Predicting Perceptual Chunks with a Computational Model ofProblem Solving with DiagramsPETER C. R. LANE, FERNAND GOBET AND PETER C—H. CHENGESRC Centre for Research in Development, Instruction and TrainingSchool of Psychology, University of NottinghamUniversity Park, Nottingham NG7 2RDUnited Kingdomemail: {pcl,frg,pcc}@psychology.nottingham.ac.ukESRC Centre for Research in Development, Instruction and TrainingMarch 2000Technical Report No. 67AbstractThis paper describes CHREST+, a computational model which learns perceptual chunks tosolve problems using a diagrammatic representation. Perceptual chunks are pieces of familiarinformation, as retrieved by a sensory device. In earlier work on chess expertise, a successfulcomputational model, CHREST, has been developed of how such chunks can be acquired andstored in a discrimination network. CHREST+ is an extended version which learnsassociations between chunks for problem and solution states to create a knowledge base ofinformation for problem solving. We compare the use of chunks by the model and humansubjects in a problem-solving domain where unknown quantities are computed from electriccircuits using a diagrammatic representation. We also discuss how the learning mechanisms ofCHREST+ differ from those of ACT-R and Soar.Email: {pcl,frg,pcl}@psychology.nottingham.ac.ukPhone 0115 9515302, Fax 0115 9515324

Peter Lane, Fernand Gobet, and Peter ChengPredicting Perceptual Chunks— 1 —1 INTRODUCTIONThe use by humans of perceptual chunks is a central idea in the literature on skill acquisition(e.g. Simon, 1981). However, computational models of problem solving have not alwaysmade such a representation central to their learning mechanisms. Hence the role of purechunking in problem solving has not been sufficiently investigated to determine where morecomplex knowledge is required. In addition, theories of efficient representations (e.g. Larkin &Simon, 1987) suggest that concrete visual information is preferentially used by humans overthe abstract, making a model which learns and uses such information of interest to developersof such representations. The aim of this paper is to show that perceptual chunks can be learnt ina computational model and used to support problem-solving behaviour with a diagrammaticrepresentation, and to compare the model with the performance of human subjects.This paper proceeds as follows: In the first section we define CHREST+, and describe itsmechanisms for retrieving and storing perceptual chunks. The second section contains adescription of a problem-solving domain, where subjects and the model use a diagrammaticrepresentation to compute unknown quantities in electric circuits. Data from an experimentalstudy is used to support the theory that humans learn perceptual chunks. The section alsocompares the performance of CHREST+ with that of the subjects. The third section comparesthe learning mechanisms of CHREST+ with those of ACT-R and Soar.2 CHREST+ : LEARNING PERCEPTUAL CHUNKS FOR PROBLEMSOLVINGCHREST+ is an extended version of CHREST, originally derived from the EPAM(Elementary Perceiver and Memorizer) model of Feigenbaum and Simon (1984). CHREST(Chunk Hierarchy and REtrieval STructure) contains two important extensions to thediscrimination network learning mechanisms from the earlier EPAM model: first, CHREST canassociate information between different nodes using lateral links (Gobet, 1996) and second,information from several nodes may be grouped into a larger structure known as a template(Gobet & Simon, in press). This model has proven highly successful in matching the recallperformance of human chess players using both game and random positions (Gobet & Simon,in press). Further applications of CHREST include learning to play chess (Gobet & Jansen,1994), the balance-beam task (Gobet, 1999) and linguistic phenomena (Croker, Pine &Gobet, 2000; Gobet & Pine, 1997; Jones, Gobet & Pine, 2000).The CHREST+ model further adds an output device (pencil) and specific links (equivalencelinks) in the discrimination network to encode information about which chunks are �solutions�to which other chunks. The model is illustrated in Figure 1, and described as follows: first,how patterns are acquired; second, how patterns are stored within the discrimination network

