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ABSTRACT 

In this paper we describe a production system model of 
children's developn1ent on the balance scale task. Starting with 
a set of rules that makes random predictions, the system learns 
from its errors and improves as it gains experience. The 
transition mechanism is a discrimin;!tion process that ~earches 
for differences between cases in which correct predictions are 
made and cases in which errors are made. The stages through 
which the system progresses are very similar to tho::;e observed 
in children. so the model provides an explanation of the 
observed de•Jelopmental trends. Since the system has no notion 
of torque , it never acquires the ability to completely predict the 
balance scale's behavior; however, it is able to learn heuristically 
useful rules despite its incomplete representation of the 
environment, much as children do. 

INTRODUCTION 

One of the most challenging areas facing Cognitive Science is 
that of cogni tive development. Although the ch1 ld enters the 
world in a nearly helpless state, within a decade he can 
manipulate objects, reason abstractly, and communicate with 
otl1ers, and he has acquired a host o! ot11er skills too numerous 
to mention. If we ever hope to understand the nature (and 
nurtt;re) of the human information processing system, the 
developmental processes that lead to these diverse abilities must 
be understood . For a long period , research on cognitive 
development was almost entirely experimental , but in recent 
years efforts have been made to explain cevelopmental trends in 
computational terms. 

rroduction systems have become a popular frame.,vork for 
modeling behavior at different stages, since th·?ir modularity 
allows the statement of successive models that differ by only one 
or two condition·action rules. For example, Baylor, Gascon, 
Lemoyne , and Pother [1] have constructed production system 
models of children at various stages on Piaget's weight seriation 
task. and Young [2] has devised simi lar models for the related 
length seriation task. However, this work has focused on 
modeling behavior at a given stage, r3.ther than explaining the 
transition between stages. In this paper we present a process 
model of development in one domain - the balance scale task. 
Below we describe the tasl1, along with some earlier work in the 
area. After this, we discuss our model of the transition process 
and its implications. 

THEBALANCESCALETASK 

The balance scale task is commonly employed in the study of 
cognitive development, having first been used by Piaget [3] . In 
this task , the child is presented with a two ·arm balance, having 
several pegs spaced evenly along each arm. Small disks of 
equal weight are placed on the pegs (only one peg on each side 

has weiyhts). and t11 e child is asked to predict the direction in 
which the scale will move when released. The standard method 
for correctly making this pred iction involves tl1e notion of torque. 
The number of weights on a peg is multiplied by that peg's 
distance from the center. If one side has the greater product, 
that side will go down: if the products are equal , the scale will 
remain balanced. Lacking knowledge of this rul e, children and 
even some adults have difficulty in making the correct 
predic tions. However , it is clear that performance improves with 
age, and this trend requires an explanation. 

Klahr and Siegler [4] have studied chi ldren's behavior in this 
domain. They found evidence for the existence of four basic 
stages, and successfully modeled each stage as a simple 
production system. For example , children in Stage 1 focused 
on ly on weight information in making predictions. The authors 
explained this behavior with a simple two ·rule model. The first 
rule app lied if one side had more weights, and predicted that 
side would go down. The second rule predic ted that the scale 
would balance if the weights were the same. Later stages were 
modeled by the addition of new rules for making predictions. The 
second stage model included a rule that focused on distances if 
the weights were equal; in such cases, it predicted that the side 
with greater distances wou ld go down . The Stage 3 model 
included a rule for selecting a side randomly when weight and 
distance cues were in conflict, as well a rule for dealing with 
cases in which the cues agreed. The model of the final stage 
incorporated rules for computing torque and basing the decision 
on the result of this calculation. 

Several other studi.as have examined children's behavior in 
this domain as well. However, we have chosen to focus on Klahr 
and Siegler's work. Although their models were very simple, 
they ar.counted for much of the variance observed in children's 
behavior on the balance scale task . Moreover, the model of 
each successive stage differed from the previous one by the 
inclusion of only one or two new rules. Thus, although the 
authors proposed no theory of the developm0.ntal process itself, 
their model laid the necessary groundwork for an analysis in 
terms of learning mechanisms. Now let us turn to a revised stage 
model that takes us another step closer to an explanation of the 
transition process. 

