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Abstract. Recent developments in database technology, sudby exhaustive search, possibly enhanced by pruning tech-
as deductive database systems, have given rise to the demanidjues that exclude unlikely candidates for good solutions.
for new, cost-effective optimization techniques for join ex- For instance, in System R [SAZ9], a dynamic program-
pressions. In this paper many different algorithms that com-ming algorithm is employed for the optimization of joins.
pute approximate solutions for optimizing join orders are This approach works well as long as only few relations are
studied since traditional dynamic programming techniqueso be joined, but if the join expression consists of more
are not appropriate for complex problems. Two possible sothan about five or six relations, dynamic programming tech-
lution spaces, the space of left-deep and bushy processingiques quickly become prohibitively expensive. Queries of
trees, are evaluated from a statistical point of view. The re-+his kind are encountered in recent developments such as de-
sult is that the common limitation to left-deep processingductive database systems, where join expressions may con-
trees is only advisable for certain join graph types. Basi-sist of a large number of relations. Another source for such
cally, optimizers from three classes are analysed: heuristicqueries are query-generating database system front ends and
randomized and genetic algorithms. Each one is extensivelgomplex views. In both cases, very complex queries may
scrutinized with respect to its working principle and its fit- be issued without the end user being aware of it. Even in
ness for the desired application. It turns out that randomizeabject-oriented database systems [KM94], complex join ex-
and genetic algorithms are well suited for optimizing join pressions may be encountered; while forward traversal of
expressions. They generate solutions of high quality withinobject references are usually very well supported by special-
a reasonable running time. The benefits of heuristic optimizized access mechanisms and would not be treated as ordinary
ers, namely the short running time, are often outweighed byoin operations, this is not true fdrackwardtraversal. This
merely moderate optimization performance. would require appropriate index structures such as Access
Support Relations [KM92], the processing of which, in turn,
Key words: Query optimization — Join ordering — Heuristic involves the handling of potentially very complex join ex-
algorithms — Randomized algorithms — Genetic algorithms pressions for both initial materialization and maintenance.
Hence, there is a demand for optimization techniques
that can cope with such complex queries in a cost-effective
manner. In this paper, we shall examine approaches for the
solution of this problem and assess their advantages and dis-
advantages. The rest of the article is organized as follows:
in Sect. 2 we give an exact definition of the problem and the
. terms and present several cost models that we shall be using
In recent years, reIat!onaI database systems hgve' becorrpgter on in our analysis. Section 3 deals with the problem of
the standard in a variety of commercial and scientific ap-yitarent solution spaces for evaluation strategies. In Sect. 4
plications. Because queries are stated in a non-procedur e describe common optimization strategies with the vary-

manner, the need for optimizers arises that transform the, o \orking principle, which are subject to a quantitative
straightforward translation of a query into a cost-effective analysis in Sect. 5. Section 6 concludes the paper
evaluation plan. Due to their high evaluation costs, joins are o '

a primary target of query optimizers. If queries are stated in-
teractively, there are generally only few relations involved. 5, propiem description
The optimization of these expressions can be carried out

. I - The problem of determining good evaluation strategies for
e-mail: steinbrunn@db.fmi.uni-passau.de o .

** e-mail: moer@pi3.informatik.uni-mannheim.de join expressions has been addressed from the development
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major streams: First, the development of efficient algorithmsas the number of pages that have to be read from or writ-

for performing the join itself, and second, algorithms thatten to secondary memory. The execution environment is not

determine the nesting order in which the joins are to bedistributed. The database is assumed to be much larger than

performed. In this article, we shall be concentrating on thethe available main memory, so all costs besides I/O can be

generation of low-cost join nesting orders while disregardingneglected without introducing too large an error. All cost

the specifics of join computing — Mishra and Eich [ME92] models are based on parameters listed in Table 1. The join

provide a good overview on this subject. operations themselves are equijoins. A common term for
In relational database systems where queries are stateghch of the cost formulae below is the cost for writing the

interactively, join expressions that involve more than aboutresult of the join operation to the secondary memory. This

five or six relations are rarely encountered. Therefore, thecost is

computation of an optimal join order with lowest evaluation

cost by exhaustive search is perfectly feasible — it takes but

a few seconds of CPU time. But if more than about eight

relations are to be joined, the generally NP-hard problem

of determining the optimal order [IK84] can no longer be 2.2.1 Nested loop join

solved precisely; we have to rely on algorithms that compute

(hopefully) good approximate solutions. Those algorithmsThe cost for performing a nested loop join (depending on

fall into two classes: first, augmentation heuristics that buildthe presence of index structures) is [EN94]:

an evaluation plan step by step according to certain criteria, . )

and second, randomized algorithms that perform some kindl. Without index support

of “random walk” through the space of all possible solutions )

seeking a solution with minimal evaluation cost. Cu(Ryw Bo)= bp, + q R, w _ )

~~

012+ |Ra| - [ R

Cwrite(R1 X Rp) = bs/tsr
12

read Ry

2.1 Definition of terms read 2z and perform join

The input of the optimization problem is given as tgery ~ 2 Primary B-tree index on the join attribute df,

graph (or join graph), consisting of all relations that are to _
be joined as its nodes and all joins specified as its edges. Cni(R1 n Rz) = @E{, * |Bal - (@R, + 1)

The edges are labelled with th@n predicateand thejoin read R; use index to find matching tuple iRy
selectivity The join predicate maps tuples from the carte-

sian product of the adjacent nodes{false true}, depend- 3. Secondary Btree index on the join attribute d®,
ing on whether the tuple is to be included in the result or

not. The join selectivity is the ratio “number of tuples in Cni(R1 ™ Rg) = bg, + |Ra| - (xR, + SR,)
H H 7 \_V_/
the result/number of tuples in the cartesian product”. As a read Ry use index to find matching tuple i

special case, the cartesian product can be considered a join
operation with join predicate= true and a join selectivity 4. Hash index on the join attribute &,
of 1.

The search spacgor solution spacg is the set of all Cn(R1x Ry)= bp, + |Ry| - h
evaluation plans that compute the same resufioft in the ~

N——r
L . . . i read R1 use index to find matching tuple iR
solution space is one particular plan, i.e. a solution for the

problem. A solution is described by tfpocessing tredor h is the average number of page accesses necessary to
evaluating the join expression. Every point of the solution  retrieve a tuple fromR, with a given key. We use the
space has &ost associated with it; aost functionmaps valueh = 1.2 for a primary hash index, and= 2.2 for

processing trees to their respective costs. The processing ga secondary hash index.
tree itself is a binary tree that consists of base relations as
its leaves and join operations as its inner nodes; edges denote
the flow of data that takes place from the leaves of the treg) 5 5 Sort-merge join
to the root.
The goal of the optimization is to find the point in the The cost for performing a sort-merge join operation is
solution space with lowest possible cost (global minimum).[EN94]:
As the combinatorial explosion makes exhaustive enumer- Co (R s R) = C +C
ation of all possible solutions infeasible and the NP-hard sm(ft1 % 1t2) = Cr, + O,
characteristic of the problem implies that a faster algorithmwhereCy, andC, is computed according to the following
(presumably) cannot exist, we have to rely on heuristics thatases:

compute approximate results. o L ) )
1. The relation is sorted on the join attribute (or there is a

primary B-tree index on the join attribute)
2.2 Cost models
Cr, =br, ,
Our investigations are based on the cost models discussed
in this subsection. Each of these cost models measures cost i.e. there is only the cost for reading the relation.
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Table 1. Cost model parameters

Parameter Meaning

|R| Cardinality (number of tuples) of relatioR

tsp Tuple size of relationk (in bytes)

bs Size of a disk block (in bytes)

ps Size of a tuple reference (tuple identifier, TID)

ms Main memory size (irbs units)

12 Join selectivity for joinR; M Ry (0'12 = !gi:gﬂ)

br Number of blocks occupied by relatioR

fo Fanout of an internal Btree node(fo =10.69- bs/(ks+ pr)J) (ks= key size,pr = size of a page reference)
TR Height of a B-tree index on the join attribute d® minus one(a:R = [Iogfo bRW — 1, assumingps ~ ks + pr)
SR Selection cardinality ofR’s join attribute (average number of tuples with the same value of the join attribute)

2. There is a secondary*Bree index on the join attribute

ps
0.69- bs

i.e. the leaf nodes of the index tree (assuming to be 69%

full) have to be scanned for pointers to the tuples of the

relation, and the blocks containing the tuples themselves

must be read at least once. @ @ @ @
3. There is no sort order on the join attribute; explicit sort-

ing is required Fig. 1. Computation of processing tree costs

3]

Cn. = [IR:] - o 6o ps| * b -

2 X

CRE = bRw |OngbRw + bRx

We assume the merge-sort algorithm is applied, wher
the number of merge passes depends on the amount
main memory available.

