization takes pIaoeover time, but relative time,

that is, relative to the place of the word in a sequence, since the

two appearances of T are very different in absolute time. The point

I am trying to make is that any study of generalization demands a

structural model of some kind. Traditional generalization studies have

been done in areas where the generaltzation operated oyer a simple

structure, namely, one continuous dimension such as the f~eq~ency of a

tone. There is nO simple, I-parameter way of characterizing 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 structure.

In relating our theoretical results to the broader question of

syntax learning, we find the notions of "paradigmatic" and IIsyntagmatic"

(e.g., Ervine-Tripp, 1961). Paradigmatic responses are mutually

substitutable in a frame. Syntagmatic responses occur next to each

other. In response 1, we might say N and I are paradigmatic responses,



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. Essentially, paradigmati~ responses are responses that fill

the same slot in an ordered-state finite automaton. We can generalize

this notion by saying that paradigmatic responses'c'i'ill the same slot in

an ordered~state I-memory store.

I 'erid'this"section by presenting a; 'summary of our predictions.

".' .
Figu!:'e5,shQwswhat results lead ~o what conclusions.
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T (and W) learned
independently
after N and I

Subject becomes
finite automation

T (and W) learned
on all trials

Subject becomes
1- memory store

Subject becomes
ordered state

finite automation

Fig. 5· Diagram of conclusions to be drawn from
various experimental results.



III. Syntactic and Semantic Models

The purpose of this section is to provide another rationale fer

choosing the kind of system we. studied. We discuss a lingui~tic model

which has things to say both about syntax and semantics in natural

language and which shows. how our miniature system seems to capture some

essential properties of that model.

The model was proposed first by Chomsky (1965). We do not discuss

the details of how it applies to natural language. Although by

presenting the theory in the way we do, we might have a tendency to

caricatur~ze it, the essential i~eas should be represented adquately.

Chomsky's proposal is that all natural languages take something

like the following fOrm. There is a single universal syntactic base

which, except for lexical entries, is mostly context-free. This base

is universal in the sense that all languages have the same base. The

co~text-free base operates first, and then the context-sensitive lexicon

rules. The lexical rules (which insert words) of course are specific to

each language. At this point we have a collection of phrase-markers. The

tr_ansfor~ational ~ul~s now operate on these phrase-markers, changing the

p~rase-markers and at the same time the terminal sentences. The trans­

formational rules a~e specific to each language and are what cause the

syntax of different languages to be different. One more assumption

(originally proposed by Katz and Postal, 1964) is that transformations

do not alter semantics. That is, the meaning of a transformationally

derived sentence is not different from the meaning of the sentence it

was derived from. Chomsky argues that all semantic interpretation is
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done on the base. This conception of grammar has recently been challenged

by a number of linguists, for example, Lakoff and Ross (1967), who claim

that, instead of a base generating syntax with 'a 'semantic interpretation,

the base should directly generate semantics. Syntactic transformations

would be defined to operate on the output of a semantic base. This view

is known as "generative semantics" as opposed t.o' "generative syntax;"

However, only the barest suggestion df formal work has been done from

this point of view, for the reason that the problem of semantics rep­

resentation is almost completely unsolved for natural language. It is

not clear how this approach would change the way in which we represent

oUr arithmetic example, and we will ignore it from now on.

We looked for a small domain on which we could experiment that

would have as many essential properties of the above system as possible,

while holding down the non-crucial complexity as much as possible. This

turned us to arithmetic. Arithmetic is taught in almost all, if not all,

countries where there is any kind of formal education. It is a simple

system which, it turns out, can be cast in a form with just the

properties required by this theory. We are talking here about spoken

arithmetic, that is, sentences which might be said in a classroom when

a teacher is teaching a child arithmetic. It is not true that spoken

arithmetic is the same from country to country. The questions are asked

in a language, and languages differ. We looked at French, German, and

Russian, but in simple arithmetic sentences we did not find mUch more

than different lexical items. That is, there is a function f from VI

to V
2

where VI is the relevant vocabulary of language 1 and V
2

is

the relevant vocabulary of language 2 such that if VI' .. v
n

is a



sentence of language 1, then f(vl)ooo f(v
n

) is a sentence of language

2, and the ,two sentences mean the same, that is, their answers are the

same. This is not true for these three languages 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 settled upon that language 0

What is important is that the base of arithmetic is universal across

cultureso The part of arithmetic that. does not depend on language is

universal or almost universal. Specifically, an equation like "2 + 3 ::: 5"

is almost universal in classrooms throughout the world. Even the 80-

called "Polish" notation in which the above equation would be written as

II = + 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 Englisho This sentence can be described via a trans-

formation from an underlying sentence such as "x:::: 2 + 3," which may be

an equation 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 other hand, must be constant.

This model can be worked out in practice. We take as our base the

rules in Table 10 The notation is standard linguistic notation 0 Set

Insert Table 1 about here

brackets mean to choose exactly one element inside the brackets 0 Q
YN
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TABLE I

Syntactic Base for Arithmetic o The Rules are Ordered

and May Apply Any Number of Timeso

1, S .... {QYN'Q,.J N ; N

)+1
2 0 S .:. C(N l / J N)

C+ }
30 N .... (N t~ N)

40 N .... {a, I, 2,:3,4,5, x}
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represents yes~no questions, Q
Wh

represents what questions, and C

represents commands. There is a question-, of· course, about what a base·

for arithInetic should contain. We do not claim that there is any

particular reason to pick our base over one slightly different. Our

point is that the model can be applied, not that we have found· the

correct solution,' or even that there is a correct solution. The whole·

prob,lem of evaluation procequres for granunars could be brought up here;

but it would serve no llseful purpose.

The base is context-:free, as the model requires. Note that it

generates many non-true sentences, but it is set up to generate all well­

formeq sentencep, not all true ones. The base generates well~formed

sent,ences for the first 6 (0-5) integers, which are the Ones 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 more. difficult task is to write the transformational rules for a

given language. One problem is how much to include, 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 goal has been to

demonstrate that the model is applicable, not to yield any kind of

complete solution.

Appendix I contains a sketch of the transformational rules for

English arithmetic and Japanese arithmetic. Notation is the standard

one used in transformational theory (see, for example, Chomsky and

Miller, 1963). The sentences generated by the Japanese grammar were

obtained from a Japanese informant, who was told to judge sentences on
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whether they were likely to be heard in an elementary-school class.

others' ha\ie written a grammar us'ing' the same base and same>formof

transformations for German arithmetic and,part'i'ally', fo'r Russian

arithmetic.

So far we have· seen how the syntactic properties of the linguistic

model'we are discussing can be incorpora~edin the arithfuetic modeY.

What can we say about s'Enn.antics? The semanti'csof the simple arithmetic

we are discussing is well understood, The semantic model is the truth

mOdel for 'arithmetic 0 There are' two kinds of base sentences those that

contain an x (variable) and those that do· not. These two kinds of

sentian'cas' have' different·: semantic interpretations, an'alagolls in English

gene'rally to,'l what" quest:ions on the one hand and ~Tyes,noll questions- on

the other. We define the meaning of a base sentence in the following

way. Let L(B) be the set of all 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 2
1

, plus the values T and F (for

true and false), . that is

A ·.L(B) ~ 2
1

UrT F}l' ,

meeting the follOWing conditions. Let s be in· L(B). Then.

(1) if s = QyJ& for some E, then if E contains an x, A(s) = ¢,

and if E does not contain an x, A(s) = T if E is true,

and A(s) = F if E is false.

if(2) s = QE for some E, then if E does not contain an x,wh

A(s) = ¢. If E contains an x,

A(s) = {rational numbers

. substituted for

i

x

such that

in s.

s is true when i
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(3) if s ~ CE ,then if E contains an x, A(s) ~ ¢., and if E

does not cpntai.I1 an x,

A(s)~(t!).e r.ational number y such that y~ E ,is tJ;ue) ,

The meaning of certain .terminal strings is empty.. For example, when the

sentence is. ,yas.,: nq,and,-:there ",~_s a variable in the sentence, we consider

the -m~aning :em~:,~y,bepau_se:;.ther,e i.,s no,reasonableanswer to" such a, qu~stion,

unless ,.the"value of,thevari,able has"been specifi:ed 0 We a,re"noJ:-

conside~ing,su;ch "pI:9cesses ,here 1 though in principle we CQuld. It

would involve some linguistic pr.ocesses not well unders,tpod""nam~ly,

meani~g relat;ions, across sentences.

