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Abstract

Learning the past tense of English v erbs | a seemingly minor asp ect of language ac-

quisition | has generated heated debates since 1986, and has b ecome a landmark task

for testing the adequacy of cognitiv e mo deling. Sev eral arti�cial neural net w orks (ANNs)

ha v e b een implemen ted, and a c hallenge for b etter sym b olic mo dels has b een p osed. In

this pap er, w e presen t a general-purp ose Sym b olic P attern Asso ciator (SP A) based up on

the decision-tree learning algorithm ID3. W e conduct extensiv e he ad-to-he ad comparisons

on the generalization abilit y b et w een ANN mo dels and the SP A under di�eren t represen-

tations. W e conclude that the SP A generalizes the past tense of unseen v erbs b etter than

ANN mo dels b y a wide margin, and w e o�er insigh ts as to wh y this should b e the case.

W e also discuss a new default strategy for decision-tree learning algorithms.

1. In tro duction

Learning the past tense of English v erbs, a seemingly minor asp ect of language acquisition,

has generated heated debates since the �rst connectionist implemen tation in 1986 (Rumel-

hart & McClelland, 1986). Based on their results, Rumelhart and McClelland claimed that

the use and acquisition of h uman kno wledge of language can b est b e form ulated b y ANN

(Arti�cial Neural Net w ork) mo dels without sym b ol pro cessing that p ostulates the existence

of explicit sym b olic represen tation and rules. Since then, learning the past tense has b e-

come a landmark task for testing the adequacy of cognitiv e mo deling. Ov er the y ears a

n um b er of criticisms of connectionist mo deling app eared (Pink er & Prince, 1988; Lac h ter &

Bev er, 1988; Prasada & Pink er, 1993; Ling, Cherw enk a, & Marino v, 1993). These criticisms

cen tered mainly up on the issues of high error rates and lo w reliabilit y of the exp erimen tal re-

sults, the inappropriateness of the training and testing pro cedures, \hidden" features of the

represen tation and the net w ork arc hitecture that facilitate learning, as w ell as the opaque

kno wledge represen tation of the net w orks. Sev eral subsequen t attempts at impro ving the

original results with new ANN mo dels ha v e b een made (Plunk ett & Marc hman, 1991; Cot-

trell & Plunk ett, 1991; MacWhinney & Lein bac h, 1991; Daughert y & Seiden b erg, 1993).

Most notably , MacWhinney and Lein bac h (1991) constructed a m ultila y er neural net w ork

with bac kpropagation (BP), and attempted to answ er early criticisms. On the other hand,

supp orters of the sym b olic approac h b eliev e that sym b ol structures suc h as parse trees,

prop ositions, etc., and the rules for their manipulations, are critical at the cognitiv e lev el,

while the connectionist approac h ma y only pro vide an accoun t of the neural structures

in whic h the traditional sym b ol-pro cessing cognitiv e arc hitecture is implemen ted (F o dor

& Pylysh yn, 1988). Pink er (1991) and Prasada and Pink er (1993) argue that a prop er
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accoun ting for regular v erbs should b e dep enden t up on pro duction rules, while irregular

past-tense in
ections ma y b e generalized b y ANN-lik e asso ciativ e memory .

The prop er w a y of debating the adequacy of sym b olic and connectionist mo deling is b y

con trasting comp etitiv e implemen tations. Th us, a sym b olic implemen tation is needed that

can b e compared with the ANN mo dels. This is, in fact, a c hallenge p osed b y MacWhinney

and Lein bac h (1991), who assert that no sym b olic metho ds w ould w ork as w ell as their o wn

mo del. In a section titled \Is there a b etter sym b olic mo del?" they claim:

If there w ere some other approac h that pro vided an ev en more accurate

c haracterization of the learning pro cess, w e migh t still b e forced to reject the

connectionist approac h, despite its successes. The prop er w a y of debating con-

ceptualizations is b y con trasting comp etitiv e implemen tations. T o do this in the

presen t case, w e w ould need a sym b olic implemen tation that could b e con trasted

with the curren t implemen tation. (MacWhinney & Lein bac h, 1991, page 153)

In this pap er, w e presen t a general-purp ose Sym b olic P attern Asso ciator (SP A) based

up on the sym b olic decision tree learning algorithm ID3 (Quinlan, 1986). W e ha v e sho wn

(Ling & Marino v, 1993) that the SP A's results are m uc h more psyc hologically realistic than

ANN mo dels when compared with h uman sub jects. On the issue of the predictiv e accuracy ,

MacWhinney and Lein bac h (1991) did not rep ort imp ortan t results of their mo del on unseen

regular v erbs. T o reply to our criticism, MacWhinney (1993) re-implemen ted the ANN

mo del, and claimed that its ra w generalization p o w er is v ery close to that of our SP A. He

b eliev ed that this should b e the case b ecause b oth systems learn from the same data set:

There is a v ery go o d reason for the equiv alen t p erformance of these t w o

mo dels. [...] When t w o computationally p o w erful systems are giv en the same

set of input data, they b oth extract ev ery bit of data regularit y from that input.

Without an y further pro cessing, there is only so m uc h blo o d that can b e squeezed

out of a turnip, and eac h of our systems [SP A and ANN] extracted what they

could. (MacWhinney , 1993, page 295)

W e will sho w that this is not the case; ob viously there ar e reasons wh y one learning

algorithm outp erforms another (otherwise wh y do w e study di�eren t learning algorithms?).

The Occam's Razor Principle | preferring the simplest h yp othesis o v er more complex

ones | creates preference biases for learning algorithms. A pr efer enc e bias is a preference

order among comp etitiv e h yp otheses in the h yp othesis space. Di�eren t learning algorithms,

ho w ev er, emplo y di�eren t w a ys of measuring simplicit y , and th us concepts that they bias

to are di�eren t. Ho w w ell a learning program generalizes dep ends up on the degree to whic h

the regularit y of the data �ts with its bias. W e study and compare the ra w generalization

abilit y of sym b olic and ANN mo dels on the task of learning the past tense of English

v erbs. W e p erform extensiv e head-to-head comparisons b et w een ANN and SP A, and sho w

the e�ects of di�eren t represen tations and enco dings on their generalization abilities. Our

exp erimen tal results demonstrate clearly that

1. the distributed represen tation, a feature that connectionists ha v e b een adv o cating,

do es not lead to b etter generalization when compared with the sym b olic represen ta-

tion, or with arbitrary error-correcting co des of a prop er length;
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2. ANNs cannot learn the iden tit y mapping that preserv es the v erb stem in the past

tense as w ell as the SP A can;

3. a new represen tation suggested b y MacWhinney (1993) impro v es the predictiv e accu-

racy of b oth SP A and ANN, but SP A still outp erforms ANN mo dels;

4. in sum, the SP A generalizes the past tense of unseen v erbs b etter than ANN mo dels

b y a wide margin.

In Section 5 w e discuss reasons as to wh y the SP A is a b etter learning mo del for the

the task of English past-tense acquisition. Our results supp ort the view that man y suc h

rule-go v erned cognitiv e pro cesses should b e b etter mo deled b y sym b olic, rather than con-

nectionist, systems.

2. Review of Previous W ork

In this section, w e review brie
y the t w o main connectionist mo dels of learning the past

tenses of English v erbs, and the subsequen t criticisms.

