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Abstract. Modeling the cognitive processes of learners sléumental to build
educational software that are autonomous and tratpcovide highly tailored
assistance during learning [3]. For this purposgnyrstudent models have been
developed. However to the best of the authors’ kedge there is no model for
the evaluation and teaching of spatial reasonirigs Ppaper describes how a
knowledge representation model for modeling cogeiprocesses of learners is
applied to represent the knowledge handled in aptexrand demanding task,
the manipulation of the robotic arm Canadarmll, amate specifically, how a
training software for Canadarmll manipulations ¢emefit from the model to
evaluate spatial mental representations and praxideomized assistance.

1 Introduction

Many complex tasks involve relying on complex splatéepresentations. One such
task is the manipulation of the Canadarmll arm loa international space station
(ISS). The Canadarmll arm is a robotic arm with esevdegrees of freedom
(represented in figure 1). Handling it is a demagdduty since astronauts who
control it have a limited view of the environmeibging rendered by only three
monitors. Each one show the view usually obtaimedhfa single camera at a time
among about ten cameras mounted at different mesiton the ISS and on the arm.
Guiding a robot via cameras requires several skillsh as selecting cameras and
setting views for a situation, visualizing in 3Ddgnamic environment perceived in
2D and selecting efficient sequences of maniputaticMoreover, astronauts follow
an extensive protocol that comprises many stepsause a single mistake (for
example, neglecting to lock the arm into positiactgn engender catastrophic
consequences. To accomplish the task, astronaetsaxgood ability to build spatial
representations (spatial awareness) and to visuahem in a dynamic setting
(situational awareness).

Our research team is working on a software prognamed CanadarmTutor [11]
for training astronauts to the manipulation of Gdaranll in a manner similar as in
the coached sessions on a lifelike simulator ts&ibaauts attend. CanadarmTutor’s
interface (cf. fig. 2) reproduces part of Canaddsntontrol panel. The interface’s
buttons and scrollwheels allow the user to asse@atamera to each monitor and
adjust the zoom, pan and tilt of the selected camefhe arm is controlled via
keyboard keys in inverse kinematics or joint-byajomode. The text field at the
lower part of the window list all the actions dose far by a learner and display the
current state of the simulator. The menus allowirsgtpreferences, selecting a
learning program and requesting tutoring feed-lmatke monstrations.
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Fig. 1.A 3D model of the Canadarmll arm illustrating thpints.

Fig. 2. The CanadarmTutor interface.

The task of interest in this paper is moving ther drom one configuration to
another, according to the security protocol. The af the work presented here is to
describe the relevant cognitive processes of learhat interact with CanadarmTutor
so that the integrated virtual tutor can precidelow their reasoning and grant a
tailored assistance. The remainder of the artisleorganized as follows. First, a
literature review on spatial cognition is given.enh the next sections describe a
cognitive model and its extension. We then pretleafiirst results obtained from its
application in CanadarmTutor. Finally, the lasttsecannounces further work and
present conclusion.