%Qr writing an intermediate result to disk and to read it back
into main memory.

For instance, the processing tree in Fig. 1 (where all join
nodes are supposed to be nested loop joins) is evaluated as

2.2.3 Hash join follows:

VYe ‘ﬁf“me ]Ehat a “hybrid”hash jolin” is carriedfout._IThils 1. The join operatiorR; x R4 (node 1) is performed. Be-
algorithm performs very well over a large range of available  ¢yse poth operands are base relations, the cost for read-
main memory. The cost is [Sha86]: ing both Rz and R, is included in the estimate. Further-
more, the result of this operation has to be written to
by *br, + 2+ (b, + br,) - (1~ q) disk as an intermediate relation.
whereq denotes the fraction dk, whose hash table fits into  2- 1€ join operationR; xR, (node 2) is performed.
main memory. It is computed as: Again, both operands are base relations, so the cost for
scanning them has to be counted. But in contrast to

ms— [1.4-b31—ms" node 1, no intermediate result has to be written to disk,
q= ms—1 because the tuples can be pipelined to node 3, the root
br, of the processing tree.

3. In node 3, both intermediate resulf3, x« R, and
The constant B accounts for the hash table’s load factor of R3 x R4 are joined together in order to compute the
about 71%. final result. WhileR; x R, does not need to be read
from disk due to the pipeline from node &3 x R4
must be read back in, and the final result must be writ-
2.2.4 Cost of an entire processing tree ten to disk.

In order to estimate the cost for evaluating an entire pro-
cessing tree, the cost for each node is computed recursiveMe note that the boxed join nodes’ results (Fig. 1) must be
(bottom-up, right-to-left) as the sum of the cost for obtaining written to secondary memory. These considerations are valid
the two son nodes and the cost for joining them in order toif (and only if) the two processing nodes in question are both
get the final result. nested loop joins. If either node 2 or node 3 in the example
If the outer relation Ry in the cost formulae) is not a tree in Fig.1 were anything else but nested loop joins, the
base relation, and the join algorithm is a nested loop join,cost for writing the intermediate result to disk and reading
we assume that pipelining is possible, which saves the costi$ back into memory would have to be charged.
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3 Solution space for the join ordering problem linear graphs. For star graphs, there are-()-2"~2 (bushy
tree solution space) feasible joins. However, this approach

Generally, the solution space is defined as the set of all prorequires a specially tailored “join plan enumerator” for ev-

cessing trees that compute the result of the join expressiorry class of join graphs that might be encountered, and for

and that contain each base relation exactly once. The leavembitrary join graphs still the entire solution space must be

of the processing trees consist of the base relations, where@ensidered in order to guarantee that the optimal solution

the inner nodes correspond to join results of the appropriateannot be missed.

sons. As the join operation is commutative and associative,

the number of possible processing trees increases quickly

with increasing number of relations involved in the join ex- 4 Join ordering strategies

pression in question. Traditionally, a subset of the complete

space, the set of so-calléft-deep processing tredsas been The problem of finding a good nesting order ferelational

of special interest to researchers [SAQ; SG88; Swa89]. joins can be tackled in several different ways:

We s_hall now study the characteristics of both the complete| peterministic algorithmsEvery algorithm in this class

solution space and the subset of left-deep trees as the most .jnsiructs a solution step by step in a deterministic

interesting special cases, although other tree shapes might manner, either by applying a heuristic or by exhaustive
be contemplated, e.g. right-deep trees or zig-zag trees, which ¢ 5rcp.

are mainly of interest in distributed computing environments 5 p4n4domized algorithmalgorithms in this class pursue a

(see, for example [LVZ93]). completely different approach: a setrabvesis defined.
These moves constituedgesbetween the different so-
lutions of the solution space; two solutions are connected
by an edge if (and only if) they can be transformed into
one another by exactly one move. Each of the algorithms
performs a random walk along the edges according to
certain rules, terminating as soon as no more applicable
moves exist or a time limit is exceeded. The best solution

3.1 Left-deep trees

This subset consists of all processing trees where the inner
relation of each join is a base relation. For a fixed number
of base relations, the specification “left-deep” does not leave
any degrees of freedom concerning the shape of the tree, but ,.ountered so far is the result.

there aren! ways to allocaten base relations to the tree’s 3. Genetic algorithmsGenetic algorithms make use of a
leaves. It has been argued that good solutions are likely to randomized search strategy very similar to biological
exist among these trees, because such trees are capable of o\ ytion in their search for good problem solutions. Al-
gxplqiting the cpst—reducing pipelining technique on each (.)f though in this aspect genetic algorithms resemble ran-
its join processing nodes. In case a processing tree consists ymized algorithms as discussed above, the approach
solely of nested loop joins (either with or without index sup- ¢ q\us enough differences to warrant a cénsideration of
port), not a single intermediate result has to be materialized its own. The basic idea is to start with a random popula-

on secondary memory. tion and generate offspring by random crossover and mu-
tation. The “fittest” members of the population (accord-

ing to the cost function) survive the subsequent selection;
the next generation is based on these. The algorithm ter-
minates as soon as there is no further improvement or
after a predetermined number of generations. The fittest

3.2 Bushy trees

In this solution space, we also permit join nodes where both
operandg are_“composites“ (i.e.. no base relatipns). Thus, member of the last population is the solution.

the solutions in this space are in no way restricted. Con-y4 v vig algorithms Hybrid algorithms combine the strate-
sequently, this solution space includes left-deep as well as gies of pure deterministic and pure randomized algo-
other special tree shapes as (strict) subsets. Because the rithms: solutions obtained by deterministic algorithms
shape of possible processing trees can be arbitrary, the car- are used as starting points for randomized algorithms
dinality of this set is much higher than the cardinality of the or as initial population members for genetic algorithms.
left-deep space: for base relations, there af@” ) (n—1)!
different solutions. However, although the degrees of free-
dom in constructing bushy trees are much higher, the capas.1 peterministic algorithms

bility of exploiting the pipelining technique is restricted to

a subset of the tree’s join processing nodes. The more thghe algorithms discussed in this section either employ heuris-
shape of the tree tends toward right-deep (i.e. the join nodesics or a (pruned) search of the solution space in order to
left operands are base relations), the smaller is the size ddptimize the given join expression. We shall take a closer
this subset. For a right-deep tree, none of its join processingook at four different algorithms of this class with varying

nodes is capable of pipelining. _ complexity and performance.
In [OL90], an adaptable plan enumeration strategy for

linear (chain) and star-shaped join graphs is proposed that

reduces the number of plans whose costs have to be eval4-1.1 Dynamic programming

ated considerably. i, denotes the number of relations in the

join graph, there arenf — n)/6 (bushy tree solution space) This is the classical algorithm that has been used for join
or (n — 1)? (left-deep tree solution space) feasible joins for order optimization in System-R [SAQ9]. It searches the
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function DynProg function MinSel
inputs rels “List of relations to be joined inputs rels “List of relations to be joined
outputs pt “Processing Treke outputs pt “Processing Treke
partialsolutions :={All scans for all attributes involved pt := NIL
“Remove all elements fropartialsolutions do
with equivalent, lower-cost alternatiVe )
if pt = NIL then
for ¢:=2to |reld R; := “Relation with smallest cardinality
for all ptin partialsolutions R
for all R in relssuch that R not in pt Ipt =
else

R;i := “Relation fromrels with smallest selectivity factor

pt:= /M \ for the join with pt”
X
" © we /N

end
end pt /RI\
“Remove all elements fropartialsolutions N
with equivalent, lower-cost alternative end
end rels := rels\ [Ri]
return “Arbitrary element fronpartialsolutions” while rels# []
Fig. 2. Algorithm “Dynamic Programming” return pt;