Peter Lane, Fernand Gobet, and Peter ChengPredicting Perceptual Chunks— 2 —and so become familiar chunks; third, how chunks are combined within STM to form largerchunks; fourth, how the model uses stored information to help it solve problems.2.1 Acquiring patterns from the environmentPerceptual chunks are pieces of familiar information retrieved by a sensory device; although avariety of patterns may be retrieved, the term �chunk� refers to any unit of information that hasbeen familiarised and has become meaningful (Richman, Gobet, Staszewski & Simon, 1996).Examples of chunks include: collections of letters retrieved whilst reading, collections of pieceson a chess board, and groups of components in an electric circuit. The CHREST model isbased on the visual acquisition of chunks, as in chess expertise (Gobet & Simon, in press),and we employ the same mechanisms for retrieving and combining perceptual chunks inCHREST+.Initially, patterns are input to the model via a simulated eye, which obtains information from arestricted field of view. The simulated eye has two essential procedures: first, a default strategyfor eye movement, e.g. from top to bottom, or following salient features such as lines; andsecond, a means for representing what is being seen, i.e. the features used to describe thepattern. ...

...Discrimination networkExternal scene

HypothesisShort-term memory (STM)

Figure 1: The CHREST+ model

Peter Lane, Fernand Gobet, and Peter ChengPredicting Perceptual Chunks— 3 —In order for the model to work effectively, the eye-movement strategy and representations usedmust be appropriate to the domain under investigation. However, certain fundamentalprinciples can be used to design a good representation before testing the model. Theseprinciples require the patterns retrieved from the environment to be generalisable and representa meaningful decomposition of the domain. In the chess domain, this level is naturally that ofindividual pieces, in the electric circuit domain described below, this level is that ofinterconnected resistors. Patterns acquire the status of perceptual chunks once they have beenlearnt in the discrimination network, a process described next.2.2 Storing patterns in the discrimination networkCHREST+ uses a hierarchical retrieval structure, known as a discrimination network, as itslong-term memory. Information learnt by the system is stored in nodes which areinterconnected with test links; this stored information, the node images, are the chunks learntby the system. Learning a pattern begins by sorting it through the network, beginning from theroot node. Sorting proceeds by following test links; each test link can only be traversed if theitem of information on the link is a part of the current pattern. When no further test links can befollowed, the image at the node reached is returned as the chunk retrieved by that pattern. Thepattern is then compared with the image: If the pattern matches the image, then familiarisationoccurs, in which the image is augmented with information from the pattern. If the patternmismatches the image, then discrimination occurs, in which a new node and new test link areadded to the node reached; the new node will have an empty image. The part of the patternwhich mismatches the image is sorted through the discrimination network, beginning from theroot node, and the image of the node reached is used as the test for the new test link; thus, thetests in the network are themselves chunks, and so reflect the amount of information in thenetwork.One further learning mechanism is the ability to form equivalence links. These links are formedbased on conditions in the STM, and are described in the next section.2.3 Combining chunks in STMThe Short-Term Memory (STM) acts as a store for perceptual chunks which the model iscurrently processing. Patterns perceived by the eye are initially passed to the discriminationnetwork for sorting and learning. As each pattern is sorted through the network, the image atthe node reached is retrieved and entered into STM; this is the perceptual chunk identified bythe system in the current eye fixation. However, the eye has a restricted field of view fromwhich to retrieve information, and most domains require larger pieces of information to bemanipulated. The formation of the larger units is the primary function of STM, which isessentially a queue of chunks. Various lengths of STM can be used, but in the experiments inthis paper the length is set to 4. One of the chunks in STM is identified as the hypothesis