We, can paraphrase the three conditions above, Assuming that the,

,proper vapiaple-:condition hoJd;s, we see that the meao,in,g of a yes,_. ~no

is the Be;t of,.val,ues that make it .-true, that is, its.a~swers.: .If there

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

If there ,ts more than one x in 5, t,hen A(s) may ,90ntain differen;t

,numbers qf elements" For example, A(Q 3 + x ~ x) ~ rA, the empty set"wh . .

because there ,is no value of x which makes this sentence true. Gnthe

other hand, ,A(Qwh x + x ~ 8) ~ {4}, and A(Qwhx + 0= x) ~ I, the set of

al,lintegers" The, meaning of a command is simply the number. obtained by

carrying out the op~;r;a,tipns in ,the. sentenoe.

Now tQat ~~,~ have defined the semantics of the ;s~tof base sentences,

we can def,ine 1:hePJ:eanin~,pf;,any se.ntence in the language,that is, we

extepd A tp ,be a function. on T(B), the language generated by the base

together wi th the transformations. If s E LeB), we. let the transformational

rules apply to s ~nd obtain the sentence T(s). Let T-l,T(B)'" L(B) be
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the function sUch that if s' E T(B) and
-I. ".,."

T '(s) = s, then T(s) =
,

s .

Our statement that
-1

T is a functionrequiresCthat T baa one- to-one

funct'ton,that" is, the tra'n'sofrmational rtiles:"maY nbit' take-mo're than one

on 'which the' transformations have operated) ,"This is the case vii thour

let T-l:TO:l) .... 2L(B). In this case we would have (semantically)

ambiguo'us':;seritence{s, as we will soon see.

Now we can define the meaning of any sentence. Let" 's"ET(B}'

-1
Theil we defiIleA(s) =A(T (s». That is, we extend A: to a function

on T(B) by taking the meaning of a rion-base sentence to be 'the meaning

of the'ba'se sentencefroIn which it was: cter'i ve'd'. We ha've"daptured'he're'-

the semantics assumptions of-the lin'guistic 'model~: The ':rileaningis tn

the ba.se ,and 'transforniations do not 'change meaning. F'ar ':'exRlll}ilei

A(QWh2 + 3 ~ x) ",' f5}. Applying English transformations to this base

se'n'tence yields "What is two pius' three?" By our definttion,'A (what' is

two plu.s three) '=:5, Returning to a point we made earlier/""-if T were

not one~one and we had defined
-1

T more generally as we suggested

earlier 1 we could have generalized A, def ining'- 'tt, "in eSSenCE! jas' the

set of meanings of the sentences 'which transformat-'{:onall§' "map'into it 0

Thus semantic ambiguity. A sentence has more 'than "bne' meanifi'g

when it is'derlvab'le trarisfo'rmationally from:mor'ethan oneb'a:s'e senten'ce 0

Perhaps welIl;ay saY: 'a word more about the'se'm&nticsgrotlps in Our

experiment. We suggested in Section I that semantics might help syntax

learning by restricting the possible structures. In the experimental
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language J, tJ;lesentences, ,have on:ly: onellnswer, and this, ,restricts the

possibilities , given the b,ase, of-the.ir:syntax Fa r exaJIlP Ie J, i,t is

unlikely that a sentence would contain 11 ikutsu" twice and a number only

once, because only rarely would such a sentence have exactly one answer.

A possible model of what a subject is doing when he is trying to learn

semantics in our experiment is that he is looking for the base string

which transformationally maps into the sentence he is examining. Since

he knows 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 when transformations are applied, any essential

meaning-bearing elements in the base sentence will have to be represented

somehow in the surface sentence, or else the meaning will 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 something

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 sUbjects will learn faster.

The main point of this section has been to provide a rationale for

stUdying spoken arithmetic. The miniature system 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 our

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

Outline of Experiment

Briefly, the experiment had the following form. Part I consisted

of pre training on the four function words, so subjects could learn to

recognize the words in sentences and also so they could be trained to

respond with the first letter of the word where appropriate in Part III.

Part II was paired-associate learning of the six Japanese numerals from

o to 5. This was necessary so that the semantics group could learn the

semantics of the sentences in Part III. As a control, the non-semantics

groups also learned the numerals. This part further allowed the subjects

to learn the numerals so they could respond N where appropriate in

part IlL Part III presented the sentences slowly one word at Ii time,

and the subjects tried to learn which word or words could come next.

The sentence was repeated quickly. The semantics group tried to write

the answer, and then saw the correct answer. In case gross differences

existed between the semantics and non~semantics groups, three non­

semantics groups were run to see if we could pin-point the factor

causing that difference. None of the non-semantics groups saw or

attempted to give the correct answers. One sub-group did nothing while

the semantics group wrote and saw the answers. However, if this group

did worse than the semantics group on all the responses of the syntax

learning, it might be argued that this was due to a lack of practice in

general. The semantics group might have spent more time On a task

related to ,and concerning the same sentences as the syntactic task.

Therefore a second sub-group was run which, in the time that the semantics

group was wri ting and seeing the answers, had the task of wri tingdown
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in order the first letters of the sentence they had just heard repeated

qUickly. This gave them direct practice on the syntax in an attempt to

overcome the stated objection. Both sub-groups were told, as was the

semantics group, the basic algebraic nature of the sentences. This

might make a crucial difference, and might in fact be the effect of

semantics. This is, knowing the algebraic nature of the sentences

would, very likely aid syntax learning. Therefore, a third sub-group

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

group like the first sub-group received no task during the period that

the semantics group was answering. We would expect that this group

woyld, do worst on syntax learning. Part IV of the experiment presented

varipus sentences, half of them drawn from Part III sentences, and the

oth.er half drawn from sentences containing D1ikutsull twice or, in a few

instances, sentences ungrammatical in other ways. The subject's task

was to ~nswer 1 for grammatical and 0 for ungrammatical. Then the

correct (0 0): 1) answer appeared.

Speaker. The speaker was a native Japanese graduate student at

Stanford University, who had left Japan for the first time two years

before the experiment.

Presentation. The entire sequence of material for the experiment

was recorded on videotape and shown to the subjects on closed-circuit

television. The only things to appear on the screen were the Japanese

speaker and, where appropriate, an integer, e o g o9 "Z,)' Whenever we

refer to "the subject heard" or "the subject saw" or "an integer appeared,"

we mean with respect to the television screen. When we sayan integer

appeared on the screen, w~ always mean in numerical form,eog., ~12,u

not 9ItW0al ornnio~'
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Subjects. Seventy-three subjects were recruited from the Stanford

student placement service. Most of them Were either students in summer

school or students during the regular academic year. The subjects were

run in groups of six to thirteen. All sUbjects run together were run on

the same condition, I.e., either they were in the semantics group or the

same· non~semantics sub-groupo

Procedure. The four parts of the experiment were run sequentially,

with each subject participating in all four parts. The entire experiment

lasted less than an hour and a half. There was no delay between parts

except an interval of less than a minute to collect the subjects'

response sheets. Instructions for each part were read at the beginning

of that part. Questions were answered, and then the television

immediately came on with the beginning of the stimuli for that part.

Before the Part I instructions, there were brief instructions informing

the subject that this was an experiment in language learning.

~ I - Word Pre training

Materials were the four Japanese words i1iktitsU,!1 "wa, tl Utasu, II and

"desuka o
ll The words were spoken five times each, one at a time, fora

total of 20 words. There were 3 seconds between each word. The subject

was given a sheet of paper 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.

