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Abstract-While a significant amount of research efforts has been reported on developing algorithms, based on joins and semijoins, to 
tackle distributed query processing, there is relatively little progress made toward exploring the complexity of the problems studied. As a 
result, proving NP-hardness of or devising polynomial-time algorithms for certain distributed query optimization problems has been 
elaborated upon by many researchers. However, due to its inherent difficulty, the complexity of the majority of problems on distributed 
query optimization remains unknown. In this paper we generally characterize the distributed query optimization problems and provide a 
frame work to explore their complexity. As it will be shown, most distributed query optimization problems can be transformed into an 
optimization problem comprising a set of binary decisions, termed Sum Product Optimization (SPO) problem. We first prove SPO is NP- 
hard in light of the NP-completeness of a well-known problem, Knapsack (KNAP). Then, using this result as a basis, we prove that five 
classes of distributed query optimization problems, which cover the majority of distributed query optimization problems previously studied 
in the literature, are NP-hard by polynomially reducing SPO to each of them. The detail for each problem transformation is derived. We 
not only prove the conjecture that many prior studies relied upon, but also provide a frame work for future related studies. 

Index Terms-Distributed query optimization, semijoin processing, complexity, NP-hard problems, distributed databases. 

1 ~NTRQDUCTIQN 

N a distributed relational database system, the processing of 
a query involves data transmission among different sites via 

a computer network. Since data are geographically distributed 
in such a system, the processing of a distributed query, as 
pointed out in [40], is composed of the following three phases: 

1) local processing phase which involves all local process- 
ing such as selections and projections, 

2) reduction phase where a sequence of reducers (i.e, 
semijoins and joins) is used to reduce the size of rela- 
tions, and 

3) final processing phase in which all resulting relations 
are sent to the assembly site where the final query 
processing is performed. 

The objective taken in this context is mainly to reduce the 
communication cost required for data transmission [51, 
which is key to the performance of distributed database 
systems [21, [221, [361. 

Clearly, a straightforward approach to processing a dis- 
tributed query would be sending all relations directly to the 
assembly site, where all joins are performed. This naive 
method, however, is unfavorable due to its high transmis- 
sion overhead and little parallelism exploitable. Significant 
research efforts have been focused on the problem of re- 
ducing the amount of data transmission required for phases 
2) and 3) of distributed query processing [51, [141, 1201, 1271, 
1341, [39]. Specifically, two approaches have been em- 
ployed, namely, semijoin [3] and join sequence [24]. 
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The semijoin operation has received considerable atten- 
tion and been extensively studied in the literature 121, [6], 
1251, 1291, [311, 1381. The semijoin operation from R, to RI, 
denoted by RI o( R,, is defined as follows: Project R, on the 

join attribute of the join between R, and Rl first, and then 
ship this projection to the site of RI to remove nonmatching 
tuples from Rl. The transmission cost of sending RI to the 
site of R, for the join R, w RI can thus be reduced. Illustra- 
tive examples of semijoin and join operations are given in 
Fig. 1, where the join attribute between RI and R, is attrib- 
ute B. Semijoin based query optimization methods reduce 
the data transmission cost at the expense of increasing the 
processing overhead. How to identify and apply profitable 
semijoins to optimize distributed query processing has been 
explored in many prior studies [l], 131,141, [221. 

In addition to semijoins, join operations can also be used 
as reducers in processing distributed queries 1101, 1111, [261. 
As shown in [lo], [ll], judiciously applying join operations 
as reducers can reduce the amount of data transmission 
required. Using join reducers, a query is translated into a 
sequence of joins, and each join is implemented locally by 
shipping one of the operand relations to the site of the other 
operand so as to exploit parallelism and minimize the proc- 
essing overhead. Moreover, joins and semijoins can be 
combined to form an integrated scheme to further improve 
distributed query processing [9], [lo], [26]. As pointed out 
in 1101, the approach of combining join and semijoin opera- 
tions as reducers can result in more beneficial semijoins due 
to the inclusion of join reducers. Also, this approach can 
reduce the communication cost further by taking advantage 
of the removability of pure join attributes.' An algorithm on 

1. Pure join attributes are those which are used in join predicates bu not 
part of the output attributes. 
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(a) Relations R, and R2 

(b) R2 after semijoin R, M R, on attribute B. 

(c) Resulting relation from Ri w R, . 

Fig. 1. Examples of semijoin and join operations. 

interleaving a join sequence with semijoins to minimize the 
amount of data transmission in distributed query process- 
ing was developed in 191. 

While a significant amount of research efforts has been 
reported on developing algorithms, based on joins and 
semijoins, to tackle distributed query processing, there is 
relatively little progress made toward exploring the com- 
plexity of, as well as characterizing, the problems studied. 
As a matter of fact, up to today, only the complexities of 
very few distributed query optimization problems have 
been explicitly understood; either proved to be NP-hard or 
shown polynomially solvable. Although it has been a con- 
jecture that several problems on distributed query optimi- 
zation are NP-hard, due to its inherent difficulty, there is no 
general proof for this conjecture thus far. Consequently, 
while being aware of the difficulty of these problems, re- 
searchers in this field have mostly worked on either prov- 
ing NP-hardness of or developing polynomial-time algo- 
rithms for certain distributed query optimization problems. 
It has been shown that optimization for cyclic queries is 
NP-hard [20]. Also, there have been results reported in 
polynomially optimizing semijoin sequences to process 
certain tree queries, such as star and chain queries [71, [121. 
Subject to some specific constraints, it was shown that 
finding the optimal distributed join sequence is NP-hard 
[24]. In addition, it has been proved that problems on opti- 
mizing some special types of distributed queries, including 
queries involving set operations 1171, those with joins on 
fragmented or hash-partitioned relations [8],  [32], and se- 
mantic queries (in terms of eliminating unnecessary joins) 

[33], are NP-hard. Note, however, that these results, while 
applicable to certain cases, were individually derived 
through different techniques, and thus do not in general 
provide a frame work to characterize the complexity of 
distributed query optimization. As a result, the complexity 
of the majority of problems on distributed query optimiza- 
tion remains unknown. The necessity of resorting to heu- 
ristics [2], [ll], [28], [31], 1381, 1401 and exponential-time 
algorithms 1121, 1131, [29] to deal with these optimization 
problems is thus left unjustified. 

