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CHAPTERR 2. 

M O D E L I N GG DEVELOPMENTAL TRANSITIONS ON 
THEE BALANC E SCALE TASK 

Abstract t 

Periodss of relatively stable, rule-like behavior alternated with short 

transitionn periods characterize cognitive development on reasoning 

taskss Hke the balance scale task. Each transition gives rise to an 

improvementt in behavior, until a phase is reached in which per-

formancee is flawless or improvement is not worthwhile given the 

necessaryy extra effort. Several computational models have been de-

velopedd to capture the developmental phenomena associated with 

thee balance scale task. These models, which originate from dif-

ferentt computational traditions, explain the main phenomena of 

development.. Recently, empirical phenomena have been reported 

thatt these models cannot easily accommodate. We propose a com-

putationall  model that is implemented in ACT-R and that is based 

onn the evaluation of success of applied knowledge, combined with 

aa mechanism to construct new knowledge by searching for differ-

encess between the left- and right-hand sides of presented balance 

scalee problems. This model accounts for the main empirical phe-

nomenaa as well as for the recently reported empirical phenomena 

suchh as learning without feedback. 

Thiss chapter is published as Van Rijn, Van Someren, and Van der Maas (20(13) Modeling Developmental Transitions 

onn the Balance Scale Task, (.ogiiitire Science, 27(2), 227-257. 
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Cognitivee development in many domains is conceptualized as a progression through 

aa series of increasingly complex and increasingly accurate task-specific stable phases. 

Behaviorr on the balance scale task, a task that is related to proportional reason-

ing,, displays this type of developmental progression (Chlestos, De Lisi, Turner, & 

McGillicuddy-Dee Lisi, 1989; Jansen & Van der Maas, in press; Siegler, 1981). Periods 

off  relatively stable performance ("phases"), alternate with short periods of unstable 

performancee during which a new phase is attained. In a balance scale task, a child 

iss asked to predict the direction of movement of a balance scale. Pegs are situated 

att equal distances from each other and the fulcrum. Identical weights are placed on 

onee of the pegs at both sides of the fulcrum. The balance will tip to either side, or 

remainn in balance, depending on the number and the positions of the weights. This 

taskk is used to investigate the strategies that children employ in solving this task, the 

effectt of training on the children's behavior, and the transition from one strategy to 

thee next (e.g., see Siegler, 1976, 1981; Siegler & Chen, 1998). Siegler distinguished 

sixx types of balance scale items1, which he used to categorize behavior in terms of 

thee inferred strategies. The six types are divided into three simple types and three so-

calledd conflict-types. The simple item types are: (a) Balance items with equal numbers 

off  weights at each side and equidistant to the fulcrum; (b) Weight items with unequal 

numberss of weights at each side, equidistant from the fulcrum; and (c) Distance items 

withh an equal number of weights at each side, but at different distances from the 

fulcrum.. These item types are called simple item types as the weight and distance 

informationn do not conflict. The three conflict item types are characterized bv both 

differentt numbers of weights and different distances from the fulcrum. Moreover, 

thee answers based on each dimension conflict: if the weight dimension predicts the 

answerr to be "the balance scale tips to the left side", the distance predicts the oppo-

site.. Depending on the differences between the weights and distances, the scale tilts 

too the side with the largest number of weights or to the side where the distance to the 

fulcrumm is greatest. In (d) Conflict Weight items, the balance scale tilts to the side with 

thee larger number of weights. In (e) Conflict Distance items, the scale tilts to the side 

wheree the distance to the fulcrum is greater. In (f) Conflict Balance items; the effects 

off  the two dimensions compensate: the scale remains in balance. The behavior of 

childrenn on the balance scale task has been studied extensively by comparing their 

dr ivenn a five weights and five distances at each side balance scale, 68% of all possible items fall in these six items 

types,, see Table 2. The remaining items have more weights at the side with the larger distance, and are therefore less 

suitablee to categorize behavior. We wil l refer to these items as Weight/Distance items. 
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performancee on the different item types. These studies have established repeatedly a 

numberr of empirical phenomena which will be discussed in the next section. 

Identifyingg phenomena does not provide an account of the mechanisms underlying 

behavior.. As argued by many authors (e.g., Boden, 1979; Anderson, 1987; Siegler, 

1989),, one needs to understand the mechanisms that cause the changes in behavior 

too obtain a causal explanation of development. In attempts to explain these mecha-

nismss in the case of the balance scale task, several computational models have been 

proposed.. These models, which originate from different computational traditions, 

explainn the main phenomena of development. Recently, new empirical phenomena 

havee been reported which these models cannot easily accommodate. 

Thiss paper consists of three parts. We first describe the main empirical phenomena 

associatedd with development on the balance scale task. Second, we discuss existing 

computationall  models of the balance scale task. Finally, we present a computational 

modell  that does account for the major empirical phenomena and we discuss its ex-

planatoryy value. 

EMPIRICALL PHENOMENA AND CRITERIA 

Inn this section, we discuss the major empirical phenomena (EP) associated with the 

balancee scale task. On the basis of these phenomena, we formulate four sets of 

empiricall  criteria. Only if a computational model satisfies these four criteria, it can 

bee considered a model of the full range of behavior associated with the balance scale 

task. . 

E M P I R I C ALL P H E N O M E NA 

EP1:: Stable Phases and Transitions The behavior of children on the balance 

scalee task is often classified according to their inferred use of a small number of 

"Rules""  . The notion of Rule use is based on the observation of homogeneous 

behaviorr on balance scale items of a particular type. This "consistency crite-

rion""  (Reese, 1989) is often cited as evidence for rule use. Within the balance 

scalee domain, the consistency criterion is operationalized by Siegler's (1981) 

"Too ease presentation, the Rules empirically identified bv Siegler and others, see UP2, are written with a upper case 

"R" ,, whereas ACT-R production rules, to be introduced later, are written with a lower case "r" . A single Rule is always 

implementedd as a set of production rules. 
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rulee assessment methodology, losing this methodology, children's responses are 

comparedd with the responses implied by the various Rules. Their behavior is 

classifiedd according to the closest match between their responses and those as-

sociatedd with a given Rule. Jansen and Van der Maas (1997) improved the rule 

assessmentt methodology by applying latent class analysis. Latent class analysis3 

iss a statistical technique used to determine the number and kind of unobserv-

ablee classes of behavior which give rise to observed responses on balance scale 

items.. Using this technique, Jansen and Van der Maas (1997, in press) provided 

aa statistically sound foundation of Siegler's earlier results (1976, 1981). 

Thee overall picture that emerges from these studies is that children adopt pro-

gressivelyy more powerful Rules during development, which results in increas-

inglyy better performance. Between transitions, children display stable and con-

sistentt behavior on the balance scale task. During the transition from one Rule 

too the next, performance is more erratic as some items of a particular type are 

alreadyy answered correctly, whereas others are still answered according to the 

earlierr Rule yielding incorrect answers. The exact mechanism of transition may 

differr from Rule to Rule. 

EP2:: The Rules Siegler (1976,1981) has identified four Rules that characterize chil-

dren'ss behavior during different phases. These Rules are shown in Figure 3.1. 

Rulee I involves the following steps: consider the number of weights on each 

side:: if equal, predict that the balance scale wil l remain level, if unequal, pre-

dictt that the balance scale will tip to the side with greater weight. Like Rule I, 

Rulee II states that the scale will tip to the side with the greater number of 

weights.. However, if the weights are equal, the distance dimension is taken into 

account.. Rule II I states that both the weight and distance dimension are taken 

intoo account. If one side has greater weight and the other greater distance, the 

childd guesses. (Described as "muddle through" in Siegler, 1976.) Rule IV states 

thatt both dimensions are considered and if the dimensions conflict (as in the 

conflictt item types), the torque is computed by multiplication of the weights 

andd distances. Note that these Rules have multiple conditional responses, and 

33 Latent class models consist of classes that arc defined by response patterns associated with the item types. Latent 

classs models are fitted by determining the relative size of each of the classes (McCutcheon, 1987). Main advantages 

overr the standard rule assessment method are (a) statistical methods to evaluate the fit of the Rules to the data are 

available,, (b) it is not necessary (although possible) to specify the Rules a priori, so that new Rules can be detected, and 

(c)) different balance scale tests with different numbers of items can be compared. 
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aree therefore more complex than "standard" IF-THEN rules. 

Thee unsystematic behavior before Rule I is often described as Rule 0 or pre-

Rulee I. The first three Rules (Rule I-Rule III ) are comparable because they 

consistt of simple steps consisting only of comparisons. Rule IV includes an 

additionall  step that involves multiplication. Rule I is completely unidimen-

sional,, as only the weights are taken into account. Rule II is neither completely 

unidimensionall  nor multidimensional, as it can be applied by switching atten-

tiontion from one dimension to another. Only Rule II I and Rule IV require full 

multidimensionall  reasoning as both weight and distance values are considered 

simultaneouslyy (Siegler, 1996). The period in which a child uses a particular 

Rulee is referred to as a Phase (e.g., Rule I is used in Phase I). 

