!($ "’*+#%&),-./

Reasoning in ob ject-oriented systems

Je� McA�er

�

Summary .

The increasing demand to use ob ject-oriented techniques and

rule-based reasoning in real industrial applications is not met by

to day’s technology

. Monolithic reasoning shells have inferior ob-

ject mo dels and ob ject-oriented systems have inferior reasoning

to ols. W e present a collection of Smalltalk reasoning classes which

are completely integrated with the underlying ob ject system. W e

detail how such a to olset can b e applied in end-user applications,

meta-level pro cessing and adv anced language features research.

ENVY/Expert , our comp onent to olkit, is shown to b e compara-

ble to existing reasoning to ols at the reasoning level but far more

adv anced in ob ject and meta-ob ject facilities.

1 Intro duction

The increasing demand to use ob ject-oriented techniques and rule-based rea-

soning in real industrial applications is not met by to day’s systems. Rule-

based reasoners are monolithic, closed and are not well integrated into ob ject-

oriented to ols. In this pap er we rep ort on the developmen t of ENVY

1

/Expert ,

an ob ject-oriented inferencing to olkit designed to rectify this situation. Our

system is implemented in Smalltalk and allows rule-based reasoning to b e

seamlessly integrated into real industrial applications as well as used in ad-

v anced language research. It has capabilities equiv alent to to olkits such as

NASA’s CLIPS [NASA 91] but is fully ob ject-oriented and more op en, adapt-

able and exible.

In the following sections we discuss the applicability and b ene�ts of ob ject-

oriented programming to rule-based reasoning and the uses of reasoning in

�

Ob ject T echnology International and Department of Information Science, The Univer-

sity of T okyo. jeff@is.s.u-tokyo.ac.jp

1

ENVY is a registered trademark of Ob ject T echnology International Inc.

ob ject-oriented system research and implementation. An outline of the sys-

tem design and some implementation exp eriences are also given. W e relate

our design concepts and decisions to real-world problems in real-time and em-

b edded computing, research issues in computational re ection as well as the

control and analysis of massively parallel computations. A brief comparison

of ENVY/Exp ert to CLIPS and a discussion of our future plans is also given.

2 Application-level reasoning

T raditional exp ert systems are rule-based and represent factual knowledge

using p atterns and fr ames . A pattern is an array of literal v alues (e.g., num-

b ers and symbols) and v ariables which are matched based on their physical

lo cation. Patterns are insu�cient for complex reasoning tasks as they can

represent only simple data con�gurations and have no sharing or abstraction

capabilities.

The concept of a frame for knowledge representation was intro duced in

the 1970’s by Minsky

. A frame is a collection of slots which contain literal

v alues and other frames. Slots themselves can hav e features such as con-

straints, default values, etc. F rames are similar to ob jects but do not o�er

generalized b ehaviour sp eci�cation. Ob jects are a sup erset of the common

factual knowledge representation techniques and o�er the following b ene�ts.

� Application sp eci�c ob jects are reasoned ab out directly without either

having to encapsulate them in, or re-constitute them as, frames.

� The full p ower of b ehaviour sp eci�cation techniques (e.g., inheritance

and delegation) can b e exploited in the reasoning mechanism, the knowl-

edge representation and the application.

� Applications can contain many distinct lightw eight exp ert systems.

� Inferencing to ols are dynamically mo di�able. This is essential for op en,

exible, re ective reasoning.

� Ob jects enable a exible mo del of concurrency within exp ert systems.

� Mo dularized knowledge domains improve reuse and maintainability .

� Performance improvemen t through selective use of knowledge domains.

� Sophisticated, complex and functional facts can b e represented.

ENVY/Expert seamlessly integrates declaritive rule-based and ob ject-

oriented pro cessing. Rule activations inv oke Smalltalk message sends and

Smalltalk message sends can result in rule activ ations and fact assertions.

Rule conditions are conjunctions of arbitrary Smalltalk message results.

This op ens a whole range of application areas previously closed to ob ject-

oriented technology . F or example, ENVY/Expert is currently b eing used by

the Canadian Space Agency to build a real-time embedded satellite p ower sys-

tem health monitor. The monitor requires b oth reasoning and conv entional

computational capabilities. Without integrated Smalltalk reasoning to ols, it

would b e implemented partially in CLIPS and partially in Smalltalk. F unda-

mental incompatibilities b etween the ob ject mo dels and computing paradigms

would force ob ject conversion ov erhead, in exibility and design compromise.