To remedy this, we shall in this paper generally charac- 
terize the distributed query optimization problems and 
provide a frame work to explore their complexity. As it will 
be shown later, most distributed query optimization prob- 
lems can be transformed into an optimization problem 
comprising a set of binary decisions. Those decisions de- 
termine two costs: one in a summation form and the other 
in a product form. This optimization problem is therefore 
termed Sum Product Optimization (SPO) problem. We first 
prove SPO is NP-hard by showing its decision version (i.e., 
problem with a yes or no answer), denoted by SPD, is NP- 
complete. Specifically, we prove that a well-known NP- 
complete problem, Knapsack (KNAP), can be polynomially 
reduced to SPD, thus proving that SPD is NP-complete. The 
NP-hardness of SPO hence follows 1161. It is noted that 
KNAP is only NP-complete in the weak sense. That is, 
KNAP can be solved in pseudo-polynomial time and is able 
to be approximated with a high degree of accuracy. This 
fact explains the reason that many high quality heuristics 
have been developed in the literature for distributed query 
processing. 

Problems SPO, SPD, and KNAP will be formally defined 
in Section 3.1. Then, using the NP-hardness of SPO as a 
basis, we prove that the following five classes of distributed 
query optimization problems, which cover the majority of 
distributed query optimization problems previously stud- 
ied in the literature, are NP-hard by polynomially reducing 
SPO to each of them, thereby justifying the necessity of us- 
ing heuristics to solve these problems. The detail for each 
problem transformation will be derived in Section 4. The 
five classes of distributed query optimization problems are 
given below. 
Five classes of distributed query optimization problems: 

Local optimization of semijoins: Determine the op- 
timal set of semijoins to reduce a single relation 
(studied in 131,1311, [371). 
Join sequence optimization: Determine the optimal 
join sequence to transfer relations to the assembly site 
(studied in 1111, [241). 
Relation semijoins on broadcasting networks: Solve 
the semijoin optimization problem on broadcasting 
networks (studied in 1211, [281,[301). 
Single-reducer tree queries: Determine the minimal- 
cost semijoin sequence to fully reduce the root rela- 
tion of a tree query (studied in [7], [13], [401). 
Full-reducer tree queries: Determine the minimal- 
cost semijoin sequence to fully reduce all relations in a 
tree query (studied in [131,1191, [291, [401). 
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The contributions of this paper are twofold. We not only 
prove a general optimization problem, SPO, is NP-hard, but 
also in light of this result, show that most problems on dis- 
tributed query optimization are NP-hard for their reduci- 
bility from SPO via polynomial transformation, thus prov- 
ing the conjecture that many prior studies relied upon. It is 
worth mentioning that the usefulness of NP-hardness of 
SPO proved in this paper is not confined to the context of 
distributed query optimization, and is in fact applicable to 
solving the complexity of many other optimization prob- 
lems. To the best of our knowledge, despite of its impor- 
tance, there is no prior work on generally characterizing the 
distributed query optimization problems, let alone provid- 
ing a frame work to explicitly prove their complexity. This 
feature distinguishes this paper from others. 

This paper is organized as follows. Notation, assump- 
tions, and cost models are given in Section 2. In Section 3, 
we first describe problems SPO, SPD, and KNAP, and then 
prove SPD is NP-complete by polynomially reducing 
KNAI' to SPD. SPO is thus proved NP-hard. In Section 4, 
we use the NI'-hardness of SPO as a basis to prove that five 
classes of problems on distributed query optimization are 
NP-hard. This paper concludes with Section 5. For better 
readability, a list of symbols is given in the Appendix. 

2 PRELIMINARY 
2.1 Notation and Assumptions 
A query, denoted by (TL, Q), consists of two components: 
the target list, TL, and the qualification, Q. The target list 
contains target attributes that are of interest to the query, 
i.e., attributes to appear in the answer. To facilitate our 
presentation, it is assumed that a query is in the form of 
conjunctions of equi-join predicates and all attributes are 
renamed in such a way that two join attributes have the 
same attribute name if and only if they have a join predi- 
cate between them. Specifically, the closure Q* of a qualifi- 
cation Q is defined as the qualification with the minimal 
number of clauses such that 

1) all clauses in Q are in Q*, and 
2) if a = band b =care in Q, thena = cis in Q*. 

When multiple copies of a relation exist, we assume that 
one copy has been preselected. 

A join query graph can be denoted by a graph G = (V, E), 
where V is the set of nodes and E is the set of edges. Each 
node in a query graph represents a relation. Two nodes R, 
and RI are connected by an edge, denoted by (R,, RI ) E E,  if 
there exists a join predicate Rl.al = Rl.al on some attribute ul 
of the two relations. R, w RI denotes the join between R, 

and RI, and R, o( RI means that RI applies a semijoin to re- 

duce the cardinality of R,. IR,I is used to denote the cardi- 
nality of relation R,. 

2.2 Cost Model 
As in most previous work in distributed databases 151, [391, 
we assume that the cost of executing a query can mainly be 
expressed in terms of the total amount of inter-site data 

transmission required. Note that the objective on merely 
minimizing the total amount of intersite data transmission 
assumed in this paper should not be viewed as a deficiency 
of this study. Rather, following directly from our results on 
the primitive model, it can be proved by restriction [16] that 
the corresponding optimization problems on more compli- 
cated models, such as those on including the computational 
cost and on minimizing the response time, are NP- 
Complete, showing the general applicability of this study. 
The cost of sending Xi to the site of Rj is expressed as 
CJ!lRil, where CJ/ is the transmission cost per tuple of 
sending R, to Ri. Notice that for simplicity we do not con- 
sider the transmission setup cost, which is a constant term. 
It can be seen that our results in this paper remain valid in 
the presence of such a setup cost. We use CJf  to denote the 
transmission cost per tuple of sending R, to the assembly 
site. Also, Rput(l) is used to denote the projection of R, on the 
join attribute for semijoin R, K X i .  Similarly, the cost of 

sending Ri.ut(]> to RI is expressed as Xi w Xi, where CS/ is 

the transmission cost per tuple of sending R,.U~(~? to Ri. 
The selectivity model for join and semijoin operations 

employed in this paper to assess their cost and effect is the 
same as those in prior studies 151, [391. Under this model, it 
is assumed that there is a number 01, called join selectivity, 
associated with each join X i  w Rj such that 

IRi w Rjl = oi . /R j l .  Note that oi = oi. On the other 

hand, the semijoin selectivity, pi ,  is associated with each 

semijoin R, K R j ,  such that R, K R .  = p'. . Both oi and 

pi are rational numbers between 0 and 1. Note that several 
formulae to determine the selectivities in the presence of 
various data skew have been derived in [151, whose discus- 
sion is beyond the scope of this paper. As can be seen later, 
our derivation on complexity does not assume any par- 
ticular data distribution, and is in fact orthogonal to the 
method used to determine the selectivities. Same as in prior 
work on distributed query processing, we assume that the 
data transmission cost is additive, i.e., the total transmis- 
sion cost is determined by the sum of all transmission costs 
of joins and semijoins. 

