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Abstract: Consultation is a method widely used in computer centers for helping people to use unfamiliar computer
systems or languages. Unfortunately, consultants are scarce, expensive, and often unavailable when needed. This paper
describes the implementation of an automated consultant for MACSYMA, called the Advisor.

The Advisor's implementation is based on the assumption that the MACSYMA novice behaves in accordance with
a standard heuristic problem solving algorithm, called MUSER. This assumption is supported by a body of data on the
problem solving behavior of MACSYMA users. In solving his problem, the user implicitly generates a goal-subgoal graph,
called a “plan”. The plan is a direct proof that the commands used actually achieve the goal (in terms of the user’s
beliefs), and the problem solving algorithm constitutes a grammar for such plans.

The key to the consultation process is Lhe analysis of the user's plan. First, the plan is reconstructed by a combined
process of dialogue and automatic plan recognition, and then the underlying beliefs are checked for errors. Because of
the MUSER model, the Advisor is able to diagnose not only standard errors but also more general misconceptions.

1. Introduction

Consider a person trying to solve a problem with a com-
puler system he does not fully understand, and assume
that he has encountered a difficulty duc to his lack of
knowledge of that system. For example, he might be un-
aware of the capabilities available or not know the names
of its commands, or he might get an unexpected result he
can't explain. The simplest way for him to acquire just
the information he nceds is to ask a consultant for help.
Then, armed with the consultant's advice, he may sur-
mount the difficulty and solvg the problem. Consultation
is a method widcly used in computer centers as well as in
domains like business, law, and medicine; and, as com-
puter technology becomes more pervasive and computer
syslems more complex, the nced for consultation will
grow. Unfortunately, human consultants arc scarce, ex-
pensive, and often unavailable when needed. This paper

describes the implementation of an automated consultant
to fill this nced.

The type of difliculty described above can be called a
resource usage difliculty to distinguish it from a difficulty
inhering in the problem or a difficulty inlearning about the
resource without a spccific problem in mind. A resource
usage diflicully is one which is encountered in trying to
solve a problem using a resource and due to the problem
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solver's lack of knowledge of that resource. The con-
sultant’s task i8 to remedy the deficiency in the user’s
knowledge underlying a resource usage difficulty.

The hardest resource usage difliculty to handle is a vio-
lated expectation which the user can't cxplain. In other
cascs, the deficiency in the user's knowledge is implicit in
his question, and the answers can simply be looked up in
a data basc (c.g. “how dol invert a matrix?” or “what arc
the arguments to MAP?"). In the case of an unexplainable
violated expectation, cven the user is unaware of the na-
turc of his “misconception”. The consultant's first step,
thercfore, is to identify this misconccption, after which
he can gencrate his advice.

The method described here for the identification of the
uscr's misconception is bascd on the assumption that the
user's actions are “rational”, i.e.-that he has some “plan”
for achicving his goal. This plan explains why he chose
the commands he did in terms of his beliefs about the
input-output specifications of those commands. The key
to thc identification of the uscr’'s misconception is the
reconstruction and debugging of this plan.

The plan reconstruction procedure is based on the as-
sumption that the user of a complex resource behaves
(up to ordering of strategics) in accordance with a stand-



ard hcuristic problem solving proccdure, called MUSER.
MUSER is a largely domain independent problem solver
with the ability to invoke domain dcpendent methods
when necessary. In solving a problem the user implicitly
gencrates a graph of goals and subgoals, in accordance
with this algorithm. MUSER is guaranteed to produce
only correct solutions (given a correct data base), and so
this goal-subgoal graph constitutes a direct proof that the
uscr’s commands achicve his goal (in terms of his beliefs).
In the consultant described here, the notion of the uscr's
plan (as proof) is identificd with the goal-subgoal graph
of his solution.

With this vicw, plan reconstruction is a complex “parsing”
problem, in which the user's actions are the “sentences”
and in which the MUSER algorithm is the “grammar”.
The plan reconstruction process consists of heuristic sug-
gestion of partial parsings together with forward and
backward symbolic cvaluation of the problem solving pro-
cedure to filter these suggestions. Some of the partial
parsings arc suggested by the patterns in a library of fre-
quently recurring crrors. Others are suggested by correct
facts about MACSYMA and the structure of the MUSER
modecl. Although the recognition of standard crrors plays
a large part in cffective consultation, it is possible to
reconstruct plans containing misconccptions using just
the MUSER model and correct facts about MACSYMA.

