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Abstract an artifact of the target’s visual form. We argue that
students do learn these groupings, and that their
How students learn to use diagrammatic representations |earning process is explainable in terms of the
is an important topic in the design of effective perceptual chunking theory. In support of this, we
Irgg:r?;‘;mgﬂ??;w ;%ro dp::g(ljee'r; 0?%‘25%661?%“;02;‘;?“'%' trained the CHREST+ model, which is based on the
this pap,er, we explore the learning process Witl’.\ an p_ercc_eptual chunklng theory, on the Same. sequence of
experiment using AVOW diagrams as a representation circuits as was provided to the human part|c_|pants. We
for solving problems in electric circuits. We find that the ~Show that CHREST+’s predicted decomposition of the
participants decompose each circuit into a similar set of sample problem matches that used by the participants.
groups when solving the problems. The natural question

is whether these groups are an artifact of the visual form Computing Unknowns in Circuits

of the circuit, or indeed the result of prior learning. We .
reu ! y pr ng This paper explores how students learn to use

argue that the decompositions are a result of perceptual . . . .
chunking, and that they are (at least partly) a result of diagrammatic representations for problem solving. As

learning. In support of this, we describe a computational @0 €xample domain, we use the task of computing
model of perceptual learning, CHREST+, and show that uUnknown quantities in electric circuits using AVOW
it predicts the decomposition of problems evident in the (AMps Volts Ohms Watts) diagrams, which represent
participants’ data. circuits and the domain laws of electricity using
diagrams and constraints on their composition. AVOW
Introduction diagrams are described in Cheng (1998), and Figure 1
rprovides an example of how AVOW diagrams are
constructed and used for problem solving. Essentially,
ch resistor in an electric circuit is represented as a
parate AVOW box. The dimensions of the box are

The role of effective representations in supporting o
enhancing the conceptual understanding of a student
an important topic within educational psychologySe
(Cheng, 1999b; Larkin & Simon, 1987). However, Nscaled to represent the quantities within a resistor:

representations, the. manner in which students. leagiUrTent () is the width of the box, votage (V) is the
D P . ; Height of the box, resistance (r) is the gradient of the
with and about different representations is not well

understood. The traditional method of looking forboxS diagonal, and power (P) is the box's area. Note

chunks, through timing information (e Chase &that the relations between the box’s dimensions
Simon ’1973) ?s hard toga v in roblem.-gs.olvin tasksencapsulate rules of electric circuits. Thus, the gradient

» +909), 1S ] APPly In probiel g of the box’s diagonal is its height divided by its width,
as the timing information is associated with the

solution, and not directly linked to the problem WeWhiCh restates Ohm's Law, r=V/l. Similary, the
; ' Yy P : box’s area is its height times its width, which restates
instead use a computational model to match th?h _
; . . e Power Law, P = VI.

solutions produced by students in a typical
diagrammatic reasoning task, and use the model’s learnt
associations between problem and solution states to
argue that students are using learnt perceptual chunks as ™
a guide to problem decomposition.

This paper describes an example diagrammatic
reasoning task, which involves using AVOW diagrams

The battery has a voltage of 12V and
all three of the resistors have a
resistance of 1 ohm. What is the
current drawn from the battery?

Each of the AVOW boxes is a square,

to compute quantities thhm circuit d|agrams.. Based A because each resistor's resistance i
on results from an experimental study, we provide somel2v 1 ohm. The height of the total diagram is
samples of how students tackle a complex problem scaled to represent 12V. Hence, the width
within this domain, and observe that the problem is B “|c of the total diagram represents the
decomposed in a consistent form across the students. current, measured to be 8 amps.

The natural question is whether these groupings ~~
based upon the students’ prior learning, or are mer Figure 1 : A circuit problem and its AVOW diagram.