~ !l - Numeral Pre training

Materials. The first six Japanese numerals.

zero - 0
ichi - I
ni 2
san - 3
shi - 4
go - 5
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Instructions. The subjects were told the speaker would say a

Japanese number and that they were to learn the English translation.

They were to write their answers on a provided sheet of paper and to

guess if they did not know the correct answers. '.'They were told the

correct answer would appear in numerical,form af,ter the period in which

they were to wri te the answer, and they were to >rri te the answer before

the correct answer appeared.

Procedure, The numerals were spoken in Japanese by the speaker,

An item went like this. A Japanese numeral was spoken. ·During a3l;;­

second response interval the subject was to write his response. Then

the correct answer (translation), an integer in numerical form, iippeated

on the lower right-hand of the screen for 2 seconds. The next Japanese

numeral was spoken. An example of a trial on the numeral 3 is

speaker says "san" -- a 3l;;-second pause while subject writes down

his answer --

u3u appears on screen for 2 seconds -- next itemo

There were 10 trials on each of the numerals for a total of 60 items.

The numerals were presented in trials with no break between trials.

That is, the six numerals were presented randomly, then re-randomized

and presented again; this process was repeated to give 10 trials. The

only constraint on the randomization was that a numeral could not appear

two times in a row 9 that is, the same numeral could not end one trial

and begin the next.

~ III - Sentence Learning

Materials. The sentences used were of the following three forms

ikutsu tasu N wa N desuka,



N tasu ikutsu wa N .des\)ka ,

N tasu N wa ikutsu desuka,

where N stands for any Japanese numeral from ,0 to 50 (Different N's

in the same sentence were not necessarily the same numeral, of course.)

A:·way to "iriterpret these sentences ',-is.:; to translate !1ikutsu l1 as,l1what,U

:>"fasu'" as ','plus,:·n and Ilwa~I,'as Jfequals,.~' 'so thCit the first sentence ,is;'

"What plus Nequals N," the second !'Npluswhat equals N," and the

third "N ..plus N equals what?" When we speak of the "orrect answer to

any of these sentences, it was obtained by finding the correct answer

to the translated sentence 0 For example , recalling that "san" '" "3"

and "go"= flISl"'in the 'sentence.usau-'tasll ikutsu was go:,dt=.suka,ll we know

the correct answer is "2." According to our Japanese speaker ,these

sen tinces woulctbe spoken in an elementary-school arithmetic "lasso

Half, of the sentenceBw,ere chosen from the third form shown above

(Le., NTNWID); and the otherhalf,was divided between the other two

forms 0 Note that the third form demanded that the subject add,to get

the correct answer, . and the other two forms demanded that he subt):acto

Thus, by any constant guessing scheme, if the subjec ts did nothing but

add or subtrac tthe two numbers', the semantics group would 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 ferm NTNWIDoSince we did not want any

answer greater than 9, we celiminated the sentence.with two 5' s to give

35 sentenceso Then·we repeated one sentence to provide 36 sen.tences

for this formo If· we look at the form ITNWND, there are only 21 pos­

sibi li ties because to assure a positive answer, the second N has to

be greater than or equal to the first No 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 sentences randomly for that .form. In this way we

obtained a total of 36+ 18+ 18 ~'72 sentences.

Iristructions", The 'subjects were ,divided into four, groups in ,this

- .......,
part. We denote' them S (semantics) ,SW'(non-semantics,writing), SW

(non"semaritics, noncwtiting)," arid SA (non-semantics, non,a~gebra)• The

Part'III iristructionsfor Gfoup/"S are ,contained 'in Appendix II. W'"

review them here and/also indicate how ,'the instructions for the other

groups differed. ',Al.l'groups. except/Skwere informed of the basic

algebraic nature of the sentences,that'is, that th"'Y'were arithmetic

sentences of'the' given kind'and',that:theyasked. questions which were

related to cer'tain ' algebfaic equations. See Appendix II for the,,,,xact

statelIlentto'subjects. Group ,SA was told onLy,th~t they wouldh",'ar

Japanese sentences. Of course the subjects had.,had· training on the

numeral translations, so they, at :least, knew there were numerals in the

The subjec'ts in aU groups weTe instructed that they were to hea,

actual Japanese sentences, and that . their job would be to learn th",

patterns ofthesesent'mces.'Therwere to hear each sentence word by

word, and they were to predict what words could come next after they

heard each word. They were told that in each pattern at most .two words

(perhaps one) could be correct·; They were told to write thei:ranswers

in the boxes provided. The boxes had room for two respons",s, separated

by a COmma. If they thought only one word could becorrect,theywere

to predict ,that word. If, they thought ei therof two words could' be

correct,theywereto, predict both of the words. (Note. that at any



point only one word would actually,be said in a sentence, but the

patterns were such ~h~t, sOmetiwes another word could have been said.)

The subjects made their predictions by writing the first letter of the

word in the appropriateboxoht,hesheetprovided if'they wanted to

predict ikutsu, WIl', bisu, or desuka. If theyowanted' to predict a numeral,

they did not write the fir'iit letter of the number,but wrote N. To

repeat, the subjects were told that they could write either one or two

of the letters I, W, T, D or N at each point.

At. t.his point. inst.ructions among gxoups differed o ,First, the

semant.ics group was told that after they finished the above procedure

for a sent.ence, t.hey would hear exactly the same sentence repeated, but

this time more quickly, at a fairly nat.ural rat.e. Aft.er they heard the

sent.ence repeated, they were to write the answer to that sentence, a

digit from 0 to 9, in the space provided. If t.hey 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 correc to

Groups SW and SA were told that the sentence was repeated to help

them learn it. They had no other 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 they had, just heard in spaces provided for them,

with the digits not N, actually being written o

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

C. The subjects were assigned randomly to groups to the extent possible,
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TABLE 2

Number of Subjects in E&ch Gtoup.

Total

SW SW SA. S S Total

13 U U 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 provided with paper

marked for the,~sponses th~y were instructed to make,. ,for example,

none of the 8 groups had room for numerical answers to the sentences.

The spaces for the predictions for the next possible words contained,

for each position, a box with a comma in the middle so that subjects

could put in either one or two responses.

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

seconds to make theil: p,edict:i.()Ils<;>f the fiis word of the sentence.

Then the first word of the sentence appea,ed (Le., it was said by ,the

speaker on the screen), Again the subjects were giyen a 4-second pause

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

said, and soon·, until the end of the sentence. After the sentence

was finished th.ere was a 2-se2orid"pause, 'and then th.,f sentence was
"

repeated by the speaker, but this time at a no,mal rate of speech.

For the semantics group (8) there was now a second pause of 4 seconds,

'duririg which the subjects wiot~ the"~n~~~r (a 'digit fTomO to 9) to the

sentence th~y h~d'ju~t h~a1:d, Then the answer appeared'()nthe lower

right of the screen' for seconds. After a i-second pause the tone

sound~d to begin the next trial. A diagram for the sequence of events

for the example "san tasu ikutsu wa go desuka" appears in figure h.

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
Television sounds san tasu ikutsu wa

Comment
trial Sl S2 S3 S4
starts

Subject N, I T N, I W N

Comment Rl R2 R3 R4 R5

Time 4s 4s 4s 4s 4s

Television go desuka san tasu ikutsu 2 tone
wa go desuka sounds

Comment S5 S6 paus.e sentence correct- p'luse next
repeated faster answer trial

D 2
starts

Subject

Comment R6 number
response

Time 4s 2s approx. 2 to 3 4s 2s Is
sec.

