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Rule-based tools are widely usedfor building expert
systems, and rule-based programming is gaining
acceptance as a general method. Our experience with
building expert systems suggests that rule-based tools
are most effectively used for developing expert sys­
tems when they are integrated with a general-purpose
operating system such as the UNIX® system. This
paper introduces the concepts ofrule-based program­
ming, discusses strengths and weaknesses of the
method, and describes ourcurrent rule-based program­
ming environment within the UNIX system.
Background

An expertsystem is a computer program thatembodies the
knowledge anexpertuseswhen doing a taskthat requires reasoning
and, using thatknowledge, performs the taskas well or nearly as well
as the expert. Many expertsystems have beenbuilt using rule-based
tools (e.g., see reference 1). Rule-based tools are popular for building
expertsystems because expertise statedin the form-HI! this is the
situation, then take this action"-is readily coded into the IF-THEN
format ofrules. In 1981, we began using rule-based tools and the
UNIX® system as a basis fordeveloping the ACE expertsystem. 2,3

(Panel 1 defines acronyms usedinthis paper.) Since that time, the
development environment thatwe have used forbuilding expertsys­
temswithin the UNIX system hasevolved.

This paper introduces the concepts ofrule-based program­
ming, provides reasons why thismethod is appropriate for building
expertsystems (and maybe otherprogramming tasks) and describes
ourcurrent environment for building rule-based systems within the
UNIX system.
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Rule-Based Programming
Today, most expertsystems are built using a rule-based

approach. Arule-based methodology is useful for two reasons:
- It enables the developer to represent units ofknowledge inchunks

called rules.



EMYCIN

.Fortran
LHS
Lisp

LOOPS
OD
OPS
PUFF

.paneI1. 4ctpnYIlls inThlsP~per

autoih*teo' caBle'e~~t~f~~' .e

m:tificia1.inteUigeQce .,... "\ \ y

beginner'S.aU-pui"posesyn:\.MliQ.m
code ..' ....

~·programmingl().nguag~.
port ofOPS5 toCQmmqnLisP\ e ,... ye "

•interence engine ~or MYCINieX!~er~;sys~
ternfordiagnosing blooo,~iseas.~. .

formula translator , . "
left hand. side
ljstprocessing
hybrid.rule-based'language
OPS With database
official-production systeIIl
expertsystem.for .diagnO~rogp~lrrion~rY

function disorders
rrlOdifie~hashiQg,scheIUe algorithm
right-hand side .
e~periment(ll system,uses general

problem-solving techniq~e~duled ••
weak methods .. .

expert'colifiguration~yste1l) \\. ..." .e.'
.expertsystem.that assists c01l)putet;i"c;

center operators

of the system, depends only on the data about the
state ofthe world and on the inference mechanism,
noton otherrules or programming constructs.

Notice that the process ofdealing witha red light in this
situation is contained in onerule.

The programmer could also change the rule ifthe
knowledge changes. For example, if the "right onred" law
is repealed, then the programmer cansimply delete the
third IF clause in Panel 2, andthe system is modified to
coliform to thisnew requirement without affecting the rest
of the system. (Inthismodified rule, a car would stop
regardless ofthe direction-straight, left, or right.)

- Because these chunks are independent, developers can
easily change the knowledge that a rulerepresents with­
outdisturbing the rest of the system.

Several rule-based systems are available for the
developer to use. One of the most popular is OPS5, a rule­
based system that originated at Carnegie-Mellon Univer­
sity. (OPS standsfor official production system.) OPS5 has
become a de facto standard fora variety ofknowledge­
engineering groups who use rules as a representation
method for building knowledge bases. (Knowledge engi­
neers collect knowledge from experts, organize it, and
develop the systems that mimic the expert in applying the
knowledge. )

Before weexamine the advantages and disadvan­
tages ofusing a rule-based system anddescribe the OPS5
language, it will be useful to describe rule-based systems
in more general terms.

