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The success of Internet applications has led to an explosive growth in the demand for bandwidth from ISPs.
Managing an IP network requires collecting and analyzing network data, such as flow-level traffic statistics. Such
analyses can typically be expressed as OLAP queries, e.g., correlated aggregate queries and data cubes. Current
day OLAP tools for this task assume the availability of the data in a centralized data warehouse. However,
the inherently distributed nature of data collection and the huge amount of data extracted at each collection
point make it impractical to gather all data at a centralized site. One solution is to maintain a distributed data
warehouse, consisting of local data warehouses at each collection point and a coordinator site, with most of the
processing being performed at the local sites. In this paper, we consider the problem of efficient evaluation of
OLAP queries over a distributed data warehouse. We have developed the Skalla system for this task. Skalla
translates OLAP queries, specified as certain algebraic expressions, into distributed evaluation plans which are
shipped to individual sites. A salient property of our approach is that only partial results are shipped — never
parts of the detail data. We propose a variety of optimizations to minimize both the synchronization traffic and
the local processing done at each site. We finally present an experimental study based on TPC-R data. Our
results demonstrate the scalability of our techniques and quantify the performance benefits of the optimization
techniques that have gone into the Skalla system.

These tasks require the Internet Service Provider
to take into account the topology and usage of
the network; a daunting task, particularly in the
face of varying traffic on the network. Effective
management of a network thus requires collect-

1. Introduction

The success of Internet applications has led to
an explosive growth in the demand for bandwidth
from Internet Service Providers, thus increasing

the size and complexity of IP (Internet Proto-
col) networks. Managing such a network involves
debugging performance problems, optimizing the
configuration of routing protocols, and planning
the roll-out of new capacity, to name a few tasks.
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ing, correlating, and analyzing a variety of net-
work trace data.

Typically, trace data such as packet head-
ers, flow-level traffic statistics, and router statis-
tics are collected using tools like packet sniffers,
NetFlow-enabled routers, and SNMP polling of
network elements. A wide variety of analyses
are then performed to characterize the usage and



behavior of the network (see, e.g., [6,13]). For
example, using flow-level traffic statistics data
one can ask questions like: “On an hourly ba-
sis, what fraction of the total number of flows is
due to Web traffic?”, “On an hourly basis, what
fraction of the total traffic flowing into the net-
work is from IP subnets whose total hourly traf-
fic is within 10% of the mazimum?”, or “For
each possible combination of source and destina-
tion (autonomous) systems, how many flows ex-
ceed the average flow duration each day?” Cur-
rently, such analyses are usually implemented by
the networking community in an ad-hoc man-
ner using complex algorithms coded in procedural
programming languages like Perl. They can ac-
tually be expressed as OLAP queries, including
SQL grouping/aggregation, data cubes [16], using
marginal distributions extracted by the unpivot
operator [15], and multi-feature queries [10,24].
Indeed, leveraging such a well-developed technol-
ogy can greatly facilitate and speed up network
data analysis.

A serious impediment to the use of current-day
OLAP tools for analyzing network trace data is
that the tools require all the data to be avail-
able in a single, centralized data warehouse. The
inherently distributed nature of data collection
(e.g., flow-level statistics are gathered at network
routers, spread throughout the network) and the
huge amount of data extracted at each collection
point (of the order of several gigabytes per day for
large TP networks), make it impractical to gather
all this data at a single centralized data ware-
house: for example, Feldmann et al. [13] report
that use of a single centralized collection server
for NetFlow data resulted in a loss of up to 90%
of NetFlow tuples during heavy load periods!

The natural solution to this problem is to main-
tain a distributed data warehouse, where data
gathered at each collection point (e.g., router) is
maintained at a local data warehouse, adjacent
to the collection point, to avoid loss of collected
trace data. For such a solution to work, we need
a technology for distributed processing of complex
OLAP queries — something that does not yet ex-
ist. The goal of this paper is to take the first steps
in this important direction.

1.1. Outline and Contributions

The rest of this paper is organized as follows.
We first present related work in Section 1.2. In
Section 2, we describe a motivating application
and define the GMDJ operator for expressing
OLAP queries. Our technical contributions are
as follows:

e We present a general strategy for the
distributed evaluation of relational OLAP
queries, specified as GMDJ expressions, and
present the Skalla system, developed by us
for this task (Section 3).

e We develop and define optimization strate-
gies for distributed OLAP that can exploit
distribution knowledge, if known, as well
as strategies that do not assume any such
knowledge, to minimize both the synchro-
nization traffic, and the local processing
done at each site (Section 4).

e We conducted a series of experiments, based
on TPC-R data, to study the performance
of the Skalla approach. Our results show
the effectiveness of our strategies for dis-
tributed OLAP query processing, and also
quantify the performance benefits of our op-
timizations. This demonstrates the validity
of the Skalla approach (Section 5).

