CHAPTER 18

On Learning the
Past Tenses of English Verbs

D. E. RUMELHART and J. L. McCLELLAND

THE ISSUE

Scholars of language and psycholinguistics have been among the first
1o stress the importance of rules in describing human behavior. The
reason for this is obvious. Many aspects of language can be character-
ized by rules, and the speakers of natural languages speak lhg [anguage
correctly. Therefore, syslems of rules are useful in chgramenzmg what
they will and will not say. Though we gll make mistakes when we
speak, we have a pretty good ear for what is nght_anq what is wrong—
and our judgments of correciness—or grammaticality—are generally
even easier to characlerize by rules than actual utlerances. .

On the evidence that what we will and won't say and what we will
and won't accept can be characterized by rules, it has been argued lha},
‘n some sense, we "know" the rules of our language. The sense in
which we know them is not the same as the sense in which we know
such "rules” as "i before e except after ¢ however, since we qeed not
necessarily be able lo state the rules explicitly, We know thqm in a way
that allows us to use them to make judgments of grammatu:.‘.ahty. !t is
often said, or to speak and understand, but this knowledge IS nol in a
form or location that permits it to be encoded into a cummup:r:arbl_e ver-
bal statement. Because of this, this knowledge is said to be implicit.

A shight varianl of this chapler will appear in B. MacWhinney (Ed.), Mechanisms af
Ianeuape acquisiion.  Hillsdale, MJ: Erlbaum (in press).
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So far there is considerable agreement. However, the exact charac-
terization of implicit knowledge is a matter of greal controversy. One
view, which is perhaps extreme but is nevertheless quite clear, holds
that the rules of language are stored in explicit form as proposilions,
and are used by language production, comprehension, and judgment
mechanisms. These propositions cannot be described verbally only
because they are sequestered in a specialized subsystem which is used
in language processing, or because they are written in a special code
that only the language processing system can understand. This view we
will call the explicit inaccessible rule view.

On the explicit inaccessible rule view, language acquisition is thought
of as the process of inducing rules. The language mechanisms are
thought to include a subsystem—often called the language acquisition
device (LAD) —whose business it is to discover the rules. A consider-
able amount of effort has been expended on the attempt to describe
how the LAD might operate, and there are a number of different pro-
posals which have been laid out. Generally, though, they share three
assumplions:

e The mechanism hypothesizes explicit inaccessible rules.

e Hypotheses are rejected and replaced as they prove inadequate
to account for the utterances the learner hears.

e The LAD is presumed to have innate knowledge of the possible
range of human languages and, therefore, is presumed to con-
sider only hypotheses within the constraints imposed by a set of
linguistic universals.

The recent book by Pinker (1984) contains a state-of-the-art example
of a model based on this approach.

We propose an alternative to explicit inaccessible rules. We supgest
that lawful behavior and judgments may be produced by a mechanism
in which there is no explicit representation of the rule. Instead, we
suggest that the mechanisms that process language and make judgments
of grammaticality are constructed in such a way that their performance
is characterizable by rules, but that the rules themselves are not written
in explicit form anywhere in the mechanism. An illustration of this
view, which we owe to Bates (1979), is provided by the honeycomb.
The regular structure of the honeycomb arises from the interaction of
forces that wax balls exert on each other when compressed. The
honeycomb can be described by a rule, but the mechanism which pro-
duces it does not contain any statement of this rule.

In our earlier work with the interactive activation model of word per-
ception (McClelland & Rumelhart, 1981; Rumelhart & McClelland,
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1981. 1982), we noted that lawful behavior emerged from the interac-
tions of a set of word and letter units. Each word unit stood for a par-
ticular word and had connections to units for the letters of the word.
There were no separate units for common letter clusters and no explicit
provision for dealing differently with orthographically regular letter
sequences—strings that accorded with the rules of English—as opposed
to irregular sequences. Yet the model did behave differently with
orthographically regular nonwords than it behaved with words. In fact,
the model simulated rather closely a number of results in the word per-
ception literature relating to the finding that subjects perceive letters in
orthographically regular letter strings more accurately than they per-
ceive letters in irregular, random letter strings. Thus, the behavior of
the model was lawful even though it contained no explicit rules.

