
12 
Three Current Tutoring Systems 

and Future Needs 

Patrick Suppes 

INTRODUCTION 

In this chapter. three extended examples of tutoring systems are considered. 
They are interactIve theorem provers, a system to handle informal calculus 
denvatIons. and a program that embodies several mathematIcal models of differ­
ent aspects of mastery learnmg. The last section is devoted to what we need and 
what we may expect of tutoring systems in the next decade or two. 

It is appropriate to being with some general remarks about the mstructional 
use of computers. My own involvement began in 1962. and now that a quarter of 
a century has passed it is easy enough to see where I had incorrect ideas and 
especially incorrect forecasts about how the instructional use would develop. In 
an anicle written for Scientzfic American (l966a), I had this to say about the 
immediate impact of computer-assisted instruction. 

Before the advent of computers it was extremely difficult to collect systematlc data 
on how children succeed in the process of learning a given subject. Evaluatlng tests 
of achievement at the end of learnmg have (and will undoubtedly contlnue to have) 
a place both in the process of classIfying students and in the process of companng 
different cumculum approaches to the same subject. Nonetheless. such tasks re­
mam blunt and insensitive Instruments. partIcularly wah respect to detailed prob­
lems of instructIon and cuniculum reVISIon. It IS not pOSSIble on the baSIS of poor 
results In a test of children's mastery of subtractIon or of irregular verbs In French 
to draw clear inferences about ways to Improve the cumculum. A computer. on the 
other hand. can proVIde daily Information about how students are performmg on 
each part of the cumculum as it IS presented. making It pOSSIble to evaluate not 
only individual pages but also indiVIdual exercIses. This use of computers WIll have 
Imponant consequences for all students In the immediate future. 

My prediction of '·important consequences for all students 10 the immediate 
future" was certainly too sangume. It is not only a matter of not using data to 
revIse and improve ordinary texts and workbooks. it IS even a problem of exten- . 
sive use of data to improve computer-assisted instruction. The problems of 
having good data feedback and good analytIcal and statIstIcal methods for using 
the data for improvement have not really been satisfactonly solved. and we are. 
in terms of global results. not too much better off than we were 20 years ago. All 
the same. I am sull hopeful. I will have something more to say about this later. 
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In a second artIcle published the same year (Suppes, 1966b) I predicted that In 
a matter of a few years we would be able to implement, in an effective and 
efficient manner, instruction in a wide range of skill subjects, and I mentioned in 
particular elementary mathematics. instruction in reading. and the teaching of 
foreign language. There is now a good deal of instruction In reading and ele­
mentary mathematics by computer. but actually not very much in foreign lan­
guage. in spite of the very clear possibilities. 

I first consIder three extended examples of application of mathematIcal mod­
els and artificial intelligence in computer-assisted instruction. The three exam­
ples are interactIve theorem provmg. Informal derivations In the differential and 
integral calculus. and mathematIcs of mastery learning. Later. I try to forecast. 
as I did not too successfully In the past. some of the anticipated future develop­
ments. 

INTERACTIVE THEOREM PROVERS 

First. I want to say something about the history of my own work and that of my 
colleagues. Simple uses of an mteractlve theorem prover for the teaching of 
elementary lOgIC began more than 20 years ago. I remember well our first 
demonstrations with elementary-school children in 1963. For a number of years 
we concentrated on teaching elementary logic and algebra to bright elementary­
and middle-school chIldren. We felt at the time that this was the nght level of 
difficulty to reach for in terms of computer capacIty and resources that could be 
devoted to the endeavor. By the late 19605 it became clear that we could aIm at 

something more advanced. and by 1972 I was able to convert the elementary­
logic course at Stanford to a course taught entIrely at computer termInals. By that 
time we had Introduced a better and more powerful InteractIve theorem prover. 
That course IS probably the longest-runmng show anywhere on earth haVIng an 
InteractIve theorem prover used on a regular baSIS day In and day out by large 
numbers of persons. Access to the computer IS pretty much around the clock 
seven days a week so that at almost any time of the day or mght a routine use of 
our interactive theorem prover is taking place. The content of the course 10 

elementary logic is comparable to that of my text (Suppes. 1957). It is obvious 
enough that the theorem·proving demands of such an elementary course are not 
very severe. 