While we illustrate our techniques using exam-
ples drawn from the network management appli-
cation, our approach and results are more gen-
erally applicable to distributed data warehouses
and OLAP query processing in other application
domains as well (e.g., with heterogeneous data
marts distributed across an enterprise). To the
best of our knowledge, ours is the first paper on
this important topic.

1.2. Related Work

The most closely related prior work is that of
Shatdal and Naughton [25], who use a similar
coordinator/sites model for the parallel evalua-
tion of aggregates, and present various strate-
gies where the aggregate computation is split be-
tween the sites and the coordinator, to optimize
performance. Aggregates are also considered in
a number of parallel database systems, such as



in [4,5]. There are two main differences with our
work. First, their results are tuned for a paral-
lel computer, where communication is assumed
to be very cheap, which is certainly not the case
in our distributed data warehouse setting. Sec-
ond, they deal only with the case of simple SQL
aggregates, while we consider significantly more
complex OLAP queries.

A variety of OLAP queries have been proposed
in the literature, allowing a fine degree of con-
trol over both the group definition and the ag-
gregates that are computed using operators such
as cube by [16], unpivot [15], and other SQL
extensions (e.g., [10,8,18]). Chatziantoniou et
al. [9] proposed the MDJ operator for complex
OLAP queries, which provides a clean separation
between group definition and aggregate compu-
tation, allowing considerable flexibility in the ex-
pression of OLAP queries. The processing and
optimization of these complex OLAP queries has
received a great deal of attention in recent years
(see, e.g., [1,3,9-11,16,23,24]), but it has all been
in the context of a single centralized data ware-
house. Our results form the basis for extending
these techniques to the distributed case.

A considerable body of research has been per-
formed for processing and optimizing queries over
distributed data (see, e.g., [7,20,22]). However,
this research has focused on distributed join pro-
cessing rather than distributed aggregate compu-
tation. The approach we explore in this paper
uses an extended aggregation operator to ex-
press complex aggregation queries. Some of
the distributed evaluation optimizations that we
have developed resemble previously proposed op-
timizations, e.g. exploiting data distributions [20]
or local reduction [26]. However, our architecture
for evaluating distributed aggregation queries al-
lows for novel optimizations not exploited by con-
ventional algorithms for distributed processing.

2. Preliminaries

In this section, we give an example of an appli-
cation area that motivates the use of distributed
data warehouse techniques. We then define the
GMDJ operator and demonstrate how the GMDJ
operator allows us to uniformly express a variety

of OLAP queries.

2.1. Motivating Example

Analysis of IP flow data is a compelling ap-
plication that can tremendously benefit from dis-
tributed data warehouse technology. An IP flow
is a sequence of packets transferred from a given
source to a given destination (identified by an IP
address, Port, and Autonomous system), using
a given Protocol. All packets in a flow pass
through a given router, which maintains sum-
mary statistics about the flow and which dumps
out a tuple for each flow passing through it. Thus,
all flow information is conceptually part of a sin-
gle relation with the following schema:

Flow ( RouterId, SourceIP, SourcePort,
SourceMask, SourceAS, DestIP,
DestPort, DestMask, DestAS,
StartTime, EndTime, NumPackets,
NumBytes )

We assume that flow tuples generated by a
router are stored in a local data warehouse “ad-
jacent” to the router, i.e., RouterId is a partition
attribute. Each local warehouse is assumed to be
fully capable of evaluating any complex OLAP
query. We refer to this collection of local data
warehouses (or sites), along with a coordinator
site that correlates subquery results, as a dis-
tributed data warehouse.

2.2. GMDJ Expressions

The GMDJ operator is an OLAP operator that
allows for the algebraic expression of many com-
plex OLAP queries [3]. An important feature of
this operator is that it provides a clean separa-
tion between the definition of the groups and the
definition of aggregates in an OLAP query, and,
in contrast to the MDJ operator, allows the ex-
pression of a series of complex aggregations over
different data partitions using a single expression.

Let € be a condition, b be a tuple, and R be
a relation. We write attr(f) to denote the set
of attributes used in 0. RNG(b,R,0) =4ef {7 |
r € RAG(b,r)} denotes the range of tuples in R
that satisfies 8, with respect to the tuple b. E.g.,
RNG(b,R,b.A = R.B) denotes those tuples in R
whose B-value matches the A-value of b. We use



{{...}} to denote a multiset.