2 Spatial Cognition

Since more than fifty years, many researchers h@en interested in the mental
representations involved in spatial reasoning. €becept of cognitive maps was
initially proposed by Tollman [18], following thebeervation of rats behavior in
mazes. He postulated that rats build and use marapt of the environment to take
spatial decisions. O' Keefe & Nadel [16] gathereglurological evidences for
cognitive maps. They observed that some nerve oéliats (called place cells) are
activated similarly when a rat is in a same spadiedtion; this is observed regardless
of what the rat is doing. These results and thelt®of other studies allowed O'
Keefe & Nadel to formulate the assumption that hosnaot only use egocentric
space representations (which encode the space tfrenperson’s perspective), but
also resort to allocentric cognitive maps (indemeridof any point of view).
According to O'Keefe & Nadel [16], an egocentripnesentation describes a route to
follow to go from one place to another, and it amposed of an ordered set of
stimuli/response associations. Usually, this knogéis gained through experience,
but it can also be acquired directly from descoipsi (for instance, from textual route
instructions). Route navigation is very inflexilded leaves little room for deviation.
Indeed, choosing correct directions with landmastkengly depends on the relative
position of a person to landmarks. Consequentlyata deviation can easily disturb
the achievement of the whole navigation task. Aepirect encoding or recall can
also compromise seriously the attainment of thel.ghecording to Tversky [20],
egocentric representations may be sufficient teefrahrough an environment, but
they are inadequate to perform complex reasonira. fEasoning that requires
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inference, humans build cognitive maps that dopreserve measurements but keep
the main relationships between elements. Theseseptations do not encode any
perspective but makes it possible to adopt sey@epectives. Cognitive maps are
also prone to encoding or recall errors. But igénerally easier to recover from an
error, when relying on cognitive maps than on amcegtric representation. Recently,
place cells have also been discovered in the humgpocampus [6]. In the light of
this result and other researches carried out duhieglast decades in neuroscience,
experimental psychology and other disciplines, géhisr no doubt that humans use
allocentric and egocentric space representatiofis [1

Cognitive models of spatial cognition have beenppsed. However, they are
usually specialized in some particular phenomenspatial cognition such as visual
perception and motion recognition [5], navigation3D environments [10, 13] and
mental imagery and inference from spatial desansti[4]. Models that attempt to
give a more general explanation of spatial cognitilave no computational
implementation (for example, [7]). Moreover, to thest of the authors’ knowledge
there is no model for the evaluation and teachihgpatial reasoning and spatial
representations.

Cognitive models of spatial cognition can generddy viewed as proposing
structures for modelling cognitive processes dtegita symbolic level or at a neural
level (for example [13]). Symbolic models that rely allocentric representations [4,
5, 8] usually represent —with some particularitispatial relationships as relations of
type “a r b” where “r" is a spatial relationshipcsuas “is at the left of” or “is on top
of” and where “a” and “b” are mental representagiai objects. Unlike allocentric
representations, egocentric representations areathp represented as sets of
relationships between the self and objects. Thseentation is in accordance with
researchers in psychology such as Tversky [20] dhggest that cognitive maps are
encoded as sets of spatial relationships in semargmory. Since cognitive maps are
key to complex spatial reasoning, tutoring softwidua diagnose and teach complex
spatial reasoning requires the capacity to evalseteantic knowledge.

3 The Theoretical Model

Our model for describing cognitive processes inring systems [7] is inspired by
the ACT-R [1] and Miace [12] cognitive theories, ialh attempt to model the human
process of knowledge acquisition. It is a symboiindel that organizes knowledge as
(1) semantic knowledge [15], (2) procedural knowked[1l] and (3) episodic
knowledge [19]. This paper does not explain thesegtic memory part of our model
since it is not central to the discussion, here.

The semantic memory contains descriptive knowled@er model regards
semantic knowledge as concepts taken in the breamdes According to recent
researches [9], humans consider up to four conicepinces simultaneously (four
dimensions) in the achievement of a task. Howether human cognitive architecture
is able to group several of them to handle thenores in the form of a vector of
concepts [9]. We call described concepts theseasiinally decomposable concepts,
in contrast with primitive concepts that are sytitaily indecomposable. For
example, whereas the expression “PMAOQ3 isConnect€dd@BottomOf Lab02” is a
decomposable representation, the symbol “PMAOFCtinnectedToTheBottomOf”
and “Lab02” are undividable representations. The ncept “PMAO3
isConnectedToTheBottomOf Lab02” represents the kedge that the “PMAOQ3”
ISS module is connected at the bottom of the “LAbES module on the ISS
(assuming the ISSACS coordinate system). In thig, \Wee semantic of a described
concept is given by the semantics of its componéfitsle concepts are stored in the
semantic memory, concept instances occur in workiegiory, and are characterized
by their mental and temporal context [12]. Thugheaccurrence of a symbol such as
“Lab02" is treated as a distinct instance of thesaoncept.