Afterr Siegler's initial study, these results have been replicated in numerous other 

studies.. Besides confirmation of the originally presented Rules, some new Rules 

weree proposed. However, a number of these Rules are hard to identify empir-

icallyy as these predict the same performance as other Rules (e.g., see Jansen & 

Vann der Maas, in press for a latent class based analysis and categorization of 

Ruless used bv children). An exception is the Addition Rule (Ferretti, Butter-

field,, Cah, & Kerkman, 1985; Normandeau, Larivee, Roulin, & Longeot, 1989). 

Thee Addition Rule states that the answer is based on the addition of weight and 

distancee values when presented with conflict items. 

Itt is sometimes doubted whether subjects classified as Rule IV use multiplica-

tionn rather than some other procedure, such as perceptual approximation or 

problem-answerr mappings. However, in studies in which the rule assessment 

classificationn is studied by asking for verbal explanations, most subjects clas-

sifiedd as Rule IV refer to multiplication in their explanations (Siegler, 1976, 

1981).. Another issue with regard to Rule IV is whether Rule IV can be learned 

withoutt explicit instruction which would have serious implications for balance 

scalee models. As advanced subjects new to the balance scale task regularly use 

Rulee IV to solve the problems, the Rule can be learned without explicit bal-

ancee scale task instruction. Of course, it is possible that they received explicit 

instructionn in related domains. But irrespective of how the Rule is learned, a 

significantt group of subjects master Rule IV, and so should complete balance 

scalee models do. 
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o o 
[weights[weights unequal] 

GreaterGreater weight down 

[weights[weights equal] 

O O 

[weightss unequal] 
Greaterr weight down 

[distances[distances unequal] 
GreaterGreater distance down 

[weightss equal] 

[distances[distances equal] 
"Balance" "Balance" 

Rulee III 

O O 

[largest[largest weight/distance 

[distances[distances unequal] 

[weightss unequal] 

differentdifferent sides] 

[largest[largest weight/distance 

samesame side] 

[distances[distances equal] 
GreaterGreater weight down 

GuessGuess answer 

SideSide with largest values 

down down 

[weightss equal] 

Ass Rule II after 

[weightss equal] 

Rulee IV 

O O 

[largestt weight/distance 

[distancess unequal] 

[weightss unequal] 

differentt sides] 

[largestt weight/distance 

GreaterGreater torque down 

samee side] 

[distancess equal] 
Greaterr weight down 

Sidee with largest values 

down n 

[weightss equal] 

Ass Rule II after 

[weightss equal] 

FigureFigure 3.1. Rules that categorize behavior as identified by Siegler (1981). 
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(a)) Maxwell convention (b) Delay convention 

'3 3 

Rulee 2 

Rule l l 
" " 

i i 
i i 

1 22 3 4 5 1 22 3 4 5 

Distancee Difference 

(c)) Sudden jump 

1 22 3 4 5 

FigureFigure 5.2. Three transition patterns, x-axis denotes the difference in distances left and right of the fulcrum, 

thee y-axis denotes the used Rule. Note that the actual distance difference values are not constrained, for 

example,, the Maxwell convention can also occur at distance difference four. 

EP3:: Transition Phenomena without Feedback In a recent study, Jansen and 

Vann der Maas (2001) describe phenomena associated with the transition from 

Rulee I to Rule II . Jansen and Van der Maas presented a sequence of distance 

itemss to Phase I children. The weights of the first item were situated on the 

firstfirst peg left from the fulcrum, and on the second peg right from the fulcrum. 

Duringg the first part of the sequence, the distance between the fulcrum and the 

weightss was increased by moving the weights on the right side one peg out-

wardd per presentation. During the second part of the sequence, which started 

oncee the weights had reached the most extreme peg, the distance was decreased 

againn by moving the weights back toward the fulcrum. This way, the difference 

betweenn the left and right distance values first increased and then decreased. 

Thee choice to manipulate distance was based on research that suggests that the 

availabilityavailability or encoding of the distance dimension influences performance on the 

balancee scale task (Siegler & Chen, 1998; Siegler, 1976, Exp.3). As in most 

balancee scale studies, the children were not given any feedback concerning their 

responses.. Of the 314 children tested (age range 6 to 10 years), 27% displayed 

behaviorr that was not consistent with Rule I over the sequence of difference 

distancee manipulations. Three interesting deviations from Rule I were found. 

Inn these cases, children showed behavior in accordance with three transition 

patterns.. The diagrams in Figure 3.2 illustrates these patterns and the associ-

atedd responses. 
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Fourr percent of the children displayed a change from Rule I to Rule II behavior 

andd from Rule II to Rule I at exactly the same point in the sequence. This pat-

tern,, which is shown in Figure 3.2a, is consistent with the so-called "Maxwell 

convention""  (see Jansen & Van der Maas, 2001). Three percent of the children 

displayedd a switch at a different point in the sequence depending on whether 

thee difference in distances was increasing or decreasing. This pattern, which is 

shownn in Figure 3.2b, is consistent with the so-called "Delav convention". Nine 

percentt of the children displayed a sudden jump from Rule I to Rule II as the 

distancee difference was increased, but did not return to Rule I as the distance 

differencee was decreased. This so-called "sudden-jump" response pattern is 

shownn in Figure 3.2c. Besides these three groups, eleven percent of the children 

displayedd behavior that deviated from Rule I, but that was not classifiable. Re-

grettably,, such detailed information is not available for other transitions; Jansen 

andd Van der Maas (2001) only studied the transition from Rule I to Rule II . 

Notee that these results do not necessarily imply that manipulating the distance 

dimensionn is the only or even the most important wav to trigger transitions. 

However,, the results do show that transitions can be induced without feedback. 

Inn general, this behavior is comparable to learning without feedback which 

hass also been posited in areas as language learning (Pinker, 1984; Taatgen & 

Anderson,, 2002) and implicit learning (e.g., Cleeremans & McClelland, 1991). 

EP4:: Torque Difference Effect A similar but less specific effect is the "torque dif-

ferencee effect". This effect refers to the finding (Ferretti et al., 1985; Ferretti & 

Butterfield,, 1992) that within item types, items with a large difference in torque 

aree more likely to be answered in a manner consistent with a more advanced 

Rulee than items with a smaller torque difference. This suggests heterogeneous 

behaviorr within item types. Such heterogeneity7 challenges the notion of Rules 

andd the rule assessment method as proposed by Siegler. However, reanalysis 

off  the data (Jansen & Van der Maas, 1997) shows that the torque difference 

effectt only occurs with items with extreme torque differences. Therefore, it 

iss concluded that the children's behavior is homogeneous for moderate torque 

differencee levels and that a torque difference effect is limited to large torque 

differences. . 



ModelingModeling Developmental Transitions on the Balance Scale Task 

E M P I R I C ALL C R I T E R IA 

Ideally,, these behavioral phenomena should be reproduced by models of develop-

mentt on the balance scale. Therefore, we translate these phenomena into four sets 

off  empirical criteria for models of balance scale behavior. 

EC1.. Rule-like Behavior The behavior of the model should be classifiable into 

Rules.. This classification can be conducted by latent class analysis or by in-

spectingg the models' implementation directly4. As different levels of rule-like 

behaviorr implies transitions, the model must explain transitions from one Rule 

too another. 

EC2.. Rule sets A complete model of balance scale behavior should include the four 

Ruless as identified by Siegler (1976), and the later identified Addition Rule (Nor-

mandeauu et al., 1989). The Rules should appear in a fixed order. 

EC3.. Transition Patterns without Feedback The model should explain how 

transitionss occur on series of items with increasing and decreasing distance dif-

ferencess in the absence of feedback. In particular, the model should give rise to the 

threee transition patterns as presented in Figure 3.2. This criterion applies to the 

transitionn from Rule I to Rule II as detailed results concerning the transitions 

betweenn the other Rules are not available. 

EC4.. Torque Difference Effect for Large Torque Differences A model should 

reproducee the Torque Difference Effect for large torque differences but not 

forr small difference values. 

COMPUTATIONALL M O D E LS 

Severall  computational models have been proposed to explain development on the 

balancee scale. We discuss models of balance scale behavior based on production 

rules,, decision trees, and neural network models. Without entering into the discussion 

onn the psychological validity of these architectures, the models are discussed in terms 

off  the degree to which the empirical criteria are satisfied. 

4Somee models directly implement the Rules as specified in Figure 3.1. Classification by latent class analysis is 

superfluouss in this case. 
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Obviously,, the models should have access to some form of feedback. Without feed-

back,, none of the models would be able to show development through the phases. 

However,, in accordance with EC3, the models should be able to explain how local 

developmentall  transitions can take place without feedback. 

P R O D U C T I ONN R U L E M O D E L S 

Wee discuss two production rule models5. The first computational model of balance 

scalee behavior is Klahr and Siegler's (1978) production rule model. They showed that 

differentt sets of static production rules were able to capture the observed Rules. The 

modell  did not specify a transition mechanism and it therefore failed to meet the first, 

mostt important empirical criterion (EC1). 