TheRule-Based Approach
Arule-based system consists of three

components:
- Adata base, more commonly referred to as the working

memory
- A set ofrules, the rule memory
- The interpreter, referredto as the inference mechanism.
Each ruleconsists ofa set ofpatterns that incoming data
mustmatch (similar to ifclauses in the C programming lan­
guage) anda set ofactions that are executed if the
patterns domatch (similar to then clauses in C).

Panel 2 presentsan example ofa simple rule. Sev­
eral things are evident in this example:
1. The ruleassesses the currentstate, car approaching

the intersection.
2. It looks forpatterns in the environment-for example,

the traffic light is red-and goals to be met, going
straight or turning left.

3. The rule identifies actions to take to change the state,
andconditions to be met before the state can change
again.

4. Rule firing or execution, which represents the control
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arrow often separates a rule's condition andaction clauses.
The condition clauses are to the leftof the arrow, and the
action clauses are to the rightof the arrow. (Inthe rules in
Panel 3, THEN has the same function as the "arrow.")

Each condition in the LHS mustrefer to a legal
(previously declared) working-memory element. Even with
this restriction, there is a fair amount oflatitude in the
form usedonthe LHS to specify conditions. The pattern
onthe LHS canbe an exact replica ofa working-memory
element; such a pattern is called a literal (e. g.,
my_car=me). An LHS canalso contain predicates that
test for set, logical, or arithmetic relations. An.example of
this is the member-of predicate in the first if-clause of
rule 1 in Panel 3.

Otherlegal forms for patternson the LHS include
the use ofthe negation operator andvariables. Because
the scope ofa variable binding (where the variable has
meaning) is the entire rule, the samevariable may be
referred to in several clauses on the LHS and on the RHS.
Aconsistent set ofbindings on the LHS is called an instan­
tiation ofthe LHS.

The RHS ofa ruleis executed ifthe clauses on
the LHS match working memory andthe inference mecha­
nism selects that ruleforexecution. When a ruleis
executed or fired, the actions in the RHS are taken. This
may include adding, deleting, or modifying working­
memory elements, or performing input or output to a
specified stream. Rule 1 inPanel 3 illustrates anRHS that
performs a modification to working memory.

In a rule-based system, the RHS ofa rule is the
only place where working memory canbe modified. The
LHS ofthe ruleis usedsolely forpatternmatching.

Inference Mechanism. In procedural languages, the
sequence ofthe program statements andexplicit control
statements determines execution order. But inrule-based
programming, the inference mechanism regulates the
matching, selection, andexecution ofrules.

The inference mechanism is similar to aninter­
preter executing the following four-step loop:
1. In the match phase, the inference mechanism

Panel2.A Simple Rule
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This briefexample stresses the interaction
between the data in working memory andthe rules in rule
memory. What is not evident in the example is the roleof
the inference mechanism. The interactions among these
three components andthe advantages anddisadvantages
that theyprovide will be clearerafter weexamine each
component a bit further. While describing these compo­
nents, we will refer to an expansion ofthe preceding traffic
light example that is presented in Panel 3.

Working Memory. The database or working memory
describes the current state of the rule-based system, and
moderates all communication between rules. Ifa rule
needs to pass values to another rule, thenit mustdo so
through working memory.

The programmer declares the itemsinworking
. memory using a format that is similar to type-declaration
information in standard programming languages. Eor exam­
ple, inPanel 3, the first element declared inworking
memory is ofclass traffic light andconsists ofone
attribute color, which will have a value inworking mem­
ory when the program is running. The type ofvalue (e.g.,
integer, real, string) also is required insomerule-based'
dialects-for example, OPS83. 4

RuleMemory. The rule memory is a collection of
rules. Eachruleconsists ofa set ofconditions anda set of
actions. The programmer constructs the rules so that each
represents a functionally independent andmeaningful
chunk ofthe problem solution. The set ofconditions is
commonly referredto as the LHS (left hand side), and the
set ofactions is commonly referredto as the RHS (right
hand side). The LHSIRHS terminology arises because an
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Panel 3. TheStoplight ~ample
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collects all rules thatmatch the current state in
working memory.

2. During the select stage, the inference mechanism
selects the one rule that will execute, if there is more
than one rule thatmatches working memory. Usually,
a process called conflict resolution, which specifies how
rule priority is determined, moderates thisselection.