I J I  I 

3 SUM PRODUCT OPTIMIZATION PROBLEM 

We shall describe in Section 3.1 the Sum Product Optimiza- 
tion (SPO) problem, which most distributed query optimi- 
zation problems can be transformed into. Then, we prove in 
Section 3.2 that SPD, the decision version of SPO, can be 
polynomially reduced from a well-known NP-complete 
problem, KNAP, thus proving the NP-completeness of 
SPD. The NP-hardness of SPO follows. 

3.1 Problem Formulation 
SPO is a problem consisting of y1 binary decisions, denoted 
by Id,, d,, ..., d, I where each d, G 0, 1. Associated with the 
ith decision d,, there is a pair of parameters (s,, p ,  1, repre- 
senting the cost and the profit, respectively, of d,. s, and p, 
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are rational numbers between zero and one. If all d ,  s are 0, 
then the default cost is one. To minimize this cost, some 
decisions are set to be 1s in such a way that if d, = 1, the de- 
fault cost is reduced by a factor of p ,  at the expense of incur- 
ring an extra cost s,. The objective is to find the optimal de- 
cisions such that the sum of the reduced default cost and 
the extra costs incurred is minimized. Formally, SPO is de- 
fined as follows. 
DEFINITION 1 (Problem SPO). Given F = {(sl, pJf (sz, p2) ,  ..., 

(sn, pJ1, where s,, p I  E Q(orll (i.e., rational in (0, ll), deter- 
mine B c (1,2, , , ,, n)  such that 

SP(B)  = C S i  + W H Y i  
ieB ieB 

is minimized, where w is a weighting factor between costs 
and profits. 

In what follows, we shall use PXOD(B) to denote nieBpi and SUM@) to denote C i e B s i .  In order to prove 

that the optimization problem SPO is NP-hard, we shall 
first introduce its corresponding decision problem (i.e., 
problem with a yes or no answer), denoted by SPD, and 
then prove that the decision problem SPD is NP-complete. 
Without loss of generality, assuming w = 1, SPD can then be 
defined as follows. 

DEFINITION 2 (Problem SPD). Given a rational number c and 
F = {(sl, pl), (sz, p2), ..., (snr p n ) ~ ,  where s,, pI E Q(','], is 
there B c {1,2, . . ., nl suck that SP(B)< c? 

Clearly, if there is a polynomial-time algorithm for SPO, 
SPD can be answered in polynomial time. Equivalently, if 
SPD cannot be answered in polynomial time, then there is 
no polynomial-time algorithm for SPO. This means that if 
SPD is NP-complete, then SPO is NP-hard. In view of this, 
we shall show that SPD can be polynomially reduced from 
a well-known NP-complete problem, Knapsack (KNAP), 
thus proving that SPD is NP-complete [16]. SPO is therefore 
NP-hard. The definition of KNAP is given below 1231. 
DEFINITION 3 (Problem KNAP). Given an integer k, and a set 

K = {alf a2, . . a, ), where a, s are positive integers and a, 2 k, 
for 1 < i < n, is there a subset C c {1,2, . . ., n)  such that 

k = E a i ?  
I d  

A polynomial reduction from KNAP to SPD is derived 
as follows. 
DEFINITION 4 (Polynomial reduction from KNAP to SPD). 

Given an instance of KNAP with k and K, we construct an 
instance of SPD according to the following steps: 

1) Calculate E = 5. 
2)  Let e(x, n) denote the nth degree Taylor's polynomial of the 

natural exponential function at x, and len(y) denote the 
length of the binary representation of integer y. Construct 
F = {(sl, p1 1, (s2, p2 1, ..., (sn, pn) ) ,  where 

a 
k (- s, = -1 e 1, 6 + len(n) + 3.len(k)), 

6+2.len(n)+3.len(k) 

3) Let c = 2 .  e(-l, 6 + 3 . len(k)) + 2 .  E. 

The above polynomial reduction can be explained as 
follows. Consider the function f (x)  = x + e"". f (x)  reaches its 
minimum 3 if and only if x = $. Given an instance of 

KNAP, if we choose s, = 2, p ,  = e ;, and c = 3, then 
__ 

Thus, SP(B) reaches its minimum $ if and only if 

~ j , B a l  = k .  Note that s,, pl, and c are not rational numbers 

as required by Definition 2. Hence, we use Taylor's poly- 
nomial to approximate &, e-$, and :. By analyzing the 
errors of this approximation, it will be shown that the re- 
duction in Definition 4 is a polynomial reduction from 
KNAP to SPD, thus proving SPD is NP-complete. The NP- 
hardness of SPO follows. 

3.2 Proof of NP-hardness of SPO 
In the following discussion, s,, p,,  E, and c are parameters as 
defined in Definition 4. Let F ( B )  be 

.. ,. 
icB t t B  

The approximation error of SP(B) is analyzed first. 
LEMMA 1. b'B c (1, 2, ..., nl, ISP(B) - F(B)I < E .  

PROOF. First, consider the error of SUM(B). It follows from 
Taylor's formula that 

Accordingly, 

Next, consider the error of PROD(B). 

I -51 1 1 
- < I p i - e  ' 1 '  (6+2. len(n)+3. len(k))!  720 .n2 .k3 '  

which implies 
I I a, 

However, e? < e' < 3 .  Therefore, 

and 
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From 

(I- 144. n2 . k3 
1 

- -I------ 
144. n .  k3 144. k3 

n 1  >l-E 
and 

1 1 '  
=1+x 1 ' 

144. n2 . k3 ,:, ( 1 (144. n2 . k 3 ]  

1 1 
=1+- 

ixl 144. n k3 144. k3 ' 

we have 

Note that 
U 

n e - ?  < 1. 
ieB 

Consequently, 

Combining (1) and (21, we have 
2 

ISP(B) - F(B)I < 144k3 = E, 

thus proving this lemma. U 

Next, the approximation error of SP(B)  - c is analyzed in 
the following lemma. 
LEMMA 2. 

2 2 
VB c 11, 2, ..., n}, F ( B )  -e-  4 . ~  < SP(B)  - c < F ( B )  --. 