2.1 Rumelhart and McClelland's Mo del

Rumelhart and McClelland's mo del is based on a simple p erceptron-based pattern asso ci-

ator in terfaced with an input/output enco ding/deco ding net w ork whic h allo ws the mo del

to asso ciate v erb stems with their past tenses using a sp ecial Wic k elphone/Wic k elfeature

phoneme-represen tation format. The learning algorithm is the classical p erceptron con v er-

gence pro cedure. The training and the testing sets are m utually disjoin t in the exp erimen ts.

The errors made b y the mo del during the training pro cess broadly follo w the U-shap ed learn-

ing curv e in the stages of acquisition of the English past tense exhibited b y y oung c hildren.

The testing sample consists of 86 \unseen" lo w frequency v erbs (14 irregular and 72 regular)

that are not randomly c hosen. The testing sample results ha v e a 93% error rate for the

irregulars. The regulars fare b etter with a 33.3% error rate. Th us, the o v erall error rate for

the whole testing sample is 43% | 37 wrong or am biguous past tense forms out of 86 tested.

Rumelhart and McClelland (1986) claim that the outcome of their exp erimen t discon�rms

the view that there exist explicit (though inaccessible) rules that underlie h uman kno wledge

of language.

2.2 MacWhinney and Lein bac h's Mo del

MacWhinney and Lein bac h (1991) rep ort a new connectionist mo del on the learning of the

past tenses of English v erbs. They claim that the results from the new sim ulation are far

sup erior to Rumelhart and McClelland's results, and that they can answ er most of the crit-

icisms aimed at the earlier mo del. The ma jor departure from Rumelhart and McClelland's

mo del is that the Wic k elphone/Wic k elfeature represen tational format is replaced with the

UNIBET (MacWhinney , 1990) phoneme represen tational system whic h allo ws the assign-

men t of a single alphab etic/n umerical letter to eac h of the total 36 phonemes. MacWhinney

and Lein bac h use sp ecial templates with whic h to co de eac h phoneme and its p osition in a

w ord. The actual input to the net w ork is created b y co ding the individual phonemes as sets
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of phonetic features in a w a y similar to the co ding of Wic k elphones as Wic k elfeatures (cf

Section 4.3). The net w ork has t w o la y ers of 200 \hidden" units fully connected to adjacen t

la y ers. This n um b er w as arriv ed at through trial and error. In addition, the net w ork has a

sp ecial-purp ose set of connections that cop y the input units directly on to the output units.

Altogether, 2062 regular and irregular English v erbs are selected for the exp erimen t

| 1650 of them are used for training (1532 regular and 118 irregular), but only 13 lo w

frequency irregular v erbs are used for testing (MacWhinney & Lein bac h, 1991, page 144).

T raining the net w ork tak es 24,000 ep o c hs. A t the end of training there still are 11 errors

on the irregular pasts. MacWhinney and Lein bac h b eliev e that if they allo w the net w ork

to run for sev eral additional da ys and giv e it additional hidden unit resources, it probably

can reac h complete con v ergence (MacWhinney & Lein bac h, 1991, page 151). The only

testing error rate rep orted is based on a v ery small and biased test sample of 13 unseen

irregular v erbs; 9 out of 13 are predicted incorrectly . They do not test their mo del on an y

of the unseen regular v erbs: \Unfortunately , w e did not test a similar set of 13 regulars."

(MacWhinney & Lein bac h, 1991, page 151).

2.3 Criticism of the Connectionist Mo dels

Previous and curren t criticisms of the connectionist mo dels of learning the past tenses of

English v erbs cen ter mainly on sev eral issues. Eac h of these issues is summarized in the

follo wing subsections.

2.3.1 Err or Ra tes

The error rate in pro ducing the past tenses of the \unseen" test v erbs is v ery high in

b oth ANN mo dels, and imp ortan t tests w ere not carried out in MacWhinney and Lein bac h

(1991) mo del. The exp erimen tal results indicate that neither mo del reac hes the lev el of

adult c omp etenc e . In addition, relativ ely large n um b ers of the errors are not psyc hologically

realistic since h umans rarely mak e them.

2.3.2 Training and Testing Pr ocedures

In b oth Rumelhart and McClelland's mo del, and MacWhinney and Lein bac h's mo del, the

generalization abilit y is measured on only one training/testing sample. F urther, the testing

sets are not randomly c hosen, and they are v ery small. The accuracy in testing irregular

v erbs can v ary greatly dep ending up on the particular set of testing v erbs c hosen, and th us

m ultiple runs with large testing samples are necessary to assess the true generalization

abilit y of a learning mo del. Therefore, the results of the previous connectionist mo dels are

not reliable. In Section 4, w e set up a reliable testing pro cedure to compare connectionist

mo dels with our sym b olic approac h. Previous connectionist sim ulations ha v e also b een

criticized for their crude training pro cesses (for example, the sudden increase of regular

v erbs in the training set), whic h create suc h b eha vior as the U-shap ed learning curv es.

2.3.3 D a t a Represent a tion and Netw ork Ar chitecture

Most of the past criticisms of the connectionist mo dels ha v e b een aimed at the data-

represen tation formats emplo y ed in the sim ulations. Lac h ter and Bev er (1988) p oin ted
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out that the results ac hiev ed b y Rumelhart and McClelland's mo del w ould ha v e b een im-

p ossible without the use of sev eral TRICS (The Represen tations It Crucially Supp oses)

in tro duced with the adoption of the Wic k elphone/Wic k elfeature represen tational format.

MacWhinney and Lein bac h claim that they ha v e impro v ed up on the earlier connectionist

mo del b y getting rid of the Wic k elphone/Wic k elfeature represen tation format, and th us

to ha v e resp onded to the man y criticisms that this format en tailed. Ho w ev er, MacWhin-

ney and Lein bac h also in tro duce sev eral TRICS in their data-represen tation format. F or

example, instead of co ding predecessor and successor phonemes as Wic k elphones, they in-

tro duce sp ecial templates with whic h to co de p ositional information. This means that the

net w ork will learn to asso ciate patterns of phoneme/p ositions within a predetermined con-

sonan t/v o w el pattern. F urther, the use of restrictiv e templates gets rid of man y English

v erbs that do not �t the c hosen template. This ma y bias the mo del in fa v our of shorter

v erbs, predominan tly of Anglo-Saxon origin, and against longer v erbs, predominan tly com-

p osite or of Latin and F renc h origin. Another TRICS in tro duced is the phonetic feature

enco ding (a distributed represen tation). It is not clear wh y phonetic features suc h as fron t,

cen tre, bac k, high, etc. are c hosen. Do they represen t �ner grained \microfeatures" that

help to capture the regularities in English past tenses? In Section 4.5, w e will sho w that

the straigh tforw ard sym b olic represen tation leads to b etter generalization than do es the

carefully engineered distributed represen tation. This undermines the claimed adv an tages of

the distributed represen tation of connectionist mo dels.