3. In the act stage, the RHS clauses ofthe selected rule
are executed (also referred to as firing the rule).
When a rule executes, usually data is deleted or added
inworking memory.

4. After the rule's actions are executed, the inference
mechanism again begins the match stage (step 1).
This continues until no more rules match, or an
explicit halt terminates the loop.

Most rule-based languages provide theirown
inference mechanism, and the rules thatgovern conflict
resolution are carefully explained in the documentation.
(Anexception to this is OPS83-which, besides providing
a default inference mechanism, also gives the user the
capability to change the inference mechanism. Other dia­
lects-e.g., EMYCINS-include the ability to assign
confidence factors or weights to rules or working-memory
elements. Because theseweights are usedduring conflict
resolution to decide what rule should fire, the programmer
can directly influence the outcome.)

The inference mechanism's operation is where
rule-based programming differs from the standard proce­
dural methodology. Aprocedural program operates by
continuously executing code. What usually determines the
orderofcode execution is the programmer's ordering of
the code or the value ofseveral local state variables.

Ina rule-based system, the program oscillates
between a match/select phase and anexecute phase. The
contents ofworking memory and the conflict-resolution
phase determine what actions (comparable to program
statements) are executed next. In contemporary rule­
based languages, where the programmer places rules has
no influence onwhat actions are executed next. (However,
inearlier systems such as Waterman's rule-based system, 6

rule ordering did affect rule execution.) But inprocedural
languages, the organization ofthe program usually is a
strong determiner ofwhat statement is executed.

This order independence has an important effect
on the development process of rule-based systems.
Unlike the program statements in procedural systems,
rules can usually be added or deleted anywhere in the
system without affecting the program's execution. This
flexibility makes it easier for the programmer to modify
the system-an important attribute where requirements
continually change because of an increased understanding
of the task requirements or a changing environment that
makes aspects of the current program obsolete. In situa­
tions of rapid change or continuous refinement of
requirements, a rule-based programmer has a distinct
advantage over the standard procedural programmer.

Auseful analogy (attributed to Ted Kowalski)
emphasizes the power ofthisflexibility inrule-based sys­
tems. Consider a program represented as a deck ofcards.
Each card represents a chunk ofthe program, e.g., a line
ofcode ina C program delineated bya semicolon or a rule
ina rule-based language. In the Clanguage case, if one
dropped the deck ofcards and reassembled them ran­
domly, thenthe program would be unlikely to work as
intended. (Those ofus who grew upin the age ofpunch
cards may find this anall toopainfully true example!) On
theotherhand, a programmer who usesrules could reas­
semble the cards randomly, and the program would
function as intended if the inference mechanism could deal
with unordered rules.

Strengths andWeaknesses of Rule-Based Programming.
Most ofthe strengths ofrule-based languages area result
of two characteristics: the format ofthe rules, and the
"separation" ofcontrol from the program..

Therule's IF-THEN representation often
matches well with the expert's description ofthe problem­
solving process. (If thiscondition exists, thenI take this
action.) Thus, the programmer can create independent
units ofthe program (rules) thatare meaningfully related
to what the expertclaims is the solution process. This
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independence and modularity ofrules make it easier to
change the program as ourunderstanding increases and
also explain the system's behavior inrelation to these
meaningful units.

The separation ofcontrol from the rules contrib­
utes to thisindependence because the rulecontent can
concentrate onmeaningful chunks ofthe solution process
rather than aspects ofcontrol.