It should be said that the pattern of perceptual facilitation shown by
the model did not correspond exactly to any sysiem of orthographic
rules that we know of. The model produced as much facilitation, for
example, for special nonwords like SLNT, which are clearly irregular, as
it did for matched regular nonwords like SLET. Thus, it is not correct
to say that the model exactly mimicked the behavior we would expect
to emerge from a system which makes use of explicit orthographic
rules. However, neither do human subjects. Just like the model, they
showed equal facilitation for vowelless strings like SLNT as for regular
nonwords like SLET. Thus, human perceptual performance seems, in
this case at least, 1o be characterized only approximately by rules.

Some people have been tempted to argue that the behavior of the
model shows that we can do without linguistic rules. We prefer, how-
ever, to pul the matter in a slightly different light. There is no denying
that rules still provide a fairly close characterization of the performance
of our subjects. And we have no doubt that rules are even more useful
in characterizations of sentence production, comprehension, and gram-
maticality judgments. We would only suggest that parallel distributed
processing models may provide a mechanism sufficient to capture law-
ful behavior, without requiring the postulation of explicit but inaccessi-
ble rules. Put succinctly, our claim is that PDP models provide an
alternative to the explicit but inaccessible rules account of implicit
knowledge of rules. :

We can anticipate two kinds of arguments against this kind of claim.
The first kind would claim that although certain types of rule-guided
behavior might emerge from PDP models, the models simply lack the
computational power needed to carry out certain types of operations
which can be easily handled by a system using explicit rules. We
believe that this argument is simply mistaken. We discuss the issue of
computational power of PDP models in Chapter 4. Some applications
of PDP models to sentence processing are described in Chapter 19.
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The second kind of argument would i
_ _ be that the details of language
il:ﬁ;nﬁrl:om_]:é mde-eq, the details of the language acquisition prmessg <
vi i i icit
;1 p unequivocal evidence in favor of a system of explicit
It is this latter kind of argument we wi i
e wish to address in the present
Ehaplf::l'. We have selected a phenomenon that is often thought of as
emonstrating the acquisition of a linguistic rule. And we have
developed a parallel t_:listribuled processing model that learns in a
natural way to b'_ehave in accordance with the rule, mimicking the gen-
eral trends seen in the acquisition data.

THE PHENCMENON

The phenomenon we wish to account for is |
!hree stages in thel acquisition of the use of past tiﬁs? ti; :hﬁ:m:r:f
Iul';ge E?ﬁ:sh as their native tongue. Descriptions of development of the
o cga % rggﬁl_ tense may be found in Brown (1973), Ervin (1964), and
In Stage 1, children use only a small number of v i
tense. Such wverbs tend to be very high-frequency E:-'—E:d::n ;tllaf:l F:f:f;
majority of these are irregular. At this stage, children tend .tu el th
past tenses of _thase words correct if they use the past tense at a]EI FO?
e:xampleﬁ a child’s lexicon of past-tense words at this stage might- con-
sist of came, got, gave, looked, needed, took, and went. Of these seven
verbs, only two are regular—the other.five are generally idiosyncratic
E;:IEFI&T of Ilrrcgm:ar verbs. In this stage, there is no evidence of the
p— i:amr::.15 a_* it appears that children simply know a small number of
In Stage 2, evidence of implicit knowledge inguisti
emerges. Al this stage, children use a much Ia%gerurt;u;i:l:ar:gs;'s::rhrsu:s
the past tense. These verbs include a few more irregular ilems, but it
turns out that the majority of the words al this stage are exam‘pies of
the regu!arl past tense in English, Some examples are wiped and pulled
The evidence that the Stage 2 child actually has a linguistic n;ln:
comes not from the mere fact that he cor she knows a number of regu-
lar forms. There are two additional and crucial facts; ¢