2.3.4 Kno wledge Represent a tion and Integra tion of A cquired Kno wledge

Pink er and Prince (1988), and Lac h ter and Bev er (1988) p oin t out that Rumelhart and

McClelland try to mo del the acquisition of the pro duction of the past tense in isolation

from the rest of the English morphological system. Rumelhart and McClelland, as w ell

as MacWhinney and Lein bac h, assume that the acquisition pro cess establishes a direct

mapping from the phonetic represen tation of the stem to the phonetic represen tation of

the past tense form. This direct mapping collapses some w ell-established distinctions suc h

as lexical item vs. phoneme string, and morphological category vs. morpheme. Simply

remaining at the lev el of phonetic patterns, it is imp ossible to express new categorical

information in �rst-order (predicate/function/v ariable) format. One of the inheren t de�cits

of the connectionist implemen tations is that there is no suc h thing as a v ariable for verb

stem , and hence there is no w a y for the mo del to attain the kno wledge that one could

add su�x to a stem to get its past tense (Pink er & Prince, 1988, page 124). Since the

acquired kno wledge in suc h net w orks is a large w eigh t matrix, whic h usually is opaque to the

h uman observ er, it is unclear ho w the phonological lev els pro cessing that the connectionist

mo dels carry out can b e in tegrated with the morphological, lexical, and syn tactical lev el

of pro cessing. Neither Rumelhart and McClelland nor MacWhinney and Lein bac h address

this issue. In con trast to ANNs whose in ternal represen tations are en tirely opaque, the

SP A can represen t the acquired kno wledge in the form of pro duction rules, and allo w for

further pro cessing, resulting in higher-lev el categories suc h as the v erb stem and the v oiced

consonan ts, linguisticall y realistic pro duction rules using these new categories for regular

v erbs, and asso ciativ e templates for irregular v erbs (Ling & Marino v, 1993).
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3. The Sym b olic P attern Asso ciator

W e tak e up MacWhinney and Lein bac h's c hallenge for a b etter sym b olic mo del for learning

the past tense of English v erbs, and presen t a general-purp ose Sym b olic P attern Asso ciator

(SP A)

1

that can generalize the past tense of unseen v erbs m uc h more accurately than

connectionist mo dels in this section. Our mo del is symb olic for sev eral reasons. First,

the input/output represen tation of the learning program is a set of phoneme sym b ols,

whic h are the basic elemen ts go v erning the past-tense in
ection. Second, the learning

program op erates on those phoneme sym b ols directly , and the acquired kno wledge can b e

represen ted in the form of pro duction rules using those phoneme sym b ols as w ell. Third,

those pro duction rules at the phonological lev el can easily b e further generalized in to �rst-

order rules that use more abstract, high-lev el sym b olic categories suc h as morphemes and

the v erb stem (Ling & Marino v, 1993). In con trast, the connectionist mo dels op erate

on a distributed represen tation (phonetic feature v ectors), and the acquired kno wledge is

em b edded in a large w eigh t matrix; it is therefore hard to see ho w this kno wledge can b e

further generalized in to more abstract represen tations and categories.

3.1 The Arc hitecture of the Sym b olic P attern Asso ciator

The SP A is based on C4.5 (Quinlan, 1993) whic h is an impro v ed implemen tation of the ID3

learning algorithm (cf. (Quinlan, 1986)). ID3 is a program for inducing classi�cation rules in

the form of decision trees from a set of classi�ed examples. It uses information gain ratio as

a criterion for selecting attributes as ro ots of the subtrees. The divide-and-conquer strategy

is recursiv ely applied in building subtrees un til all remaining examples in the training set

b elong to a single concept (class); then a leaf is lab eled as that concept. The information

gain guides a greedy heuristic searc h for the lo cally most r elevant or discriminating attribute

that maximally reduces the en trop y (randomness) in the divided set of the examples. The

use of this heuristic usually results in building smal l decision trees instead of larger ones

that also �t the training data.

If the task is to learn to classify a set of di�eren t patterns in to a single class of sev eral

m utually exclusiv e categories, ID3 has b een sho wn to b e comparable with neural net w orks

(i.e., within ab out 5% range on the predictiv e accuracy) on man y real-w orld learning tasks

(cf. (Sha vlik, Mo oney , & T o w ell, 1991; F eng, King, Sutherland, & Henery , 1992; Ripley ,

1992; W eiss & Kulik o wski, 1991)). Ho w ev er, if the task is to classify a set of (input) patterns

in to (output) patterns of man y attributes, ID3 cannot b e applied directly . The reason is

that if ID3 treats the di�eren t output patterns as m utually exclusiv e classes, the n um b er of

classes w ould b e exp onen tially large and, more imp ortan tly , an y generalization of individual

output attributes within the output patterns w ould b e lost.

T o turn ID3 or an y similar N-to-1 classi�cation system in to general purp ose N-to-M

sym b olic pattern asso ciators, the SP A applies ID3 on all output attributes and com bines

individual decision trees in to a \forest", or set of trees. A similar approac h w as prop osed for

dealing with the distributed (binary) enco ding in m ulticlass learning tasks suc h as NETtalk

(English text-to-sp eec h mapping) (Dietteric h, Hild, & Bakiri, 1990). Eac h tree tak es as

input the set of all attributes in the input patterns, and is used to determine the v alue of

1. The SP A programs and relev an t datasets can b e obtained anon ymously from ftp.csd.u w o.ca under

pub/SP A/ .
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one attribute in its output pattern. More sp eci�cally , if a pair of input attributes ( �

1

to �

n

)

and output attributes ( !

1

to !

m

) is represen ted as:

�

1

; :::; �

n

! !

1

; :::; !

m

then the SP A will build a total of m decision trees, one for eac h output attribute !

i

(1 �

i � m ) taking all input attributes �

1

; :::; �

n

p er tree. Once all of m trees are built, the SP A

can use them join tly to determine the output pattern !

1

; :::; !

m

from an y input pattern

�

1

; :::; �

n

.

An imp ortan t feature of the SP A is explicit kno wledge represen tation. Decision trees for

output attributes can easily b e transformed in to prop ositional pro duction rules (Quinlan,

1993). Since en tities of these rules are sym b ols with seman tic meanings, the acquired

kno wledge often is comprehensible to the h uman observ er. In addition, further pro cessing

and in tegration of these rules can yield high-lev el kno wledge (e.g., rules using v erb stems)

(Ling & Marino v, 1993). Another feature of the SP A is that the trees for di�eren t output

attributes con tain iden tical comp onen ts (branc hes and subtrees) (Ling & Marino v, 1993).

These comp onen ts ha v e similar roles as hidden units in ANNs since they are shared in the

decision trees of more than one output attribute. These iden tical comp onen ts can also b e

view ed as high-lev el concepts or feature com binations created b y the learning program.

3.2 Default Strategies

An in teresting researc h issue is ho w decision-tree learning algorithms handle the default

class. A default class is the class to b e assigned to lea v es whic h no training examples are

classi�ed in to. W e call these lea v es empty le aves . This happ ens when the attributes ha v e

man y di�eren t v alues, or when the training set is relativ ely small. In these cases, during the

tree construction, only a few branc hes are explored for some attributes. When the testing

examples fall in to the empt y lea v es, a default str ate gy is needed to assign classes to those

empt y lea v es.

F or easier understanding, w e use the sp elling form of v erbs in this subsection to explain

ho w di�eren t default strategies w ork. (In the actual learning exp erimen t the v erbs are

represen ted in phonetic form.) If w e use consecutiv e left-to-righ t alphab etic represen tation,

the v erb stems and their past tenses of a small training set can b e represen ted as follo ws:

a,f,f,o,r,d,_,_,_,_,_,_ ,_,_,_ => a,f,f,o,r,d,e,d,_,_,_,_,_,_ ,_

e,a,t,_,_,_,_,_,_,_,_,_ ,_,_,_ => a,t,e,_,_,_,_,_,_,_,_,_,_,_ ,_

l,a,u,n,c,h,_,_,_,_,_,_ ,_,_,_ => l,a,u,n,c,h,e,d,_,_,_,_,_,_ ,_

l,e,a,v,e,_,_,_,_,_,_,_ ,_,_,_ => l,e,f,t,_,_,_,_,_,_,_,_,_,_ ,_

where is used as a �ller for empt y space. The left-hand 15 columns are the input patterns

for the stems of the v erbs; the righ t-hand 15 columns are the output patterns for their

corresp onding correct past tense forms.