Fig. 3. Minimum selectivity algorithm

4.1.2 Minimum selectivity

solution space of left-deep processing trees. Firstly, the set
of partial solutions is initialized with all possible scan nodes Good solutions are generally characterized by intermedi-
for all relation attributes that participate in the query. For ate results with small cardinality. Tha@inimum selectivity
instance, if there is an index on attribueA, then both the  heuristicbuilds a left-deep processing tree step by step while
index scan and the ordinary file scan are considered feasiblgying to keep intermediate relations as small as possible. In
partial processing trees. In the next step, every element witlthis regard, this resembles Ingres’ decomposition strategy
a cheaper, equivalent alternative is pruned from the set ofwY76]; however, unlike the decomposion strategy, which
possible partial solutions, where an alternative is consideredonsiders only the operands’ cardinalities, the minimum se-
“equivalent” if it joins the same set of relations and the |ectivity heuristic makes use of treelectivity factoro of the
sort order of the partial result is the same. In the followingjoin R, x R, to achieve small intermediate results. Firstly,
loop, the algorithm constructs in theh iteration a set ok-  the set of relations to be joined is divided into two subsets:
relation partial solutions from a set df { 1)-relation partial  the set of relations already incorporated into the intermedi-
solutions. When this loop terminates, the sattialsolutions  ate result, denoted?yseq (Which is initially empty), and the
consists of at least one, possibly several equivalent, optimadet of relations still to be joined with the intermediate result,
solutions. denoted #2remaining (Which initially consists of the set of all

A pseudo code rendering of this algorithm is shown inrelations). Then, in each step of the algorithm, the relation
Fig. 2. Apart from the removal of all equivalent alternatives R; € .%2emaining With the lowest selectivity factor
but the cheapest one, the original algorithm according to the
cited reference performs further pruning of the search tree: it
defers the introduction of cartesian products into partial solu- R m ( X RU>‘
tions as long as possible, thus removing unlikely candidates o; = B & Sused
for the optimal solution. However, although this strategy re-
duces the computational complexity, the result is no longer |2l M Ry
guaranteed to be optimal. Flu € S uses

A major disadvantage of this algorithm is the high mem- s joined with the (so far) intermediate result and moved from
ory consumption for storing partial solutions. That (and the.J2,.maining t0 . 22usea Figure 3 shows the complete algorithm
exponential running time) makes its application for queriesfor left-deep processing trees.
that involve more than about 10-15 relations prohibitively
expensive.

In very recent work, Vance and Maier [VM96] devised a 4.1.3 Krishnamurthy-Boral-Zaniolo algorithm
very efficient, so-called light-weight implementation of dy-
namic programming for bushy tree join optimization. Their On the foundation of [Law78] and [MS79], Ibaraki and
method allows to optimize join queries with up to about 18 Kameda [IK84] showed that it is possible to compute the op-
relations — albeit with a rather simplified cost model. timal nesting order in polynomial time, provided the query
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graph forms a tree (i.e. no cycles) and the cost function iguncﬁon Linearize
a member of a certain class. Based on this result, Krishna-
murthy et al. [KBZ86] developed an algorithm (KBZ algo- inputs root “Root of a (partial) treé
rithm) that computes the optimal solution for a tree query in©Utputs chain ‘Optimal join order for the tree-shaped join graph
O(n?) time, wheren is the number of joins. with root ‘root
In the first step, every relation plays, in turn, the role of chain =[]
the root of the query tree. For all roots, the tree is linearized for all succin Sons(root)
by means of aanking functionthat establishes the optimal !frl\‘ll:: L"I‘.ea.”ze(sr:m.c) g "
evaluation order for that particular root. The linearized tree " Into chainaccording to ran
obeys the tree’s order, in other words, a parent node is al-
ways placed before the son nodes. The evaluation order with chain := root + chain , ,
lowest cost is the result of the algorithm. Normalize the root nod&oot' (cf. text)
By transforming the query tree into a rooted tree, a parenteturn chain;
node for every node can be uniquely identified. Thus, the
selectivity of a join, basically an edge attribute of the queryFig. 4. Auxiliary function linearize
graph, can be assigned to the nodes as well. If the cost
functionC' can be expressed 84R; x R;) = |R;|- g(|R;|), _
whereg is an arbitrary function, the join cost can be assigned"ct°" K82
to a particular node, too. This is, in principle, possible for inputs joingraph
nested loop join algorithms, but not for merge join or hashoutputs minorder fjoin order”
join algorithms. The cost can be computed recursively as ree := ‘Minimum spanning tree ofoingraph”

follows (A denotes the empty sequence, &ndnd!, partial mincost :=cc

sequences): forall node in tree
C(/l) =0 lin:= Linearize_(no_de)
. . “Undo normalizatiofi

_ | |Ri| if R; is the root node

C(R;) = g(|R- D else cost := Cost(lin)
! if cost< mincostthen

C(l1l2) = C(l1) + T(11)C(12) minorder := lin

The auxiliary functionZ(l) is defined as: mincost = cost

end
. end
_ 1 if [ = A (empty sequence)
T() = [T, ok Ryl else return minorder;

o, denotes the selectivity of the join dt; with its parent  Fig. 5. KBZ algorithm
node.
The algorithm is based on the so-called “adjacent se-
quence interchange property” [IK84] for cost functions that With its successor. If necessary, this step has to be repeated
can be expressed &(R; x R;) = |R;| - g(|R;|)- If the join until the order of the sequence is correct. The cost of the
graphJ is a rooted tree andl, B, U andV are sequences Sequence is computed with the recursive cost funation
of J’s nodes U andV non-null), such that the partial order In the main functiorKBZ (Fig. 5), this procedure is car-
defined by.J is not violated byAVU B and AUV B, then ried out for each relation of the join graph acting as the root
node. The sequence with lowest total cost is the result of the
C(AVUB) < C(AUV B) < rank(V) < rank(U) optimization.
. . The algorithm can be extended to general (cyclic) join
Therank of a non-null sequence is defined as graphs in a straightforward way, namely by reducing the
T(S) — 1 query graph to its minimal spanning tree using Kruskal's
c(S) algorithm [Kru56]. The weight of the join graph’s edges is
determined by the selectivity of the appropriate join, and
Thus, the cost can be minimized by sorting according to thehe minimal spanning tree is determined as the tree with the
ranking function rankf), provided the partial order defined lowest product of edge weights, rather than the sum of the
by the tree is preserved. edges’ weights, common in other applications of Kruskal's
The algorithm for computing the minimum cost process-algorithm. This extension has been suggested by Krishna-
ing tree consists of the auxiliary functidimearize and the  murthy et al. [KBZ86]. However, if the join graph is cyclic,
main functionKBZ Firstly, the join tree is linearized ac- the result is no longer guaranteed to be optimal — it is but
cording to the functiofinearizein Fig. 4, where a bottom-up a heuristic approximation. When we speak of the KBZ al-
merging of sequences according to the ranking function iggorithm in later sections, we refer to this extension with the
performed. In the last step, the root node becomes the heambmputation of the minimal spanning tree of the join graph.
of the sequence thus derived. However, it is possible that the Due to its working principle, the KBZ algorithm requires
root node has a higher rank than its sons, therefore a nothe assignment of join algorithms to join graph edgefore
malization of the sequence has to be carried out. That mearthe optimization is carried out. This requirement and the re-
that the first relation in the sequence (the root node) is joinedtrictions concerning the cost model are the main drawbacks

rank(S) =
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X X
function AB X X / \ / \
55 X C ESS A X
inputs joingraph /\ / \ N\ /\
outputs minorder ‘join order” A B B A A B B ¢
while number of iterations< N2 do . T
begin Commutativity Associativity
. . AXB=BNXA (AXB)XC = AX(BXC)
randomizemethods;
while number of iterations< N2 do [><1 v v v
begin
. / \ /\ /\ /\
aﬁply KB% M C = X B A X — B
changeorder;
changemethods; A/ \B A/ \C B/ \C A/ \C
end,
end, Left Join Exchange Right Join Exchange
postprocess; (AXB)XC = (AXC)XB AX(BXC)= BX(AXC)
return minorder; Fig. 7. Moves for bushy tree solution space traversal

Fig. 6. AB algorithm
7. In a post-processing stepdstproces$, once more the

order of the relations is changed in an attempt to reduce
of the KBZ algorithm. The more sophisticated and detailed the cost.
the cost model is, the more likely it is that KBZ's optimal _ ) o
result based on an (almost inevitably crude) approximationl e AB algorithm comprises elements of heuristic and ran-
is different from the real optimum. Furthermore, Separaﬂngdomlzed optimizers. The inner loop searches heuristically for
the two tasks of join order optimization and join method & local minimum, whereas in the outer loop several random
assignment invalidates the main advantage of the KBZ alStarting points are generated in the manner of the iterative

gorithm, namely to yield the optimal solution (n2) time. ~ iImprovement algorithm (cf. Sect.4.2.1). However, without
In the following section, an algorithm is discussed that triesignoring the contribution of the KBZ algorithm, even with
to remedy this situation. the AB extension it is hardly possible to make use of a

sophisticated cost model.