Peter Lane, Fernand Gobet, and Peter ChengPredicting Perceptual Chunks— 4 —chunk: this chunk gathers together information across several eye fixations, thus representingthe largest chunk currently observed.Information is accumulated in the hypothesis as follows. Initially, STM is empty. On the firsteye fixation, the chunk retrieved from the discrimination network based on the observed patternis placed in the hypothesis slot. On the second eye fixation, the retrieved chunk is first placedinto the STM queue. This chunk is then combined with the hypothesis chunk, the combinedchunk is placed in the hypothesis and passed to the discrimination network for learning, as if itwere a directly observed pattern. The old hypothesis will then enter the STM queue.STM has a further role for managing how information for problem solving is learnt. Thesystem will naturally encounter information about problem states and solution states. In theexample domain below, each of these states is a diagrammatic representation, and duringtraining the model is shown a diagram for the problem and a diagram for its solution. WhenSTM contains separate chunks for a problem and a solution diagram, then an associationbetween these two chunks is created in the discrimination network, known as an equivalencelink. The next section describes how these links are used for problem solving.2.4 Problem solving with CHREST+The eye�s limited field of view necessarily means that the chunks learnt by CHREST+ will bevariously sized sub-elements of the perceived object. The learning mechanisms for forming thediscrimination network tend to place these chunks into a hierarchy, with smaller chunks nearthe root of the network, and larger chunks further away, where more test links must betraversed to reach them. Problem solving with CHREST+ begins by decomposing the probleminto chunks, and creating a solution for each chunk independently (this possibility is animportant requirement for the generalisation of information learnt by CHREST+).Recognising a chunk in the given problem may require more than one eye fixation beforeattempting to construct a solution for it. Hence the model, after each eye fixation, considers thenew chunk formed from combining the eye fixation with the previous hypothesis (i.e. thecurrent largest chunk so far recognised). The combined pattern is searched for in thediscrimination network: if this combined pattern is not the image of some node in the network,then it is unfamiliar to the system. The model then constructs the partial solution using theprevious hypothesis, which was a recognised chunk. After which the model proceeds with thechunk from the current eye fixation as the new hypothesis from which to look for a furtherrecognisable chunk.Chunks are used for constructing steps in the solution. This is done directly if they are linkedto a second chunk by an equivalence link; this second chunk is used to provide the set of stepsto include in the solution. If not, the hierarchy of the network is utilised to retrieve a solutionfor a subset of the chunk, by looking at its parent chunks in the network to see if they have

Peter Lane, Fernand Gobet, and Peter ChengPredicting Perceptual Chunks— 5 —equivalence links. In this manner, the model attempts to solve a given problem based on itsdecomposition into perceptual chunks. The actual steps taken by the model in solving eachchunk depends on the domain; we describe one example in the next section.3 COMPUTING UNKNOWN QUANTITIES IN ELECTRIC CIRCUITSIn order to evaluate the effectiveness of a problem-solving model which learns perceptualchunks, it must be tested in a domain where such chunks are the key to successful learning.We have chosen the task of computing unknown quantities in electric circuits using thediagrammatic representation known as AVOW (Amps Volts Ohms Watts) diagrams, whichrepresent electric circuits and the domain laws of electricity in terms of diagrams andconstraints in their composition. AVOW diagrams are described in Cheng (1999), and Figure 2provides an overview. Essentially, each resistor in an electric circuit is represented as a separateAVOW box; the dimensions of the box are scaled to represent the indicated quantities.Composition of individual boxes is used to represent a circuit of several resistors; the rules forcomposition preserve the underlying physical laws of electric circuits. In working with thisrepresentation, subjects and the model must first produce a scaled AVOW diagram using thedimensions for the provided quantities; the constraints in the diagram ensure all the rules ofelectricity are followed, and so the subject can �read off� the value of any unknown quantitysimply by measuring the appropriate dimension. This section contains an overview of theresults from one experiment on human subjects, investigating their use of perceptual chunks;more detailed analyses may be found in Cheng (1998; 1999a) and Lane, Cheng and Gobet(submitted). Understanding how humans learn using these kinds of representations is animportant element in the design of effective educational material (Cheng, 1999b).Figure 2: Overview of AVOW diagrams