Figure 6. Diagram for the sequel1ceqf events for one trial for J?,art III,

Gr:oup S (semantics) on the sentence II san tasu ikutsu wa go

desuka." The responses given for the subject are those he

would give if he were correct. In the time row, 11 13 11 means

II seconds. 11
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same videotape was used ,for thenon-seman.tics groups as d:orthesemantics

group, but for the non-semantics group' the answer ,was ,covered, ,so that

there would, be n.o difference in pre,sentation between the two groups

except for the appearance of the answer • 'Thus after the sentence was

repeated, for the non-semantics gr01.lps{"Sgroups),' there was a pause of

4 seconds (as for the semantics group) , plus 2 seconds (the covered

answer was on) plus I second (as in the second pause for the semantics

group) for a total pause of 7 seconds o During this time groups SW and

SA had nO task, Group SW had to write the' sequence of ,the first letters

of the words in the sentence. they had just heard repeated o 'Forex<lmple,

if they heard, '''san tasuikutsu wago desuka", they should have written

"3TIW5D."

The 72 randomi,zed sentences were presented in this fashion,; All

the subjects had the same order of presentation of sentences; indeed,

the tape was the same for all subjects.

Part lY. - Grammaticali ty Learning

Materialso Fifty sentences were usedo Twenty~four of them were '

"grarruIlatical" (G)'and 26' "ungrammatical" (uh (There were supposed to

be 250'£ each, but" a mistake was made in the recording o) The 24 G

sentences were chosen randomly from the kinds of sentences used in

Part 111;80f each formwerech'osen. Of the 26 U sentences, 22 were

, selected from Part Ill,grammaticalform; substituting "ikutsu" for

one of the numbers; a typical examplerrd.ght be "ikutsu tasU san wa

ikutsu desuka o" These 22 were about equally divided (7, 7 and 8) among

the three kinds of sentences whose original grammatical sentence was

one of the three kinds of Part III sentenceso These kinds of ungrammatical

sentences were chosen, because if a ,subject became the kind of ordered­
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stateautomatdn ewe ,discqssedin 'SectionIl (Ffgure J);ibe Moqld',

consider, these'sentences"grammatical.

Theothet 4U sentences were echosen ,j>y permuting tWO words in a

gt; ammatica I sentence ; ,The sentenceswere

ik.utsu' gesukaeL'Wa 3,tasu,

5 tasu wa ikutsl,l desuka;

2 ikutsutasuwa 3desuka,

ikutsuwa 2 tasu 4 desuk".

The 50 senterices were randomhed; the only restrait:tt was'"to present the

4 speciaLU senten"es at least 8 ,sentences aparet"

InstructionS'. , The;subj.ectsweretold that in this part they wouj.d

use some of the knowledge they learned in Part Ill. They were ~old

they',wowldhear Japanese sentences, and, !'your jobi,s to,!ietermit:te, if

these'BEmtenceB are exactly, lik" the,sent"nces you,heard befQre,in

Part ILL That is, could this sentence you heilr have been one you heard

before1 If ye s, wri teaL in the box. If no, write a O. ,II 'rhey were

told;the cor"ect ,at:ts\"erwouldthenappear on, the screen.

Procedure. The 50 sentences were,pr"set:tted rat:tdomly as d"scribed

above, The subjects were given sheets of pilper to,write theirilns\"ers

on. A triaL went like, this, A s"ntence was spok"n. There was ,a 3J;,­

second interval during which the,subj.ects were to w,rite their at:tsw"rs

(lor 0). 'Then ,the, qorrect at:tswer (l orQ) ,ilppeared on the lower right

of the ,screen for 2 seconds,., 'rhe next senten,ce w.as reo\\g eilndthecycle

repeat"d,
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V, Experimental Results

~ 1 - Word Pre training

On Part I, out of a total of 1,460 responses (20 responses X 73

subjects), there were only 11 errors, Clearly the task was extremely

easy, and subjects had no trouble discriminating the words,

~ :!.l - Numeral Pre training

The learning curve for Part II appears in Figure 7,

Clearly an asymptote of no errors has been approached, On tpe last 3

trials there is a mean number of 2,5 errors per trial out of a to'fal of

73 possible,

~ !!! - Sentence Learning

Syntax Responses, We call the responses the subjects made in pre­

dicting the next possible words their syntax responses, as opposed to

the semantics responses, which were the number answers for the semantics

group. The form of the data is the following. There were 72 trials for

each subject, and for each trial six words were l'r"sented, which we call

the stimuli, and signified, in order of presentation, Sl"", S6, A

subject made a "response" which is blank or a 1- or 2-element subset of

the letters N,I,T,W,D, In fact, all the responses were of this form,

and there were no other letters used by subjects. Further, no subsets of

size greater than 2 were used. (The form of the response sheets helped

to insure this.) For simplicity we will not use set notation, but write,

for a response, ,e,g., R = I,N instead of R = [I,N}, The six responses

are labeled Rl, R2, ••• , R6, in the order they were made on a trial,
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Fig. 7. Learning curve for paired-associate numbers .
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Recall that Ri precedes 5LWhen we count responses of various kinds, if

the response contained two elements, we ignore, as the set notation

implies, the order of the subject's response and count both orders

together, e.g., R3; I,N means either the third output of the subject

on the trial was I,Nor-it was .N,I.

Let us first look at whether R3 was learned. The relevant figures

are in Table 3. The first row shows the number o;fsubjects in each group,

Before we determine whether a subject learned we have to decide if he

followed the instructions. Some·subjects never put two responses in the

same box on any of the 72 trials for any of the six responses, that is,

they never made two predictions for the next word. These.subjects, of

course, could never have· learned by our defini tion.It seemed reasonable

to decide that these subjects had not understood 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 instructions. These figures are broken down

for the 5 and S subgroups in Table 2. S indicates all 3 S subgroups

combined.

We set the following criterion for learning R3. WhenSl; I, then

R3 ; N is a correct response. If 51 ; N, then R3 ; N,I is a correct

response • .If, somewhere in a subject's 72-trial response protocol there

is a sequence of 6 or more' consecutive correct R3 respons.es, including

responses to at least 2 sentences of each kind, we say the subject learned

R3. Most of the responses in this sequence generally will be N,I since



TABLE 3

Number of .s\lbjectil on':'at;t III :in Various Categ;ories.

- Total
SW SW SA g S Totlil

Total Subjects 13 13 13 39 34 73

Subjects who did
not use 2 responses 2 1 4 7 7 14

Subjects who
followed 11 12 9 32 27 59
direc:tions

Subjec: ts who
learned R3 11 8 7 26 24 50

J'ropqrt:i.on o,f
subjec:ts fol-
lowing; d:i.rec:t:i.ons 1.00 .67 .78 .$1 .$9 .85
who learned R3

- 64 -



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

that at least two of them be N and that these be ~n sentences starting

with L This requirement,is/made so that a subject cannot be considered

to have learned simply by always saying N,l regardless of S~,

By this criterion, Table 3 shows that 6 subjects in Groups S,and 3

subjects in. GroupS "ftid not learn; .In,other words, 50 of the 59 subjects

(85 percent) who understood the instructions learned, Eighty.ninepercent

of the S subjects and 81 percentofthe&; subjects who understood, the

instructions learned. There is nb significant difference betwe",n the S

2,and Sgroups (X·= L 56, 1 df, p,.':>" 20).; There is also ,no significant

difference from chance on this statistic. between the three Ssub.grqups

2
(X '= L07, 2 df, p> 050). Of course, there are relatively few subjects

in each group, when we consider the.se subgroupso Also" the:falOt that there

is no difference between groups on this statistic does not mean that there

is' no difference in learning among the groupso The learning rates could

still differ 0 We have provided evidence tha.t most subjects learned. R3., and

that groups did not differ on how.lljany' subjects learned R30

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,.'? of the

subjects consistently responded N,l for R3,independeliltofSL 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 c,aught ina pattern, they might have. learned the correct responses if

more:.trials wereadded o In fact, sOme of these subjects almost met the

criterion of learning when the trials ran outo

Figure 8 shows the learning curve for the 50 subjects who met

criterion. The asymptote is almost 0, except for an occasional, possibly
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"accidental" error. It seems reasonable to conclude that these errors

are "accidental," i.e., that the subject learned, but for. s"me reason

such as lack of attention due to boredom, did not make. the correct

response. (A number of subjects complained that the experimental task

was too ",asy.) The learning curve merely· shows in another. way that th"'se

50 subjects learned the correct response for R3.

