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Abstract

Thuis paper presents our experience in designing and implementing a
data/knowledge base management testbed The testbed consists of two
layers, the knowledge manager and the database management system, with
the former at the top The testbed is based on the logic programming
paradigm, wheretn data, knowledge, and queries are all expressed as Horn
clauses The knowledge manager compiles pure, function-free Horn clause
queries 1nto embedded-SQL programs, which are executed by the database
management system to produce the query results The database manage-
ment system 1S a commercial relational database system and provides
storage for both rules and facts First, the testbed architecture and major
data structures and algorithms are described Then, several preliminary
tests conducted using the current version of the testbed and the conclu-
sions from the test results are presented The principal contributions of
this work have been to unify various con..pts, both previously published
and new ones we developed, Into a real system and to present several
nsights 1nto data/knowledge base management system design gleaned from
the test results and our design and implementation experience

1 Introduction

There has been extensive research on integrating database and
artificial intelligence technologies to develop a new generation of
data/knowledge base management systems (D/KBMSs) or expert database
systems A number of important technical 13sues have been 1dentified and
solutions and algorithms for resolving them proposed

Our objective was to build a testbed to experimentally investigate
the major 1ssues 1n designing and implementing a high performance
D/KBMS, ncluding design methodology, system architecture, and query
optimization and processing techniques This paper presents our experi-
ence 1n designing and 1mplementing such a .estbed

Although a large number of papers addressing various issues in
D/KBMS design have been published (1,2, 3], our testbed 1s one of the first
attempts to implement these 1deas in a real system This 13 a major con-
tribution of our work In addition, we have finalized many details of pub-
Lished algorithms and developed a number of algorithms to fill the gaps
between them

The testbed 18 based on the logic programming paradigm, wherein
data, knowledge, and queries are all expressed as Horn clauses Our
overall approach to designing the testbed has been the so called compila-
tion approach, wherein rules relevant to the query are first extracted from
the knowledge base, the order of evaluating them determined, and’optimi-
zations applied The output of the compilation process 1s a program seg-
ment, which 18 compiled and hnked with a run-time library contaiming
functions accessing the database and functions implementing recursive
query processing algorithms The query results are determined by execut-
ing the object code thus generated

We have conducted several preliminary experimeats using the

current version of the testbed This paper presents the results of the tests,
an analy=is of the results, and conclusions drawn from them The insights
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to D/KBMS design gleaned from the test results are another key contri
bution of our work '%he testbed has proven very useful for expertmenta-
tion and we feel that 1t 15 a valuable tool for further investigation of techn
1cal 1ssues 1n D/KBMS design

The remamnder of this paper i1s orgamized as follows Section 2
presents background concepts germape to data/knowledge base (D/KB)
query processing Section 3 describes the testbed architecture Section 1
presents some major data structures and algorithms developed for the
testbed Section 5 presents some prehminary experiments and results
Section 8 presents conclusions drawn from the test results and our desige
and 1mplementation experience

2 Background Concepts in D/KB Query Processing

21 Data/Knowledge Base
The D/KB consists of a set of Horn clauses and schemas A Hora
clause has the form
head - body

where head 1s zero or one atomic formulas (predicates with arguments
supplied) and body 1s a conjunction of zero or more atomic formulas Al
variable arguments are implicitly umversally quantified Figure 1 shows a
sample set of Horn clauses

R] P(Xv Y)"Pl(X, Z)v q(zv Y)
R, p(X,Y)-b{X, Y)
Ry p(X, Y)-b,(X, Z), p,(Z, Y)
R4 p‘(X, Y) - 64(X1 Y)
Ry po(X, Y) - b5{X, Z), p5(2, Y)
Ry pulX, Y) - by(X, Y)
R, q(X,Y)~p(X, 2), ps(2, )

Figure 1 Sample data/knowledge base

The logical mterpretation of a Horn clause 1s that the body implies the
head For example, B1 in Figure 1 means that for all X, Y, and 7
p,(X, Z) and ¢(Z, Y) umphes p(X, Y) A relation defintion 1s the set
of clauses whose head refers to a given relation

Horn clauses can be further divided into two groups facts and rule
A fact 15 a Horn clause with an empty body and no varables 1n 1ts head
Facts may be written with no implication sign e g, parent john
' mary Z, which says "john" 1s the parent of "mary® A rule 1s a Horn
clause fhat 1s not a fact All Horn clauses in Figure 1 are rules Predi
cates defined by facts alone are called base predicates while those defined
by rules alone or by rules and facts are called derteed predicate: In Figure
1, the bt’s are base predicates, while p ¢ p,, and p, are derived pred:
cates

We can assume without loss of generality that a predicate 1s defined
entirely by rules or entirely by facts If a set of Horn clauses does not
meet this condition, 1t can easily be transformed into a set of clauses that
does For example, the following two sets of Horn clauses are equivalent

X, Y) - alX. 2) 6(Z, ¥) (X, ¥) - alX 2), 6(2, ¥
5;«:,’1: (XN e Y e
ple, d Pla,

Pyic,

Thus, 3 D’KB can be partitioned into rule relations and fact relations
The set of rule relations 1s called the infensional data base, or rule base,
while the set of fact relations 1s called the extensional data base, or dafa
base The intensional data base contains only derived predicates and the
extensional data base only base predicates

The motivation for distinguishing between the intensional and exten-
sional knowledge bases 1s that relations defining base predicates are stored



as traditional database relations, while those defining derived predicates
are stored in some compiied form to permut efficient access during query
processing

22 Recursion

This section introduces concepts pertaining to recursive query pro-
cessing, which 1s a key concept differentiating traditional database systems
from D/KBMSs

A predicate ¢ 1s said reachable from a predicate p if
() ¢ 18 1 the body of a rule having p as its head, or

(1) ¢ 15 10 the body of a rule having § as its head and s 13 reach-
able from p

For example, in Figure 1, P, 1s reachable from p  So s by, because b, 13
reachable from p, and p, s reachable from p p, and p, are recursive
predicates, while p and ¢ are mutually recursive

A predicate p 1s recursive 1f 1t 1s reachable from itself Two or more
derived predicates are mutually recurswve 1f they are reachable from each
other

Arulep - p,, py, , p, tscalled a recursive rule if at least one of
the p, s 13 mutually recursive to p Rules are mutually recurssve if the
predicates 1n their heads are mutually recursive Rules that are not recur
sive nor belong to a set of mutually recursive rules are called ez rules

The above concepts can be explained using a graph formalism The
Predicate Connection Graph (PCG) [4! 1s representative of such a formal-
1sm Each node mn a PCG represents a predicate Edges arise from rules
If there 1s a rule of the form p ~ p,, p,, , P,, there 13 a directed edge
from p to each of the p 's Figure 2 shows the BCG for the sample set of
Horn clauses for Figure i