@ The child can now generate a i
past tense for an invented word.
For n_axamp-le, Berlfc {1958) has shown that if children can be
::gnwnce:d to use rick to describe an action, they will tend to say
tn-:-.iﬁ?ar:f when the occasion arises to use the word in the past
ense,
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e Children now incorrectly supply r_cg.u].ar past-lense endings for
words which they used correctly in Stage_l. These errors may
involve either adding ed to the root as in :.:mned [k mdf,dt}{
adding ed to the irregular pasl tense form as in camed [kam
(Ervin, 1964; Kuczaj, 1977).

Such findings have been taken as fairly strong support f“'.{hf ;Essn_,}r{;
tion that the child at this stage has acquired the past-tense "rule.
quote Berko (1958):

If a child knows that the plural of witch is witches, ha.=.hrnaz::E IS“E;
ply have memorized the plural form. If, however, he [h [5 v
that the plural of gutch is guIFhes, we have ewdenui-, 1 ah'ch
actually knows, albeil unconsciously, one of l’c'!usa rules w n’1lal'
the descriptive linguist, too, would set forth in his grammar.

(p. 151}

In Stage 3. the regular and irregular forms coexist. That is, ﬁih:}iren
have regained the use of the correct irregular forms of lrt:; fﬁi}f :aa sr::‘,
i i lar form to new wo ;
while they continue to apply the regular : Spalis
izati ist i hood—in fact, there is a class ol wo
Regularizations persist into adult . et
i ' : [ lar version are both consider
for which either a regular or an irfregu .
acceptable—but for the commonest irregulars 5|_.u:h as those the c:h;;lli
acquired first, they tend to be rather rare. Al this stage there fag EE; 3
clusters of exceptions to the basic, regular past-tense pattern -;1 tr:gnsez;,
Each cluster includes a number of words that undergo identical ¢ af g
from the present to the pasl tense. For example, lherf: isI a inglang
j ir cluster, etc. There is also a group
cluster, an ing/ung cluster, an eet/ it clust:
of words ending in /d/ or J1/ for which the present and past are

identical. -
Table 1 summarizes the major characteristics of the three stages.

Variability and Gradualness

The characterization of pasi-tense acquisilion as a Sequ;ﬂoet of ;h;i
slages is somewhat misleading. It may Isuggest that t. e ;;gf v
clearly demarcated and tha ?erfnrman-;:ﬂ in each stage is sharply
tinguished from performance in other stages.

| The notation of phonemes used in this chapte_r _is somewl'fa: nonst:_m:;:;:.u:i”:z
derived from the computer-readable dictionary conlaining phonetic transcnpl
- b temedarinme A kew is given in Table 5.

e — | i R e
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TABLE |

CHARACTERISTICS OF THE THREE STAGES
OF PAST TENSE ACQUISITION

Verb Type Stage 1 Stage 2 Stage 3

Early Verbs Correct  Regularized Corract
Regular - Correct Correct

Other Irregular - Regularized  Correct or Regularized
Mowvel — Regularized Regularized

In fact, the acquisition process is quite gradual. Little detailed data
exists on the transition from Stage 1| to Stage 2, but the transition from
Stage 2 to Stage 3 is quite protracted and extends over several years
{(Kuczaj, 1977). Further, performance in Stage 2 is extremely variable.
Correct use of irregular forms is never completely absent, and the same
child may be observed to use the correct past of an irregular, the
base+ed form, and the past+ed form, within the same conversation,

Other Facts About Past-Tense Acquisition

Beyond these points, there is now considerable data on the detailed
types of errors children make throughout the acquisition process, both
from Kuczaj {1977) and more recently from Bybee and Slobin (1982).
We will consider aspects of these findings in more detail below. For
now, we mention one intriguing fact: According to Kuczaj (1977),
there is an interesting difference in the errors children make to irregu-
lar verbs at different points in Stage 2. Early on, regularizations are
typically of the base+ed form, like goed. later on, there is a large
increase in the frequency of past4ed errors, such as wented.