As w e ha v e discussed, 15 decision trees will b e constructed, one for eac h output attribute.

The decision tree for the �rst output attribute can b e constructed (see Figure 1 (a)) from

the follo wing 4 examples:

a,f,f,o,r,d,_,_,_,_,_,_ ,_,_,_ => a

e,a,t,_,_,_,_,_,_,_,_,_ ,_,_,_ => a

l,a,u,n,c,h,_,_,_,_,_,_ ,_,_,_ => l
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l,e,a,v,e,_,_,_,_,_,_,_ ,_,_,_ => l

where the last column is the classi�cation of the �rst output attribute. Ho w ev er, man y

other branc hes (suc h as �

1

= c in Figure 1 (a)) are not explored, since no training example

has that attribute v alue. If a testing pattern has its �rst input attribute equal to c , what

class should it b e assigned to? ID3 uses the majority default . That is, the most p opular

class in the whole subtree under �

1

is assigned to the empt y lea v es. In the example ab o v e,

either class a or l will b e c hosen since they eac h ha v e 2 training examples. Ho w ev er, this is

clearly not the righ t strategy for this task since a v erb suc h as create w ould b e output as

l...... or a...... , whic h is incorrect. Because it is unlik ely for a small training set to ha v e all

v ariations of attribute v alues, the ma jorit y default strategy of ID3 is not appropriate for

this task.

i

i 6

5

p

i 1

a

x:n indicates that there are n examples

    classified in the leaf labelled as x.

x:0 (boxed) indicates the empty leaves.

c

l:2 c:0

le

a:1 a:1 o:2 z:0 d:20

a z d

r l k

t:10 d:2 d:5 t:0

<= Passthrough 

<= Majority

__

Figure 1: (a) P assthrough default (b) V arious default

F or applications suc h as v erb past-tense learning, a new default heuristic | p assthr ough

| ma y b e more suitable. That is, the classi�cation of an empt y leaf should b e the same

as the attribute v alue of that branc h. F or example, using the passthrough default strategy ,

create will b e output as c...... . The passthrough strategy giv es decision trees some �rst-order


a v or, since the pro duction rules for empt y lea v es can b e represen ted as If A ttribute = X

then Class = X where X can b e an y un used attribute v alues. P assthrough is a domain-

dep enden t heuristic strategy b ecause the class lab els ma y ha v e nothing to do with the

attribute v alues in other applications.

Applying the passthrough strategy alone, ho w ev er, is not adequate for ev ery output

attribute. The endings of the regular past tenses are not iden tical to an y of the input

patterns, and the irregular v erbs ma y ha v e v o w el and consonan t c hanges in the middle of

the v erbs. In these cases, the ma jorit y default ma y b e more suitable than the passthrough.

In order to c ho ose the righ t default strategy | ma jorit y or passthrough | a decision is

made based up on the training data in the corresp onding subtree. The SP A �rst determines

the ma jorit y class, and coun ts the n um b er of examples from all subtrees that b elong to

this class. It then coun ts the n um b er of examples in the subtrees that coincide with the
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passthrough strategy . These t w o n um b ers are compared, and the default strategy emplo y ed

b y more examples is c hosen. F or instance, in the example ab o v e (see Figure 1 (a)), the

ma jorit y class is l (or a ) ha ving 2 instances. Ho w ev er, there are 3 examples coinciding with

the passthrough default: t w o l and one a . Th us the passthrough strategy tak es o v er, and

assigns all empt y lea v es at this level . The empt y attribute branc h c w ould then b e assigned

the class c . Note that the default strategy for empt y lea v es of attribute X dep ends up on

training examples falling in to the subtree ro oted at X . This lo calized metho d ensures that

only related ob jects ha v e an in
uence on calculating default classes. As a result, the SP A

can adapt the default strategy that is b est suited at di�eren t lev els of the decision trees. F or

example, in Figure 1 (b), t w o di�eren t default strategies are used at di�eren t lev els in the

same tree. W e use the SP A with the adaptiv e default strategy throughout the remainder of

this pap er. Note that the new default strategy is not a TRICS in the data represen tation;

rather, it represen ts a bias of the learning program. An y learning algorithm has a default

strategy indep enden t of the data represen tation. The e�ect of di�eren t data represen tations

on generalization is discussed in Sections 4.3, 4.5, and 4.6. The passthrough strategy can

b e imp osed on ANNs as w ell b y adding a set of cop y connections b et w een the input units

and the t win output units. See Section 4.4 for detail.

3.3 Comparisons of Default Strategies of ID3, SP A, and ANN

Whic h default strategy do neural net w orks tend to tak e in generalizing default classes

when compared with ID3 and SP A? W e conducted sev eral exp erimen ts to determine neural

net w orks' default strategy . W e assume that the domain has only one attribute X whic h

ma y tak e v alues a , b , c , and d . The class also can b e one of the a , b , c , and d . The training

examples ha v e attribute v alues a , b , and c but not d | it is reserv ed for testing the default

class. The training set con tains m ultiple copies of the same example to form a certain

ma jorit y class. T able 1 sho ws t w o sets of training/testing examples that w e used to test

and compare default strategies of ID3, SP A and neural net w orks.

Data set 1 Data set 2

T raining examples T raining examples

V alues of X Class # of copies V alues of X Class # of copies

a a 10 a c 10

b b 2 b b 6

c c 3 c c 7

T esting example T esting example

d ? 1 d ? 1

T able 1: Tw o data sets for testing default strategies of v arious metho ds.

The classi�cation of the testing examples b y ID3 and SP A is quite easy to decide. Since

ID3 tak es only the ma jorit y default, the output class is a (with 10 training examples) for

the �rst data set, and c (with 17 training examples) for the second data set. F or SP A, the

n um b er of examples using passthrough is 15 for the �rst data set, and 13 for the second
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data set. Therefore, the passthrough strategy wins in the �rst case with the output class

d , and the ma jorit y strategy wins in the second case with the output class c .

F or neural net w orks, v arious co ding metho ds w ere used to represen t v alues of the at-

tribute X . In the dense co ding, w e used 00 to represen t a , 01 for b , 10 for c and 11 for

d . W e also tried the standard one-p er-class enco ding, and real n um b er enco ding (0.2 for a ,

0.4 for b , 0.6 for c and 0.8 for d ). The net w orks w ere trained using as few hidden units as

p ossible in eac h case. W e found that in most cases the classi�cation of the testing exam-

ple is not stable; it v aries with di�eren t random seeds that initialize the net w orks. T able

2 summarises the exp erimen tal results. F or ANNs, v arious classi�cations obtained b y 20

di�eren t random seeds are listed with the �rst ones o ccurring most frequen tly . It seems

that not only do neural net w orks not ha v e a consisten t default strategy , but also that it

is neither the ma jorit y default as in ID3 nor the passthrough default as in SP A. This ma y

explain wh y connectionist mo dels cannot generalize unseen regular v erbs w ell ev en when

the training set con tains only regular v erbs (see Section 4.4). The net w orks ha v e di�cult y

(or are underconstrained) in generalizing the iden tit y mapping that copies the attributes of

the v erb stems in to the past tenses.