Figure 2 Predicate connection graph for rules in Figure 1

Mutually recursive predicates form the strongly connected components
of a PCG, where a strongly connected component, also called a clique, of a
graph 1s a set of nodes in which there 13 a directed path between each par
of nodes

In the context of D/KB query processing, we will use a somewhat
broader definition of chiques Here, by clique we will mean a set of recur
sive predicates as well as the rules defining these predicates In general,
some of these rules are recursive, others form mutually recursive groups,
and the rest are exit rules For example, the cliques for the rule set n
Figure 1 1s shown in Figure 3

LChque Recursive predicates . Recursive rules |, Exit rules :
| 1 Py R, R, p R
2 Py R, ; Ry
3 P2 | Ry ! Rg

Figure 3 Clhiques for rules 1n Figure 1

Cliques actually represent a partitioning of the set of rules wnto dis
jomnt groups, the sigmficance of this partitioning being that predicates in
the same clique must be evaluated as a whole using the rules in that chque
Also, there must be at least one exit rule for each chique, to ensure that
the evaluation of the predicz*es terminates

23 D/KB Quertes and Evaluation Graph

D/KB queries are also expressed as Horn clauses
typical query against the rule set in Figure 1 1s

query(X) - p(X, john )

Evaluating the above D/KB query 1s tantamount to evaluating the derived
predicate guery, which in turn involves evaluating all the predicates
reachable from query The predicates reachable from query are called
relevant predictes, while the rules defining them are called relevant rules
Fvaluating D/KB queries 1s then tantamount to evaluating the relevant
predicates using the relevant rules

For example, a
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As described 1n the previous section, the relevant rules can be parti-
tioned into cliques and from this partitioming we can construct a new
graph, called the evalustton graph for the query This 1s a directed graph
whose nodes are erther cliques or non-recursive derived predicates Chque
nodes can be thought of as the stroogly connected components of the PCG
collapsed into single nodes, while non-recursive predicate nodes are the
same as those in the PCG  There are four types of edges in the evaluation
graph (1) P - C indicates that some predicate 1n the chque (' appears in
the body of a rule defining P, (2) C' - P indicates that ‘}’ appears 1n the
body of a rule defining some predicate of C, (3) P, - P, indicates that
P, appears 1o the body of a rule defiming P, 2ad (fl) C,"~ C, indicates
that some predicate of (', appears wn the body of a rule deﬁzmug some
predicate of €| While tﬁe PCG may be a cyche graph, the evaluation
graph 1s acychc It 1s then possible to order the nodes in this graph 1n
such a way that all predicates reachable from a predicate p appear as
predecessors of p some of these predecessors being clique nodes contaming
some of the reachable predicates We call the total order with this pro-
perty the evalualion order It The evaluation order hst specifies the order
n which to evaluate the cliques and non recursive derived predicates dur-
ing D/KB query processing Figure 4 1s the evaluation graph obtained
after we nsert the above query into the rule set in Figure 1

Usually, there 1s more than one possible evaluation order hist for a
query For example, from the evaluation graph in Figure 4, we can obtain
two evaluation order hsts {C,, C,, C), query} and {C;, C,, C,,
query} The choice of evaluation order list 1s one of the optimization
problems 1n D/KB query processing that we have not addressed yet

24 E’valuatmg Predicates and Cliques

There are essentially two strategies for evaluating predicates during
D/KB query processing — top down evaluation and bottom up evaluation.
Bottom-up evaluation starts with the base predicates in the body of the
relevant rules and keeps combining them with other predicates 1n the body
to produce the head predicates till the predicate query is generated Top-
down evaluation starts with gquery and keeps evaluating predicates in the
body of the relevant rules by propagating the bindings in the head predi-
cates of these rules

Figure 4 An example evaluation graph

In general, some of the relevant predicates will be non-recursive,
with the rest bemng partitioned into cliques as explained 1n section 2 2
Bottom-up evaluation of non-recursive predicates 1s equivalent to comput-
ing a relational algebra expression On the other hand, bottom-up evalua-
tion of a clique of recursive predicates 18 equivalent to computing the least
fixed pownt (LFP) of a set of recursive relational algebra equations of the
form, r, = f,(r},, , n, where the [, s are relational
algebra expressions

Examples of top-down evaluation are the Henschen-Naqvi method {5'
and Prolog, while naive evaluation and semi-naive evaluation (8] are exam-
ples of bottom-up evaluation

y Tah 2 =1

25 Optimisation

Bottom up strategies are simpler and easy to implemeat, but they
compute a lot of useless results, siuce they do not use knowledge about the
query (1 e constants in the query rule) to restrict the search space as top-
down strategies do Several strategies have been proposed for use with
bottom up strategies to improve performaunce, e g, magic sets {7], supple-
mentarv magic sets |8}, counting and supplementary counting 9] The
main 1dea behind these strategies 1s the use of sideways information passing
(sip) to propagate the information in the query (query constants) and res-
trict the computation to tuples that are related to the query Beerni >nd
Ramakrichnan have developed a uniform framework to describe and com-
pare these strategies and to understand the basic ideas that are common to
them 110]

The common feature of the above optimization scrategies 1s fhat
they are all rule rewnting systems That 1s, they rewrite the orniginal set
of rules mto an equivalent one whose evaluation 1s expected to be mort
efficient than that of the original

3 Testbed Architecture
The D/KBMS architecture in the compilation approach can be func-
tionally divided mto two layers

L] Knowledge Manager (KM), which comptiles intensional
database queries, using appropriate optimizations nto 1
program that accesses the extensional database and

L] Data Base Management System (DBMS), which executes
the program generated by the knowledge Vanager



This two layered architecture i1s really a reference architecture D KBMSs
with widely varying performance are realized via different choices for the
KM optimization and LFP evaluation strategies and the KM/DBMS inter
face

We have designed and implemented a data/knowledge base manage-
ment testbed using a commercial relational database svstem  The
Knowledge Manager 1n this testbed compiles pure, function-free Horn
f)lgﬁes queries tnto embedded SQL programs, which are executed by the

Our objective was to build a tool that would serve as both a
demonstration and performance measurement and evaluation platform As
a demonstration platform, the testbed 1illustrates the motivation and basic
functionality of a D/KBMS, the components of a D/KBMS architecture,
alternative 1mplementations of t!ese components and their relative
tradeofls, and the factors contributing to D/KB query compilation and exe-
cution time As a performance measurement and evaluation platform, the
testbed allows us to make quantitative performance measurements and to
study system performance sensitivity and behavior with respect to several
parameters

