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structive tasks perform heuristic search, that is, a com-
binatorial search in which candidate partial solutions are
constructed and their potentials evaluated. Rl can for the
most part, however, avoid the combinatorial search (and
thus avoid backtracking) by using small local searches for
additional information at steps where there is ambiguity
about what next action is most appropriate.'® In other
words, local cues are ordinarily sufficient to drive R1 along a
path to a solution.

RI’s problem-solving method selects the next piece of
knowledge to apply from among those associated with the
currently active subtask. Ordinarily, only a few are relevant
at any given time. A piece of knowledge is considered rele-
vant whenever the pattern defining its relevance can be
instantiated by elements describing the current state of the
world. When more than one piece of knowledge is relevant,
the problem-solving method relies on very general heuristics,
such as the recency of the elements and the specificity of
each pattern, to determine which piece to apply.

Thus, R1’s problem-solving can be characterized as fol-
lows: Given that it’s involved in some task, it will take what-
ever next action (i.e., apply whatever knowledge) is relevant;
if more than one piece of knowledge is potentially relevant,
the choice will be made on the basis of very general con-
siderations; if there is no more knowledge relevant to the
current task, R1’s attention returns to the parent task; when-
ever R1 does not have enough information to confidently
prefer one possible action to all other candidate actions, it
does some local problem-solving (e.g., by invoking some
information-gathering subtask) until sufficient information
has been collected.

Why it’s hard to add knowledge to R1. RI’s problem-
solving method does not provide expert configurers with
clear guidelines about what knowledge they are expected to
share. In particular, a person adding knowledge to R1 could
use substantially more help in (1) how to go about bounding
the potential relevance of a piece of knowledge and (2) how
to determine which piece to apply when more than one is
relevant.

The relevance of each piece of R1’s knowledge is defined
by a pattern (i.., a set of conditions); the pattern specifies,
for some subtask, the circumstances under which the piece
of knowledge can be applied. Because R1 has no defined
knowledge roles, the way relevant pieces of knowledge are
chosen cannot be explicitly expressed. The problem-solving
method provides no vocabulary for an expert to describe the
various roles knowledge will play in the performance of a
task. Knowledge has been represented in R1 in various ways;
regularities, to the extent they exist, have gone unnoticed.
One has to know R1 well to modify its behavior in some
desired fashion. Since R1 now has so much knowledge, gain-
ing such familiarity has become more and more formidable.
It is thus hard to communicate to the variety of people
adding knowledge to R1 what is required of them. RI’s
problem-solving method is just a problem-solving inclina-
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tion that has to be further specified by the knowledge it
uses.

Rime’s approach to configuration

The configuration task Rime is being groomed for is iden-
tical to R1’s task. But Rime currently has only about an
eighth of the knowledge R1 has. Rime’s competence is in the
area of unibus configuration (which was R1’s earliest area of
expertise) where it can configure three of the twelve system
types that R1 can configure.

The problem-solving method. The primary problem-
solving method used by Rime has been derived from work
done on R1-Soar''—an experiment in knowledge-intensive
programming using a general problem-solving architecture
called Soar.!? The major difference between R1-Soar and
Rime is that for Rime Soar’s general problem-solving
method has been tailored for tasks that can be solved by a
strongly recognition-driven problem-solver. Also, Rime has
several ““auxiliary methods,’’ not described in this article,
that are useful in a variety of special circumstances.

Problem-solving in Rime (as in R1-Soar) is done in"
problem-spaces. A problem-space consists of a set of opera-
tors and pieces of knowledge that indicate the conditions
under which these operators might appropriately be applied.
A problem-space is the arena within which part of a com-
plex operator from a parent problem-space is implemented.
Rime’s problem spaces serve much the same function that
subtasks do for R1; each problem space corresponds to a
part of the configuration task that expert configurers have
named. The difference between R1 and Rime is that Rime’s
problem-solving method imposes an additional level of
organization on its knowledge. Within each problem-space
there are six roles for knowledge to play: propose-operator,
reject-operator, evaluate-operator, apply-operator, recognize-
success, and recognize-failure. Rime’s primary problem-
solving method is defined in terms of these knowledge roles.
Before this method is described, some discussion of each of
these roles is appropriate.

Propose-operator. Propose-operator knowledge suggests
what operators might solve the problem at hand under the
current set of circumstances; it is also knowledge of the rela-
tive static desirablity of those operators. For example, three
operators that might be proposed in the configure-unibus
problem space are the configure-module, the configure-
backplane, and the configure-bus-repeater operators. Each is
sometimes appropriately applied. The configure-module and
configure-backplane operators, if applicable, are always to
be preferred to the configure-bus-repeater operator. The
choice between configure-module and configure-backplane
is dictated by a variety of situational cues.