THE MODEL

The goal of our simulation of the acquisition of past tense was to
simulate the three-stage performance summarized in Table 1, and to
see whether we could capture other aspects of acquisition. In particu-
lar, we wanted to show that the kind of gradual change characteristic of
normal acquisition was also a characteristic of our distributed model,
and we wanted to see whether the model would capture detailed aspects
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of the phenomenon, such as the c!nange in error type in later plgsnisvgg
development and the change in differences in error patterns obse

For di [ words.

tﬂﬁ;ﬁ:z':_l: ;};ﬁ?epared tp produce a full-blown languagf: Processor
that would learn the past tense from full senlences heard in e;.reryt_i;y
experience. Rather, we have explored a very simple past-tense man'::aL rg
environmenlt designed to capture the:_v:rs:_ienual cha:lactensrncs nec?s thy
to produce the three stages of acquisition. Iq this renqunmeln 3 mz
model is presented, as learning exXpernences, with pairs of m?;[u s—d T
capturing the phonological structure of the root form of a w::-rl I.Ian iy
other capturing the phonological structure of the correct pas1; ense 5
sion of that word. The behavior of the mlnc_lel can he_te:sled y g.wnng_t
just the root form of a word and examining what it generates as 113
*current guess” of the corresponding past-tense form.

Structure of the Model

The basic structure of the model is iilj.lstrated in Figure‘ 1. Ti'lte
model consists of two basic parts: (a) a simple pa:.'erf: associaror neﬂ-
work similar 1o those studied by Kohonen {1977; 1984; see Chapter
which learns the relationships between the base form and the past-tense
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| FIGURE 1. The basic structure of the model,
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form, and (b) a decoding network that converts a featural represesnta-
tion of the past-tense form into a phonological representation. All
learning occurs in the pattern associator; the decoding network is sim-
ply a mechanism for converting a featural representation which may be
a near miss to any phonological pattern into a legitimate phonolomical
representation. Our primary focus here is on the pattern associator.
We discuss the details of the decoding network in the Appendix.

Units. The pattern associator contains two pools of units. One pool,
called the input pool, is used to represent the input pattern correspond-
ing to the root form of the verb to be learned. The other pool, called
the output pool, is used to represent the oulpul pattern generatecd by
the model as its current guess as to the past tense corresponding te» the
rool form represented in the inputs.

Each unit stands for a particular feature of the input or output string.
The particular features we used are important to the behavior of the
model, so they are described in a separate section below.

Connections. The pattern associator contains a modifiable conmec-
tion linking each input unit to each output unit. Initially, these conmec-
tions are all set to 0 so that there is no influence of the input units on
the output units. Learning, as in other PDP models described in this
book, involves modification of the strengths of these interconnecti=ons,
as described below.

Operation of the Model

On test trials, the simulation is given a phoneme string corresponaling
to the root of a word. It then performs the following actions. First, it
encodes the root string as a pattern of activation over the input umits.
The encoding scheme used is described below. NMNode activations are
discrete in this model, so the activation values of all the units that
should be on to represent this word are set to 1, and all the others are
set to 0. Then, for each output unit, the model computes the net irput
to it from all of the weighted connections from the input units. The
net input is simply the sum over all input units of the input unit activa-
tion times the corresponding weight. Thus, algebraically, the net imput
10 output unit i is

net; = La; Wy
g
where a; represents the activation of input unit j, and w; represenis
the weight from unit j to unit ;.
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Each unit has a threshold, 8, which is adjusted by the learning pro-
cedure that we will describe in a moment. The probability that the unit
is turned on depends on the amount the net input exceeds the thresh-
old. The logistic probability function is used here as in the Boltzmann
machine (Chapter 7) and in harmony theory (Chapter 6) to determine
whether the unit should be turned on. The probability is given by

1 (1
pla=1= (3o Mot

where T represents the temperature of the system. The logistic func-
tion is shown in Figure 2. The use of this probabilistic response _rule
allows the system o produce different responscs on different occasions
with the same network. It also causes the system 10 learn more slowly
so the effect of regular verbs on the irregulars continues over a much
longer period of lime. As discussed in Chapter 2, the temperature, T.
can be manipulated so that at very high temperatures the response of
the units is highly variable; with lower values of T, the units behave
more like linear threshold units.