We point out that our testbed 1s not intended to be a high perfor-
mance logic database system In particular, the choice of SQL as the
KM/DBMS interface significantly degrades performance However, for the
purposes listed above, the testbed has proven to be a very valuable tool

In a typical session with the testbed, the user enters a set of rules
and facts These rules and facts are stored in a memory resident private
environment called the Workspace D/KB The Workspace D/KB rules may
refer to rules and facts stored on disk and the rules stored on disk may
refer to rules and facts 1n the workspace The stored rules and facts con-
stitute the Stored D/KB After entering a set of rules and facts into the
Workspace D/KB, the user 1ssues queries against them If he 1s satisfied
that the rules and facts 1n the workspace D/KB are correct, he updates the
stored D/KB with these rules and facts

The overall configuration of the testbed 1s shown 1n Figure 5

Object
code

Informix Relational DBMS

Data’knowledge
base

Figure 5 [Cestbed Architecture

The testbed consists of four components User Interface, Knowledge
Manager, Run Time Library, and DBMS The User Interface handles
mteractions with the user The Knowledge Manager compies D/KB
queries wnte C program segments, which contain information about
relevant rules and predicates and the evaluation order hst for the query
The program segment 1s then compiled and linked with the Run Time
Library to generate the object code, which accesses the data/knowledge
base and returns the query results The hnowledge Manager also handles
updates to the Stored D/KB The DBMS 1s a commercial relational data-
base management system with SQL and embedded SQL (in C) interfaces

31 User Interface
The main options provided by the User Interface are

L] Enter rules, which allows the user to enter a set of Horn
clauses 1nio the workspace

[ Enter query, which allows the user to enter and compile
a Horn clause query

[ Execute query, which allows the user to execute a previ-

ously compiled query

. Update stored D/KB, which allows the user to update
the stored D/KB with rules and facts from the
workspace
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32 Knowledge Manager

The Knowledge Manager 1s the major component of the testbed It
accepts Horn clauses and queries frox the user interface and compiles
querles Into code fragments It consists of the following components Rule
Parser, Workspace D/KB Manager, Stored D/KB Manager, Semantic
Checker, Optimizer, and Code Generator The KM architecture 1s shown
1n Figure 6 The circles 1n this figure represent data structures and the
boxes, components

To DBMS
Figure 8 Knowledge Manager Architecture

321 Rule Parser

The Rule Parser parses the input Horn Clauses If no syntactic
errors are detected, 1t generates an internal representation of the Horn
clauses This representation consists of two hash tables, rules and predi-
cates, into which information contamed n the source form of the Horn
clauses 15 loaded

322 Workspace D/KB Manager
The Workspace D/KB Manager provides the following functions

[} Determine ail predicates reachable from a given predi-
cate

o Find the cliques in the workspace D/KB rules

[} Generate the evaluation order hst

323 Stored D/KB Manager
The Stored D/KB Manager provides the following functions

L] Extract rules from the stored D/KB needed to solve a
given set of predicates

[ Read the int ! and ext | data dictionaries
dunng type checking, which 1s the process where the
iges of the columns of the derived predicates are

erred (see the Semantic Checker, section 3 2 4 below)

[ Update the stored D/KB with rules and facts from the
Workspace D/KB

324 Semantic Checker

The testbed performs two kinds of semantic checks The first s to
check for each derived predicate reachable from the query, whether there
15 a rule defining 1t The second 1s a type check for wnferring the types of
the derived predicates and also checking whether the same types are
inferred from all the rules defining a predicate

325 Optimuser

D/KB query processing performance strongly depends upon the
effictency of LFP computation The Optimizer uses the generalized magic
sets algorithm proposed by Beer: and Ramakrishnan {10 to rewrite the
relevant rules into a new set of rules that 1s equivalent to the original set
but whose LFP computation is more efficient

326 Code Generator

The code generated by the knowledge manager 18 actually a C pro-
gram segment, which basically loads certain data structures in the object
program with query specific information These data structures contain
information similar to the nodes of the evaluation order graph For predi-
cate nodes, the code fragment loads the predicate name, schema nforma-
tion (name and type of each column), and the SQL query to evaluate the
body of each rule mn which the predicate appears as head For chque
nodes, the code fragment loads the same information, except that it
differentiates between exit rules and recursive rules

33 Run Time Library

The Run Time Library currently contains our implementation of
two bottom-up strategies for LFP evaluation naive evaluation and semi-



naive evaluation '6  As we mentioned before, SQL 1s not the KM/DBMS
interface to use when designing a high performance D/KBMS, since rela-
tional algebra cannot express LFP queries 11  Consequently, the recur
sive equations are evaluated as an application program and there 1s not
much scope for optimization here, several temporary tables are created
and dropped during each iteration, which introduces a lot of overhead

The code fragment produced by the Knowledge Manager 1s compiled
and linked with the run time library to produce the object code, which 1s
executed by the User Interface against the DBMS to give the query results

3¢ Control Flow

This secticn describes the control flow among the components of the
testbed during D/KB query compilation to give an overall picture of the
system

The User interface accepts user query and parses 1t

The Workspace D/KB Manager determines all predicates reachable
from the query In general, there may be rules defining these predicates in
the Stored D/KB The Stored D/KB Manager extracts these rules by issu
ing appropriate SQL queries and loads them nto the workspace

At this point all the rules needed to solve the query (from both the
Workspace and Stored D/KBs) are present i the workspace The
Workspace D/KB manager once again, determines all the predicates
reachable from the query This will now 1nclude workspace as well as
stored D/KB predicates

If optimization 18 to be used, the Optimizer 1s invoked to rewrite the
rules relevant to the query For the generalized magic sets strategy, 1t
generates three sets of rules in the workspace the adorned, magic and
modified rules It also generates an adorned version of the query

The Workspace D/KB Manager then finds the cliques in the
obtained rules and uses this information to generate the evaluation order
list

The Semantic Checker now performs the two tests

The Code Generator generates the code fragment for each entry
(clique or non-recursive predicate) 1n the evaluation order list

The User [nterface invokes compiiing and linking procedures to com-
pile the code fragment and link 1t with the rup-time hbrary to generate
the object code

The result of the query 1s returned to the user by running the object
code

4 Data Structures and Algorithms

The algorithms in the current version of the testbed can be grouped
under four categories

() Implementations of several previously published algorithms,
after finalizing the details of a number of them These include
implementations of naive and semr-naive LFP evaluation as
embedded-SQL programs, the latter using the differential
approach described 1n {12}