The most natural move up was to a course in axiomatic set theory, roughly 
~orrespond1Og to m) text 1il the subject (Suppe~. 19601i97:). Here thl.!re Vvt:fe 
nontrivial theorems to be proved. above all the classical orgamzation of a mathe­
matical subject Into a long sequence of theorems. with no hope of individual 
theorems' being proved from scratch directly from the axioms. Since 1974 this 
course also has been offered every term as a course in computer-assisted instruc­
tion, With students' getting all of the instructIon at termInals. The enrollment IS 
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much smaller than for the logic course. The average enrollment each term is 
eight or nine students, but the enm.lIment is greater than it was in the days before 
the course was computerized. The details of the set-theory course are descnbed 
m several artIcles in Suppes (1981) and more recently in McDonald and Suppes 
(1984). It is orgamzed in terms of somewhat more than 600 theorems. Depend­
ing upon the grade students seek. they prove somewhere between 30 and more 
than 50 theorems. Some of the theorems have proofs that are too hard to require 
in a course at this level. After all. one of the theorems on transfinite induction IS 
essentially the main content of von Neumann's dissertation. I also do not want to 
give the wrong impression about the finished character of the setup. I think that 
the interactive theorem prover we are using has many good features but it is still 
awkward to prove the hardest theorems in the sequence. Much work remains to 

be done to make the proofs of these theorems as natural and easy as they really 
should be. 

Roughly speaking, I would describe the main features of the interactive the­
orem prover used in the set-theory course under two headings. First, elementary 
avaIlable and can be used by the students. Second. students can call a resolunon 
theorem prover that Will run for a few seconds of machine time. What students 
give as input to the theorem prover are the definitions or previous theorems that 
are to be used to infer a desired formula. 

There are several important remarks to be made about the way in which the 
students use the interactive theorem prover. First, the most frequently used rule 
is the use of a previous theorem to make a fairly direct inference. Second. 
contrast must be sharply drawn between the highly interactive nature of the way 
the students use the theorem prover and the way proofs can be pnnted out under a 
review functIon at the end. The interactIve phase of creat10g the proof looks from 
the outside world like a mess. The program IS act10g as an mtelligent tutor to help 
the student construct a proof. The result has the kind of hIghly interactIve 
discourse structure that is nor easy to follow at a glance. It IS meant to be easy for 
the students to use and to prOVide conSIderable help to them. In contrast. the 
proofs that are printed out at the end under the heading of reVIew are organized 
and systematic. They are put in a standard crisp form that gives much less insight 
mto the Interactlon that took place 10 creat10g the proofs. Figure 12.1 shows an 
interactlve construction of an elementary proof. and the revIew verSIOn of it. 
which is immediately understandable. 

Third. when a student attempts an invalid inference the theorem prover pro­
duces a diagnostIc message that says exactly why the attempted inference was 
!iot '.'~!id ~nd ther~fcre not J..:ccptablc. Fourth . ..lnd finally, an expen !:lysrem mat 
prOVIdes a goal and subgoal structure has been developed by Blaine (1981), 

The current effort is focused on developing a theorem prover for the founda­
tions of the differential and integral calculus-the fundamental theorem of the 
calculus. the mean value theorem. Rolle's theorem. and the like. The first efforts 
are reported in Suppes and Takahashi (in press). In the context of this conference 
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FIgure 12.1. sample InteractIon with EXCHECK (from suppes. 1981. p. 8), 
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the most important remark to be made is about the modularity of the system. 
General theorem provers built on logical principles like that of resolution are 
very poor at doing algebraic inferences. What we have added to the interactive 
theorem prover to meet this difficulty is the powerful symbolic computation 
program REDUCE (Hearn. 1987), which will easily verify in less than 100 
milliseconds on any reasonable term substitution instances of such algebraic 
inequalities as 

Ix - yj :s; Ixl + Iyl. 

