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ABSTRACT. The execution time of a large query depends mainly on the memory utilization
which should avoid disk accesses for intermediate results. Poor memory management can hurt
performance and even lead to system thrashing because of paging. However, memory manage-
ment optimization is hard to incorporate in a query optimizer because of cost estimate errors. In
this paper, we address the problem of efficient memory management for large query execution.
We propose a static memory allocation scheme applied at start-up time, and a more efficient
dynamic execution model which performs memory-adaptive scheduling of the query. Our exe-
cution model handles graciously memory overflow by choosing dynamically the best scheduling
among several possible using a simple cost model. The model is robust to cost estimate errors.
We describe a performance evaluation using a prototype implementation. The experiments with
many queries show significant gain over static strategies.
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RÉSUMÉLe temps d’exécution de requêtes complexes dépends principalement de la gestion de
la mémoire qui peut éviter des accès disques, notamment pour les résultats intermédiaires. Une
mauvaise gestion de la mémoire peut entraîner un écroulement des performances dû au swap
système. Cependant, il est difficile d’incorporer l’optimisation de l’utilisation de la mémoire
dans l’optimiseur de requêtes. Dans cet article, nous proposons des solutions pour une gestion
efficace de la mémoire lors de l’exécution de requêtes complexes. Plusieurs méthodes statiques
d’allocation de la mémoire sont d’abord proposées, puis un mécanisme dynamique, plus efficace
est présenté. Ce dernier change l’ordre d’exécution des requêtes de manière à optimiser la
gestion de la mémoire. Il permet ainsi de s’adapter à d’éventuels débordement de capacité ou à
des erreurs du modèle de coût. Nous réalisons une évaluation de performances sur un prototype
montrant des gains importants par rapport aux stratégies statiques.

MOTS CLÉS: gestion de la mémoire, exécution de requête, système, swap.



1. Introduction

Large queries,i.e. queries with many complex operators (like join and aggregate)
on large databases, have become very frequent in modern decision-support applica-
tions. Because they are often of a strategic nature, good response times are required.
With either single-processor or parallel systems, this can only be achieved using large
amounts of main memory, so as to avoid disk accesses for intermediate results. But
main memory is not free and infinite. The “buy more memory” solution to increase
performance has obvious limitations, especially with increasing multi-query work-
loads. Therefore, efficient memory management is crucial.

Poor memory management can hurt performance [COR 96] and even lead to sys-
tem thrashing because ofpaging, i.e. repeated disk accesses to free memory pages. To
avoid paging, commercial database systems typically rely on database tuning. For in-
stance, Oracle [Ora97] requires the DBA to specify the maximum amount of memory
for each join (Hash-Area-Size or Sort-Area-Size parameters). Although it works, this
solution is difficult for the DBA and can hardly result in optimal memory utilization.

Memory management optimization could be automatically supported by the query
optimizer (at compile-time) and/or the query engine (at run-time). When produc-
ing the “optimal” query plan, the optimizer may also take into account the amount of
memory needed for intermediate results. However, this is a hard optimization problem
[GAR 97] which can make traditional optimization strategies, like Dynamic Program-
ming [HAA 89], impractical. Furthermore, such prediction is based on a cost model
with important parameters (database statistics, available memory size, etc.). These
parameters may no longer be accurate at run-time. For instance, an intermediate re-
sult may be much larger than expected. If the query engine executes the query plan
“as is”, performance can be bad. To improve the quality of query plans, some op-
timization decisions may be delayed until run-time [GRA 89]. During optimization,
several execution alternatives are “encoded” in the plan by means ofchoose-nodes.
At run-time, the alternatives are chosen based on actual parameter values. Such work
does not consider optimal memory utilization. Furthermore, it would be very hard to
include all alternatives at compile-time given the number of parameters influencing
memory consumption.

In this paper, we consider memory management optimization during query exe-
cution. Related research has been done in the areas of buffer management, real-time
queries and multi-queries [DAV 95, SAC 86, CHO 85]. Buffer management algo-
rithms [HAA 90, O’N 93] concentrate on intelligent caching but we are not aware
of any approach that tries to optimize resource utilization by considering the query
execution plan.

In the context of real-time queries, [PAN 94, DAV 94] propose to modify the al-
gorithms of the relational operators in order to adapt to the available memory. This
solution can be applied for one operator. However, memory allocation cannot be done
locally at the operator level based on the available remaining memory because this
might block execution. For instance, the operator that is executed first claims all the
available memory, thereby blocking all the following operators.

Finally, in a multi-query environment, [YU 93] defines the concept ofreturn on



consumptionto study the overall reduction in response times due to additional mem-
ory allocation. The objective is to find a near-optimal way to distribute the available
memory over the queries in order to obtain the best overall reduction in response time.
The authors propose a heuristic based on the observation that an operator, say a hybrid-
hash join, may obtain better return on consumption if it is executed in its maximum
memory allocation point (therefore consuming much memory for a short time) or near
its minimum memory allocation point (consuming less memory for more time). The
heuristic devised is then to allocate more memory to queries which need less memory.
However, the authors restrict themselves to single-join queries.

In this paper, we address the problem of efficient memory management for large
query execution. We propose two solutions. The first one applies a static memory
allocation scheme at start-up time (just prior to execution) which distributes the mem-
ory among the operators of a query plan. We propose several algorithms to do this.
The second solution is a dynamic execution model which performs memory-adaptive
scheduling of the query. It resolves at run-time the memory allocation problems as
they occur, by dynamically changing the scheduling of the query plan. We provide an
experimental validation and comparison of these strategies.

The paper is organized as follows. Section 2 states the problem more precisely.
Section 3 proposes algorithms for static memory allocation. Section 4 motivates and
proposes our dynamic execution model, with related algorithms. Section 5 presents
a set of experiments using a prototype implementation which shows significant gains
over statical strategies. Section 6 concludes.

2. Problem Formulation

In this section, we state our assumptions regarding query processing. This will help
defining the problem. Query processing is classically done in two steps. The query
optimizer generates an “optimal”query execution plan(denoted byQEP) for a query.
TheQEP is then executed by the query engine which implements anexecution model
and uses a library of relational operators [GRA 93a].