Sagee and Langley (Sage & Langley, 1983; Langley, 1987) presented the first compu-

tationall  model that actually shows development from Rule I to Rule III . As shown 

inn Figure 3.1, the central idea is that Rule II adds extra conditions to Rule I, as does 

Rulee II I to Rule II . Their model starts with a set of production rules that produce 

randomm answers. The model learns by discrimination: if the model produces an in-

correctt response to an item, a new production rule is created based on an analysis of 

thee differences between this item and the last item which the production rule solved 

correctly.. Performance is kept stable for some time by a strength parameter. A new 

productionn rule is created when no production rule is available with a strength level 

abovee a certain threshold. This model shows rule-like behavior and transitions (EC1) 

fromm Rule I to Rule III . The model does not acquire Rule IV, because this Rule can-

nott be constructed as the concept of multiplication is not available to the model. 

Thee same holds for the Addition Rule. However, incorporation of multiplication 

andd addition mechanisms will probably result in the construction of the appropriate 

Rules. . 

Thee discrimination method used in this model often gives rise to production rules 

thatt result in behavior not found in empirical data. The model therefore satisfies EC2 

onlyy partially. It is unclear how this model may incorporate the non-feedback related 

phenomenaa (EC3). The model only checks whether weights and distances differ and 

doess not use the actual values in conditions of production rules. Therefore it is not 

''Ann often-cited production rule model of balance scale behavior is a model in SOAR (Newell, 1990, p.465ff). 

However,, the description of this model does not provide enough information to evaluate it. 
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sensitivee to differences within item types and fails to satisfy EC4. 

Thee ACT-R architecture and the model that we present below share a number of 

featuress with this production rule model. ACT-R incorporates the idea of usefulness 

parameterss for production rules, but in a more sophisticated way. As in the models 

off  Sage and Langley, our model also constructs new production rules. However, as 

discussedd below, the new production rules are based on knowledge available to the 

ACT-RR model, instead of on purely architectural mechanisms. In the Langley (1987) 

model,, new production rules are constructed by adding conditions to existing rules. 

Inn the ACT-R model, new production rules are created that operate in cooperation 

withh existing rules. 

D E C I S I ONN T R EE M O D EL 

Schmidtt and Ling (1996) presented a model based on decision tree learning. This 

modell  acquires behavior on the balance scale by constructing decision trees. At the 

top-levell  of the tree is the most predictive test, one branch below are the next most 

predictivee tests given the value on the top level test, etcetera. For example, a decision 

treee for Rule II (Schmidt & Ling, 1996, p.217) starts with 'Are weights and distances 

equal?""  If both are equal, the model predicts that the balance scale will remain in 

"balance",, otherwise the next test is "Which side has the most weights?". During 

thee construction of the tree, new conditions are added until the tree reaches a pre-

specifiedd "error tolerance" threshold. The algorithm used by Schmidt and Ling uses 

aa complete training set when constructing the tree. However, as pointed out by 

thee authors, algorithms exists that produce similar trees by presenting training items 

incrementally. . 

Thee decision tree model is similar to the production rule models of Sage and Langley. 

AA path from the top-level of the tree to an end-point can be viewed as a rule. The 

conceptss from which the tests are constructed are binary concepts representing (a) 

thee side with the larger number of weights, (b) the side with the larger distance and (c) 

aa concept that represents whether the weights and distances for both sides are equal. 

Besidess these concepts, which were also available in the above discussed models of 

Sagee and Langley, the decision tree model also has access to concepts expressing 

thee (d) numerical difference in weights and the (e) numerical difference in distances 

betweenn both sides. 
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Thee model satisfies EC1 as it acquires trees that correspond to the Rules. Moreover, 

thee transitions from one Rule to another are by definition sudden. As the model 

learnss the first three Rules in the right order, it partially adheres to EC2. However, 

thee concepts of addition and multiplication are not included in the model. Therefore, 

thee model is not able to learn the Addition Rule and Rule IV is approximated by 

specificc item-to-answer mappings. If multiplication were included in the model, it is 

unlikelyy that the other strategies would remain available. It is unclear whether this 

modell  can incorporate the non-feedback related phenomena (EC3). With respect 

too EC4, different Rules are constructed for the values of the numerical difference 

conceptss (d and e), hereby reproducing the Torque Difference Effect. However, the 

Torquee Difference Effect is produced consistently, that is, both for smaller and larger 

torquee difference values. 

CONNECTIONISTT MODELS 

McClellandd (1989, 1995) presented a connectionist model of balance scale behav-

iorr that learns by back-propagation of feedback. The network consists of two output 

nodess representing the predicted answer and ten input nodes, five for each side. Only 

onee of the input nodes per side receives activation. The distance dimension deter-

miness which of the input units is activated, and the weight dimension determines the 

amountt of activation. The input and output nodes are connected by separate hidden 

layerss for the distance and weight dimensions. To explain the order of the Rules (i.e., 

thee use of the weight dimension before the distance dimension), McClelland assumes 

thatt initially weight items occur more frequentlv than distance items. 

Thee first empirical criterion poses a problem for this model. Using Siegler's rule 

assessmentt methodology, McClelland claimed a successful fit  to human data. How-

ever,, reanalysis of the model's behavior using latent class analysis showed that the 

behaviorr of the model cannot be described by a set of distinct rules (Jansen & Van 

derr Maas, 1997). The model therefore fails to show homogeneity within item types. 

Furthermore,, Raijmakers, Van Koten, and Molenaar (1996) showed that the model 

failss to show qualitative transitions between the Rules. 

Withh respect to EC2, the model is not able to learn stable Rule behavior as it some-

timess regresses after a period of stable behavior. Moreover, Rule IV is never learned. 

Becausee the model is only able to learn by feedback-dependent back-propagation, it 
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failss the no-feedback criterion (EC3). With respect to EC4, the model does show the 

Torquee Difference Effect (McClelland, 1995). 

Shultzz and his co-workers (Shultz & Schmidt, 1991; Shultz, Mareschal, & Schmidt, 

1994;; Shultz, Schmidt, Buckingham, & Mareschal, 1995) modeled balance scale be-

haviorr with cascade-correlation networks. The central tenet of cascade-correlation 

iss the introduction of new hidden nodes into the model if the back-propagation-like 

learningg mechanism does not reduce the error between predictions and feedback 

fastt enough. Here we wil l discuss the model as presented in Shultz et al. (1995). This 

modell  has five input units for each side of the balance scale and two output units. 

Thee distance dimension determines which of the input units is activated, and the 

weightt dimension determines the amount of activation, initially, as in McClelland's 

model,, weight items are over-represented in the training problems to accommodate 

thee initial preference for weight. 

Accordingg to analyses with the rule assessment methodology6, the behavior over time 

off  the cascade correlation network follows the Rules. However, because the learning 

mechanismm of the cascade correlation network is comparable to that of McClelland's 

model,, it is likely that the transitions are better described by gradual adaptation than by 

suddenn transitions. This impression of gradual adaptation is reinforced by the remark 

madee by Shultz (1994, p. 81) that: "The cascade correlation model suggests that 

balancee scale [..] transitions are soft and tentative rather than abrupt and definitive". 

Thee threshold for adding new hidden nodes plays a role in how long performance 

remainss stable. This model therefore occupies a position between the production 

rulee model and the back-propagation model with respect to the generation of Rules 

(EC1).. This model learns all four Rules in the correct order (EC2). However, as 

noo torque is calculated, the model can only approximate Rule IV behavior. Shultz 

ett al. (1994) did not attempt to incorporate the Addition Rule in their model. Like 

McClelland'ss model, it fails the no-feedback criterion (EC3), because the model is 

onlyy able to learn by feedback-dependent back-propagation. The model does show 

thee Torque Difference Effect (EC4). 

6Latentt class analysis has yet to be applied to the data generated by this model. 
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C O N C L U S I O NS S 

Tablee 3.1 summarizes the empirical criteria that each model satisfies. Although each 

modell  provides an interesting perspective on the process of balance scale develop-

ment,, none is able to model all empirical data. The most prominent problem is 

thatt none of the models can explain learning without feedback. In the next section 

wee present an account of behavior on the balance scale task that satisfies all four 

empiricall  criteria. This model is based on the ACT-R cognitive architecture 

Tablee 3.1: Overv iew of empirical criteria per model. 

ModelModel Type 

Product ionn Rules Decision Trees Neural Networks 

EmpiricalEmpirical Criteria KS'78 SL'87 SL'96 McC'95 S'95 

EC1: : 

EC2: : 

EC3: : 

EC4: : 

Rule-likee behavior 

Rulee sets 

Transitionn Patterns 

withoutt Feedback 

Torquee Difference Effect 

--
/ / 

/ / 
+ + 

--

--

+ + 

--

+ + // / 

Note.Note. S: Criterion fully satisfied, +: Criterion partly satisfied, -: Criterion not satisfied. Note that 

thee evaluations are based on the descriptions of the models as available in literature. This does not 

meann that models with "+ " and "-" evaluations cannot be extended to match the criteria better. 

KS'78:: Klahr & Siegler, 1978, SL'87: Sage & Langley, 1983, SL'96: Schmidt & Ling, 1996, McC'95: 

McClelland,, 1995, S'95: Shultz et al., 1995. See text for a complete list of references. 