Definition 1 Let B(B) and R(R) be relations,
0; a condition with attr(6;) € BUR, and I;
be a list of aggregate functions (fi, fiz,-- -5 fini)
over attributes c;1, Cia, - . ., Cin; I R. The GMDJ,
MD(B,R,(I1,---,lp),(01,--.,0m)), is a relation
with schema:?

X = (B, fll—R—Clla ey fln—R—clnla ey
fml—R—cmla R fmn—R—cmnm)

Where the instance of the relation is determined
as follows. FEach tuple b € B contributes to an
output tuple x, such that:

o x[A] = b[A], for every attribute A € B

* x[fij-Rcij] =
fii{{tle] | t € RNG(b, R, 0;)}},
for every attribute f;;_R_c;; of x.

We call B the base-values relation and R the de-
tail relation.

Usually, one can determine a subset K of key
attributes of the base-values relation B for each
0;, which uniquely determine a tuple in B (K can
be B). We make use of key attributes in several
of our strategies.

It should be noted that conventional SQL
groupwise and hash-based aggregation techniques
cannot be directly applied to GMDJ expressions,
since the set of tuples in the detail relation R that
satisfy condition 6 with respect to tuples b; and
by of the base-values relation, i.e., RNG(b1, R, §)
and RNG(bs, R,0), might not be disjoint. How-
ever, see [3,9] for a discussion of how GMDJ ex-
pressions can be evaluated efficiently in a central-
ized system.

Using relational algebra extended with a sim-
ple aggregation operator (we use the aggregation
operator F of Elmasri and Navathe [12]) a GMDJ
can be expressed as follows.

2 Attributes are appropriately renamed if there are any du-
plicate names generated this way. We note that the renam-
ing scheme employed in the examples will use a shorthand
form.

Proposition 1 Let l; be a list of aggregate func-

tions (fi(R.ci1),-- -, fim; (R-Cim;)). If every tu-

ple in B is distinct, then the GMDJ expres-

sion MD(B(B),R(R),(l1,---ylm), (01,...,0m))

is equivalent to the relational algebra expression

B,,, where:

By=B

Bi =B,_y Ffi(Rocir)onfim(Rocim) (Biz1 29 R) U
((Bi—1 — mB,_, (Bi, > R)) x Ny;)
for0<i<n

Ny, is a one tuple n-ary relation whose at-

tributes are the initial values for the aggregates

inl; (i.e., 0 for SUM and COUNT, NULL for MAX and

MIN).

Even without considering the possibility of du-
plicates in B (which can be handled by introduc-
ing additional joins), the algebraic expressions de-
rived using Proposition 1 are extremely unwieldy.
A salient feature of the GMDJ is that it succinctly
expresses the complex algebraic aggregate-join
expression as given by Proposition 1.

Assume a data warehouse scenario such as the
one described in Section 2.1. Then one might
wish to ask queries such as:

Example 1 For each SourceIP (SIP) address,
compute the total number of flows to each of
the destination autonomous systems with DestAS
(DAS) numbers 1 and 29 (e.g., evaluate peering
arrangements). We evaluate this using the fol-
lowing GMDJ expression.

MD(7ste(Flow) — B,Flow — F, (l1,12), (61,62))

Where:

I : (ent(x) — entl)

Iy : (ent(x) — ent2, ent(distinct SP) — entD)
6, : (F.SIP = B.SIP & F.DAS = 1)

9 : (F.SIP = B.SIP & F.DAS = 29)

The GMDJ expression above computes for each
source IP address the total number of flows to
each of the destination autonomous systems with
numbers 1 and 29. For DestAS 29 the number
of different source ports (SP) being used is com-
puted as well. Assume an input relation for flow
as follows.



Flow

SIP SP DAS ST

5 A 29 MO
5 B 29 MO
5 A 6 TU
5 A 1 TU
7 A 29 MO
5 A 29 TU

Evaluating the GMDJ given above, we then get
the following result relation:

result
SIP cntl cnt2 cntD
5 1 3 2
7 0 1 1

O

A GMDJ operator can be composed with other
relational algebra operators (and other GMDJs)
to create complex GMDJ expressions. While ar-
bitrary expressions are possible, it is often the
case that the result of a GMDJ expression serves
as the base-values relation for another GMDJ op-
erator. This is because the result of the GMDJ
expression has exactly as many tuples as there
are in the base-values relation B. In the rest of
this paper, when we refer to (complex) GMDJ
expressions, we mean only expressions where the
result of an (inner) GMDJ is used as a base-values
relation for an (outer) GMDJ.