Composition of individual boxes is used to represent a

circuit of several resistors; the rules for composition (@ Sample circuit (b) Target AVOW diagram

preserve the underlying physical laws of electric A m
circuits. In working with this representation, students 5

must first produce an AVOW diagram scaled according

to the provided quantities, and the constraints in the

diagram ensure that the laws of electricity are followed <|b/|E |
during its composition. The final AVOW diagram will

thus provide information about all other quantities F G
within the circuit, enabling the student to simply

measure the appropriate dimension for any unknown

quantity. Various studies (Cheng, 1998, 1999a) hav®) Chunks predicted by CHRES'I(ﬁhe.successive chunks are
shown that AVOW diagrams provide a more effective shown in bold — for clarity, labels and diagonals are not shown).
representation than algebra for learning concepts about [ ] [ \
electric circuits. An increasingly important element in | I— ——
the design of effective educational material is a better C1 1 [
understanding of how humans learn with these

representations (Cheng, 1999b). The aim of this paper Chunk1 Chunk2  Chunk3 Chunk 4

is to find some indicator in the students’ solutions to

their underlying learning mechanisms. We achieve this Figure 2 : The sample problem and its solution.
by showing that all participants use a similar
decomposition of the circuit problems.

the sequence of actions into a number of stages. Such
. . peaks have also been shown to correlate with
Observing the Problem Decomposition meaningful decompositions in other forms of drawing
A study on the use of AVOW diagrams was performede.g. Cheng, McFadzean & Copeland, 2001). The
with six participants (2 with A level physics, 4 without). figure also illustrates the parts of the AVOW diagram
Each participant received basic instruction in the use afompleted during each stage. These stages represent
AVOW diagrams, and was then asked to construchow the participant decomposed the solution.
appropriate AVOW diagrams for a sequence of electric  From this first look at the graphs, we may conclude
circuits.  Solution diagrams were entered on arthat the participants are using similar decompositions.
electronic sketchpad, which allows diagrams to beThese decompositions must be based on features of the
constructed on screen using a mouse to place elementgget circuit diagram, and the interesting question from
such as lines, rectangles and parallel lines of variouthe perspective of effective representational design
thicknesses, as well as add textual labels. The computevncerns their origin: Are they mere artifacts of the
retains a record of each drawing action with detailedgrouping of elements within the circuit, or are they the
timing information; note, the system provides noresult of prior training? It is difficult to answer this
support for constructing AVOW diagrarpsr se After  question directly without some insight into the
an initial 15 minutes’ training session on AVOW knowledge which each participant brings to the sample
diagrams and in using the electronic sketchpadproblem. In order to tackle this question, the next
participants were presented with a graded sequence egction describes a computational model, CHREST+,
30 problems, ending with complex circuits of up to 12and shows how it can be used to predict the behavioural
resistors. After each circuit was attempted, the correatharacteristics found in the participants’ data.
AVOW diagram was shown to the participants. We

illustrate here how the participants performed on the CHREST+ : Learning Perceptual Chunks

last of the ‘straight-forward’ circuits, illustrated in The perceptual chunking theory for human memory has
Figure 2(a) with its target AVOW diagram in paq 5 jong history within cognitive science, and forms
Figure 2(b). (The remaining four circuits tested for {he theoretical basis of the EPAM/CHREST family of
generalisation to more complex circuit types, such agomputational models (for a review, see Gadel, in
those requiring 3D layouts, and so are not included.) ress). Chase and Simon (1973) first proposed how
Figure 4, at the end of this paper, illustrates in detaiBerceptual chunking could be used in a model of
the progress of three participants on the samplgroblem solving based on EPAM (Elementary
problem. The graphs show the latency between each ®erceiver and Memorizer) (Feigenbaum & Simon,
the drawing actions required to complete the solution1984). The EPAM model assumes an input device (e.g.
Noticeable in these examples, and common to all tha simulated eye), a short-term memory (STM) for
participants, is the presence péaks which separate storing intermediate results, and a long-term memory
based around a discrimination network containing



External scene .
Long-term memory: Recognition

% )> Discrimination network The simulated eye is passed over the target

stimulus, and the retrieved patterns are

sorted through the discrimination network.
Matching chunks are retrieved and placed
within STM.

Learning

New nodes are added to the network through a
process ofliscrimination lllustrated at (a) and
(b), the new pattern has caused an additional fest.

link and node to be create@amiliarisationhas | Nith the
then filled in the node image with features from
the observed patterrfEquivalence linkgthe
dotted lines) are formed when CHREST+ has p
pointer to both a circuit chunk and an AVOW
Pictorial Short-Term Memory (STM) chunk within its STM at the same time. Here,
the model hagust learnt link (c).

