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ABSTRACT
Efficiency of memory-intensive operations is a key factor in
obtaining good performance during multi-join query pro-
cessing. The pipelined execution of these queries forces the
operations in the query plan to be processed concurrently.
Making a wrong decision regarding the amount of memory
allocated for such operations can have a drastic impact on
the response time. However, some of the execution algo-
rithms used at run time interrupt the pipelined execution,
ensuring that some operations are never executed concur-
rently. Because of this, it is essential to explore new ap-
proaches in order to improve memory exploitation.

In this paper, we address the problem of memory alloca-
tion for multiple concurrent operations in a query execution
plan. First, we study the dynamic needs for memory during
the execution time, and define when two operations coex-
ist. Then, we propose a post-optimization phase, which (i)
identifies the operations that are concurrently executed at
run time and (ii) costs different memory allocation combi-
nations to find a near optimal solution for any type of query
execution plan. We have implemented our techniques in the
IBMR© DB2R© Universal DatabaseTM (DB2 UDB) showing
that they achieve significant execution time improvements
compared with previous approaches, especially for multi-join
queries accessing large data volumes.

Categories and Subject Descriptors
H.2.4 [Database Management]: Systems

General Terms
Algorithms, Performance

1. INTRODUCTION
The execution of a query in database management systems

(DBMSs) is usually divided into different phases. First, a se-
mantic analysis of the query is carried out by the parser and
the rewriter; second, a cost-based analysis of the rewritten
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query is performed by the optimizer that generates a query
execution plan (QEP); third and final, the resulting plan
is executed by the runtime query processor. Among sev-
eral challenges related to this process, performance during
the execution of multi-join queries is one of major impor-
tance and it is tightly dependent on the memory utilization.
Specifically, depending on the distribution of memory re-
sources among the different join operations, the execution
time of a query can change drastically. This problem arises
in very common scenarios for multi-join query processing,
such as those involving star join query processing [5].

These type of queries pose a serious problem for query
optimization. If we just consider the join ordering problem,
the search space of possible QEPs to solve a specific query
grows exponentially to the number of joins in the query. The
complexity of this problem is increased even further when we
consider the use of different scan and join implementations,
or the exploration of bushy trees instead of left-deep trees. In
these scenarios, adding any extra degree of complexity, like
considering the different memory distributions for the join
operation in the QEP, may lead the optimizer to be unable
to traverse the whole search space [9]. Commercial DBMSs
such as DB2 UDB or Oracle fall into static approaches where
(i) the DBA sets the start-up parameters that the compiler
gathers to compute the query execution plan, and (ii) the
memory assigned to all the memory-intensive operations in
the QEP is usually distributed equally. The main drawback
of this approach is twofold: first, it relies on the expertise of
the DBA; second, it is sub-optimal because it does not take
into account that different operators in a QEP can have
completely different memory needs.

As an alternative, research has been carried out in order to
statically assign memory via rule-based approaches during
compile time, or dynamically readjust the memory available
for each operation during the execution of the query [4, 11,
18]. Static strategies using heuristics during compile time
are very limited and return results that are usually far from
the optimal solution. On the other hand, dynamic adjust-
ments can be expensive depending on the point of the query
execution when they have to be applied or, as happens in
the study presented in [18], they do not take effect after sev-
eral executions of the same query. The work presented in
[15] tries to solve this problem from a cost-basis perspec-
tive during the compilation time of a query, organizing the
pipelined operations into the so-called shelves. However, us-
ing the definition and properties of shelves, the authors do
not consider bushy trees, which are commonly used in com-
mercial systems. In addition, they base their proposals on a
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theoretical cost function that differs significantly from those
in real systems in terms of complexity, and makes them dif-
ficult to be applied in practice.

In this paper, we tackle the problem of memory allocation
at compile time among the operations in a QEP. Although
most of the DBMSs follow a pipelined philosophy in order to
execute the queries, a large number of common QEP opera-
tions interrupt the data flow by requiring to read at least one
of the input data sets completely before starting to return
results. The main idea of our work is to exploit the avail-
able memory of the system by reusing the memory released
by these operations. Specifically, we focus on the hybrid
hash join (HHJ) operation that, among all join algorithms,
is characterized by being memory-intensive and very depen-
dent on the available memory to achieve good performance.
Also, the HHJ is one of the most common join operations
used by commercial DBMSs and, as an example of the oper-
ations mentioned before, it partially interrupts the pipeline
execution because of the need for building an in-memory
hash table on one of its input data flows.

We study the coexistence of multiple operations compet-
ing for memory during the QEP processing. We propose a
method to identify clusters of operations that compete for
memory during the execution of a query and that, opposite
to shelves presented in [15], allow for bushy trees. We also
propose the Memory Chunk Distribution (MCD) algorithm.
MCD is a method to distribute the available memory, after
logically dividing it into chunks, among the different oper-
ations in a cluster in order to achieve a better utilization
of the available memory, independently of the complexity
of the cost function. Finally, we implement our algorithm
in DB2 UDB, and show that our memory allocation tech-
niques improve the query execution performance compared
with the current DB2 algorithm and other algorithms pre-
sented in the literature, both in terms of I/O and time.

This paper is organized as follows. We explain the basic
concepts and assumption in Section 2. In Section 3, we
formulate the memory allocation problem, and describe our
proposal to solve it. Then, we present the experimental
results in Section 4. Finally, we explain the related work in
Section 5 and draw our conclusions in Section 6.

2. BASIC CONCEPTS
Opening the optimizer search to the exploration of bushy

trees has proven to be better than restricting the search to
just left-deep trees [13]. After these results, most commer-
cial database systems allow for these types of trees when
generating the best QEP. Usually, the execution of the op-
erations in these QEPs is pipelined in order to reduce the
amount of memory used during the process. Still, some of
the operations in the QEP are highly memory-intensive since
they partially interrupt the pipeline and accumulate data in
memory in order to speed up the overall execution. A good
example of these are HHJ operations. Similar to previous
studies on this subject [15], in this paper we concentrate ex-
clusively on the hybrid hash implementation of joins. Note,
however, that this does not imply a loss of generality of the
ideas presented. Note that, although we assume a static
amount of memory for each query at compilation time, this
does not prevent us from combining our technique with ex-
isting dynamic memory reallocation algorithms used at run-
time.