PROOF. From Taylor's formula, it can be obtained that 

2 
lc-(;+2'€)1 < (6 + 3len(k))!  < E .  

From this inequality and Lemma 1, we have 

( F ( B )  - €1 - [ (5 + 2 .  E] + €1 < s q B )  - c 

< ( F ( B )  + E )  - [ (+ + 2 .  E ]  - E), 

leading to this lemma. U 
The following lemma specifies a lower bound of F ( B )  

when xlEB a, + k . 

LEMMA 3 .  VB c (1, 2, ..., n} if x l e B a ,  # k ,  then 

F ( B )  > a + 4 . E. 

PROOF. Define f(x) = x + e-ex. Notice that 

f(x) has the minimal value $, which only occurs at 
x = $. Also notice that f(x) is concave upward and 

f ( x )  2 min{f(+ + d), f($ - d ) }  if Ix - $1 2 d .  Since a,s are 
integers, 

Ea1 + k  
I E B  

implies 

Accordingly, F ( B )  2 min{f($ + 51, f(+ - 5)). 
It suffices to show that f($ + &) > :+ 4 - 6  and 

f(1- 5) > + 4 .  E .  f(+ + h) = +. (1 + + + e-$. Using 

Taylor's polynomial to evaluate e-:, we have 
+ + e-+ > 1 + 1 Consequently, 

6 k 3 .  

Similarly, it can be shown that f($ - &) > -$ + 4 .  E 

This lemma follows. 0 

From the above three lemmas, we have the following 
important theorem. 
THEOREM 1. Problem SPD is NP-complete. 
PROOF. Clearly, SPD is in NI' because one can guess the set 

B first, then verify whether SP(B)  is less than c or not. 
We shall prove that the reduction in Definition 4 is a 
polynomial reduction from KNAP to SPD. The NP- 
completeness of SPD then follows from the fact that 
KNAP is NP-complete. Note that the reduction in 
Definition 4 has the property that Vi, 0 < s,, p 1  < 1. 
Therefore, (c, F) is an instance of SPD. It is clear that E 
can be calculated in polynomial time. s, can be calcu- 
lated in polynomial time since there are only 6 + 
len(n) + 3 . len(k) terms in the Taylor's polynomial and 
each term can be calculated in polynomial time. For a 
same reason, pi s and c can also be calculated in poly- 
nomial time, meaning that the reduction can be done 
in polynomial time. 

To prove that the reduction effectively reduces 
KNAP to SPD, it suffices to show that 
VC c (1, 2, ..., n}, ~ , , c a l  = k if and only if SP(C) < c. 

If ~ l E C a l  = k ,  then F(C)  = a and SP(C) - c < 0 from 

Lemma 2. On the other hand, if ~ l E C a l  # k ,  then 

from Lemmas 2 and 3,O < F(C) - 4 - 4 .  E < S P ( C )  - c, 
thus proving this theorem. 0 

Theorem 1 leads to the following corollary. 
COROLLARY 1.1. Problem SPO is NP-hard. 
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4 COMPLEXITY OF DISTRIBUTED QUERY 
OPTIMIZATION 

In this section, we use the NP-hardness of SPO as a basis to 
prove that the following 5 classes of distributed query op- 
timization problems are NP-hard: 

1) local optimization of semijoins, 
2) join sequence optimization, 
3) relation semijoins on broadcasting networks, 
4) single-reducer tree queries, and 
5) full-reducer tree queries, by polynomially reducing 

For each class of problems, we shall describe the correspond- 
ing problem reduction first, and then formally prove that the 
reduction derived is valid and can be done in polynomial time. 

4.1 Local Optimization of Semijoins (Problem LO) 

SPO to each of them. 

The query optimizer of SDD-1 [37] is among the first to ap- 
ply semijoins to distributed query processing. The op- 
timizer evaluates the benefit and cost of all candidate 
semijoins, performs the most profitable one, and updates 
the cardinality of the relation reduced by this semijoin ac- 
cordingly. This procedure repeats until there is no profit- 
able semijoin available. This approach is greedy and 
suboptimal. 

A general version of the above approach is that the 
query optimizer computes for each relation R,, instead of 
the most profitable semijoin, the most profitable set of 
semijoins to reduce R,. Since all semijoins to R, are consid- 
ered at the same time, local optimality (with respect to R,) 
can be attained. The solution obtained is local optimal in 
that only the reduction of one relation is taken into consid- 
eration at a time. Such a problem is hence called local opti- 
mization of semijoins, denoted by LO, and can be formally 
stated as follows. 
DEFINITION 5 (Problem LO) 1311. Given R,, the relation to be 

reduced, and n candidate semijoins: 
l$, K Rl,R, K Rz, ...,Ro K RE, 

determine a subset of these semijoins such that the total 
transmission cost, including the cost of applying semijoins 
and that of shipping R, to the assembly site, is minimized. 

From the selectivity and transmission cost model de- 
scribed in Section 2, the cost of semijoin l$, K R, is formu- 
lated as CS; . IR,. at(o)l. Let B = {i I R, K R, is chosen). After 

all the semijoins chosen for Ro are applied, the cardinality of 
Ro becomes n, , ,pp  . IRol, where is the original cardi- 

nality of R,. The transmission cost of sending R, to the as- 
sembly site is thus Cr,” . ITlGB p: . IR,, . The goal is to deter- 
mine an optimal B to minimize: 

Note that although this problem was studied in 1311 and 
a heuristic was developed, its complexity was unanswered. 
Consequently, we derive the polynomial reduction from 
SPO to LO as described below. 

Description of reduction from SPO to LO: 

Problem setup: Given an instance of SPO, let I&,/= CJ; = 1. 
Forl<i<n,letCS, 0 =l,IR,.a,(o,l=s,,andp, 0 = p , .  

Decision: The ith decision, d,, is set to 1 if I$, K R, is selected. 
Default cost: If all d ,  s are 0, i.e., no semijoins are applied, 

then the cost of shipping R, to the assembly site is 1. 
Extra cost: If d ,  is 1, the extra cost will be the transmission 

cost of A, IX R,, i.e., s,. 
Difficulty: Applying a semijoin to R, will reduce the cost of 

shipping R, to the assembly site. However, the semijoin 
itself incurs an extra transmission cost. 
Clearly, the above reduction from SPO to LO can be 

done in polynomial time. In light of this and the fact that 
SPO is NP-hard, we have the following lemma whose proof 
is straightforward, and thus omitted. 
LEMMA 4. Problem LO is NP-hard. 