Figure 1 summarizes our revis0.cl model of successive stages 
on the balance scale task. The condition·action rules are 
paraphrased in English for the sake of clarity; the term " side 
represents a variable that can match against either the left or 
right side of the scale . In addition to the first three stages 
modeled by Klahr and Siegler, we have included an initial 
random stage. Taken together, the first pair of productions 
(BALANCE·1 and DOWN· 1) random ly predict th at one of the two 
sides will go down, or that the sides are balanced . Klahr and 
Siegler found no evidence for this stage, presumably because 



their subjects had moved beyond the random strateg y at an 
earlier age. When the second pair of rules (BALANCE-2 and 
OOWN-2) is added to the first pair, th e result1ng system behaves 
exactly as Klah r and Sieg ler's rnociel of Stage 1, provided the 
new rul es take precedence over th e first pair. Upon adding the 
third pair of productions (El/\LANCE -3 and OOWN-3), we have a 
model of Stage 2 behavior, provided th at both of these rules take 
preceJer.ce over BALANCE-2. Finally, when the productions 
OOWN -4 and DOWN -5 are inser ted (and mask DOWN-2) , we 
have a :nodel of i(lahr and Siegler's third stage. 

The revised model is in many respects very simi lar to Klahr 
and Sieg ler 's model , but there is one major di fference: rules 

occurring in later stages are always discriminant versions of 
rules that have occurred in an earlier stag e. In other words, for 
every rules, there ex ists some rule g in a previous stage with the 
same acti ons as s and a subset of s's cond itions. While this 
feature was true of some of Klahr and Sieg ler' s rules, it was by 
no means true of them all. This characteristic of the revised 
stag e model suggests a mechanism to account for the transition 
between these stag es. Vll hich we discuss in the following section. 

A MODEL OF THE TRANSITION PROCESS 

The increasing spec ificity of the rules in successive stages 
suggests that th ey might be learned through a process of 
disc rimination. Such a learning mechan ism would be called 
when the performance system made an error , in an attempt to 
determine the conditions under which a prediction should be 
made. Potentially useful conditions can be found by comparing 
the situation in which a rule applied incorrectl y to the last 
si tuati on in which that same rule applied correctly . If some 
difference is found between the good and bad instances of the 
rule , then a variant of the rule is created that contains that 
di fference as one or more new conditions. Because of its new 
condi tions, the variant rule will fail to match against the 

nANDOM 
l.lALANCE· I 
It you ha\.'C a ba l ~ nce with -:; sido, 
thf!l1 predict the sca!e wi ll balance 

DOWN- 1 
II you have n i.J alnnce with =side. 
then predict that = £icte will go down 

STAGE3 

DOWN-4 
II you have a balance with = sid e, 

and =side has the greater weight, 
and the distances ore equal, 

then predict that =side wi ll go down 

DOWN -S 
H you ha\le a balnncc with =side, 

and "· side has the great<'r weight, 
and = stde has the greater distance, 

then pn:.dict that = side will ~o down 
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undesi red case , but will sti ll match in the desired si tuation . 
Similar d isc rimination learning schemes have been explored by 
ot1 1er researchers [5, 6] , so our contribution lies not so much in 
developing this approach to learning , as in showi ng how this 
approach can be used to explain developmental trends on the 
balance scale task. The details of _th e discrimination method 
have been described at greater length by Langley (7] . 

We have constructed a discrimination -based model of 
development on th e balance scale task th at acquires the rules 
presented in Fi gure 1. The modP-1 does not consist of the 
discr iminati on mechanism alone. It is also g iven the rules 
BAI.ANCE-1 and DOWN -1, which provide the initial behavior 
upon which learning is based . In addi t1 on , the system contains a 
rule for comparing th e sides of the balance scale on dimensions 
like weigh t and d istance so that disc rimination can discover 
conditions referring to their relative values. fO inally, the model 
inc ludes one rule for storing credit with the responsible rule 
when a correct prediction is made. and another similar 
produc tion for evoking the discrimination process when an 
incorrect prediction is made. 

For the systGm to improve on the balance scale task, the rules 
acquired in Stage 1 must be preferred over th e initial .random 
rul es. and the Stage 2 and Stage 3 rules must be preferred over 
tne Stage 1 rules. To achieve this, a rule is weakened whenever 
it makes an incorrect prediction . and a variant is streng thened 
whenever it is relearned. When they are first created , variants are 
weaker th an their parent rules. and they must be learned a 
number of times before they beg in to alter behavior. This 
approach has worked well on the balance scale task, and 
r1 ppears to be a generally useful technique for directing search 
thruu']h the space of possible rules. 

