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ABSTRACT
Semi-naive evaluation is an e�ectiv e technique employed in
bottom-up evaluation of logic programs to avoid redundant
joins of answers. The impact of this technique on top-down
evaluation had been unknown. In this paper, we intro duce
semi-naive evaluation into linear tabling, a top-down resolu-
tion mechanism for tabled logic programs. We give the con-
ditions for the technique to be safeand proposean optimiza-
tion technique called early answer promotion to enhanceits
e�ectiv eness.While semi-naive evaluation is not as e�ectiv e
in linear tabling as in bottom-up evaluation, it is worthwhile
to be adopted. Our benchmarking shows that this technique
gives signi�can t speed-upsto someprograms.

Categoriesand SubjectDescriptors
D.3.2 [Programming languages ]: Language Classi�ca-
tions| Constraint and logic languages

GeneralTerms
Languages

Keywords
Prolog, Semi-naive evaluation, Recursion, Tabling, Memo-
ization, Linear tabling

1. INTRODUCTION
Recently there has been a growing interest of research

in tabling becauseof its usefulnessin a variety of applica-
tion domains including program analysis, parsing, deductive
database, theorem proving, model checking, and logic-based
probabilistic learning [6, 9, 11, 14, 18, 20]. The main idea
of tabling is to memorize the answers to somesubgoalsand
usethe answers to resolve subsequent variant subgoals. This
idea of caching previously calculated solutions, called memo-
ization , was�rst usedto speedup the evaluation of functions
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[8]. OLDT [16] is the �rst resolution mechanism that accom-
modates the idea of tabling in logic programming and XSB
is the �rst Prolog system that successfullysupports tabling
[13]. Tabling has become a practical technique thanks to
the availabilit y of large amounts of memory in computers.
It has become an embedded feature in a number of other
logic programming systems such as ALS [5], B-Prolog [21,
19], Mercury, and YAP [12].

Linear tabling hasemergedasan alternativ e e�ectiv e tabling
scheme[15, 21, 19]. The main idea of linear tabling is to use
iterativ e computation of looping subgoals rather than sus-
pension and resumption of them as is done in OLDT to
compute �xp oints. In our linear tabling scheme, a cluster of
inter-dependent subgoalsas represented by a top-most loop-
ing subgoal is iterativ ely evaluated until no subgoal in it can
produce any new answers. Linear tabling is relativ ely easy
to implement on top of a stack machine thanks to its linear-
it y, and is more spacee�cien t than OLDT since the states
of subgoals need not be preserved. Nevertheless, naive re-
evaluation of all looping subgoals may be computationally
unacceptable. In [19], we have proposed several optimiza-
tion techniques that make linear tabling computationally
more competitiv e than before.

Semi-naive evaluation is an e�ectiv e technique used in
bottom-up evaluation of Datalog programs [2, 17]. It avoids
redundant joins by ensuring that the join of the subgoals
in the body of each rule must involve at least one new an-
swer produced in the previous round. The impact of semi-
naive evaluation on top-down evaluation had beenunknown.
In this paper, we propose to intro duce semi-naive evalua-
tion into linear tabling. We have made e�orts to properly
tailor semi-naive evaluation to linear tabling. In our semi-
naive evaluation, answers for each tabled subgoalare divided
into three regions as in bottom-up evaluation, but answers
are consumedsequentially not incrementally soanswers pro-
duced in a round are consumedin the sameround. We have
found that incremental consumption of answers is not suited
to linear tabling sinceit may require more rounds of iteration
to reach �xp oints. Consuming answers incrementally , how-
ever, may causeredundant consumption of answers. We fur-
ther proposea technique called early promotion of answersto
reduceredundant consumption of answers. Our benchmark-
ing shows that this technique gives signi�can t speed-upsto
someprograms.

The remainder of the paper is structured as follows: In
the next section we de�ne the linear tabling method to be
optimized. This tabling method is the same as the one de-



scribed in [19]. In Section 3, we intro duce semi-naive eval-
uation into the tabling method. We prove its completeness
and alsoprove the safenessof the early promotion technique.
In Section 4, we evaluate the e�ectiv enessof the technique
and in Section 5 we compare our semi-naive evaluation with
the one employed in bottom-up evaluation. In Section 6, we
conclude the paper.