The HHJ [8] is the evolution of the grace hash join algo-

rithm [10, 14], and has become the usual implementation
of the hash join operation in commercial DBMSs such as
the IBM DB2 UDB, MicrosoftR© SQL-Server and the Oracle
database products.

Let us call h, a hash join operation implemented using the
HHJ algorithm. For the following discussions in this section,
we denote by R and S two relations representing the incom-
ing data flow to be joined during the pipelined execution of
a QEP, where |R| and |S| represent the size in pages of each
relation. We denote by M the memory pool available to the
algorithm in pages. The execution of operation h is divided
into three phases:
Build phase. In this first phase, by applying a hash func-
tion, relation R is partitioned into a set of B + 1 disjoint
buckets R0, R1, ..., RB . Assuming that the data is uniform,
this first phase must ensure that each bucket fits within the
memory assigned for the operation, thus, B depends on M .
The tuples in bucket R0 are used to build an in-memory hash
table and the B remaining buckets are stored into disk. For
our work, we are assuming that the HHJ operation does
not allocate memory for the hash table until the arrival of
the first tuple from the build side. Note also that, once all
the tuples coming from the build side have been read and
the hash table and all the different buckets are created, all
the lower operations in the QEP belonging to the build side
have already projected all the qualifying tuples and, there-
fore, they release memory allocated for their execution. We
denote by hb a hash join operation h during the build phase.
Probe phase. In this second phase, relation S is partitioned
using the same hash function as in the build phase. A total
of B + 1 buckets are created. While tuples belonging to S0

are immediately probed into the hash table of bucket R0 for
possible matches, the remaining B partitions are stored into
disk. Note also that, once all the tuples coming from the
probe side have been read, all the lower operations in the
QEP belonging to the probe side have already projected all
the qualifying tuples. Therefore, they finish their execution,
releasing the previously allocated memory. We denote by hp

a hash join operation h during the probe phase.
Joining phase. Finally, in this phase pairs of buckets
< Ri, Si >, for 1 ≤ i ≤ B, need to be joined in the following
two steps: (i) build an in-memory hash table with the tuples
from Ri and (ii) read the tuples from the counterpart bucket
Si looking for matches in the hash table. We denote by hj

a hash join operation h during the joining phase.
As it can be deduced from the different phases, choosing

the right value for the memory pool M is essential for en-
suring high performance in an HHJ operation. An accurate
modeling of the HHJ algorithm is presented in [8, 17]. These
previous works prove the importance of the memory avail-
able to the hash join algorithm. In general, the larger the
memory available for HHJ, the larger the portion of relation
R that fits in memory and, therefore, the faster the HHJ op-
eration runs. However, commercial DBMSs cost functions
for hash joins are very sophisticated and take into account
many other aspects such as the buffer pool utilization, the
length of the chains in the hash table, or the use of bloom
filters [3]. As we see later in this paper, it is unrealistic to
assume that an HHJ cost function is a linear function of the
available memory and, therefore, any attempt to use a linear
programming problem solver such as simplex is unsuitable.

Finally, note that considering a pipelined execution does
not restrict our proposal to serial environments; intra-operator
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parallelism implemented in symmetric multiprocessor (SMP)
environments is perfectly compatible with the pipelined exe-
cution of a QEP. The extension of our work to inter-operator
parallelism is beyond the scope of this paper.

3. MEMORY ALLOCATION PROBLEM
Most well-known commercial query optimizers open the

search space to bushy trees in order to increase the proba-
bility of finding a QEP with a cost closer to the optimum.
In the case of bushy trees, not all the operations coexist in
memory because, as we explained in the previous section,
the pipeline is usually interrupted and the lower operations
finish their execution releasing their allocated memory. In
this section, we define the memory allocation problem for
hash join operations.

3.1 Preliminary Definitions
We assume that a QEP contains scan and join operations.

We consider the join operations to be competing for the
memory available in a hash join-dedicated memory pool.
Therefore, we only consider the distribution of the memory
among the different hash join operations. In order to clarify
the study, we do not represent scan operations in our for-
malism and we consider binary trees that only contain hash
join operations, although scan operations are present in the
actual QEP. Nevertheless, our study could be extended to
QEPs containing any kind of operations. Following these as-
sumptions, we define a QEP as a set of hash join operations.
The formal definition follows.

Definition 3.1. We define a QEP Q = (V, E) as a la-
beled directed strongly binary tree, where V is the non-empty
set of vertices in Q, and E represents the non-empty set of
edges in Q where:

• V is a set of nodes or hash join operations hx1 , · · · , hxm

in Q such that ∀i : 1 ≤ i ≤ m, ((∀j : 1 ≤ j ≤ m ∧ j 6=
i, xi 6= xj) ∧ (xi = 1 ∨ (xi > 1 ∧ ∃k : 1 ≤ k ≤ m ∧ k 6=
i, bxi

2
c = xk)))

• E is the set of edges in Q and ∀i : 1 ≤ i ≤ m, ∀j : 1 ≤
j ≤ m ∧ bxi

2
c = xj , ∃e : e ∈ E, e = (hxi , hxj ) where

e = (x, y) represents a directed edge from hash join x
to hash join y.
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Figure 1: Binary tree for a query execution plan.

Given a QEP Q = (V, E), we call h1 the root hash join
operation in V . Given a hash join operation hx ∈ V , we

name h2x and h2x+1 the hash join operations that provide
the probe and the build tuples to hx, respectively. Therefore,
hb x

2 c is the parent hash join operation of hx.

Note that, with this definition, we are assuming that the
build side of the hash join comes from the right side of
the hash join operation, while the probe side of the hash
join comes from the left side. This assumption is held all
throughout this paper.

Figure 1.a shows an example of a query execution plan
that fits Definition 3.1. Figure 1.b shows the extended bi-
nary tree corresponding to the actual representation of the
first QEP, where special nodes (representing the scan oper-
ations) are added wherever a null subtree was present in the
original tree, so that each node in the original tree (except
the root node) has degree of three.

Definition 3.2. Given a QEP Q = (V, E), we say that
a hash join operation hy ∈ V is a descendant of hx ∈ V
if ∃i : i ≥ 1, b y

2i c = x. Let us denote by Dx the set of
descendants of hx.

For instance, taking as an example the binary tree repre-
sented in Figure 1.a, D2 = {h4, h5, h10, h11}.

3.2 Memory Coexistence
Now, we discuss all the situations where two hash join op-

erations coexist in memory, assuming the operational model
of the HHJ presented in Section 2. Afterwards, we formally
define when two join operations coexist in memory.