Figure 3 : The CHREST+ model. The model includes a simulated eye and pen for interacting with the
external environment, a fixed capacity short-term memory, and a long-term memory.

chunks of information. However, EPAM itself was and AVOW diagram representations do not overlap,
only applied to certain perception and memoryindividual nodes within the network will represent
phenomena, and not more complex problem-solvingither an individual circuit diagram, or an individual
domains, in part because of the simplified form of itsAvOW diagram. In consequence, if CHREST+ is to

learning mechanisms. This limitation is corrected in thyenerate AVOW diagrams when presented with a
CHREST (Chunk Hierarchy and REtrieval STructures)circyit, it must also associate chunks about circuits with

model, which includes various extensions to EPAMchynks about AVOW diagrams. Accordingly,
(Gobet, 1996; Gobet & Simon, 2000). CHREST+ includes an additional learning mechanism
CHREST+ (Lane, Cheng & Gobet, 2000) has been, forming equivalence linksthese are lateral links
developed to investigate how a memory of percepiudigopet, 1996) connecting two chunks within the
chunks can be used in problem solving with diagramsgjscrimination network. An equivalence link is formed

the model is illustrated in Figure 3. Like CHREST, \yhan the model is presented with a circuit diagram and
CHREST+ leamns a discrimination network of jq equivalent AVOW diagram. During the process of

perceptual chunks by scanning circuit and AVOW gcqgnising the two diagrams, separate chunks will be
diagrams with its simulated eye. The network Co”s'Stﬁlaced into STM, one for the circuit diagram and one

of a collection of perceptual chunks, which are stored a{,; ihe AvOw diagram. An equivalence link is then

nodes in a network, interconnected by test linksso ey petween the relevant two nodes in the network.
Patterns are used to retrieve chunks from the networkig re 3 jllustrates this process, with an equivalence
by sorting them, beginning from the root node, through)jnk formed at point (c). As can be seen, particular
the network against the tests stored at the test linkg,ophjems (circuit diagrams) become associated with
Once a pattern reaches a node, learning may occur: jitormation about their solution (equivalent AVOW
the pattern matches the chunk at the node, then mogR, 42 ms). Generating an AVOW diagram for a novel
information can be added from the pattern to the chunkjyc,it diagram then requires the model to locate chunks
(familiarisation); if the pattern mismatches the Ch“”k’(sub-networks) within the circuit diagram for which it
then a new test link is added based on the mismatching,s a1 associated AVOW diagram; the AVOW
features, and a new node is created (discrimination}:“agrams for these sub-networks may ,then be drawn
These processes are illustrated in Figure 3: at point (}nq 3 further familiar sub-network located. The process
a test link for a single resistor is used to distinguish th%y which CHREST+ incorporates its retrieved AVOW
collection of three resistors from the two in parallel; thisdiagram into the evolving solution diagram is provided

link is added during discrimination, and the contents Ofby specific, handcoded routines — these are akin to the

the node added during familiarisation. basic training the participants received in AVOW
The process of learning about circuit and AVOWdiagrams.

diagrams is illustrated in Figure 3. Because the circuit



Predicting the Observed Decompositions Table 1 : The number of actions each participant

We trained CHREST+ using the same sequence mgde when completing the sample problem, classified as
circuits as the participants. By the time CHRESTOllows: NP —non-peaks; P —peaks; PC — pre-chunk;
reaches the sample problem, it has learnt B — Start+bounding box; L —labels; E - error; Mi-

discrimination network of 72 chunks, 42 for circuit Missed chunksy — totals.