2. LINEAR TABLING
Linear tabling is a framework from which di�eren t meth-

ods can be derived basedon the strategies used in handling
looping subgoalsin forward execution, backtracking, and it-
eration. We �rst give the framework and then describe the
method we choose. The description is made as much self-
contained as possible. The reader is referred to [7] for a
description of SLD resolution.

Let P be a program. Tabled predicates in P are explic-
itly declared and all the other predicates are assumedto be
non-tabled. A rule in a tabled predicate is called a tabled
rule and a subgoal of a tabled predicate is called a tabled
subgoal. Tabled predicates are transformed into a form that
facilitates execution: each tabled rule ends with a dummy
subgoal named memo(H ) where H is the head, and each
tabled predicate contains a dummy ending rule whosebody
contains only one subgoal named check completion(H) . For
example, given the de�nition of the transitiv e closure of a
relation,

p(X,Y):-p(X,Z),e(Z,Y).
p(X,Y):-e(X,Y).

The transformed predicate is as follows:

p(X,Y):-p(X,Z),e(Z,Y),memo(p( X,Y) ).
p(X,Y):-e(X,Y),memo(p(X,Y)).
p(X,Y):-check_completion(p(X, Y)).

A table is used to record subgoalsand their answers. For
each subgoal and its variants, there is an entry in the table
that stores the state of the subgoal (complete or not) and
an answer table for holding the answers generated for the
subgoal. Initially , the answer table is empty.

De�nition 1. Let G = (A 1 ; A2 ; :::; A k ) be a goal. The �rst
subgoal A 1 is called the selected subgoal of the goal. G0 is
derived from G by using an answer F in the table if there
exists a uni�er � such that A 1 � = F and G0 = (A2 ; :::; A k )� .
G0 is derived from G by using a rule \ H  B 1 ; :::; Bm " if
A1 � = H � and G0 = (B1 ; :::; Bm ; A2 ; :::; A k )� . A1 is said to
be the parent of B 1 , ..., and Bm . The relation ancestor is
de�ned recursively from the parent relation.

De�nition 2. Let G0 be a given goal, and G0 ) G1 )
: : : ) Gn be a derivation where each goal is derived from
the goal immediately before it. Let Gi = (A::: ) be a goal
where A is the selectedsubgoal. A is called a pioneer in the
derivation if no variant of A has beenselectedin goalsbefore
Gi in the derivation. Let Gi ) : : : ) Gj be a sub-sequence
of the derivation where Gi = (A::: ) and Gj = (A0:::). The
sub-sequenceforms a loop if A is an ancestor of A 0, and
A and A0 are variants. The subgoals A and A 0 are called
looping subgoals. Moreover, A 0 is called a fol lower of A.

Notice that a derivation Gi ) : : : ) Gj does not form a
loop if the selectedsubgoal of Gi is not an ancestor of that
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Figure 1: A top-most lo oping subgoal.

of Gj . Consider, for example, the goal \ p(X ); p(Y )" where
p is de�ned by facts. The derivation \ p(X ); p(Y )" ) p(Y )
doesnot form a loop even though the selectedsubgoal p(Y )
in the secondgoal is a variant of the selectedsubgoal p(X )
of the �rst goal since p(X ) is not an ancestor of p(Y ).

De�nition 3. The SLD tree for a given goal G and a given
program is a tree that satis�es the following: (1) G is the
root of the tree; and (2) for each node, the derived goalsare
the children of the node. The children are ordered based
on the textual order of the applied rules in the program.
For each node in an SLD tree, the path from it to a leaf
corresponds to a derivation of the node. A node in an SLD
tree is called a top-most looping node if the selectedsubgoal
of the node is the pioneer of a loop in a path and the pioneer
is not contained in any other loops. The selectedsubgoal of
a top-most looping node is called a top-most looping subgoal

For example, there are two loops in the SLD tree in Figure
1. Node 1:p is a top-most looping node while 2:q is not
since q is contained in p's loop.

De�nition 4. A subgoal A is said to be dependent on an-
other subgoal A 0 if A0 occurs in the derivation of A. Two
subgoalsare said to be inter-dependent if they occur in each
other's loop. The inter-dependent subgoals under a top-
most looping subgoal form a cluster.