Assuming a QEP fitting Definition 3.1, there are three
different situations in which a hash join operation hx coexists
in terms of memory with another hash join operation hy in
the QEP:

Condition 1: hx is the parent operation of hy. This
condition establishes that a join operation hy does always
coexist with its parent operation hx. There are two possible
cases, both depicted in Figure 2.a. In the first case in the
leftmost QEP, operation hy is located in the build side of hx.
In this case, as hy provides tuples during its probe phase,
after probing them against its hash table, hty, hx inserts
these qualifying tuples into its hash table htx. Therefore,
the two tables have to coexist in memory. In the second
case (rightmost QEP in Figure 2.a), operation hy is located
in the probe side of hx. In this case, both build and probe
phases of hy need to create and check the hash table hty,
respectively. Therefore, the two hash tables htx and hty

have to coexist in memory at the same time. Note that this
figure only depicts the case where hy is executing the probe
phase.

Condition 2: hp
y is included in the set of opera-

tions executing their probe phase to provide tuples
during the build phase of hx, hb

x. The second condition
describes the scenario where a set of operations are feeding,
through a pipelined execution, the hash table of an upper
operation during its build phase. Figure 2.b depicts this
scenario. When the child operation h2x+1 located in the
build side of hx starts providing tuples to hx, in turn, the
child hash join operation located in the probe side of h2x+1,
h4x+2, is also providing tuples. In this situation, all these
hash join operations coexist in memory with hx.

Condition 3: hy is located in the set of descendants
of the first descendant in the probe side of hx. This
case is graphically depicted in Figure 2.c. The hash table
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Figure 2: Summary of cases where a hash join operation hx coexist with other hash joins in the QEP.

htx has already been created during hb
x and the probe phase

of hx, hp
x, is being executed. This requires the execution of

all the operations in the probe side. Therefore, any memory
allocated for one of these operations coexists with htx.

We formally summarize these three situations as follows.

Definition 3.3. Two hash join operations hx and hy co-

exist in memory, hx
M⇔ hy, when one of the following three

conditions holds: 1) one operation is the parent operation
of the other one: x = b y

2
c or y = bx

2
c; 2) one of the op-

erations is reached recursively traversing the join operations
located in the probe side, starting from the join operation
in the build side of the other operations: ∃i : i ≥ 1, ( y

2i =
2x + 1)∨ ( x

2i = 2y + 1); or 3) one operation is a descendant
of the join operation located in the probe side of the other
operation: hy ∈ D2x or hx ∈ D2y.

Note that the operation hx
M⇔ hy is symmetric but it is not

transitive. A simple counterexample for transitivity follows.
Given a hash operation hx, we know by the first condition

that it coexists with both children operations, hx
M⇔ h2x

and hx
M⇔ h2x+1. However, by the operational model of a

hash join operation explained in Section 2, we know that
when hb

x is over and before starting hp
x, the memory allo-

cated for h2x+1 is released. Only when hp
x starts, tuples

from the probe side are retrieved and, therefore, memory

for operation h2x is allocated. Therefore, h2x
M< h2x+1.

Definition 3.4. Given a QEP Q = (V, E), where V =
{hx1 , ..., hxm}, we define a cluster C ⊆ V as a set of hash
join operations C = {hy1 , ..., hyn} that holds ∀i : 1 ≤ i ≤
n, ∀j : 1 ≤ j ≤ n ∧ i 6= j, hyi

M⇔ hyj and ∀i : 1 ≤ i ≤
m ∧ hxi ∈ V \ C, ∃j : 1 ≤ j ≤ n, hxi

M< hyj .

That is, a cluster is a complete set of all the operations
that coexist in memory at the same time. As a practical
example, the clusters in the QEP in Figure 1 are C1 =
{h3, h7, h14}, C2 = {h1, h3}, C3 = {h1, h5, h11}, C4 = {h1, h2,
h5, h10} and C5 = {h1, h2, h4}. Note that a single operation
can appear in several clusters as it happens with h1, oppo-
site to the definition of shelves presented in [15]. The basic
difference is that while shelves only allow for left-deep trees,
clusters allow for any possible tree shape.

3.3 Clustering Algorithm
Based on Definition 3.4, we propose an algorithm to ob-

tain the clusters in a QEP. However, before presenting the
algorithm, we formalize some necessary definitions.

Definition 3.5. Given a QEP Q = (V, E), we define a
path of hash join operations P ⊆ V , as a set of hash join
operations P = {hy1 , ..., hyn} such that ∀i : 1 < i ≤ n, ∃e :
e ∈ E, e = (hyi−1 , hyi).

Note that, because of the direction of the edges in our QEP
definition, paths are always represented in bottom-up direc-
tion. Being P a path, we call Pfirst the first element in P ,
hy1 and Plast the last element in P , hyn .

Lemma 3.1. Given a QEP Q = (V, E) and two hash join
operations hx, hy ∈ V such that hy ∈ Dx, there exists a path
P such that Pfirst = hy and Plast = hx.

Proof. >From Definition 3.1, given Q = (V, E) such
that V = {hx1 , ..., hxm}, we know that ∀i : 1 < i ≤ m, ∃j :
1 ≤ j ≤ m ∧ i 6= j, bxi

2
c = xj . Therefore, starting from

hy ∈ V , it is possible to generate a set of hash joins P =
{hy, hb y

21
c, hb y

22
c, · · · , hx}, since we know that ∃i : i ≥

1, b y
2i c = x, from Definition 3.2. Given two consecutive ele-

ments in P , hxa−1 and hxa , it is true that bxa−1
2
c = xa and

therefore, from Definition 3.1, ∃e : e ∈ E, e = (hxa−1 , hxa).
Then, P is a path and Pfirst = hy and Plast = hx.

Lemma 3.2. Given a QEP Q = (V, E) and a cluster C ⊆
V , there always exists a path P ⊆ V such that C ⊆ P .