A BAB BAAB rVVIr(a) AVOW box(b) Series Resistors(c) Parallel ResistorsI

Peter Lane, Fernand Gobet, and Peter ChengPredicting Perceptual Chunks— 6 —3.1 Human subjectsSix subjects1 were asked to construct AVOW diagrams using an electronic sketchpad; thecomputer retains records of each drawing and measuring action, and various timings. After aninitial 15 minutes� training session in using the electronic sketchpad, subjects were presentedwith a graded sequence of problems, working up to relatively complex circuits containing up totwelve resistors. After each circuit was attempted, the correct AVOW diagram and solutionwere shown to the subjects. Our interest here is whether, for the complex circuits, subjectsshowed any evidence of �chunking�. To test for this, we analysed the timing and sequences ofdrawing operations on the complex circuit shown in Figure 3(a), with its solution inFigure˚3(b). Figure 4 contains graphs for three of the subjects. The graphs plot the reflectiontimes for each action in the subjects� solution of the test problem: reflection time is the timebetween the end of one action and the start of the next. As the graphs show, the subjectsproduce their solutions in stages, with peaks in the reflection times followed by a succession ofmore rapid actions. The stages completed by the six subjects show a roughly similar pattern,

1 The authors would like to thank Lucy Copeland for conducting this study.Figure 3 : The test circuit, its solution and the predicted chunks from CHREST+

ABHCDEFGI(b) Target AVOW diagram(a) Test circuitABCDEFGHI

Chunk 1 Chunk 2 Chunk 3 Chunk 4(c) Illustrated are the chunks used by CHREST+ in solving the test circuit (for clarity, labelsand diagonals are not shown).

Peter Lane, Fernand Gobet, and Peter ChengPredicting Perceptual Chunks— 7 —with similar parts of the circuit being completed within each stage. We interpret these results assupporting the role of perceptual chunks in problem solving.3.2 CHREST+To apply CHREST+ to this domain, two sets of representations and two sets of mechanismsare required. The two mechanisms are for: input, converting what is seen into an internalrepresentation; and output, converting an internal representation into an external one. Twoinput representations are required: one for the circuit diagrams based on the input mechanism,and one for the AVOW diagrams, based on the input and output mechanisms.2 Based onobservations of human subjects, and the principles described earlier for representing perceptualchunks, the internal representations for circuit and AVOW diagrams captures their topologicalform only; circuits are represented as interconnected resistors and AVOW diagrams as alignedboxes. The output mechanism for drawing an AVOW diagram must incorporate the quantitativeinformation of the appropriate line length, and thus, for each unconstrained line, the systemattempts to locate the required quantity from the circuit diagram or, if this is not present, simplydraws a line of arbitrary length.We tested CHREST+ on the same sequence of problems as in the study on humans; for eachproblem, CHREST+ was required to produce an AVOW diagram, and was then given thecorrect diagram for training. As CHREST+ retrieves perceptual chunks from its network, themodel reports back during solution which chunks it had identified and was using. Also, asintended drawing operations become constrained during solution, they are output by the modelin rapid succession; these two forms of feedback enable us to compare the chunkingperformance of the model with that of the subjects. The chunks retrieved by the model areshown in Figure 3(c); the correspondence of the chunks with those of the human subjects isshown by the numbering in Figure 4. The total amount of information learnt during the abovetest may be estimated from the size of discrimination network: 72 chunks were learnt (42 circuitand 30 AVOW), with 11 equivalence links.4 DISCUSSION OF LEARNING MECHANISMSThe previous sections have described CHREST+, a computational model which learnsperceptual chunks to solve problems using a diagrammatic representation. AlthoughCHREST+ is currently restricted in the kinds of problem it can tackle, it is worth making abrief comparison of its learning mechanisms with those in the more established models ofACT-R (Anderson & Lebiere, 1998) and Soar (Laird, Rosenbloom & Newell, 1986). Table 1

2 The model only computes AVOW diagrams from circuits; the reverse task would require an additional outputmechanism for drawing circuits.