For example, in Figure 1 the subgoals p, q, and r are all
inter-dependent and the three subgoals form a cluster.

Linear tabling takes a transformed program and a goal,
and tries to �nd a path in the SLD tree that leads to an
empty goal. To simplify the presentation, we assumethat
the primitiv e table star t(A) is executed when a tabled sub-
goal A is encountered. Just as in SLD resolution, linear
tabling exploresthe SLD tree in a depth-�rst fashion, taking
special actions when table start(A) , memo(A) , and check
completion(A) are encountered. Backtracking is done in ex-
actly the sameway as in SLD resolution. When the current
path reaches a dead end, meaning that no action can be
taken on the selected subgoal, execution backtracks to the
latest previous goal in the path and contin ues with an al-
ternativ e branch. When execution backtracks to a top-most



looping subgoal in the SLD tree, the subgoal may have to
be re-evaluated to ensure that no answer is lost. The eval-
uation of a top-most looping subgoal must be re-evaluated
until the �xp oint is reached.

A linear tabling method is de�ned by the strategies used
in the three primitiv es: table start(A) , memo(A) , and check
completion(A) . The following de�nes a method.

table star t(A)

This primitiv e is executed when a tabled subgoal A is en-
countered. The subgoal A is registered into the table if it is
not registered yet. If A 's state is complete meaning that A
has beencompletely evaluated before, then A is resolved by
using the answers in the table.

If A is a pioneer of the current path, meaning that it is
encountered for the �rst time, then it is resolved by using
rules.

If A is a follower of some ancestor A 0 , meaning that a
loop has been encountered, then it is resolved by using the
answers in the table. After the answers are exhausted, the
subgoal fails. Failing a follower is unsafe since it may have
not returned all of its possible answers. For this reason,
a top-most looping subgoal needsbe iterated until no new
answer can be produced.

memo(A)

This primitiv e is executed when an answer is found for the
tabled subgoal A. If the answer A is already in the table,
then just fail; otherwise fail after the answer is added into
the table. The failure of memopostpones the consumption
of answers until all rules have been tried.

check completion (A)

This primitiv e is executed when the subgoal A is being re-
solved by using rules and the dummy ending rule is being
tried. If A has never occurred in a loop, then A's state
is set to complete and A is failed after all the answers are
consumed.

If A is a top-most looping subgoal, we check whether any
new answers were produced during the last round of evalu-
ation of A. If so, A is resolved again by using rules. Oth-
erwise, if no new answers were produced, A is resolved by
answers after being set to complete. Notice that a top-most
looping subgoal doesnot return any answers until it is com-
plete.

If A is a looping subgoalbut not a top-most one, A will be
resolved by using answers after its state is set to temporary
complete. Notice that A 's state cannot be set to complete
since A is contained in a loop whose top-most subgoal has
not been completely evaluated. For example, in Figure 1 q
reaches its �xp oint only after the top-most loop subgoal p
reaches its �xp oint.

In [19] an optimization technique, called subgoal optimiza-
tion , is usedto avoid evaluating the samesubgoalmore than
once in each round of evaluation of a cluster. When a sub-
goal is encountered which is temporary complete, if the sub-
goal has been resolved by using rules in this round before,
then this subgoal can be treated lik e a follower and be re-
solved by using answers only.

Example
Consider the following exampleprogram and the query p(a,Y0) .

p(X,Y):-p(X,Z),e(Z,Y),memo(p(X ,Y)) . (p1)
p(X,Y):-e(X,Y),memo(p(X,Y)). (p2)
p(X,Y):-check_completion(p(X,Y )). (p3)

e(a,b).
e(b,c).

The following shows the steps that lead to the production
of the �rst answer:

1: p(a,Y0)
+apply p1

2: p(a,Z1) ,e(Z1,Y0),memo(p(a,Y0))
lo op found, backtrac k to goal 1

1: p(a,Y0)
+ apply p2

3: e(a,Y0) ,memo(p(a,Y0))
+ apply e(a,b)

4: memo(p(a,b))
+ add answer p(a,b)

After the answer p(a,b) is added into the table, memo(p(a,b))
fails. The failure forces execution to backtrack to p(a,Y0) .