The mcthod of consultation is excmplified by an
automaled consultant for MACSYMA novices, called the
Advisor. It is a program distinct from MACSYMA,
with ils own separale data base and expertise. The
Advisor accepts a descriplion of a resource usage difficulty
from its user and gencrates advice tailored to his need.
Eventually, the Advisor should be able to converse in
English; however, at present, all communication' is con-
ducted in the Advisor's LISP-like data base language.

This docs not mcan that the consultation technology
described here is in any way restricted to MACSYMA.
Consullation is useful in any situation where the user of
a resource must do some problem solving with partial
knowledge of the resource. The Advisor could equally well
be applicd to any complcx, intcractive computer system,
such as a text cditor, a document production’ program,
or a data base query system.

2. An Example of a Resource Usage Difficulty

As a concrele example of a resource usage diffiulty, con-
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sider the MACSYMA intcraction and consultation scs-
sion shown in figure 1. The command lines (e.g. CB6)
are typed by thc uscr; the display lincs (c.g. DB6) arc
MACSYMA's response. A command linec may be ter-
minated by a “"” or a “$"; if the latter is used, the dis-
play line is supprcssed (c.g. CT7). Expressions arc entercd
in lincar form (e.g: (3-2*7)/7), *:" is the assignment
opcerator; and othcr commands arc applicd using func-
tional notation (c.g. RATSIMP(D4)). Parentheses delimit
compound statements.

(C6) RATSIMP(DA);

(D6) (—3X —3)Z 4 X4 3X

(C7) (A:COEFF(6,X,2),B:COEFF(6,X, 1),
C:COEFF(DS8,X,0))$

(C8) (-B+SQRT(B12-4°A*C))/(2*A);
(D8) 0

(C9) HELP()$
User: T was trying Lo solve D6 for X and I got 0.

Advisor: Did you expecl COEFF to return the coefficient
of DG?

User: Yes, doesn't it?

Advisor: COEFF(EXP,VAR, POW) rcturns the correct
cocflicient of VARPOY in EXP only if EXP is cxpandcd
with respect to VAR, Either expand first and khen use
COLFT or use RATCOEF.

Uscr: Ok, thanks. Bye.
Fig. 1 - An example of MACSYMA consultation

In this example, the user's diflicully was due to
his “misconception” that COEFF always rcturns the
cocflicicnt of its argument. This misconception gave rise
to the erroneous use of COEFF in line C7 without a
preliminary expansion of D6. Howcever, the uscr didn't
observe this “bug” until the zero appeared in line D8.
Bceing unable to explain the violation of his expectations,
the uscr then appealed to the on-line consultant for help.

One common suggeslion for eliminating such difliculties
is to switch the names COEFF and RATCOLEFF. One
rcason this hasn’t been done is that COEFF is much
more cflicicnt than RATCOEFF; by giving COEFF the
more common name, the hope is that users will try the
more eflicient command first. Even if they were switched,
not all problems would be climinated. For example, a
user who wants to solve a polynomial over a polynomial
domain would nced a version of COEFF with the present



semantlics; seeing a command called COEFF he might
believe that it does what he wants and would get the wrong
answer. So long as there arc commands with difTerent
interpretations depending on the the type of problem the
uscr is trying to solve, there will be violated expectations
and a need for consullants.

J. The MUSER Modecl and Plans

In order to discover the misconception underlying the
user's violated expectation, it is first neccssary to know
why he expected it. The user must have had in his mind
some argument explaining how his particular sequence of
commands was structured to achicve his expectation. For
single commands, an adequate explanation is simply a
belief about the command involved. For a sequence of
scveral commands, the explanation requires an enumera-
tion of the intrinsic properties of the individual commands
together with an argument showing how they co-operate
to achicve the expectation. A plan is a formalization of
this notion of co-operation, cssentially a formal proof that
the command sequence results in the expectation.

This view of plans raiscs two qucstions. How docs onc
charactcrize plans, i.c. is therc any syntax for or constraint
on plan structure? Second, how does the Advisor acquire
knowledge of the uscr’s plan and how is it debugged?
The answer {o the first question is given as a formal
modecl for the problem solving behavior of the MACSY MA
novicc. The Advisor's techniques for plan reconstruction
and debugging are described in the scctions thereafter.

Task Environment
(Mathematics)

pmi i Problem Solver

(= — - — = —

3.1 The MUSER Modcl

In solving problems MACSYMA novices do not randomly
explore all possible combinations of commands. In fact,
the analysis of more than a hundred problem solving ses-
sions supports thc conjccturc that novices act in accord-
ance with a standard heuristic problem solving procedure
called MUSER. The diffcrences between uscrs stém from
differences in their knowledge of MACSYMA aud their
ordcring of strategies. The strategies themselves seem to
bc common.