A NN ACT-R MODEL OF BALANCE SCALE BEHAVIOR 

ACT-RR (Anderson, 1990; Anderson & Lebiere, 1998) is a hybrid cognitive architec-

turee in which the use of symbolic knowledge is mediated by associated quantitative 

values7.. In constructing an ACT-R model of balance scale behavior, we distinguish 

betweenn three aspects of the model: mechanisms, task-specific concepts, and capac-

ityy constraints. Most important are the mechanisms. The mechanisms involve several 

ACT-RR specific processes, which wil l be explained in detail below. However, the key 

ideaa is a very general strategy, which underpins balance scale behavior in all phases. 

Thiss strategy is: "solve balance scale items by searching for differences between the 

ACT-RR has previously been applied to cognitive development. Taatgen (1999) focussed on the compilation and 

usagee of different production rules, Lebiere and Anderson (1998) focussed on the acquisition and tuning of declarative 

knowledge,, and Jones, Ritter, and Wood (2000) focussed on capacity related constraints. 
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leftt and right side of the balance scale". The performance of this strategy is con-

strainedd by the presence or absence of task-specific concepts and by the available 

capacity.. With respect to the task-specific concepts, the availability of a particular 

conceptt or property determines whether it can be used in the reasoning process. Ex-

ampless are the facts that multiplication is not available initially, and that children no-

ticee the weights earlier than the distances. The capacity constraint, expressed as uni-

versuss multidimensional reasoning, influences the number of concepts (i.e., weight 

andd distance) that can be incorporated simultaneously in the general strategy. Initially, 

childrenn can only accommodate a difference on one dimension, which constrains the 

generall  strategy to "search for a difference between the left and right side of the 

balancee scale". We will demonstrate how the interplay between these three aspects 

off  the model explains the four empirical phenomena. First, we give an overview of 

thee properties of the ACT-R architecture that are important in the present model. 

Then,, we discuss the task-specific concepts and the capacity constraints. Finally, we 

presentt simulations of the developmental process including all phase transitions, the 

transitionn patterns and the torque difference effect. 

K E YY STRUCTURES A N D M E C H A N I S MS OF T H E ACT-R A R C H I T E C T U RE 

Chunkss & Production Rules ACT-R stores knowledge in two types of memory. 

Declarativee memory contains chunks that represent descriptive knowledge, whereas 

procedurall  memory contains production rules that represent procedural knowledge 

inn the form of IF-THEN actions. 

Eachh chunk is of a specific type that defines its function in the model. At each point 

inn time, one of the chunks in the model denotes the goal of current processing. 

Att each processing step, ACT-R examines all production rules to test which produc-

tionn rules match the current goal. A production rule is considered to match if the 

conditionss of that production are satisfied by the active goal. Besides conditions on 

thee active goal, a production rule can also have conditions on the availability of declar-

ativee information. To retrieve information from declarative memory, a production 

rulee initiates a retrieval request. This request specifies the conditions that determine 

thee type of information that is required. Subsequent production rules can test for 

thee availability of that knowledge, that is, they can test whether the given conditions 

returnedd a retrievable chunk. In addition to initiating a retrieval, the THEN-side of 
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productionn rules can change the current focus to a new goal, modify the current goal 

orr initiate other external actions. 

Activationn & Utilit y Instances of both declarative and procedural knowledge have as-

sociatedd quantitative parameters that express their usefulness. If a chunk is retrieved 

orr a production rule has proven to be successful in achieving the goal, the associated 

parameterr is increased in value. As a consequence, the chunk or production rule will 

bee used more often. For declarative memory chunks, this quantitative parameter is 

representedd as the activation level of the chunk. The activation level depends on a 

base-levell  activation and on activation sources originating in the model's context. The 

base-levell  activation (B) is determined by the number and recency of past retrievals 

off  that chunk, i.e., B = ln(X/=]t~ ). The summation is over all previous retrievals (n) 

off  this chunk, with tj being the time in seconds between retrieval j and present, and 

dd being the decay rate (by default fixed at .5). The default ACT-R context activation, 

calledd associative activation does not play an important role in the model presented 

here.. However, in the second set of simulations presented in this paper, a differ-

entt type of context activation is introduced that reflects perceptual saliency. When a 

modell  initiates a retrieval request, and multiple chunks with activation levels above 

thee retrieval threshold satisfy the conditions of that retrieval request, the chunk with 

thee highest activation is retrieved. 

Forr production rules, the main parameter is the utility-. The utility of production rules 

iss determined by a combination of the proportion of successful completions of goals 

andd the costs associated with that production rule: Utilit y — U = P x G -C + <7. 

Inn this equation, P is the proportion of successful applications of the production 

rule.. This proportion is multiplied by a constant G (20, by default). C reflects the 

costt associated with the execution of the production rule, expressed in units of time. 

Thee last variable in the equation, a, represents normally distributed noise that may 

optionallyy be added to the utility. 

Thee value of the parameters P and C depend on the performance of the current 

productionn rule and the performance of the production rules that follow the current 

one.. With respect to the P parameter, a production rule is considered to be executed 

successfullyy if the goal to wrfnch it was applied is tagged as successfully solved. The 

valuee of the C parameter depends on both the costs of the current production rule 
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andd the costs of following production rules used for the same goal. Each production 

rulee has a fixed cost of 50ms. Besides these fixed costs, a production rule might take 

moree time if it has to wait for a retrieval from declarative memory, or if it involves 

perceptuall  or motor actions. During the run of a model, the P and C parameters are 

updatedd on the basis of new experiences. For example, if a large number of goals 

aree solved successfully, P will increase as the overall proportion of correctly answered 

problemss increases. Similarly, if the costs associated with solving a problem decreases 

(e.g.,, because of acquiring a more efficient strategy), the C parameter will decrease. 

Ass with chunks, if more than one production rule satisfies the current constraints, 

thee production rule with the highest utilitv value is selected. In the simulations re-

portedd below, normally distributed noise wTas added to the utility. This results in the 

modell  occasionally trying alternative production rules. If an alternative production 

rulee performs better than the original production rule, this is reflected in its utility 

parameters.. Eventually, this alternative production rule will supersede the original. 

Learningg & Production Composition ACT-R models are able to expand their 

knowledgee by adding new chunks and production rules to their memories. The 

sourcee of new declarative knowledge can be internal or external. The internal source 

off  new chunks are production rules. New chunks are added if the production rule 

modifiess the goal-chunk to which it was matched, or if it constructs a new chunk in 

itss THEN-side. An example of an external source of new chunks is perception. 

AA recent addition8 to ACT-R (ACT-R v5.(), production rule learning, 2002; Taatgen & 

Anderson,, 2002; Taatgen, 2000) is production composition. Production composition 

createss new production rules by joining two production rules that occur in succession 

intoo one single rule. This process eliminates intermediate retrievals from declarative 

memory.. For example, assume that two production rules are executed in succession. 

Iff  the first production rule initiates a retrieval request and the second production rule 

processess the retrieved chunk by storing information from that chunk in the current 

goal,, production composition constructs a new production rule that modifies the 

goall  chunk in the same fashion as before, but without requiring a retrieval. In other 

T h i ss addition is nor part of the ACT-R version as described in Anderson and l.ebiere (1998), but is incorporated 

inn a new version (ACT-R v5.0, 2002). Although the version of ACT-R as described in Anderson and Lebiere (1998) 

iss also able to construct new production rules, the new composition mechanism constructs new rules using a more 

principledd method. 
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words,, production composition specializes a general procedure to solve a problem 

intoo a problem specific procedure bv eliminating the retrieval. 

Thiss composition mechanism also applies to learning new behavior from declarative 

descriptionss of the involved actions. These representations (declarative actions) are 

availablee as chunks (cf., Anderson, 2000), for example as the results of observing 

otherss perform actions, or as the result of explicit instruction. The declarative actions 

cann be matched and executed by "interpretive production rules". These production 

ruless retrieve the declarative actions and modify the goal based on the contents of 

thee declarative actions. Because of these modifications, other production rules now 

matchh the goal, giving rise to new behavior. By means of this process of alternating 

executionn of interpreting and "normal" production rules, new sequences of behavior 

emergee on the basis of already available production rules. 

Thee utilities of newly composed production rules are inherited from the parent rules. 

However,, as the composed production rule often removed the necessitv of a retrieval 

andd combined two production rules into one, the costs associated with the new pro-

ductionn rule are lower than the old combination of production rules. That is, the 

costss of the newly composed production rules does not involve the costs associated 

withh extra retrievals (a variable amount of time) and the costs of executing the sec-

ondd production rule (i.e., a fixed 50 ms). As the success rate of the newly composed 

productionn rule is equal to the success rate of the non-composed production rules, 

thee difference in costs will eventually favor the composed production rules9. 