1: p(a,Y0)
+ apply p3

5: check completion(p(a,Y0))

Since p(a,Y0) is a top-most looping subgoal that has not
beencompletely evaluated yet, check completion(p(a,Y0))
doesnot consumethe answer in the table but instead starts
re-evaluation of the subgoal.

1: p(a,Y0)
+apply p1

6: p(a,Z1) ,e(Z1,Y0),memo(p(a,Y0))
+use answer p(a,b)

7: e(b,Y0) ,memo(p(a,Y0))
+apply e(b,c)

8: memo(p(a,c))

When the follower p(a,Z1) is encountered this time, it con-
sumes the answer p(a,b) . The current path leads to the
secondanswer p(a,c) . On backtracking, the goal numbered
6 becomesthe current goal.

6: p(a,Z1) ,e(Z1,Y0),memo(p(a,Y0))
+use answer p(a,c)

9: e(c,Y0) ,memo(p(a,Y0))

Goal 9 fails. Execution backtracks to the top goal and tries
the clause p3 on it.

1: p(a,Y0)
+ apply p3

10: check completion(p(a,Y0))

Sincethe new answer p(a,c) wasproduced in the last round
of evaluation, the top-most looping subgoal p(a,Y0) needs
to be re-evaluated. The next round of evaluation produces
no new answer and thus the subgoal's state is set to com-
plete. After that the top-most subgoal is resolved by using
the answers p(a,b) and p(a,c) .



3. SEMI­NAIVE EVALUATION
The basic linear tabling method described in the previ-

ous section does not distinguish between new and old an-
swers. The problem with this naive method is that it re-
dundantly joins answers of subgoals that have been joined
in early rounds. The semi-naive algorithm [17] reduces the
redundancy by ensuring that at least one new answer is in-
volved in the join of the answers for each rule. In this sec-
tion, we intro duce semi-naive evaluation into linear tabling
and identify the necessaryconditions for the evaluation to
be complete. We also propose a technique called early an-
swer promotion to further avoid redundant consumption of
answers.

3.1 Preparation
To make semi-naive evaluation possible,we divide the an-

swer table for each tabled subgoal into three regions as de-
picted below:

old previous current

The names of the regions indicate the rounds during which
the answers in the regions are produced: old means that
the answers were produced before the previous round, pre-
vious the answers produced during the previous round, and
current the answers produced in the current round. The
answers stored in previous and current are said to be new.
Before each round of evaluation is started, answers are pro-
moted accordingly: previousanswersbecomeold and current
answers becomeprevious.

Answers are consumedsequentially. For a subgoal, either
all the available answers or only new answers are consumed.
This is unlik e in bottom-up evaluation where answers are
consumed incrementally, i.e., answers produced in a round
are not consumed until the next round. As will be dis-
cussedlater, incremental consumption of answers as is done
in bottom-up evaluation does avoid certain redundant joins
but is not suited to linear tabling since it may require more
rounds to reach �xp oints.

For a given program, we �nd a level mapping from the
predicate symbols in the program to the set of integers
that represents the call graph of the program. Let m be
a level mapping. We extend the notation to assume that
m(p(: : :)) = m(p) for any subgoal p(: : :).

De�nition 5. For a program, a level mapping m repre-
sents the call graph if for each rule \ H :� A 1 ; A2 ; :::; An " in
the program, m(H ) > m(A i ) i� the predicate of A i does
not call either directly or indirectly the predicate of H , and
m(H ) = m(A i ) i� the predicates of H and A i occur in a
loop in the call graph.

The level mapping as de�ned divides predicates in a pro-
gram into several strata. The predicate at each stratum de-
pends only on those on the lower strata. The level mapping
is an abstract representation of the dependencerelationship
of the subgoalsthat may occur in execution. If two subgoals
A and A0 occur in a loop, them m(A) = m(A 0) but not vice
versa.

De�nition 6. Let \ H :� A 1 ; :::; A k ; :::; An " be a rule in a
program and m be the level mapping that represents the
call graph of the program. A k is called the last depending
subgoal of the rule if m(A k ) = m(H ) and m(H ) > m(A i )
for i > k.