4.2 Join Sequence Optimization (Problem JSO) 
Using the join sequence method for distributed query proc- 
essing, some joins are performed locally first, and the re- 
sulting relations are then sent to the assembly site. In 1241, 
join sequence optimization is formulated as a graph prob- 
lem. Suppose there are n relations in the query. Construct a 
directed graph with n + 1 nodes, where there is one node 
corresponding to the assembly site A, and each of the re- 
maining n nodes is one-to-one associated with a relation. 
An edge (R,, R,) means R, can be sent to RI to perform a join. 
An edge (R,, A) means R, can be sent to the assembly site 
directly. The objective is to find an inversely directed span- 
ning tree toward A with the minimal transmission cost. 
Relations are transmitted to A along the path determined 
by the spanning tree. Each intermediate node on the path 
represents a join. An example spanning tree is shown in 
Fig. 2. Consider edge (R3, R4) for example. After RI and R, 
are joined with R,, the cardinality of R, becomes 
(0; . lRll . IR31) IR21 . oi.The transmission cost of (R3, R4) is 

therefore (0; . lRll . IR,l) IR21 ‘0; . CJ:. The total cost of the 
spanning tree in Fig. 2 is thus equal to, 

Fig. 2. An example spanning tree for join sequence optimization. 
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The join sequence optimization problem can now be 
formally defined as follows 
DEFINITION 6 (Problem JSO) [24]. Given the following input 

parameters, 
1) G = (V, E ) ,  where G is a complete directed graph and 

2) IX, 1, the Cardinality of R,, 1 5 z 5 n, 

3) CJ; , the unit communication cost of edge(R,, RI )/ 
4) CJp, the unit communication cost of edge(R,, A ), 
5) 0;' , the join selectivity from R, to RI, 

the objective of JSO is to find an inversely directed span- 
ning tree toward node A with the minimal transmission 
cost. 

Note that although with some constraints on the solution 
space, certain versions of JSO can be proved to be NP-hard 
[241, those results do not in general prove that JSO itself is an 
NP-hard problem. We shall outline the mapping from SPO to 
JSO first, and then present a formal problem reduction. 
Description of reduction from SPO to TSO: 

Problem setup: Consider the directed graph in Fig. 3. 
Decision: The ith decision, d,, is set to 1 if RI is sent to the 

assembly site directly. Otherwise, d, is 0 and R, is first 
joined with R,. 

Default cost: If all d, s are 0, then all relations R,, 1 5 i 5 n, 
are first joined with R,. The result is then sent to the as- 
sembly site. The problem is so constructed that the 
communication cost from R, to R, is negligible; and the 
default cost is thus proportional to the cardinality of the 
join result. Without loss of generality, assume the default 
cost is one. 

Extra cost: If d, is 1, i.e., RI is sent to the assembly site di- 
rectly, the transmission cost is s,. Since R, is not first 
joined with R, anymore, the default cost is reduced by a 
factor of 

V = {RI, R,, . . ., R,, A), 

1 

0: +q 
which is set to be p1 in our construction. 

Difficulty: Sending relations directly to the assembly site is 
more expensive than sending them to R,. However, 
joining relations with R, might increase the cardinality of 
the resulting relation, and also the communication cost 
required from the site of R, to A. 
The formal problem reduction from SPO to JSO is given 

below. 
DEFINITION 7 (Polynomial reduction from SPO to JSO). 

Given an instance of SPO, we construct a directed graph as 
in Fig. 3. The parameters are defined as follows: 

1) lR,I = k, CJ, = s, p, ,  0; = 1,1 < i < n. 

2) /R,I = 1, C J f  = n" p 
3) Let integers v(x) and 4x) denote, respectively, the nu- 

A 

1=1 I 

2. Such a setting is for ease of exposition Nevertheless, it simplifies the 
problem studied. Note that is a simplified problem is NP-hard, its more 
complicated version can be proved to be NP-hard by restriction 1161. 

Fig. 3. A 

U 

polynomial problem reduction from SPO to JSO. 

merator and denominator of the parameter x. In other 
words, x is represented by in the given instance of 
SPO. Define 

0 Let CJ, = p ,  &. A .  

We then have the following lemma which proves JSO is 
NP-hard. 
LEMMA 5.  Problem ]SO is NP-hard. 
PROOF. We shall prove that Definition 7 is a polynomial 

reduction from SPO to JSO, and this lemma follows 
from the fact that SPO is NP-hard. It is clear that the 
reduction in Definition 7 can be done in polynomial 
time. We then prove this reduction transforms SPO to 
JSO. Given B = {i I X, is sent to A directly.}, the total 

cost TI,@) can be expressed as: 

< SP(B)  + A .  

Next, it suffices to prove that 
3B,  SP(B)  < c '3 3B', TIS@') < c . 

(3)  

Note that TI@) > SP(B).  Therefore, V'B, SP(B)  2 c * 
VB, TI-,@) t c. 

To prove the other direction, suppose there is B 
such that SP(B)  < c. We claim SP(B)  5 c - A. Then it 
can be obtained from(3) that T@) < c. Note that both 
i. SP(B)  and c are integers because 2 eliminates 
the denominators of s,, p I ,  and c. Therefore, SP(B)  < c 
implies 

1 1 
A A - . S P ( B )  < - - c - 1 .  

We get SP(B)  2 c - A, and this lemma follows. U 

4.3 Relation Semijoin on Broadcasting Networks 

As shown in [21], [28], [30], taking advantage of the broad- 
casting property of local area networks, the relation semi- 
join method can be applied to improve the query process- 

(Problem RSO) 
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ing. Using this method, a distributed semijoin is accom- 
plished by sending the entire relation, rather than the join 
attribute, to its recipient. The advantage is that multiple 
stations may receive the relation and apply different semi- 
joins at the same time. Further, the assembly site also re- 
ceives the relation broadcast, and each relation thus needs 
to be scanned only once. To optimize the transmission cost, 
the query optimizer has to determine the broadcasting or- 
der of the relations 

Use CJp to denote the unit broadcasting cost of RI. Let 
9 0  be a permutation function on the numbers in {1,2 ..., n}, 
which determines the broadcasting order of the relations. 
That is, q(i) = j means R, is the ith relation to be broadcast. 
Note that before RI is broadcast, RI has been reduced by all 
the relations broadcast earlier. Therefore, the cardinality of 
RJ is 

fi h=l P:(h,/Rj( 

when RJ is broadcast. Accordingly, the total transmission 
cost of sending all relations to the assembly site can be for- 
mulated as: 

An illustrative example of TR(q) is given below. 