4.1.4 AB algorithm 4.2 Randomized algorithms

The AB algorithm has been developed by Swami and lyerRandomized algorithms view solutions psints in a solu-
[SI193]. It is based on the KBZ algorithm with various en- tion space and connect these points by edges that are de-
hancements trying to remove the restrictions that are imfined by a set ofmoves The algorithms discussed below
posed on the join method placement. The algorithm permitgerform some kind of random walk through the solution
the use of two different join methods, namely nested loopspace along the edges defined by the moves. The kind of
and sort-merge. The sort-merge cost model has been simplinoves that are considered depend on the solution space: if
fied by Swami and lyer such that it conforms to the require-left-deep processing trees are desired, each solution can be
ments of the KBZ algorithm@'(R1 x R») = |R1| - g(|Rz2]) represented uniquely by an ordered list of relations partic-
for some functiong; cf. Sect. 4.1.3]. The algorithm runs as ipating in the join. Two different moves are proposed in
follows (cf. Fig. 6): [SG88] and [Swa89] for modifying these solutions: Swap
and 3Cycle. Swap exchanges the positions of two arbitrary
1. In randomizemethodseach join in the join graph is as- relations in the list, while 3Cycle performs a cyclic rota-
signed a randomly selected join method. If the join graphtion of three arbitrary relations in the list. For instance, if

is cyclic, a random spanning tree is selected first. R1R;R3R4Rs was a point in the solution space, the applica-
2. The resulting tree query is optimized by the KBZ algo- tion of Swap might lead td?, R4 R3 R, s, whereas 3Cycle
rithm (apply KBZ). could yield RsRpR1 R4 R3.

3. changeorder attempts to further reduce the cost by  If the complete solution space with arbitrarily shaped
swapping relations such that “interesting orders” can be(bushy) processing trees is considered, the moves depicted
exploited. in Fig. 7 (introduced by loannidis and Kang [IK90]) are used

4. This step comprises a single scan through the join ordefor traversal of the solution space.
achieved so far. For each join, an attempt is made to
reduce the total cost by changing the join method em-
ployed ghangemethod. 4.2.1 lterative improvement

5. Steps 2 to 4 are iterated until no further improvement is
possible orN? iterations are performed\{ = number of  If the solution space of the join optimization problem did
joins in the join graph). contain but one global cost minimum without any local

6. Steps 1 to 5 are repeated as long as the total number afiinima, we could use a simple hill-climbing algorithm for
iterations of the inner loop does not exce¥d. finding this minimum. However, because the solution space
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function Iterativelmprovement
outputs minstate Optimized processing trée

mincost :=co

do
state := ‘Random starting poirit
cost := Cost(state)

do
newstate := “statafter random move
newcost := Cost(newstate)
if newcost< costthen
state := newstate
cost := newcost
end
while “Local minimum not reachéed

if cost< mincostthen
minstate ;= state
mincost ;= cost
end

while “Time limit not exceeded

return minstate;

Fig. 8. lterative improvement algorithm

does contain local minima, hill-climbing would almost cer-
tainly yield one of them. Theterative improvement algo-

rithm [SG88; Swa89; IK90] tries to overcome this problem
in the following way (Fig. 8): after selecting a random start-

ing point, the algorithm seeks a minimum cost point using

a strategy similar to hill-climbing. Beginning at the starting

point, a random neighbour (i.e. a point that can be reached
by exactly one move) is selected. If the cost associated with coq | .-
the neighbouring point is lower than the cost of the current
point, the move is carried out and a new neighbour with the

lower cost is sought. This strategy is insofar different from

genuine hill-climbing, as no attempt is made to determine
the neighbour with the lowest cost. The reason for this be-
haviour is the generally very high number of neighbours thatF
would have to be checked. The same holds for the check of

whether a given point is a local minimum or not. Instead
of systematically enumerating all possible neighbours an
checking each one individually, a point is assumed to be
local minimum if no lower-cost neighbour can be found in
a certain number of tries.

This procedure is repeated until a predetermined numb
of starting points is processed or a time limit is exceeded
The lowest local minimum encountered is the result.

4.2.2 Simulated annealing

function SimulatedAnnealing

inputs state ‘Random starting poirit
outputs minstate ‘Optimized processing trée

minstate := state; cost := Cost(state); mincost := cost
temp := “Starting temperature
do
do

newstate := “statafter random move

newcost := Cost(newstate)

if newcost< costthen

state := newstate

cost := newcost
newcost- cost
temp

else“With probability e
state := newstate
cost := newcost

end

if cost< mincostthen
minstate := state
mincost := cost
end
while “Equilibrium not reachet!
“Reduce Temperature
while “Not frozert

return minstate;

Fig. 9. Simulated annealing algorithm

Starting State

Stop of SA
Minimum

7
Stop of 1

ig. 10. Iterative improvement versus simulated annealing

cgimulated annealing, a move may be carried out even if
dhe neighbouring point is of higher cost. Therefore, the al-

gorithm does not get trapped in local minima as easily as
iterative improvement. As the name of simulated anneal-
ng suggests, the algorithm tries to simulate the annealing
process of crystals. In this natural process, the system even-
tually reaches a state of minimum energy. The slower the
temperature reduction is carried out, the lower the energy
of the final state (one large crystal is of lower energy than
several smaller ones combined). Figure 10 illustrates this
behaviour: one iteration of iterative improvement stops in

Iterative Improvement suffers from a major drawback: be-the first local minimum, whereas simulated annealing over-
cause moves are accepted only if they improve the resultomes the high-cost barrier that separates it from the global
obtained so far, it is possible that even with a high numbeminimum, because the simulated annealing algorithm always
of starting points the final result is still unacceptable. This isaccepts moves that lead to a lower cost state, but also accepts
the case especially when the solution space contains a largeoves that increase costs with a probability that depends on
number of high-cost local minima. In this case, the algorithmthe temperature and the difference between the actual and
gets easily “trapped” in one of the high-cost local minima. the new state’s cost.

Simulated annealing (Fig. 9) is a variant on iterative im-  Of course, the exact behaviour is determined by param-
provement that removes this restriction [IW87; SG88]. In eters like starting temperature, temperature reduction and
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stopping condition. Several variants have been proposed ierach processing tree with equal probability is not trivial. In
the literature — we shall present the detailed parameters in thihe above-mentioned work, such an algorithm (designed for
next section where we analyse and compare those simulateatyclic join graphs) is presented; its application is most ap-
annealing variants. propriate when a reasonably good (evaluation cost of less
than two times the minimum cost) evaluation plan has to be
identified quickly, as the experimental results in [GLPK94]
4.2.3 Two-phase optimization indicate.

The basic idea for this variant is the combination of iterative
improvement and simulated annealing in order to combiney 3 Genetic algorithms
the advantages of both [IK90]. Iterative improvement, if ap-

plied repeatedly, is capable of covering a large part of thegenetic algorithms are designed to simulate the natural evo-
solution space and descends rapidly into a local minimumyytion process. As in nature, where the fittest members of
whereas simulated annealing is very well suited for thor-5 hopulation are most likely to survive and propagate their
oughly covering the neighbourhood of a given point in the featyres to their offspring, genetic algorithms propagate so-
solution space. Thus, two-phase optimization works as foly,tions for a given problem from generation to generation,
lows: combining them to achieve further improvement. We pro-

1. For a number of randomly selected starting points, lo-vide a brief overview of the terminology and the working
cal minima are sought by way of iterative improvement principles of genetic algorithms. For a comprehensive intro-
(Fig. 8). duction, the reader is referred to [Gol89].