(One warning: a fairly elaborate interface is required to use REDUCE in conjunc­
tion with a theorem prover.) 

INFORMAL CALCULUS DERIVATIONS 

A central component of work at Stanford on preparatIOn of a year's computer­
based calculus course is development of an intelligent program for momtonng 
the correctness of informal calculus derivations. It is a familiar remark that the 
intuitive and computationally efficient notation used in calculus courses and 
textbooks is not mathematically explicit and rigorous, Our problem has been to 
give students the command structure to produce what look like the usual calculus 
derivations and symbolic computations. but at the same time to check theIr 
mathematical correctness. the kind of work that an intelligent human tutor usu­
ally does with grace and speed. 

The problems of development a program that comes close to what is expected 
of a good tutor are more subtle than they appear to be on first conSIderation. I 
necessanly limIt myself here to a couple of simple examples to illustrate the 
nature of the problems. 

I, Using the usual rule of replac10g equals by equals. from x = y we mfer 
dx _ dy 
dx - dy 
Now take y = 1. and we obtain the absurdity I = O. 

2. Let f(x) = 0 for all x. Then the denvative ['(x) == 0 for all x. Also V~ -
~ == 0 for ail x. but f(x) = V~ - vXT does not have a derivauve at 
x = O. because the derivative of V;Z does not eXIst at X = O. 

The problems raised by these two examples and others of a like nature must be 
solved in a computationally ettlclent manner 11 the student IS go1Og to oe kepI out 
of trouble and properly assisted by a program serv10g as an intelligent tutor. For 
those speCial cases that go beyond what the program can handle. methods must 
be introduced to join with the student 10 finding a solution. A classical example 
of the latter is that it is not automatically. that is. recursively. decidable when a 
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given denominator is equal to zero and thus the whole expression is undefined. 
but in most such cases the student who has not made a real mistake should be 
able to show the program why his specific expression is acceptable. If he cannot. 
the program will require that he take another path to solve the problem at hand. 

In creating intelligent programs of the type I have been describing It is impor­
tant to recognize there are fundamental limits m pnncIple to what can be done. 
Students can wander into problems that are not recursively decidable. or even If 
they are. are not computationally feasible. The computer tutor like the human 
tutor must be ready to make a graceful exit from situations that are computa­
tionally unmanageable. (The work on calculus is supported by NSF Grant 
MDR-87 -51523 to Stanford.) 

MATHEMATICS OF MASTERY 

What I descnbe under thIS heading IS extensive work done at Computer Curncu­
lum CorporatIOn over the past decade on computer-assIsted Instruction In basIc 
skills. I shall use as my focus elementary mathematics. but most of what I have 
to say applies to reading skills and also elementary language skills as well. The 
fundamental problem is that we want to individualize instruction and move each 
student forward on an individual basis as he or she masters successive skills or 
concepts. It is somewhat surprismg how little this complex problem has been 
studied from a systematIc or mathematical standpoint. The subject is mtncate. so 
I shall give only a sense of the applicatIon of relatIvely sophistIcated formal 
models. There are five components of mastery that I conSIder. some In greater 
depth than others. These are: 

l. Curriculum distributIon 
i Student distributIon 
3. ContIngent tutonng 
-+ Initial placement motIon 
5. ApplicatIon of a learnIng model for Judgmg mastery 