Example 2 Given our IP Flows application, an
interesting OLAP query might be to ask for the
total number of flows, and the number of flows
whose NumBytes (NB) value exceeds or is equal
to the average value of NumBytes, for each combi-
nation of source and destination autonomous sys-
tem (e.g., to identify special traffic). This query
is computed by the complex GMDJ expression
given below.

MD(MD(Bo,Fo,ll,Gl) — Bl,Fl,lz,GQ)

Where:

By : mgag,pas(Flow)

Fy : Flow

Iy : (ent(x) = entl, sum(NB) — suml)
0, : (Fo.SAS = By.SAS & F.DAS = By.DAS)

Fi : Flow

I : (ent(x) — cnt2)

62 : (F1.SAS = B]_.SAS & Fi.DAS = B1.DAS
& F1.NB > suml/cnt1l)

The flow data may or may not be clustered on
SourceAS or DestAS. If it is not, the distributed
evaluation of this query requires correlating ag-
gregate data at multiple sites, and alternating
evaluation (in multiple passes) at the sites and
at the coordinator. We develop efficient evalua-
tion strategies for both cases. O

We refer to queries such as the one in Exam-
ple 2 as correlated aggregate queries since they
involve computing aggregates with respect to
a specified grouping and then computing fur-
ther values (which may be aggregates) based on
the previously computed aggregates. In general,
there may be a chain of dependencies among the
various (aggregate or otherwise) attributes com-
puted by such a query. In Example 2, the length
of this chain is two. Several examples involving
correlated aggregates can be found in previous
OLAP literature [9,8,15,24].

It is possible to construct many different kinds
of OLAP queries and identifying distributed eval-
uation strategies for each would be quite tedious.
The GMDJ operator allows us to express a sig-
nificant variety of OLAP queries (enabled by dis-
parate SQL extensions or SQL itself) in a uni-
form algebraic manner [3,9]. Thus, it suffices to
consider the distributed evaluation of GMDJ ex-
pressions, to capture most of the OLAP queries
proposed in the literature.

2.3. Data Warehouse Model

A typical data warehouse consists of dimen-
sions and measures that are gauged as functions
of the dimensions. These can be modeled using,
e.g., star schemas or snowflake schemas [19,11].
In our motivating example, Flow is a denor-
malized fact relation, with dimension attributes
RouterId, SourceIP, SourcePort, SourceMask,
SourceAS, DestIP, DestPort, DestMask, DestAS,
StartTime, and EndTime, and measure attributes
NumPackets and NumBytes. Our techniques are
oblivious to which of these data warehouse mod-
els are used for conceptually modeling the data,



and our results would hold in either model.

Recall that the distributed data warehouse con-
sists of multiple local data warehouses, adjacent
to data collection points. In terms of our concep-
tual model of the data warehouse, the fact rela-
tion would be the union of the tuples captured at
each data collection point (e.g., NetFlow tuples
generated by a router). Equivalently, since no tu-
ple would be present at multiple sites, one can
view the highly dynamic conceptual fact relation
of the distributed data warehouse as being phys-
ically partitioned among the various sites. We
assume that the dimension relations, which are
orders of magnitudes smaller than the fact rela-
tion, are replicated at all sites. Users can pose
OLAP queries against the conceptual data model
of our distributed data warehouse, without regard
to the location of individual tuples at the various
sites.

Our data warehouse architecture supports cor-
relation of the results of subqueries across the
local data warehouses using a coordinator archi-
tecture. Fach OLAP client interacts with a dis-
tinct coordinator that is responsible for interact-
ing with each of the local sites, and for correlat-
ing and aggregating the results of subqueries sent
from the local sites.

2.4. Problem Statement

The problem addressed in the paper is that of
efficient evaluation of OLAP queries, represented
as GMDJ expressions, using the coordinator ar-
chitecture for distributed data warehouses.

Since the amount of data captured at each data
collection point is huge, it is infeasible to ship
all the relevant data to the coordinator site to
compute the query answer using centralized tech-
niques for OLAP query evaluation. This leads
us to focus on distributed techniques for OLAP
query evaluation that rely on: (i) subquery ship-
ping to the local sites, (ii) subquery evaluation at
the local sites, and (iii) synchronization of sub-
query results at the coordinator site.

The development of techniques for the efficient
evaluation of complex OLAP queries involving
correlated aggregates which optimize (i) synchro-
nization traffic, and (ii) the query processing ef-
fort at the local sites as well as the coordinator,

are the focus of this paper.