2. From the lowest of these local minima, the simulated
annealing algorithm (Fig. 9) is started in order to search
the neighbourhood for better solutions. 4.3.1 Terminology

Because only the close proximity of the local minimum pe. g6 genetic algorithms are designed to simulate biolog-
needs to be covered, the initial temperature for the SiMUja1 evolution. much of the terminology used to describe
lated annealing pass is set lower than it would be for thejem is borrowed from biology. One of the most impor-
simulated annealing algorithm run by itself. tant characteristics of genetic algorithms is that they do not
work on a single solution, but on a set of solutions, plop-
ulation. A single solution is sometimes calledpaenotype
Solutions are always representedsasngs (chromosomes)

An approach similar to two-phase optimization has beer@MPosed otharacters (genedhat can take one of several
proposed by Lanzelotte et al. [LVZ93] in the context of a differentvalues (alleles) The locus of a gene corresponds
distributed computing environment. In toured simulated an-© théposition of a character in a string. Each problem that
nealing, several simulated annealing “tours” with different IS to be solved by genetic algorithms must have its solutions

starting points are performed. Each starting point is derived epreserlt_ed as”character strings by an appropeiateding

from a deterministic algorithm that greedily builds process- _1he “fitness” of a solution is measured according to an

ing trees using some augmentation heuristic. For instancé2Pi€ctive function that has to be maximized or minimized.

the minimum selectivity heuristic (discussed in Sect.4.1.2)Ge”era||Y; in a well-designed genetic algorithm, both the

could be used to provide these starting points. average fitness and the_ fitness of the best solution increases
Similarly to two-phase optimization, the main benefit of With every new generation.

toured simulated annealing is the reduced running time. The

starting temperature for the different tours is set much lower i i

(0.1 times the initial plan’s cost) than for simulated annealing#-3-2 Basic algorithm

with a random starting point, so the annealing process does

not spend much time accepting moves that do not improve N Working principle of the genetic algorithm that we use
the current solution. to optimize join expressions is the same as of the generic

algorithm described below.
Firstly, a population of random character strings is gen-
4.2.5 Random sampling erated. This is the “zero” generation of solutions. Then, each
next generation is determined as follows:

4.2.4 Toured simulated annealing

Idnoﬁlz_: ngI‘l]é)gtr:?r(]jslcgilz:Sgeerdegtol?gf;epg;lézdb r'?\ltlr;ir;}or}' A certain fraction of the fittest members of the population
9 is propagated into the next generatiGeléction.

T O o e oo 2. A Ceian raconof th st members of e population
can be achieved. However, an analysis of the cost distribu-, IS comb_|nedy|e_ld|ng offspring (:rqssove). :
tion in the soluti(.)n space r’eveals that a significant fraction3' A certain fraction of the populafuon (not necessarily the
) . . . fittest) is altered randomlynfutatior).

of solutions is rather close to the optimum. An algorithm

that draws a truly random sample of solutions should thereThis loop is iterated until the best solution in the popula-
fore contain the same fraction of good solutions as the ention has reached the desired quality, a certain, predetermined
tire space; however, designing such an algorithm that selectsumber of generations has been produced or no improvement
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Fig. 11. Encoding of bushy processing treesjoin graph;b processing
tree; c encoded tree

has been observed for a certain number of generations. In the
next section, we shall examine how this generic algorithm
can be adapted to the problem of optimizing join expres-
sions.

4.3.3 Genetic algorithm for optimizing join expressions

Because genetic algorithms were not almost studied as in-
tensively for join order optimization as other randomized
algorithms, we shall discuss the questions associated with
the employment of genetic algorithms for optimizing join
expressions in more detail. In particular, we will not merely
provide the techniques that we finally implemented, but
some of the alternatives we considered (and tested) as well.
Even if the basic algorithm remains unmodified, many vari-
ations for solution encoding, selection, crossover and muta-
tion may be contemplated.

4.3.3.1 Encoding.Before a genetic algorithm can be applied
to solve a problem, an appropriate encoding for the solution
and an objective function has to be chosen. For join opti-
mization, the solutions are processing trees, either left-deep
or bushy, and the objective function is the evaluation cost
of the processing tree that is to be minimized. For encoding
processing trees, we considered two different schemes:

1. Ordered list

list of leaves. For instance, the processing tred((k
R4) x R3) x Rp) x Rs) is encoded as follows:

— An ordered listL of all participating relations is
made (for instance, based on their indices), such
asL = [Ry, Ry, R3, Ry, Rs].

— The first relation in the processing treRy, is
also the first relation in our list, so its in-
dex “1" is the first gene of the chromosome.
R, is then removed from the list, so L =
[RZa R37 R4a R5]

— The second relation in the processing trBg, is
the third relation in the list., so “3” becomes
the second gene of the chromosome. After re-
moval of R4, L becomes Ry, R3, Rs].

— This process is repeated until the liBtis ex-
hausted. In our example, the final encoding for
the processing tree is “13211".

b) Bushy trees. For bushy trees, the ordinal numbers in
the chromosome denote join nodes similar to the or-
dered list of join edges described above. But instead
of specifying the join node by the corresponding join
graph edge, the join’s operands are used for that pur-
pose. For instance, the processing tree in Fig.11b is
encoded as follows:

— An ordered list of all participating relations is
made exactly as for left-deep tree encodihg=
[Rla R2> R37 R47 R5]

— The first join node in the processing treefls x
R,, which involvesR; and R, with index “1”
and “2", respectively, so “12” becomes the first
gene of the chromosom®&; and R, are replaced
by Ry2, SO L := [Ry2, R3, R4, Rs].

— The next node in the processing tree joins rela-
tion Rz with the resultR; x Ry (index 2 and 1),
yielding gene “21” andl := [Ri23, R4, Rs).

— Repeating this process finally leads to the com-
plete chromosome “12 21 23 12”.

a) Left-deep trees. Solutions are represented as an otna the actual implementation, the chromosome’s genes carry
dered list of leaves. For instance, the processing treadditional information, namely operand order [encoding (1b)]
((((R1 @ R4) X R3) X Ry) x Rs) is encoded as and join algorithm (all encoding schemes).

“14325".

b) Bushy trees. Bushy treegithout cartesian products
are encoded as an ordered list of join graph edges4.3.3.2 SelectionThe selection operator is used to separate
This scheme has been proposed in [BFI91]. As an ex-good and bad solutions in the population. The motivation is
ample of this encoding scheme, we represent the proto remove bad solutions and to increase the share of good
cessing tree depicted in Fig. 11b as a character stringsolutions. Mimicking nature, selection is realized as shown
In a preliminary step, every edge of the join graph isin Fig. 12. The sample population consists of four solutions,
labelled by an arbitrary number, such as in Fig. 11a.and the objective function, cost, has to be minimized. The
Then, the processing tree is encoded bottom-up andost value for each of the solutions is listed in the table in
left-to-right, just the way as it would be evaluated. Fig.12. Each solution is assigned a sector of size inverse

So, the first join of the tree joins relatioig and Ry,
i.e. edge 1 of the join graph. In the next steps,
and Rz are joined, therR, and Rs, and finally R123

proportional to its cost value on a biased roulette wheel.
Four spins of the wheel might yield the result in the second
table, where Solution 4 has not been selected — it “became

and R4s, contributing edges 2, 4 and 3, respectively. extinct due to lack of adaptation.”

Thus, the final encoding for our sample processing

tree is “1243” (Fig. 11c).
2. Ordinal number encoding

This selection scheme is based on the fitness ratio of the
members of the population: the better a member satisfies the
objective function, the more it dominates the wheel, so one

a) Left-deep trees. A chromosome consists of a se{relative) “super” population member may cause the pre-
quence of ordinal numbers of the processing tree’smature convergence to a mediocre solution, because of the



Population
Nr.  String Cost Fraction of the Wheel
1 31542 31784 31.1%
2 45321 46924 30.1%
3 51234 174937 21.2%
4 14325 227776 17.6%
Sum 100.0%

New Generation

Spinning  Nr. String
the 1 31542
Wheel 1 31542
= 2 45321

3 51234

Fig. 12. Selection

disappearance of other members’ features. Those features 31542

may be valuable, even if the solution as a whole is not of
high quality. To avoid this, we usenking-based selection

This means that it is not the value of the objective function
itself but only its rank is used for biasing the selection wheel.
In Fig. 12, for instance, it is not the cost values that would
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3154 2 34512
45321 43521
“Parents” “Offspring”

Fig. 13. Crossove 1 — subsequence exchange for ordered list encoding

13211 14311
44321 43221
“Parents” “Offspring”

Fig. 14.Crossove 2 — subsequence exchange for ordinal number encoding

21543
45 321 45 231
“Parents” “Offspring”

determine the fraction of the wheel a solution is assigned torig. 15. crossove 3 — subset exchange

but just its rank value, i.e. 4 for solution 1, 3 for solution 2,
2 for solution 3 and 1 for solution 4.