Proof. Using the subindexes to order the elements in
C ⊆ V , we obtain a set of hash join operations Cord =
{hy1 , ..., hyn} where yi−1 > yi for 1 < i ≤ n. Let us take any
pair (hya−1 , hya) from the n elements of Cord. From Defini-
tion 3.4, we know that any pair of joins hyi , hyj ∈ Cord holds

that hyi

M⇔ hyj , meaning that they hold one of the three
conditions explained in Definition 3.3. Therefore, if xa =
bxa−1

2
c then it is true that ∃ibxa−1

2i c = xa where i = 1 and,
by Definition 3.1, ∃e : e ∈ E, e = (hya−1 , hya). Therefore,
there exists a path Pa ⊆ V such that Pa = {hya−1 , hya}.
If the second condition holds, ∃i : i ≥ 1, a−1

2i = 2a + 1,

then it is also true that ∃i : i ≥ 1, ba−1
2i c = a. This means

that hya−1 ∈ Dya , by Definition 3.2. From Lemma 3.1,
there exists a path Pa ⊆ V such that Pafirst = hya−1 and
Palast = hya . Note that, ∃i : hi ∈ Pa, hi ∈ V \ Cord. Fi-
nally, from the same lemma, if the third condition holds,
ha−1 ∈ D2a, we directly know that there exists a path
Pa ⊆ V such that Pafirst = hya−1 and Palast = hya . There-
fore, since we have proven that there exists a path Pa ⊆ V
joining any pair (hya−1 , hya) in Cord, it is also true that there
exists a path P ⊆ V such that Pfirst = hy1 , Plast = hyn and
∀i : 1 ≤ i ≤ n ∧ hxi ∈ C, hxi ∈ P , and so, C ⊆ P .
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Definition 3.6. Given a QEP Q, we define PSQ, as the
set of paths P1, · · · , Pp ∈ Q such that ∀i : 1 ≤ i ≤ p :
Pifirst = hx ∧ Pilast = h1 ∧Dx = ∅.

In other words, PSQ is the set of all the paths going from
the leaf nodes to the root. Given a QEP Q, the algorithm
proposed in this subsection must traverse all the paths in
the PSQ in order to find the clusters contained in them.

Algorithm 1 Clustering algorithm

1: PList := {Pi}, Pi ∈ PSQ

2: CList := ∅
3: CFinal := ∅

4: for all Pi ∈ PList do . Build Clusters
5: for all hj ∈ Pi do
6: C|CF inal|+|CList|+1 := {hj}
7: CList := CList ∪ {C|CF inal|+|CList|+1}
8: for all Ck ∈ CList do

9: if ∀l : hl ∈ Ck, hj
M⇔ hl then

10: Ck := Ck ∪ {hj}
11: end if
12: end for
13: end for
14: CFinal := CFinal ∪ CList

15: CList := ∅ . CList can be removed here
16: end for

17: for all Ci ∈ CFinal do . Remove duplicates or subsets
18: if ∃Cj : Cj ∈ CFinal ∧ i 6= j, Ci ⊆ Cj then
19: CFinal := CFinal \ {Ci}
20: end if
21: end for

return CFinal

Algorithm 1 describes the algorithm used to find the set of
clusters in a QEP Q. The loop starting in line 4 constructs
all the clusters, by following all the paths in the QEP from
the leaf hash join operations to the root hash join operation.
For each path, we find the sets of hash join operations that
coexist in memory in such a way that there are not other
operations in that path that coexist with all the operations
in one of these subsets. Note that, as proved in Lemma 3.2,
for any cluster C there exists a path that includes C. Be-
cause of this, we can remove CList after processing each path
(line 15), thus reducing the number of comparisons during
the clustering formation process. There are two aspects that
must be taken into account: (i) a single cluster can belong
to two different paths and, therefore, the algorithm gener-
ates duplicates of the same cluster; and (ii) for any cluster C
included in a path P1, if the number of paths is larger than
one, this cluster is at least partially included in another path
P2. This means that, when traversing P2 a subset C′ ⊂ C
will be considered to be a cluster in P2. Because of these
two situations, a second loop starting in line 17 is in charge
of removing any possible duplicate or subset of a cluster.

3.4 Problem definition
Given a QEP Q and its set of clusters CFinal = {C1, · · · , Ck},

a total available memory of M pages and a cost function fi

to evaluate the cost of a hash join operation hi in the QEP,
we define the hash join memory allocation problem, as the

problem of finding the memory assignments m1, · · · , mn for
the n hash join operations in Q such that ∀i : 1 ≤ i ≤
k,

∑

j:hj∈Ci

hj ≤ M and that

n∑
i=1

fi(mi) is minimum.

Memory assignments for clusters
Once the list of clusters in a QEP Q = (V, E), CFinal, is
found and returned by Algorithm 1, the available memory
must be distributed among the different hash join opera-
tions in Q. As mentioned in Section 2, the cost function
used to evaluate the hash join cost can be very complex and
dependent on the DBMS engine. Therefore, finding the op-
timal memory distribution by means of some optimization
algorithms, such as simplex or convex optimization, in poly-
nomial time, is not suitable for such functions. Based on
previous literature [17], and as a simple proof of concept,
we formulate the I/O cost incurred by the build and probe
phases. As in Section 2, we call R to the data flow coming
from the build side and S to the one coming from the probe
side. The build phase must ensure that each bucket Ri (a
portion of R) fits in the memory pool M shared by all the
processes involved in the join. For out of core hash joins and
assuming |M | À 0, the number of buckets B is calculated as

follows |R|×F−|M|
|M|−1

≈ |R|×F−|M|
|M| , where F is a fudge factor to

account for the increment in pages due to structures needed
to deal with a given bucket Ri and |X| represents the num-
ber of pages in X. Thus, the portion of the build phase that
fits in memory |R0| is approximately M−B−1

F
≈ M−B

F
. This

way, I/Ocost = 2 · (|R| − |R0|) + 2 ·
(
|S| · |R|−|R0|

|R|

)
which

after simple transformations give us:

I/Ocost =

(
2

F
·
(

1 +
|S|
|R|

))
· (|R| · F − |M |) ·

(
1 +

1

|M |
)

Therefore, by using this simple cost function as an exam-
ple, we can already see that linear programming problem
solvers such as simplex are unsuitable since the cost is not a
linear function of the available memory. We considered us-
ing more complex solutions such as those studied in convex
optimization theory to solve this problem, but still there are
several factors that make this solution inappropriate. For
example, cost functions in real systems calculate the cost
using different cost formulas depending on several factors
defined by the context. For instance, a hash join operation
might consider using bit filters or not to improve perfor-
mance. This makes the cost function not continuous. Taking
into account that, the more complex the DBMSs the larger
the number of these factors and the larger the complexity,
the cost function presents a large number of discontinuities
that make all these methods unsuitable. Later in the exper-
iments section, we compare our proposal to other proposals
based on the use of less complex cost formulas and simplex.