2.1. Query Execution Plans

The optimizer can consider different shapes ofQEP: left-deep, right-deep, segmented
right-deep or bushy. Bushy plans are the most general, and the most appealing, be-
cause they offer the best opportunities to minimize the size of intermediate results
[SHE 93]. Thus, we consider bushy trees in this paper.

A QEP is represented as anoperator treeand results from the “macro-expansion”
of the join tree [HAS 94]. Nodes represent atomic physical operators and edges rep-
resent dataflow. Two kinds of edges are distinguished: blocking and pipelinable. A
blocking edge indicates that the data is entirely produced before it can be consumed.
Thus, an operator with a blocking input must wait for the entire operand to be mate-
rialized before it can start. A pipelinable edge indicates that data can be consumed
“one-tuple-at-a-time”. So the consumer can start as soon as one input tuple has been
produced.



Let us consider an operator tree that uses hash join.Three operators are needed:
scan to read each base relation, build and probe. The build operator produces a block-
ing output,i.e. the hash table, while probe produces a pipelinable output,i.e. the result
tuples. Thus, there is always a blocking edge between build and probe,i.e. a block-
ing constraint between operators. An operator tree can be decomposed as a set of
maximum pipeline chains (pc for short),i.e.chains with highest numbers of pipelined
operators. Eachpc is identified by a number assigned in a left-deep recursive manner,
notedpid. Figure 1 shows a bushyQEPwith 6 relations and the corresponding oper-
ator tree.PCi denotes a pipeline chain,Scani, Buildi, Probei are the operators and
HTi is a hash-table, result of the execution ofPCi. Throughout this paper we use the
execution plan of Figure 1 as a running example.
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PC2 = (Scan2, Probe2, Build2)
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PC6 = (Scan6, Probe6.1, Probe6.2, Probe6.3)
PC5 = (Scan5, Probe5, Build5)
PC4 = (Scan4, Build4)
PC3 = (Scan3, Build3)

Figure 1. A join tree and an execution plan

2.2. Memory Allocation

Most relational operators,eg.join, aggregate, union, can be implemented using hash-
ing (eg.hash join), sorting (eg.sort-merge join) or nested loops. To ease presentation,
we consider multi-join queries using hash-based algorithms. However, our discussion
is independent of relational operators and of their implementation.



Relational operators can operate in a range of memory allocations between their
minimum and maximum requirements with dissimilar performance results. If the
memory allocated to an operator is smaller than its minimum memory requirement
(denoted byMop

min), the operator cannot be executed [DEW 84]. The operator exe-
cutes with the optimal performance at itsMop

max. The performance degrades if the
operator is executed in betweenMop

max andMop

min. In the latter case we say that the
operator isdegraded. We define thememory allocation pointof an operator, denoted
Mop, as the amount of memory which is availaible to this operator to execute.

For example, a hybrid-hash join [SCH 89] of relations R and S has its minimum
memory allocation point at

p
Æ j R j, where R is the smaller of the two relations and

Æ is the expansion factor for the hash table (overhead of the hash structure) [YU 93],
while the maximum allocation point isÆ j R j, when the hybrid hash can be “up-
graded” to a simple hash join.

2.3. System Paging

The query engine typically trusts the compile-time decisions of the optimizer and ex-
ecutes theQEP“as is”. However, the optimizer uses a cost model with many parame-
ters, such as database statistics and available resources (CPU power, disk bandwidth,
memory, etc.) to compute the cost ofQEP’s. The values of these parameters can
change between compile-time and run-time [COL 94, HAA 97, IOA 91] and make
the optimizer decisions inappropriate. The incapacity of a query engine to cope with
inappropriate plans can severely hurt performance. If the available memory is less
than that assumed by the optimizer, the database system can even thrash because of
paging.

To illustrate paging, let us considerpc6 of Figure 1. Assume thatHT5 + HT3 +
HT2 (hash tables produced respectively bypc5, pc3, andpc2) do not fit in memory.
To executepc6, these hash tables are loaded in virtual memory,i.e. part of the tables
is in physical memory while some other part is on a swap partition on disk. Each
tuple read by Scan6 is probed withHT5 and can potentially access any page ofHT5.
If the tuple matches, it is probed with HT3. Again, it can access any page ofHT3.
The same procedure is repeated forHT2. Thus, during the execution ofpc6, pages of
HT5, HT3 andHT2 are “randomly” accessed, with one page-fault for each page not
in physical memory.

To evaluate the negative effects of paging, we have simulated the execution of
multi-join queries using anaiveexecution model which simply executes the query
plan without considering memory, and varied the available memory. The methodology
used for this experiment is described in Section 5.. Experimental results, described in
the table below, show a dramatic performance degradation when paging occurs even
with a small ratio of missing memory.



% of available memory Degradation (%)
100 0
90 50
80 160
70 350
60 625
50 1200

A simple solution to avoid paging is to fix a maximum memory size for aQEP
and never bypass this limit. However, memory allocation cannot be donelocally at
the operator level based on the available remaining memory because this might block
execution. Therefore, this distribution must be donegloballyby considering the whole
QEP.

2.4. Problem Statement

We can now simply state the problem. Given a bushyQEPand its budget of available
memory, our goal is: (i) to produce an execution which does not generate paging, (ii)
to distribute the available memory among the operators of aQEP in a near-optimal
way in order to minimize response time.

3. Static Memory Allocation

In this section, we propose several strategies and algorithms to statically distribute the
available memory among operators. Each algorithm may be applied at start-up time
when the system is aware of the amount of available memory. We present these algo-
rithms in the context of the commonly acceptediterator model[GRA 93a, GRA 96,
ANT 96].

3.1. The Iterator Model

The iterator model considers each operator as aniterator that supports three procedure
calls:open to prepare an operator for producing an item,next to produce an item, and
close to perform final clean-up. AQEP is activated starting at the operator tree root
and progressing towards the leaves. The dataflow in the model is demand-driven: a
child operator passes a tuple to its parent node in response to anext call from the
parent. Thus the iterator model allows for pipeline operator execution and the order
of execution of apc is fixed by the shape of the tree.