General experience shows that ranking-based selection
usually makes the evolution process advance more slowly,
but the risk of untimely losing important information con-
tained in weaker solutions is much lower.

Another variant is to keep the best solution in any case.
This strategy (sometimes referred to as “elitist”) helps speed

up the convergence to the (near) optimal solution, because.

the risk of losing an already very good solution is elimi-
nated.

4.3.3.3 CrossoverThe crossover operator is a means of
combining partially good solutions in order to obtain a supe-
rior result. The realization of a crossover operator depends
heavily on the chosen encoding. For instance, the crossover
operator has to make sure that the characteristics of the par-

ticular encoding are not violated. Such a characteristic is the3.

uniqueness of each character in the string for the ordered list
encoding scheme. The crossover operator and the encoding
scheme are tightly coupled, because often the implementa-
tion of a particular crossover operator is facilitated (or even
made possible at all) if a particular encoding scheme is used.
Basically, we considered two different crossover operators,
namely subsequence exchang@d subset exchangelhey
work as follows:

1. Subsequence exchange (ordered list encoding). An ex-

of the other parent (3). The second gene of the other
parent (1) cannot be used, because it is already present,
so the third gene of the offspring is taken from the third
gene of the other parent. Continuing this process yields
at last the offspring chromosome “43521”. Determining
the second offspring is carried out similarly.
Subsequence exchange (ordinal number encoding). This
operator is a slight variation of the above. It is intended
for use in conjunction with the ordinal number encod-
ing. In contrast to the first version of the sequence ex-
change operator, the two subsequences that are selected
in the two parents must be of equal length. These sub-
sequences are then simply swapped. This is only feasi-
ble with the ordinal number encoding because we do not
have to worry about duplicated characters. Fig. 14 shows
a sample application of this operator.

Subset exchange (ordered list encoding). The basic idea
for this operator is to avoid any potential problems with
duplicated characters by simply selecting two random
subsequences with equal length in both parents that con-
sist of the same set of characters. These two sequences
are then simply swapped between the two parents in or-
der to create two offspring. Figure 15 depicts an example
of the application of this crossover operator.

ample of the application of this operator is shown in 4.3.3.4 Mutation. The mutation operator is needed for in-
Fig. 13. It assumes the ordered list encoding scheme. Itroducing features that are not present in any member of the
each of the two offspring chromosomes, a random subsepopulation. Mutation is carried out by random alteration of a
guence is permuted according to the genes’ order of aprandomly selected chromosome. If the operator must not in-
pearance in the other parent. For instance, in Fig. 13, théroduce duplicate characters, as in ordered list chromosomes,
subsequence “532” is selected from the string “45321”.two random genes are simply swapped in order to carry out
The first gene of its offspring remains the same as in thehe mutation; with ordinal number encoding, a random gene
parent (4). The second gene is taken from the first gen®f the chromosome is assigned a new, random value.
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in several variants) from the class of randomized/genetic op-
/l\ + 7% >i< timizers. All deterministic algorithms yield solutions in the
subspace of left-deep processing trees, whereas some of the
D Q O O D T 11 randomized/genetic algorithms operate in the entire solution
L1 space (bushy trees).
All cost figures are scaled with respect to the best solu-
Fig. 16.Join graphsa chain;b star;c cycle; d grid tion available apart from System-R (because the System-R
algorithm could not be run for all parameter settings due to
its high running time). For instance, a solution with a scaled
Mutation, the “spice” of the evolution process, must not cost of two is twice as expensive to evaluate as the best plan
be applied too liberally lest the process be severely disrupteccomputed by any algorithm for that particular query. How-
Usually, only a few mutations are performed in one gener-ever, a curve for the algorithm that actually did compute
ation. the best solution is not necessarily shown in every plot. In
If the “elitist” variant of the selection operator is used, other words, the set of algorithms that compete for the best
one might also consider excepting the best solution in thesolution is always the same, regardless of the subset that is
population from being mutated. The reasons for doing so arelepicted in a particular plot.
explained in the paragraph above describing the selection

operator.
5.2 Solution spaces
5 Quantitative analysis Before presenting the benchmark results, we will take a
closer look at the two solution spaces. The left-deep tree
5.1 Preliminaries space is a subset of the bushy tree space, so we can expect

lower running times of optimizers that operate in the left-
The generation of queries for the benchmarks permits indeeeep space. On the other hand, there is the danger of missing
pendent setting of the following parameters: good solutions that are not left-deep trees.

In order to get some insight into the advantages of using
one solution space instead of the other, we determined both
the “left-deep optimal” and “bushy optimal” solutions for
one hundred randomly selected queries with six participat-
The shape of the join graph can be chosen from the followingng relations. The histograms for the four different join graph
four classes: chain, star, cycle and grid (Fig. 16). types in Fig. 17a—d show the percentage of cases where the

Relation cardinalities and domain sizes fall into four cat- left-deep tree optimum and bushy tree optimum is of equal
egories, S, M, L and XL, as specified in Table 2; for instance,cost (i.e. the optimal solution is in fact a left-deep tree; la-
35% of all relations comprise between 1000 and 10 000 tubelled L=B). Following from left to right: the percentages
ples. These figures were chosen such that join results andf cases where the bushy tree optimum has less than 2%,
cost values are neither too small (because of the error thietween 2% and 5%, etc., lower cost than the left-deep tree
would be introduced due to the page granularity of the cosbptimum.
model) nor too large (loss of accuracy due to limited floating ~ Considering these histograms, it becomes apparent that
point arithmetic resolution). the shape of the join graph makes a big difference: for chain

The query itself is specified such that all relations fromand cycle, we can find in half of all cases a better solu-
a particular join graph are to be joined; the selectivitiestion in the bushy tree solution space; for cycle, about one
that are associated with the graph’s edges are computed afifth even more than 50% cheaper than the best left-deep
cording to the estimate used in System-R [SA@], i.e. tree solution. Consequently, the investment in searching the
o = 1/ min(dom(attributg), dom(attributg)). Index struc-  bushy tree solution space should be profitable. On the other
tures (either hash tables @*-trees) facilitate read access hand, for star join graphs in most of the cases the optima
on 20% of all relation attributes. While constructing a join are left-deep trees anyway, because other tree shapes neces-
graph, relation cardinalities and attribute domain sizes aresarily comprise cartesian products. Finally, for the grid join
drawn independently; however, various “sanity checks” en-graph, the situation is not as clear as for the other three:
sure that, for instance, a relation’s cardinality cannot exceed®0% of the optima are left-deep trees, but a non-neglectable
the product of its attribute domain sizes. fraction of the bushy tree optima are far cheaper than their

Each point in the following diagrams represents the av-left-deep counterparts. A choice in favour of the bushy tree
erage of at least thirty optimized queries, which proved tosolution space would depend heavily on the optimization al-
be a good compromise between the conflicting goals “avoidgorithms’ capability to locate these solutions (cf. [IK91]).
ance of spurious results” (due to atypical behaviour of singleln the remainder of this section, we will investigate whether
runs) and “running time,” as preliminary tests showed. the bushy tree optimizers can exploit the potential of good

From the optimization strategies discussed in Sect. 4, wesolutions in the bushy tree solution space.
implemented the following algorithms: the System-R algo-
rithm, the minimum selectivity heuristic and the KBZ algo-
rithm from the class of deterministic optimizers, and simu-
lated annealing, iterative improvement and genetic (all three

1. Class of the join graph
2. Distribution of relation cardinalities
3. Attribute domains
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Table 2. Relation cardinalities and domain sizes
Class Relation cardinality Percentage (%) Class Domain size Percentage (%)