New algorithms addressing specific 1ssues in D/KB query pro
cessing These include the type 1nferencing and checking algo-
rithm and the algorithm for ext acting the relevant rules from
the Stored D/KB during compilation and updates

Algorithms that unify various published concepts and new
ones that we introduced These include the D/KB query pro-
cessing and update algorithms

Algorithms that are designed but not yet implemented These
include an algorithm for generating a sideways information
passing (s1p) strategy as part of the generahzed magic set
optimization Beer: and Ramakrishnan in their paper 10! just
describe what a sip 1s but do not include an algorithm for gen
erating one

The detalls of these algorithms can be found in 113] Here we briefly
describe the intensional database stotage structures, and the D KB query
processing and update algorithms

(u)

(1)

()

41 Intensional Database Storage Structures

The DBMS stores both the extensional and intensional databases
[ntensional database storage structure design 1s a ke 1ssue, since it
influences the time to extract the relevant Stored D/KB rules durimg query
processing To speed up this time, the Stored D/KB rules should be stored
in some compiled form, in addition to raw source form storage The 1ssue
ts what should be the corpiled form storage structure?

Since the DBMS 1n our testbed 1s a commercial » lational database
svstem, the intensional database 1s stored as a set of relations This set
consists of four relations tsystables, wsyscolumns, trulesource and ireachq
blepreds The first two relations, isystables and tsyscolumn , form the inten-
sional database data dictiouarv They contain the types of the columns of
the derived predicates, which are derived from the base relations

These two relations have the following schema
1systables (tablename char tableid integer)
13yscolumns (tablerd integer, colname char,

colnumber integer coliype integer)

trulesource stores for each derived predicate p, the rules defimng p It has

the following schema

irulesource {headpredname crar rule char)
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treachablepreds stores for each derived predicate p all the predicates reach-
able from p The reachable predicates are obtained from the transitive
closure of the PCG of the rules stored 1 trulesource and constitutes the
compiled form of these rules It has the following schema

ireachablepreds(frompredname char, topredname char)

We use ireachablepreds as the compiled form of rules since 1t allows
very efficient retrieval of the relevant rules from the stored D/KB For
example, retrieving all the rules needed to soive the query

query (X, Y) - p(X, 2), q(Z, Y)

where p and ¢ are derived predicates, 1s accomplished via the following
SQL query

SELECT trulesource rule
FROM irulesource, 1reachablepreds
WHERE (ireachablepreds topredname = irulesource headpredname
OR _1reachablepreds frompredname = irulesource headpredname)
AND ({ treachablepreds frompredname P
OR treachablepreds frompredname q)
This query retrieves all rules in the stored D/KB whose head predi-
cates are either p, ¢, or the predicates reachable from p and ¢ To speed

up the execution of this query, both irulesource and ireachablepreds are
indexed

42 D/KB Query Proceasing Algorithm

This section describes the D/KB query processing scenario imple-
mented 10 our testbed
1 Find the reachable predicate set P and the relevant rule set B for
the query from both Workspace D/KB and Stored D/KB Ths
mvolves the following steps
11 Construct the PCG for the Workspace D/KB rules and the
query
Initialize the reachable predicate set P to the predicates
reachable from the query node in the PCG Imtiahze the
relevant rule set R to include rules in the Workspace D;KB
whose head predrcates are 1n
Extract from the Stored D/KB all predicates reachable from
the predicates in P and the rules whose head predicates are 1n
P, using a query similar to the SQL query shown section 4 1
Ingert them into P and R, respectively
Find new reachable predicates and relevant rules from the
obtained rule set R and the Workspace D/KB, and insert
them into P and R

Repeat steps 1 3 and 1 4 until no new rules and predicates are
inserted into R and P

2 Construct the PCG for the rule set R and find the cliques in the

12

14

15

PCG

3 Construct the evaluation graph and perform a topological sort of the
evaluation graph to generate the evaluation order hst

4 Derive types for attributes of the derived predicates and perform

semantic checks If there 15 an error in either of the two semantic
checks, do not perform the next step

5 Evaluate the cliques and nonrecursive predicates as per the total
order prescribed by the evaluation order List If the node to be
evaluated 1s a chque, optionally apply an optimization strategy to
the chque and generate a new set of rules (e g magic set rules and
modified rules) Evaluate the new set of rules We say optionally
above because our performance experiments indicate that there 1s a
tradeoff 1n using optimization (see section 5} We have not yet
implemented dynamic strategies for determining whether to apply
optimization

43 Stored D/KB Update Algorithm

This section describes how to update the Stored D/KB with rules
from the Workspace D/KB We point out that 1n our testbed only the
intensional database storage structures are updated In particular, there 1s
no checking of these rules against any integrity constraints that may be
associated with the Stored D/KB

The D;KB update algorithm 13 as follows

1 Let ADKB denote the workspace D/KB Extract from the

stored D/KB all the rules needed to evaluate the derived
predicates in ADKB Ths can be done usuﬁ)a query stmilar
to the SQL query shown n section 41 Let [DB ,, denote the
extracted rules
the PCG of the rules 1n
- omponte = SDKB IDB,_,,, which denotes the set
of rules which are either in ADKB orn IDB,
3 Compute the transitive closure of this PCG This gives all
the Bredlcates reachable from a given predicate 1
ADK.

2 Construct
A

componite
4 Perform the type checking algorithm which 1s described next
w this section

For each derived predicate p in ADKB,, ..., add tuples

to wsystables and 1syscolumns if iformation on p 1s not
present in these tables

o



8 For each derived predicate p tn ADKB,_ .. add tuples to
treachablepreds by looking at the transitive closure computed
1n step 3

7 For each rule tn ADKB add tuples to irulesource

We mentioned before that ireachablepreds 1s the transitive closure
of the PCG of the rules in trulesource he above algorithm computes
this transitive closure incrementally That 1s, whenever the stored D;KB
1s to be updated, we do a transitive closure on only those portions of the
stored D/KB that will be affected by the update (/DB,,,), and not of the
entire stored D/KB This caa result in substantial savings in update times
for very large rule sets as the suze of [DB,,, will be much smaller than
that of the entire rule set

§ Measurement and Evaluation

We have conducted some preliminary expertments using the current
version of the testbed The experiments are designed to quantitatively
measure D/KBMS performance and to understand D/KBMS performance
sensitivity and behavior with respect to various system parameters The
basic motivation for doing these experiments 1s to experimentally investi-
gate various issues related to the integration of knowledge management
with database management systems, including the potential architecture of
such systems, compilation techniques, and the effectiveness of major query
optimization and processing methods This section describes these experi-
ments and discusses the obtained results