The last depending subgoal A k is the last subgoal in the
body that may depend on the head to become complete.
Thus, when the rule is re-executed on a subgoal, all the
subgoals to the right of A k that have occurred before must
already be complete.

De�nition 7. Let \ H :� A 1 ; :::; An " be a rule in a program
and m be a level mapping that represents the call graph of
the program. If there is no depending subgoal in the body,
i.e., m(H ) > m(A i ) for i = 1; :::; n, then the rule is called a
base rule.

3.2 Semi­naive evaluation

Theorem 1. Let \ H :� A 1 ; :::; A k ; :::; An " be a rule where
A k is the last depending subgoal, and C be a subgoal that is
being resolved by using the rule in a round of evaluation of
a top-most looping subgoal T . For a combination of answers
of A1 , � � � , and A k � 1 , if C has occurred in an early round
and the combination doesnot contain any new answers, then
it is safe to let A k consumenew answers only.

Pro of : Let A k old and A k new be the old and new answers of
the subgoal A k , respectively. For a combination of answers
of A1 , � � � , and A k � 1 , if the combination does not contain
new answersthen the join of the combination and A k old must
have beendone and all possibleanswers for C that can result
from the join must have beenproduced during the previous
round becausethe subgoal C has beenencountered before.1

Therefore only new answers in A k new should be used. 2

Theorem 2 (Cor ollar y). Baserules neednot becon-
sidered in the re-evaluation of any subgoals.

Semi-naive evaluation would be unsafe if it were applied
to new subgoals. The following example, where all the pred-
icates are assumedto be tabled, illustrates this possibility:

?- p(X,Y).

p(X,Y) :- p(X,Z),q(Z,Y). (C1)
p(b,c) :- p(X,Y). (C2)
p(a,b). (C3)

q(c,d) :- p(X,Y),t(X,Y). (C4)

t(a,b). (C5)

In the �rst round of p(X,Y) the answer p(a,b) is added to
the table, and in the second round the rule C2 creates the
answer p(b,c) by using the answer produced in the �rst
round. In the third round, the rule C1generatesa new sub-
goal q(c,Y). If semi-naive evaluation wereapplied to q(c,Y) ,
then the subgoal p(X,Y) in C4could consumeonly the new
answer p(b,c) and the third answer p(b,d) would be lost.

3.3 Analysis
In the semi-naive evaluation technique described above,

answers produced in the current round are consumedimme-
diately rather than postponed to the next round as in the
1A looping subgoal that occurs in a round of evaluation must
also occur in the subsequent rounds unless it is complete.
Therefore, the subgoalC must have occurred in the previous
round.



bottom-up version, and answers are promoted each time a
new round is started. This way of consuming and promoting
answers may causecertain redundancy.

Consider the conjunction (P; Q). Assume Qo , Qp , and
Qc are the sets of answers in the three regions (respectively,
old, previous, and current) of the subgoal Q when Q is en-
countered in round i . Assume also that P had been com-
plete before round i and Pa is the set of answers. The join
Pa 1 (Qp

S
Qc) is computed for the conjunction in round i .

Assume Q0
o , Q0

p , and Q0
c are the sets of answers in the three

regions when Q is encountered in round i+1. Since answers
are promoted before round i + 1 is started, we have:

Q0
o = Qo

S
Qp

Q0
p = Qc

S
�

where � denotes the new answers produced for Q after the
conjunction (P; Q) in round i . When the conjunction (P; Q)
is encountered in round i + 1, the following join is computed.

Pa 1 (Q0
p

S
Q0

c) = Pa 1 (Qc
S

�
S

Qc0)

Notice that the join Pa 1 Qc is computed in both round i
and i + 1.