Since the pattern associator built into the model is a one-layer net
with no feedback connections and no connections from one input unit
1o another or from one output unit to another, iterative computation 1s
of no benefit. Therefore, the processing of an input pattern is a simple
matter of first calculating the net input to each output unit and then

1.0
P
= A 1t
“E"{).ﬁ
e e
i T -

-5 -4+ -3 -2 -1 @ 1 2 3 4 &

(net; — 0;/T)

FIGURE 2. The logistic function used 1o calculate probability of aclifal'mn. Th_c_ X-a%is
shows values of {ner, — @,/ T, and the y-axis indicales the corresponding probability that
umit i will be activated.
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setling its activation probabilistically on the basis of the logistic equa-
tion given above. The temperature T only enters in setting the varia-
bility of the output units; a fixed value of T was used throughout the
simulations,

To determine how well the model did at producing the correct out-
put, we simply compare the pattern of output Wickelphone activations
to the pattern that the correct response would have generated. To do
this, we first translate the correct response inio a target patlern of
activation for the output units, based on the same encoding scheme
used for the input units. We then compare the obtained pattern with
the targel pattern on a unit-by-unit basis. If the output perfectly repro-
duces the target, then there should be a 1 in the output pattern wher-
ever there is a 1 in the target. Such cases are called hirs, following the
conventions of signal detection theory (Green & Swels, 1966). There
should also be a 0 in the output whenever there is a 0 in the targel.
Such cases are called correct rejections. Cases in which there are 1s in
the output but not in the target are called false alarms, and cases in
which there are 0s in the output that should be present in the input are
called misses. A variety of measures of performance can be computed.
We can measure the percentage of output units that match the correct
past tense, or we can compare the output to the pattern for any other
response alternative we might care to evaluate. This allows us to look
at the output of the system independently of the decoding network.
We can also employ the decoding network and have the system syn-
thesize a phonological string. We can measure the performance of the
system either at the featural level or at the level of strings of
phonemes. We shall employ both of these mechanisms in the evalua-
tion of different aspects of the overall model.

Learning

On a learning trial, the model is presented with both the root form of
the verb and the target. As on a test trial, the pattern associator net-
work computes the output it would generate from the input. Then, for
each output unit, the model compares its answer with the target. Con-
nection strengths are adjusted using the classic perceptron convergence
procedure (Rosenblatt, 1962). The perceptron convergence procedure is
simply a discrete variant of the delta rule presented in Chapter 2 and
discussed in many places in this book. The exact procedure is as fol-
lows: We can think of the target as supplying a teaching input to each
output unit, telling it what value it ought to have. When the actual
output matches the target output, the model is doing the right thing
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and so mone of the weights on the lines coming into the unit are
adjusted. When the computed output is 0 and the target says it should
be 1, we want to increase the probability that the unit will be active the
next time the same input pattern is presented. To do this, we increase
the weights from all of the input units that are active by a small amount
m. At the same time, the threshold is also reduced by n. When the
computed output is 1 and the target says it should be 0, we want to
decrease the probability that the unit will be active the next time the
same input pattern is presented. To do this, the weights from all of the
input units that are active are reduced by n, and the threshold is
increased by 7. In all of our simulations, the value of n is simply set
to 1. Thus, each change in a weight is a unit change, either up or
down. For nonstochastic units, it is well known that the perceptron
convergence procedure will find a set of weights that will allow the
model to get each output unit correct, provided that such a set of
weights exists. For the stochastic case, it is possible for the learning
procedure to find a set of weights that will make the probability of error
as low as desired. Such a set of weights exists if a set of weights exists
that will always get the right answer for nonstochastic units.