For simplicity, let us consider a hash join operator. Theopen call on the join
performs the following steps: (i) allocate the hash table, (ii) open the left input, (iii)
issuenext to the left input while there are tuples, and insert them in the hash table,
(iv) issueclose to the left input. Thenext call on the join issuesnext calls to the right
input until a match is found with the previously built hash table. Finally, theclose
call on the join issues aclose to the right input and releases the hash table. Thus, the
operators are executed in a left-deep recursive way,pc0s are executed one-at-a-time.
For example, the iterator model executes the tree of Figure 1 in the orderpc1, pc2,
pc3, pc4, pc5, pc6.



3.2. Strategies for Static Memory Allocation

To develop an efficient memory distribution strategy, we use the heuristic ofignoring
the memory needed for the result of apc1. This heuristic does not yield paging. In
the worst case, the result of apc can be written on disk and read back once. In addi-
tion, more memory can be granted to the operators and thus increase the number of
operators executing at theirMop

max. Since pipeline chains are executed sequentially,
at any given time, apc being executed can obtain the whole memory allocated to the
QEP . Thus the problem of distributing memory between the operators of aQEP
can be reduced to distributing memory between the operators of apc. We now present
several strategies to do this.

Even distribution (Even) A naive strategy isevendistribution between operators
of a pc. It can hardly be optimal but is independent of the size of the relations and
thus is robust wrt estimation errors. The algorithm is simple: (i) give itsMop

min to each
operator to ensure its execution, (ii) distribute the remaining memory evenly between
the operators.

Maximum memory for smaller demand (Max2Min) The second strategy follows
the heuristic devised in [YU 93]. The idea is to allocate the maximum amount of
memory to the operators which have the smallestMop

max in order to obtain a better
return on consumption. The algorithm is as follows: (i) giveMop

min to each operator,
(ii) sort operators in reverse order wrtMop

max, (iii) distribute the remaining memory
following the sort order, trying to complete memory allocation of first operators up to
Mop

max.
For example, let us considerpc6 of Figure 1. Suppose thatHT5,HT3 andHT2 are

respectively of size 9, 25, and 16 MB and the available memory is 32 MB. Thus, first
Probe6.1, Probe 6.2 and Probe6.3 getMop

min, i.e. respectively 3, 5 and 4 MB (ignoring
Æ for simplicity). The remaining memory is 20 MB. Then, we try to complete memory
allocation of the smallest operator,i.e. Probe6.1, and add 6 MB to it. The second
smallest operator,i.e. Probe6.3 gets an additional 12 MB of memory and Probe 6.2
the remaining 2 MB. Thus, Probe6.1 and Probe6.3 are executed at theirMop

max and
Probe6.2 is executed near itsMop

min.

Other strategies Following the same scheme, there are several other strategies.
We have tested theRatio strategy which gives to each operator an amount of memory
proportional to itsMop

max andMax2Max strategy which give the maximum amount of
memory to the operators having the largestMop

max.

3.3. Discussion

The advantages of static allocation are simplicity and the fact that they can be applied
without changing the execution model. In fact, these algorithms only assume sequen-
tial execution ofpcs [SHE 93]. However, static allocation has problems: (i) it is based

1We have experimentally validated this heuristic.



on estimated values2 which may be inaccurate or costly to evaluate at start-up time
(needs to access the meta-base); (ii) since there is no control of memory consump-
tion during execution, physical operators must be able to dynamically adapt to their
operand sizes,eg.augment the number of buckets in a hybrid-hash join; and (iii) the
memory allocation may not give the best performance because it tries to execute at
any cost maximum pipeline chains.

Let us explain this last point. Consider again the example of Figure 1. The above
strategies would try to executepc6 in pipeline by distributing the available memory
between the three probes. An alternative is to “cut”pc6, i.e.change a pipelinable edge
into a blocking edge. This pushes to the extreme the heuristic proposed in [YU 93]
in order to give all the available memory to a given operator to try to execute it at
its maximum allocation point. This could be done either statically, at start-up time,
or dynamically when finding that the memory is full. To avoid estimation errors, we
prefer a dynamic approach.

4. Dynamic Execution Model

TheQEP produced by the optimizer does not specify fully its execution. Some deci-
sions on how to execute a plan are left to the query engine. Thus, without changing the
QEP and respecting data dependencies, the query engine can: (i) decide on the order
of the execution ofpcs, (ii) decide whether operators inpcs are always executed in a
pipeline fashion, or whether the result of the operators is materialized, (iii) choose the
memory allocation point of each operator, and (iv) decide on the memory management
policy.

Our execution model uses these “degrees of freedom” to adapt dynamically to the
available resources. The input of our execution model is aQEP , a schedulingS for
thisQEP , and an amount of available memoryM . By scheduling, we mean a total
ordering of the execution ofpcs in theQEP . Our execution model takes as input any
scheduling. However, some schedulings yield better resource utilization than others.
We propose theSchedOpt algorithm, detailed in Appendix A, which generates a
scheduling optimizing memory utilization.

In this section, we present the design rules of our model, give some useful terms
and definitions, describe the algorithms and present a complete example. We conclude
by discussing the pros and cons of our model.

4.1. Design Rules

To avoid paging and to optimize resource utilization, our dynamic execution model
follows several rules:

Rule 1: Start the execution of a pc only if all the data needed for its execution
holds in M .

Rule 2: If a pc cannot be fully executed in M , cut the pc.
Rule 2 applies when auxiliary structures, such as hash tables, do not fit inM . Thepc is

2except the Even strategy which is far from optimal.



split into smaller pipeline chains which are executed one after the other. Assuming that
each operator can be executed inM at itsMop

max, this decision guarantees that there is
no paging. The temporary result can be written on disk and read again to execute. For
example, let us assume thatHT2 + HT3 + HT5 > M and thatHT3 +HT5 < M .
Two possible schedulings appear: (i) executepc6 until Probe6.1, materialize the result
and continue execution ofpc6 (Probe6.2andProbe6.3); (ii) executepc6 until Probe6.2,
materialize its result and then execute the rest ofpc6 (Probe6.3). Obviously, the relative
benefit of each alternative depends on the size of the intermediate result.

Rule 3: If an operator can not be executed in M, degrade it.
A degraded operator is executed atMop<M

op
max. As such an execution generally in-

curs high overhead, our model tries to avoid the application of the Rule 3 by applying
Rule 2.