E X P L A N A T I O NN OF D E V E L O P M E NT IN T H E M O D EL 

Figuree 3.3 shows three main factors underlying the behavior and development of the 

ACT-RR model. The first factor, the mechanisms, is a combination of the ACT-R ar-

chitecturee and task-general knowledge. ACT-R provides the basis for behavior (e.g., 

thee execution of production rules, the selection of chunks) and development (e.g., 

compositionn of new production rules, updating of the quantitative parameters that 

expresss the utility of production rules). The task-independent part of the mecha-

nismss contains the interpretive production rules and the declarative representations 

off  actions. These actions represent the strategy "answer a balance scale problem by 

yForr links to an extended discussion of composition and learning from instruction, see the ACT-R v5.0 website: 

h t t p : / / a c t . p s y . c m u . e d u / A C T -RR 5 .0 

http://act.psy.cmu.edu/ACT-R
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FigureFigure 53. Availability of components of the model over time. 

searchingg for differences". 

However,, this does not specify the property to which the model should attend. This 

iss specified by the second factor: the task-specific concepts. The availability of a con-

ceptt is mediated by the activation of the declarative chunk representing that concept. 

Iff  this chunk is above the retrieval threshold, the related concept can be incorporated 

inn the decision process. We make two, rather uncontroversial, assumptions about the 

secondd factor. The first is based on the empirical observation (Siegler, 1976; Siegler 

&&  Chen, 1998) that children initially prefer weight above distance. We simply assume 

ann initially higher activation for weight than distance10 on the basis of the encoding 

studiess of Siegler (1976). The second assumption states that the concepts of addition 

andd multiplication appear later in development. The exact timing of the appearance 

iss of less importance since the emergence of the Addition Rule and Rule IV also 

dependd on the capacity constraints. 

I 0Notee that the ACT-R model would also work given an initially higher activation for distances, i.e., it does not 

explainn the preference of weight above distance. 
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Capacityy constraints form the third factor. In many developmental theories, notably 

thee Neo-Piagetian theories, the increase in capacity plays a central role in the devel-

opmentt of domain specific strategies (Case, 1985; Pascual-Leone, 1970). Although it 

hass proven to be difficult to quantify the precise effects of cognitive capacity (Chap-

man,, 1990), it is quite clear that its increase plays an important role in the transition 

fromm uni- to multidimensional thinking (Siegler, 1996). It is this specific consequence 

off  the capacity constraint that we use to explain the generalization of the "search for 

differences""  strategy. Initially, capacity limitations constrain the strategy to "search 

forr a difference", and only later is the strategy extended to "search for more than one 

difference". . 

Thee development of performance depends on these three factors. The mechanisms 

explainn how development occurs, the other two factors explain the order and timing 

off  development. 

Fromm its initialization, the model has access to declarative knowledge about how 

"forcedd choice problems" are to be solved. This declarative knowledge represents 

thee strategy that one has to search for a property that differs for the answer alterna-

tivess (e.g., "tip to left", "ti p to right" or "remain in balance") to solve a force-choice 

problem.. In the context of the balance scale this means that it should look for a 

differencee between the left- and right-hand side of the balance scale. If a difference 

iss found based on the interpretation of the declarative actions, the model uses this 

differencee to determine an answer. However, if no difference is found, the model 

searchess for a new- property. 

Initially ,, neither the weight nor the distance property is encoded because the activa-

tionn levels of the chunks representing the property are below threshold. Therefore, 

thee model generates an answer by guessing. After each guess, feedback is given about 

thee correctness of the given answer. As the proportion of correct answers based 

onn guessing is low, the production rules representing this strategy have a low util-

ity.. Therefore, as soon as the weight property becomes available, the model will 

startt to incorporate this concept in the decision process, yielding Rule I behavior. 

Ass this increases the proportion of correct answers, the production rules associated 

withh Rule I are preferred over the pre-Rule I production rules. As the proportion 

off  successful answers is still relatively low, distance is incorporated shortly after it 

becomess available to the model. However, as the available capacity is insufficient to 
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incorporatee both weight and distance in the decision process at the same time, the 

modell  switches its attention to distance, discarding the weight information. As deter-

miningg the answers based solely on weights is less successful if the weights are equal 

thann if the weights are unequal, the shift from weights to distances only occurs if the 

weightss are equal. When the capacity has increased sufficiently to make it possible to 

usee a strategy that incorporates both weights and distances, the model progresses to 

Rulee II I behavior. In this Phase, the weights and distances are examined regardless of 

thee weights being equal or unequal. However, as knowledge to combine the weights 

andd distances is as vet unavailable, the model can only guess the answer if the weights 

andd distances are both unequal. Only when the concept of addition or multiplication 

becomess available is the model able to progress to the Addition Rule or Rule IV. 

S I M U L A T I O NN I: P H A S E - B Y - P H A SE D E V E L O P M E N T AL P R O G R E S S I ON 

Inn this secdon we present the model in more detail and discuss how it simulates 

development.. In discussing the model, we will refer to Table 3.2 and Figure 3.4. 

Tablee 3.2 presents the numbers and proportions of correctly answered problems for 

alll  possible balance scale configurations. The numbers presented in this Table are 

specificc to a balance scale with a maximum of five weights and five distances on 

eitherr arm. For Rule I and Rule II , Table 3.2 contains both the overall statistics and 

statisticss broken down into the two different branches of these Rules (i.e., "weights 

equal""  and "weights unequal", see Figure 3.1). As all items of a particular item type 

aree answered using the same branch, the other branch does not apply for that item 

tvpe.. This is denoted by a full stop in Table 3.2. 

Figuree 3.4 plots the utilities of key production rules as function of the number of 

balancee scale problems presented to the model. As the random selection of training 

itemss influences the exact course of the utilities, the graph shows some variation over 

runs.. However, the values shown are illustrative for a typical run of the model. The 

productionn rules in Figure 3.4 are all constructed by the model on the basis of the 

declarativee actions. 

Phasee 0: At the start of each presentation, a problem is randomly sampled from the 

sett of all possible problems. For each problem, the model is presented the number 

off  weights and the distance to the fulcrum for both sides. Initially, the model resorts 
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Tablee 3.2: Number of correct responses per combination of Rule and balance scale item type for a five 

weightss times five distances balance scale configuration. 

pre-Rulee I (guess) 

Rulee I 

weightss equal" 

weightss unequal" 

Rulee 11 

weightss equal" 

weightss unequal" 

Rulee III' ' 

Additionn Rule' 

Rulee IV 

Numberr of items 

B B 

8.3* * 

25 5 

25 5 

25 5 

25 5 

25 5 

25 5 

25 5 

25 5 

D D 

33.3* * 

0 0 

0 0 

100 0 

100 0 

100 0 

100 0 

100 0 

100 0 

Balancee Scale 

\\" " 
33.3* * 

100 0 

100 0 

100 0 

100 0 

100 0 

100 0 

100 0 

100 0 

CB B 

8* * 

0 0 

0 0 

0 0 

0 0 

8* * 

20 0 

24 4 

24 4 

Types s 

CD D 

29.3* * 

0 0 

0 0 

0 0 

0 0 

29.3* * 

64 4 

88 8 

88 8 

C\\ \ 

29.3* * 

88 8 

88 8 

88 8 

88 8 

29.3* * 

64 4 

88 8 

88 8 

WD D 

66.7* * 

200 0 

200 0 

200 0 

200 0 

200 0 

200 0 

200 0 

200 0 

Overalll  Correct 

Abs. . 

208.3 3 

413 3 

25 5 

388 8 

513 3 

125 5 

388 8 

491.6 6 

573 3 

625 5 

625 5 

Prop. . 

.33 3 

.66 6 

.20 0 

.78 8 

.82 2 

1 1 

.78 8 

.79 9 

.92 2 

1 1 

Note.Note. Different balance scale configurations lead to different absolute and relative values. 

B=balancee item, D=distance item, W=weight item, CB=conflict balance item, CD=confl ict dis-

tancee item, CW=confl ict weight item, WD=weight/distance item. Divisions by three indicate 

guessingg the answer. 

**  Assuming a j probability of a correct guess. 
a1 255 items have equal weights, 500 items have unequal weights. 

Ass described in Siegler (1976), e.g., "Muddle Through" 
cA ss described in Normandeau et al. (1989). 

too guessing because it cannot retrieve any properties (i.e., the activation level of the 

weightt property is still below threshold) to use in the problem solving process. As 

cann be seen in Table 3.2, the proportion of correct answers for the guess-strategy is 

low.. Therefore, the utility of the production rule that implements the guessing (see 

Figuree 3.4, labeled A(g)) drops rapidly. Because of the 1OWT utility of this guess-rule, 

thee interpretive production rules will often be selected11. Consequently, as soon as a 

neww strategy to solve the problems becomes available, the model will solve balance 

scalee problems using the new strategy. 

Phasee I: The general strategy is represented in five steps: 

"G ivenn the general nature of the interpretive production rules, the usage of these production rules is not limited to 

thee balance scale domain. Because of this extensive "external" usage, the parameters will not be influenced significantly 

byy the application of the production rules in the balance scale domain. Therefore, we assigned a constant utility of 

approximatelyy 13.3 (+ noise) to these production rules. This value is based on a P value of 2 /3 and a relative low C 

value,, but other values would not influence the general behavior of the model. 
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1.. Retrieve a property on which the two sides of the balance can differ. 

2.. Encode the values of the specified property. 