3. Distributed GMDJ Evaluation

In this section, we will describe the distributed
GMDJ evaluation algorithm implemented in the
Skalla prototype. We defer the presentation of
query optimizations of the core Skalla evaluation
algorithm until the next section.

3.1. Skalla: An Overview

The Skalla system for distributed data ware-
housing is based on a coordinator architecture
(i-e., strict client-server) as depicted in Figure 1.
It consists of multiple local data warehouses
(Skalla sites) adjacent to data collection points,
together with the Skalla coordinator (we note
that the coordinator can be a single instance as
in Figure 1 or may consist of multiple instances,
e.g., each client may have its own coordinator in-
stance). Conceptually, the fact relation of our
data warehouse is the union of the tuples cap-
tured at each data collection point. However,
users can pose OLAP queries against the con-
ceptual data model of our distributed data ware-
house, without regard to the location of individ-
ual tuples at the various sites.

We define a distributed evaluation plan (plan
for short) for our coordinator architecture as a
sequence of rounds, where a round consists of:
(i) each skalla site performing some computa-
tion and communicating the results to the co-
ordinator, and (ii) the coordinator synchronizing
the local results into a global result, and (pos-
sibly) communicating the global result back to
the sites. Thus, the overall cost of a plan (in
terms of response time) has several components:
(i) communication (or, synchronization traffic),
and (ii) computation (or, the query processing ef-
fort at the local sites as well as the coordinator).

The query generator of the Skalla system con-
structs query plans from the OLAP queries,
which are then passed on to and executed by the
mediator, using Algorithm GMDJDistribEval (in
Figure 2). The mediator handles the communica-
tion with the local sites, and the actual synchro-
nization of sub-results after each round of com-
putation at the local sites.
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Figure 1: The Skalla Architecture

Algorithm GMDJDistribEval {
construct empty X
transfer X and By to each site S;
at each site S; € Sp
compute X, at the local sites
transfer local Xy to coordinator
synchronize Xj
for each GMDJ MD; (k=1 to m) {
transfer X;_; to each S; € Syp,
at each S; € Sup,
compute MDy(Xg_1, Rk, lk,0k)
transfer X, to coordinator
synchronize Xj

Figure 2: Skalla Evaluation Algorithm

3.2. Algorithm Description

We will now describe how Skalla works when
receiving an OLAP query, using Example 2 to
illustrate the Skalla evaluation.

First, the Skalla query generator uses FEgil, a
GMDJ query optimizer, to translate the OLAP
query into GMDJ expressions. These GMDJ ex-
pressions are then optimized for distributed com-
putation. We note that even simple GMDJ ex-
pressions can involve aggregation and multiple
self-joins, which would be hard for a conventional
centralized — let alone a distributed — query op-
timizer to handle. We defer a study of these op-
timizations to Section 4.

Algorithm GMDJDistribEval (Figure 2) gives
an overview of the basic query evaluation strategy
of Skalla for complex GMDJ expressions. Given
the GMDJ query of Example 2, the mediator will
construct the empty base-result structure X (X)
with the schema:

X = (SAS,DAS, cntl, suml, cnt2)

The query By = Tsourceas,pestas(Flow) is then
shipped to each of the sites, executed locally, and
the result shipped back to the mediator. During
evaluation, the coordinator maintains the base-
result structure by synchronization of the sub-
results that it receives.

The term synchronization as used in this paper
refers to the process of consolidating the results
processed at the local sites into the base-results
structure X. We refer to each local-processing-
then-synchronization step as a round of process-
ing. An evaluation of a GMDJ expression in-
volving m GMDJ operators uses m + 1 rounds.
The notation X}, in Algorithm GMDJDistribEval
refers to the instance of X after the computation
of the kth GMDJ.

Aggregates of X are computed from the local
aggregate values computed at the sites as appro-
priate. For example, to compute cntl, we would
need to compute the sum of the COUNT (*)s com-
puted at the local sites. Following Gray et al. [16],
we call the aggregates computed at the local sites
the sub-aggregates and the aggregate computed at
the mediator the super-aggregate. Sg is the set of
all local sites, while Syrp, is the set of local sites



that participate in the kth round.?

We use R to denote the detail relation at
round k.* Again, depending on the query, the de-
tail relation may or may not be the same across
all rounds. This shows the considerable class of
OLAP queries the basic Skalla evaluation frame-
work is able to handle. In this paper, we give
only examples where the detail relation does not
change over rounds. Finally, [, is the list of aggre-
gate functions to be evaluated at round k and 6,
is the corresponding condition (see Definition 1).