Co de and knowledge maintenance would b e signi�cantly impaired.

Reasoning technology is also applicable to our research related to the

monitoring and analysis of massively parallel system b ehaviour. The highly

dynamic and v ariable nature of these systems requires exible and adapt-

able monitoring and analysis to ols. Reasoning technology is used here to

implement:

� Intelligen t prob es which actively seek out information or b ehaviour.

� Exp ert systems to identify b ehaviours and interactions

� Declaritive rule de�nition of the global control of the monitoring system.

3 Meta-level pro cessing

In addition to expanding the end-user domain horizons for reasoning technol-

ogy , ob ject-oriented reasoning is applicable at the system meta-level. They

add a new, declarative, dimension to meta-reasoning and meta-programming.

Meta-reasoning is control of, or reasoning ab out, reasoning. F or example,

an exp ert system whose domain is the running of exp ert systems is a meta-

reasoner. The rule shown in Figure 1 contains meta-knowledge ab out the

chaining b ehaviour of bidirectional inference engines. If the engine sp ends

to o much time searching the solution space (i.e., chaining) in one direction,

this rule will reverse its direction. Note that the conditions for determining

how far is \to o far" are quite indep endent of the actual application domain

and so this rule can b e applied to many di�erent inference engines in many

di�erent situations.

ENVY/Exp ert ’s op en architecture directly supp orts re ection by reifying

the inferencing to ols and comp onents into �rst-class ob jects and enabling

any number of them to b e used concurrently

. Since rules are comp ositions

of regular Smalltalk message sends and the inferencing to ols themselves are

Smalltalk ob jects, the entire reasoning pro cess is av ailable for observ ation and

manipulation. Figure 2 shows how this idea can b e extended to a num b er of

meta-levels.

chainingControl

| engine {InferenceEngine} |

engine chainLength > 75.

=>

engine reverseChainingDirection

Figure 1. Chaining control meta-rule

In the b ottom right corner of the �gure is the end-user application domain,

say , signal pro cessing. Inference engine 1 manipulates the knowledge in this

domain thus here we say that the application is the tar get of inference engine

1 and signal pro cessing is its domain. Implicit is the fact that its asso ciated

knowledge bases contain signal pro cessing knowledge. At the next level up,

we see a similar structure but this time, it is inference engine 1 which is the

target of inference engine 2. The domain of level 2 is the reasoning pro cess

itself. This level is the meta-level of inference engine 1 (i.e., level 1). It

would contain rules such as that shown in Figure 1 which relate directly to

level 1’s reasoning. Meta-level 3 (in the upp er-left corner) targets meta-level

2 and deals in the domain of general system control and co ordination (e.g.,

communications routing and message passing style).

In this particular example there is a linear one-to-one relationship b etween

the meta-levels. While logically this alwa ys holds, it need not b e the case

physically . F or example, the control domain of level 3 is equally applicable to

inference engine 1 or the end-user application itself. One meta-level reasoner

can control many inferencing to ols. Also, the actual decision mechanisms

used at each level can b e v astly di�erent (i.e., any combination of exp ert

systems, regular Smalltalk ob jects and user designed schemes). As shown

in the �gure, the reasoning pro cess (i.e., ENVY/Exp ert ) is just another

application domain for ENVY/Exp ert .

W e use meta-reasoning facilities in our ob ject-based concurrent program-

ming research. Ob ject-oriented and re ective (i.e., meta-level) computing are

of great interest to p eople building languages for massively parallel systems.

In these systems, global control of individual active ob jects is undesirable

or imp ossible. Control (e.g., load balancing, scheduling) should b e handled

lo cally by delegation to individual or groups of ob jects. W e prop ose that

control b e describ ed in whole or part using rule-based declaritive knowledge

op erating at the meta-level. Rules can b e used to de�ne anything from syn-

chronization and timing mechanisms to scheduling to inheritance. Ob ject and

Figure 2. Example meta reasoning structure

group-wide re ection mechanisms [Ichisugi 91, W atanabe 91] provide access to

ob ject b ehaviour and our reasoning to ols provide control decision capabilities

based on user-de�ned rules. This con�guration enables exp erimention with

ob ject b ehaviours and interactions by varying the declarative control rules

for individual ob jects. This is indep endent of the ob ject’s domain pro cessing.