The classi�cation for the testing example

Data set 1 Data set 2

ID3 a c

SP A d c

ANN, dense co ding b; c b

ANN, one-p er-class b; c; a c; b

ANN, real n um b ers c; d d; c

T able 2: Default strategies of ID3, SP A and ANN on t w o data sets.

4. Head-to-head Comparisons b et w een Sym b olic and ANN Mo dels

In this section, w e p erform a series of extensiv e head-to-head comparisons using sev eral

di�eren t represen tations and enco ding metho ds, and demonstrate that the SP A generalizes

the past tense of unseen v erbs b etter than ANN mo dels do b y a wide margin.

4.1 F ormat of the data

Our v erb set came from MacWhinney's original list of v erbs. The set con tains ab out

1400 stem/past tense pairs. Learning is based up on the phonological UNIBET repre-

sen tation (MacWhinney , 1990), in whic h di�eren t phonemes are represen ted b y di�eren t

alphab etic/n umerical letters. There is a total of 36 phonemes. The source �le is transferred

in to the standard format of pairs of input and output patterns. F or example, the v erbs in

T able 3 are represen ted as pairs of input and output patterns (v erb stem = > past tense):

6,b,&,n,d,6,n => 6,b,&,n,d,6,n,d

I,k,s,E,l,6,r,e,t => I,k,s,E,l,6,r,e,t,I,d
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6,r,3,z => 6,r,o,z

b,I,k,6,m => b,I,k,e,m

See T able 3 (The original v erb set is a v ailable in Online App endix 1). W e k eep only one

form of the past tense among m ultiple past tenses (suc h as hang-hanged and hang-h ung )

in the data set. In addition, no homophones exist in the original data set. Consequen tly ,

there is no noise (con tradictory data whic h ha v e the same input pattern but di�eren t output

patterns) in the training and testing examples. Note also that information as to whether

the v erb is regular or irregular is not pro vided in training/testing pro cesses.

base (stem) UNIBET b=base 1 = irregular

sp elling form phonetic form d= past tense 0 = regular

abandon 6b&nd6n b 0

abandoned 6b&nd6nd d 0

b ene�t bEn6fIt b 0

b ene�ted bEn6fItId d 0

arise 6r3z b 0

arose 6roz d 1

b ecome bIk6m b 0

b ecame bIk em d 1

......

T able 3: Source �le from MacWhinney and Lein bac h.

4.2 Exp erimen t Setup

T o guaran tee un biased and reliable comparison results, w e use training and testing samples

randomly dra wn in sev eral indep enden t runs. Both SP A and ANN are pro vided with the

same sets of training/testing examples for eac h run. This allo ws us to ac hiev e a reliable

estimate of the inductiv e generalization capabilities of eac h mo del on this task.

The neural net w ork program w e used is a pac k age called Xerion, whic h w as dev elop ed

at the Univ ersit y of T oron to. It has sev eral more sophisticated searc h mec hanisms than

the standard steep est gradien t descen t metho d with momen tum. W e found that training

with the conjugate-gradien t metho d is m uc h faster than with the standard bac kpropagation

algorithm. Using the conjugate-gradien t metho d also a v oids the need to searc h for prop er

settings of parameters suc h as the learning rate. Ho w ev er, w e do need to determine the

prop er n um b er of hidden units. In the exp erimen ts with ANNs, w e �rst tried v arious

n um b ers of hidden units and c hose the one that pro duced the b est predictiv e accuracy in

a trial run, and then use the net w ork with that n um b er of hidden units in the actual runs.

The SP A, on the other hand, has no parameters to adjust.

One ma jor di�erence in implemen tation b et w een ANNs and SP A is that SP A can tak e

(sym b olic) phoneme letters directly while ANNs normally enco de eac h phoneme letter to

binary bits. (Of course, SP A also can apply to the binary represen tation). W e studied

v arious binary enco ding metho ds and compared results with SP A using sym b olic letter
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represen tation. Since outputs of neural net w orks are real n um b ers, w e need to deco de the

net w ork outputs bac k to phoneme letters. W e used the standard metho d of deco ding: the

phoneme letter that has the minimal real-n um b er Hamming distance (smallest angle) with

the net w ork outputs w as c hosen. T o see ho w binary enco ding a�ects the generalization,

the SP A w as also trained with the binary represen tation. Since the SP A's outputs are

binary , the deco ding pro cess ma y tie with sev eral phoneme letters. In this case, one of

them is c hosen randomly . This re
ects the probabilit y of the correct deco ding at the lev el

of phoneme letters. When all of the phoneme letters are deco ded, if one or more letters are

incorrect, the whole pattern is coun ted as incorrect at the w ord lev el.

4.3 T emplated, Distributed Represen tation

This set of exp erimen ts w as conducted using the distributed represen tation suggested b y

MacWhinney and Lein bac h (1991). According to MacWhinney and Lein bac h, the output is

a left-justi�ed template in the format of CCCVV CCCVV CCCVV CCC, where C stands for

consonan t and V for v o w el space holders. The input has t w o comp onen ts: a left-justi�ed

template in the same format as the input, and a righ t-justi�ed template in the format of

VV CCC. F or example, the v erb b et , represen ted in UNIBET co ding as bEt , is sho wn in the

template format as follo ws ( is the blank phoneme):

INPUT

bEt b__E_t____________ _E__t

template: CCCVVCCCVVCCCVVCCC VVCCC

(left-justified) (right-justified)

OUTPUT

bEt b__E_t____________

template: CCCVVCCCVVCCCVVCCC

(left-justified)

A sp eci�c distributed represen tation | a set of (binary) phonetic features | is used

to enco de all phoneme letters for the connectionist net w orks. Eac h v o w el (V in the ab o v e

templates) is enco ded b y 8 phonetic features (fron t, cen tre, bac k, high, lo w, middle, round,

and diph thong) and eac h consonan t (C in the ab o v e templates) b y 10 phonetic features

(v oiced, labial, den tal, palatal, v elar, nasal, liquid, trill, fricativ e and in terden tal). Note

that b ecause the t w o feature sets of v o w els and consonan ts are not iden tical, templates are

needed in order to deco de the righ t t yp e of the phoneme letters from the outputs of the

net w ork.

In our exp erimen tal comparison, w e decided not to use the righ t-justi�ed template

(VV CCC) since this information is redundan t. Therefore, w e used only the left-justi�ed

template (CCCVV CCCVV CCCVV CCC) in b oth input and output. (The whole v erb set

in the templated phoneme represen tation is a v ailable in Online App endix 1. It con tains

1320 pairs of v erb stems and past tenses that �t the template). T o ease implemen tation,

w e added t w o extra features that alw a ys w ere assigned to 0 in the v o w el phonetic feature

set. Therefore, b oth v o w els and consonan ts w ere enco ded b y 10 binary bits. The ANN

th us had 18 � 10 = 180 input bits and 180 output bits, and w e found that one la y er of 200

hidden units (same as MacWhinney (1993) mo del) reac hed the highest predictiv e accuracy

in a trial run. See Figure 2 for the net w ork arc hitecture used.
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. . . . . . . . . . . .

(180 input units)

(200 hidden units)

(180 output units)

CCCCVVCCCVV CCC C C V V

... ... ... ... . . . . . . ... ... ...

CCCVVCCCVV CCC C C V V

... ... ... ... . . . . . . ... ... ...

C

(full connection between the two layers)

(full connection between the two layers)

Figure 2: The arc hitecture of the net w ork used in the exp erimen t.

The SP A w as trained and tested on the same data sets but with phoneme letters directly;

that is, 18 decision trees w ere built for eac h of the phoneme letters in the output templates.