51 Performance Measures and Parameters

The mamn D/KBMS performance measures we used are (1) D/KB
query compilation time, ¢, (1) D/KB query execution tume, {,, and (i)
D/KB update time ¢, fhese measures are comprised of several com-
ponents, which are discussed in the tests

The parameters that affect the above performance measures are
grouped into three categories (1) D/KBMS architecture related parame-
ters, (n) workload related parameters, and (1) D/KB query and update
related parameters The D/KBMS architectural parameters relate to
different aspects of the system architecture, the workload parameters
relate to D/KB size, and the query and update parameters relate to the
portions of the D/KB relevant to the query Table 1 describes these
parameters

52 D/KB Characterisation

The base relations used in the experimentation are all binary rela-
tions We characterize them in terms of their directed graph representa-
tion In this representation, a binary relation 1s represented as a directed
graph, domain elements form the nodes of this graph and tuples the edges
The following types of relations are used in the experimentation lsts, full
binary trees, directed acychc graphs, and directed cyche graphs The
parameters in Table 2 are used to characterize these relations

We characterize the intensional database by characterizing the PCG,
which 15 a directed cychic graph Table 3 shows the parameters used
this characterization

To facihtate experimentation, we developed a D/KB geperator that
accepts parameter values as wnput and creates "random” data and rule
bases satisfying the specified parameter values For rule bases, the D/KB
generator accepts these parameters as input and creates a “random’
directed cychic graph satisfying these parameters It then generates a rule
base, such that the PCG of this rule base s the above cyche graph In
general, there are several rule bases satisfying this condition, the D/KB
generator generates one such

53 Tests and Results

This section describes the performance measurement and evaluation
tests we performed using the testbed, the results of the tests, and ap
analysis of the results The tests are categorized into two groups (1) tests
relating to D/KB query processing and (2) tests relating to D/KB updates

531 Tests Relating to D/KB Query Processing

The tests relating to D/KB query processing can be further categor
12ed 1nto two groups (a) tests relating to D/KB query compilation and (b)
tests relating to D/KB query execution

5311 Tests Relating to D/KB Query Comptlation

After making several measurements, we found that the parameters
that had the most effect on D/KB query compilation time were (1) the
total number of stored rules and the number of rules relevant to the query,
R, and R_, which affect the time to extract the relevant rules from the
Stored D/KB, and (1) the number of stored and derived predicates
relevant to the query, P, and P,, that affect the time to read the D/KB
data dictionaries The purpose of the tests below 1s to study the effect of
these parameters on D/KB gquery comptlation time
Test 1 Study the effect of the total number of rules 1n the Stored D/KB, R,
and the number of Stored D/KB rules relevant to a query R, , on the time to
extract the relevant rules from the Stored D/KB ¢, .,

R, was varied from 29 to 205 1 steps of 18 and the value of ¢,,,, .,
for a query with R, = 2 was recorded This procedure was repeateé or

queries with R,, ='7 and R,, = 20
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Figure 7 shows the results of this experiment For each query, notice that
{.ztract 1S Telatively insensitive to Ths 1s explained by observing that
of the two relations, irulesource and irecchablepreds, that are joined during
the extraction of the relevant Stored D KB rules (see section 4 1), the
former 18 relatively small, while even though the latter may be large, 1t
has an index on 1ts join column

Notice . Figure 7 that for a given value of R, t,., .., increases
with R, , the number of rules in the Stored D/KB relevant to the query

The curves of ¢,.,,.., versus R, 1 Figure 8 show this more clearly
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,Mﬂy 1, Rsr=2

Py -

° L I h 4 —
o 100 200 300
Rs (rules)
Figure 7 8,0, versus R,
200 ~
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[} T T ]
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Rsr (rules)
Figure 8 t,,, .., versus R,

This reason for the behavior shown in Figure 8 1s that R, 1s related to
the join selectivity of the SQL query used to extract the relevant rules

The data in Figure 7 1s for the case where the transitive closure of
the PCG 1s physically stored mn the Stored D/KB If rules are stored in
taw source form only, or if the stored compiled form s just the PCG (as
opposed to 1ts transitive closure), the transitive closure of the PCG would
have to be computed during query compilation We did not make quanti-
tative measurements of Lostrgct VETSUS R_ for these cases, since we know
from our previous work on afgorlthms for computing the transitive closure
of a database relation that the performance deteriorates rapidly for very
large relation sizes {14|

Test 2: Study the effect of the total number of dertved predicates in the Stored
D/KB, P,, and the number of derwved predicates relevant to the query, P on
the time Yo read the D/KB data dictronaries The purpose of reading fhese
dictionaries 1s to determine the types of the columns of the base and
derived predicates prior to executing the type wnferencing algorithm The
motivation for doing this experiment is that reading the D/KB data dic
tionaries involves accessing the Stored D/KB, which impacts performance
The procedure here was basically the same as that 1n the preceding experi
ment The values of P, were 1, 4, and 10 for the three quertes

20 -
& - Query 3 Pr=10
e __-.———"—1/-—'.__
g Query 2 Prad
Q 107 b v .

0

g 2 . Query1 Prat
= . -

° L L A " ;

40 50 60 70 80 90
Ps {predicates)
Frgure 9t 44, versus P,

Figure 9 shows a plot of tupdd“ versus P, Notice that for a given value

of P, t .44, 19 relatively insensitive to To see why this 13 so, let us
look "at How the intensional data dictionary is accessed for a query having
say p, and p, as the relevant derived predicates This 1s accomplished

p
via the following SQL query

SELECT *

FROM systables, 1syscolumns

WHERE systables tabsd = isyscolumns tabid AND
fisysiables tabname = p, OR
1sy tables tabname = p "))
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The execution time of the above query 13 insensitive to P, (the number of
tuples 1n isystables), because we place indexes on 1systables and 1syscolumns

Also notice that for a given value of P, ¢, increases with P,
Thus 1s because P, 1s related to the jomn selectivity o‘idﬁle above querv

20 7
Ps = 81
@
E Ps =51
g 10 4
§ Ps =21
B
0 ¥ T T T T ]
[} 2 4 6 8 10 12

Pr (predicates)

Figure 10 t,, 44, versus P,

Figure 10 shows a plot of ¢
P, We haven t shown a
to be nsensitive to R,
affects P, the number of derived predicates in the
we explained above, £, 44, 18 1Dsensitive to P,
Test 3 Study the relatsve contributions of the different steps in D/KB query
comptlation on the total compilation time t, After making several measure-
ments of the different steps in D;KB query compilation, we found that the
principal contributions to {, came from the following five components

readdsc Versus P for three different values of
1ot of t,,,4q4,c Versus B, , but we found ¢, .,
his 13 because R, affects t, ... inso far asi
tored D/KB, and as

t, ctup time to set-up the query related data structures,
botract time to extract relevant rules from the stored D/KB,
t eaddsc  tume to read the D/KB data dictionary,
torder time to gencrate the evaluation order hst, and
t, ompile  t1me to compile the program segment and hink 1t with the
run-time library
—Rn tc 2 tc 11 I
|
T 6% _Ts_%1
7 | 5% 36%
20 | 4% 15% |