Learning Regular and Exceptional Patterns in &
Pattern Associator

In this section, we present an illustration of the behavior of a simple
pattern associator model. The meodel is a scaled-down wversion of the
main simulation described in the next section. We describe the scaled-
down version first because in this model it is possible to actually exam-
ine the matrix of connection weights, and from this to see clearly how
the model works and why it produces the basic three-stage learning
phenomenon characteristic of acquisition of the past tense. Various
aspects of pattern associator networks are described in a number of
places in this book (Chapters 1, 2, 8, 9, 11, and 12, in particular) and
elsewhere (J. A. Anderson, 1973, 1977; J. A. Anderson, Silverstein,
Ritz, & Jones, 1977; Kohonen, 1977, 19084). Here we focus our atien-

tion on their application to the representation of rules for mapping one-

set of patterns into another.

For the illustration model, we use a simple network of eight input
and eight output units and a set of connections from each input unit to
each output unit. The network is illustrated in Figure 3. The network
is shown with a set of connections sufficient for associating the pattern
of activation illustrated on the input units with the pattern of activation
illustrated on the output units. (Active units are darkened; positive
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FK]:_JRE 3._ Simple m::_wo_rk_u:.ed in illustrating basic properties of pallern associator net-
works, excitatory and inhibitory connections needed 1o allow the active inpul pattern 1o
pl:odune fl'bc Jllust_ral-edlm{tpu} patiern are indicated with + and —. MNext io the network
:;.hmat:m laF \!u:l;:'lts indicating the strengihs of the connections from each input unit I{;
ch output unit. Input units are indexed by t in; i
e o ¥ the column they appear in; outpul units are

and negative connections are indicated by numbers written on each
connection). Next to the network is the matrix of connections
abs_tracted from the actual network itself, with numerical values
ass_lgnaq to the positive and negative connections. Note that each
weight is located in the matrix at the point where it occurred in the
ac'iual network diagram. Thus, the entry in the ith row of the jth
Eal::-l :]Tpu;:}glcates the connection w; from the jth input unit to the ith
Using this diagram, it is easy to compute the net inputs that will arise
on thepulput qnits when an input pattern is presented. For each out-
put unit, one simply scans across its rows and adds up all the weights
found in -::_ulumns associated with active input units, (This is exactl
wha[ the simulation program does!) The reader can verify that whm::r
the Input patiern illustrated in the left-hand panel is presented, each
output unit that should be on in the output pattern receives a net1 input
of +245; aax:h output unit that should be off receives a net input of
—45. Plugging these values into Equation 1, using a temperature

5 ; L

f In the examples we will be considering in this section, the thresholds of the units are

ixed at 0. '_Ihreshuld terms add an exira degree of freedom for each output unit and

:iJIlI::p:elelD}ut;:mmunl lnCthc absence of input, but they are otherwise inessential to
alion model. Computationally, they are ivalent L i i

Lo an extra input unit that is always on. - Mt



278  PSYCHOLOGICAL PROCESSES

of 15.} we can compute that each output unit will take on the correct
value about 95% of the time. The reader can check this in Figure 2
when the net input is +45, the exponent in the denominator of the
logistic function is 3. and when the net input is —45, the exponent
is —3. These correspond 1o activation probabilities of about .95 and
D5, respectively.

One of the basic properties of the pattern associator is that it can
store the connections appropriate for mapping a number of different
input patterns to a number of different output patterns. The perceptron
convergence procedure can accommodate a number of arbitrary ass0cid-
tions belween inpul patierns and outpul patiemns, as long as the input
patterns form a linearly independent set (see Chapters 9 and 11).
Table 2 illustrates this aspect of the model. The first two cells of the
table show the connections that the model learns when it is trained on
each of the two indicated associations separately. The third cell shows
connections learned by the model when it is trained on both patterns in
alternation, first seeing one and then seeing the other of the two.
Again, the reader can verify that if either input pattern is presented 1o a
network with this set of connections, the correct corresponding outpul
pattern is reconstructed with high probability; each output unit that
should be on gets a net input of at least + 45, and each output unit that
should be off gets a net input below —43.