EXAMPLE 1. Suppose there are three relations, R,, R,, 
and R,, where IRll = 10, IR21 = 20, and \R,I = 40. 

CJ; = CJ; = CJ; = 1. p1 = 0.6, p1 = 0.4, and 
pz = 0.5. Let the broadcasting order be {q(1), q(2), q(3)] 
= {1,2,3). Then, TR(9) = 10 + 0.6 '20 + 0.4 '0.5 .40 = 30. 

The optimization problem for using relation semijoins on 
broadcasting networks, RSO, can be formally defined as 
follows . 
DEFINITION 8 (Problem RSO). Suppose there aye n relations, 

R,, R,, ..., R,. Given lRIl, CJ, ,p i ,  1 I i, j 5 n, determine 
the optimal permutation q for the broadcasting order suck 
that TR(q) is minimized. 

An outline of the reduction from SPO to RSO is de- 

2 3 

A 

scribed first, and a formal problem reduction follows. 
Description of reduction from SPO to RSO: 

Problem setup: There are n + 1 relations, R,, R,, ... Rn+,, 
where Rn+l is a relation with very small selectivity, i.e., 
Vi, p;,, = 0. Let 

Decision: The ith decision, d,, is set to 1 if RI is broadcast 
before R,+l. Otherwise, d,  is 0 and R, is broadcast after 

Default cost: If all d ,  s are 0, R,+, is the first relation to be 
broadcast. Since pi+l = 0, the broadcasting cost for all 
the other relations is negligible. The total cost is ap- 
proximated by the broadcasting cost of Rn+,, which is as- 
sumed to be one in the problem setup. 

= I. 

Extra cost: If d ,  is 1, i.e., R, is broadcast before Xn+l, the 
broadcasting cost of R, will be CJp . [ R I / ,  which is set to 

be s,. The broadcasting cost of R,+, will then be reduced 
by p:", which is set to be p, .  

Difficulty: Broadcasting R, before reduces the broad- 
casting cost of Rn+l. However, an extra cost of transmit- 
ting R, is incurred. It is difficult to optimize the trade-off 
between the reduction effect and the extra transmission 
cost. 

DEFINITION 9 (Polynomial reduction from SPO to RSO). 
Given an instance of SPO, we construct an instance of 
RSO with the following parameters: 

1) I R ~ ~ =  s,, C J ~  = I, 1 4 i 5 n. 

3)  Let A be defined as in Definition 7. The selectivities 
2) pn+,l = q;+, = 1. 

are defined in the following table: 

Pi = 

From Definition 9, we have the following lemma which 
proves RSO is NP-hard. 

LEMMA 6.. Problem RSO is NP-hard. 
PROOF. We shall prove that Definition 9 is a polynomial 

reduction from SPO to RSO, and this lemma follows. 
Clearly this mapping can be done in polynomial time. 
Next, define B = {i I q-'(i) < q-l(n + l)}, where q-' is the 
inverse function of q. From Definition 9, we have, 

< SP(B)  + A .  (4) 

Following the same reasoning as in Lemma 5, it 
can be proved that 3 B ,  SP(B)  < c s 39, TR(q) < c, 
leading to this lemma. 0 

4.4 Semijoin Optimization for Tree Queries 
It has been shown that as far as optimizing the effect of 
semijoins is concerned, tree queries are fundamentally easier 
than cyclic queries [3], [18], [lY]. In this section, we shall 
prove that optimization on the semijoin application for tree 
queries, though less complicated than that for cyclic queries, 
is still computationally difficult, and precisely, NP-hard. 

A relation is said to be fully reduced if, after the execu- 
tion of a sequence of semijoins, no other semijoins can fur- 
ther reduce its cardinality. A semijoin program is called 
optimal if it fully reduces the relations required in the join 
phase with the minimal transmission cost incurred. We 
shall consider determining the optimal semijoin programs 
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for the following two types of tree queries: 
1) Single-reducer tree queries [7], [13], 1401: After the 

semijoin reduction phase, only one relation is needed 
for final processing. The goal is to find an optimal 
semijoin program to fully reduce this relation. 

2) Pull-reducer tree queries [13], 1191, [291, 1401: After 
the semijoin reduction phase, all relations are needed 
for final processing. The goal is to find an optimal 
semijoin program to fully reduce all relations. 

4.4. I Star Queries (Problem SQO) 
To facilitate our discussion, we shall consider the star 
query, a special case of tree queries, first. A query is called a 
star query if its join graph is a star, i.e., there exists a rela- 
tion R, such that every join specified in the query has R, as 
one of the operand relations. We shall use (R,, R,, . . ., R,) to 
represent a star query with a central relation R,, and leaf 
relations R,, 1 4 i 4 n. Also, to simplify our presentation, 
same as in prior studies [71,[351, we assume that 

1)  R, contains all the attributes in TL, 
2) the assembly site is the one containing R,, and 
3)  ai(,], the join attribute between R, and R,, is a candidate 

In the following discussion, we shall first present the re- 
sults in 171, which, by dealing with SQO as a mathematical 
programming problem, proved that the optimal solution of 
SQS must belong to a special class of semijoin programs, 
thus greatly reducing the solution space of SQO. In light of 
this, we derive in Section 4.4.2 a polynomial reduction from 
SPO to SQO and prove that SQO is NI'-hard. 

To describe the class of candidate semijoin programs for 
star queries, we introduce the notation of an execution 
graph, GE(V,, E ,  ), where V, is the set of instances of rela- 
tions and E ,  is the set of semijoins. An instance of relation R, 
is denoted by R,(j), where j is an integer representing the 
version number of R,. An edge R,(m) + RJk) in E ,  describes 
a semijoin from the mth version of R, to the kth version of 
RI. The 0th version of RI, RJO), refers to the original relation 
RI before any semijoin reduction. The kth version of R, re- 
fers to the relation RI after all semijoins corresponding to 
incoming edges of RJk) have been executed. An example 
execution graph is given in Fig.4a, where X, M R, and 
R, M RI are first executed, followed by R, K X,,  and then 
Ro M R3. For clarity, the version numbers in an execution 
graph can be omitted, as in Fig. 4b, if there is no confusion. 
Then, as derived in [7], the execution graph of the optimal 
semijoin program for a star query has the following property. 