Curriculum distribution. Not all concepts are equal in Importance. so that the 
expected time devoted to mastery should vary. Addition of positive Integers. for 
example. is much less Important in the fourth grade than addition of fractlons. 
But how should the expected time be allocated and on what intellectual baSIS'? 
There IS, unfortunately, only a very limited literature on this Important matter In 
the theory of cumculum. At the present time the most feaSIble approach IS to use 
as InitIal data cumculum gUIdelines set by various state and local school systems. 
and then to count the empirical frequency of exercises in various WIdely used 
textbooks. After pooling and smoothing these data, the next step is to use latency 
data to convert to a tlme distnbutIOn. Then to smooth this distribution. and then 
convert back to a distribution of exercise types organized by concept. 
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The individual tutoring aspects come in with the next. related concept. 
Student distribution. However thorough the curriculum analysis that lies back 

of the curriculum distribution. individual student differences will necessarily 
lead to uneven progress for students across the range of concepts and skills in a 
given curriculum. One student Will be much better at executing the standard 
algorithms of arithmetic than in solving word problems, and another student WIll 

be the reverse. So to keep the position of the student at approximately the same 
level of achievement m all the skills of a basic course in mathematics, a second. 
individual student distribution is mtroduced. for purposes of smoothing the actu­
al distnbution of grade-level achievement across strands-the concepts and 
skills are organized into homogeneous strands-one for addition. one for sub­
traction. one for fractlons. one for word problems, and so forth. 

I shall try to outline the basic setup, which depends on selecting two parame­
ters. One is the threshold parameter e for how far behind this average grade 
placement student s must be to receIve greater emphasis on strand j. The second 
IS the parameter a. for welghtmg the cumculum distnbutton cd). ~C(i) = 1. and 
asslgmng weight 1 - a. to the student distnbutlon k(i.s). So that at a gIven time £. 

the actual dlstnbutton q.(i,s) used in selectmg exerCIses from stand I for student s. 
IS defined as: 

(5) d(i.s} = aeO) + (1 - a)k(i.s). 

with 0 S a S I. To define k(i.s), let 

h(
' {a(s) - g(i,s) if a(s) 2: g(i,s) + 9 
1.S) = o otherwise, 

where gO.s) is at the time t the grade-level achievement 10 strand i of student s. 
and u( s) IS the wetghted average grade-level achievement of s at time t with the 
averagmg bemg across strands weIghted by the cumculum distnbution c( 1). 

Finally. 

_ {ell)' If ~h(I.s) = O. 
k(I.s) - hh,s) h 

~ , at erwlse. 
_h(l,S) 
I 

The qualitatIve analogue of equation (5) IS used by any observant mtelligent 
human tutor. In this instance It IS easy to Implement somethmg that probably 
does a better Job in most cases. 

Contingent tutoring. Most computer-asststed mstructlon in basic skills IS 

supplementary. It IS assumed that the student has been gIven classroom mstruc­
non. or :s: 51multancously bemg ~0 lll!){rucred. ,>-\11 the ~ame. students m such 
courses often need additIOnal instruction In partIcular concepts or skills. On the 
other hand. it is inefficient to provide mstrucuon of a tutonal nature to a student 
who IS exhIbitmg mastery of a skill by making no errors. 
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For these reasons we have introduced what we tenn contingent tutoring. A 
student is given a quick tutorial whenever he makes an error, with the tutorial 
focused as closely as possible on the type of error. We are in the process of 
analyzing data to detennine the efficacy of this approach, in terms of an optimal 
use of the student's time. 

Initial placement motion (lPM). Chronologically, the first problem is to 
determine a correct initi~l placement of a student. At any moment the student has 
a grade-level position of achievement in each strand. The purpose of IPM is to 
estimate the weIghted average achievement level of the student at the begmning 
of his enrollment. As would be expected. the basis of IPM is probabilistic. The 
underlying model is easy to formulate. Let Xn.n 2:: 0 denote (the student's) grade 
level at the end of session n. achieved under the standard curriculum motion. Xo 
bemg the initial (entering) grade level prior to any estimation by IPM. Then an == 
Xn - Xn- I , n s I, will be the grade-level increment (positive or negative) 
achieved dunng sessIon n under the standard cumculum motion. Let Y n' n ;:= 1 
be the grade-level increment (positive or negative) achieved at the end of sessIon 
n under the IPM motIon. If Zn. n 2:: 1, denotes the grade level at the end of IPM 
session n, we can write: 

n n 

Zn = Xo + 2: ~T + 2: Y I' 

1=1 1=\ 

This means that the stochastic process {Zn; n 2:: I}, with Zn bemg the grade level 
at the end of IPM seSSiOn n. IS the sum of the cumculum and IPM processes. 
Further mathematical details and empirical data on IPM Will be gIven in forth­
coming Joint work WIth Mario Zanotti. 