The restriction of networks such as this to linearly independent sets
of patterns is a severe one since there are only N linearly independent
patterns of length N. That means that we could store at most eight
unrelated associations in the network and maintain accurate perform-
ance. However, if the patterns all conform to a general rule, the capac-
ity of the network can be greatly enhanced. For example, the set of
connections shown in Table 2D is capable of processing all of the pat-
terns defined by what we call the rule of 78. The rule is described in
Table 3. There are 18 different input/output pattern pairs correspond-
ing to this rule, but they present no difficulty to the network. Through
repeated presentations of examples of the rule, the perceptron conver-
gence procedure learned the set of weights shown in cell D of Table 2.
Again, the reader can verify that it works for any legal association [it-
ting the rule of 78. (Note that for this example, the "regular” pairing

3 For the actual simulations of verb learning, we used a value of T equal to 200, This
means that for a fixed value of the weight on an input line, the effect of that line being
active on the unit’s probability of firing is much lower than it is in these illustrations.
This is balanced by the fact that in the verb learning simulations, a much larger number
of inputs contribute to the activation of each output unit. Responsibility for turning a
unit on is simply more distributed when larger inpul patierns are used.
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TABLE 2
WEIGHTS IN THE 8-UNIT NETWORK
AFTER VARIOUS LEARNING EXPERIENCES
Weights acquired in learning B. Woeights acquired in learni
(247 —(146) (346/— 36T e
15 T . . 15 -6 -16 -16
-16 L 3 B 17 =17 -17
-17 . =17 2 P I 17: 17 17
16 - - -6 -16 -16
=16 [ . 1 -7 17 =17
17 SR ) = 17 16 16 16
-16 . -l6 . [ 17 17 17
17 . 17 - . =17 17 -17 -17
Weights acquired in learning D.  Weights acquired in learning
A and B together the rule of T8
M -4 . . - M 6l -37 37 5 5 3 45 -7
-13 <13 -26 .o=13 .13 35 60 -3 4 -6 -3 -5 -B
23 M1 . oM B 9 235 6l 4 5 4 T -6
24 25 -l .25 M 4 4 5 5% 37 -3 -8 7
-13 <13 -28 .13 -13 S -5 4 36 60 38 -7 -7
13 13 26 LA B E 5 4 6 37 -38 & - 7
-25 M -] . 24 25 1 . | ’ -50 51
12 -13 -25 . -13 -12 e | 49 -50
TABLE 3
THE RULE OF 7%
Input patterns consist of ong {123
active unit from each of the {4 56}
following sets: {7 8)
Ti_!e output pattern paired  The same unit from (1 2 3)
with a given inpul pattern The same unit from (4 5 6)

consists of;

Examples:

An exception:

The other unit from {7 8)
247—24%
168— 167
}J57— 358

147— 147
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of (147) with (14 8) was used rather than the exceptional mapping
illustrated in Table 3). :

We have, then, observed an important property of the pattern associ-
ator: If there is some structure to a set of patlerns, the network may be
able to learn to respond appropriately to all of the members of the set.
This is true, even though the input vectors most certainly do not form
a linearly independent set. The model works anyway because the
response that the model should make to some of the patterns can be
predicted from the responses that it should make to others of the pat-
terns. _ _

Now let’s consider a case more like the situation a young child faces
in learning the past tenses of English verbs. Here, there is a regular
pattern, similar to the rule of 78. In addition, however, there are
exceptions. Among the first words the child learns are many excep-
tions. but as the child learns more and more verbs, the proportion that
are regular increases steadily. For an adult, the vast majority of verbs
are regular. ‘ . —