THEOREM 2 171. Given a star query (R,, RI, ..., Rn), an opfimal 
semijoin program can be described by (S, g),  where S = 
{s(2), s(2), ..., s(k)} is a subset of { I ,  2,  ..., n}, and g is a 
permutation function from {2,2, . . ., n - I S I } to { I ,  2, . . ., n)  
- S. The execution graph of the optimal semijoin program 
exactly has the following edges as shown in Fig. 5: 

1) Vj E S, R,(O) + R&U, 
2) R,(k) -+ Rg(&) and Rg(&) -+ R&h + l), 1 2 h 2 E -  I S I . 

key of both R, and R,, for 1 5 i 5 n. 

Ro(1) - R3G) --t Ro(2) 

/f 

(a) The execution graph with version numbers. 

(b) The execution graph without version numbers. 

Fig. 4. An example semijoin program. 

PROOF. In order to fully reduce R,, R, K Xi has to be in- 
cluded in the semijoin program. However, X, M &. 
should be included at most once to guarantee the op- 
timality of the semijoin program. Then, we have the 
following two cases, which lead to the edges deter- 
mined in this theorem. 

1) 

2) 

\ 

If & M X, is not included in the optimal semijoin 
program, then X, M R, should be executed before 
any semijoin RI M R,, is executed, since it is profit- 

able to reduce I R, I before sending R, for other 
semijoins. 
If R, M R, is also included in the optimal semijoin 
program, then X, K R, should be scheduled im- 
mediately following R, K R,, since, same as in the 
first case, I RI, I should be reduced first before exe- 
cuting other semijoins. c] 

Fig. 5. An execution graph for a star query. 

S, 11, 2, ..., n} - S, and g(), defined in Theorem 2, are 
called, respectively, the parallel program, the serial pro- 
gram, and the ordering function. Theorem 2 reduces the 
star query processing problem to the one of determining 
the optimal parallel program and the ordlering function. 

We next discuss the cost of the semijoins. If X, M R, is in 
the parallel program, its cost is CSpI&l. On the other hand, 

if R, M X, is in the serial program, its cost is CSp . X, where 
X is the cardinality of R, right before tlhis semijoin is exe- 
cuted. The cost of X, M R, in the serial ]program can be ex- 
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pressed as CSp . Y ,  where Y is the cardinality of R, after be- 
ing reduced by R, K R,. Since a&) is a candidate key for 
both R, and R,, we have 

Therefore, X, K R, costs CS: . pp . X.  

denoted by TS(S, g), can be expressed as: 
Based on the foregoing, the cost of the semijoin program, 

An illustrative example of TS(S, q)  is given below. 

EXAMPLE 2. Consider a star query (R,, R,, R2, R, 1, where 
IR,I = 100, IR,I = 10, IR21 = 20, and IR31 = 30. 
py =0.5, p: = 0.2, and pi =0.1. Vi, CS; = CSp = 1. 
The execution graph in Fig. 4a costs 10 + 20 + 0.5 . 0.2 . 

The star query optimization problem SQO can be for- 
mally defined as follows. 
DEFINITION 10 (Problem SQO). Given a star query (R,, R1, . . ., 

R,,), determine an optimal semijoin program ( S ,  g) such 
that TS(S, g) is minimized. 

100. (1 + 0.1) = 41. 

4.4.2 Single-Reducer Tree Queries (Problem SSQO) 
Notice that SQO is a subproblem of single-reducer tree que- 
ries because a star graph is a special case of tree graphs, and 
also R, is the only relation that needs to be fully reduced. 
We shall prove SQO is NP-hard, and the NP-hardness of 
SSQO thus follows. As before, a reduction from SPO to 
SQO is outlined first. 
Description of reduction from SPO to SOO: 
Problem setup: We create a star query with n + 1 leaf rela- 

tions. R,+l is a special relation with very large cardinality 
and very small selectivity. Since R,+, has a large cardi- 
nality, it has to be scheduled in the serial program; oth- 
erwise, R, K R,+l is too costly. Since Rn+l has a very 
small selectivity, it is always beneficial to let R,+l be the 
first relation in the serial program, i.e., g(1) = n + 1. By 
doing so the cardinality of R, can be significantly re- 
duced, and the remaining serial program thus has a 
negligible cost. 

Decision: The ith decision, d,, is set to 1 if R, is included in 
the parallel program. Otherwise, d ,  is 0 and X, is included 
in the serial program. 

Default cost: If all d,s are 0, then Rn+l K R, (i.e., the first 
semijoin in the serial program) costs one. Every other 
semijoin in the serial program has a negligible cost. 

Extra cost: If d,  is 1, the cost of R, K R, is set to be s,. Then, 
the cost of R,+, K R, is reduced by a factor of PI). pp is 
set to be p 1  in our construction. 

Difficulty: It is difficult to determine whether R, M R, should 
be induded in the parallel program or in the serial program. 
Formally, the polynomial reduction from SPO to SQO is 

described below. 
DEFINITION 11 (Polynomial reduction from SPO to SQO). 

For a given instance of SPO, we create a star query of n + 1 
leaf relations with the following parameters: 
1) IR,I =1. 
2)  C S ~ = C S , ! , = I , I < ~ < ~ + ~ .  
3) I R, I = s,, py = p , ,  1 I i 5 n. 
4) I R,+* I = 2. 
5) p:+l = A A ,  where A is defined in Definition 7. 

LEMMA 7. For any star query derived from Definition 11, if (S ,  8) 
is optimal, then g(1) = n + 1, i.e., R,+l must be the first re- 
lation in the serial program. 

PROOF. The proof consists of two parts: 
1) n + l g  S,and 
2) g-'(n + 1) = I. 
Suppose there is an optimal semijoin program (S,, gl) 
such that n + 1 E S1. Define 

n + 1, if i = 1, 
g2(i) = { g,(i - l), otherwise. 

It can be verified that ( S 1  - {n + 11, g2) always costs 
less than (SI, gl). Clearly, R, K Rn+l costs 2 if it is in- 
cluded in the parallel program. If we move Rnil to the 
first position in the serial program, then &+l IX R, 
and 4 K R,,, cost no more than 1 + p:,,, which is 
less than 2. Note that such a movement will not change 
the costs of other semijoins. Thus the new program 
costs less than (Sl, g,), leading to a contradiction. 

It remains to prove that g-l(n + 1) = 1. We shall 
again prove this equality by contradiction. Suppose 
there is an optimal semijoin program (S,, g3) such that 
gil(n + 1) = k > 1. Use q to denote g3(k - 1) for simplic- 
ity. Define g4 as g3 except g4(k - 1) = n + 1 and g4(k) = q. 
We claim the cost of (S,, g4) is less than that of (S3 ,  g3).  
Consider the execution graph corresponding to (S3, g3) 
first. It can be obtained that the semijoin subprogram 
R, + R, -+ R,+R,,+, + R, costs 

COST1 = (cs; + p; ' cs," + p; . C$+l + p; . p:+l ' CStl,J x, 
where 

i.e., the cardinality of R, right before Rq K R, is exe- 
cuted. 