R5 enters into our theoretical predictions in the sam", way as R3, sO

we turn to.it now, We say that a response is correct if, whenSl = I

and S3 =N or when Sl = N andS3= I, the response is R5 = N, or when

Sl' = Nand S3 = N, the response isR5 = 1. The crit"'rionwas the sam'"

as for R3. A subject l",arn",d R5 if he had a s"'qu"'nc", of at l",ast 6

cons",cutiv", corr",ct r",sp"ns",s which included at l",ast 2 N responses and

at least 2 I respons"'s. By this criterion, none of th", subj",cts who did

not learn R3 learned R5. Of th'" 50 subjects who l",arned R3, all but 2

learned R5. Once again, w'" see that most of th'" sUbjects who followed

dir",ctions l",arn",d by this crit",rion. In th'" cas", of R5, 48 of 59 subj",cts

l",arn",d.

Fr"m now on we will consid"'r th'" data of only thos'" 50 subjects who

l",arn",d R3,b",cause w'" do not know how to int",rpr"'t the data of th",

Subjects who understood th", instructions but did not learn. This involves

consid",ring two subjects who did not l",arn R5, but fo:rsimplicity, and so

that we could..l.)se.th",:sam<:',.subjects on, all tests, we iIicluded all 50

subjects eV"'n when consid",ring R5. In Figure 9 appearsth", learning
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curve for R5 for the 50 subjects. Once again the curve shows that subjects

learned. It is important to realize, when comparing this curve with the

curve for R3 (Figure 8) that although both curves plot the proportion of

"correct" Fe~ponses, the correct responses differ for the two graphs, and

in fact, differ from trial to trial within each graph. For R3, the correct

responses are N or N,I and for R5, the correct responses are N or

LThe fact that the correct respon,se set differs for R3 and R5 reduces

even more the probability of subjects giving a correct sequence by chance.

That is, we cannot compute the probability of subjects giving a correct

sequence by chance as if, for example, in R3,thereis a probability p

that the response is N and a probability l-p that the response is

N,I, and., for R5, there is a probability q that the response is Nand

a probabili ty l-q that the response is L ·We cannot simply do this

because this does not account for the subject's learning the response set

in the first place. 83 was always either N or I as was 85, $'0 there

was no way for the subjects to learn the response sets strictly from a

consideration of what 83 or 85 could be.

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 words.

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

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

insert-Tii.iiie-i;-ii.iiout-iiere------------------------=

in the table. For responses R3 and·R5, 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
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TABLE 4

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

TotaL Total

SW SW SA S S S,S

Rl 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 29.3

R4 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

R1,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 14.3 18.3 13.1 15.3 14.1 14.9Mean
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the occurrence of the first run of at least six correct responses which

include at least two of each kind of correct response. For Rl, R2, R4,

and R6, for each of which there is only one correct response, L is

simply the trial before the start of the first run of six or more

correct responses~

Table 2 shows clearly that responses R2, R4 and R6 (the "even"

responses) were learned more quickly than wereRl, R:3 or R5 (the "odd

responses"). The mean of L for the odd responses for Group S (2:3.5)

is more. than 3 times as great as the mean for the even responses (7 .0).

For Group S, the ratio is almost as great (20.4 to 7.8). In·fact, if we

look 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 61 possible ways of ordering the 6 responses 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 ordering compatible with the statement is

36/61 = .05. Since there were four independent groups (three subgroups

of S plus S), the probabili ty of obtaining our resul ts by chance is

(.05)4 < 10- 5 •

Inspection of the distributions of L show that there are a few

fairly high values. To make sure the results we report for L are not

unduly influenced by these high values, we also calculated medians for

all the values. The medians are shown in Table 5. The pattern of the

results is the same as for the means shown in Table 3. Therefore, we do
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not discuss these values, but instead concentrate on the means.

Table 6 shows the mean number of total errors, T, for each group.

This statistic behaves almost exactly like L with respect to the

questions we have been considering~ Subjects made many more errors on

the odd responses than on the even,

In computing the trial of last error, L, for R3 arid R5, we demanded

a criterion of 6 in a row correct, including at least two of each kind of

trial. This may have caused L to be slightly higher for R3 and R5 than

for the other responses. But this isa 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 8 than for 81

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 50 subjects, the only significant value is for R5 (p < .05). In fact,

the other t values are much smaller than R5's. The only other response

for which the mean.value of L is greater for 8 than for 8 is R3.

These results show that, in general, the 8 group did not learn faster

than the 8 groups. Figure 10 shows the learning curves separately for

the 8(24 subjects) and S (26 subjects) groups for the six responses.
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TABLE·5

Median Trial of Last Error, L.
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TABLE 6

Mean Number of Total Errors, T.

Total Total
SW SW SA S :s S,S

Rl 15.4 27.9 7.0 17.0 18.5 17.7

R2 6.5 9.0 9.1 8.0 7.3 7.6

R3 20.6 23.9 1<l.O 21,0 20.3 20.6

R4 705 9.6 5.4 7.6 8.8 8.2

R5 12.5 11,3 18.3 13.7 9.7 11.8

R6 4.5 2.5 6.6 4.5 3.9 4.2

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

Grand
11,2 14.0 10.7 11,9 11,4 11,7Mean
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TABLE 7

Values of t for the Difference Eetween Mean Trial
of Last Error, L, of the Sand S Groups On R3.

Response

t

Rl

0.26

R2 R3

0.73 -0.52

_ ?5 _

R4 R5

0.38 -2.16

R6

0.46
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These curves as well as the mean number of total error (Table 6) fit the

same pattern of results with respect to the difference~ between Sand S,

Remembering that two of the subjects did not. learn R5, it occurred

to us that this may have somehow influenced the results concerning the

difference between the Sand S groups on R5, We included these two

subjects in the data, and took as their trial o,f last error, 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 for both, subjects,

and both subject.s were in Group S, Although the subjects in the table

were chosen statistically so as not to favor Group S (they were chosen

on the basis of whether they had learned R3), it might be argued that

accidentally subjects who had not met criterion on R5 were selected for

S and this pushed up the mean value of L for R5, Therefore, we did

a new calculation of L for R5 for Group S, discarding these two

subjects, and calculating the mean L for the 24 remaining subjects.

The new value was 18.5 for L, which, compared to the 14.1 for Group S,

still yie Ids the large s t di screpancy be tween L for Sand S of any

response, Therefore, even if one,accepts this argument, Group S did

better on R5 than Group S did,

As explained earlier, we ran S in 3 different subgroups under

different conditions, so that in case S learned faster than S, we

could see if the difference CQuld be explained by a particular factor,

If we look at t.he mean L value over all responses, group SW 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 Sand S was onR5,,,nd on this response the, mean values of
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L for the 3 S subgroups are about equal, and all are much greater than

for Group S. Since there is no explainable difference between Sand

s: by these S control groups, we do not consider these subgroups, but

lump the data and consider only the one S group. One short point can

be made about Group SA however, Since this group <lid not even know the

algebraic character of the sentences,we had expected them to do worst

on the syntax responses; but, 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 Sand S groups, we work on

the assumption, of course, that because the groups were chosen ran<lomly,

there was no <lifference between the groups except for the different

treatment in the experimento However, we have some oirect evidenceo

Part II of the experiment was conducted before there had been any

different treatment for the different groups, By looking at differences

in the learning of Part II, we could .see.:if 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 II for Groups

Sand S, for subjects who learned R3 and fOr subjects who did not learn

R3 (including those whO did not follow instructions).