S 10-100 15 S 2-10 5
M 100-1000 30 M 10-100 50
L 1000-10000 35 L 100-500 30
XL 10000-100000 20 XL 500-1000 15
100% 100%
100 T T T T T T T 100
80 - 1 80 1
g 60 g 60 | 4
3 3
g 40 g 40 - d
a a
20 - ! 20 1
0 ' ' ' ' ' ' 0 ' ' ! ! ' '
L=B <2% <5% <10% <25% <50% >50% L=B <2% <5% <10% <25% <50% >50%
a b
100 T T T T T T T 100
80 - 80 1
g 60 - § 60 | i
3 3
g 40 % 40 - d
a a
20 - — 20 | 4
L=B <2% <5% <10% <25% <50% >50% L=B <2% <5% <10% <25% <50% >50%
c d

Fig. 17. Left-deep versus bushy processing treeshain;b star;c cycle; d grid

100000 ' ' ' MinSel —— 2 ' ' ' MinSel ——
KBZ - KBZ -
System R - System R -x----
10000 | E
g 1000 :8)
3 3
;,,“3 100 :,,3
10
. 1 . 2o : ~.,(,.-~><—»—-xfr--x-—V—X——»;x,v-~x»—-x———'>I<~~-a<—-—-x»-—~x————><—»—s
5 10 15 20 25 30
Number of Relations Number of Relations
Fig. 18. Deterministic algorithms; chain join graph Fig. 19. Deterministic algorithms; star join graph
5.3 Benchmark results for deterministic algorithms (without considering index structures) in order to be able to

run the algorithm. The cost of a complete evaluation plan
In the first series of benchmarks, we shall examine deterthus derived, however, was computed according to the exact
ministic algorithms. Figures 18—-21 show the results for theformulae.
System-R algorithm (Sect. 4.1.1), the minimum selectivity = On each of the diagrams, the scaled cost (cost of the op-
heuristic (Sect.4.1.2), and the KBZ algorithm (Sect. 4.1.3).timized evaluation plan divided by the cost of the best plan
Because none of the cost formulae in Sect. 2.2 fulfils thederived byany of the optimization algorithms discussed in
KBZ algorithm’s requirement, we used a simple approxima-this section except System-R) is plotted against the number
tion that counts the processed tuples for a nested loop joiof relations participating in the query; the join graph type
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Fig. 20. Deterministic algorithms; cycle join graph ) . . -
Fig. 21. Deterministic algorithms; grid join graph

is noted in the respective caption. Note the smaller scal
in the y-axis for the star join graph. All deterministic al-
gorithms yield left-deep processing trees; in addition, the

best join method is determined locally for each join node, . . .
J y J The next set of benchmarks is carried out with random-

i.e. proceeding bottom-up and selecting the least costly join

method for each node. The results for the System-R opti-'zed algorithms (cf. Sect.4.2) and genetic algorithms (cf.

mization are plotted for five to ten participating relations S€Ct:-4-3). We will compare three variants of iterative im-
in order to provide some “absolute” basis for comparisonProvement (called 113, 1IH [SG88] and 11O [IK90]), and of
purposes. simulated annealing (called SAJ, SAH [SG88] and SAIO
Despite the simple cost approximation for running the [K90]) and two variants of genetic algorithms (Genetic,
KBZ algorithm, this optimizer turns out to be the best of the BushyGenetic). Furthermore, the results of the System-R
two (heuristic) deterministic optimizers for the chain, star OPtimization are shown for five to ten participating rela-
and cycle join graphs. Especially, the solutions for the start

ions. The parameters for each algorithm are derived from
join graph can hardly be improved by any of the other a|g0_the cited references (ll, SA) or they were determined in pre-
rithms we tested, be it deterministic, randomized or genetic.

liminary tests (Genetic, BushyGenetic). In addition, for all
For cycle and grid, the results are not quite as Competi_algorlthms generating left-deep trees, a search proceeding
tErgom the leaves of the tree to the root is performed for all

tive, because these join graphs are cyclic and a spanning; . , , L
tree must be selected prior to the application of the KBZ ial solutions in order to determine the most appropriate join
thod on each join node.

algorithm. This effect becomes especially apparent for thé™® ( : . -
grid join graph, where the minimum selectivity heuristic per- Exactly as in the first set of benchmarks with the heuristic

forms best. The System-R algorithm, which computes the?!gorithms, the scaled cost is plotted against the number of
optimal left-deep processing tree without cartesian products'€/ations participating in the join — please note the different

achieves on the average a cost factor slightly above Ones,cale in Fig. 22. The parameters of the algorithms mentioned
even though some solutions have cost factors below ongiPove are as follows:

i.e. better than any of the approximate solutions. The reason gaj

why this cost factor is often higher than one is due to the ™
limitation of the System-R algorithm to left-deep processing

trees without cartesian products.

To summarize the results for heuristic optimizers, we
can note the following points: firstly, both of the discussed
optimizers have a very short running time — the KBZ al-
gorithm managed to compute the results for the 30-relation
star queries in less than 2s of CPU time each, the minimum
selectivity heuristic in less than 0.1s for each one of the
same queries. Secondly, the performance in terms of qual-
ity is — except for star join graphs — competitive only for
small queries, where KBZ performs best for the join graphs ductions) and less than 2% of the generated moves
with low connectivity and minimum selectivity for the grid are accepted.
join graph. However, for small queries, one would probably 2 SAH
not want to rely on heuristic algorithms, but compute the
optimal solution using some kind of search strategy.

e\5.4 Benchmark results for randomized
and genetic algorithms

— A move is either a Swap or a 3Cycle, i.e. only left-
deep processing trees are considered.

— The starting temperature is chosen such that at least
40% of all moves are accepted.

— The number of iterations of the inner loop is the same
as the number of joins in the query.

— After every iteration of the inner loop, the tempera-
ture is reduced to 97.5% of its old value.

— The system is considered frozen when the best solu-
tion encountered so far cannot be improved in five
subsequent outer loop iterations (i.e. temperature re-

— A move is either a Swap or a 3Cycle, i.e. only left-
deep processing trees are considered.

— The starting temperature is determined as follows: the
standard deviation for the cost is estimated from a
set of sample solutions and multiplied by a constant
value (20).
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— The inner loop is performed until the cost distribution System R ——a--

of the generated solutions is sufficiently stable (for
details see [SG88]).

— After every iteration of the inner loop, the tempera-
ture is multiplied by max(®, e~ Acf) (A=0.7; o see
above).

— The system is considered frozen when the difference
between the minimum and maximum costs among
the accepted states at the current temperature equals
the maximum change in cost in any accepted move
at the current temperature.

3. SAIO

— Moves are chosen from join method change, com-
mutativity, associativity, left join exchange and right
join exchange. The entire solution space (bushy pro-  _ ga phase starts with the minimum from the Il phase
cessing trees) is considered. and the starting temperature islGimes its cost.

— The starting temperature is twice the cost of the (ran- g enetic algorithms (Genetic/BushyGenetic)
domly selected) starting state. , , — Solution space: left-deep processing trees/

— The number of iterations of the inner loop is 16 times bushy processing trees
the number of joins in the query. — Encoding: ordered list of leaves/

— After every iteration of the inner loop, the tempera- ordinal number encoding
ture is reduced to 95% of its old value. — Ranking-based selection operator

— The system is considered frozen when the best solu-  _ Sequence exchange crossover operator
tion encountered so far cannot be improved in four — Population: 128
subsequent outer loop iterations (i.e. temperature re-  _ rossover rate 65% (65% of all members of the pop-
dqctiqns) and the temperature falls below one. ulation participate in crossover)

4. Iterative improvement (l1H, 113, 1110) — Mutation rate 5% (5% of all solutions are subject to

— All starting points are chosen randomly. random mutation)

— For an algorithm I, moves are chosen from the — Termination condition: 30 generations without im-
same set as the correspondingxSalgorithm. provement / 50 generations without improvement

— Local minima are determined according to [SG88]
(IIH, 113) and [IK90] (I110O), i.e. a solution is consid-
ered a local minimum i% randomly selected neigh-
bours fail to improve the resulk is the number of

Scaled Cost
5

1

Number of Relations

Fig. 24. Randomized algorithms, left-deep tree solution space; cycle join
graph

In Figs.22-25, the results for the left-deep tree op-
timizers are depicted. Although the parameter setting for
SAH/SAJ and IIH/I1J is similar, we note that the J variants

join graph edges for IIH and 11J; for 1lIOk is the  perform poorly for all but one of the join graph types. SAH
number of neighbouring states. and IIH perform much better, where, in turn, SAH is su-