Similarly, for (S3, g4), the cost of R, + Rn+l + R, -+ 
R, -+ R, can be expressed as, 

COST2 = (,si+, + p:+l . cs,o+l + p",l ' cs: + p:+l ' p; ' CSY) ' x. 
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From Definition 11, we have COST2 < COST1 be- 
cause CS,” = CS,” = CS:+’ = CS,,, 0 = 1 and p:+, < p,. 0 

Also, it can be verified that the costs of other semi- 
joins remain the same in both (S3, g3) and (S3, 9,). 
Thus, the new semijoin program (S3, g,) costs less than 
(S3, g3), contradicting to the optimality of (Sa, g3). This 
lemma follows. U 

We then have the following lemma which proves SQO is 

For a given instance of SPO, we create a star query of n + 1 
leaf relations with the following parameters: 
1) IR,I =l.  
2)  C S ~  = C S ~  = I, 1 < i < n + I. 
3)  IX,I =s , ,p l  = p l , l < i < n .  
4) I I = 2. 
5) p:+l = & A ,  where A is defined in Definztzon 7 

0 

The following lemma, stating FSQO is NP-hard, then 
NP-hard. follows. 
LEMMA 8. Problem SQO is NP-hard. 
PROOF. We shall prove that Definition 11 is a polynomial 

reduction from SPO to SQO and this lemma follows. 
It can be seen that the reduction in Definition 11 can 
be done in polynomial time. Let (R,, R,, ..., R,+, ) be 
the star query constructed in Definition 11, and (S, g )  
be the optimal semijoin program. From Lemma 7, S c 
{1,2, . . ., n} and g(1) = n + 1. Thus, 

LEMMA 10. Problem FSQO is NP-hard. 
PROOF. Let (S, g) be the optimal single reducer for the con- 

structed star query. Following the same reasoning as 
in Lemma 7, we have g(1) = n + 1. Since there are at 
most 2n + 1 semijoins executed after o< 4, and 
each of them costs less than A .  Thus, 

TS(S ,g )  = 

It can be observed that there are at most 2n i 1 
semijoins executed after R,+’ K Ro and each of them 
costs no more than & A .  Thus, the total cost of all 
semijoins after Rn+l IX Ro is less than A. 

Following the same reasoning as in Lemma 5, it 
can be proved that 3B, SP(B) < c U 3(S ,  g), TS(S, g )  < c, 

Lemma 8 leads to the following lemma since a star query 
leading to this lemma. U 

is a special case of tree queries. 
LEMMA 9. Problem SSQO is NP-hard. 

Analogous to the derivation for Lemma 8, it can be 
shown that 3B, SP(B)  < c w T S ( S ,  g )  < c. Therefore, it 
suffices to prove that TS(S,g) < c U 3 a full reducer 
EX, COST(EX) < c. 

Suppose TS(S, g) t c. Since (S, g )  is the optimal sin- 
gle-reducer for X,, for any full reducer EX = EX, U 
EX,, we have COST(EX,) 2 c. Consequently, 
COST(EX) 2 COST(EX,) 2 c. 

To prove the other direction, construct a full re- 
ducer EX’ = EX: U EX;, where EX: - (S, g) and the 
execution graph of EX; contains the following edges: 

4.4.3 Full-Reducer Tree Queries (Problem FSQO) 
We now consider the full-reducer star query processing, 
which requires that the leaf relations, as well as the central 
relation, be fully reduced. Notice that any full reducer EX 
for a star query can be partitioned into two subprograms: 

{R,(n + 2 - IS\) + R,(1) I 1 5 i 4 n + 1 and 1 E S} U 

{%(n + 2 - Isl) + q(2)I 1 < i 5 n + i , ~  P S, and z + g(n + 1 - Is])}. 
The execution graph of EX‘ is shown in Fig. 6, where 
(s(l), $3, ..., s (k) )  represents S. 

There are n semijoins in EX; and each of them 
costs less than A A .  Therefore, COST(EXJ < & A .  
Then, from (61, we have, 

1) EX,: a single reducer for X,, and 
2) EXl: the semijoin program to reduce the leaf relations 

Clearly, E X ,  is a candidate solution to SSQO. In this section, 
we shall construct a full-reducer star query optimization 
problem in such a way that the total cost is dominated by 
that of EX-. The NP-hardness of FSQO thus follows. 

if they have not been fully reduced by EX, yet. 
CSOT(EX‘ )  = TS(S, g )  + COST(EX;) 

< S P ( S )  + A. 

From (51, TS(S, g) < c implies S P ( S )  < c. Then, follow- 
ing the same reasoning as in Lemma 5, we have 

U COST(EX’) < c, thus proving this lemma. 
DEFINITION 12 (Polynomial reduction from SPO to FSQO). 
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5 CONCLUSIONS 
In this paper we generally characterized the distributed 
query optimization problems and provided a frame work to 
explore their complexity. It has been shown that most dis- 
tributed query optimization problems can be transformed 
into the Sum Product Optimization problem. We first 
proved SPO is NP-hard. Then, using this result as a basis, 
we proved that the following five classes of distributed 
query optimization problems: 

1) local optimization of semijoins, 
2) join sequence optimization, 
3) relation semijoints on broadcasting networks, 
4) single-reducer tree queries, and 
5 )  full-reducer tree queries, 

which cover the majority of distributed query optimization 
problems previously studied in the literature, are NP-hard by 
polynomially reducing SPO to each of them. The detail for 
each problem transformation has been derived. We not only 
proved the conjecture that many prior studies relied upon, 
but also provide a frame work for future related studies. 
Note that the usefulness of NP-hardness of SPO proved in 
this paper is not confined to the context of distributed query 
optimization, and is in fact applicable to solving the com- 
plexity of many other optimization problems. 

APPENDIX 
LIST OF SYMBOLS 

SPO; Sum product optimization problem. 
SPD: 
KNAP: Knapsack problem. 
LO: Local optimization of semijoins. 
JSO: Join query optimization problem. 
RSO: 

SQO: Star queries optimization problem. 
SSQO: Single-reducer tree query optimization. 
FSQO: Full-reducer tree query optimization. 

Sum product optimization decision problem. 

Relation semijoin optimization on broadcasting 
networks. 
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