The MACSYMA user typically has a mathematical
problem he is trying to solve and approaches MACSYMA
for its powerful abilitics at algebraic manipulation. Thus,
in any MACSYMA problem, there are two distinct
domains involved, viz. mathcmatics and MACSYMA. In
the MUSER model, knowledge about these domains is
grouped inlo three categories (sce figure 2). The “Task
Environment” is a body of mathematical factd and pro-
cedures; the “Static Model of MACSYMA” contains the
input-output specifications of MACSYMA's commands;
and the “State Description” is a data base of facts about
the current MACSYMA (such as variable bindings and
function definitions). The MUSER problem solver is a
domain indcpendent procedure which accepts a problem
statcment in a domain independent formalism similar to
predicate calculus and produces a sequence of MACSYMA
commands that solves it. In doing so, it utilizes the facts
stored in the data bases and implicitly generates a goal-
subgoal graph, or “Plan”.

Static Model
1 of MACSYMA

] State Description
of MACSYMA

Plan

Fig. 2 - MUSER's data structures
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The MUSER problem solver is guaranteed to produce
only correct solulions (given a correct data base), and so
this goal-subgoal graph constitutes a dircct proof that the
commands achicve the goal (in 1erms of the facts in the
data bascs). Any crrors in a solution must derive from
incorrecl entries in oneof the data bases. A resource usage
difliculty oft.cn arises due to an error in the user's static
modcl of MACSYMA, and the purpose of consultation is
to correct such errors.

The MUSER problem solver is represented as a
“paramecterized procedural net”, or PPN. A PPN is a
hicrarchical nctwork of actions at varying levels of dctail
in which cach action nodc has associated with it sets
of input and output objccts and scts of “prerequisitcs”
and “postrcquisites” (conditions which must be true for
the action to succeed and those which become true
after its cxecution). In the procedural nets described by
Sacerdoti [Sacerdoti], cach action node is described in
terms of specific objects in the world being modcled. In a
paramcterized procedural nct, the flow of data into and
out of an action is described in terms of the inputs and
outputs of other actions without naming any specific real
world objects. Thus, a PPN is a kind of partial program.
Exccept for its hicrarchical character and the explicit reps
rescntation of prercquisites and postrequisites, this for-
malisin is similar to the dataflow graphs described by
Dennis [Dennis).

Figure 3 shows a very small fragment of the MUSER
PPN. The squarcboxes represcnt problem solving methods
at varying levels of detail. Methods at different levels
are connecled by vertical “supergoal-subgoal” links.
Links with crossbars denote conjunctive subgoals; those
without, denote alternative sugbgoals. The rounded boxces
represent data basc asscrtions. In order to simplify the
presentation and emphasize their hierarchical character,
PPNs are drawn here as (rees without control or dataflow
links and with various problem solving methods dupli-
cated (e.r. “Obtain an object”). In looking at such ab-
breviated diagrams, the reader should bear in mind that
the action nodes are actually interconnected through their
inputs and outputs and through their prerequisites and
postrequisites.

Each problem solving method in MUSER satisfics a par-
ticular type of goal by a particular method or a choice
of mmcthods. For example, the goal of “Oblain an object”
is to “obtain” the object specificd as its argument (cither
to print it out or pass it as argument to a function). In
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MACSYMA onc can do this cither by finding an alrcady
computed expression (the “Find a variable” method) or
by constructing one anew (the “Construct an object”
method).

In the “TFind a variable” method, MUSER secarches its
data basc to find a variable with the goal as value and
then evaluates it. In-the terms used in figure 3, it looks a
variable v such that Val(v) = g, where g is the specificd
goal.

The ‘Fetch” method is MUSER's data base access func-
tion. It scarches the data base for a fact of the form
specified in the assertion attached to it. (This includes
more than cxact matches. “Fctch” employs a fast
but limited inference algorithm [Genesereth 1977] to do
properly inheritances and. set interscctions as well.) In
this case, the goal g would be supplicd as an input to
“Fetch” and the variable v would be returned as output.

The “Action” mcthod is MUSER's way of cxecuting a
command in MACSYMA. Given a command and a set
of objects as inputs, “Action” will cause MACSYMA to
call the command with the objects as arguinents and will
return an internal representation of the answer as its out-
put. In the casc of “Find a variable”, thc command is
MACSYMA'’s evaluator MEVAL.