Learning model of mastery. Our problem IS to decide when perfonnance on a 
gIven class of essentIally eqUlvalent exercIses satisfies some critenon. In many 
SItuanons It is assumed that the underlymg process that IS bemg sampled IS 
stationary-at least in the mean. The first SImple model we shall consider IS of 
thIS type. The thIrd model IS explained later. A more realistic assumptIon in 
dealing With student behaViOr IS that learnmg IS occumng-both mdividually 
and in the mean. so that the process is not stauonary. The second model is of this 
type. 

Although in the intended applications the number of possible student re­
sponses is usually large-and therefore the probability of guessmg a correct 
answer is close to zero-we shall conSIder here only correct and incorrect re­
sponses. With thIS restnctiOn: 

A O.n = event of incorrect response on trial n. 
Al.n = event of correct response on tnal n. 

xn = poSSIble sequence of correct and incorrect responses from tnal I to n 
inclUSive. 
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qn = P(A o.n) = mean probability of an error on trial n. 

q".n = P(Ao.n!xn- 1)· 

Also, Ao and Al are the corresponding random variables. 

For simplicity we shall assume a fixed initial probability P( Ao. I) rather than a 
prior distribution on the unit interval for this probability. Given the extensive 
knowledge of this distribution. assuming that all the weight is on P(Ao.l ) is not 
unrealistic. In Model I the assumptions are: 

(I) P(Ao n+IIAo.nxn-l) = (l - w)P(Ao.nlxn- l ) + w 

(2) P(Ao.n+ liAl.nxn-l) = (l - w)P(Ao.n!xn- I ). 

We can easlly prove the sigmficant fact of statlonanty of the mean probability 
P(Ao.n)· 

THEOREM 1. In ModelL for all n. P(Ao.n) = qt­

Proof. 

+ P(Ao.n-T-IIAt.nxn-l)P(Al.n!xn-1 )P(xn _ j)] 

= L[(l - w)p2(Ao.n)!xn_ 1) + wP(AO.nIXn-l) 

+ (l - w)P(Ao.n!xn- l ) 

(l - P(Ao.nlxn-I»]p(Xn-,) 

= LP(Aonixn-I)P(Xn-l) 

We have at once then 

Corollary 
E(Ao.n ) = ql 
Var(Ao n) = q\(l - qt)· 

In Model II we generalize Model I to unequal w· s on the assumptIon that 
learnmg IS occumng dunng the trials. so we assume WI < w:!. and we replace (1) 

and (2) by (1') and (2'): 

(I ') P(Ao.n+ II'o\o.nxn-l) = (I - w\)p(Ao nIXn-l) + WI 

(2') P(Ao n+llAI nXn-l) = (l - w~)P(Ao.nlxn-I)' 

To express results compactly, we define moments: 
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VI.n = LPI(Ao.n!Xn-I)P(Xn_I)' 
x 

THEOREM 2. In Model II. 

V1.n+1 = (l - (W2 - W 1»V1.n ..... (W2 - W I )V2 •n-

Proof. By the same methods used for Theorem 1. 

+ (1 - w 2 )P(Ao.n!xn- , ) 

(l - P(AO.n!Xn-I)]P(Xn-,) 

= (1 - W 1)V2.n -;- wIVl.n + (l - w 2 ) 

V I.n - (1 - w:)V 2.n 

=(1 - (w2 - wI»Vl.n ..... (w2 - W I )V2•n 

In the case of both Models I and II the asymptotIc behavior is well known 
(Karlin. 1953). All sample paths converge to ° or 1. with the exact distnbutton 
depending on the initial distribution. and in the case of Model II. the relatIve 
values of WI and W:!. Of course, in the case of Model II, detailed computatIons 
are difficult. 