The procedural memory encodes the knowledge of Howattain goals
automatically by manipulating semantic knowledgeisl composed of procedures
which fires one at a time according to the curgate of the cognitive architecture
[1]. Contrary to semantic knowledge, the activataira procedure does not require
attention. For example, when someone evaluate aiicaly “PMAO3
isConnectedToTheBottomOf Lab02” to obtain the vdiuae”, the person does not

16



Addendum Proceedings EC-TEL 2007

recall the knowledge explicitly. It is a proceduaequired following the repeated
recall of the “PMAO3 isConnectedToTheBottomOf Lab82mantic knowledge from
memory. As Mayers et al., [12], we differentiaténgtive procedures and complex
procedures. Whereas primitive procedures are seeroaic actions, the activation
of a complex procedure instantiates a set of gtallse achieved either by a complex
procedure or a primitive procedure. We considelsyaa a special type of semantic
knowledge. Goals are intentions that humans haweh s the goal to solve a
mathematical equation, to draw a triangle or to &sld numbers [12]. At every
moment, the cognitive architecture has one goalsemantic knowledge that
represents an intention. Our model is based omptbeosal of many researchers that
goals obey the same constraints as semantic kngedeéa:. they are competing to
become the activated goal, they can be forgottehtlasir activation vary according
to the context [2]. In our model, this assumptioeams that cognitive steps may not
always need to be achieved in a sequential ordealsGare realized by means of
procedural knowledge execution. There can be mamyect and incorrect ways
(procedures) to achieve a goal. Our model represgotls as a special type of
described concepts. A goal has zero or more conmgenevhich are concept
instances. These instances are the object of tlad §or example, the concept
instance “Cupola01” could be component of an instanof the goal
“GoalSelectCamerasForViewingModule”, which repreésehe intention to select the
best camera for viewing the “Cupola01” ISS moddlee components of a goal are
determined by the complex procedure that instadi#tie goal.

4 The Computational Model

Our model describes knowledge entities (conceptaceaulures and goals)
according to sets of slots. A slot associates wataeknowledge entities. Each value
can be a pointer to another knowledge entity, ditmary data such as character
strings or integers.

Concepts are encoded according to seven slots:[déetifier” slot is a character
string used as a unique reference to the concept:‘Netadata” slot provides general
metadata about the concept (for example, auth@sies and a textual description).
The “DLReference” slot describes the concept witbgical formalism. This logical
description allow inferring logical relationshipsetitveen concepts such as “is-a”
relationships. These relationships between concelmslld be seen as a feature to
facilitate the task of knowledge authors, by allegvthem to define goals, procedures
and described concepts that can be applied to ptsteat satisfy a concept’s logical
description. This originality of our model is debed in details in [7]. The “Goals”
slot contains a goals prototypes list; it providgermation about goals that students
could have and which use the concept. “Construttepgcifies the identifier of
procedures that can create an instance of thise@dn¢Components” is only
significant for described concepts. It indicatest €ach concept component, its
concept type. Finally, “Teaching” points to somealatitic resources that generic
teaching strategies of a tutoring system can emjgldgach the concept.

Goals have six slots. "Skill" specifies as a string necessary skill to accomplish
the goal, “Identifier” is a unique name for the fddetadata” describes the goal
metadata, "Parameters" indicates the types of thed parameters, "Procedures"”
contains a set of procedures that can be usedhiewacthe goal, and “Didactic-
Strategies" suggests strategies to teach how ieacthat goal.

