Adding a Cognitive Model of Human TutorsTo an Intelligent Tutoring SystemsNeil T. HeffernanComputer Science DepartmentCarnegie Mellon University5000 Forbes AvenuePittsburgh, PA 15213 USAneil+@cs.cmu.eduABSTRACTI propose that a more effective intelligent tutoring system(ITS) for the domain of algebra symbolization can be madeby building a cognitive model of human tutors and incorpo-rating that model into an ITS. First I describe the domainand the argument for a tutorial model. Secondly, I reviewthe research that went into the student model. Finally Idescribe the experiment I will be conducting that will lookat two different scaffolding strategies as well and comparethis new ITS to a pervious benchmarked ITS.KeywordsIntelligent Tutoring Systems implementation, Model Trac-ing, algebra, tutoring, Socratic dialogue.INTRODUCTIONModel Tracing tutors built by Anderson et.al. that aredriven be a student model have proven they can be effectiveeducational systems [1 4]. These system are effective eventhough their tutoring method is very different from whathuman tutors do. One important observation is that humantutors ask more questions while model tracing tutors givemore hints. Can we improve on model tracing tutors bybuilding a model of the tutor and combining that with astudent model?The Domain: SymbolizationI am building an ITS for algebra Symboli-zation is the act of translating a problem situation into thelanguage of formal algebra notation. Symbolization isubiquitous: from using a spreadsheet to programming acomputer. Symbolization is usually introduced to studentsby starting with simple word problems like the following:Ann is in a rowboat and starts out 800 yards fromthe dock. She rows towards the dock for �m� min-utes but then stops to rest. Her rowing speed was40 yards per minute. Write an expression for hercurrent distance from the dock.Problem 1. The answer is �800-40*m�Socratic Dialogue for SymbolizationResearchers at Carnegie Mellon University have alreadybuilt a Model Tracing ITS, called Cognitive Tutor Algebra(CAT), that attempts to teach all of high school algebraincluding symbolization [4]. Currently the cognitive stu-dent model in CAT treats symbolization as a single atomicskill. But even though its output is a single expression,symbolization appears to require a composite set of skills. Ihave done research, described below, which shows sym-bolization actually involves at lest three processes includ-ing comprehending the story, building up a representationof the quantitative structure and finally outputting the cor-rect symbols [3]. Therefore I call symbolization a com-pound skill, in that it is not a single skill but the result of achain of reasoning. Since a student might have troubleanywhere along that chain of reasoning, current ITSs thatproduce a single hint are unlikely to be effective. One re-sponse of ITS designers to a compound skill has been tochange the interface to force the student to state his inter-mediate results, much as Corbett & Anderson [1] redes-igned their LISP tutor to have students reify their sub-goalsbefore they write their program. One worry is that studentswill be confused by the extra interface components, im-peding learning and transfer. Another concern is that thetask becomes too easy when broken into parts.My approach is inspired by preliminary protocol analysesthat suggest that one major difference between human tu-tors and ITSs is that humans tend to ask more questions andthe ITSs tend to tell more information. Lepper [6]also re-ports that 80-90% of tutorial utterances were in the form ofquestions. I believe that we might build a better ITS if itcan dialogue more like a human. What changes does thisimply for building ITSs? I argue that traditional modeltracing tutors do not provide the necessary flexibility. Iargue that what is needed is a cognitive model of humantutoringCompleted Research: The Cognitive Student ModelI have conducted empirical studies [2 3] that have led to theconstruction of a cognitive student model of symbolizing. Icollected data from 80 subjects who symbolized wordproblems that were carefully constructed to determine whatfactors most affected the difficulty of symbolizing. Thisresearch also determined the relative difficulty of thesefactors. I currently have an student model that is able toaccount for the major trends in the data. This model ofsymbolization predicts how people decompose this task andhas led to a suggested improvement of the scaffolding inthe current ITS. This model is capable of diagnosing a stu-dent�s input and figuring out what sorts of misconceptionsthe student is expected to have.� 2000. Copyright on this material is held by the author.