The weaknesses ofrule-based languages are
directly related to the characteristics that are considered
to be its strengths. While useful fordescribing knowledge
related to the solution process, the format ofthe rules is
restrictive forexpressing other types ofknowledge. 7 The
modularity and independence ofrules and that theyonly
interact through the working memory make it difficult to
represent dependent subtasks, such as the subroutines in
procedural languages. Because rules interact indirectly
through working memory, Davis and King' have character­
ized rule-based programming as: ofnecessity, program­
ming byside effects! Such reliance onside effects is con­
sidered harmful in some quarters, most notably by
advocates offunctional programming. 9

The format ofthe rules, separation ofcontrol
from the program, andsingle channel ofinteraction (work­
ing memory) also make it difficult to represent other
commonly usedprogramming constructs, such as iteration
and recursion. In addition, these three aspects ofrule­
based programming contribute to the opacity ofcontrol
thatmany investigators have attributed to rule-based Ian­
guages. 8,10,11 This opacity results from the implicit control
regimen ofrule-based languages-to analyze the behavior
ofsuch programs, one mustmonitor the interaction
between rule memory andworking memory. But working
memory changes onevery cycle, so it is difficult to recap­
ture the state ofthe system. Even when languages permit
the programmer to freeze the state of the interpreter, the
large number ofitems inworking memory sometimes
makes troubleshooting a Herculean task.

Therefore, there is animportant contrast between
rule-based and procedural languages. Rule-based languages

explicitly represent problem-solving knowledge (domain
knowledge inexpertsystem terminology), yet implicitly
represent control through the inference mechanism and
the interaction ofrulememory with working memory. On
the otherhand, procedural languages explicitly represent
control through the program's organization, yet implicitly
represent problem-solving knowledge, which is far less
localized than inrules. This contrast is important indeter­
mining what tasksare appropriate and inappropriate for
rule-based languages. Tasks that would benefit from the
encapsulation ofproblem-solving knowledge are good can­
didates for rule-based languages.

Appropriate tasksforrule-based languages are
ones that:
• Have a large number ofdistinct states (e.g., diagnostic

problems, such as diagnosing anailment)
• Can separate knowledge from control (e.g., classifica­

tion problems)
• Can be viewed as a sequence oftransitions to a variety

ofsubproblems (e.g., synthesis, such as the design ofa
microchip")

• Are ill-defined; that is, have vague requirements
• Will require extensive modification and maintenance

throughout theirlife cycle.
Inappropriate tasks for'rule-based languages are

ones that:
• Are algorithmic
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- Are well understood
- Merge representation and control (e.g., recipes).

Anotable example ofwhere rule-based program­
ming succeeded when procedural languages were "not
completely successful" was Digital Equipment Corpora­
tion's XCON system," used forconfiguring Digital
Equipment Corporation VAXTM computer systems. (Here.:
we use the term "procedural languages" loosely, because
the two "procedural" languages were Fortran and BASIC.)
The XCON project succeeded using OPS5, a rule-based
language, whereas previous attempts had usedFortran and
BASIC. Although Kraft> does notspeculate directly on

why OPS succeeded where Fortran and BASIC failed, the
text suggests two possible reasons: the requirements were
vague, and the environment was changing rapidly.

Programs have also followed the opposite route.
PUFF, 14 anexpertsystem for diagnosing pulmonary func­
tion disorders, was originally coded inEMYCIN. After the
knowledge needed was well defined, it was recoded into
BASIC forefficiency and portability.

Schor" also hascontrasted rule-based and proce­
dural programming styles during the development ofYES/
MVS, anexpertsystem thatassists computer centeroper­
ators. Here, programmers found that initially theytended
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to writerules ina procedural stylebut, after several itera­
tions, wrote rules more effectively. (Programmers who try
object-oriented programming for the first time make a sim­
ilar observation.)

An Example: TheOPS5Language
The OPS5 programming language is a popular ver­

sion ofa rule-based language first designed and built by
Charles Forgy" ofCarnegie-Mellon University. Amain fea­
ture of this language is the RETE algorithm, 17 a modified
hashing scheme-designed by Forgy-that provides per­
formance improvement for patternmatching, a bottleneck
inrule-based system performance.

The OPS5 architecture is a standard one consist­
ing ofworking memory, rulememory, and the inference
mechanism. We will examine the syntax ofOPS5 by using
it to code a portion ofour traffic-light example (Panel 3).

First, we will use the literalize command
(Panel 4) to declare the types ofpatterns-called classes­
that can existinworking memory. This command declares
a set ofpatterntypes or templates that the LHS ofa rule
must match inworking memory so that the ruleis eligible
to execute. After the working memory patterns are
declared using the 1 itera1 i ze command, rules are
added. To build rules in OPS5, we nest the patterns (LHS)
and actions (RHS) inparentheses. An arrow delineates the
LHSs and RHSs.