The following theorem establishes the basis of
the synchronization in Skalla:

Theorem 1 Let:

X = MD(B,R,(l1,---,ln),(61,-..,0m))

where B has key attributes K. Let Ry,..., R,
be a partition of R. Let I and lj be the
lists of sub-aggregates and super-aggregates, re-
spectively, corresponding to the aggregates in l;.
Let H; = MD(B,R;,(l1,...,01..),(01,...,0n))
fori = 1,...,n. Let H = Hy U--- U Hp,
where U indicates multiset union. Then X =
MD(B,H,(l{,...,1),0k) where 0k is a test for
equality on the attributes in K.

Proof: It follows from the definition of the
GMDJ (Definition 1) that each aggregate f;; in
the lists ly,...,l,, is computed for each b € B
as:fij{{t[cij] | t € RNG(b, R,0;)}}. Let fi; be the
sub-aggregate and ,’; the super-aggregate of the
aggregate function f;; andlet R=RU... UR,.
Then it follows from the definition of sub and
super-aggregates [16] that:

i {{tl[cm] | t1 € RNG(b, Ry,6:)}} U...

ij{tnlcij] | tn € RNG(b, Ry, 0 )}}}}
. Filltley] |t € RNG(b, R,6,)}}

In practice, the scheme given by Theorem 1
is executed very efficiently. The base-results
structure maintained at the mediator is indexed
on K, which allows us to efficiently determine

3Typica,lly, Smp, = Sp, but it is possible that Syrp, C
Sp.

4Note that every site refers to its local detail relation as
Ry, at round k. To avoid clutter, we preferred this notation
to something like R} .

RNG(X,t,0k) for any tuple ¢t in H and then
update the structure accordingly; i.e., the syn-
chronization, including the indexing, can be com-
puted in O(|H|). Since the GMDJ can be hori-
zontally partitioned [2,9], the mediator can syn-
chronize H with those sub-results it has already
received while receiving blocks of H from slower
sites, rather than having to wait for all of H to be
assembled before performing the synchronization.
Between each computation at the local sites and
synchronization, we ship the base-results struc-
ture (or fragments thereof) between the sites and
the mediator.

Example 3 Consider the query in Example 2.
We wish to evaluate the following complex GMDJ
expression.

MD(MD(By, Fo,11,61) = By, F1,12,65)

Where:

By : mgag,pas(Flow)

Fy : Flow

Iy : (ent(x) — entl, sum(NB) — suml)

01 : (F()SAS = BoSAS & FoDAS = B()DAS)

Fi :Flow

I : (ent(x) — cnt2)

0 : (F1.SAS = B4.SAS & F1.DAS = B;.DAS
& F;.NB > suml/cnt1)

Assume a table Flow(SAS, DAS, NB) and that
the source data is distributed over two sites, Sy
and Sy as follows.

Flow at site S1
SAS DAS NB
18 29 200
18 29 300
18 1 2500

Flow at site S2
SAS DAS NB
16 6 700
18 29 400

The first step of the evaluation deter-
mines the schema of the result table: X =
{SAS,DAS, entl, suml, cnt2}. We then send the
initial schema (X) and the query plan to the local
sites. The base tables (groups of the query) are
then computed at the local sites by evaluating
nsas,pas(Flow). This results in the following
two tables for Xj.



X3
SAS DAS
18 1
18 29
X2
SAS DAS
16 6
18 29

Each local site sends its tables to the mediator,
which synchronizes the results to get table X,
the base-values (groups) of the query.

Xo
SAS DAS
16 6
18 1
18 29

This table is then sent to the local sites, S; and
Ss. The local sites use this table as the basis of
their next round of computation, computing the
first (inner) GMDJ at each of the sites:

MD(Xy, Fo,l1,61)

Where:

Fy : Flow

Iy : (ent(x) — centl, sum(NB) — suml)
01 : (F()SAS = XoSAS & F()DAS = XoDAS)

This results in the following two tables.

Xt
SAS DAS ecntl suml
16 6 0 0
18 1 1 2500
18 29 2 500
X2

SAS DAS cntl suml
16 6 1 700
18 1 0 0
18 29 1 400

These sub-result are then sent to and synchro-
nized at the mediator.

X1
SAS DAS cntl suml
16 6 1 700
18 1 1 2500
18 29 3 900

This result is again passed back to the local
sites, and the cnt2 aggregate computed at each
site, making use of the average (suml/cntl) com-
puted in the first round.