Memory Chunk Distribution Algorithm
In this section, we present the Memory Chunk Distribution
algorithm. MCD is an exhaustive algorithm that is based on
the division of the available memory into chunks, and the
distribution of such chunks among the different hash join
operations in Q. Dividing the memory into chunks that are
larger than a memory page reduces the number of different
memory distributions to be exhaustively explored, thus re-
ducing the compile time. Note that, as stated before, the
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amount of memory assigned to the hash join operations in
a single cluster C = {hx1 , · · · , hxl} ∈ CFinal, mx1 , · · · , mxl ,
holds that mx1 + · · · + mxl ≤ M . Therefore, if the num-
ber of clusters is larger than one, it can happen that, with

V = {hx1 , · · · , hxm},
m∑

i=1

mxi > M . In other words, since

we can assign all the memory to each cluster, the addition
of the memory assigned to all the clusters might be larger
than the real available memory in the system.

Before discussing the algorithm in detail, we will formally
prove that given a QEP containing more than one cluster,
each cluster will share at least one hash join operation with
another cluster in the QEP.

Lemma 3.3. Given a QEP Q = (V, E) and its set of clus-
ters CFinal = {C1, · · · , Cn}, n > 1, ∀i : Ci ∈ CFinal, ∃j :
Cj ∈ CFinal ∧ i 6= j, Ci ∩ Cj 6= ∅.

Proof. Let us prove it by contradiction. Let us suppose a
cluster C ∈ CFinal such that ∀i : Ci ∈ CFinal ∧ C 6= Ci, C ∩
Ci = ∅. If n > 1 then ∃i : 1 ≤ i ≤ |V |, hxi ∈ V \ C. Since
Q is a binary tree it is also a connected graph. Therefore,
let us consider all those hash join operations in V \ C that
are directly connected to the hash join operations in C. By
Definition 3.3, these nodes and their parents or children in
C coexist in memory and therefore are included in another
cluster C2 such that C ∩ C2 6= ∅.

Given a set of clusters CFinal and before generating the op-
timal memory chunk assignment, we sort them in order of
execution to simplify the post-optimization process. More
formally, given a QEP Q and being PSQ the set of all the
paths from the leaves to the root node, we consider sorting
PSQ following the execution order of the operations, that is,
we first consider the path from the rightmost leaf node to the
root. Afterwards, we choose the path from the second right-
most leaf node to the root, and so on. Let us illustrate this
ordering following the example in Figure 1. In this case,
the ordered set of paths would be P1 = {h1, h3, h7, h14},
P2 = {h1, h2, h5, h11}, P3 = {h1, h2, h5, h10} and P4 =
{h1, h2, h4}. Once the paths are ordered this way in a list
PSQord , we sort the sets obtained by the clustering algo-
rithm in a list Corder = {C1, · · · , Cn} such that ∀i : 1 ≤ i ≤
n, ∀j : 1 ≤ j < i, ∀k : 1 ≤ k ≤ |PSQord | ∧ Ci ⊆ Pk ∈
PSQord , ∀l : 1 ≤ l ≤ |PSQord | ∧ Cj ⊆ Pl ∈ PSQord , l <
k ∨ (l = k ∧maxi < maxj), where maxx is the largest hash
join index in cluster Cx. Once the clusters are sorted, we
proceed to test the different memory distributions among
the hash join operations in the QEP.

Algorithm 2 shows the cost-based method we use, once the
memory is divided into N chunks, to make the optimal mem-
ory assignment for every operation in the QEP, taking into
account all the clusters generated by Algorithm 1. In order
to find the optimum solution in the search space of all the
possible memory distributions, our algorithm exhaustively
explores all the possibilities, calculating an associated cost
for each one and taking the combination with lower cost. As
we show later, we use some pruning techniques that allow us
to skip a large number of combinations without losing the
optimal, achieving significant reductions on the exploration
space. We present a recursive version of the algorithm for
the sake of simplicity.

The leading idea behind this algorithm is to assign N
memory chunks per cluster. Lemma 3.3 proves that each

Algorithm 2 Memory assignment optimization algorithm

1: procedure optAlloc(Pset, Cset, c, Aopt, copt)
2: C := next(CSet) . Next cluster in execution order
3: if C = ∅ then
4: return (Pset, min(c, copt))
5: end if
6: C′set ← Cset \ {C}

7: Aint ← {(h, m), (h, m) ∈ Pset ∧ h ∈ C}
. set of assignments fixed in previous clusters

8: NC ← N −∑
(hi,mi)∈Aint

mi

9: nh = |C| − |Aint|
10: cmin = copt

11: Amin = Aopt

12: for all m1, .., mnh ∈ [0, NC ],
∑nh

i=1 mi = NC do
13: A ← ∅
14: for all i ∈ 1, · · · , nh do
15: B ← {(hxi ∈ C, mi), @m, (hxi , m) ∈ Aint}

. assuming order in C
16: A ← A ∪B
17: end for
18: c′ ← c +

∑
(hi,mi)∈A fcost(hi, mi)

19: if c′ ≥ cmin then
20: continue . Cancel and process next
21: end if
22: P ′set ← Pset ∪A
23: (A′, c′min) ← optAlloc(P ′set, C′set, c′, Amin, cmin)
24: if c′min < cmin then
25: cmin = c′min

26: Amin = A′

27: end if
28: end for

return Amin, cmin

29: end procedure

cluster intersects at least with another cluster, i.e., some
operations are included in more than one cluster. In order
to calculate the cost, our algorithm must be aware of which
operations have been assigned a cost in the processing of a
previous cluster. Our recursive function has five input pa-
rameters (Pset, Cset, c, Aopt and copt) and two output val-
ues. The final result is a list of pairs (hi, mi) representing
the number of memory chunks mi assigned to each operation
hi. Pset keeps the list of memory assignments (hi, mi) that
have already been processed in previous clusters. Therefore,
Pset = ∅ in the first call of the recursive function. Cset rep-
resents the list of clusters to be processed and it is initialized
with the set of clusters CFinal generated by Algorithm 1. Pa-
rameter c is the cost of the operations processed so far and
it is initially set to zero. Aopt is the best memory configu-
ration found up to the moment and can be initialized with
any set of values. Finally, copt is the best cost calculated up
to that moment. Its initial value is copt = ∞.