4 ENVY/Exp ert

ENVY/Expert is an inferencing to olkit written in and fully integrated with

Smalltalk. The ov erall approach was to de�ne a set of generic ob jects and

proto cols which are typical to a wide range of reasoning techniques. These are

then extended and combined to form particular inferencing to ols. Figure 3

shows each of the four main subsystems along with the ob jects and interfaces

they de�ne.

The Language subsystem de�nes the textual syntax and the parsed struc-

ture of all the knowledge constructs represented and pro cessed in ENVY/-

Expert . Parsing knowledge text results in a standard format parse tree which

is input to a knowledge builder. Language syntax is indep endent of inferenc-

ing technology and thus the same knowledge sp eci�cation can b e used with

6 2:6138=>5<9;?70<4’93

Figure 3. ENVY/Expert system architecture

several di�erent inferencing to ols and vice versa.

The Knowledge Builder translates from the parse tree of Language ob jects

to the fact and rule representation of a particular Inferencing T ool. Internally

it de�nes a #build metho d for each of the applicable language ob jects. Knowl-

edge is built by traversing the parse tree asking no des to build themselves.

As the internal representation of knowledge v aries b etw een inferencing mech-

anisms, it is typical that builders b e sp eci�c to particular inferencing to ols.

User T ools de�nes general browsers for manipulating knowledge bases,

facts, rules and inference engines. They provide functionality equiv alent to

the Smalltalk class browser, insp ector and debugger.

Inferencing T ools is the runtime system for ENVY/Expert . Figure 4

shows its main comp onents and their essential proto col (housekeeping meth-

o ds are not included). F acts are arbitrary ob jects. Rules hav e an anteceden t

or set of conditions and a set of conclusions or actions. Both consist of arbi-

trary Smalltalk message sends and fact sp eci�cations. Knowledge Bases keep

track of the currently activated rules. In forward-c haining, a rule is activated

when all of its conditions are satis�ed (i.e., return true) while in backward-

chaining, a rule is activated when one or more of its actions c an result in one

of the current goals.

The basic execution mo del is very simple. The inference engine rep eatedly

asks its knowledge bases (it may have many) for their #nextActivation. An

activ ation is a rule and the context (i.e., set of facts and v ariable bindings)

in which the rule was satis�ed. After determining which activation to run,

the inference engine sends #executeFor: to the rule and passes in the activ a-

tion context. Execution of a rule in forward-chaining mo de ev aluates (sends

Reasoning in ob ject-oriented systems 7

the messages in) the rule’s conclusions while in backw ard-chaining mo de the

rule’s anteceden t condition messages are resolved as goals. Both anteceden ts

and conclusions are made of message sends and can therefore #assert: and

#retract: facts, #add: or #remove: rules, and p erform arbitrary pro cessing.

Meta-level control of the inferencing pro cess manipulates the characteris-

tics of the inference engine and knowledge bases. F or example, the order in

which the engine asks its knowledge bases for activations, the activ ation con-

ict resolution strategies and chaining direction are all sub ject to meta-level

control.

Figure 4. ENVY/Exp ert runtime architecture

4.1 Implementation exp erience

ENVY/Expert is very op en, exible and mo dular. Extending a particular

comp onent of ENVY/Exp ert is done in the typical ob ject-oriented wa y by

adding new classes, sub classing base comp onent classes and providing new

metho d de�nitions for the base proto col where necessary .

F or example, we have implemented a forward-c haining inference engine

based on the Rete pattern matcher [F orgy 82] and using a CLIPS-like knowl-

edge de�nition language. Below are the steps we followed in building the

Rete inferencing system from the base ENVY/Expert comp onents. F uture

inferencing systems can reuse the Rete comp onents and say

, just replace the

Language or add a bi-directional inference engine. Either would require ad-

dtional co de but relatively few changes to the current system.

� Implemented a CLIPS language parser and made minor changes to

#parse:. No parse tree no de typ es were added or changed.

� Designed and implemented the ob jects particular to the Rete algorithm

(e.g., pattern matching network no des) and de�ned #build metho ds to

8 2:6138=>5<9;?70<4’93

transform parse trees into these Rete knowledge representation ob jects.

Knowledge Builder>>#build: was also rede�ned.

� Sub classed most of the Inferencing T o ols base classes to add state re-

quired by the Rete pattern matcher. Made minor changes to Inference

Engine>>#step, and #assert:, #retract:, #nextActivation and #reset in

Knowledge Base.