3.. If the encoded values are unequal, then base the answer on the observed difference. 

4.. If the encoded values are equal, then search for a new property and if found, return 

too Step 2. 

5.. If no new property can be found, then render an answer based on the encoded 

values. . 

Thiss general strategy first leads to Rule I. Step 1 determines the property on which 

thee model will focus its attention. As initially the weight property is most active, the 

modell  will encode the weight values (Step 2) and use those to solve the balance scale 

problem.. If the perceived values differ, Step 3 applies and an answer is determined 

onn the basis of this difference (predicting a til t to the side with the greater number 

off  weights). If the perceived values are equal, the interpretation of the declarative 

knowledgee leads to an attempt to retrieve a new property (Step 4). However, because 

thee activation level of the distance property is too low, the model cannot retrieve 

itt and consequently applies Step 5. As a result of the weights being equal, Step 5 

renderss "balance" as answer. 

Whenn the corresponding declarative actions are interpreted, the composition mecha-

nismm constructs new production rules. As discussed earlier, the composition process 

removess most retrievals from the constructed production rules, resulting in hard-

codedd values in the new production rules. Because of this, Step 1 is replaced by a 

productionn rule that immediately initiates a retrieval of the weight values, removing 

thee requirement of having to retrieve a property first (same holds for Step 3). As the 

encodingg of the values is based on perception instead of on a retrieval, this step is not 

removedd by the composition mechanism. Because in this phase Step 4 always results 

inn a failure to retrieve a new property; the composition mechanism will remove the 

retrievall  request for a different property and, wil l instead directly answer "balance" 

(i.e.,, use Step 5) if the weights are equal. 

Thee resulting production rules12 are presented below. Before the model reaches the 

12Thee production rules presented here have been edited for reasons of readability. All code necessary to run the 

modell  is available at h t tp : //www. van- r i j n . o r g / h e d d e r i k / b s t m /. 
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stagee in which it only uses these production rules, it wil l have constructed numerous 

productionn rules that were only used once before being replaced by a new produc-

tiontion rule. These replaced production rules remain available to the model. However, 

becausee these production rules (and the initial interpretive production rules) require 

moree steps and more retrievals before arriving at an answer, these production rules 

aree more expensive and therefore have a lower utility. As a result, the production 

ruless associated with Rule I, as shown below, wil l prevail. 

Productionn Rule: Initialize (->W) 

IFF the goal is to solve a balance scale problem 
THENN request the encoding of the values of the weight property 

Productionn Rule: Initiate-Encoding 

IFF the goal contains a request to encode the values of a property 
THENN encode those values 

Productionn Rule: Test-Encoded-Values-a (<>W:A(W)) 

IFF the values of the weight property have been encoded 
ANDD the values are unequal 
THENN render as response the side with the largest value 

Productionn Rule: Test-Encoded-Values-b (=W:A(b)) 

IFF the values of a property have been encoded 
ANDD the values are equal 
THENN render as response "balance" 

Eachh production rule has been assigned a shorthand notation which is mentioned 

directlyy after the name of the production rule (e.g., " ->W") . This shorthand notation 

iss used both in the text and in Figures 3.4 and 3.5. In this notation, "W " stands for 

weights,, "D " for distances, " g" for guess, " b " for balance and "m" for multiplication. 

Thee operator " - > " refers to "switch attention to", " = " to a condition requiring equal 

valuess for the property mentioned after the equal sign, " < > " to requiring unequal 
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valuess and "A(x) " refers to "answer based on X". For example, " < > W , < > D : A ( g )" 

referss to the production rule reflecting the following knowledge: if the weight and 

distancee values are unequal, guess an answer. 

Thee first production rule (->W) causes the model to consider the weight property. 

Thee second production rule initiates the encoding of the values of the weight prop-

erty.. These two steps are not merged because the perception based encoding step 

iss not removed by the composition mechanism. Based on the encoded values, one 

outt of two production rules matches. If the weights are equal, the production rule 

=W:A(b)) renders "balance" as response, if the weights are unequal, the production 

rulee <>W:A(W) renders as response the side with the largest number of weights. 

Ass can be seen in Table 3.2, if the answer is based on Rule 1 "weights equal" (wThich 

correspondss to the =W:A(b) production rule), the proportion of correct answers is 

lowerr than if the answer is based on Rule I "weights unequal" (<>W:A(W)). There-

fore,, the utility of the weights equal production rule (=W:A(b)) decreases faster than 

thee utility of the weights unequal production rule (<>W:A(W)), as is visible in Fig-

uree 3.4. 

Ass the utility of a constructed production rule is based on the utilities of its parent 

productionn rules, newly composed production rules have different initial utilities. As 

thee - >W production rule is based on production rules used in Phase 0, it starts with a 

loww utility, whereas <>W".A(W) and =W:A(b) are not directly based on production 

ruless with decreased utilities. Therefore, the utilities of these production rules are 

initiallyy higher. 

Phasee II : Because of the decrease in utility of the =W:A(b) production rule, the 

interpretivee production rules will eventually try to construct new strategies based on 

thee declarative "search for a difference" action. The number of problems required 

forr this to happen depends on the distribution of the balance problems. For exam-

ple,, if the proportion of weight items is large, as in the simulations of McClelland 

(McClelland,, 1995, 1989), the production rules used in Rule I wil l encounter fewer 

failuress and will remain active longer. 

Too find a new strategy, the model has to include a new property in the reasoning 

process.. As long as the activation of the distance property is below the retrieval 

threshold,, the model is in Phase I. Only when the distance property reaches a suffi-
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Presentedd problems 

FigureFigure 3.4. Typical course of utility changes over time of selected production rules. The content of the 

productionn rules is represented in the labels, see the text for explanation. 

Note.Note. The labels of the production rules " - > W " and " < > W - > D " are repeated twice. 

cientt level of activation, is it incorporated in the answering strategy13. As soon as this 

levell  is reached, the composition mechanism starts to construct new production rules 

ass it did at the start of Phase I. The resulting two most significant production rules 

aree =W,<>D:A(D) and =W,=D:A(b). The first production rule determines the so-

lutionn based on the distance values if the weights are equal. The second production 

rulee renders the solution "remains in balance" if the values for both properties are 

equal.. Since these production rules always yield the correct answer (see Table 3.2, 

Rulee II , weights equal), the utility of these production rules increases asymptotically 

ass the P value in U = P x G -C approaches 1 and the costs are constant. This increase 

inn P also influences the utility of the ->W production rule, as this rule now gives rise 

too a greater proportion of correct answers. 

""  A discussion of how this threshold is reached is outside the scope of this paper, but both developmental changes 

inn activation or threshold parameters, and exposure to tasks in which distance is an important predictor might play a 

role. . 
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Phasee III: During Rule II behavior, the utility of <>W:A(W) decreases. This de-

creasee will cause the interpretive producdon rules to be used occasionally. However, 

thee available declaradve knowledge in Phases I and II limits the "search for a dif-

ference""  strategy to one unequal dimension. Therefore, as long as more advanced 

versionss of this knowledge are unavailable, the model cannot progress to Rule III . 

Ass the progression from Rule II to Rule III is associated with a shift from unidimen-

sionall  to multidimensional reasoning (Case, 1985; Chapman, 1990; Pascual-Leone, 

1970;; Siegler, 1996), the declarative actions are modified to reflect this change. At 

aboutt problem presentation 1250 in Figure 3.4, the declarative representations were 

extendedd to allow for the retrieval of a new property even if the values of the first 

encodedd property were unequal. This extension involved the modification of the 

originall  Step 3, as is shown below: 

1.. Retrieve a property on which the two sides of the balance can differ. 

2.. Encode the values of the specified property. 

3a.. If the first encoded values are unequal, then store the encoded values and search 

forr a new property' and return to Step 2. 

3b.. If both the first set of encoded values and the second set are unequal then search 

forr and apply a method that uses both sets to render an answer 

4.. If the encoded values are equal, then search for a new property and if found, return 

too Step 2. 

5.. If no new property can be found, then render an answer based on the encoded 

values. . 

Now,, in case the weights are unequal, applying the interpretive production rules wil l 

leadd the model to apply Step 3a. This results in the retrieval of distance as an ad-

ditionall  property to take into account. If the encoded distance values are equal, the 

modell  wil l base the answer solely on the weight values as these are already known 

too be unequal. However, if the distance values are unequal, the model searches for a 

methodd to combine both weights and distances. If a method cannot be found, the 

modell  wil l resort to guessing. When the composition process is complete, i.e., when 

noo new production rules can be created, the model solves balance scale problems 
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Initializ e e 
IFF no property selected 
THENN select weight as focus property 

Initiat ee Retrieva l 
IFF property selected but not retrieved 
THENN initiate retrieval 

Testt  Retrieve d Value s I 
IFF retrieved values are unequal 
THENN store values in goal and focus on distance 

Testt  Retrieve d Value s II 
IFF retrieved values are equal 
THENN store values in goal and focus on distance 

Initiatee Retrieval 
IFF property selected but not retrieved 
THENN initiate retrieval 

Testt Retrieved. Values IN 
IFF new values are equal AND stored values are unequal 
THENN base answer on previous stored values 

Testt  Retrieve d Value s V 
IFF new values are equal AND stored values are equal 
THENTHEN base answer on weight, i.e. balance 

Testt  Retrieve d Value s IV 
IFF retrieved values are unequal AND stored values are equal 
THENN base answer on the just retrieved values 

Testt  Retrieve d Value s VI 
IFF retrieved values are unequal AND stored values are unequal 
THENN answer (without specifying based on which property) 

Answe rr  Lef t 
IFF value for left is larger than for right 
THENN answer "left" 

Answe rr  Righ t 
IFF value for right is larger than for left 
THENN answer "right" 

Gues ss Answe r 
IFF no basis for an answer is available 
THENN guess an answer 

FigureFigure 3.5. Tree-like representation of the ACT-R model i 

inn Figure 3 and the text. 