Ten slots describe procedures. The “Metadata” daentifier” slots are the same
as for concepts/goals. “Goal” indicates the goahibich the procedure was defined.
“Parameters” specifies the concepts type of theraemts. For primitive procedures,
“Method” points to a Java method that executes tmmig action. For complex
procedures, “Script” indicates a set of goals toabhieved. “Validity” is a pair of
Boolean values. Whereas the first indicates ifgtecedure is valid and so it always
gives the expected result, the second indicates @fways terminate. “Diagnosis-
Solution” contains a list of pairs “[diagnosis, at&gy]” that indicate for each
diagnosis, the suitable teaching strategy to bgtado Finally, “Didactic-Resources”
points to additional resources (examples, exercetes to teach the procedure.

A graphical tool has been built to ease knowledgbaring.
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The model was used to represent the cognitive pseseof learners that utilize a
Boolean reduction rules tutoring system [7]. Altgbuthe model was successfully
employed to offer tailored assistance, the modgs flhe emphasis on procedural
knowledge learning and offers less support for sgime&knowledge learning. The
reason is that there is no structure for modelimg retrieval of knowledge from
semantic memory, a key feature of many cognitieoties. As a consequence, it is
impossible to specify, for instance, that to ackiavgoal, one must be able to recall
correctly the described concept “CameraCP5 Attathe81” (the camera CP5 is
attached to the ISS module named S1) to use itproeedure thereafter. Evaluating
semantic general knowledge is essential for diaggosand teaching spatial
reasoning, if we take the view that cognitive magp® encoded as semantic
knowledge.

6 The Extended Model

To address this issue we extended our model. Ttemgon adds a - pedagogical —
distinction between “general” and "contextual” sewi@a knowledge. We define
general knowledge as the semantic knowledge (meptbrbr acquired through
experience) that is true in all situations of aricutum. For instance, such knowledge
is that the approximate length of the end effecfoCanadarmll is one meter. To be
used properly, general knowledge must (1) be pipmaquired beforehand, (2) be
recalled correctly and (3) be handled by valid pchaes. A general knowledge is a
described concept, because to be useful it mustsept a relation.

Contextual knowledge is the opposite of generamitedge. It is the knowledge
obtained from the interpretation of a situationislicomposed of concepts instances.
For example, the information that the rotation eatdi the joint “WY” of Canadarmll
arm is currently 42° is a contextual knowledge wole#td by reading the display.
Authors do not need to define contextual knowledgigce it is dynamically
instantiated by the execution of procedures thptesent each learner’'s cognitive
activity. We added three slots to described corephe “General” slot indicates
whether the concept is general or not. The “Vabtt specifies the validity of the
concept (true or false), and optionally the ideetibf an equivalent valid concept. In
addition, the “RetrievalComponents” slot speciféeset of concepts to be instantiated
to create the concept components when the coneémstantiated. Table 1 presents a
concept encoding the knowledge that the spatialubeddMPLM” is connected below
the module “NODE2” on the ISS (according to the AES coordinate system). The
“Valid” slot indicates that it is an erroneous kriledge and that the valid equivalent
knowledge is the concept “MPLM_TopOf_Node2” (cthla 2). The “DLReference”
slot content that is not presented in these tadllesv the system to infer that these
two concepts are subconcepts of the “SpatialRelshipBetweenModules" concept
that is the concept of spatial relationship betweemISS modules.

Table 1.Partial definition of the concept “MPLM_Below_MPLM concept.

SLOT VALUE
Identifier MPLM_Below_Node:
Metadati Author: Philipp¢ Fournie-Viger, Date : 200
DLReferenc
Type GoalRecallCameraForGlobalVie
Component Module, Module
RetrievalComponen MPLM, Node:
Geners True
Valid False