Each recursive call to our function implies the processing
of a new cluster in execution order (line 2). First, cluster
C is removed from the list of clusters Cset (line 6). Sec-
ond, the algorithm identifies those operations in the current
cluster that have been assigned a number of chunks in the
processing of a previous cluster (line 7). Third, it calculates
the number of chunks that are still available for the current
cluster, NC , after subtracting those already assigned. The
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loop in line 12 calculates all the possible memory assign-
ments for the operations in the current cluster the available
memory of which has not been decided yet. For each itera-
tion, these assignments are stored in A. In line 18, the cost
of these operations is added to the total cost. Then, the
memory assignments in A are added to the list of processed
assignments Pset (line 22). At this point, the function calls
itself recursively with the new parameters to process the
next cluster.

Algorithm improvements. Note that we are propa-
gating the best cost found so far allowing to prune those
branches the cost of which is already higher than the opti-
mum. In this situation, we can directly discard that com-
bination without finalizing the calculus, thus reducing the
computation time (line 19). Finally, the algorithm returns
the list of the optimum memory assignment and the cost
associated to it. In order to run the experiments presented
later in this paper, we use an even more efficient version of
this algorithm that assumes a lower bound for the memory
required by each operation. This way, the number of com-
binations to be tested is reduced drastically. We have not
included this improvement in the algorithm for the sake of
simplicity. Next, we calculate the number of possible mem-
ory distributions.

Numbering Memory Assignments
Single Cluster Scenario. Let us assume the scenario
where all the operations coexist with the other operations
in the QEP, as in the case of a left-deep tree (or a right-
deep tree, following DB2 UDB conventions). In other words,
there exists a single cluster C ∈ CFinal. In this situa-
tion, the number of different distributions of memory chunks
computed by this algorithm would be d1 = CR|C|,N =( |C|+ N − 1

N

)
, where CRn,m is the combination with

repetition of n elements in groups of m elements, |C| is the
number of hash join operations in the cluster. Note that
this can be calculated using the number of N-combinations
with |C| elements, which is the result of choosing one out of
the |C| hash join operations for each one of the N memory
chunks.

b

1 C 2

N−i1 N−i1−i2 n−1i−iN−in−2 n−1

1b

0,1b

2i

C 3

1i −i3N−i2

C n−1 C n

N−in−1

2b n−1b

1,2b 2,3b n−2,n−1b n−1,n

C

Figure 3: n clusters where hash join operations only
belong to at most two. ij is the memory assigned to
an intersection and bj the number of hash joins.

Multiple-Clusters Scenario. As the complexity of the
QEP increases, the probability of having more than a single
cluster also increases. Figure 3 depicts a scenario where n
clusters are detected and sorted as mentioned above. In this
case, each hash join operation belongs at most to two clus-
ters and cluster Cx only shares operations at most with Cx−1

and Cx+1. This would be the typical case in a right-deep
tree (or a left-deep tree in our case), for example. We have
n − 1 subsets representing the intersections of the n clus-

ters. Given two clusters Cx and Cx+1, there are ix memory
chunks to be divided among the bx hash join operations in
the intersection of both clusters. For the remaining oper-
ations in cluster Cx, not included in the intersections with
Cx−1 or Cx+1, we have M − ix−1 − ix memory chunks to
distribute among bx−1,x hash join operations. Given the
following definition:

Ky
x =

{
CRx,y if x > 0

1 if x = 0

the number of possible memory distributions in this scenario
would be calculated as follows:

dn =
N∑

i1=0

N−i1∑

i2=0
· · ·

N−in−2∑

in−1=0


K

N−in−1
bn−1,n

n−1∏

j=1
K

ij
bj

K
N−ij−ij−1
bj−1,j


 (1)

assuming that i0 = 0.
We are calculating all the different memory assignments

for the intersections of the clusters, and calculating the num-
ber of possible distributions in each case. Note that, this sce-
nario represents the worst case. As we deduced in Lemma
3.3, all clusters share at least one hash join operation with
another cluster. Therefore, the situation where hash join
operation are shared by at most two clusters is the less re-
strictive case and, as a consequence, the case presenting the
largest number of possible memory distributions. As the
number of clusters sharing a single hash join operation is in-
creased, as it happens for example in Figure 1 where a hash
join operation is shared by 3 clusters, this reduces the free-
dom to assign different memory values to a single operation.
As a consequence, the number of possible combinations is
decreased. Therefore, Equation 1 can be also used as an
upper bound of the number of possible combinations.

Practical example
Figure 4 shows an example of a QEP for a query based on
the TPC-H schema. This QEP is later used in the experi-
ments section. As we can see in the figure, this QEP contains
four different clusters. Assuming again that we have divided
the available memory into 20 chunks (each chunk contains
5% of the available memory), we can calculate the num-
ber of possible memory distributions using Equation (1). In
this example, the total number of memory distributions is
44506. Reducing the size of the memory chunks to be 2% of
the total available memory (50 chunks), the number of com-
binations is 146541. Note that these are theoretical upper
bounds. Thanks to the algorithm improvements commented
before to prune unnecessary combinations, these figures are
drastically reduced in practice, as we see in the experiments
presented in the next section.

4. EXPERIMENTS
We implement our solution into the IBM database man-

agement system, DB2 UDB. Our tests are performed on
SuSE LinuxR© x86 64 operating system. The machines have
two IntelR© XeonR© CPU 5160 (3.00GHz) with 4 cores.

We perform all the experiments on a 10 GB TPC-H [1]
database, using two queries Q1 and Q2. Q1 is query 9 in
TPC-H. Q2 is a TPC-H based query that joins all relations
in the database to stress out our technique, by increasing
the number of clusters. Figure 5 shows the QEP and the
clusters for Q1. Figure 4, used in the previous section, shows
the QEP and the clusters for Q2. Note that, clusters in both
figures are sorted as explained in Subsection 3.4, and that,

645



C4={#1,#2,#5,#10}

HSJN (#2)

lineitem

HSJN (#1)

HSJN (#3)

HSJN (#5)

HSJN (#10)

partsupp part

HSJN (#11)

supplier HSJN (#23)

nation region

orders customer

Clusters

C1={#1,#3}

C3={#1,#5,#11}
C2={#1,#11,#23}

Figure 4: Example of a QEP on a query on the TPC-
H schema and its clusters (C1, C2, C3, and C4).

following the conventions used in this paper, the build phase
for a hash join (HSJN) corresponds to its right child, and
the probe phase to its left child. For our tests, the size of the
memory pool available is 100 and 140 MB for Q1 and Q2,
respectively. This means that, in the case of the DB2 UDB
baseline execution that divides the total amount of memory
equally among all the hash join operations in the QEP, each
hash join has a total amount of 20 MB available.

part

C2={#1,#5,#11,#22}

C1={#1,#2,#5}

Clusters

HSJN (#1)

HSJN (#5)

HSJN (#2)

HSJN (#11)

HSJN (#22) supplier

partsupp

orders

lineitem

nation

Figure 5: QEP and clusters (C1 and C2) for Q1.