The alternative to obtaining a pre-computed object is to
construct a new one. The goal of the “Construct an ob-
ject” method is o produce an object defined as f(a). The
strategy is to search the dala basc for a command ¢ which
compules f, given preconditions p on the argument and
general prerequisite g, as shown in figure 3. The outputs of
“Feteh” arc the command ¢, the preconditions p, and the
prerequisite g. Iaving found such a command, the method
then obtains the argument a in a form that satisfies p,
achieves q, and executes the command. The extension to
multiple argument functions is straightforward.

The arguments of a function are obtained by the “Obtain
arguments” method. If a particular argument must satisfy
a precondition, MUSER uses the “Obtain and Convert”
mcthod. If not, it simply calls “Obtain" recursively.

The strategy of “Obtain and Convert” is Lo obtain the
argnment and then transform it Lo satisfly the precondi-
tion. In doing so, it scarches for a suitable transformation,
achicves its prerequisites, and applies the transformation,
as shown.



Obtain an object

Find variable Construct an object

Cv: p(z)Aq = /(z) = c(t))

\

Fetch MBEVAY  Action Fetch Action

Obtain the Achieve
arguments Prequisites

|

Obtain an
argument

Obtain object and
Convert to form Obtain an object

Achieve

Prequisites Action

Obtain an object Fetch

7

CVz c(z)eg Az == c(sv

Fig. 3 - A fragment of the MUSER Modcl

SOLVEQD

PQUADR

Obtain an object Obtain an object Obtain an object Action

Fig. 4 - The domain dependent method SOLVEQD

315



The full MUSER model is considerably larger than the
small fragment shown hcre (sce [Genesercth 1978)). In ad-
dition, MUSER has thc ability to invokec domain depend-
enl procedures when appropriate. As MUSER generates
each subgoal in solving a problem, it scarches its data base
for any domain dependent methods with a matching goal.
If such a proccdure is found, it is uscd just as if it were a
mcthod in the MUSER modcl. As an example, consider
the procedure SOLVEQD shown in figure 4. SOLVEQD
computcs the cocfficicnts of the quadratic and then plugs
the results into the quadratic formula. If MUSER needed
to obtain the root of a quadratic, it would find SOLVEQD
and invoke it with the corresponding “Obtain an object”
method as supergoal.

3.2 Plans

A plan is the result of executing a parameterized proce-
dural net with particular bindings for the paramcters.
Morc formally, a planis a PPN in which all network objects
arc bound to rcal world objccts, all parcnt-child cyclcs
have been climinated by copying, and all disjunctions
have been resolved. Additionally, a plan includes pointers
to all data base asscrtions accessed in constructing it.

Figurc 5 shows a plan for computing the coefficient C1G8
of X in an expression G6. The data basc documents that
the COEFF command computes the coefficient of an ex-
pression so long as it is expanded. In trying to obtain
the argument in expanded form, MUSER finds that the
EXPAND command returns an expanded version mathe-
matically cquivalent to its argument. Henece, EXPAND is
called on the value of DG, and the result (GE) is passed as
argument {0 COEFF. Note that this plan is completely
correct, unlike the user’s plan in figure 1.

4. Overview of the Consultant

In handling a violated expectation, the Advisor's first step
is to reconstruct the uscr's plan. When the Advisor is
called, it hasa data therclevant sequence of MACSYMA
commands; and, if the user has not already supplied it,
the Advisor obtains from him a statement of his overall
goal. The commands arc assumed to represent the fringe
of a plan in which the root is the user’s goal. The pur-
posc of plan rcconstruction is to fill in the intervening
structure.

The Advisor's plan reconstruction procedure has three
parts. The first step is to convert the user'’s actions into a
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single-level dataflow graph. The sccond step is mechanical
plan recognition. In principle, the plan could be obtained
by asking the user to describe in detail how he intended
to achicve his goal. However, human consultants are able
to bypass most and sometimes all such questioning, and
it would be preferable if the Advisor could do as well.
Furthermore, in practice the uscr often won't know what
terms Lo use in describing his intentions, or the description
might be too tedious for his paticnce to bear. Therefore,
to be cffective, a consultant must reconstruct as much
of the user's plan as possible with as little questioning
as possible. The third phasc of plan acquisition is uscr
interrogation. When the Advisor's plan recognition pro-
ccdure fails to produce a complcte plan, the Advisor tells
the user what it has figured oul and asks for help.