We could allow last depending subgoals to consume an-
swers incrementally as is done in bottom-up evaluation, 2 but
doing so may require more rounds to reach �xp oints. Con-
sider the following example, which is the same as the one
shown above but has a di�eren t ordering of clauses:

?- p(X,Y).

p(a,b). (C1)
p(b,c) :- p(X,Y). (C2)
p(X,Y) :- p(X,Z),q(Z,Y). (C3)

q(c,d) :- p(X,Y),t(X,Y). (C4)

t(a,b). (C5)

In the �rst round, C1 produces the answer p(a,b) . When
C2 is executed, the subgoal in the body cannot consume
p(a,b) since it is produced in the current round. Similarly ,
C3producesno answer either. In the secondround, p(a,b)
is moved to the previous region, and thus can be consumed.
C2 produces a new answer p(b,c) . When C3 is executed,
no answer is produced since p(b,c) cannot be consumed.
In the third round, p(a,b) is moved to the old region, and
p(b,c) is moved to the previous region. C3 produces the
third answer p(b,d). The fourth round produces no new
answer and con�rms the completion of the computation. So
in total four rounds are neededto compute the �xp oint. If
answers produced in the current round are consumedin the
same round, then only two rounds are needed to reach the
�xp oint.

3.4 Early promotion of answers
2No interesting necessarycondition has beenfound to make
incremental consumption safe in linear tabling. During the
evaluation of a top-most looping subgoal T another subgoal
T 0 may join the current cluster and becomea new top-most
looping subgoal. The di�cult y of identifying a necessary
condition arise from the fact that an answer old to a subgoal
in the cluster of T may be new to another subgoal in the
cluster of T 0.

As discussed above, sequential consumption of answers
may causeredundant joins. In this subsection, we propose
a technique called early promotion of answers to reduce the
redundancy.

De�nition 8. Let Q be a subgoal that is selectedthe �rst
time in the current round (i.e. no variant of Q has been
selected before in this round). Then all answers of Q in
the current region are promoted to the previous region once
being consumedby Q.

Consider again the conjunction (P; Q). The answers in Qc

are promoted to the previous region if Q is the �rst variant
subgoal encountered in round i . By doing so, the join Pa 1
Qc will not be recomputed in round i + 1 sinceQc must have
been promoted to the old region in round i + 1.

Consider, for example, the following program:

?- p(X,Y).

p(a,b). (C1)
p(b,c) :- p(X,Y). (C2)

Before C2 is executed in the �rst round, p(a,b) is in the
current region. Executing C2 produces the second answer
p(b,c) . Since the subgoal p(X,Y) in C2is �rst encountered
in the current round (the top-most looping subgoal is not
counted), it is quali�ed to promote its answers. So the an-
swers p(a,b) and p(b,c) are moved from the current region
to the previous region immediately after being consumed.
As a result, the potential redundant consumption of these
answers are avoided in the second round of iteration since
they will all be transferred to the old region before the sec-
ond round starts.

Theorem 3. Early promotion doesnot loseany answers.

Pro of : First note that although answers are tabled in three
disjoint regions, all tabled answers will be consumedexcept
for some last depending subgoals that would skip the an-
swers in their old regions (see Theorem 3.1). Assume, on
the contrary , that applying early promotion loses answers.
Then there must be a last depending subgoal A k in a rule
\ H :� A 1 ; :::; A k ; :::; An " and a tabled answer A for A k such
that A has been moved to the old region before being con-
sumed by A k so that A will never be consumedby A k . As-
sume A is produced in round i . We distinguish between the
following two cases:

1. The last depending subgoalA k is not selectedin round
i . In round j (j > i ), A k is selected either becauseH
is new or someA i (i < k) consumesa new answer. By
Theorem 3.1, A k will consumeall answers in the three
regions, including the answer A.

2. Otherwise, A must be produced by a variant subgoal
of A k that is selectedeither before or after A k in round
i . If A is produced before A k is selected, then the an-
swer will be consumedby A k since promoted answers
will remain new by the end of the round. If A is pro-
duced after A k is selected, then the answer cannot be
promoted becausethe subgoal that produces it is not
encountered the �rst time in the round. In this case,
the answer A will remain new in the next round and
will thus be consumedby A k .

Both of the above two casescontradict our assumption.
The proof then concludes. 2



tcl: tcl(X,Y):-edge(X,Y).
tcl(X,Y):-tcl(X,Z),edge(Z,Y).

tcr: tcr(X,Y):-edge(X,Y).
tcr(X,Y):-edge(X,Z),tcr(Z,Y).

tcn: tcn(X,Y):-edge(X,Y).
tcn(X,Y):-tcn(X,Z),tcn(Z,Y).

sg: sg(X,X).
sg(X,Y):-edge(X,XX),sg(XX,YY),e dge(Y,YY) .