The results are surrnnarized by saying that subjects who did not learn R3

ma<le more errors on the number learning, and subjects in Group S ma<le

more errors than subjects in Group S: (Betweenlearne<l an<l <lid not

learn, t", 1,96, ,05 < P < ,1; _ between S an<l S, t'" 1.17, p> .1),
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TABLE 8

Mean Number of Errors on Number paired-Associates
(Part II) for Groups Sand S for Subjects Who
Learned R3 or Did Not Learn R3.

Learned R3

Did Not
Learn R3

S

8.1

11.7

S

10.3

13.3



These results suggest that subjects who did not learn R3 were poorer

learners in general (whether for motivational or other reasons we do

not know), and that subjects in Group S probably were slightly poorer

learners than subjects in Group g, The fact that g subjects did better

on four of six responses in Part III together with this last fact once

again suggests that semantics does not have a general improving effect

on syntax learning,

We have seen that R2, R4 and R6 were learned faster than Rl, R3 and

RS, This finding agrees with the prediction made from the I-memory store

model. It is not the case however, that the only difference between the

even and odd responses is the one that led to our prediction, The

correct response for Rl contains two 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 (lor N), and RS was learned

more slowly than any of the even responses, This built-in control 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 Sand S for R2, R4 and R6 for the first 10
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trials, (After 10 trials on these responses there were relatively few

errors,) The abscissa is trial number, and the ordinate is proportion

of errors, The trials on which 81 = I (that is, the first word

presented is I), are plotted by x's, These are trial numbers 1,4,7,

The other trials are plotted by dots, Now, if the responses for the

two kinds of trials were learned independently , the learning curve would

not be a monotonically 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 trial-5 point

(assuming no interference), ,On the other hand, if all the trials (Le"

both kinds) count equally toward the learning of the response (ioe" if

we assume that all the trials form a sequence of learning trials on the

same response), then we should obtain a monotonically decreasing learning

curve of the usual kind, with trials 1,4 and 7 falling into place, The

curves plotted in Figure 11 show that this latter result is the case,

The 81 = I trials appear as they would if the ten trials were a learning

sequence on oneresponse o

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

81 = I and dots are trials on which 81 = N, It is clear that the curve

here is not monotonic, rather the x points are much lower than the dots,

In the R5 curve, the XV s are trials on which either 81 = I or 82 = I, and
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the dots are trials on which S5 = I, Here it is also clear that the

curve is not monotonic~ the xUs representing fewer errors o We may

conclude that R2, R4 and R6 were not learned independently on the

different kinds of trials,

Semantics Learnin~, Figure 13 shows the learning curve for the

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

There are two curves, one for the 24 subjects who learned R3 and one for

the 10 subjects who did not learn R3, It can be seen that the subjects

who learned R3 learned the numbers faster than the subjects who did not

learn, but there is no way to tell from this data whether subjects

learned the numbers slower, because they did not learn R3 or whether

they were slower learners and thus learned both R3 and the numbers

slower, However, we have already reported data showing that the non­

learners learned the Part II responses slower than did the learners,

Thus a general difference in learning ability iscprobablyccat least part

of the explanation for the difference here 0

Both groups of subjects approached an asymptote of no errors, So

this simple semantic system can be learned quit.e readily. Sincet.his

syst.em is somewhat. simpler, than t.he synt.actic system discussed earlier,

Ie t. us look at some of the properties of learning the system, A simple

one-element. model will not work because inspect.ion of the data reveals

that there were more errors 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 this he

responded correctly on all trials.

These assumptions can be made more precise by writing the Markov

chain transition matrix and the vector of state response probabLli ties.

The response probability Pr($D), is the probability of making a

response which is the sum or difference of the numbers presented in the

stimulus sentence. The matrix and probability vector are

Trial n+ 1

L SD U

L 1 0 0

Tri"J SD d I-d 0n

U 0 c l-c

Pr(SD)

1

p

o

We assumed that in the unlearned state the probability of asubject l 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 such a response. However, the probability is quite a bit

smaller than 2/10 (there were 10 possible answers, as the subject knew)

because many responses in the early part of the response protocols were

blank.



It is· important to realize that this theory does not distinguish

between the two kinds of sentences, i,e" SUf[! (S) sentences, where the

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 estimat.e

parameters for the above model by applying the methods of Greeno (1968),

This analysis was more appropriate than other analyses because it allowed

subjects to start in a state other than the unlearned state, 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 learnedR3, using Greeno's

matched-statistics estimates for parameters. However, no matter what

identifying re-striction was assumed.(i oe _, learning On correct or error

trials out of the intermediate state is equivalent, or there are no

transitions to the learned state from the unlearned state), the estimates

were not acceptable, some of them either being negative or greater than

one, The problem 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 method is the number

of errors before the first correct response marle by subjects who made no

errors after the first correct response, However, there were only four

such subjects in our data, and thus, the estimate could not be considered

reliable, Since these methods just did not work, there is no reason to

analyze them further, If we were interested primarily in this question,

an experiment could be arranged which would allow a better test of the

modeL
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One prediction from such a model is the following. If in the unlearned

state the subject never make's a sum or difference 'r'esponse, and if in the

intermediate state he makes such a response with constant probability,

then the plot of proportion of errors versus trials after the first sum

or difference response, for responses before the last erro~ should be

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

we have left out trials at the end where there were only a few subjects.

2
X (between theory and data) = 3.04, 4df, p> .50. At test of the

difference between the number of errors in the first half and second

half of a subject's protocol (responses after first correct and before

last error) is significant (t = 2.14, 23 df, P < .05), more errors

occurring 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 L

The model makes another prediction, a prediction which relates

specifically to the difference and sum sentences. Let Pr(S!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 SD, Pr(S!D) = Pr(D!D) and Pr(S!S) = Pr(D!S). Once again

we look at trials on which we know subjects were in state SD," those

after the first sum or difference response and before the last error.

Table 9 shows the above probabilities for these trials. We see 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

Stimulus
Sentence

Sum

Difference

- 92 -

Sum

.53

.35

Difference

.06

.37



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 not give difference responses to them,

~ !I - Grammaticality Learning

There can be two kinds of errors in Part IV, either a 1 response

where a 0 was correet (Leo, calling the sentence grarrnnatieal when it

was ungrammatieal) or a 0 where a 1 was correct (calling the sentence

ungrarrnnatical when it was grarrnnatical), For now we eonsider both kinds

toge ther and simply call them errors. Figure 15 shows the learning

curves for Part IV for the 50 subjects who learned R3 and for the 23

subjeets who did not learn R3, Excluded from the curve is trial number

16, beeause 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 lack of clarity of the sentence.

For each trial, whether the sentence was grarrnnatieal (1) or ungrammatical

(0) is indicated at the bottom of the figure. Asterisks indicate the

four special ungrammatical se.ntences in which sentence words were inter=

changed.

First we see that, as a group, subjects who learnedR3 also learned

Part IV, The mean number of errors per subject per trial over the last

6 trials is .030 If the subjects guessed 0 or 1 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 is, by selection

of subjects) and since, according to the results discussed for Part III,
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they also learned Rl and R5, it is possible that they could have done

perfectly on Part IV from the starto That is, because the response rule

for Rl, R3, and R5 could have been coded as "the stimulus is always an

I or N, and there is exactly one I," the subjects might have used this

to respond correctly on Part IV,

But it is clear that the subjects did not start out by almost always

being correct, The proportion of errors on trial 1 was only ,08, but on

trial 2 it shot up to 0,44, Note that on trial 1 a grammatical sentence

was presented but on trial 2 an ungrammatical sentence was the stimulus,

Since the proportion of errors on trial 1 is only ,08, it seems clear

that subjects did not guess 0 and 1 each with probability~, But could

they be simply guessing 1 with probability close to 11 No, because then

the proportion of errors on trial 2 would be close to 1, instead of ,44.

The question is, do subjects recognize at first that a sentence with

"ikutsu" appearing twice (Le" an ungrammatical sentence) is different

from one that has only one "ikutsu1" If they did not distinguish

between them, the proportion of errors on trials 1 and 2 would not be

different (i,e" if the subjects were guessing independently of the

stimulus sentence, no matter.what the guessing propability, the expected

proportions of errors on the two trials would be the same, This assumes,

of course, that no learn~ng occurs between the first and second trials?