MD(X17Fl7l2702)

Where:

Fi : Flow

I : (cnt(x) — cnt2)

92 : (FlsAS = XlsAS & FlDAS = X1DAS
& F1.NB > suml/cnt1)

This results in the following tables at the local
sites.

x§t
SAS DAS cntl suml cnt2
16 6 1 700 0
18 1 1 2500 1
18 29 3 900 1
X432
SAS DAS c¢ntl suml cnt2
16 6 1 700 1
18 1 1 2500 0
18 29 3 900 1

Finally, the sub-results are passed back to the
mediator and synchronized to compute the final
result.

Xo
SAS DAS c¢ntl suml cnt2
16 6 1 700 1
18 1 1 2500 1
18 29 3 900 2

Note that only the result table and queries are
shipped between coordinator and sites. This is an
important feature of the Skalla processing that
permits the effective minimization of the data
transferred. O

The following result bounds the maximum
amount of data transferred during the evaluation
of Algorithm GMDJDistribEval for distributive
aggregate queries.

Theorem 2 Let the distributed data warehouse
contain n sites, and the size of the result of
query @, expressed as a GMDJ expression with
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m GMDJ operators be |Q|. Let so denote the
number of sites participating in the computation
of the base wvalues relation and s; the number
of sites participating in the computation of the
i’th GMDJ operator (the upper bound of so and
s; is thus n). Then the mazimum amount of
data transferred during the evaluation of Algo-
rithm GMDJDistribEval on @ s bounded by

(Z(Q*si % |Q|> + (s0 *1Q))-

i=1

Proof: Recall that Algorithm GMDJDistribEval
only ships the base-result structure Xj. Since
X C @, it follows that the maximum size of any
X}, is |@Q|. Theorem 2 thus follows directly from
Algorithm GMDJDistribEval. [

The significance of Theorem 2 is that it pro-
vides a bound on the maximum amount of data
transferred as a function of the size of the query
result, the size of the query (i.e. number of
rounds), and the number of local sites in the dis-
tributed data warehouse, which is independent of
the size of the fact relation in the database. |Q
depends only on the size of the base values rela-
tion and the aggregates to be computed, not the
detail relation. This is significant in that such
a bound does not hold for the distributed pro-
cessing of traditional SQL join queries (see, for
example, [20,22]), where intermediate results can
be arbitrarily larger than the final query result,
even when using semijoin-style optimizations.

3.3. Non-distributive Aggregates
Non-distributive aggregates are inherently
problematic in distributed query processing. A
subset of the non-distributive aggregates, the al-
gebraic aggregates (e.g., AVG), can be calculated
from component distributive aggregates, need
therefore not concern us further. We refer to
any non-distributive aggregates that cannot be
calculated from a set of distributive aggregate
functions as holistic aggregates [16] (e.g., MEDIAN,
RANK). Holistic aggregates are only very rarely ad-
dressed in the OLAP literature, although they are
quite significant in many OLAP applications [21].
Obviously, holistic aggregates can be handled
by the naive approach of simply shipping the local

detail data to the coordinator, which then eval-
uates the query with holistic aggregates. How-
ever, holistic aggregates can be elegantly handled
within the framework of GMDJ processing [2]. As
with single-site processing, our distributed eval-
uation algorithms can be made to support non-
distributive aggregates through the use of multi-
set valued attributes in the base-results structure
and a function for multi-set construction. The
multi-set construction MS is defined as follows.

Definition 2 Let B(B) and R(R) be rela-
tions, 0 a condition, a € R. Then X =
MD(B, R, (MS(a)),0) is a table with the schema
X = (B,ms_R_a), where ms_R_a is a multi-set
valued attribute computed such that:

o x[A] = b[A], for every attribute A € B
e x[ms_R_a] = U{{t[a]|t € RNG(n, R, 6;)}}.

Given any holistic aggregate f(a) in a GMDJ
expression, we: (1) generate expressions to be
evaluated on the local sites using the function
MS(a) as the sub-aggregate, and (2) compute the
holistic aggregate itself as the super-aggregate
over the multi-set construction.

In a worst case scenario holistic aggregates sub-
stantially increase communication costs in dis-
tributed processing. This is due to the fact that,
by their very nature, holistic aggregates require
that the values are centralized for accurate com-
putation. In such a case, Theorem 2 offers scant
solace, as the partial sub-results of the MS aggre-
gate function can be larger than the detail data
itself.

We note, however, that the distributed GMDJ
evaluation algorithm opens up possibilities for ex-
tensive optimizations that can be deployed to re-
duce communications costs.

Thus, we observe that only one MS function
needs to be computed for any given 6;; i.e., sev-
eral holistic aggregates in [ can be computed from
one sub-aggregate.