T o see ho w phonetic feature enco ding a�ects the generalization, w e also trained the SP A

with the the same distributed represen tation | binary bit patterns of 180 input bits and

180 output bits | exactly the same as those in the ANN sim ulation. In addition, to see ho w

the \sym b olic" enco ding w orks in ANN, w e also train another neural net w ork (with 120

hidden units) with the \one-p er-class" enco ding. That is, eac h phoneme letter (total of 37;

36 phoneme letters plus one for blank) is enco ded b y 37 bits, one for eac h phoneme letter.

W e used 500 v erb pairs (including b oth regular and irregular v erbs) in the training and

testing sets. Sampling w as done randomly without replacemen t, and training and testing

sets w ere disjoin t. Three runs of SP A and ANN w ere conducted, and b oth SP A and ANN

w ere trained and tested on the same data set in eac h run. T raining reac hed 100% accuracy

for SP A and around 99% for ANN.

T esting accuracy on no v el v erbs pro duced some in teresting results. The ANN mo del

and the SP A using the distributed represen tation ha v e v ery similar accuracy , with ANN

sligh tly b etter. This ma y w ell b e caused b y the binary outputs of SP A that suppress the

�ne di�erences in prediction. On the other hand, the SP A using phoneme letters directly

pro duces m uc h higher accuracy on testing. The SP A outp erforms neural net w orks (with

either distributed or one-p er-class represen tations) b y 20 p ercen tage p oin ts! The testing

results of ANN and SP A can b e found in T able 4. Our �ndings clearly indicate that the

SP A using sym b olic represen tation leads to m uc h b etter generalization than ANN mo dels.

4.4 Learning Regular V erbs

Predicting the past tense of an unseen v erb, whic h can b e either regular or irregular, is

not an easy task. Irregular v erbs are not learned b y rote as traditionally though t since
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Distributed represen tation Sym b olic represen tation

ANN: % Correct SP A: % Correct ANN: % Correct SP A: % Correct

Reg Irrg Com b Reg Irrg Com b Reg Irrg Com b Reg Irrg Com b

65.3 14.6 60.4 62.2 18.8 58.0 63.3 18.8 59.2 83.0 29.2 77.8

59.7 8.6 53.8 57.9 8.2 52.2 58.8 10.3 53.2 83.3 22.4 76.2

60.0 16.0 55.6 58.0 8.0 53.0 58.7 16.0 54.4 80.9 20.0 74.8

61.7 13.1 56.6 59.4 11.7 54.4 60.3 15.0 55.6 82.4 23.9 76.3

T able 4: Comparisons of testing accuracy of SP A and ANN with distributed and sym b olic

represen tations.

c hildren and adults o ccasionally extend irregular in
ection to irregular-sounding regular

v erbs or pseudo v erbs (suc h as cleef | cleft ) (Prasada & Pink er, 1993). The more similar

the no v el v erb is to the cluster of irregular v erbs with similar phonological patterns, the

more lik ely the prediction of an irregular past-tense form. Pink er (1991) and Prasada and

Pink er (1993) argue that regular past tenses are go v erned b y rules, while irregulars ma y

b e generated b y the asso ciated memory whic h has this graded e�ect of irregular past-tense

generalization. It is w ould b e in teresting, therefore, to compare SP A and ANN on the

past-tense generalization of regular v erbs only . Because b oth SP A and ANN use the same,

p osition sp eci�c, represen tation, learning regular past tenses w ould require learning di�eren t

su�xes

2

at di�er ent p ositions, and to learn the iden tit y mapping that copies the v erb stem

to the past tenses for v erbs of di�eren t lengths.

W e used the same templated represen tation as in the previous section, but b oth training

and testing sets con tained only regular v erbs. Again samples w ere dra wn randomly without

replacemen t. T o maximize the size of the testing sets, testing sets simply consisted of all

regular v erbs that w ere not sampled in the training sets. The same training and testing sets

w ere used for eac h of the follo wing metho ds compared. T o see the e�ect of the adaptiv e

default strategy (as discussed in Section 3.2) on generalization, the SP A with the ma jorit y

default only and with the adaptiv e default w ere b oth tested. The ANN mo dels w ere similar

to those used in the previous section (except with 160 one-la y er hidden units, whic h turned

out to ha v e the b est predictiv e accuracy in a test run). The passthrough default strategy can

b e imp osed on neural net w orks b y adding a set of cop y connections that connect directly

from the input units to the t win output units. MacWhinney and Lein bac h (1991) used

suc h cop y connections in their sim ulation. W e therefore tested the net w orks with the cop y

connection to see if generalization w ould b e impro v ed as w ell.

The results on the predictiv e accuracy of the SP A and ANNs on one run with with

randomly sampled training and testing sets are summarized in T able 5. As w e can see,

the SP A with the adaptiv e default strategy , whic h com bines the ma jorit y and passthrough

default, outp erforms the SP A with only the ma jorit y default strategy used in ID3. The

2. In phonological form there are three di�eren t su�xes for regular v erbs. When the v erb stem ends with

t or d (UNIBET phonetic represen tations), then the su�x is Id . F or example, extend | extended (in

sp elling form). When the v erb stem ends with a un v oiced consonan t, the su�x is t . F or example, talk

| talk ed . When the v erb stem ends with a v oiced consonan t or v o w el, the su�x is d . F or example,

solv e | solv ed .
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ANNs with cop y connections do generalize b etter than the ones without. Ho w ev er, ev en

ANN mo dels with cop y connections ha v e a lo w er predictiv e accuracy than the SP A (ma-

jorit y). In addition, the di�erences in the predictiv e accuracy are larger with smaller sets

of training examples. Smaller training sets mak e the di�erence in testing accuracy more

eviden t. When the training set con tains 1000 patterns (out of 1184), the testing accuracy

b ecomes v ery similar, and w ould approac h asymptotically to 100% with larger training sets.

Up on examination, most of the errors made in ANN mo dels o ccur in the iden tit y mapping

(i.e., strange phoneme c hange and drop); the v erb stems cannot b e preserv ed in the past

tense if the phonemes are not previously seen in the training examples. This con tradicts the

�ndings of Prasada and Pink er (1993), whic h sho w that nativ e English sp eak ers generate

regular su�x-adding past tenses equally w ell with unfamiliar-sounding v erb stems (as long

as these v erb stems do not sound close to irregular v erbs). This also indicates that the bias

of the ANN learning algorithms is not suitable to this t yp e of task. See further discussion

in Section 5.

T raining P ercen t correct on testing

size SP A (adaptiv e) SP A (ma jorit y) ANN (cop y con.) ANN (normal)

50 55.4 30.0 14.6 7.3

100 72.9 58.6 34.6 24.9

300 87.0 83.7 59.8 58.2

500 92.5 89.0 82.6 67.9

1000 93.5 92.4 92.0 87.3

T able 5: Predictiv e accuracy on learning the past tense of regular v erbs

4.5 Error Correcting Co des

Dietteric h and Bakiri (1991) rep orted an increase in the predictiv e accuracy when error-

correcting co des of large Hamming distances are used to enco de v alues of the attributes.

This is b ecause co des with larger Hamming distance ( d ) allo w for correcting few er than d= 2

bits of errors. Th us, learning programs are allo w ed to mak e some mistak es at the bit lev el

without their outputs b eing misin terpreted at the w ord lev el.