Table {4 Breakup of D/KB query compilation time

Table 4 shows the contributions of these components for three different
queries, with R, equal to 1, 7, and 20 Notice that as R, increases from
1 to 20, the relative contribution of ¢, , .., the time to extract the
relevant Stored D/KB rules, increases from 25% to 87% Also, the rate of
ncrease appears to be quite rapid

t,rdey 3PPears to be making a non-trivial contribution to {,  This 18
actually ﬁue to the fact that in our testbed, the evaluation order list is
computed by making a Unix system call to execute the Unmix topological
sort utility The overhead imposed by the system call 1s particularly
significant We could have avoided making the system call by 1mplement-
ng a topological sort algorithm, this would have had the effect of making

the contribution of ¢ ;. . nsignificant

Finally, note that the relative contribution of £, ., the time to
compile the code fragment generated by the Knowledge 'Manager and link
it with the run time library appears quite sigmficant However, this 1s
very much compiler dependent and can vary greatly from system to sys
tem We can make a sumilar observation about Lectup

5312 Tests Relating to D/KB Query Execution

Quantitative analysis of D/KB query execution performance 1s com-
plicated by the fact that the executi'n time 1s greatly influenced by the
nature of the querv and data This 1s because the type of query and data
greatly affect the size of the set of relevant facts, D +2» and the amount of
duplicate work done during LFP computation, which were shown 1n 151 to
be two of the most important parameters influencing D/KB query execu-
tion time The principal purpose of the tests described in this section s to
study the effect of these parameters on D/KB query execution time

The tests all use the ancestor query
ancestor (X, Y) - parent(X, Y)
ancestor (X, Y} ~ parent(X, Z), ancestor(Z, Y}
query (X)) — ancestor( john , X)

and tree structured data for the parenf relation The results will obviously
be different for other queries and data tvpes Still, we can draw some gen-
eral conclusions from our test results



When studying the effect of redundant work, we didn't directly
measure this parameter Rather, we measured the execution times for
natve and semi-naive LFP evaluation, the difference between the two wndi-
cating the impact of redundant work

We now describe the tests in more detail

Test 4  Study the effect of the fraction of relevant facts, D _,/D, ,, on D/KB
query ezeculton lime, ¢, We varied D, ./ r1 10 tWO &ifereid ways In
the first method, we kept D), ;| fixed bv keeping the size of the parent rela-
tion fixed and varied d’"z By rooting the ancestor query at different sub-
trees of the parent relation’ Thus, each value of D, , was obtained from a
different query, each query baving a different constant In the second
method, we kept D"2 fixed by fixing the query constant and varied the
size of D"l by making the parent relation progressively larger Here, the
same query was applied to parent relations of different sizes Semi-naive
evaluation was used for LFP computtion Optimization was not used

150 -
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Frgure 11 t, versus D, /D,
Figure 11 shows a plot of ¢ 2/ Dert
D"l 1s fixed, ¢, is wmsensitive to . This is” because 1n the absence of
the magic set optimigation, the tranmglve closure of the entire parent rela-
tion 1s computed, regardless of the percentage of this relation that 1s actu-
ally relevant to the query We study the impact of this optimization 1n
another experiment

On the other hand, when D, , 1s fixed but D, ; 1s not, t, increases
with D, , Sequwalently, t, decreases with D"z/D. 1) This 18 because the
transitive closure is being computed for progressnve[y larger relation sizes

Test 3 Study the impact of redundant work done during LFP compulation on
D/KB query ezecution fime We first measured ¢, for several ancestor
queries rooted at different sub-trees of the parent relation, keeping D"l
fixed and using semi-naive LFP evaluation We then repeated this pro-
cedure for naive LFP evaluation

versus D, Notice that when

97
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. 40—ttt
-§ Naive evaluation
§ 300 -
2
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Figure 12 Compariston of two LFP evaluatton methods

Figure 12 shows a plot of ¢, versus D, ,/D, , for both natve and
semi-naive evaluation Notice that for the query and database 1n this test,
semi-naive evaluation 13 between 2 5 to 3 times faster than naive evalua
tion The difference 18 due to the fact that semi-naive evaluation avoids a
lot of duplicate work by computing only the differential of f (R) during
each iteration when evaluating the LFP of R = f(R) Nawve evaluation,
on the other hand, recomputes tuples computed in previous iterations

Test 8 Study the relative contrsbuttons of the vartous steps in natve and
sems nawwe LFP evaluation. There are three major steps when naive and
semi-naive LFP evaluation are implemented as an application program and
a relational DBMS create and clean up temporary tables, evaluate right
hand side of recursive equatic *s, and check termination conditions

Table 5 shows the results of this test Notice that 12 naive evalua-
tion, 95% of the time 1s spent n evaluating the nght band side of the
recursive equations and doing the termination check, while the correspond-
ing activities consume 82% of the time 1n semi-naive evaluation The
activities are not quite the same since semi-gaive evaluation computes only
the differential of the right hand side of the recursive equations during
each iteration

Table 5 also shows a comparison of the actual time taken to evalu-
ate the mght hand side of the recursive equations (or the differential
semu-naive evaluation) and to do the termination check for naive and
semi-naive evaluation Notice that the times for naive evaliation are
about 2 5 to 3 tumes greater than those for semi-naive evaluation This s
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| —Nalve Semi Naive
| Subtask r
time percentage time percentage |
Create and clean 20 2% 24 18%
up temporary | i
tables | }
1 {
Evaluate nght | 110 28% 42 31%
hand side of recur
sive equations |
1 4
Check termination ; 260 81% 89 51%
conditions { t
|
H 1
|
Total ! 390 100% 135 100%
L s

Table 5 Breakup of LFP evaluation time

the principal reason semi-naive evaluation was found to be 2 5 to 3 times
faster than patve evaluation 1n the previous test

The termination check 18 expensive in our implementation because
the SQL interface between the Knowledge Manager and the DBMS forces a
set difference, an expensive operation, to be computed during this check

Test 7 Study the impact of optimization on D/KB query ezecubion time The
generalited magic set algorithm was used as the optimization method In
this algonthm, the onginal query and rule set are rewritten as two sets of
rules magic rules and modified rules The execution time ¢, 1s the sum of
evaluate these rule sets