Panel 5 presents anexample ofrules for the traffic
light example. The ruleis embedded ina set ofparenthe­
ses as is each patternonthe LHS and action onthe RHS.
Thefirst character ina ruleis always p, which calls the
function forcreating one rule. The symbol after the p is
the name of the rule (e.g., red_light or
green_light in Panel 5.)

Patterns begin with theirclass name and symbols
thatare prefaced by "A" are attributes ofthe class. Each
attribute is followed bya variable, designated by "< >"; a
listofpossible values, designated by"<< > >" (similar
to our member-of function inPanel 3); or a literal,
which is the value to be matched. It is notnecessary to list

all the attributes ina class. For instance, inthe
car_motion template (Panel 5), wedid notinclude
starting_point and ending_point because they
have nobearing onthe knowledge that theserules
represent.

If the rulematches a patterninworking memory
and the inference mechanism-using the conflict­
resolution mechanism-selects the rule, thenthe actions
onthe RHS ofthe rule are taken. In both rules listed in
Panel 5, the action is to modify working memory. The
number afterthe term mod i f Yspecifies what pattern on
the LHS to modify, and the rest ofthe action specifies the
attributes and theirnew values. This process continues
until nomore rules match the current state ofworking
memory.

Working-memory elements can be added using the
make command and are deleted using the remove com­
mand. These two actions can be included in the RHSs of
rules ina way similar to the modify command. Usually, a
rule-based program in OPS5 begins with a series of
makes that the developer haseitherincluded with the
rules or read from another file. Acomplete description of
rule-based programming using OPS5 can be found inthe
textbook by Brownston et al.'? or inForgy's original user
manual. 16

Rule-Based Programming in the UNIX System
When we began the ACE project, we settled ona

programming environment thatwas essentially UNIX sys­
tem: the Lisp programming language and OPS4 (an earlier
version ofthe OPS programming language). We needed
the Lisp language because OPS4 was written inLisp. As
the ACE system's development proceeded, we also used
the Cprogramming language and the UNIX system's AWK
language," shell programming, and otherdevelopment
tools such as a local database language.

We usedtheseprogramming languages and tools
because the Lisp and OPS4languages-while convenient
for expressing much ofthe knowledge about the domain­
were notconvenient for doing otherrequired tasks.



When we first began building the expert system,
we gave more thought to encoding the knowledge for the
expertsystem than to constructing the entire information­
processing system. Asmore ofthe system came together,
it was clear that we faced many ofthe problems thatmore
mainstream projects experienced. We required more long­
term storage, communication with othersystems, user
interfaces, and system maintenance and administrative
capabilities including backups and crash recovery. TheLisp
and OPS41anguages were notthe best for doing most of
those chores (which were mostly procedural), and we
found ourselves relying more ontools and languages that
the UNIX system provided. However, the expert system
component had to interact with thesetools and languages,
and thisinteraction was sometimes awkward.

For future systems, we thought thatwe could
improve the interactions between UNIX system and the
expert system component. The common denominator had
to be C, the baselanguage ofUNIX system. Thatthe ear­
lierversions ofOPS were written inLisp added a layer of
complexity to ourinteractions with UNIX system tools.
But we wanted to maintain the ease ofrepresentation that
the OPS language provided for encoding knowledge, and
we felt noneed to "invent" yetanother rule-based lan­
guage. We, therefore, decided to base ourlanguage on
OPS5.

cs: A Rule-Based Language for Building Expert Systems.
Our version ofOPS5 is the C51anguage (developed by
James Rowland ofAT&T Bell Laboratories") and is written
inthe C programming language. It is completely compati­
ble with the OPS5 programming language. Therefore, any
rule-based program that is written inOPS5 using only
rules will rununmodified in C5. However, OPS5-as
defined in the original technical report'<s-also interacted
extensively with Lisp. Written inClanguage, C5 could not
maintain this capability. Instead, we created a similar
interface using Clanguage thatgave C5 a procedural rep­
resentation to augment its rule-based representation.
(Versions ofOPS5 based onotherlanguages are available
from othersources. For example, Digital Equipment Cor-

poration offers a version ofOPS5 written inthe BLISS
programming language.)