Rule 4: When M is full, transfer to disk the data that is needed the latest for
execution.
Unlike traditional buffer management algorithms such as LRU or MRU, our execution
model exploits the knowledge regarding execution,i.e.which base relations or tempo-
rary results are currently in memory, and when each relation in memory is to be used.
Thus it can reduce significantly the number of disk accesses.

Rule 5: Never flush data to disk if it is used by another pc.
Violation of this rule can have the same effects as paging,i.e. repeated disk accesses.

Rule 6: Construct the auxiliary structures only when needed.
The execution model avoids useless work by constructing structures,eg.hash tables
just before they are actually used. Rules 5 and 6 guarantee that such work is performed
only once during execution.

4.2. Preliminaries

Several basic functions to manipulate the pipeline chains of aQEP will be useful to
present the execution model algorithms. Letpc=(op1; :::; opi; :::; opn) be a pipeline
chain inQEP whereopi is an operator,S be a scheduling of pipeline chains in a
QEP andM be the amount of memory available to aQEP , we define the following
terms:

blocks: Let pc1 andpc2 be pipeline chains inQEP , op1 be an operator ofpc1, op2
be an operator ofpc2. If op1 blocks op2, thenpc1 blocks pc2. In our example,pc3
blocks pc6.

successor:If pc1 blocks pc2, pc2 is successorof pc1, notedSucc(pc1). In our exam-
ple,pc6=Succ(pc3).

blocking set: The Blocking Setof a pipeline chainpc, notedBSet(pc) is a set of
pipeline chains that blockpc. In our exampleBSet(pc6)=(pc5, pc3, pc2).



executable:A pc is executable if all pc0 2 BSet(pc) have been already executed.

Now, we define some functions with the formatFunctionName(Input):Output :

Cut(pc, opi 2 pc, S): pc0, pc0, S. The pipeline chainpc is cut inpc0=(op1; :::; opi)
andpc0=(opi+1; :::; opn), and replaced inS by {pc0, pc0}. The BSet ofpc0 andpc0 are
recomputed. In our example,Cut(pc6, Probe6.2, S), whereS=(pc1, pc2, pc4, pc5,
pc3, pc6) returnspc0=(Scan6, Probe6.1, Probe6.2), pc0=(Probe6.3) andS0=(pc1, pc2, pc4,
pc5, pc3, pc6:1, pc6:2).

FindBestOp(pc,M ):opi 2 pc. This function findsopi such thatpc0 = (op1; :::; opi) is
the pipeline chain that can be executed inM and materializing the result ofopi incurs
minimal I/O overhead among (op1; :::; op1) ... (op1; :::; opn).

Next(pc, S):pc0. pc0 is such that it followspc in S and has not yet been executed. For
example,Next(4)=5.

4.3. Model

We model the activity of the query engine as an event-driven system using the notions
of pc_tasks, schedulerandexecutor. Pc_tasks represent pipeline chains being exe-
cuted. They are created by the scheduler and passed on to the executor with specific
commands. The scheduler knows the schedulingS, the execution planQEP , the state
of the memory, and the current state of all pc_tasks. The scheduler monitors the exe-
cution of a pc_task and sends commands to the executor. The executor executes one
pc_task at a time. It communicates with thememory managerto obtain new pages,
send messages to inform the scheduler when a particular situation during execution
occurs, and waits for the scheduler decision. TheMemoryOverflowmessage indicates
that the memory manager failed to allocate a new page and thus, memory is full. The
EndOfTaskmessage reports that a given pc_task has been successfully completed. The
execution ends when all pc_tasks are completed and the final result is produced3.

SCHEDULER

MEMORY MANAGER EXECUTOR

FreeMemory
Messages

Commands

page 

newPage

Figure 2. Query Engine Architecture

3Messages are implemented as function calls and thus very cheap.



4.3.1. Pc_tasks

A pc_taskp is defined as a tuple<pc, state, mem, disk>. pc is the correspond-
ing pipeline chain,state is one of the states given in Figure 3,mem is the current
amount of memory consumed byp, anddisk is the current amount of disk space con-
sumed byp. The commands of the scheduler change the state of a pc_task. During
execution, the values of themem anddisk variables are also changed. For ease of pre-
sentation, we apply the definitions of Section 4.2. to pc_tasks. For instanceBSet(p)
meansBSet(pc), wherepc is a pipeline chain ofp. In the following section, we use
interchangeably the termspc and pc_task.

The state diagram is given in Figure 3. The states are detailed below.

� p is in Active state if it is created by the scheduler and given to the executor.

� p is in Idle state if its execution is completed. Its result can be stored in memory,
on disk, or partially in memory and partially on disk.

� p is in Usedstate ifp is completed,p is in BSet of p0 andp0 starts its execution.
Thus the result ofp is necessary for the execution ofp0 and should be loaded
in memory. Furthermore, an auxiliary structure based on the result ofp is con-
structed, if needed, and stays in memory until the end ofp0 (Rule 5 and 6). For
example, the beginning of the execution of the pc_task containingpc2 puts the
pc_task containingpc1 in Used state,i.e. loads the result ofpc1 and constructs
the hash table needed bypc2.

� p is in Donestate ifSucc(p) is in Idle state. Thus the results ofp are not needed
anymore and the executor can free the memory allocated top.

USEDACTIVE

PutOnDisk

End

PutOnDisk

Free

DONE
Use Free

 IDLE

Figure 3. Pc_task execution state diagram

4.3.2. The Scheduler Algorithm

The algorihm works as follows: while there are pipeline chains to execute inS,
(i) ask for the next pipeline chainpc,
(ii) create a new pc_taskp by callingCreate_task(pc),
(iii) read the data needed for execution ofpc in memory and construct auxiliary struc-
tures if needed (Rule 6),
(iv) ask the executor to executep,



(v) process the messages from the executor by callingEndOfTask() or MemoryOver-
flow().
The algorithms for theCreate_task(), MemoryOverflow() and EndOfTask() func-
tions are given in Figures 4, 5 and 6 respectively. We give below more explanations.