But there seems no reason to suppose that learning to distinguish

between a G sentence and a U sentence would occur as the result of one

exposure to a G sentence, And if learning 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



subjects discriminated the ungrammatical from the grammatical sent~nces,

bu t had to, learn how to re spond 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

in~ert-Tabie-iO-about-here--------------------------

errors per subject for both groups (i,e" those who learned or did not

learn R3). The number of errors is greater for the group that did not

learn R3 than for the group that did learn. This is a result we would

expect, since if a subject did not learn R3 we might assume he had not

learned that an I could not appear twice. But suppose we assume that

the subject had learned nothing about this. Once again this would lead

us to predict that the proportions of errors for trials 1 and 2 would

be the same. Figure 15, however, shows this is not the case; the

proportions are .09 and .57, respectively. These proportions are not

way out of line with the proportions for subjects who learned R3. The

best explanation for this result seems to be that even subjects who did

not learn R3 by our definition learned the structure of the syntax, i.e.,

that I appeared exactly once. Remember that many of the subjects in

this group had never used two responses in a box, i.e., they had not

followed directions. Also, only three subjects had locked into an R3

response of N,l. What seems to have happened then is that even most of

the 23 subjects in this group learned the structure or something about

the structure, which leads to the different proportions between trials

1 and 2.

Table 11 shows the number of subjects in each group who made at

least one error On the last 6 trials. Consistent with the results we

in~ert-Tabie-ii-about-here
-------------------------~



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
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TABLE 11

Proportion of Subjects who Made at Least One Error
on Last 6 Items of Part IV, Grammatical Judgments.

s S Total

Learned R3 .17 .04 .10

Did Not Learn
R3 .30 .62 .48
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have already discussed, the subjects who did not learn R3 had proportionately

higher scores On this statistic than subjects who did learn, .In fact, 11 of

the 23 non-learning subjects .made at least one error on the last 6 trials,

It is possible that some subjects who did not learnR3 because of lack of

abili tyor .motivation had the same effect on Part IV. This is substantiated

by the fact that these subjects also did less well on Part. II,

Now let us turn to the four special ungrammatical sentences. lie can

read the proportion of errors for each from Figure 15. The first of these

sentences was presented on trial 9 and read ·"ikutsu desuka 1 wa 3 tasu,"

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

50 subjects who learned R3, only a proportion of .02 of them called this

sentence grammaticaL The second of these sentences appeared on trial 17

and ree?d 1'0 5 tasuwa ikutSll desukao"fl In othe~ words, Utasu" and "5" were

interchanged. The proportion 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

r!=ad ",2 .ikutsu tasu wa 3 desuka o
u In other words, UikutsuU and -UtasuU

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 proportion calling this

sentence grammatical was only .10. However, this proportion was doubtless

low because of the introduction of the new word, so we will not consider

.this sentence. The fourth sentence was number 42 amI read "ikutsu wa 2

tasu 4 desuka o ;!1 Here '''waf! and Utasun were interchanged" Theprop<?r-tion

of subjects resp<;mding 1 (grammatical) was .44. Once again,this

proportion was .much larger than for the sentences immediately preceding

and following it.



,The question that strikes us is, why is the proportion of errors so

much higher for sentences 17 and 42 (.38 and .44) than for 'sentence 9

(.02) 1 Two explanations suggest themselves. First, consider the "wotd

distance" between the two words interchanged to make the ungrammatical

sentence' from a grammatical sentence. This is 1 plus the number of

,words be tween the two words in t,he grammatical sentence. Thisme,\sute

for the three sentences is: for' sentence 9 the distance is 4, for

sentence 7 t.he distance is 1, and for sentence 42 the distance is 2.

So it is a question of distance 4 on the one hand versus distances 1

and 2 on the other. It might be that this distance is a good measure

of sentence grammatical:j.ty; The greater the distance the more chance

the sentence will be called ungrammatical.

However, another possibility is that sentence 9 was heard as

ungrammatical because it put'''desuka'' out of place. ,"Desuka" 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,

this was probably very salient to the subjec t. As we'saw previously,

"desuka" (R6) was the response learned quickest in Part III. This was

doubtless not because of the properties of the word, but because it

appeared las t,

There is no way to distinguish in this experiment between these two

possibili'ties. An expe:dment could be done varying this "word distance"

and having subjects judge grammaticali ty. However, there do'es 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 interchange function

words than'onthe sentences which include "ikutsu" twice. Whether, this

--1.0,0 -



is due to more practice on the latter' or to: some other reason is not

clear 0

,In summary. Part, IV mainly confirmed Our belief that on Part III,

subjec~s learned, the language J. It has also provided evidence that

some s~bjects who did not learn R3 by our definition did indeed learn

the language J.

- IOt-



between R2 and R6 here is that in

VI. Discussion and Summary

The major point of our study was to try to decide what kind of
---

automaton best represents a subject's behavior in the experiment. First,

we noted that if the subject became an ordered-state'finite automaton,

he would not learn the syntax of J. The results presented in the last

section show that most of the subjects who followed the instructions

learned, and that of those who did not, only three behaved at asymptote

in the way a sequential finite automaton such as ~ 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 learned much of the

structure of J. We may safely conclude that, in general, subjects did

not behave as if they became ordered-state 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 P- or ./'. However, we noted a way to distinguish

be tween these two automata. By making a general assumption about the

course of learning on finite automata and l-MS automata, we could write

equations (1) in Section II for j and equations (2) for./-'. The equa­

tions for the finite automaton ; predict that R2 is learned at the same

rate as Rl, while the equations for ~ predict that R2 is learned faster

than Rl. By the same reasoning that produced these equations, we can

~-derive similar equations which predict for r that R4 is learned at the

same rate as Rl and for I that R4 is learned faster. From both ,

and ./:J we predict that R6 is learned faster than Rl. The difference

t the pair (s9,D) appears on eve.y

trial. It is clear that we cannot write a finite automaton that will

- .. J:,02 ._



In this

behave like R6 for all responses, including R2 and R4, since then we would

have an ordered-state finite automaton, and we saw in Section IItha.t no

ordered-state finite automaton can respond correctly to 3.

Now,the ahovepredictions are made with.respect.to Rl. BULpy

exactly the same reasoning, we see that j predicts that R3 and R5 ar.e

learned at the same rate as R2 and R4, while./' predicts that R2 and R4

are learned faster. Both automata predict that R6 is learned. faster ..thi'n

R3 or R5. In short, 1 predicts that Rl throughR5 are learned at the

same rate, while ../' predicts that the even responses (R2,R4) are learned

faster than the odd responses.

We saw in the last section that, in fact, no matter what statistic

we looked at, all the even responses were learned faster than the odd

responses,and this result even held across the four sub~groups. These

results make it clear that the predictions from ./' are much cioser to

the experimental data than are the predictions from )f.
experiment, at least, subjects behaved more like a l-MS than like a

finite automatono

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 wi th the even responses,but

it would not explain why R5 was learned more slowly than the even responses,

because the correct responses for R5 contained one letter (N or. I depending

on the history) • This built~incontrol rules out the two-letter

explanation.

Also, note t,hat the usual serial position effect could not explain

our results. The results do not at all fit a bowed serial position curve

·,..·.·il93.-



(where the serial position isRl through R6) 0 In fact, an error' curve

through the results '(as well as predictions) changes its dir,ection (ioe.,

the sign of the first derivative) at every point o For, example, there

are more error's for' R3than for R2,or R4, and this could not' occur in a

bowed serial 'posTtion curve 0

In addi'tion to the above predictions ,as we saw in Se,ction II, our,

'learning assumption together With' predicts that each kind, of trial

isthesameo Specifically, f predicts that the learning curve over all

the trials should be monotonically decreasing, but that the points for

one of the kinds of trials should come upo We saw in the last section

that the curves were monotonically decreasing for both even responses.