Here is how either model would work computationally in practice. A student 
is exited upward from a class when qx.n < a. where a is the normatIve threshold. 
for example. we might set a = .15, corresponding to a probability correct of .85. 
Notice that both models are noncommutatIve. and thus gIve greater weIght to 
later responses. These models are denved from learnmg models that have been 
extensIvely studied. For pedagogical purposes in a computer environment they 
are computatIonally SImple_ The history of a sequence. 001100111 for example. 
IS absorbed In the current qx.n' and no other data need be kept. except possibly a 
count of the number of exerCIses. 

Still more suitable is a third model that has both a parameter for indiVidual 
paths. such as III Model I. or possibly two such parameters as in Model II. 
together with a uniform learning parameter a that acts constantly on each tnal. 
since the student is always told the correct answer. For SImpliCIty I shall consIder 
the two-parameter model using a and w. which are assumed to lie m the open 
interval (0,1). 

In Model III the assumptions are 

(3) P(Ao.n+,!Ao.nxn-t) = (I - w)aP(Ao.n!xn_,) + aw 

(4) P(AO.n+IIAl.nxn-l) = (I - w)aP(Ao.nlxn- I ). 

It is then easy to prove by the methods already used: 
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THEOREM 3. In Model III. for all n, P(Ao.n+l) = anp(Ao.,), or in terms of random 
variables: 

E(Ao.n+ ,) = anq} , 
Var(Ao.n+ I) = anqt(l - anql)' 

A variety of methods are available for estimating the three parameters of 
Model III, namely, the parameters q, a, and w. One method is to use the 
following three equations. which are easily denved from the model: 

(~) I - aN 
E LJ AO.I = N - q ~ 

1=1 

Another good way to estimate q is SImply to take for a population of students the 
relative frequency of an error on the first trial. ExtensIve data analyses using 
Model III will be published wIth ZanottI elsewhere. 

THE FUTURE 

The three examples of computer-based instruction I have descnbed go far beyond 
what was actually avaIlable in 1966, but still fall far short of what we should see 
in the next decade. Here are some features future intelligent tutoring systems 
should have. 

Prediction. A feature of good human tutonng that is not discussed enough as 
a requirement of intelligent tutonng systems is the ability to make good global 
forecasts of a student's progress. The human forecasts are based upon a great 
vanety of information about the student. integrated in ways that we cannot yet 
explicitly descnbe. For computer purposes, a more formal and systematIc theory 
is required. but fortunately there are many ideas about forecasting In the scien­
tific literature that can be used effectively. 

A typIcal remark of a good human tutor to a student is ··Well. you have got to 
spend more time on this chapter If it is going to be of any use to you In taking the 
final exam." Note that In this kind of analysis it is not a matter of diagnosing 
particular individual difficulties of the student but in having a global overview of 
the kind of progress the student IS making. and assessIng how much more tIme 
and effort the student must make In a general way in order to accomplish agreed­
upon goals. 

In a computer-based course. we have the opportumty to orgamze the structure 
of the course In a detailed way so that we can expect the trajectory of a student 
working his way through the course to be a smooth function. For the purposes of 
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prediction. however. it is not satisfactory just to find that a smooth function will 
fit the data points of the student's progress. What IS really desired is that from 
any gIven initial segment of data. a predictive curve can be constructed which 
will not be too inaccurate in predicting the actual trajectory of the student. 
Beyond performance in a given course we are also concerned about understand-
109 a student's progress on a still larger tIme scale. At this global level there have 
been a great vanety of studies of predictmg, for example. achievement in college 
based on grades in the first year. based on grades in high school. etc. We know a 
lot about how well we can do and what the limitations are of such large-scale 
predictions. We do not seem to have a very good understanding of how to make 
predIctions that run over two or three years a good deal more precise than they 
currently are. I have In mind. of course. that other vanables than simply cogm­
tive ones will need to be brought to bear in such long-term predictions. 