W e w an ted to �nd if p erformances of the SP A and ANNs are impro v ed with the error-

correcting co des enco ding all of the 36 phonemes. W e c hose error-correcting co des ranging

from ones with small Hamming distance to ones with v ery large Hamming distance (using

the BHC co des, see Dietteric h and Bakiri (1991)). Because the n um b er of attributes for

eac h phoneme is to o large, the data represen tation w as c hanged sligh tly for this exp erimen t.

Instead of 18 phoneme holders with templates, 8 consecutiv e, left-to-righ t phoneme holders

w ere used. V erbs with stems or past tenses of more than 8 phonemes w ere remo v ed from the

training/testing sets. (The whole v erb set in the this represen tation is a v ailable in Online

App endix 1. It con tains 1225 pairs of v erb stems and past tenses whose lengths are shorter

than 8). Both SP A and ANN tak e exactly the same training/testing sets, eac h con tains 500

pairs of v erb stems and past tenses, with the error-correcting co des enco ding eac h phoneme
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letter. Still, training net w orks with 92-bit or longer error-correcting co des tak es to o long to

run (there are 8 � 92 = 736 input attributes and 736 output attributes). Therefore, only

t w o runs with 23- and 46-bit co des w ere conducted. Consisten t with Dietteric h and Bakiri

(1991)'s �ndings, w e found that the testing accuracy generally increases when the Hamming

distance increases. Ho w ev er, w e also observ ed that the testing accuracy decreases v ery

sligh tly when the co des b ecome to o long. The accuracy using 46-bit co des (with Hamming

distance of 20) reac hes the maxim um v alue (77.2%), whic h is quite close to the accuracy

(78.3%) of SP A using the direct phoneme letter represen tation. It seems there is a trade-o�

b et w een tolerance of errors with large Hamming distance and di�cult y in learning with

longer co des. In addition, w e found the testing accuracy of ANNs to b e lo w er than the one

of SP A for b oth 23 bit- and 46-bit error-correcting co des. The results are summarized in

T able 6.

ANN Hamming Distance Correct at bit lev el Correct at w ord lev el

23-bit co des 10 93.5% 65.6%

46-bit co des 20 94.1% 67.4%

SP A Hamming Distance Correct at bit lev el Correct at w ord lev el

23-bit co des 10 96.3% 72.4%

46-bit co des 20 96.3% 77.2%

92-bit co des 40 96.1% 75.6%

127-bit co des 54 96.1% 75.4%

T able 6: Comparisons of the testing accuracy of SP A and ANNs with error-correcting co des

Our results in this and the previous t w o subsections undermine the adv an tages of the

distributed represen tation of ANNs, a unique feature adv o cated b y connectionists. W e ha v e

demonstrated that, in this task, the distributed represen tation actually do es not allo w for

adequate generalization. Both SP A using direct sym b olic phoneme letters and SP A with

error-correcting co des outp erform ANNs with distributed represen tation b y a wide margin.

Ho w ev er, neither phoneme sym b ols nor bits in the error-correcting co des enco de, implicitly

or explicitly , an y micro-features as in the distributed represen tation. It ma y b e that the

distributed represen tation used w as not optimally designed. Nev ertheless, straigh tforw ard

sym b olic format requires little represen tation engineering compared with the distributed

represen tation in ANNs.

4.6 Righ t-justi�ed, Isolated Su�x Represen tation

MacWhinney and Lein bac h (1991) did not rep ort imp ortan t results of the predictiv e ac-

curacy of their mo del on unseen regular v erbs. In his reply (MacWhinney , 1993) to our

pap er (Ling & Marino v, 1993), MacWhinney re-implemen ted the ANN mo del. In his new

implemen tation, 1,200 v erb stem and past-tense pairs w ere in the training set, among whic h

1081 w ere regular and 119 w ere irregular. T raining to ok 4,200 ep o c hs, and reac hed 100%

correct on regulars and 80% on irregulars. The testing set consisted of 87 regulars and 15

irregulars. The p ercen t correct on testing at ep o c h 4,200 w as 91% for regulars and 27% for

irregulars, with a com bined 80.0% on the testing set. MacWhinney claimed that the ra w
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generalization p o w er of ANN mo del is v ery close to that of our SP A. He b eliev es that this

should b e the case simply b ecause b oth systems w ere trained on the same data set.

W e realize (via priv ate comm unication) that a new represen tation used in MacWhinney's

recen t implemen tation pla ys a critical role in the impro v ed p erformance. In MacWhinney's

new represen tation, the input (for v erb stems) is co ded b y the right -justi�ed template

CCCVV CCCVV CCCVV CCC. The output con tains t w o parts: a righ t-justi�ed template

that is the same as the one in the input, and a co da in the form of VV CCC. The righ t-

justi�ed template in the output is used to represen t the past tense without including the

su�x for the regular v erbs. The su�x of the regular past tense alw a ys sta ys in the co da,

whic h is isolate d from the main, righ t-justi�ed templates. F or the irregular past tense, the

co da is left empt y . F or example, the input and output templated patterns for the past tense

of v erbs in T able 3 are represen ted as:

INPUT OUTPUT

(right-justified) (right-justified) (suffix only)

CCCVVCCCVVCCCVVCCC CCCVVCCCVVCCCVVCCC VVCCC

___6_b__&_nd_6_n__ ___6_b__&_nd_6_n__ __d__ (for abandon-abandoned)

b__E_n__6_f__I_t__ b__E_n__6_f__I_t__ I_d__ (for benefit-benefited)

________6_r__3_z__ ________6_r__o_z__ _____ (for arise-arose)

_____b__I_k__6_m__ _____b__I_k__e_m__ _____ (for become-became)

Suc h data represen tation clearly facilitates learning. F or the regular v erbs, the output

patterns are alw a ys iden tical to the input patterns. In addition, the v erb-ending phoneme

letters alw a ys app ear at a few �xed p ositions (i.e., the righ t most VV CCC section in the

input template) due to the righ t-justi�ed, templated represen tation. F urthermore, the su�x

alw a ys o ccupies the co da, isolated from the righ t-justi�ed templates.

W e p erformed a series of exp erimen ts to see ho w m uc h impro v emen t w e could accom-

plish using the new represen tation o v er MacWhinney's recen t ANN mo del and o v er the

left-justi�ed represen tation discussed in Section 4.3. Our SP A (with an a v eraged predictiv e

accuracy of 89.0%) outp erforms MacWhinney's recen t ANN implemen tation (with the pre-

dictiv e accuracy of 80.0%) b y a wide margin. In addition, the predictiv e accuracy is also

impro v ed from an a v erage of 76.3% from the left-justi�ed represen tation to 82.8% of the

righ t-justi�ed, isolated su�x one. See results in T able 7.

5. General Discussion and Conclusions

Tw o factors con tribute to the generalization abilit y of a learning program. The �rst is

the data represen tation, and the other is the bias of the learning program. Arriving at

the righ t, optimal, represen tation is a di�cult task. As argued b y Prasada and Pink er

(1993), regular v erbs should b e represen ted in a coarse grain in terms of the v erb stem

and su�xes; while irregular v erbs in a �ner grain in terms of phonological prop erties.