Once again,the r ..MS /"is more appropriate for the ,data.

We also wanted to look at the effects of semantics practice on the,

learning of'syntaxo The hypothesis that semantics acts as amotivato1:

only pre'dictsthat' the semantics group would do be tter than the non-

semantics group on all the responses'. The hypothesis, that semantic

structure rest1:icts the range of possible syntactic structures predicts

that, since thi.s restric.tion Onlyaffec,ts R3 and R5 (since these responses

are the orily ones affected by the history of tpe sequence), the semantics

group would do be tter on these responses, but there woulq be no difference

on 'the' 'other responses between the two groups.

The results .show that indeed there was no difference on mean trial

of last error between the two groups On Rl; R2, R4 and R6, as the

restriction hypothesis suggests, 'and that' the semantics group did better

on R5, again as the restriction hypothesis suggestso On the other hand,

R3 was not significantly be tter for the semantics groupo However, the



mean was smaller for the semantics group on R3, and this was the orily

response besides R5 for which this was true, At any rate, since R5 was

the one response for which the semantics group did significantly better,

these results, though less cono:lusive than our results on the syntax

learning, suggest that the restriction hypothesis predicts the data

better than does the motivation hypothesis,

We also saw that the semantics system (correc.t 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 general?

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 l-MS is much weaker than the

general PDS automata, On the other hand, a crucial part of the PDS

structure remains in our version and distinguishes it from finite

automata, This structure is that there is memory besides the state of

the automaton, Perhaps our experimental results are generalizable to

more complex languages, including languages with loops, which we have

not considered 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 o



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 between

various kinds of automata. Perhaps future work on more complex

languages will confirm our results.

-~6



Appendix £' 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 Ill,

Notation is the standard linguistic one, All transformations

(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 analysis,

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 ordered

and, except for those labelled otherwise, are obligatory, The trans-

formations apply to the base in Table 10

The BLOCK transformations are used to delete strings that do not

have the proper number of x's (variables) for the given sentence, This

is related to the discussion of base strings whose meaning is empty in

Section Ill, However, some strings are deleted whose meaning is not

empty, namel~ strings with more than one variable, since there is no

natural way of asking such questions in the spoken language, especially

when the two variables are not adjacent,

In the rules, capital letters X,Y,Z a!e variables taking strings as

arguments, When such a letter appears, any string can be inserted,

Small x is the variable in arithmetic,



English Transformations

A. Lexicon

0 ~ zero

I ~ one

2 ~ two

3 ~ three

4~ four

5 ~ five

~ ~ equal

+~ plus

- ~ minus

~ times

I ~ divided by

( ~ ¢

) ~ ¢

B. Sentence Transformations

1- TBLI
A~ X,x,Y,x,Z
P ~ I 2 3 4 5 ~ BLOCK

2. T A~ ~h,X,X'Y3='Z
Q"hl P ~ I 2 3 4 5 6 .. 2 what 4 is 6

3. T A~ ~h'X,=~y,x,Z
Q"h2 P ~ I 2 3 4 5 6 .. 2 is 4 what' 6

4. TBL2
A~ Q"h'X
p ~ I 2 .. BLOCK

5. TBL3 A= X,x,Y
p ~ I 2 3 . ~ BLOCK

6. T
Q

A~ QYN'X,~,y

YN P ~ I 2 3 4 Does 2 3 4..
7. TCA

A~ C, <,N,+,N,)
p= I 2 3 4 5 6 .. Add 3 and 5

8. T
CS

A~ C, (,N,-,N,)
P ~ I 2 3 4 5 6 .. Subtract 5 from 3

9. TCM
A~ C,<,N,.,N,)
P ~ I 2 3 4 5 6 .. Multiply 3 by 5

10. TCD
A~ C, (,N,I,N,)
P .~ I 2 3 4 5 6 ~ Divide 3 by 5
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Japanese Transformations

A. Lexicon

0 ~ zero

1 ~ ichi

2 ....ni

3 ~ san

4 ~ shi

5 ~ go

= ~ wa

+ '~ tasu

~ hiku

.... karu

; .... waru

( ~¢

) ~¢

B. Sentence Transformations

L

2. T
'lwhl

A= X,x,Y,x,Z
P=12345 ~

I':t\
A = ct..h,N '\,.;/ ,N,=,N

P= 12 3 456~

BLOCK

1 2 \/~~r~/a
nl' "

o

/0\
410). 3\0

\de

to 6

3. T A= ct..h'X,x,Y
'lwh2

P = 1 2 3 4 ~ 2 ikutsu 4 desuka

4. T
BL2

A= ct..h ,j{
p = 1 2 ~ BLOCK

5. T
BL3 A= X,x,Y

P = 1 2 3 ~ BLOCK

6. T
YN

A= QYN'X
p=

1 2 /+) ~ 2 desuka

7. T
C

A= C,(,N, \:; ,N,)

3/~~;p /0 \
5\~4p = 1 2 3 4 5 6 ~ te kudasai

\~1 del

In this last transformation we have ignored a morphophonemic rule that
takes, for example, tasu + te M tashite.
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Appendix g. Experimental Instructions for ~.!!.!., Group e.

Part III will probably be more difficult than the other parts. The

instructions are somewhat complex, so listen carefully. You are going

to learn some simple Japanese sentences o 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 Par t I or they are the numbers

you learned in Part 110 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 you learned, write N for number o Remember~ do not

write the first letter of a particular number, rather write N for number.

In some sentences9 in some positions, it is possible that more than one

word could occupy that position. In fact, sometimes two words could

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

before and one after the comma 0 Remembers in some sen~ences, in some

positions only one word would be correct, and in some positions two words

would be correct. So do not ahlays fill the space after the comma

because sometimes oAly one would be correct. The patterns·are stich that

sometimes a preceding word ~an influence what words can later follow o

So do not write all six answers at one time. Always fill in just one box,

then wait for the next word to be spoken. You have a, few seconds to, make

- no -



your prediction. Then the actual word of the sentence will be said by

the speaker. This may be only one of the possible words that might

appear at thll t position. If you prec:licted this word you were correct.

If you predicted another word you might have been correct. Since at

most two words could have come in that position, if you predicted two

words and neither 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

seconds' pause and. you will then predict the second word of the sentence.

Then the third word.willcome ,and so on, for the six words. Please do

not write "ny answers after you have heard.t)lecorrect wOrd. We have to

trust you,andi.t is very important to us to get your answers before

youh.ave actually heard the correct answer. Look at your ans",e:r she'7.ts.

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 so that

you may Predict ..two words if you wish. Please predict only words that

you feel might be correct. If you have some feeling that they are

correct, write them. But do not make completely wild guesse,? If you

do not know any word you want to predict, put a dash in the box and

wri te .. the next answer in the next box. Are t)lere any questions about

this part of. the procedure?

There is one thing more to this part. Please listen carefully.

Each of these sentences is an actual Japanese sentence. And each one is

a sentence asking a question in arithmetic. The questions are about

addition. In algebra the questions they ask would be expressed by the

equations, for example, "1 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.



These are the only sentences you will be hearing. In English, the

questions would be, perhaps, "1 plus 3 equals what," "1 plus what equals

3," and "what plus 1 equals 3?" Note that the answer to, say, "I plus

what equals 3" is "2" whereas the answer to "1 plus 3 equals what" is

"4." That is, the answers are differerito It is also your 'job in this

part to learn 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 equations I mentioned before.

After you have heard the six words of each sentence repeated slowly,

and you have made your predictions, you will hear the same sentence,

repeated at a more natural speed. Then you have a few seconds to write

the answer to that sentence in the box to the right of the six boxes

and separated from it. Then the numerical answer will appear on the

screen. For example, if you think the sentence asked the question (in

Japanese), "x plus 1 equals 3," the number 2 will appear', If the

question 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 Japanese number for these answers. Simply write the digit. The

answers are any number from 0 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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