In order to ensure a fair analysis, in addition to the base-
line algorithm currently used by DB2, which does not con-
sider clusters, we also compare the MCD algorithm to the
algorithms proposed in [15]: EQUAL, BENEFIT, LINEAR
and SMALL. All these algorithms were presented using the
notion of shelves that only allowed for left-deep trees. The
definition of a shelf in this previous work is a particular case
of clusters when dealing with left-deep trees. EQUAL is a
naive strategy that consists of dividing the available mem-
ory equally among all operators in a shelf. BENEFIT tries
to favor those operators that will actually benefit the most
from additional memory. In order to do this, BENEFIT is
based on a very simple linear cost function. Note that, both
EQUAL and BENEFIT look at only one shelf at a time
and do not consider the global situation. LINEAR tries to
remedy this by making its decision in one global optimiza-
tion step treating the problem of memory allocation as a
linear programming problem, and using the simplex method
to solve it. Again this forces us to assume that the cost
function is linear. Finally, the SMALL algorithm deals with
the memory left over after giving all the operators in a shelf
their minimum requirement, allocating more memory to op-
erators that have a smaller demand.

For our experiments, we first compare these algorithms
only considering left-deep trees, showing that in general they
cannot compete with bushy trees and making it necessary to

use the notion of cluster presented in this paper. Afterwards,
we analyze all the techniques again using clusters.

4.1 Bushy vs. left-deep tree plans
One important contribution of this paper is the general-

ization of complex memory allocation techniques to bushy
trees. In this Section, we show that the bushy QEPs chosen
by the DB2 UDB query optimizer to execute Q1 and Q2
does never generate a plan that takes longer to be executed
than those generated by any memory allocation strategy ap-
plied to the best left-deep tree obtained by the optimizer for
the same queries. Figure 6 shows left-deep tree query execu-
tion times for each memory allocation algorithm presented
in [15]. The figure also shows the DB2 baseline query exe-
cution time for the left-deep tree plans, and for the QEPs in
Figures 4 and 5, called DB2 leftdeep and DB2 bushy in this
plot. The baseline using bushy trees not only outperforms
the baseline using left-deep trees, but it is not outperformed
by any of the memory allocation algorithms applied on left-
deep trees, even when they take advantage of considering
clusters but not the baseline. For this reason, from now on,
we assume that the optimizer is open to the exploration of
bushy trees. The comparison of the actual performance of
the different algorithms is analyzed in the next subsections.

Left deep tree query execution time
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400

500

600

700

Q1 Q2

Ti
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e 
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Benefit
Linear 
Equal
Small
DB2_leftdeep
DB2_bushy

Figure 6: Query Execution time for previous mem-
ory allocation strategies and left-deep tree QEPs.

4.2 Compile phase complexity of MCD
In this section, we analyze the compile phase for the MCD

algorithm presented in this paper. Table 1 shows the com-
pile time, the actual number of combinations explored by the
MCD algorithm and the theoretical upper bound explained
in Subsection 3.4, both for Q1 and Q2. We test different
chunk sizes ranging from 1% to 5% of the available memory,
that is, from 100 chunks to 20 chunks. We do not test chunk
sizes larger than 5% since, as we can see in the table, the
time to calculate all the possible memory distributions is in
general clearly lower than a second and, therefore, affordable
during compile time. In addition, dividing the memory into
less than 20 chunks would probably mean assigning close
to the same fixed size of memory to all the operations, and
that is already done by the baseline case. Note that, the
larger the size of the chunk, the smaller the compile time.
This is normal since fewer combinations are considered with
larger chunk sizes. Also, we have tested chunks smaller than
1%. However, for this experiment, benefits were not signifi-
cant. Note that the optimal chunk size may depend on the
number of join operations in the QEP. Finding the formal
relationship between them is out of the scope of this paper.

In addition, we compare the real number of combinations

646



3

4

5

6

7

8

9

10

150

200

250

300

350

400 I/O
 (#

 d
is

k
 a

c

x 10000

T
im

e
 (

s
)

Absolute Results for Time and I/O - Q1

Time

I/O

0

1

2

3

0

50

100

c
c
e
s
s
e
s
)

1

1,5

2

2,5

300
400
500
600
700
800
900 I/O

 (#
 d

is
k
 a

c

106

T
im

e
 (

s
)

Absolute Results for Time and I/O - Q2

Time

I/O

0

0,5

0
100
200
300

a
c
c
e
s
s
e
s
)

15

20

25

30

35

40

45

 o
f 

im
p

ro
v
e
m

e
n

t 
(%

)

MCD algorithm comparison for Q1

Time

I/O

0

5

10

15

P
e
rc

e
n

ta
g

e
 o 30

40

50

60

70

80

90

100

 o
f 

im
p

ro
v
e
m

e
n

t 
(%

)

MCD algorithm comparison for Q2

Time

I/O

0

10

20

30

P
e
rc

e
n

ta
g

e
 o

Figure 7: First two plots: I/O and time results for Q1 and Q2. Last two plots: Overall improvement of MCD
for Q1 and Q2.

considered by our algorithm to the theoretical number of
combinations. We can observe that pruning techniques sig-
nificantly reduce the number combinations to be tested, es-
pecially when the number of chunks and clusters is large.

The compile times we obtain can be considered negligible
compared with the whole query execution time. For these
reasons, we only test the overall performance results using
100 chunks (1%).

Compile Total Upper
time (sec) # of comb. bound

chunks Q1 Q2 Q1 Q2 Q1 Q2

100 0.16 3.1 4851 389259 5151 22111526
50 0.03 0.47 1176 49788 1326 1465451
33 0.02 0.22 496 14548 595 295120
25 0.02 0.07 276 6390 351 102726
20 0.01 0.07 171 3209 231 44506

Table 1: MCD - compile phase for Q1 and Q2.