Peter Lane, Fernand Gobet, and Peter ChengPredicting Perceptual Chunks— 8 —contains a summary of the types of knowledge and some aspects of the learning mechanisms inthese three models.CHREST+ACT-RSoarDeclarative KnowledgeYesYesNoProcedural KnowledgeNoYesYesWhen Does LearningOccur?Continuous learningNew rules through newexperience; tuningstatistics continuouslyChunking of solution toan impasseForm for LearntKnowledgeA hierarchy ofperceptual chunksProduction-rules groupedby problem space.Production-rules groupedby problem space.Retrieval of KnowledgeSerial match and serialuse of chunksParallel match but serialfire of rulesParallel match andparallel fire of rulesInteraction of StoredKnowledgeSeriality imposed byhierarchyStatistics are used forconflict resolutionbetween matching rulesOperators suggested byrules are �voted for� byother rulesGeneralisationPresence of similar (orancestor) chunksVariabilisation and useof dependenciesVariabilisation only ofrelevant featuresTable 1 : Summary of three cognitive architectures: CHREST+, ACT-R and Soar.CHREST+ currently only uses declarative knowledge, although production-rule-typeprocedural knowledge may be included in the same framework (Gobet, 1996). Of greaterinterest is how the hierarchical arrangement of information in CHREST+ differs from theessentially unstructured set of production rules, within each problem space, used by ACT-Rand Soar. This difference means that, instead of the parallel match of all rules required byACT-R and Soar, CHREST+ can use serial procedures for knowledge retrieval and use,although several chunks can be considered simultaneously in STM. This emphasis on serialityin CHREST+ is derived from EPAM and its presence in Simon�s ideas on cognition in general(e.g. Simon, 1981). Further, because CHREST+ only retrieves a single chunk, all theinteractions between chunks are taken care of by the discrimination network. In comparison,ACT-R uses a set of statistics learnt for each rule to drive a conflict-resolution strategy,whereas Soar allows all rules to �fire� and suggest possible operators, which are then �votedfor� by further rules. This simplicity allows CHREST+ to adopt a rapid and continuousprocess of learning. Due to the added cost of computing interactions between rules or operatorsin ACT-R and Soar, these models learn new rules in response to well specified situationsduring the problem solving process; CHREST+ learns in response to the direct input patternswith the structure of connections within its network determining its knowledge for problemsolving. Finally, the generalisation of information learnt by CHREST+ is based on the qualityof the perceptual decomposition; that in ACT-R and Soar relies additionally on the power ofvariabilisation and specific mechanisms for selecting the relevant conditions from which tocreate a production.However, the most important distinction between CHREST+ and both ACT-R and Soar is notso much the lack of production-rules, but instead that training instances are not substantiallyprocessed; the only processing that occurs is a decomposition of each instance into a number of