To examine what would happen in a patlern associator in !hls kind of
a situation, we first presented the illustrative 8-unit model with two pat-
tern pairs. One of these was a regular examplfa of the 78 rule
[(258—(257)]. The other was an exception 1o the rule
[(147)—(147)]. The simulation saw both pairs ?ﬁ times, and con-
nection strengths were adjusted after each presentation. The resulting
set of connections is shown in cell A of Table 4. This number of learn-
ing trials is not enough to lead to perfect pe{fnrmance; but after this
much experience, the model tends to get the right answer for each out-
put unit close to 90 percent of the time. At this point, the fact tha'f one
of the patterns is an example of a general rule and the other is an
exception to that rule is irrelevant to the model. Tt Ie.arn‘:; a set of con-
nections that can accommodate these two patterns, but it cannot gen-
eralize 1o new instances of the rule.

This situation, we suggest, characterizes the situation that the
language learner faces early on in learning the past tense. The child
knows, at this point, only a few high-frequency verbs, and these ten{:},
by and large, to be irregular, as we sha{l_ see below. Thus each is
treated by the network as a separate association, and very little generali-
zation is possible. _

But as the child learns more and more verbs, the proportion of regu-
lar verbs increases. This changes the situation for the learning model.
Now the model is faced with a number of examples, all of whict% ['crll_uw
the rule, as well as a smattering of irregular forms. This new situation
changes the experience of the network, and thus the patiern of inter-
connections it contains. Because of the predominance of the regular
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TABLE 4

REPRESENTING EXCEPTIONS: WEIGHTS IN THE 8-LUUNIT NETWORK

A, After 20 exposures 1o B After 10 more exposures 1o

NdT—=(147, (258)—(257) all 18 associations
12 -12 .12 12 oo .12 4 -4 - -2 -10 4 -B &
11 13 ~o=11 13 PR 1 B -32 46 -27 -1 2 4 9 4
-1 -11 =11 -1l Y & B -3 -4 43 -5 -5 -1 -2 -9
12 -12 L1212 I b -1 -7 -7 45 34 -2 4 -1
-1 11 I B & A £ 3 -3 31 4 27 TS
-1 -12 .-l 12 oo=11 =12 45 B -3 -3 -2 42 -7 -0
12 1 R i | 12 1 m -2 % 11 -2 -6 -35 38
-11 -13 ) B A 9 4 T -3 1 & W 42
C. After 30 more exposures 10 D. Afigr a total of 500 exposures
all 18 assocations to all 18 associations
6l 38 -3 46 -5 4 -6 9 64 -39 39 5 4 5 T T
-3 62 -39 46 -5 4 -F .7 -39 83 -3 5 5 -5 T -8
-37 -3 62 5 5 -3 1 6 -39 40 &4 5 5 5 B 7
-4 6 -6 62 40 -33 B -8 5005 5 64 40 -39 -8 7
-5 -5 -4 38 62 -3 7 -7 -5 -5 -5 -3 63 -39 7T B
6 4 -5 -38 -39 62 B -T 5 -5 5 -39 .39 &3 -F 7
o 5 -4 22 -5 -6 -50 6l n -2 -29 70 -28 -2 -9 106
19 & 5 -18 5 T M -a0 o2 M L7027 28 91 -106

form in the input, the network learns the regular pattern, temporarily
"overregularizing” exceptions that it may have previously learned.

Qur illustration takes this situation to an extreme, perhaps, to illus-
trate the point. For the second stage of learning, we present the model
with the entire set of eighteen input patterns consisting of one active
unit from (1 2 3), one from (4 5 6), and one from (7 8). All of these
patterns are regular except the one exceplion already used in the first
stage of training.

At the end of 10 exposures to the full set of 18 patterns, the model
has learned a set of connection strengths that predominantly captures
the "regular pattern” At this point, its response to the exceptional pat-
tern is worse than it was before the beginning of Phase 2; rather than
getting the right output for Units 7 and 8, the network is now regulariz-
ing it.

The reason for this behavior is very simple. All that is happening is
that the model is continually being bombarded with learning experi-
ences directing it to learn the rule of 78. On only one learning trial out
of 18 is it exposed to an exception to this rule.































