C5's relationship with the Cprogramming lan­
guage adds a greatdeal offlexibility for the programmer
who develops rule-based systems in the UNIX system.
Using C5, a developer can build a program's rule-based
component using aninterpreter supplied with the C5 pro­
gramming system. This interpreter provides a versatile
environment for debugging a rule-based program.

Theuser can single-step the rule execution, and
examine the state ofworking memory and the conflict set
(the set ofrules thatmatch the current situation). Auser
can also retract rule firings, thereby backing upthe execu­
tion and discovering why rules fired inthe sequence that
they did. (Remember-because working memory moder­
ates the rule firing-to determine why particular actions
were taken, one must be able to examine the stateof
working memory at each step.)Theuser may also add C
language functions thatare called bythe RHS ofthe rules.

After the developer is satisfied with the system's
execution, the code can thenbe compiled ina larger C pro­
gram. Theinterpreter can be triggered by a C main
program or a Cfunction, runits course, and then return to
the C program. In this mode, the code for the C5 inter­
preter is loaded as a Clibrary.

Such tight integration with the C programming
language makes it possible for knowledge engineers to
develop expert systems with straightforward access to the
UNIX system's capabilities, including procedural lan­
guages. Also, developers can include a bitofanexpert
system intheirprograms or, when convenient, simply rep­
resentsome oftheirtaskina rule-based formalism
without drastically changing theirprogramming environ­
ment. Therefore, the programmer can draw onthe
strengths ofthe rule-based methodology that OPS5 pro­
vides and the strengths ofthe procedural methodology that
Cand the UNIX system provide and can embed the code
inanexisting system.

A Supporting Framework forCS. Aswe have stressed
throughout, the complete implementation ofanexpert sys-
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tem is more thanthe knowledge base. Anexpert system
mustinteract withhumans, other computer systems, and
databases. Currently, the facilities of the UNIX system and
C provide tools for the human interface andcommunication
with remote systems when using C5. Fordealing with
databases, Douglas Gordin ofAT&T Bell Laboratories has
developed a collection ofroutines known as OD20 (for OPS
withdatabase). OD permits the expert system to interact
with the databases using straightforward commands from
the OPS RHS functions. (It-currently interacts with an
internal AT&T database tool, with AT&T's Tuxedo™ data­
base system andRelational Database Systems' Intormix'"
database systemto follow.) Asan example ofits power, OD
permits a developer to load either an entire database or
selected parts of it intoworking memory with one com­
mand. The developer canalso update a record in the
database using a RHS command. Thisgives C5 users a
convenient mechanism forinteracting with databases.

Future of Rule·Based Systems and OtherAI Techniques
Initially, mostrule-based languages weredevel­

oped anddeployed in Lisp. As the methodologies and
languages became more stable andproved useful in several
areas, their features began appearing inmore standard lan­
guages. Continuing in this framework, new versions of
rule-based languages, suchas SOAR,21 are experimenting
withweak methods (general problem-solving techniques) to
augment the application-specific knowledge that is repre­
sented inmostrule-based systems.

In addition, there is a growing movement to
develop hybrid languages, suchas LOOPS,22 thatmerge
the capabilities of rule-based languages with other pro­
gramming methodologies suchas objects andframes. 7 As
these new approaches are investigated in Lisp-based imple­
mentations, their strengthswill be incorporated infuture
versions of tools, suchas C5, that are based onmore stan­
dard languages.

What makes this exploration possible is the flexi­
bility andexpressiveness of the Lisp language and the
quality ofits debugging environment. Until recently, com-

peting, incompatible dialects have hampered programming
efforts in Lisp. But in the last five years, a new dialect,
Common Lisp," has received wide acceptance as an
emerging standard inboththe academic andcommercial
artificial-intelligence communities.