Peter Lane, Fernand Gobet, and Peter ChengPredicting Perceptual Chunks— 9 —perceptual chunks, an approach similar to lazy learning (e.g. Aha, 1997). The value of thisdecomposition in rapid recall and the recognition of instances from a human�s domain ofexpertise has been demonstrated in the non-problem-solving version of CHREST (Gobet &Simon, in press). Our extension of this mechanism to actual problem solving offers anexplanation of how experts can rapidly solve problems from their domain of expertise, and alsooffers a solution to the knowledge proliferation problem which does not involve parallelism(Lane, Cheng & Gobet, 1999).REFERENCESAha, D. W. (Ed.) (1997). AI Review Issue on Lazy Learning, 11:1-5.Anderson, J. R., & Lebiere, C. (1998). The atomic components of thought (Lawrence Erlbaum).Cheng, P. C-H. (1998). A framework for scientific reasoning with law encoding diagrams: Analysing protocolsto assess its utility. In M. A. Gernsbacher & S. J. Derry (Eds.) Proceedings of the Twentieth AnnualConference of the Cognitive Science Society (pp. 232-235). Mahwah, NJ: Erlbaum.Cheng, P. C-H. (1999a). Electrifying representations for learning: An evaluation of AVOW diagrams forelectricity. (ESRC CREDIT Technical Report No. 62, University of Nottingham).Cheng, P. C-H. (199b). Unlocking conceptual learning in mathematics and science with effectiverepresentational systems. Computers and Education, 33, 109-130.Croker, S., Pine, J. M., & Gobet, F. (2000). Modelling optional infinitive phenomena: A computationalaccount of tense optionality in children�s speech. In Proceedings of the Third International Conference onCognitive Modelling.Feigenbaum, E. A., & Simon, H. A. (1984). EPAM-like models of recognition and learning. CognitiveScience, 8, 305-336.Gobet, F. (1996). Discrimination nets, production systems and semantic networks: Elements of a unifiedframework. Proceedings of the Second International Conference of the Learning Sciences (pp. 398-403).Evanston, III: Northwestern University.Gobet, F. (1999). Simulations of stagewise development with a symbolic architecture. In J. P. Dauwalder & W.Tschacher (Eds.), Dynamics, synergetics, and autonomous agents. Singapore: World Scientific.Gobet, F. & Jansen, P. (1994). Towards a chess program based on a model of human memory. In H. J. van denHerik, I. S. Herschberg, & J. W. Uiterwijk (Eds.) Advances in computer chess 7. Maastricht: University ofLimburg Press.Gobet, F., & Pine, J. (1997). Modeling the acquisition of syntactic categories. Proceedings of the NineteenthAnnual Conference of the Cognitive Science Society (pp. 265-270). Hillsdale, NJ: Erlbaum.Gobet, F. & Simon, H. A. (in press). Five seconds or sixty? Presentation time in expert memory. CognitiveScience.Jones, G., Gobet, F., & Pine, J. M. (2000). Learning novel sound patterns. Proceedings of the ThirdInternational Conference on Cognitive Modelling, Groningen.Laird, J. E., Rosenbloom, P. S., and Newell, A., (1986). Chunking in SOAR: The anatomy of a generallearning mechanism. Machine Learning, 1, 11-46.Lane, P. C. R., Cheng, P. C-H., and Gobet, F. (1999). Learning perceptual schemas to avoid the utilityproblem. In M.Bramer, A.Macintosh and F.Coenen (Eds.) Research and Development in Intelligent SystemsXVI: Proceedings of ES99, the Nineteenth SGES International Conference on Knowledge Based Systems andApplied Artificial Intelligence, Cambridge, UK, pp.72-82 (Springer).Lane, P. C. R., Cheng, P. C-H., and Gobet, F. (submitted). Predicting perceptual chunks acquired duringlearning: Applying CHREST+ to problem solving with diagrams.Larkin, J. H. & Simon, H. A. (1987). Why a diagram is (sometimes) worth ten thousand words. CognitiveScience, 11, 65-99.Richman, H. B., Gobet, F., Staszewski, J. J., & Simon, H. A. (1996). Perceptual and memory processes in theacquisition of expert performance: The EPAM model. In K. A. Ericsson (Ed.) The road to excellence.Mahwah, NJ: Erlbaum.Simon, H. A. (1981). The sciences of the artificial. Cambridge, MA: MIT Press.

Peter Lane, Fernand Gobet, and Peter ChengPredicting Perceptual Chunks— 10 —

024681 01 21 412345

89 1 0 1 1

Time in seconds

01234561234

567891011121314151617181920 21222324

(a) CP LT LA HP VP VL LT HL LA LA LT HL HL VL VL VL LT HL LA LA LA LA LA LA LA*Bounding boxChunk 4Chunks 2 & 3Chunk 1 & labels

ABHIH I H ICDEFG(c) EFChunk 4(b) SG

024681 01 21 41 61 82 012 345678 9 1 0 1 1 1 2 1 3