Reject-operator. Reject-operator knowledge is used to
reject inapplicable operators proposed by propose-operator
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knowledge. For example, the configure-module operator
might be rejected because of insufficient power of a particu-
lar type. The principal reason for separating propose-type
knowledge from reject-type knowledge is to allow additional
information to become available (the reasons why certain
operators are rejected) which in turn can make it possible to
select a more appropriate operator.

Evaluate-operator. Here the task is to favor one of the
proposed operators on the basis of whatever domain-specific
considerations are relevant. A piece of knowledge favors one
proposed operator over another under some specific set of
circumstances. For example, the configure-module operator
would be preferred to the configure-backplane operator if
the pinning type of the next module to be configured is the
same as the pinning type of the next available slot in the
backplane being filled.

Apply-operator. Apply-operator knowledge defines the
actions that are to be performed when some operator is
applied. For example, when the configure-module operator
is applied, the boards comprising the module must be
associated with particular slots in the backplane.

Recognize-success. Recognize-success knowledge indicates
how to determine when a subtask has been satisfactorily
completed. For example, if all modules have been configured
then there is nothing more to do in the configuration-
module problem-space.

Recognize-failure. Recognize-failure knowledge indicates
how to determine when the current approach to performing
a subtask is not going to succeed. For example, no space
remaining in the backplane currently being filled indicates
that more space must be identified before the task can be
finished.

Just as Rl always selects the next piece of knowledge to
apply from among those pieces of knowledge associated
with the currently active subtask, so Rime selects the next
piece of knowledge to apply from among the knowledge
associated with the currently active problem space. But
whereas there was little more to say about how R1 selects
knowledge, Rime’s problem-solving method is substantially
better specified. R1 and Rime use essentially the same
knowledge to perform their tasks, but because Rime’s
method makes the roles that knowledge can play explicit, it
is easier to talk (and think) about how Rime uses its knowl-
edge and about what knowledge it needs to perform its
tasks. Whenever it performs a subtask, Rime always
sequences one or more times through a series of steps.
Within each step, there is never any issue of what action to
perform next because the method was designed to eliminate
all control issues inside steps. Thus, although Rime ordinar-
ily has many rules that are satisfied at any given time, it
never matters in what order the satisfied rules are executed.
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Within any step, any of the rules that are satisfied can be
executed in any order. When no rules are satisfied, control
moves to the next step.

Step 1: Propose candidate operators (propose-operator
and reject-operator). Step 5 of Rime’s method (below)
applies the operator that has been selected; if this operator is
complex, its application becomes a problem to be solved in
another problem-space. Rime’s first step in the new problem-
space is to propose operators that are relevant to the current
situation and to reject those whose pre-conditions are not
satisfied. Rime can be sure at the end of this step that all of
the operators that could plausibly be applied are available
for consideration.

Step 2: Eliminate obviously inferior candidates. Rime’s
second step is to try to prune some of the candidate opera-
tors. If there are candidate operators whose preconditions
are all satisfied, any operators whose preconditions are not
all satisfied are pruned. If there are candidate operators
whose preference class is lower than the preference class of
other candidate operators, those operators in the lower
preference class are pruned.

Step 3: Evaluate the remaining candidates (evaluate-
operator). During the third step, Rime compares the candi-
date operators that remain after the second step with one
another. Each circumstance that suggests that one of the
operators is less appropriate than another results in the less
appropriate operator being pruned. At the end of this step,
all of the evidence that Rime has that allows it to dis-
criminate among the candidate operators has been taken
into account.

Step 4: Select one operator. In Step 4, if more than one
candidate remains, Rime selects one of the candidates at
random.

Step 5: Perform the actions associated with that operator
(apply-operator). Rime’s fifth step is to apply the operator
selected in the previous step. If the operator can be realized
within the current problem-space, whatever actions are per-
formed to realize this operator are performed during this
step. If the operator is complex and can only be realized by
invoking another problem-space, the problem-space in which
the selected operator can be realized is invoked.

Step 6: Quit if there is nothing more to do (recognize-
success and recognize-failure). In the sixth step, Rime looks
for evidence that it has done all that can be done for now in
the current problem-space. If it recognizes that it has done
everything it can, control returns to Step 5 in the parent
problem-space.

Step 7: Iterate. 1f Rime finds itself at the seventh step, it
knows that it is appropriate to iterate through the steps
again, and so it goes to Step I.
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=N PROBLEM-SPACE: CONFIGURE-MODULE

ROLE: REJECT-OPERATOR

MODULE: HEX-SLOTS-REQUIRED
RESTRICTION: SCOPE SLOTS
OPERATOR: REASON SLOT-SPACE HEX

Figure 2. A sample reject-operator ruie.