diagrams and 30 for AVOW diagrams, with 11

equivalence links. When presented with the sample Participant

problem, CHREST+ retrieves four separate chunks cp DJ EF | HA | RH | SG | ¥

whilst constructing its solution; these are illustrated in NP_| 19 17 7 16 8 8 | 75
Figure 2(c). Note that the assumption in CHREST_P S 5 4 7 3 5 | 29
that information is contained in encapsulated chunksPC 3 3 2 3 2 4 | 17
strongly predicts that problems will be decomposed asSB 2 1 1 1 1 6
familiar chunks. Also, because CHREST+'s chunks are L 2 3 5

associated directly with equivalent AVOW diagrams._E 1 1

we can observe the effect of its circuit decomposition |n Mi 1 1 1 2 5

the breakdown of the AVOW diagram’s construction I st th Finally. the third
into stages. We now show how the decompositions cafveral stages are de s;;l]mle. inafly, | € hlr

be affected by learning, how the participants’ dataP@rticipant, EF, used whole rectangles when
provide reliabie decompositions, and how well theconstructing the solution; these rectangles were laid out

participants’ data are matched by the model. in sequential fashion, beginning from the right-hand
side, and then top to bottom. However, from the pauses
Decompositions are Due to Learning evident in the times between drawing actions, we can

The precise number and content of chunks used bSE€ that this sequence of boxes was divided into the
CHRIFE)ST+ is governed by its experience with the ur stages corresponding to individual chunks. The
previously encountered problems. By providing ;er;nﬁ'(;"ﬂﬁj;?;idpﬁggpams show a similar pattern, but
different sets of problems, CHREST+ extracts different '
familiar chunks when decomposing the same Samplﬁ/latchin Observed Decompositions
circuit diagram. For example, presenting the sample 9 . P ]

problem after initial training on a circuit containing We can now d_|rec_tlly compare t_he stage-wise output of
only a single resistor leaves CHREST+ with little the sample circuits AVOW diagram by CHREST+
choice but to decompose the problem into 9 distincY"(')trTe';S ;r?(lj‘étlf]%g bgett\t‘v‘;e%argﬂ%aé‘és_l;+,\éve r?altjj?cnt}g?'/] tgﬁ g
resistors; a more extensive training sequence allo P p

; e R e the participants’ behaviour by counting how many of
CHREST+ to identify just 2 sub-circuits within the X ) ;
sample circuit. With the training sequence usedCHRESTJrS chunk boundaries correspond with- the

L participants’ peaks. For this analysis, a peak is a time
CHREST+ therefpre r.n.ake_s a tWOffOId. prediction: th"?‘tbetween drawing actions prominently larger than the
four qhunk; are |den't|f|e.d in the circuit, and that the'rpreceding and succeeding times: the peaks used are
form is as illustrated in Figure 2(c). highlighted in the figure with asterisks.

e . For example, the graph for CP shows five peaks.
Specifying a Decomposition The first and second peaks correspond to CP beginning
Returning to the graphs of the participants’ drawingthe problem and creating a bounding box for the entire
actions shown in Figure 4, we can consider how theircuit, as illustrated in the diagram before the first
decompositions provided by the peaks in the drawinglividing line. Between the third and fourth peaks, CP
actions compare across participants, and also whetheompletes the part of the diagram which corresponds
they compare with the model’s predicted chunks. with chunk 4 in CHREST+'s output, and hence we

The first participant, CP, in Figure 4(a) has clearlycount the third peak as a pre-chunk boundary.
begun from the right-hand side of the figure, thenSimilarly, between the fourth and fifth peaks, chunks 2
worked out the central triplet of resistors. These stageand 3 are completed in the diagram. Note that there is
are preceded by longer pauses between the drawirtp peak corresponding to a retrieval of thié chunk,
times (marked by asterisks), and their correspondenc@gainst the model's prediction. Finally, after the fifth
to the chunks given by the model is clear: we highlighPeak, CP completed chunk 1 and then added the labels
the stages with vertical divisions, illustrating the current© all the AVOW boxes; the simplicity of this process is
state of the solution at the end of each stage. Similarl{gflécted in the low times between these operations.
with the second participant, SG, who instead begin We therefore explain the five peak_s as follows: the
from the left-hand side; note also that SG require Irst two are for the start and bounding box, and the
considerably more time than CP. Note the differen ext three are pre-chunk boundaries. One_chunk

) . . . oundary seems to have been missed. Table1
order in which the diagram is tackled, although thesummarises; the analysis for all six participants.
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Figure 4 : The performance of three participants when solving the sample problem. The * indicates peaks used
in the analysis. Under the graphs, information is given on the specific drawing action performed, the stage
of the diagram just prior to the peaks, and the correspondence with the chunks predicted by CHREST+.