The prospect of good predictions IS more optimIStIc. as already indicated. In 
an mdividual computer-based course. that might run for the course of an academ­
ic year. A detaIled theory of such trajectories for a gIven course was developed in 
Suppes. Fletcher. and ZanottI (1976) and in a number of subsequent publications 
that I shall not cite. ImplementatIOn of these ideas is now under way at the 
Computer Curriculum Corporation. and we are having reasonably good results In 
predictmg for three to SIX months In advance the progress of an individual student 
based on his performance over an mitial several months. What we will need in 
the future. as the theory is developed and tested more thoroughly. are explicit 
dynamIC algorithms for adjusting the time spent by the student and. in some 
cases. the kind of tutoring. to his specific progress. 

Cognitive diagnosis of learning difficulties. A number of interesting ideas 
have been advanced in the past decade for diagnosmg the cogmtive source of 
panlcular student errors. The plOneenng work of John Seely Brown and his 
colleagues at Xerox P ARC has been an Important contribution. The exact source 
of errors in some contexts can be dIagnosed with precIsion and efficIency. A 
good example \liouid be mIstakes In Inference. In USIng the mteractIve theorem­
provers descnbed earlier. when the student attempts an invalid inference he 
receIves an error message that spells out In detail the nature of the error he has 
made. The explicitness of the message begins to fade away as the steps the 
student attempts to take become larger. Moreover. although we can make a very 
detailed analysis of invalid elementary inferences. we do a much poorer job 
when the student uses. for example. the resolution theorem-prover and IS not 
successful. In some cases. devices for identifying the source of his difficulty can 
t~ rmplememed. but In others the problem is well-known to be beyond the reach 
of systematIc theory, Just because of the undecidability of the theories In ques­
tion. Note that undecidability holds even at the level of first-order logic. which 
means that a theorem-prover cannot be guaranteed to show that an attempted 
inference is not a valid one 10 all cases. 

It does not take much observatlon of a student's work at computer terminals to 
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realize that a real problem for any cognitive diagnosis of errors is the continual 
presence of errors that are not explicitly cognitive in nature but are recognized 
immediately by the student as what I like to call output errors. For example. a 
student who is doing an exercise in elementary arithmetic will touch the key for 
one number rather than another. and immediately recogmze the mistake. Some­
times the mistakes are ones of hand-eye coordination. Some are due to momen­
tary lapses of concentration. I have not seen a real study. nor have I or my 
colleagues attempted one. of the many different sources of such errors at a level 
of detail enabling a quantitative estimate to be made. I do think that in ele­
mentary mathematics a surprising percentage of the errors students make can be 
attributed to such factors. and the cognitive diagnosis can then be easily mis­
taken. Let me give just one personal example. I have recently watched over 
several months my eight-year-old daughter do more than a thousand exercises in 
the elementary-mathematics course described above. She is very irked to get a 
contingent-tutoring message when the mistake she has made is one that she 
clearly recognizes as a casual mIstake and not as a result of not understanding the 
exercise. The percentage of such casual mistakes, as a portion of her total 
number of errors, I would casually estimate as significant, but unfortunately I 
have not kept the kind of data records to enable me to make a quantitative 
estimate. I do think there is a methodology for trying to identify such noncogni­
tive mistakes. Perhaps the most powerful method is latency measurements. for in 
the case at least of elementary-school children, I would conjecture that a good 
portion of such errors are due to responding too quickly and too casually, espe­
cially when a multiple response (for example. a response requiring several digits) 
is reqUlred. I am not trying to really describe the solution here. but only to bring 
to the front the problem of estimating such noncogmtive mistakes. a problem that 
I think is a significant one for any intelligent tutoring system. The student thinks 
the system is pretty dumb if it does not recognize when a mistake is casual and 
not a result of misunderstanding. 