We added a retrieval mechanism to connect procedoréhe general knowledge
in order to model the recall process. It workstas retrieval mechanism of ACT-R,
one of the most acknowledged unified theory of dgm We choosed ACT-R,
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because our model is already based on that théosiot named “Retrieval-request”
is added to procedures, to express a retrievalestgfor a concept in semantic
memory, by means of patterns. A pattern specifiesidentifier of a concept to be
retrieved and zero or more restrictions on theevaluits components. Table 3 shows
the procedure “ProcedureRecallCameraForGlobalViewhe execution of this
procedure will request the knowledge of the canmrathe ISS that give the best
global view of a location taken as parameter by phecedure. The “Retrieval-
request” slot states that a concept of type “CotRRelationshipCameraGlobalView”
(a relation that state that a camera gives a glotmal of a place) or one of its
subconcepts is needed, and that its first compasteould be a place whose concept
type match the type of the procedure parametertl@decond component need to be
of type “ConceptCamera” (a camera). A correct eficdlbwing the execution of this
procedure  will result in the creation of an ins&nc of
“ConceptRelationshipCameraGlobalView” that will lweposited in a temporary
buffer with a capacity of one concept instance amgde available to the next
procedures to be executed.

We have modelled the knowledge for the task of mg\w load from one position
to another with Canadarmll. To achieve this, werized the 3D space into 3D sub
spaces named elementary spaces (ES). The spatiglddge is encoded as described
concepts that stand for relations as (1) a camemmesee an ES or an ISS module, (2)
an ES comprise an ISS module, (3) an ES is nexhtoher ES, (4) an ISS module is
at the side of another ISS module or (5) a camerattached to an ISS module.
Moving the arm from one position to another is migdeas a loop where the learner
must recall a set of cameras for viewing the ESstaining the arm, select the
cameras, adjust their parameters (zoom, pan, riitieves a sequence of ESs to go
from the current ES to the goal, and then mové¢aext ES. CanadarmTutor detects
all the actions like camera changes and enteringfig an ES. Each of these actions
is then considered as a primitive procedure executfThe model does not go into
finer details like how to choose the right jointrtmve to go from an ES to another.
This will be part of future improvements.

Table 2.Partial definition of the concept “MPLM_TopOf_NORE concept.

SLOT VALUE
Identifier MPLM_TopOf_Node:
Metadati Author: Philippe FournieViger, Date : 200
DLReferenc
Component Module, Module
RetrievalComponen MPLM, Node:
Genera True
Valid True

Table 3.Partial definition of the procedure “RecallCameyeBiobalView".

SLOT VALUE
Identifier RGlobalView
Metadata Author: Philippe Fournier-Viger, Date 020
Goal GoalRecallCameraForGlobalView
Parameters (ConceptPlace: p)
Retrieval-request ID: ConceptRelationshipCamera&idiew
Al: ConceptPlace: p A2: ConceptCamera

7 Evaluating the Knowledge

The model provides mechanisms for evaluating semaand procedural
knowledge. Evaluating procedural knowledge is agdeby comparing a learner’s
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actions to the task description. We consider twmesyof procedural errors: (1) the
learner makes a mistake or (2) doesn'’t react wightime limit. In the first case, we
consider an error as the result of the learneryamplan incorrect procedure for its
current goal. For instance, a learner could fotgeadjust a camera zoom/pan/tilt
before moving the arm. In the second case, we denghat the learner either doesn’t
know any correct procedure for the present goaldoesn’t recognize their
preconditions. Because our model links goals tegaares that can accomplish them,
the tutor has knowledge of all the correct waysdhieve the current goal in both of
these situations. For complex procedures that 8psub-goals, the tutor can easily
conceive an ordered sequence of valid proceduagsatiows accomplishing correctly
any goal.

Fig. 3. A camera identification exercise.