PROPOSED MODELING OF THE TUTORI have collected protocols of experienced humans tutoringstudents and compared them to the Algebra Cognitive Tu-tor. I found that human tutors give hints in the form ofquestions while the compute tutor gives hints in the form ofstatements. I suspect a significant benefit of using ques-tions, is that the tutor can help the student by breakingdown the problem into sub-problems. Therefore, my ITSALT is able to have a question-and-answer dialogue with astudent. ALT helps a student construct their own knowl-edge rather then just telling them information. From myprotocols, I have selected two strategies for scaffoldingalgebra word problems. The first strategy I call InductiveSupport Scaffolding which tries to help the student inducethe correct expression by asking the student a simplifiedproblem that replaces the variable with a concrete numberas shown below. The following is an example of the In-ductive Support Scaffolding as ALT presents it:Tutor: Ann is in a rowboat and starts out 800 yards from thedock. She rows towards the dock for �m� minutesbut then stops to rest. Her rowing speed was 40yards per minute. Write an expression for her cur-rent distance from the dock.Student:800*mTutor:No. Let me ask you an easier question. Suppose thenumber of minutes she had been rowing was �3� in-stead of �m�. What would be the distance to thedock?Student:680Tutor:Correct. Can you show the math for how you gotthat?Student:800-40*3Tutor:Good. Now, lets go back to the original question ofwhen the number of minutes she had been rowingwas �m� instead of �3�. What would be the distanceto the dock?Student800-40*mTutor: Good.A second strategy I call Decomposition and SubstitutionScaffolding. Here is an example:Tutor: Ann is in a rowboat and starts out 800 yards from thedock. She rows towards the dock for �m� minutesbut then stops to rest. Her rowing speed was 40yards per minute. Write an expression for her cur-rent distance from the dock.Student:800*mTutor:No. Let me ask you an easier question. What is thedistance Anne rowed in �m� minutes?Student:40*mTutor:Correct. Now suppose the distance rowed in �m�minutes was �X� instead of �40*m�. What wouldthe distance to the dock be?Student:800-XTutor:Good. Now, tell us the distance to the dock withoutusing the variable �X�. Substitute the value of �X�into the expression of �800-X� you just wrote.Student800-40*mTutor: Good.I desire to see which of these scaffolding methods is betterand also compare them to the benchmarked Cognitive Al-gebra Tutor. I hypothesize that Inductive Support will bemost effective for students when they are learning simplesymbolization problems, such as one operator problemswhere connecting back to concrete instances will help. Bythe time the students is asked to do problems that havemany operators (e.g. 2-3 operators), I expect -tion and Substitution to be more effective.Tutorial ReasoningI have built a cognitive model that is able to reason aboutwhat high level strategy to select, as well as lower levelreasoning about which questions to ask. The tutorial modelkeeps track of any questions the tutor plans to ask in thefuture. The tutor model accepts as input a diagnosis of whatsub-goals were or were not correctly achieved and whattypes of errors were made In addition, the tutor model willtake as input the context of the dialogue, the state of thetutor�s estimate of the student�s knowledge, and the successand use of the various tutorial strategies. Ideally, the tutormodel should also attempt to reason about 1) what is thebest way to word a response, 2) when to provide declara-tive instructions, 3) the motivational state of the student and4) the next best problem to try.Empirically answerable questionsThis project will allow us to determine which scaffoldingstrategy is a more effective one, and under what circum-stances. This project will also help us to understand whatarchitectural enhancements are useful to allow an ITS tocarry on a more human-like dialogues.REFERENCES Corbett, A. T., and Anderson, J. R., Knowledge de-composition and subgoal reification in the ACT pro-gramming tutor, in Proceedings of Artificial Intelli-gence in Education (1995) 469-476 Heffernan, N. T., and Koedinger, K. R. The composi-tion effect in symbolizing: the role of symbol produc-tion vs. text comprehension. Proceedings of the Cogni-tive Science Society (1997), 307-312. Heffernan, N. T., & Koedinger, K. R. A developmen-tal model for algebra symbolization: the results of a dif-ficulty factors assessment. Proceedings of the CognitiveScience Society (1998). Koedinger, K. R., Anderson, J. R., Hadley, W. H., &Mark, M. A. (1995). Intelligent tutoring goes to schoolin the big city. In Proceedings of the 7th World Confer-ence on Artificial Intelligence in Education, (pp. 421-428). Charlottesville, VA: Association for the Ad-vancement of Computing in Education. Lepper, M. R., Drake, M. F., and O�Donnell-Johnson,T. Scaffolding techniques of expert tutors, in d-ing Student Learning: Instructional Approaches and Is-sues. (ed) Hogan, K., and Pressley, M. BrooklineB o o k s , C a mb r i d g e , M A . 1 9 9 7