Maintaining motivation. Good human tutors do not Simply cogmtively un­
derstand the difficulties of theIr students but they understand at least as well what 
It IS that motivates them. and what will keep them workmg. If one were to survey 
the great variety of work in computer-assisted instructIon that has been done In 
the past several decades. it would be my own judgment that the absence of 
sustained work on motIvation IS perhaps the most serious omission. There are a 
few exceptions. for example. Tom Malone's excellent study on what makes 
games fun (Malone. 1984). 

The difficulties at the deepest level are fundamental. How do we recognize 
when a student is letting his mind wander. as we like to say'? Perhaps the best 
way I~ by ob~ervIng hi~ eye movements ana focus ot attention. Observatlons of 
this kind are subtle. and at the present time quite' difficult for any computer 
system to make. I mentioned earlier latencies of responses as a method of 
detectmg noncognitive mistakes. Latencies can also be used to give us mforma-
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tion about motivation but not as directly as other measures of attention. When I 
work with my daughter I can tell when she is getting tired. but I do not under­
stand very well how to convert this intuitive knowledge into a program. I can 
also tell when she is finding a sequence of exercises boring, and even though I 
know my judgment is sometimes mistaken I still have faith that on many occa­
sions I do correctly make such judgments. but again a program to catch this 
aspect of her response to the work is not easy to construct. 

Some systematic experimental work on motivation In the past decade or so 
can provide interestIng and important conceptual guidelines in introducing ex­
plicitly consideratIOns of motivation in computer-based courses. On the other 
hand. it is my impression from this literature that a closer and more detailed 
interface between schemes of motivation and schemes of instruction is reqUired 
to have a real impact on student performance. 

Dialogue. In the 1966 article in the Scientific American I dreamed of dialogue 
systems that would be the rival of fourth century B.C. tutors in anCIent Athens. I 
have not given up hope. even though we are not there yet. InterestIngly enough. 
perhaps from the standpoint of the ancient Greek viewpoint the most important 
feature is a technical one not specific to education. This is the capability of good 
speech synthesis and good speech recognition. so that an oral dialogue can be 
properly conducted. In this age of compact disks and high fidelity it may seem 
that there is no real problem of computers talking but only of listenIng. However. 
this is not the case. It is not a characteristic of serious dialogue that message are 
precanned. It is important that the content of what is to be said be synthesized on 
the spot. This means that synthesizers that work by rule and not by digital 
approximation of an entire message are essential. We still do not have high­
fidelity speech based on synthesis by rule and in fact we are just beginning to 
have minimally acceptable quality of speech operating on synthesis by rule. The 
fine and subtle prosodiC features that any good tutor uses In talkIng to a student 
are still some distance away. but until we have them the Greek Ideal will not be 
realizable just at the level of speech. not to speak of the content of the speech. 

Bur more than content IS needed for good dialogue. A good tutor deeply 
engaged with a student builds on the spot a global model of the mmd of the 
student. We are only beginmng to understand how to bUild such models. and we 
shall not in any near future match good human performance. But there are other 
things that we can do in a computer framework that even the best of human tutors 
cannot. Here are a few examples: intimate use of detailed memory of past 
responses of the student. subtle quantitative use of the speed of the student's 
responses. the generation of a vast range of exercIses tailored to the needs and 
interests of the student-most human tutors do not have time for this. and even at 
a somewhat later date. monitoring a student's eye movements to give a refine­
ment of inSIght that on some points can exceed what any human tutor can be 
expected to do. (For some evidence of the complexity of a quantitative theory of 
eye movements in an instructional setting, see Suppes, Cohen. Laddaga. 
Anliker. & Floyd, 1983.) 
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The Turing test for intelligence is well known in the computer world. \Ve 
need a Socratic test for dialogue systems. I doubt that any system will really pas~ 
before the end of this century, but much useful theoretical and practical work \\ III 
be done on the way. 
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