— In order to perform a “fair” comparison between Il perior to IIH. In all cases, SAH and the genetic algorithm

and SA, the total number of solutions considered iscomputed the best evaluation plans among the left-deep tree
approximately the same for both the correspondingoptimizers, with a slight superiority of the genetic algorithm.
IIx and SA algorithms. Apparently, the sophisticated equilibrium/freezing condition
5. Two-phase optimization (I110+SAIO) for SAH is the main reason for its good results. A closer
— Ten random starting points for the Il phase. look at the benchmark data revealed that indeed SAJ visited
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much less solution alternatives than SAH. The |l variantslocating the superior solutions of the bushy tree solution
that were designed to consider about as many different sospace.
lutions as the respective SA algorithms reflect this fact: IIH  Let us now look at the running times for the different
achieves better results than I1J. Apart from the quality of theoptimizers. Although the quality of the generated solutions
derived results, another important criterion for selecting anis a very important characteristic, the running time of an al-
optimizer is its running time, which we will investigate later. gorithm has a considerable impact on the final choice. The
In the meantime, we will look at the performance of thoseintended application area determines how much time can be
optimizers that operate in the bushy tree solution space. spent on the optimization: queries that are stated interac-
These optimizers, namely SAIO, 11O, two-phase opti- tively and run only once do not warrant the same amount
mization (2PO) and a genetic algorithm (BushyGenetic), areof optimization as compiled queries that are repeated hun-
compared in Figs. 26-29. In addition, the best two left-deepdreds or thousands of times. In Fig. 30, the average running
optimizers’ curves (SAH and Genetic) are included in ordertimes (CPU times) for Genetic, SAH, BushyGenetic, SAIO,
to facilitate direct comparison. It turns out that, in terms of [l10, 2PO and System-R are plotted against the number of
quality, none of the implemented algorithms performed bet-relations participating in the queries (chain join graph). The
ter than the 2PO algorithm, regardless of the join graph typetunning times for the various algorithms were determined
although the gap between SA, Il and 2PO is quite narrowon a SPARCstation 20/612MP.
In the left-deep case the genetic algorithm showed a slight From the six randomized/genetic algorithms, SAIO has
superiority over the SA results, but this is not so in the bushythe longest running times with up to 2800s of CPU time
tree solution space. Although the genetic algorithm does notor 30-relation queries. Although 2PO yields slightly better
perform particularly poor, it cannot quite equal the quality solutions, it requires a running time of about 1300s, only
of SA or 2PO. half of SAIO’s time. As expected, left-deep tree optimiz-
Only for star queries, all algorithms exhibit very simi- ers (SAH, Genetic) run faster than bushy tree optimizers,
lar behaviour (divergence just about 1%), so the algorithmsbut gain of speed must be paid by loss of quality. Surpris-
running time would be the decisive factor in this case. Foringly, the BushyGenetic algorithm runs even faster than both
all other join graphs, every bushy tree optimizer easily out-the left-deep optimizers, even though it yields solutions that
performs even the best implemented left-deep tree optimizeare at least as good as theirs: it can handle the 30-relation
which confirms that these algorithms are indeed capable ofjueries on average in about 500s. In contrast to the random-
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1e+11 T T
ized/genetic algorithms, the computation of the optimal left-  '**°f “i\—ee”e“‘:
deep tree without cartesian products is in our implementation 1e+09 | BushyGenetie; | | 5
feasible only for queries involving up to 12 twelve relations; 1.0 | |
for instance, 13-relation queries already require on averagg
an optimization time of more than 1h. 5 o

In Fig. 31, for the same six algorithms, the approach tog '+ ¢
their respective final solutions is shown. Each time the cur- 100000 t
rently best solution is improved, the gain in absolute cost gL
units is noted g-axis), together with the time of its occur-
rence {-axis). Because only a single optimization run for
a 20-relation query (chain join graph) is plotted, we can- 100 3 ] o o0 1500
not draw any far reaching conclusions, but nevertheless the Running Time [sec]
curves reflect the algorithms’ typical behaviour quite well. Fig. 31. Approach to the final solution
Both simulated annealing algorithms, SAIO as well as SAH,
spend a good deal of the total running time investigating
high-cost processing trees; SAIO required more than 150she bushy tree solution space can be carried out only for very
to reach a cost level of less than ten times the cost of the fisimple queries (in our experiments, about six to seven rela-
nal solution. SAH ran faster, but it still took a very long time tions), so the advantages of this solution space can hardly
for the approach to its final solution. On the other hand, bothbe exploited.
2P0 and iterative improvement (I110) achieved a very good  Heuristic optimizers avoid the high time complexity of
result in less than 1s and less than 3s running time, respe@xhaustive enumeration, but the results are, especially for
tively. For the genetic algorithms, it is especially BushyGe-complex queries with many participating relations, rarely ac-
netic that can reach acceptable solutions very quickly. Everzeptable. The KBZ algorithm, although yielding the optimal
the initial population consisted of at least one member withleft-deep solution under certain circumstances, is difficult to
an evaluation cost that is as low as SAIO’s after runningapply in practice: the need for cost model approximations
more than 100 times as long. Although the drawing of theand problems concerning join method assignment limits its
initial population is not guaranteed to be unbiased in ourusefulness. We found that only for star queries is the KBZ
implementation, we can note that genetic algorithms nicelyalgorithm competitive; its short running time compared to al-
supplement the approach in [GLPK94] (Sect. 4.2.5): in a firstternative algorithms (especially randomized/genetic) makes
step, a random sample could be drawn using the algorithnit the solution of choice.
presented in [GLPK94], which can be used in a second step  Finally, randomized and genetic algorithms operating in
as the initial population for the genetic algorithm. the bushy tree solution space are the most appropriate op-

timizers in the general case, provided the problems are too

complex to be tackled by exhaustive enumeration. The ques-
5.5 Summary tion of which of the discussed algorithms is the most ad-

equate depends on the particular application area, namely
Comparing the performance of the various optimization al-whether short running time or best optimization performance
gorithms, we can draw the following conclusions. is the primary goal. If good solutions are of highest impor-

Algorithms that perform an exhaustive or near exhaustivetance, 2P0, the algorithm that performed best in our experi-
enumeration of the solution space, such as dynamic programments, is a very good choice; other SA variants, for instance
ming, can compute the optimal result, but the high runningtoured simulated annealing (TSA; [LVZ93]), that we did not
time makes their application only feasible for queries thatimplement are likely to achieve quite similar results. The
are not too complex (i.e. less than about 10-15 relations fofpure” SA algorithm has a much higher running time with-
left-deep processing trees). For the same reason, searchiogt yielding significantly better solutions. If short running
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time is more important, iterative improvement (I110), the [Golg9]
genetic algorithm (BushyGenetic), and, to a lesser extent,
2PO are feasible alternatives; especially the first two dellK84]
grade gracefully if they are preempted: in the example ru 1K90]
in Fig. 31, they achieved acceptable results in less than 1s.
Moreover, as mentioned above, genetic algorithms can be
combined very well with the transformationless approach in[ik91]
[GLPK94].

6 Conclusion [wer)

We have studied several algorithms for the optimization of[kBz86]
join expressions. Because of new database applications, the
complexity of the optimization task has increased; more re-
lations participate in join expressions than in traditional re-[KM92]
lational database queries. Enumeration of all possible evaly;g,)
uation plans is no longer feasible. Algorithms that compute
approximate solutions, namely heuristic, randomized and ge-
netic algorithms, show different capabilities for solving the [Kru56]
optimization task. Heuristic algorithms compute solutions
very quickly, but the evaluation plans are in many case:il_awm]
far from the optimum. Randomized and genetic algorithms
are much better suited for join optimizations; although they
require a longer running time, the results are far better.  [Lv93]

For the question of the adequate solution space, we have
found that, with the exception of the star join graph, the
bushy tree solution space is preferable in spite of the fac
that “pipelining” (avoiding writing intermediate results to
secondary memory) can be carried out mainly by left-deegmszg)
processing trees.

Another consideration is the extensibility of randomized [OL90]
and genetic algorithms: both can be designed to optimize
not merely pure join expressions, but complete relationa
gueries. In addition, some of them (namely the iterative im-
provement and genetic algorithms) can be easily modified
to make use of parallel computer architectures.

[MEgz]

I[SAC+79]

[SG88]
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