Within AT&T, Elia Weixelbaum andHan Caron
have developed a version ofCommon Lisp called Portable
Lisp, or Plisp, that has three goals:
• Portability
• Compactness
• Adherence to the Common Lisp standard.

Theyachieve portability in several ways, First,
theywrote the kernel ofPlisp's interpreterand some
Common Lisp functions entirely in C. Second, Plisp's com­
piler was written in Common Lisp and produces C code
that is compiled bythe standard C compiler. The object
code is loaded into the running Lisp image, using an incre­
mental loader developed byJohn Puttress." Because Plisp
relies on C, it runs ona variety ofmachines, including
AT&T 3B2, Digital Equipment Corporation VAX, and
Hewlett-Packard 9000 computers.

Compactness is related to portability. Current ver­
sions ofthe Common Lisp language are large, with running
process sizes measured inmegabytes. (Current versions of
Franz Extended Common Lisp andKyoto Common Lisp
that run onour3B2 computer have process sizes ofover
4 megabytes.) Onmostcurrenthardware (VAX or 3B com­
puters), processes this large canslow system performance
forotherusers, even with today's paging systems. In con­
trast, Plisp's initial process runs onless than a half
megabyte, producing a more hospitable multiprocess
environment.

When oneadheres to the Common Lisp standard,
programs developed onother systems canbe easily trans­
ferred to Plisp. This is especially important forusers of
Lisp workstations suchas the Texas Instruments
Explorer™ workstation.

Plisp provides an environment forexperimenting
with sophisticated artificial-intelligence techniques. For
example, CL5-a version ofOPS5 writtenin Common



Lisp-will runinPlisp. This combination ofCL5 and Plisp
will be usedfor prototypes ofpotential enhancements to
C5. We will thentest the prototype language inapplica­
tions and incorporate useful features into C5. This gives us
a convenient environment to experiment with more sophis­
ticated artificial-intelligence software techniques without
incurring extensive up-front development costs.

The Plisp-CL5 environment also enables devel­
opers to develop theirproduct onAI workstations with
extensive debugging environments, and thendeliver the
product onmore conventional hardware using Plisp and
CL5.

We expect Plisp to become increasingly integrated
with the UNIX system ina way similar to C5. Therefore,
we hope to overcome some ofthe difficulties thatwe
encountered when using the Lisp and OPS4languages to
build ACE. Plisp will be able to call C language functions
from Lisp. Plisp will also exist as a Clibrary so thatpro­
grammers can use Lisp in theirC programs when
appropriate. Because it emphasizes compactness, Plisp will
keep the resulting process size within reasonable limits.

Therefore, Plisp enables UNIX system-based
developers to use Lisp for quick prototyping ofapplications
thatrequire artificial-intelligence techniques and, in the
future, will permit them to use Lisp with C. It also pro­
vides a migration path for AI-workstation users, per­
mitting them to develop the code ontheirworkstations and
deliver it as a product onmore conventional hardware.

Summary
Rule-based languages are widely usedfor building

expert systems. Some ofthe attributes thatmake rule­
based languages useful forexpertsystem programming
may also apply to otherprogramming tasks. Tasks thatare
amenable to rule-based languages have many distinct
states (diagnostic problems), are ill-defined, and require
extensive modification throughout theirdevelopment cycle.
Tasks that are algorithmic are notgood candidates for rule­
based languages.

Major impediments to the widespread use ofrule-

based languages have been that they rely onLisp and can­
notinteract conveniently with conventional languages. C5
is a rule-based language thatovercomes these impedi­
ments. It iswritten inCand can be used as aninterpreter
or loaded as a Clibrary. In addition, C5 can call Cfunc­
tions, and Cfunctions can invoke C5.

C5's interaction with conventional systems is fur­
ther enhanced byOD, which serves as a bridge between
C5 and popular database management packages. Also
available to UNIX system programmers is a version of
Common Lisp, Plisp, which is closely integrated with C
and the UNIX system. These tools permit developers to
use rule-based and otherartificial-intelligence techniques
intheirprojects without relinquishing the power, flexibility,
and familiarity ofthe UNIX system.
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