This test comprises three parts First, we measured {, as a function
of the query selectinty, D ./D, | (the ratio of the relevant tuples and the
total number of tuples) {or the Tour cases resulting from using nave and
semi-nalve evaluation with and without optimization /D, was
varied by keeping D, , fixed and varymng D Figure 1% shows the
results of this test

or2
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Naive (without optinization)

Semi nave (with optimization)

te (seconds)
g

Semi naive (no optimization)
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Figure 13 Effect of optimszation

Notice the significant impact of optimization for queries with low
selectivity (Figure 13) For example, when only 5% of the base relation
tuples are relevant, the execution time with optimization ts about 6 to 7
times faster than without optimization The umpact of optimization 1s par-
ticularly significant for very large base relations and very low query selec-
tivity In the second part of this test, we executed an ancestor query with
very low selectivity ( 05%) against a parent relation containing over 16,000
tuples and measured £, with and without optimization We found that
without optumzation, the query took several orders of magnitude longer to
execute than 1t did with optimization' We expect that 1n very large data-
base environments, the query selectivity will be small 1n many cases and
s0, this test represents a very plausible scepario

Notice that ¢, 1s insensitive to the query selectivity in the absence of
optimutation, since the transitive closure of the entire parent relation 1s
computed in this case However, with optimisation ¢, increases with the
query selectivity since n this case the transitive closure 13 computed only
for the relevant portion of the parent relation, which grows progressivelv
larger when D, /D, | increases

In fact, there 1s a crossover pont beyond which optimization results
mn higher query execution times This typicailly happens when the
selectivity of the query 1s high, 1 e, when most of the extensional database
18 relevant To understand why this 1s so recall that 1n the magic set stra-
tegy, an LFP computation 1s done 1s first to evaluate the magic rules and
determine the set of relevant facts Then, another LFP computation 1s
done to evaluate the modified rules and determine the query results against
the magic set, 1e the result relations from the first LFP evaluation
When the query selectivity 1s low, the size of these relations 1s small
enough so that the two LFP computations together take less time than a
single LFP computation on the original base relations However, when the
selectivity of the query is high, the size of the magic set predicates is large
and the extra overhead in first computing them results in a higher overall
execution time

The crossover selectivity where optimization degrades ggrformance
for semi-naive evaluation 1s about 729, while 1t 1s about 82% for naive
evaluation The higher crossover point for naive evaluation is due to the
fact that optimization has a bigger impact on naive evaluation as it does a
lot of redundant work
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Figure 14 Magic and modified rule evaluation time

Figure 14 13 a plot showing the execution times for the two LFP
computations as a function of D, /D, . The rate of icrease of the
magic rules evaluation 1s lower than %halfor the modified rules evaluation
This 13 because the magic rules evaluation time depends mostly on D, ,,
the size of the base relations, which was fixed 1n this test On the other
band, the modified rules evaluation time 1s quite sensitive to D, ,, the
number of relevant facts, which was varied

532 Tests Relating to D/KB Updates

This section describes tests to study the effect of R,, R
on D/KB update time, ¢,

Test 8 Sludy the effect of R, on the D/KB update time, t, We loaded the
Workspace D/KB with a single rule and updated the Stored D/KB, vary
ng the value of R, from 9 to 189

and T,
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Figure 15 t, versus R,

Figure 15 shows a plot of t, versus R, both with and without com-
piled rule storage structures In the latter case, the update time 18 simply
the time to store the source form of the rules Notice that updates are
almost an order of magnitude faster without compiled form rule storage

Also, £, 1s relatively insensitive to R, The mam reason for this s
that the tume to extract the relevant rules from the Stored D kB 1s a
significant contributor to ¢, (see next experiment) This insensitivity of ¢,
to R, 1s significant because 1t means that the D/ KB update time does oot
degrade for very large rule sets
Test 8  Study the relative contributions of the different components of t, as e
function of Rw and T, The query update time {, consists of three major
components

t Tume to extract the rules relevant to the Workspace, D/KB

from the Stored D/KB
Time to update the irulesource relation

ul

tu?
t,3 Time to update the ireachablepreds, 1systables, and isyscolumns

relations

We updated a Stored D/KB with B, = 189 with a Workspace D/KB con
taining 38 rules and measured the values of ¢ ,, £, and ¢ , The value of

was 137, 1e, the transitive closure of dle 'ﬁ',CG of the Workspace
D/KB rules after extracting the relevant rules contained 135 edges We
then repeated this procedure for a Workspace D/KB containing 1 rule and
T, = 21 Table 8 shows the results

[Ty B, TR, Tty | b ts 1

! - = T

137 1 38 ; 189 | 42% l 13% 4%
[

21 1 tose i 81% | 8% 13% \

L N 1

Table 6 Breakup of D/KB update time

The main pont to note is that {,,, the time to extract the relevant
rules 1s a significant component ci ¢, ‘For small values of B and T,
this time 1n fact makes up the bulk of the contribution to ¢, However,
for large values of and T, the percentage contribution of ¢ ,
decreases, since that of ¢ . increases Also, notice that the time to store
the source form of the rules, t, ,, contributes only a small amount to the
overall L KB update time
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6 Conclusions

We have presented the design and umplementation of a
data/knowledgement management testbed, including the system architec-
ture and major data structures and algorithms We also presented and
analyzed the results of several experiments we performed to quantitatively
measure D/KBMS performance and to study performance as a function of
various parameters In this section, we draw some conclusions based on
the test results and our experience

1 Rule storage structure design 18 a major design issue 1n D/KBMS
design In our testbed, in addition to the source form storage, the
rule storage structures include the tran~tive closure of the PCG of
the rules (all reachable predicates from a predicate) We believe
that, 1n order for a D/KBMS to be scalable to handle large rule sets,
it 13 unportant that the rule storage structures be such that the time
to extract the relevant rules 1s independent of the total number of
rules 1n the Stored D/KB Otherwise, the D/KB query comptlation
times will grow with the size of the rule base Our experimentation
has shown that the transitive closure of the PCG with appropriate
indexes achieves the effect of making the relevant rules extraction
time independent of the rule base size This 1s because with this
storage structure, the time to extract the relevant rules depends only
on the number of rules extracted and not on the total number of
rules