In addition to this procedural knowledge evaluatinachanism, the extension of
this model provides two ways for evaluating genserhantic knowledge. Whereas
primitive procedures are detectable, it is only gilde to detect the recall of
knowledge from semantic memory indirectly. Firdte ttutoring system can test
general knowledge directly with questions. For egeanCanadarmTutor may verify
the mastery of the described concept “CameraCP®dGilobalViewOf JEM” by
showing the learner a view of the JEM module ankdnashim to identify which
camera was used (cf. fig. 3). Other types of qoastare also implemented such as to
ask to name the closest modules to a given moduleép ask to select the best
cameras for viewing one or more modules. Secondergé knowledge can be
evaluated through problem-solving exercises. lihtiathe system assumes that
recalls are done correctly. Then, as the trainimpggesses, a better evaluation is
achieved. The result of each procedure makes &ilplesto infer through backward
reasoning if a general knowledge was recalled (dsilt of the procedure allow
deducing the retrieval buffer content). If the learuses procedures to retrieve a valid
knowledge several times, the system increasesoitfidence that the learner can
recall that knowledge. In the case of the likelgaleof an erroneous knowledge, the
system heightens the probability of a recall emgth that knowledge and will
decrease its confidence that the learner mastengatid concept(s).

After many exercises and/or questions, the systemuiges a detailed knowledge
of the strengths and weaknesses of a learner fiegattte procedural and semantic
knowledge. It uses this information to generate r@ges, questions and
demonstrations tailored to the learner that willalve the knowledge to be trained
for. For instance, if the system infers that a rear possesses the erroneous
knowledge that camera “CP10" is a good camera ¢w \he JEM module, it will
likely generate direct questions about the corredjmg valid knowledge or exercises
that involve its recall.
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The integrated pedagogical module currently talstagogical decisions based on
some very simple rules. To teach general knowlextgerocedures, the tutor extracts
the didactic knowledge —consisting mostly of teixtt$ or explanations —encoded in
concepts’ or procedures’ didactic slots. The tuttmo utilizes the spatial relations
encoded in the general described concepts to gendyaamic questions. Figure 4
shows such a question that was presented to aetetwrtest his knowledge of the
location of the S1P1TrussRight module. The virttigtbr randomly picked three
erroneous question choices based on the spatiiomships. It selected one module
that look similar to S1IP1TrussRight (S1P1TrussLaftyl two modules that are close
to S1P1TrussRight (PVARIight01 and S34P34TrussRighttased on the spatial
relationships “lookSimilarTo” and “isConnectedTo”.

Fig. 4. A contextual question generated by the virtuadrtut

Evaluating semantic knowledge through problem-sj\éxercise is an interesting
alternative to the automatic techniques that reguioing it separately from the
evaluation of procedural knowledge. For instanaicBni & Clariana [17] offer an
automatic algorithm for the scoring of concepts sndmwn by learners. A concept
maps is basically a graph where each node is aepbre concept instance and each
link represents a relationship. The main informati@ntained in a concept map can
be encoded as general knowledge within our framkwod be evaluated according
to the process described above.

8 Conclusion and further work

We have presented an original extension of our inéatedescribing domain
knowledge in virtual learning environments. The emsion offers a solution for
evaluating and teaching general semantic knowledgelearners should possesses.
Because the model connects semantic knowledgevatrio procedural knowledge,
evaluation of the general semantic knowledge canadi@eved directly through
guestions or indirectly through observation of peaf-solving tasks.

Moreover, virtual tutors based on our model shdaddible to generate better feed-
back, because they can know how the semantic kidgeleecalled is connected to
procedures. Furthermore, this paper has showedthiswextension can be used to
support spatial reasoning. A first work on modelittge knowledge handled in
CanadarmTutor has been presented. Conceiving a etetverate version of the tutor
and verifying its effectiveness is part of our omgpresearch.

References

1. Anderson, J.R. (1993Rules of the mincHillsdale, NJ: Erlbaum.

2. Anderson, J. R. et Douglass, S., (2001). “Towehanoi: Evidence for the cost of goal
retrieval”. Journal of Experimental Psychology: Learning, Meynand Cognition27(6),
1331-1346.

3. Anderson, J.R, Corbett, A.T., Koedinger, K.R. & IBigér, R. (1995). Cognitive Tutors:
Lessons learnedearning Science#(2), 167-207.