Figure 2: Datalog programs.

4. PERFORMANCE EVALUATION
The semi-naive evaluation technique described in this pa-

per has been implemented in B-Prolog version 6.6.3 In this
section, we evaluate the e�ectiv enessof the described tech-
nique using benchmarks from two di�eren t sources: Datalog
programs shown in Figure 2 and the CHAT suite [4]. All the
benchmarks are available from probp.com/bench.tar.gz.

Table 1 shows the e�ectiv enessof the semi-naive technique
in reducing the number of consumed answers (#Ans) and
the CPU time for each of the program. The CPU times were
measuredon a Windows XP machine with 1.7GHz CPU and
760mega RAM. The table shows only the e�ectiv enessof
semi-naive evaluation in avoiding redundant joins in recur-
sive rules. Base rules are never considered in re-evaluation
of subgoals. This case is covered by an optimization tech-
nique called clause optimization [19], and is thus not taken
into account here.

The technique is more e�ectiv e for the Datalog programs
than for the Chat programs. The speed of tcl is almost
doubled thanks to this technique.

Table 2 shows that the gains in speed are attributed al-
most entirely to the early promotion technique.

Semi-naive evaluation is not overhead-free. Three extra
words are needed for each tabled subgoal: two for repre-
senting regions of answers and the third for keeping track
of which subgoals in a rule have consumed new answers.
Nevertheless, these extra words can be reclaimed once the
subgoal becomescomplete.

Table 3 comparesthe CPU times taken by B-Prolog (BP)
and XSB (version 2.6) to run the programs. For BP, the
auto-tabling optimization 4 , which could speed-up the Chat
programs by several times, is disenabled. For XSB the de-
fault setting is used. BP is faster than XSB for the Datalog
programs but not the Chat programs.

The implementations of linear tabling have been consid-
erably slower than XSB due to re-evaluation of looping sub-
goals [21, 5]. Our lastest implementation, while maintaining
good spacee�ciency ,5 o�ers comparable speedperformance
with XSB even without auto-tabling optimization.

3Available from www.probp.com.
4Auto-tabling is an optimization technique that tables extra
predicates to avoid re-evaluation of their subgoals.
5Semi-naive evaluation does not a�ect the stack spaceper-
formance.

Table 1: E�ectiv eness of semi-naiv e evaluation.
source program N osemi

S emi
#Ans CPU time

Datalog tcl 1.50 1.96
tcr 1.29 1.21
tcn 1.79 1.65
sg 1.21 1.12

Chat cs o 1.01 1.01
cs r 1.02 1.01
disj 1.02 1.02

gabriel 1.07 1.06
kalah 1.09 1.13

pg 1.29 1.26
peep 1.02 1.00
read 1.08 1.10

Table 2: E�ectiv eness of early promotion.
program N oE P

E P
#Ans CPU time

tcl 1.50 1.96
tcr 1.29 1.32
tcn 1.79 1.81
sg 1.21 1.24

cs o 1.01 1.02
cs r 1.02 1.01
disj 1.02 1.04

gabriel 1.05 1.04
kalah 1.07 1.09

pg 1.29 1.31
peep 1.01 1.01
read 1.02 1.03

Table 3: BP vs. XSB (CPU time).
program BP XSB

XP Lin ux
tcl 1 1.80 1.36
tcr 1 1.40 1.06
tcn 1 1.25 1.11
sg 1 1.14 1.10

cs o 1 0.68 0.53
cs r 1 0.82 0.64
disj 1 0.59 0.48

gabriel 1 0.61 0.50
kalah 1 1.00 0.77

pg 1 1.05 0.88
peep 1 0.37 0.37
read 1 0.45 0.39



5. DISCUSSION
This section comparesour semi-naive evaluation with the

bottom-up version of the technique. A comparison of lin-
ear tabling with related tabling models and methods can be
found in [19].