During the implementation we encountered a number of unexp ected is-

sues in areas such as; fact equality vs. identit y , hash functions, and access to

the Smalltalk virtual machine. Ob ject equality versus identity was a prob-

lem b oth for reasons of consistency and e�ciency

. It is generally accepted

that rules express v alue-based knowledge. Therefore, fact bases and pattern

matchers should b e based on equality rather than identity

. How ever, arbitrar-

ily complex ob ject equality tests should b e av oided for e�ciency . W e resolve

this in ENVY/Expert , by asserting facts into fact bases using equality tests.

They are then passed to the pattern matcher. The fact base insertion elimi-

nates duplicates allows the pattern matcher to use only identity tests.

Using hashed sets for the fact base requires sp ecial attention to fact ob ject

hash functions. F or instance, in one b enchmark it was found that 60% of the

execution time was sp ent lo oking up facts in the fact base. The problem was

that all the facts were two element Arrays and Array>>#hash simply returned

the receiver’s size. Hashed lo okup b ecame a linear search due to collisions.

Fixing the hash function eliminated almost all of this search time and thus

doubled execution sp eed. F uture class libraries should expand the parame-

terization concept seen in SortedCollection and allow set hash functions and

containmen t tests to b e user-con�gurable.

The ability to directly invok e arbitrary compiled metho ds without metho d

lo okup would also b e useful. Currently

, the Rete pattern matcher tests are

constructed with di�erent classes of ob jects each of which knows how to

do a particular action. On receiving the #execute message, it p erforms its

op erations. If we could invok e arbitrary metho ds directly then these ob jects

could b e eliminated and the tests compiled directly to Smalltalk metho ds.

This would result in faster and cleaner inferencing co de.

4.2 Comparison to CLIPS

W e estimate that the current version of ENVY/Expert has approximately

60-70% of the CLIPS capability not including our extra features. CLIPS is

implemented in C and totals approximately 3 MBytes of source co de including

comments. This represents many p erson-years of work in design, co ding and

optimization. ENVY/Expert on the other hand, is written in Smalltalk and

is ab out 350 KBytes of source co de including comments. The entire design

Reasoning in ob ject-oriented systems 9

and implementation required 6 p erson-months. No serious optimization work

has b een done to date.

T o compare execution sp eed, we used some CLIPS examples which exercise

basic fact assertion, simple condition testing and rule execution. In these

tests, CLIPS ran �ve times faster than ENVY/Expert . This is reasonable

p erformance considering our lack of optimization e�ort. Also, ENVY/Exp ert

is targeted at ob ject-oriented reasoning while CLIPS is aimed at pattern-

based reasoning. Since the b enchmark uses only pattern-based facts (i.e., no

ob jects), CLIPS’ b etter p erformance is understandable. W e exp ect CLIPS

p erformance to decline with increased use of ob jects and ENVY/Expert ’s to

remain relatively constant but have yet to construct reasonable ob ject-based

b enchmarks to con�rm this. Readers should note that CLIPS p erformance

declined with successive b enchmark runs and the system even tually crashed

due to memory leak age.

5 F uture work

ENVY/Expert will contin ue to b e a v aluable to ol in our ob ject-oriented

concurrency research and we lo ok forward to it b eing applied in a broad range

of problem domains from intelligent assistants to pro cess monitoring and

control. W e are also inv estigating a variet y of new inferencing and reasoning

techniques to meet coming needs. These include case-based reasoning, truth

maintenance and backward and bidirectional chaining inferencing. W e are

currently lo oking at replacing the CLIPS-like language with something like

that shown in Figure 1 which is more familiar to Smalltalk programmers.

@ABC

[F orgy 82] C.L. F orgy

, \Rete: A fast algorithm for the many pattern/many ob ject

pattern match problem", Arti�cial Intel ligenc e 19 pp. 17{32, 1982.

[Ichisugi 91] Y uuji Ichisugi, et al, \An ob ject-oriented concurrent re ective ar-

chitecture for distributed computing environments", In Pro c e e dings

of 29th Annual Al lerton Confer enc e on Communic ation, Contr ol and

Computing, Allerton Illinois, 1991.

[NASA 91] CLIPS R efer enc e Manual, Softw are T echnology Branch, Lyndon B.

Johnson Space Center, 1991.

[W atanab e 91] T akuo W atanabe and Akinori Y onezawa, \An actor-based meta-

level architecture for group-wide re ection". In The pro c e e dings of the

F oundations of Object-Oriente d L anguages Workshop, Lecture Notes in

Computer Science 489, Springer-V erlag, pp. 405{425.