CreateTask(pc)
/* pc is the currently scheduled pipeline chain */
if(pc can be completely executed in memoryM )

p=< pc, active, 0, 0> /* Rule 1 */
else

if (opi = FindBestOp (pc;M ) is not null) /* Rule 2 */
(pc0, pc0, S) = Cut(pc, opi, S);
p=< pc0, active, 0,0>

else /* by Rule 3 operatoropi is to be degraded */
Mopi = M ; /* by defaultMopi = Mop

max */
/* Note, thatopi is the first operator ofpc */
(pc0, pc0, S) = Cut(pc, opi, S);
p=<pc0, active, 0,0>

returnp;

Figure 4. CreateTask algorithm

CreateTask: In our calculation of the amount of memory needed for apc, we do
not consider the size of the result that can be stored on disk. One of the following is
possible:

1. pc can be completely executed inM . Following Rule 1, the scheduler creates
a pc_taskp=< pc,active,0,0>.

2. pc cannot be completely executed inM . Following Rule 2, the scheduler
"cuts"pc intopc0 andpc0 and creates a pc_taskp=< pc0, active, 0,0>. As stated
previously, the scheduler finds the “best” points to “cut” the pipeline chain. To
compute this (these) point(s) the scheduler has to generate all possible “cut-
tings” of the pipeline chain that fit in the memory.4 Since at this moment all the
left operands of the pipeline chain have been materialized, the scheduler knows
exactly the sizes of these operands which facilitates the task of generating dif-
ferent possible schedulings. Then, the scheduler evaluates the relative overhead
of each scheduling, which is directly proportional to the size of intermediate
results (that will be materialized as a result of execution of this scheduling). To
estimate the intermediate result size, the scheduler has to estimate the size of

4Note, that the number of possibilities remains small even for long pipeline chains. For example, for a
pc with 6 pipelined joins only 30 “cutting” possibilities are generated.



the pipelined relation. Note, that the accuracy of these estimates is not crucial
because of the following: (i) the scheduler is only interested inrelative costs
in order to choose the best alternative; (ii) even if the scheduler doesn’t “cut”
the pipeline chain in the best point, the chosen scheduling will never provoke
paging (since only possibilities that fit into memory are generated).

3. evenop1 of pc cannot be executed inM . The scheduler failed to create a
smallest possible pc_task,i.e.a pc_task containing thefirst operator ofpc, thus
this operator can not be executed inM . The only possible solution is to degrade
op1, and proceed by creating pc_taskp j op1 2 pc; pc 2 p.

MemoryOverflow()
/* current is a current pc_task,pc 2 current */
/* check if some data can be transferred to the disk */
if ( 9p j p is in Idle state,

pid(p)<pid(current), mem(p) > 0)
putOnDisk(p);
continue(current);

else
/* continue to executecurrent */
/* writes its result to disk */
PutOnDisk (current)

Figure 5. MemoryOverflow algorithm

MemoryOverflow: The scheduler can take one of the following decisions:

1. Transfer some data to disk.This is possible if there is some dataD in memory
which is to be used after the dataD0 being currently produced (Rule 4). In
effect, if D is to be used beforeD0, writing D0 directly to disk produces less
disk accesses. Furthermore, the scheduler should not select data produced by a
pc in a Used state (Rule 5).

2. Continue execution by writing on disk. If none of the above is possible, the
scheduler continues execution by writing the results directly on disk.

EndOfTask: In response to this message, the scheduler frees the memory given to the
operands of the current task.

4.4. Complete Example

We now illustrate our model with a complete example of the execution of theQEP of
Figure 1. The initial schedulingS given by the algorithmSchedOpt is (pc1; pc2; pc4;
pc5; pc3; pc6). The scheduler finds the first executable pipeline chain,pc1 and creates



EndOfTask(current)
/* current is a current pc_task,pc 2 current */
state of current = Idle;
End(current);
LetPI denote the pc_tasks inUsed state.
For8pi 2 PI

state = Done;
Free(pi);

Figure 6. EndOfTask algorithm

pc_taskp1 =< pc1; active; 0; 0 >, issues the commandExecute(p1)and waits for the
executor’s messages.The executor processesp1 and stores the result of the execution in
memory. Whenp1 is done, it sends anEndOfTask(p1)message to the scheduler. The
scheduler putsp1 in Idle state, looks for the next pipeline chain to execute, findspc2,
creates a new taskp2. AsBSet(p2) containspc1, the scheduler must constructHT1. It
does this by issuingUse(p1)to the executor. When the table is constructed, the sched-
uler issuesExecute(p2). The execution ofp2 produces aMemoryOverflowmessage
from the executor that cannot obtain new pages from the memory manager. The sched-
uler continues the execution ofp2 by storing the result directly on disk. Whenp2 is
done, the executor sends theEndOfTask(p2)message to the scheduler. The execution
of p4, p5 andp3 follow the same scheme. Now,pc6 has to be executed. The scheduler
calls FindBestOp(pc6, M ). FindBestOp() finds out thatHT5 + HT2 + HT3 does
not fit in memory, butHT3+HT2 < M andHT3+HT5 < M . Thus, two “cutting”
points are possible: afterProbe6.1or afterProbe6.2. FindBestOp() evaluates the costs
of these schedulings and chooses the cheapest one, namely, cutting the pipeline chain
after Probe6.1. Thus, the scheduler cutspc6 by calling Cut(pc6, FindBestOp(pc6,
M )). The Cut function returns two pipeline chains,pc6:1=( Scan6, Probe6.1) and
pc6:2=(Probe6.2, Probe6.3) and replacespc6 by {pc6:1, pc6:2} in schedulingS. Thus,
S = (pc1, pc2, pc4, pc5, pc3, pc6:1, pc6:2). The scheduler creates a new taskp6:1, puts
a taskp5 in Used state and issuesExecute(p6.1)to the executor. At the end ofp6:1
the scheduler executesp6:2 and sinceNext(pc6:2) is null, it stops.

The step-by-step execution is detailed below. TheMessagecolumn shows the
orders of the scheduler (in this font) and the messages from the execution engine (in
this font). For shortness, the functionCreateTask() is referred to asCreate(). The
columnPc_taskshows the state of the current task. Variablemdenotes the amount of
memory used by the current task, variabled denotes the amount of disk space used by
the current task. If a pc_task is not currently using any memory and/or disk space, the
corresponding variable is shown equal to 0. The columnMemshows which relations
(or part of which relations) are currently in memory, and columnDisk shows which
relations (or part of which relations) are saved on disk.