Admittedly , SP A w orks uniformly at the lev el of phoneme letters, as ANNs do. Ho w ev er,

b ecause SP A pro duces simple pro duction rules that use these phoneme letters directly , those

rules can b e further generalized to �rst-order rules with new represen tations suc h as stems

and the v oiced consonan ts whic h can b e used across the b oard in other suc h rule-learning

mo dules (Ling & Marino v, 1993). This is one of the ma jor adv an tages o v er ANN mo dels.
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Predictiv e accuracy with righ t-justi�ed, isolated su�x represen tation

SP A MacWhinney's ANN mo del

training/testing training/testing training/testing

500/500 1200/102 1200/102

Run 1 81.3 89.2

Run 2 84.1 90.4

Run 3 83.1 87.4

Av erage 82.8 89.0 80.0 (one run)

T able 7: Comparisons of testing accuracy of SP A and ANN (with righ t-justi�ed, isolated

su�x represen tation)

It seems quite conceiv able that c hildren acquire these high-lev el concepts suc h as stems

and v oiced consonan ts through learning noun plurals, v erb past tense, v erb third-p erson

singular, comparativ e adjectiv es, and so on. With a large w eigh t matrix as the result of

learning, it is hard to see ho w this kno wledge can b e further generalized in ANN mo dels

and shared in other mo dules.

Ev en with exactly the same data represen tation, there exist some learning tasks that

sym b olic metho ds suc h as the SP A generalize categorically b etter than ANNs. The con-

v erse also is true. This fact re
ects the di�eren t inductiv e biases of the di�eren t learning

algorithms. The Occam's Razor Principle | preferring the simplest h yp othesis o v er more

complex ones | creates a preference bias, a preference of c ho osing certain h yp otheses o v er

others in the h yp othesis space. Ho w ev er, di�eren t learning algorithms c ho ose di�eren t h y-

p otheses b ecause they use di�eren t measuremen ts for simplicit y . F or example, among all

p ossible decision trees that �t the training examples, ID3 and SP A induce simple decision

trees instead of complicated ones. Simple decision trees can b e con v erted to small sets of

pro duction rules. Ho w w ell a learning algorithm generalizes dep ends up on the degree to

whic h the underlying regularities of the target concept �t its bias. In other w ords, if the

underlying regularities can b e represen ted c omp actly in the format of h yp otheses pro duced

b y the learning algorithm, the data can b e generalized w ell, ev en with a small set of training

examples. Otherwise, if the underlying regularities only ha v e a large h yp othesis, but the

algorithm is lo oking for compact ones (as p er the Occam's Razor Principle), the h yp othe-

ses inferred will not b e accurate. A learning algorithm that searc hes for h yp otheses larger

than necessary (i.e., that do es not use the Occam's Razor Principle) is normally \under-

constrained"; it do es not kno w, based on the training examples only , whic h of the man y

comp etitiv e h yp otheses of the large size should b e inferred.

W e also can describ e the bias of a learning algorithm b y lo oking at ho w training examples

of di�eren t classes are separated in the n -dimensional h yp erspace where n is the n um b er

of attributes. A decision no de in a decision tree forms a h yp erplane as describ ed b y a

linear function suc h as X = a . Not only are these h yp erplanes p erp endicular to the axis,

they are also p artial-sp ac e h yp erplanes that extend only within the subregion formed b y

the h yp erplanes of their paren ts' no des. Lik ewise, hidden units with a threshold function in

ANNs can b e view ed as forming h yp erplanes in the h yp erspace. Ho w ev er, unlik e the ones

in the decision trees, they need not b e p erp endicul ar to an y axis, and they are ful l-sp ac e
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h yp erplanes that extend through the whole space. If ID3 is applied to the concepts that �t

ANN's bias, esp ecially if their h yp erplanes are not p erp endicul ar to an y axis, then man y

zigzag h yp erplanes that are p erp endicul ar to axes w ould b e needed to separate di�eren t

classes of the examples. Hence, a large decision tree w ould b e needed, but this do es not �t

ID3's bias. Similarly , if ANN learning algorithms are applied to the concepts that �t ID3's

bias, esp ecially if their h yp erplanes form man y separated, partial-space regions, then man y

hidden units ma y b e needed for these regions.

Another ma jor di�erence b et w een ANNs and ID3 is that ANNs ha v e a larger v ariation

and a w eak er bias (cf. (Geman, Bienensto c k, & Doursat, 1992)) than ID3. Man y more

Bo olean functions (e.g., linearly separable functions) can �t a small net w ork (e.g., one with

no hidden units) than they can a small decision tree. This is sometimes attributed to the

claimed v ersatilit y and 
exibilit y of ANNs; they can learn (but not necessarily predict reli-

ably w ell) man y functions, while sym b olic metho ds are brittle. Ho w ev er, it is m y b elief that

w e h umans are v ersatile, not b ecause w e ha v e a learning algorithm with a large v ariation,

but rather b ecause w e ha v e a set of str ong-biase d learning algorithms, and w e can someho w

searc h in the bias space and add new mem b ers in to the set for the new learning tasks. Sym-

b olic learning algorithms ha v e clear seman tic comp onen ts and explicit represen tation, and

th us w e can more easily construct strong-based algorithms motiv ated from v arious sp eci�c

learning tasks. The adaptiv e default strategy in the SP A is suc h an example. On the other

hand, w e still largely do not kno w how to e�ectiv ely strengthen the bias of ANNs for man y

sp eci�c tasks (suc h as the iden tit y mapping, k -term DNF, etc.). Some tec hniques (suc h

as adding cop y connections and w eigh t deca ying) exist, but their exact e�ects on biasing

to w ards classes of functions are not clear.

F rom our analyses (Ling & Marino v, 1993), the underlying regularities go v erning the

in
ection of the past tense of English v erbs do form a small set of pro duction rules with

phoneme letters. This is esp ecially so for regular v erbs; all the rules are either iden tit y

rules or the su�x-adding rules. F or example, decision trees can b e con v erted in to a set of

pr e c e denc e-or der e d pro duction rules with more complicated rules (rules with more condi-

tions) listed �rst. As an example, using consecutiv e, left-to-righ t phonetic represen tation, a

t ypical su�x-adding rule for v erb stems with 4 phoneme letters (suc h as talk | talk ed ) is:

If �

4

= k and �

5

= , then !

5

= t

That is, if the fourth input phoneme is k and the �fth is blank (i.e., if w e are at a v erb

ending) then the �fth output phoneme is t . On the other hand, the iden tit y-mapping rules

ha v e only one condition. A t ypical iden tit y rule lo oks lik e:

If �

3

= l, then !

3

= l

In fact, the passthrough default strategy allo ws all of the iden tit y-mapping rules to b e rep-

resen ted in a simple �rst-order format:

If �

3

= X , then !

3

= X

where X can b e an y phoneme. Clearly , the kno wledge of forming regular past tenses can

th us b e expressed in simple, conjunctiv e rules whic h �t the bias of the SP A (ID3), and

therefore, the SP A has a m uc h b etter generalization abilit y than the ANN mo dels.

T o conclude, w e ha v e demonstrated, via extensiv e head-to-head comparisons, that the

SP A has a more realistic and b etter generalization capacit y than ANNs on learning the

past tense of English v erbs. W e ha v e argued that sym b olic decision-tree/pro duction-rul e

learning algorithms should outp erform ANNs. This is b ecause, �rst, the domain seems to b e

227



Ling

go v erned b y a compact set of rules, and th us �ts the bias of our sym b olic learning algorithm;

second, the SP A directly manipulates on a represen tation b etter than ANNs do (i.e., the

sym b olic phoneme letters vs. the distributed represen tation); and third, the SP A is able

to deriv e high-lev el concepts used throughout English morphology . Our results supp ort the

view that man y suc h high-lev el, rule-go v erned cognitiv e tasks should b e b etter mo deled b y

sym b olic, rather than connectionist, systems.
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