Semi-naive evaluation is a fundamental idea for reduc-
ing redundancy in bottom-up evaluation of logic database
queries [2, 17]. As far as we know, its impact on top-down
evaluation had been unknown before this work. OLDT [16]
as implemented in SLG-WAM [13] does not need this tech-
nique since it is not iterativ e and the underlying delaying
mechanism successfullyavoids the repetition of any deriva-
tion step. An attempt has been made by Guo and Gupta
[5] to make incremental consumption of tabled answers pos-
sible in DRA, a tabling scheme similar to linear tabling.
In their scheme, answers are also divided into three regions
but answers are consumed incrementally as in bottom-up
evaluation. Since no condition is given for the completeness
and no experimental result is reported on the impact of the
technique, we are unable to give a detailed comparison.

Our semi-naive evaluation di�ers from the bottom-up ver-
sion in two major aspects: Firstly , no di�eren tiated rules are
used. In the bottom-up version di�eren tiated rules are used
to ensurethat at least one new answer is involved in the join
of answers for each rule. Consider, for example, the clause:

H : � P; Q:

The following two di�eren tiated rules are used in the evalu-
ation instead of the original one:

H : � � P; Q:
H : � P; � Q:

Where � P denotes the new answers produced in the previ-
ous round for P. Using di�eren tiated rules in top-down eval-
uation can causeconsiderable redundancy, especially when
the body of a clause contains non-tabled subgoals.

The secondmajor di�erence betweenour semi-naive eval-
uation and the bottom-up version is that answers in our
method are consumed sequentially not incrementally . A
tabled subgoal consumeseither all available answers or only
new answers including answersproduced in the current round.
Neither incremental consumption nor sequential consump-
tion seems satisfactory. Incremental consumption avoids
redundant joins but may require more rounds to reach �x-
points. In contrast, sequential consumption never needmore
rounds to reach �xp oints but may causeredundant joins of
answers. The early promotion technique alleviates the prob-
lem of sequential consumption. By promoting answers early
from the current region to the previous region, we can con-
siderably reduce the redundancy in joins.

In theory semi-naive evaluation can be an order of mag-
nitude faster than naive-evaluation in bottom-up evaluation
[2]. Our experimental results show that semi-naive evalu-
ation gives an average speed-up of 28% to linear tabling if
answers are promoted early, and almost no gain in speed if
no answer is promoted early. In linear tabling, only looping
subgoals need to be iterativ ely evaluated. For non-looping
subgoals, no re-evaluation is necessaryand thus semi-naive
evaluation has no e�ect at all on the performance. Our ex-
periment shows that for most looping subgoalsthe �xp oints
can be reached in 2-3 rounds of iteration. In contrast more
rounds of iteration are neededto reach �xp oints in bottom-
up evaluation. In addition, in bottom-up evaluation, the

order of the joins can be optimized and no further joins are
necessaryonce a participating set is known to be empty.
In contrast, in linear tabling joins are done in the strictly
chronological order. For a conjunction (P; Q; R) the join
P 1 Q is computed even if no answer is available for R.
Becauseof all these factors, semi-naive evaluation is not as
e�ectiv e in linear tabling as in bottom-up evaluation.

Our semi-naive evaluation requires the identi�cation of
last depending subgoals. For this purp ose,a level mapping
is used to represent the call graph of a given program. The
use of a level mapping to identify optimizable subgoals is
analogousto the idea used in the strati�cation-based meth-
ods for evaluating logic programs [1, 3, 10]. In our level
mapping, only predicate symbols are considered. It is ex-
pected that more accurate approximations can be achieved
if arguments are consideredas well.

6. CONCLUSION
We have described how to incorporate semi-naive evalua-

tion into linear tabling. Our contributions are as follows:

� Wehavetailored semi-naive evaluation to linear tabling
and have given the necessaryconditions for it to be
complete.

� We have proposeda technique called early answer pro-
motion to reduce redundant consumption of answers.

� Wehaveimplemented semi-naive evaluation in B-Prolog
and evaluated its e�ectiv eness.

Semi-naive evaluation is not as e�ectiv e in linear tabling
as in bottom-up evaluation. Nevertheless, semi-naive eval-
uation is worthwhile in linear tabling because(1) the space
overhead is minor if not negligible compared with gains in
speed, and (2) the implementation e�ort needed remains
small compared with that of OLDT.
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