Message Pc_task Mem Disk
Create(pc1) p1:<pc1,Active,0,0>
Execute(p1) p1:<pc1,Active,m,0> 1
EndOfTask(p1)
End(p1) p1:<pc1,Idle,m,0> 1
Create(pc2) p2:<pc2,Active,0,0> 1
Use(p1) p1:<pc1,Used,m,0> 1
Execute(p2) p2:<pc2,Active,m,0> 1,2
MemoryOverflow
PutOnDisk(p2) p2:<pc2,Active,m,d> 1,2 2
EndOfTask(p2)
Free(p1) p1:<pc1,Done,0,0> 2 2
End(p2) p2:<pc2,Idle,m,d> 2 2
Create(pc4) p4:<pc4,Active,0,0> 2 2
Execute(p4) p4:<pc4,Active,m,0> 2,4 2
EndOfTask(p4)
End(p4) p4:<pc4,Idle,m,0> 2,4 2
Create(pc5) p5:<pc5,Active,0,0> 2,4 2
Use(p4) p4:<pc4,Used,m,0> 2,4 2
Execute(p5) p5:<pc5,Active,m,0> 2,4,5 2
EndOfTask(p5)
Free(p4) p4:<pc4,Done,0,0> 2,5 2
End(p5) p5:<pc5,Idle,m,0> 2,5 2
Create(pc3) p3:<pc3,Active,0,0> 2,5 2
Execute(p3) p3:<pc3,Active,m,0> 2,5,3 2
MemoryOverflow
PutOnDisk(p2) p2:<pc2,Idle,0,d> 5,3 2
EndOfTask(p3)
End(p3) p3:<pc3,Idle,m,0> 5,3 2
Create(pc6)
Cut(pc6)
Create(pc6:1) p6:1:<pc6:1,Active,0,0> 5,3 2
Use(p5) p5:<pc5,Used,m,0> 5,3 2
Execute(p6:1) p6:1:<pc6:1,Active,m,0> 5,3 2
MemoryOverflow
PutOnDisk(p6:1) p6:1:<pc6:1,Active,m,d> 5,3 2,6.1
EndOfTask(p6:1)
Free(p5) p5:<pc5,Done,0,0> 3 2,6.1
End(p6:1) p6:1:<pc6:1,Idle,m,d> 3 2,6.1
Use(p3) p3:<pc3,Used,m,0> 3 2,6.1
Use(p2) p2:<pc2,Used,m,0> 3,2 6.1
Execute(p6:2) p6:2:<pc6:2,Active,m,0> 3,2,6.2
EndOfTask(p6:2)
Free(p3) p3:<pc3,Done,0,0>
Free(p2) p2:<pc2,Done,0,0>



4.5. Discussion

Our model has several important features. First, it adapts dynamically during the ex-
ecution and thus does not depend on the accuracy of estimates. Second, it takes as
input any scheduling and this scheduling can be modified during execution. This fea-
ture opens the possibility of optimizing the scheduling, for example using ourSche-
dOpt algorithm. It can also be applied in distributed or parallel environnements where
dynamically changing the scheduling can be very useful to address problems such
as data availability [AMS 96] and load balancing [BOU 96]. Third, the overhead of
our execution model,i.e. the cost of the scheduler algorithms, is negligible as execu-
tor/scheduler communications can be implemented as function calls. In addition, the
scheduler is involved during execution only at very specific times,eg. MemoryOver-
flow, EndOfTask. Fourth, it is based on the heuristic of “cutting” a pipeline chain and
materializing intermediate results in order to provide more memory to the operators
and thus increase the number of operators executing at theirMop

max. In the worst case,
this heuristic implies writing on the disk and reading back the intermediate result.
Static strategies may execute more operators at a point different fromMop

max. The ex-
ecution of an operator at a point different fromMop

max generally induces a number of
disk accesses equal to two to three times the size of their operands [YU 93]. Since in
a pipeline chain the operand of an operator is the result of a previous operator, static
strategies may also materialize intermediate results. The validity of this heuristic was
verified in our experimentations (see Section 5.).

5. Performance Evaluation

The performance evaluation of several execution strategies is made difficult by the
need to experiment with many different queries and large relations. The typical solu-
tion is to use simulation which eases the generation of queries and data, and allows
testing with various configurations. On the other hand, using implementation and
benchmarking would restrict the number of queries and make data generation very
hard.

We used a performance evaluation methodology similar to [BOU 96]. We fully
implemented our dynamic execution model and the iterator model with the different
static algorithms, and simulated the execution of operators. With this approach, query
execution does not depend on relation content and can be simply studied by generating
queries and setting relation parameters (cardinality, selectivity).

In the rest of this section, we describe our prototype and report on performance
results varying the available memory and the estimation accuracy. We present results
with a singleQEP in order to explain the behavior of the different strategies and also
averaged results to evaluate the overall gain of our dynamic strategy. The first ex-
periment reports on performance comparison with perfect estimates while the second
experiment shows the performance degradation of the static strategies when errors are
introduced in estimates.



5.1. Experimentation Platform

We first detail the way we have generated the differentQEP ’s, then describe our
prototype and the parameters used for the operator simulation. Finally, we present the
methodology that was applied in all experiments.

5.1.1. Generating Query Execution Plans

The input to our execution model is aQEP obtained after compilation and optimiza-
tion of a user query. To generate queries, we use the algorithm given in [SHE 93]
with three kinds of relations: small (10K-20K tuples), medium (100K-200K tuples)
and large (1M-2M tuples). First, the predicate connection graph of the query is
randomly generated. As in [SHE 93], we consider only acyclic connected graphs.
Second, for each relation involved in the query, a cardinality is randomly chosen
in one of the small, medium or large ranges. Third, the join selectivity factor of
each edge (R,S) in the predicate connection graph is randomly chosen in the range
[0:5 �min(jRj;j Sj)= jR� Sj; 1:5 �max(jR j; jSj)= jR� Sj].