STAGE 1 

8/\l./\NCE-2 
If yo u have a balance with =side, 

and the weights ore equal, 
then predic t the scale will balance 

DOWN-2 
II you have a bal ance wi th =side, 

and =side hns greater weight, 
then pred ict that =side wi ll go down 

STIIGE 2 

B/\LIINCE-3 
If you have a bnlancc wi th =side, 

and the weights are eq ual, 
and the distances are eq ual , 

then pred ic t the scale will balance 

DOWN-3 
If you have a balance with =side, 

and the weights arc equal, 
and =side has greater distance, 

then predic t that -~side will go down 

Figu rc 1. Inc remental model of behavior on the balance scale task. 
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The prog ram was presented with problems selected randomly 
from seven basic problem typr,s. These included problems in 
wh1ch only tile weig hts differed, in wh ich only til e distances 
differed, in which both weights and distances were equal , in 
which tile two cues agreed, and three types of problems in which 
weight and distance cues conflicted. Figure 2 summarizes the 
model' s errors as a function of tim e (in units of 10 trials). Since 
'he system begins wi th th e two random rules BALANCE·! and 
DOWN-1 nne! there are three basic predictio11s from which to 
choose (lett clown , balance. and right clown ), one would expect 
' •bout 33 percent of the initial predictions to be correct, and this 
is opproximately what we find. By trial 100, the system has 
lc•arned (and S;Jffic iently strengthened) t11 c Stage 2 and Stage 3 
rules, so th at it makes correct pred iction s on al l but the three 
conflict problems, giving a succe:ss rate of approximately 60 
percent. In the case of conflict problems, the model's 
representation of the environment (consisting only of information 
about relu.tive weights and distances) is incapable of even 
:;fa ting the torque rule that v;ou ld correc tly predict results in a 
consistent manner. In other words, the program's representation 
of the problem is inherently incomplete. However, the 
di sr:r i111ination process is sdficiently robust to learn useful rulfJS 
despi te this limitation , and the system arrives at a set of rules that 
mak0 correc t rredic tions mucll of t11 e time, just as children do 
uetore they are t<Ju(] ht th e torque rule. 

Tt:i::; brings an irn1~ortant feature of discrimination learning to 
liqht: it allows one to learn useful rules even if one's 
mprG:;entation is uitimately inadequate. Since our system has 
no notion of torque, it can never fully understand the balance 
sca le task, yet it does learn rules that lead to correct predictions 
in many cases. Since one can never guarantee that a 
repn~sentati on is optimal, this is a powerful feature that would be 
advantageous to any learning system. In add ition to being 
interes•ing lrom nn AI perspective, tile ability to learn useful rules 
despite incomplete represen tations is a prerequisite for 
modeling human behavior on the current task, since children 
apparen tly do just that. 
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Figure 2. Learning curve for the balance scale task. 

Although the model can never master the conflict problems, 
its behavior in these cases is revealing. When an error is made 
on a conflict problem, the system may construct variant rules, 
but it will be unable to discover any conditions which will make 
consistently correct pred,ctions. Thus, these rules will 
continually be weakened and then strengthened, and the 
system 's preference on conflict problems will oscillate between 
them. This effect is very similar to behavior that Klahr and 
Siegler observed in one of their subjects, who seemed to switch 
back and forth between weight and distance cues whenever the 
use of one led to an incorrect prediction on a conflict problem. It 
is noteworthy that this oscillation was not intentionally built into 
the model , but arises purely as a by-product of learning through 
discrimination and strengthening. 

One detail of Klahr and Siegler's results which our transition 
model does not account for is their subjects' tendency to focus 
more on weights than on distances. In our model, at 
approximately the same tim e that DOWN-2 is constructed, a 
similar rule is created which includes a condition about greater 
distance instead of greater weight. While Klahr and Siegler 
found evidence for DOWN -2, U1ey found none for the second 
rule. One can imagine introducing pre ferences into the model to 
focus attention on some attribu tes in favor of others, but unless 
one can explain where these preferences originated , they would 
provide no more explanation than labeling one dimension as 
more "salient" than another. Thus, our transition model does 
not account for every detail of Klahr and Siegler 's results, but it 
does provide a plausible initial explanation of the transition 
between the observed stages. 

CONCLUSION 

In this paper we described a model of the developmental 
process on t11 e balance sc<t le task. Althou(.Jh parts of the model 
are necessarily limited to this domain, the learning mechanisms 
were implemented in a general way. and we are convinced that 
they could be used to explain .developmental trends on other 
tasks. One drawback of the model is th e speed with which it 
learns. The trials shown in Figure 2 required only 32 CPU 
seconds on a PDP-1 0 computer, while children take years to 
move from Stage 1 to Stage 3 behavior. However, the monel was 
presented only with the relevant features of weight and distance, 
and if we had instead included other irrelevant information, its 
learning rate would presumably be reduced to a more 
reasonable level. Clearly, we have tnken only a small step 
towards understanding the complex processes responsible for 
cogn itive development , but we hope to have clarified one 
approach to studying this area. 
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