There are two important tradeoffs that relate to rule storage struc-
tures The first 1s a time-vs-space tradeoff Compiled form rule
storage structures like the transitive closure of the PCG use more
space but permit faster query compilation than non-compiled storage
structures The other tradeoff 15 between query compilation time
and update time Compiled form storage structures take longer to
update, sometimes even an order of magnitude longer as some of our
experiments indicated, than non-compiled storage structures The
choice of rule storage structure must be dictated by the relative cost
of storage versus compilation and by the application
characteristics — whether i1t 1s query intensive or update 1ntensive
For example, the PCG itself (as opposed to 1ts transitive closure) has
been proposed as a rule storage structure However, this is not a
good choice for query intensive applications This 18 because during
querv compilation, the transitive closure of the PCG will have to be
computed to extract the relevant rules and this can be very time
consuming for rules with large PCGs

2 As we argued before, from the D/KB query compilation pomnt of
view, a good rule storage structure 18 one where the relevant rule
extraction time depends only on the number of rules extracted and
not on the total number of rules However, we found that the time
to extract the relevant rules 1s very sensitive to the number of rules
extracted A key to avoiding excessive compilation titmes 1s to struc
ture the rules tn such a way that the number of relevant rules for a
query 18 small Object oriented database techniques can prove to
very useful here For example, a small set of rules can be encapsu-
lated within an object and these rules can be retrieved whenever the
object recerves a message representing a query against them Encap-
sulating rules within an object 1s a way of structuring the rules so
that only the relevant portions of the rule base are processed during
compilation Of course, much work needs to be done to integrate
the concepts of object-oriented database systems — inheritance, mes-
sage processing, persistent objects, etc — with those of D/KB query
and update processing

3 Precompilation of D/KB queries can prove to be very useful This s
especially true for frequently occurring queries with large A,,
values The price of precompilation 1s that, for precompiled queries,
information about referenced relations and rules must be recorded
During updates, this information is checked to see whether the
update nvalidates any compiled query However, for applications
mvolving few updates and frequently occurring queries with large
R" values, this price 18 well worth paying

4 Two of the main parameters affecting D/KB query execution time
are the ratio of relevant facts to total number of facts (D /D, ,)
and the amount of redundant work done 1n the LFP evaluation Ta
reduce the amount of redundant work and to restrict the LFP
evaluation to the relevant database tuples, the D/KBMS
architecture can use better evaluation methods such as semi-naive
I FP evaluation and optimization strategies such as the generalized
mazic sets strategy

However, there 1s a tradeoff 1n using optimization strategies while
optimization restricts LFP evaluation to the relevant tuples of the
database, work must be done to first determine these tuples There
15 a crossover value of the quers selectivitvy beyond which optimiza-
tion actually results in higher query execution times Optimization
pavs best when this selectivity 13 low, 1e for queries that retrieve
only a small fraction of the database The benefit of optimization 1s
particularly telling for queries with very low selectivity and very
large base relations For such applications, we found that without
optimization, the query took several orders of magnitude longer to
execute than 1t did with optimization' We expect that 1n very large
database environments, the query selectivity will be small 1n many
cases and the use of optimization i1s highly recommended despite the
extra work introduced [deally, the D’/KBMS querv optimizer
should adapt the optimization strategy dynamically, switching 1t on
for queries with low selectivity and off o herwise

5 Relational algebra alone 1s not a good choice for the LFP evaluation
since the evaluation has to be done via an apphcation program and
this introduces several inefficiencies For example during each 1tera-
tion of the while loop, several table copies are performed Alvo, the



termination check becomes a very expemsive operation sipce with
relational algebra as the DBMS interface this 1avolves computing a
set difference [n fact, with relational algebra, the "real" work 1n
LFP evaluation, viz evaluating the right hand side of the recursive
equations (or their differential}, takes up only about 30¢% of the
while loop execution time in our example query The rest of the
time 1s spent doing table copies, termination checking, and clearing
temporary tables Of course the time spent doing real work will
increase for queries more complex than transitive closure Still, the
overhead mentioned above will constitute a significant portion of the
execution time

6 The above inefficiencies cannot be overcome using parallehsm alone
While a parallel relational database machine can certainly speed up
table copying and termunation checking, 1t does not significantly
reduce the percentage contribution of these operations to the while
loop execution time

7 To achteve high performance in D/KB query execution, it 1s very
mmportant that the relational algebra interface be augmented with a
generalized LFP operator This operator should accept a set of
recursive equations of the form, r = f (r,, ,r )2 =1, ,n,
as 1nput and compute their least fxed point, thereby solving each 7,
By including such an operator in the DBMS interface, many of the
mefficiencies that arise with relational algebra can be alleviated We
mention several optimization possibilities that open up if the DBMS
interface included an LFP operator, none of which are possible if the
interface was just relational algebra

a Table copying can be avoided by manipulating buffer pointers

b The full set difference operation during termination checking
can be avoided This 18 because as soon as a tuple i1s found
that was not computed in the previous iteration, the termina-
tion check can stop

¢ A dypamically adaptable indexing strategy can be designed to
speed up the evaluation of the right hand side of the recursive
equations or thewr differential This strategy would dynami-
cally create and drop temporary indexes on the base and inter
mediate derived relations depending on their relative sizes A
new mdexing techmque, proposed by Lu and Shan [18] 1s one
effort along this direction

d The join strategy can be dynamically changed between itera-
tions if necessary, depending on the sizes of the base and inter
mediate derived relations and the join selectivities from the
previous iterations

8 The performance of LFP evaluation can be significantly improved by
parallel and pipelined processing We list several possible strategies
below

a During each iteration, the right bhand side of each recursive
equation may be evaluated m parallel

b Pipelining and data flow techniques may be used to evaluate
the relational algebra tree corresponding to the right hand side
of these equations

¢ Parallel join algorithms may be employed during this evalua-
tion

9 In addition to a general LFP operator, the DBMS interface should
mclude commonly occurring special LFP operators, such as transi-
tive closure and the alpha operator (17! Ths 15 because 1t may be
possible to optimize the execution of such special operators better
than that of a general LFP operator In general, it will be difficult
for the query optimizer to recognize that a given set of LFP equa-
tions corresponds to one or another specialized LFP operator
Therefore, the Knowledge Manager nterface should include ways of
denoting such operators Then the Kknowledge Manager can generate
code containing them and the DBMS can execute this code
efficrently

Finally, we would like to pomnt that the current version of the
testbed 1s far from a complete D/KBMS In addition to the unimple-
mented components and algorithms (such as the magic sets optimization
strategy), there are a large number 1ssues related to D ‘KB query process-
Ing that are not addressed at all These include complex terms in Horn
clauses (18], extension of Horn clauses to include negation, the safety check
for recursive queries {19], and the consistency check and truth maintenance
of the knowledge base However, as we can see from the experiments
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described 1n the paper, this testbed is a valuable experumental tool for
further research 1n D, KBMS desiga
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