21



10.

11.
12.
13.
14.
15.

16.
. Taricani, E. M., & Clariana, R. B. (2006). “A tedhoe for automatically scoring open-

18.

19

Addendum Proceedings EC-TEL 2007

Byrne, R.M.J. et Johnson-Laird, P.N., 1989. Spatalsoning. Journal of Memory and
Language, 28, pages 564-575.

Carruth, D., Robbins, B., Thomas, M., Morais, Aettherwood, M., & Nebel, K., (2006).
“Symbolic Model of Perception in Dynamic 3D Enviroants”. Proceedings of the 25th
Army Science Conferend®rlando, FL.

Ekstrom, A. D., Kahana, M. J., Caplan, J. B., Belfl. A., Isham, E. A., Newman, E. L. &
Fried, I. (2003). “Cellular networks underlying hamspatial navigation'Nature 425, pp.
184-187.

Fournier-Viger P., Najjar, M., Mayers, A. & Nkamhdr. (2006). “A Cognitive and Logic
based Model for Building Glass-box Learning Obj&ctiterdisciplinary Journal of
Knowledge and Learning Objec®, pp. 77-94.

Gunzelmann, G. & Lyon, D. R. (2006). “Mechanisms lafman spatial competence”.
Proceedings of Spatial Cognition ¥NCS. Berlin, Springer-Verlag.

Halford, G.S., Baker, R., McCredden, J.E. & Baif.J2005). “How many variables can
humans process?Psychological Scien¢d6(1), pp. 70-76.

Harrison, A. M. et Schunn, C. D. (2003). “ACT-R/Sook Ma, no "cognitive map"!”.
Proceedings of the Fifth International Conferenae @ognitive Modelingpp. 129-134.
Bamberg, Germany: Universitats-Verlag Bamberg.

Kabanza F., Nkambou R. and Belghith K. “Path-Plagrfior Autonomous Training on
Robot Manipulators in SpaceProceedings of IJCAI 2005

Mayers A., Lefebvre B & Frasson C. (2001). “MiadeHuman Cognitive Architecture”.
Sigcue outlook27(2), pp. 61-77.

McNaughton, B. L., Battaglia, F. P., Jensen, O.s&tpE. |. & Moser, M.-B. (2006). “Path
integration and the neural basis of the 'cognithegp™. Nature Reviews Neurosciencg,
pp. 663-678.

Nadel, L. & Hardt, O. (2004). “The Spatial Braimeuropsychologyl8(3), pp. 473-476.
Neely, J.H. (1989). “Experimental dissociation atite episodic/semantic memory
distinction”. Experimental Psychology: Human Learning and Mem6rypp.441-466.
O'Keefe, J. & Nadel, L. (1978).he hippocampus as a cognitive m&uxford: Clarendon.

ended concept map£ducational Technology Research & Developm8&#(1), 61-78.
Tollman, E. (1948). “Cognitive Maps in Rats and MeRsychological Reviews(4), pp.
189-208.

. Tulving, E. (1983)Elements of Episodic Memoryew York: Oxford University Press.
20.

Tversky, B. (1993). “Cognitive Maps, Cognitive Gajkes, and Spatial Mental Models”, In
Frank, A.U. and Campari, I. (EdsSpatial Information Theory: A Theoretical Basis for
GIS, Proceedings COSIT'93.NCS, 716, pp.14-24, Berlin : Springer.

Acknowledgments.Our thanks go to the Canadian Space Agency, thdsFQuébécois de la Recherche

sur la Nature et les Technologies (FQRNT) and thtufdl Sciences and Engineering Research
Council (NSERC) for their logistic and financialgport. The authors also thanks Daniel Dubois for
his collaboration and the current and past memiifetee GDAC and PLANIART research teams
who have participated to the development of thes@armll simulator.

22