The plan recognition procedure is a heuristic “parsing”
procedure that searches the partially reconstructed plan
for plan fragments (from its “Plan Library”) or error frag-
ments (from its “Error Library”). Since the user's plan is
assuimned (o be an instantiation of the MUSER model, the
Advisor also usecs thec MUSER modecl as data in inferring
further structure. All possible parsings are simultaneously
explored until a single plan is found that tics the user's
goal to his dataflow graph. The first such “parsing” of the
graph to be found is tentatively adopted by the Advisor
as the correct plan. If at some later stage the Advisor finds
that its tentative plan does not correspond with the user’s,
the Advisor eliminates it from consideration and searches
for another parsing. In some cases, the recognizer can rule
out potcential plans by checking the componcnt data basc
asscrtions against its modcl of the uscr's belicfs. If the
tenlative plan includes a misconception the user is known
not to posscss, the plan is rejecled and another sought.
In the cpisode shown in figure 1, the Advisor was able
to rcconstruct the plan shown in figure 6. In comparing
this plan to the onc shown as figurc 5, note the diffcrent
data base assertion about the command COEFF and the
resulting usc of the “Obtain” method instead of “Obtain
and Convert”.

Oncc the Advisor has a version of the user's plan, it tries to
identify the misconception. The first slep in doing this is
{o acquire a suspicion of what might be wrong. Suspicion
can be aroused cither by recognition of soine standard
crror in the uscr's plan or by a general modcel debugging
process. Once a suspicion is arouscd, the Advisor confirms
that it is a misconceplion by asking the user whether or
not he believes it. In the example, the Advisor found that
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Fig. 5 - Plan to compute the coefficient of an expression
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Fig. 6 - The plan for the MACSYMA session shown in Fig. 1
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the assertion about COEFF in the reconstructed plan was
incorrect and then asked the uscr whether he believed it.

Once a misconception has been identified, the Advisor
corrects il and generates advice. In the current implemen-
tation all standard crrors have scripts associated with
them. When such an error is detected and confirmed, the
script is recited to the user. Thesc scripts arc prepared
by the Advisor's programmer and contain-all the neces-
sary directions. In other cascs, the Advisor follows a more
genceral procedure.

In this more general procedure, correcting the misconcep-
tion is casy; the uscr is simply told that his misconception
is wrong. If there is a corresponding correct fact about
the command or variable involved, this information is
then supplicd. In this example, the uscr was first told the
correct information about COEFF.

Unfortunatcely, simply relating the correct information
about the wrong command doesn’t always help the user
find the right command or option. Misconception correc-
tion is intended to improve the user's knowledge about the
command or variable used. Ielping him to uscful infor-
- mation to achicve the goalinvolved is the purpose of the
“misconcepliom alternative” step of advice generation. In
order Lo find an alternative, the Advisor cxccutes (on its
own data base) the same “Felch” call with which the user
retrieved his misconception (as indicated in the plan). If
it succeeds, the information is conveyed to the user, as
in the example. 10 it fails, no further action is taken. In
cither case the Advisor considers its work donc and the
epirode ends.

5. Summary

The Advisor is implemented in MACLISP and consists of
about 50 pages of very compact code, including the data
basc manipulation routines and the MUSER problem sol-
ver but not counting the data base about MACSYMA.
(At thc moment the data basc includes information about
a few dozen commands only.) As mentioned earlicr, there
is o natural language interface. Prcliminary testing of
the systemn by hand translating consultation sessions into
the Advisor’s inlernal language shows that the major
shortcomings arcits lack of knowledge of the task environ-
ment (mathematics) and the weakness of the MUSER
modecl. A full description of the implcmentation and the
theory on which it is based can be found in [Genesereth
1978).
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Thc important contributions of this rescarch are (1) its
emphasis on the need for consultation in any sufficiently
complex domain and (2) its consultation technigue. In
general, a consultant is necessary whenever one is faced
with a problem solving situation in a domain onc docs not
fully understand. The lack of knowledge may be inciden-
tal, as it is when the domain or device is fairly simple
but time constrainis make it impossible for the user to
learn all that is necessary (e.g. using a calculator or os-
cilloscopc). Or it may be csscntial, as when the domain is
very complex and the uscr can't possibly learn everything
(e.g. MACSYMA).

The implementation described here is based on the belief
that a good consultant must posscss not only substan-
tial knowledge of its material but also a good model of
its user’s knowledge. The key point of the paper is that
plan reconstruction and analysis i8 a good way to gain
this user model. The consultant described here utilizes a
formal domain-independent problem solving model as a
grammar for plan rcconstruction. Although the Advispr
also uses an error library, the plan grammar allows it to
diagnose bugs it has not previously cncountered. This
notion of a person's “plan” for solving a problem is central
to consultation and should prove uscful for man-machine
intcraction in gencral.
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