Memory pages
HSJN MCD Equal Benefit Linear Small

1 12950 8750 200 200 29305
2 7350 8750 33913 33913 200
3 4808 4808 4808 4808 4808
5 687 687 687 687 687
10 7350 10302 200 200 10302
11 20 20 20 20 20
23 20 20 20 20 20

Table 2: Example of memory pages distribution for
each hash join in Q2.

4.3 Algorithms Comparison
In this section, we discuss the I/O and query execution

time results for the MCD algorithm, and compare it with
the DB2 current algorithm, and to previous proposals pro-
posed in [15] and explained in Section 4. Note that, in order
to adapt these later memory allocation strategies to bushy
trees, we run the experiments applying these strategies to
the clusters obtained by Algorithm 1 proposed in this paper.

Table 2 summarizes the memory in pages of 4 KB assigned
by each algorithm to each join operation in Q2, as an ex-
ample. All the algorithms make a memory assignment that
is significantly different to that made by MCD. The most
expensive operations in this QEP are hash join number 1
and 2. As we can observe, while MCD and EQUAL algo-
rithms assign a large number of pages to these two hash

join operations, the other three algorithms starve either one
or the other, since they use a simpler cost model than that
used in a real DBMS. Comparing MCD and EQUAL, the
first prioritizes hash join number 1 in detriment of hash join
number 10 which is less expensive. This is not surprising
since EQUAL is a naive algorithm which is not cost-based.

For the results, we show both the I/O incurred by hash
join operations, and the total query execution time.

The two upper plots in Figure 7 show, for each memory al-
location strategy, the query execution time, and I/O both for
Q1 and Q2. The lower plots in Figure 7, show the percent-
age of improvement of the MCD algorithm compared with
the other approaches. These plots show that MCD clearly
outperforms any other memory allocation technique. The
reasons have been explained through the paper and might
be different depending on the algorithm we compare with:

Cost-based vs heuristics. Through the plots in Fig-
ure 7 we can observe that compared to SMALL, EQUAL
and BASELINE, the MCD algorithm improves significantly
either the query execution time or I/O i.e., improvements
over 30% and 80% in query execution can be observed for
Q2. The main reason of the gain obtained by MCD is that
either SMALL, EQUAL, or BASELINE use heuristics as
opposed to the cost-based strategy followed by MCD.

Complex cost function vs. simple. We can observe
that for query execution time, MCD outperforms LINEAR
and BENEFIT by more than 30% and 80% for Q1 and Q2,
respectively. The reason for these large differences is be-
cause LINEAR and BENEFIT algorithms depend on the
simplicity of the cost function, ignoring the complexity of a
real DBMS such as DB2 UDB. Thus, memory allocation is
clearly sub-optimal, generating a large amount of I/O, and
as a consequence, a high query execution time. Note that the
fact that BENEFIT and LINEAR perform worse than the
heuristic proposals is again because of the same reason: bad
decisions due to imprecise cost-based functions cause large
hash join memory starvation, degrading the system signifi-
cantly. Note that the fact that LINEAR and BENEFIT per-
form worse in Q2 compared to Q1 is because the complexity
of optimizing Q2 is higher and its hash join operations are
larger in terms of I/O accesses. Therefore, making a mistake
implies a larger impact on performance. These results show
that it is essential to use a memory allocation algorithm that
does not impose any strong condition on the cost function,
since this might be unrealistic for most commercial DBMSs.

5. RELATED WORK
Prior research has tackled the problem of memory alloca-

tion among the operators in a QEP. Both static and dynamic

647



rule-based memory assignments are proposed in [4, 11]. Dy-
namic approaches can be very expensive, since a hash join
might be ready to spill its entire hash table to disk, and re-
store it later. In [6, 18] the authors propose autonomic mem-
ory allocation strategies that apply cost-based rules during
query execution time. In this work the operators in QEP are
still bounded by the memory calculated during compile time
and it is thus sub-optimal. Note also, that they could be eas-
ily combined without interference with the work presented
in this paper. Other works propose techniques to adapt the
hybrid hash join algorithm to the available memory at run-
time query execution [7, 16, 19]. These proposals are applied
only to the operator by itself, and do not consider the global
performance of the query execution plan. Thus, a hash join
might consume all memory available, starving the rest of the
operators in the QEP. In [15] the authors propose four differ-
ent memory allocation methods that take advantages of the
malleability of hash-based operations. These methods have
been discussed and compared against the MCD algorithm
proposed in this paper.

Memory allocation for diverse classes of workloads exe-
cuted concurrently has been studied in [2]. In this work,
the authors present a compile-time solution for the problem
of memory starvation due to multiple query compilations at
the same time. Also, for multi-user environments, in [12]
the authors describe a parallelization method to carry out
scheduling and mapping as well as memory allocation onto
a shared-nothing architecture.

6. CONCLUSIONS AND FUTURE WORK
In this paper, we tackled one of the critical aspects during

complex query execution: memory utilization. Depending
on the memory distribution, we can significantly improve
DBMSs performance beyond the possibilities of current op-
timizers. Specifically, we showed the relevance of using an
effective memory allocation algorithm at compile time for
memory-intensive operations in multi-join queries. Our pro-
posal is not restricted by the topology of the QEP like other
previous proposals in the literature, but it can be used with
any QEP, including bushy trees. In addition, the technique
presented in this work is independent of the cost model used
by the DBMS and its complexity. We showed that it is pos-
sible to reduce the total execution time of complex queries
significantly, by studying the memory coexistence of the op-
erations in the QEP, exploiting pipeline interruptions.

As the next step, we would like to extend the formalism
in order to be able to (i) analyze the memory usage in more
detail and (ii) propose new techniques that allow for different
memory assignments to the same operation depending on its
execution state at run time. We would also like to study the
case where different operation types are competing for the
resources in the same memory pool. Finally, we would like
to extend our work to allow for very large join queries and
inter-operator parallelism.

All in all, a correct memory allocation has to be able to
adapt to the cost model of complex DBMSs. The use of
heuristics, or simplified cost models for memory allocation
turns into sub-optimal memory distributions. The adapt-
ability to the topology of the query execution plan is also
important since query optimizers cannot be restricted to a
certain topology of the plan for complex queries.
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