To generateQEP ’s, we have implemented a Volcano-style dynamic programming
query optimizer [GRA 93b]. For each query, the bestQEP is retained,i.e. the one
which has the smallest estimated cost. As we master the query generation, optimiza-
tion and execution, we can easily compute theQEP cost with no errors or introduce
some errors on purpose to simulate real situations.

Without any restriction, the producedQEP ’s have a high variation in memory
consumption. After several tries, we used the following rule to generateQEP ’s with
roughly the same memory needs: consider onlyQEP ’s with their minimum optimal
memorybetween 100 MB and 128 MB. We define the minimum optimal memory as
the amount of memory necessary to execute the memory greediest pipeline chain of
theQEP (without considering its result), each operator executing at itsMop

max.
In order to verify the stability of the experimental results, we have produced thou-

sands ofQEP ’s, varying the number of relations (from 6 to 12), the minimum optimal
memory and the distribution of the relations over the small, medium and large ranges.
We then restricted ourselves to 50QEP ’s with 8 relations for the complete experi-
ments.

5.1.2. Experimental Prototype

We have implemented the iterator model along with the static memory distribution
algorithms and our dynamic execution model. For the sake of comparison, we also
implemented a naive execution strategy which executes theQEP “as is”, relying on
a classical buffer management strategy (LRU). The performance of this strategy is
shown in Section 2.. The different execution strategies share the simulated opera-
tor library, simulated buffer management system and I/O system. Since the different
strategies use the same lower-level code, the performance difference can only stem
from the execution strategies. We used classical parameters [YU 93] for the simu-
lation. They are presented below. The prototype is written in C and runs on a Sun
Ultra1.



Parameter Value
CPU Speed 100 Mips
Disk Latency 17 ms
Disk Seek time 5 ms
Disk Transfer Rate 6 MB/s
I/O Cache Size 8 pages
Perform an I/O 3000 Instr.
Tuple Size 200 bytes
Page Size 8 Kb
Move a tuple 500 Inst.
Search for match in hash table500 Inst.
Produce a result tuple 100 Inst.
Available memory 16 MB - 256 MB

5.1.3. Experimentation Methodology

In the following experiments, each point in a graph is obtained from a computation
based on the response times of 50QEP ’s. Since the differentQEP ’s correspond
to different queries, we have two problems. (i) EachQEP has different memory
requirements (even if their minimum optimal memory is in the same range,eg.100
MB-128 MB). Therefore, we cannot use the available memory as value for the X-
axis. The solution is to use amemory ratio(notedMemRat) defined as the ratio of
available memory wrt the minimum optimal allocation memory. (ii) Computing the
average response time does not make sense. Therefore, the results with severalQEP ’s
will always be in terms of comparable execution times. To compare the performance
results of strategy A over strategy B, theperformance ratiois defined as the ratio of
the response time with strategy B over the response time with strategy A. Strategy A
is then called thereference. Each point is computed as the average of this ratio for
all QEP ’s. For instance, an average ratio of 1.2 means that strategy B is, on average,
20% slower than strategy A. Therefore, each point of a graph is obtained with50
measurements, each on a differentQEP , using the formula:

1

50

P50

1
resp: time of experiment=reference resp: time

where the reference response time will be indicated for each experiment. Each re-
sponse time is computed as the average of five successive measurements. Using this
methodology, we obtained several MB of raw results which we treated with a database
in order to compute averaged ratios and analyze the results.

5.2. Performance Comparisons with Perfect Estimates

For this first experiment, the 50QEP ’s were generated with perfect estimates (both
during query optimization and query execution). We first show the results with one
QEP and then present the averaged results.



Figure 7 presents the results for one of the 50QEP ’s 5, so we can use the response
time as Y-axis. It shows the performance of strategiesEven, Ratio, Max2Min and of
our dynamic execution model calledDyn. To better understand the results, we present
in Figure 8, the number of operators which are executing under theirMop

max point, i.e.
the number of degraded operators for the sameQEP .

Even is the worst strategy whenMemRat > 100%,i.e. when there is sufficient
memory to execute all operators at theirMop

max point. AsEven evenly distributes the
memory between the operators, it leads to the degradation of several operators. Each
jump observed in theEven curve is a new degraded operator.

This is avoided by theRatio strategy as it distributes memory between operators
proportionally to theirMop

max. WhenMemRat is 90%, theRatio strategy assigns a
little less thanMop

max to each operator of the memory greediest pipeline chain of the
QEP . Thus, its response time jumps from 512s to 851s. The jump is higher than for
theEven strategy as all the operators of one pipeline chain degrade at the same time.
This behavior is repeated successively for each pipeline chain of theQEP .

Max2Min is clearly the best static strategy as it only degrades one operator when
there is no way to execute one pipeline chain entirely without degrading any opera-
tor. It begins by degrading the memory greediest operator of the memory greediest
pipeline chain. This is repeated successively, degrading one operator at each jump.

Max2Max6 is one of the worst strategies.Max2Max gives the maximum memory
to the greediest operator in a pipeline chain, thus leading to more degraded operators.

Dyn appears to be the best strategy as it degrades an operator only when itsMop
max

is larger than the memory available for the whole plan. For thisQEP , it occurs when
MemRate = 60% (see Figure 8). WhenMemRate is between 100% and 60 %, the
response time increases smoothly asDyn materializes some of the intermediate results
while “cutting” the pipeline chains. This exhibits, for this specificQEP , the validity
of the heuristic used inDyn. Note thatDyn also obtains better results whenMemRat
> 100%. This stems from a better initial scheduling, computed by the algorithm given
in Appendix A.
Figure 9 presents averaged results ofMax2Min, the best static strategy, andDyn. We
compute the performance ratio usingDyn as reference. We also show in this figure the
minimum and maximum performance ratio over the 50QEP ’s. Figure 10 presents
the averaged number of degraded operators for the 50QEP ’s. We have also included
theRatio andEven curves to verify the behavior of the different strategies.

Figure 10 is very similar to Figure 8. Obviously, each curve is smoother as it
results from averaging 50 values. The first jump happens, whenMemRat = 100%,
because we take as X-axis, the ratio of the available memory and the minimum optimal
memory,i.e. all theQEP ’s degrade at the same point. Note also thatDyn has an
average of degraded operators less than 1 untilMemRat = 50%, i.e. on average, at
most one operator is degraded. This happens withMemRat =100% forMax2Min
andRatio.