II  Phase III . Below the boxes are the labels as used 

usingg the production rules as shown in Figure 3.5. 

Thee guessing production rule is incorrect in two thirds of all cases. As a consequence, 

itss utility decreases to a relatively low level. Therefore, this phase is relatively unstable: 

iff  too many incorrect answers are registered in succession, behavior will temporarily 

regresss to Rule II (c.f., Jansen Sc Van der Maas, in press, Table 7). In Figure 3.4, 

thiss is reflected in the continuation of updating of the utility of the <>W:A(W) 

productionn rule. This decrease in utilities also causes the model to regularly test for 

otherr methods to combine the unequal values of weights and distances. 
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Phasee IV: As soon as the concepts of addition or multiplication become available, 

thesee are incorporated in the decision process (Step 3b), thereby replacing the guess 

productionn rules. In Figure 3.4, the multiplication method (<>W,<>D:A(m)) is 

usedd from about problem 1400 onward. As a side effect, it is only after the mul-

tiplicationtiplication rule has become available, that the < > W - >D production rule wins the 

utilit yy competition over <>W:A(W). This is visible in Figure 3.4 by comparing the 

utilitiess of <>W:A(W) and < > W - > D. During Phase III , their utilities are relatively 

equal,, only after the transition to Rule IV, the utility of < > W - >D increases sharply. 

AA similar effect is visible for - >W (label: ->W'). As this production rule is never 

involvedd in anv incorrect answer in Phase IV, its utility increases consistently How-

ever,, because of the relative large number of incorrect answers - >W was involved in 

previously,, its utility increases more gradually. 

Ass can be seen in Table 3.2, the Addition Rule gives a correct answer to most balance 

scalee problems. Therefore, its utility will not decrease below the utility level of the 

interpretivee production rules. Only if the model is presented a sequence of items 

thatt are answered incorrectly using the Addition Rule, the utility of this production 

rulee drops below the utility7 of the interpretive production rules. Only in this situa-

tion,, the model can progress to Rule IV. This is consistent with the infrequency of a 

spontaneouss improvement from the Addition Rule to Rule IV. 

Notee that even when the multiplication method is available, problems that can be 

solvedd with simpler comparisons of values will still be solved by searching for differ-

ences.. This is due to the high utility of the associated production rules. Therefore, 

thee interpretive production rules cannot interfere because the interpretive production 

rule'ss utility is too low compared to the utility of the comparison production rules. 

Althoughh a different explanation of the sparse use of the multiplication method could 

referr to the relative high cost of multiplication, this model does not depend on this 

assumption. . 

S I M U L A T I O NN II : T R A N S I T I O NS W I T H O UT F L L D B A C K A N D T H E T O R Q UH D I F -

FERR UNCI; E F F E CT 

Ass was shown by Jansen and Van der Maas (in press), transitions from Rule I to 

Rulee II may also take place without feedback. They describe three different types of 

transitionn patterns (see Figure 3.2). The Maxwell convention pattern obtains when 
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thee improvement to Rule II occurs at the same distance difference as the regression 

too Rule I. The delay convention pattern obtains when the improvement to Rule II 

occurss at a higher distance difference than the regression to Rule I. Finally, the sudden 

jumpp pattern obtains when after the progress to Rule II , the child never regresses to 

Rulee I. In the present section, we will illustrate how transitions without feedback as 

welll  as the observed transition patterns can be explained by the model. 

Wee presented the model with the same sequence of problems as in the experiments 

off  Jansen and Van der Maas. Like Jansen and Van der Maas, we provided no feedback 

aboutt the correctness of the given answers. Without feedback, the utilities of produc-

tionn rules do not change. As the activation of chunks is based solely on the number 

off  retrievals, irrespective of the success or failure of the retrieving production rules, 

thee activations are updated. Therefore, the only source of changes during the presen-

tationss of problems without feedback is the activation of declarative knowledge. 

Thee manipulated variable in the experiments of Jansen and Van der Maas is the dif-

ferencee in distances from the fulcrum between the left and right sides of the balance 

scale.. A number of consecutive balance problems with equal weight configurations, 

butt with different distance configurations, were presented to children. In the first 

halff  of the problems, the difference in distance between left and right was increased 

byy one distance unit per problem. In the second half, the distance was decreased by 

onee distance unit per problem. We assumed that this step-by-step increase in differ-

encee would increase the perceptual saliency of that property. This additional saliencv 

cann be represented in the ACT-R model as an increased activation of the distance 

property.. To achieve this, the activation formula (Activation = B = ln(X"=1f~ )) was 

extendedd to: Activation = B + saliency. The saliency is calculated by simply scal-

ingg the distance difference (saliency = Adistance/c, where c is the scaling constant). 

Notee that the default ACT-R activation formula contains a term reflecting noise. This 

simulationn is run without noise as noise would not provide different results in this 

simulation. . 

Too progress to Rule II , the model has to apply the interpretive production rules 

att least occasionally. As long as the distance property remains below the retrieval 

threshold,, performance is consistent with Rule I. However, the saliency associated 

withh extreme distance differences can increase the activation of the distance property 

too a level above the retrieval threshold. If the distance becomes sufficientiy activated, 
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thee distance property is retrieved and the distance values are used in determining a 

solution.. If this happens before the maximum distance difference is reached, the 

nextt problem is also solved using the distance property, as the previous presenta-

tionn increased the base level of the distance chunk's activation (B) and the increased 

distancee difference also increased the activation. When the maximum difference is 

reached,, the next presented problem has a decreased distance difference and there-

foree a lower additional saliency activation. What happens at this point depends on 

thee interplay between increase in base level activation and the decrease in saliency 

activation.. If the base level was increased more than the decrease in saliency activa-

tion,tion, the model is still able to retrieve the distance property. This results in continued 

Rulee II based behavior. However, if the increase in B is smaller than the current 

decreasee in saliency activation, the model is not able to retrieve the distance property, 

andd therefore regresses to Rule I. 

Maxwel ll  Conventio n Delayy Conventio n Sudde nn Jum p 

Distancee Difference Distancee Difference 

Categorizedd Model Benavior 
Hetrievall Threshold 
 Total Activation 
Baselevell Activation 
Additionall Saliency Activation 

Distancee Difference 

FigureFigure 5.6. Simulation of no-feedback transition patterns. 

Thee results of the simulation are presented in Figure 3.6. The solid lines represent 

thee activation of the distance chunk. When the total activation of this chunk is above 

thee threshold which is depicted by the horizontal dotted line at Y=0, performance is 

inn accordance with Rule II . The performance, given the current activation, is shown 

ass small circles, either at the bottom of the graph (denoting Rule I use), or at the top 

off  the graph (denoting Rule II use). 

I ff  during Rule II use the increase in the base level is small compared to the dif-
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ferencess in saliency activation, the regression to Rule I behavior takes place at the 

samee distance difference as the change to Rule II behavior. The phenomenon that 

thee change takes place at the same point is referenced to as the Maxwell convention 

(seee Figure 3.6a). If the increase in the base level is large, the activation without the 

saliencyy component might be large enough to ensure the activation is above the re-

trievall  threshold (the sudden jump pattern, Figure 3.6c). If the base level activation is 

raisedd slightly, but not sufficiently to be retrieved in the absence of additional saliency 

activation,, the delay convention pattern appears (Figure 3.6b). These differences in 

activationn effects can be explained by, for example, differences in original base-levels 

orr by differences in levels of elaboration of declarative chunks. 

Althoughh these explanations of the transition patterns are formulated in terms of the 

activationn of the distance property, the composition process can also explain the sud-

denn jump pattern. During the increased activation period, the composition process 

startss to construct new production rules. If the composition process is complete, the 

resultingg production rules are completely specialized. That is, all retrievals (except for 

thee encoding of the actual values of weights and distances) are removed from these 

productionn rules. Because the explicit search for the distance property is removed 

fromm the production rules, the activation of the distance property chunk does not 

determinee the behavior of the model. Thus giving rise to a sudden jump. 