Sear asked the user for in this particular situation; the rest
of the figure shows the OPSS5 rule Sear created on the basis
of that information and an English translation of the rule.
The rule illustrates how much can be inferred by Sear given
just a rudimentary understanding of the computer system
configuration domain and an indication of the role the
knowledge will play. Sear’s knowledge of the configuration
domain is currently limited to a small collection of quite
general heuristics; for example, Sear knows that particular
kinds of containers are ordinarily associated with particular
kinds of objects. When Sear is told that the problem-space is
the one in which modules are configured and that the
knowledge role is reject-operator, it can create a goal ele-
ment. It knows, since the rule concerns configuring mod-
ules, that the operator to be rejected is likely to have
configure-module as its problem-space. It also knows that
the rule will need an element that matches some module, so
it prompts for the attributes of module that are relevant to
the decision to reject. When Sear is told that hex-slots-
required is a relevant consideration, it assumes that there will
be a corresponding restriction element that requires hex-
slots-remaining to be less than hex-slots-required and
prompts for the scope of that element. It also assumes that
the restriction is associated with the backplane currently
being filled. Sear asks for the reason the operator is to be
rejected and then creates an action element to modify the
rule.

In the case of apply-operator rules, Sear bases its expecta-
tions primarily on the same two pieces of information: the
relevant problem-space and the knowledge role. In the exam-
ple in Figure 3, the five prompts indicate what information
Sear asked for. Here, all that Sear needs to determine to
generate a rule is how the backplane that is being configured
and the box that it will occupy will be changed when the
operator is applied. When Sear is told that the problem-
space is the one in which backplanes are configured and that
the knowledge role is apply-operator, it can create a goal ele-
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(P CONFIGURE-MODULE:REJECT:300A:REJECT-FOR-SPACE
(GOAL tACTIVITY-PHASE CURRENT {STEP PROPOSE-OPERATOR {PROBLEM-SPACE CONFIGURE-MODULE)
{ (OPERATOR tACTIVITY-PHASE PENDING tSTATUS PROPOSED fTOKEN < TOKEN >
$1PROBLEM-SPACE CONFIGURE-MODULE) < OPERATOR > }
(MODULE *ACTIVITY-PHASE CURRENT tTOKEN < TOKEN >
tHEX-SLOTS-REQUIRED { <HEX-SLOTS-REQUIRED > < > NIL})
(CONTAINER tCAPACITY-PHASE CURRENT fCLASS BACKPLANE {TOKEN < BACKPLANETOKEN>)
(RESTRICTION tTOKEN < BACKPLANE-TOKEN > tSCOPE SLOTS
tHEX-SLOTS-REMAINING {> = < HEX-SLOTS-REQUIRED > < > NIL})

(MODIFY <OPERATOR > fSTATUS REJECTED fREASON < SLOT-SPACE > t{REASON-QUALIFIER HEX))

[F  THE ACTIVE PROBLEM-SPACE IS THE ONE IN WHICH MODULES ARE CONFIGURED
AND A MODULE HAS BEEN PROPOSED
AND IT REQUIRES MORE HEX SLOTS THAN ARE AVAILABLE IN THE BACKPLANE BEING FILLED
THEN REJECT THE IDEA OF CONFIGURING THAT MODULE

ment and also can create the appropriate operator element.
Sear knows, since the problem-space has to do with con-
figuring backplanes and the knowledge role is apply-
operator, that the rule is likely to extend its understanding of
the partial configuration involving the box and the back-
plane. Given the actions specified by the user, it infers that
the rule will need to match the element describing the box’s
role in the resulting partial configuration, the element
describing the box, the element containing information
about the backplane’s position in the box, and the element
describing the backplane.

Rime’s future. R1 in its current form is an extremely suc-
cessful expert system. It can configure almost all of Digital’s
PDP-11 and VAX-11 computer systems, and knowledge
engineers continue to extend the knowledge base to handle
new products as well as add new functionality. But both of
these tasks are becoming increasingly difficult. R1 consists
of about 4000 production rules and a database of 10,000
component descriptions. As R1 continues to grow, the main-
tenance task could well become impossible. Thus there are
strong reasons to consider rebuilding R1 using Sear.

However, the work we have done so far on Rime does not
provide a clear picture of how much effort would be
required to rebuild R1, nor does it tell us how much easier
the new system would be to maintain. Rime currently con-
sists of only about 250 rules and can configure only three
system types. There is some reason to think that Rime’s
knowledge is more densely represented than R1’s knowledge;
part of not having a clear understanding of the roles knowl-
edge plays in R1 is that redundancy creeps into the system.
However, on the basis of the work that has been done on
Rime so far, it seems unlikely that Rime’s knowledge could
be more than twice as dense as R1’s. Of more concern than
the relative size of R1 and Rime is how to extract knowledge
from R1 and convert that knowledge into Rime rules. R1
rules represent configuration knowledge accumulated over
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