Thus, Figure 9 gives an idea of the gain expected by our approach, over the best
static strategy,Max2Min. On average,Dyn is always better thanMax2Min by a

5We choose it randomly since all individual experiments (i.e. for oneQEP ) present the same picture.
6For clarity, we do not show theMax2Max strategy on the graphs.
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factor up to 35% whenMemrat = 90%. After this peak, the gains smoothly decrease
until 10%. The maximum and minimum curves show the best (respectively the worst)
results ofDyn over the 50QEP ’s. The maximum gain ofDyn overMax2Min is 85%
and is obtained with aMemRat of 50%.

5.3. Performance with Estimation Errors

In this second series of experiments, 50QEP ’s were generated with perfect estimates.
However, we introduced errors before the query execution7. To obtain a measurement
with an error rater, the cardinalities of each intermediate relation were distorted by a
value chosen randomly in [-r,+r]. The measurements were performed with a realistic
error rate between 0 and 30%.

Figure 11 presents the results for the sameQEP as in the previous experiment
with a 20% error rate. As expected,Even is not affected at all by wrong estimates.
Dyn degrades by less than 5%, notably whenMemRat>100%. This stems from
the algorithm which statically computes the initial scheduling forDyn (given in Ap-
pendix A). This algorithm still uses estimates to compute the “best” initial scheduling.
However, this degradation is insignificant.Ratio andMax2Min degrade because they
use static memory distribution with wrong estimates. For the same reason,Max2Min
andRatio degrade as well whenMemRat is between 100% and 140%,i.e. there is
sufficient memory to execute all the operators at theirMop

max.
Figure 12 presents averaged results ofMax2Min, the best static strategy wrtDyn.

The performance ratio indicates the performance gain that we can expect with a given
error rate. The results show that even with a small error rate,eg.10%, the maximum
averaged gain ofDyn is 50%.

6. Conclusion

In this paper, we have addressed the problem of efficient memory management for
large query execution. We have proposed two solutions. The first one statically dis-
tributes the available memory among the query operators, at start-up time. We have
proposed several algorithms to do this. The winner is the one which degrades the
smallest number of operators, by giving the maximum memory to those which have
the smallest demand. The advantages of static algorithms are their simplicity and the
fact that the execution model need not be changed. However, static allocation suffers
from cost estimate errors. Furthermore, it may not give the best overall performance
because it tries to execute at any cost a maximum number of operators in a pipeline
fashion.

Therefore, we proposed a more efficient dynamic execution model which performs
memory-adaptive scheduling of the query. It resolves at run-time the memory alloca-
tion problems as they occur, by dynamically changing the scheduling of the query
plan. Our model can ”cut” a pipeline chain at the point where it incurs minimal over-
head if there is not enough memory for concurrent execution of all its operators. In the

7We also tried to introduce errors during optimization. However, this makes difficult the analysis of the
results since the generatedQEP ’s are not comparable anymore.



same context, static strategies would resort to degrading operators. Thus, our dynamic
execution model is more suited to give the best possible performance.

To validate and compare static and dynamic strategies, we have performed exper-
iments using a prototype implementation. The experiments with many queries show
significant gain over static strategies, even when considering perfect estimates,i.e.
when the memory consumption of the query is predicted with no errors. This case is
the most favorable to static strategies. However, the experiments show an important
performance gain of the dynamic strategy (between 10% and 35 % on average, with
a maximum gain of 85%). This result is explained by the much higher number of de-
graded operators incured by static strategies. With estimates errors, this performance
difference increases (from 35% with no errors until 50% with an error rate of 10%).

These experiments demonstrate the significant performance gains that can be achi-
eved by our dynamic execution model. Considering the trend towards multiuser work-
loads of large queries, we believe such execution model is crucial for the best utiliza-
tion of memory. Future work will extend this model to work in a distributed environ-
ment.
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A The Algorithm SchedOpt

In this appendix, we motivate the necessity of an intelligent algorithm of the initial scheduling
and describe our approach. The example is based on theQEP of Figure 1.

Our goal is to order the execution of thepc0s of theQEP optimizing the use of memory.
Consider two possible initial schedulings:S1 = (pc1, pc2, pc4, pc5, pc3, pc6) andS2=(pc4,
pc5, pc1, pc2, pc3, pc6). For both schedulings, the memory utilization during the execution is
given below:

S1=(pc1,pc2,pc4,pc5,pc3,pc6) S2=(pc4,pc5,pc1,pc2,pc3,pc6)

1)HT1 HT4
2)HT1+HT2 HT4 +HT5
3)HT2 HT5
4)HT2 +HT4 HT5 +HT1
5)HT2 +HT4 +HT5 HT5 +HT1 +HT2
6)HT2 +HT5 HT5 +HT2
7)HT2 +HT5 +HT3 HT5 +HT2 +HT3
8) result result



The maximal amount of memory taken by the schedulingS1 is max(HT1 +HT2,HT2 +HT5 +
HT4,HT2 +HT5 +HT3) and maximal amount of memory taken by the schedulingS2 is max
(HT5 +HT4,HT5 +HT1 +HT2,HT5 +HT2 +HT3). The final decision where scheduling
consumes less memory depends on the cardinalities of base relations and intermediate results.
Thus, to find better scheduling, one has to calculate memory consumption of both schedulings
and compare them.

TheSchedOpt algorithm produces all possible schedulings,i.e.considers all possible com-
binations of the order of execution ofpc0s, and choose the one that uses a minimal amount of
memory. It accomplishes its task by determining recursively the order of execution of operands
for eachpc. Thus, for our example, it orderspc2, pc3 andpc5 wrt pc6.

Thus, the algorihm is exponential wrt the number of operands for eachpc, i.e. the number
of operators in apc. In practice, bushy execution plans tend to have a fairly small number of
operators in apc. In addition, this complexity can be easily reduced by remarking that thepc

with emptyBSet are always scheduled last. Thus, thesepc0s can be explicitly scheduled to be
executed last and are not considered among all possible combinations of the order of execution
of pc0s. The possible gain of the algorithm is the cost of I/O of blocking inputs,eg.hash tables.