Thee saliency of the distance property, modeled as an additional activation of the 

correspondingg chunk, also explains the torque difference effect. As torque difference 

iss highly correlated with distance difference, items with large torque differences will 

onn average cause an increased activation for the distance chunk. This increases the 

probabilityy that distance will be included when the declarative actions initiate a new 

searchh for a difference. However, this will only apply if the utility of the interpretive 

productionn rules and the utility of the rules that currently solve the problem are 

similar.. In other words, the torque difference only influences the model's behavior 

inn the instable period just before transitions. This more restricted torque difference 

effectt is in accordance with the reanalysis of the torque difference effect (Jansen & 

Vann der Maas, 1997). 

Inn this second set of simulations, the explanation of developmental phenomena is 

basedd on the influence of the additional saliency based activation. In the first set 

off  simulations, saliency activation was disabled. However, no qualitative change in 
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modell  performance would occur if saliency was added to the model used in the first 

sett of simulations. The effect would be limited to minor modifications in the timing 

off  Rule transitions. As this would complicate matters unnecessarily, we decided not 

too incorporate the notion of saliency in the first set of simulations. 

D ISCUSSION N 

Inn this paper we presented a model of balance scale behavior that is based on three 

components:: architectural and task-independent mechanisms, task-specific concepts, 

andd constraints related to cognitive capacity. Earlier, we discussed the merits of 

previouss models of balance scale behavior in terms of four empirical criteria. We 

noww turn to a discussion of the new model in terms of the empirical criteria and 

subsequendyy we outline the relation between our model and the previous models. 

E M P I R I C ALL C R I T E R IA 

ECl:: Rule-like Behavior The first empirical criterion is the presence of Rules (i.e., 

stablee performance) and transitions between these Rules. As demonstrated in Simu-

lationn 1, the ACT-R model shows stable performance when the composition process 

hass constructed a fixed set of production rules to solve balance scale problems. As 

longg as the utilitv of the production rules is higher than that of the interpretive pro-

ductionn rules, no new production rules are constructed. But even if the interpretive 

productionn rules are applied, no new rules can be constructed in the absence of new 

knowledgee for the construction of better rules. In both situations, behavior is stable. 

However,, as soon as the utility of the composed production rules drops below the 

utilit yy of the interpretive production rules and sufficient knowledge is available, new 

productionn rules are composed. This changes the way in which the model responds. 

Att this point several rules have comparable utilities: the old production rules, the 

interpretivee production rules, and the newly composed production rules. This makes 

behaviorr at this point highly dependent on factors like noise, the distribution and 

tvpee of presented balance scale problems, and the visual saliency of task dimensions. 

Inn short, the Rule-like behavior is explained bv architectural mechanisms: The stable 

periodss associated with Rule-like behavior are explained by the stabilizing effects of 

thee adjustments of the utility and activation of available knowledge as specified by 

ACT-R.. Whereas the transitions to new Rules depend on the ACT-R mechanisms to 
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constructt new production rules. With different task-specific knowledge, the frame-

workk of the model can be applied to different reasoning tasks that are associated with 

Rule-likee behavior. 

EC2:: Rule Sets A model of balance scale behavior should reproduce the four dis-

tinctt Rules as originally presented by Siegler (1976), and the later identified Addition 

Rulee (e.g., Normandeau et al., 1989). As discussed earlier, our model reproduces the 

Ruless identified by Siegler and is also able to perform according to the Addition Rule. 

Thee Addition Rule is not easily replaced by Rule IV because the Addition Rule results 

inn the correct responses to most items. The model progresses to Rule IV only if it 

iss presented with a carefully selected set of balance scale problems that are answered 

incorrectlyy with the Addition Rule. This is consistent with the observation that very 

feww children progress to Rule IV spontaneously. 

Thee order of transitions matches the empirical observed sequence. This is based 

onn constraining the availability of task-specific concepts and the assumption of pro-

cessingg limitations related to cognitive capacity. For example, only when the weight 

conceptt is available, is the model able to progress from pre-Rule I to Rule I; only 

whenn the concept of multiplication becomes available, can the model progress to 

Rulee IV, etc. With respect to the cognitive capacity, as long as the available capacity 

constrainss the model to the use of a single property (i.e., either weight or distance), 

thee model cannot proceed to Rule III . 

Ass discussed earlier, the assumptions with respect to the initial unavailability of task-

specificc concepts and the capacity constraints are in line with empirical evidence. 

EC3:: Transition Patterns without Feedback Transitions from Rule I to Rule II can oc-

curr when children are presented with a sequence of distance problems with increas-

ingg distance differences, even in the absence of any feedback about the correctness 

off  their responses. As we have shown in Simulation 2, the ACT-R model explains 

thiss phenomenon by incorporating visual saliency in the activation of chunks. The 

largerr the difference between the values of a property for the left and right side of 

thee balance scale, the larger the additional activation of the chunk that represents 

thatt property When the distance difference is decreased again, the activation of a 

chunkk might drop below the retrieval threshold, making that property unavailable to 
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thee answering process. Given individual differences in both activation updating and 

productionn rule composition, the three types of transition patterns emerge (i.e., the 

Maxwelll  convention, the delay pattern, and the sudden jump pattern). 

However,, feedback still plays an important role in the presented model. That is, 

onlyy by the feedback-driven updating of the production rules utilities, the model can 

developp to a situation in which a transition without feedback can take place. Although 

feedbackk is not necessary for the actual transitions, a model would not progress from 

thee beginning of a phase to the end of that phase without feedback. 

EC4:: Torque Difference Effect for Large Torque Differences As the transition patterns 

aree directly related to the distance difference and therefore to the torque difference, 

ourr model shows torque difference effects. However, our model does predict that 

thee torque difference effect will not be strong enough to give rise to an improvement 

att all times. That is, the torque difference effect can only influence the behavior of 

thee model in the vicinity- of transitions. 

Summarizing,, we have presented a model that passes the four empirical phenom-

enaa associated with balance scale learning. In the construction and description of 

thee model, care was taken to clearly state all necessary assumptions and to have all 

assumptionss supported by empirical evidence. 

C O M P A R I S O NSS A N D P R E D I C T I O NS 

Thee successful reproduction of the empirical phenomena by the presented model 

wass partly realized with features that were also used in previous models. Like the 

symbolicc models, behavior in the ACT-R model is based on the application of pro-

ductionn rules, which results in rule-like behavior. As in the previous models, new 

productionn rules are learned by extending the already present knowledge. However, 

insteadd of containing a few complex production rules (like the complete trees pre-

sentedd in Figure 3.1), our model consists of a larger number of smaller production 

rules.. Each of these production rules performs only a small part of the complete an-

sweringg process. Therefore, newly constructed production rules can simply replace 

olderr production rules instead of requiring a complex mechanism to modify existing 

productionn rules. 
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Ass in the neural net models of balance scale behavior, quantitative information plavs 

ann important role in the ACT-R model (i.e., utility and activation). The dynamics of 

thesee quantitative variables are important for the description of the empirical phe-

nomena. . 

Thee combination of features from ACT-R and the symbolic and neural net type of 

modelss provides the basis for a number of achievements specific for this model: (1) 

Thee model produces the relatively abrupt transitions, which are problematic in the 

non-symbolicc models. (2) It explains transitions without feedback and the related 

transitionn patterns, which cannot be explained from the learning methods used in 

thee previous models. (3) The model demonstrates that, given a non-biased train-

ingg set, Rule IV wall not easily be learned because of the high success-rate of the 

Additionn Rule. (4) The presented model is able to explain both phenomena related 

too long-term development and phenomena which are only observable during short 

time-spanss (c.f., Anderson, 2002). (5) The model makes explicit that the notion of 

"searchh for differences" combined with a gradual increase in capacity and knowledge 

iss sufficient to explain development on the balance scale task. 

However,, the most distinct feature of our model is the parsimony of its main as-

sumption:: Children who are solving balance scale problems are explicitly looking for 

differencess between the left and right side of the balance scale. 

Thee model also makes novel predictions about behavior on the balance scale task: 

Duringg pre-Rule II I behavior, the model is not sensitive to (multiplication) instruc-

tionn on the balance scale task. Only when the model's behavior is in accordance with 

Rulee III , the model is able to benefit from multiplication instruction. Similar rea-

soningg holds during other Phases, for example, the model predicts that instruction 

emphasizingg the importance of distance during stable Rule I usage does not have an 

effectt on behavior. 

Thee model predicts an important role for visual saliency, especially during transitions. 

Ann example of which is the explanation of the Torque Difference Effect as this 

effectss are explained on the basis of visual saliency. Because effects of visual saliency 

cann only influence the behavior of the model during the less stable periods around 
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transitions,, the model predicts that the Torque Difference Effect is limited to these 

periods. . 

Althoughh not discussed in this paper, the model can also be used to predict reaction 

timee patterns. As ACT-R specifies the amount of time necessary for the steps in the 

answeringg process, reaction time patterns can be easily derived from the model. For 

example,, during and just after transitions, the model predicts increased reaction times 

ass the model is still in the process of constructing the optimal set of production rules 

forr the new phase. During the process of constructing this optimal set, additional 

productionn rules are used, causing an increase in reaction times. Moreover, previous 

workk on arithmetic skills (e.g., Lebiere & Anderson, 1998) might be incorporated 

intoo the model to use analyses of reaction times to shed light on what strategies are 

usedd during the unstable Phase III . 