For various holistic aggregates, it is possible to
apply smart compression algorithms on the at-
tribute columns of MS. For example:

e Duplicate-insensitive aggregate functions
(e.g., COUNT(DISTINCT MS_R_A)) permit



the elimination of duplicates in the multi-
set valued attribute.

e Provided that the granularity of the at-
tribute being computed is not too large;
we can perform duplicate compression on
the attribute column; annotating each in-
dividual value with its number of oc-
currences. For example, the multi-set
{1,1,1,2,2,2,2,3} would be compressed to
{1(3),2(4),3(1)} (the number in parenthe-
ses indicating the number of duplicates).

The latter form of duplicate compression is sim-
ple to implement; it is particularly useful since
many duplicate-sensitive holistic aggregates (e.g.,
MEDIAN) often occur on attribute columns with
low granularity.

It is obviously impossible to derive a general
solution for the distributive computation of non-
distributive, holistic aggregates. However, as the
above examples indicate, it is possible to perform
effective optimizations on the distributed evalu-
ation algorithm for non-distributive, holistic ag-
gregates, thereby contributing to the minimiza-
tion of the amount of data that must inevitably
be shipped for computation.

3.4. Summary

Let By be the base-values relation,
Ri,R,...,R,, be detail relations, l,...,I,, be
lists of aggregate functions, and 6y,...,68,, be
lists of conditions.? Let Bj denote the result
of the GMDJ MD,;,. Let Sg be the set of sites
required for the computation of By, and let Syp,
be the set of sites required for the computation of
the GMDJ MD;. Algorithm GMDJDistribEval
is a simple and efficient algorithm for distributed
OLAP processing that does not transfer any
detailed data between the sites.

Theorem 3 Given a GMDJ expression:
Q = MD,(--- (MD;(Bo, R1, (l11,- - -, l1ik),
(011,. ..,le)) - ) — anlan;
(nts-- s lnm)s Oniy -y 0nm))
the set of sites Sp required for computing
By, and the sets of sites Syp,,t < mn, re-

51; is a list of aggregates and 6; is a condition for its re-
spective [;.
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quired for computing GMDJ MD;, then Algo-
rithm GMDJDistribEval correctly computes the
result of Q.

Proof: Theorem 1 gives the basis for the syn-
chronization and computation of a single GMDJ
in Algorithm GMDJDistribEval. Thus Theo-
rem 1 proves the correctness of the algorithm for a
single GMDJ given that each site has the correct
base-values table for the computation.

For each GMDJ in the complex GMDJ expres-
sion ), Algorithm GMDJDistribEval distributes
the entire base-values table B;_; (i.e., the origi-
nal base-values table By or the result of the prior
GMDJ MD;_1) for each GMDJ MD; to each
of the sites involved in the computation of the
GMDJ. It then follows by induction that if MD;
is computed correctly, then MD;,, will also be
computed correctly. Hence the correctness of Al-
gorithm GMDJDistribEval. [

While Algorithm GMDJDistribEval is efficient
in relation to the size of the detail relations,
the amount of data transfer and the computa-
tion can still be objectionably large for very large
distributed data warehouses and thus these re-
sources need to be optimized substantially. This
is the subject of Section 4.

4. Distributed Evaluation Optimizations

Clearly, query optimization techniques used
for centralized evaluation of GMDJ expressions
(e.g., indexing, coalescing), which have been pre-
viously studied [3,9] apply in an orthogonal way
to their distributed processing. Similarly, classi-
cal distributed query optimization techniques de-
veloped for SQL queries such as row blocking,
optimization of multi-casts, horizontal partition-
ing of data, or semijoin programs [20] also apply
to the distributed processing of GMDJs. We do
not dwell on these any further. In the following
sections, we consider distributed evaluation opti-
mizations as they pertain specifically to the case
of distributed GMDJs. In Sections 4.1 and 4.2
we generalize local reductions to GMDJ expres-
sions. Sections 4.3 and 4.4 describe optimizations
specific to distributed GMDJ query processing.

It should be stressed that in each case, we
present what are best characterized as optimiza-
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tion schemes. Depending on the specific situa-
tion (i.e. the amount of distribution knowledge
available), one may be able to come up with spe-
cific optimization strategies, which are instances
of these optimization schemes. In this sense, our
optimization schemes can be used for determining
whether a strategy is correct in the sense that it
computes the right result. Throughout this sec-
tion, we give examples which illustrate this point.

4.1. Attribute Reduction

We can generalize local reduction strategies [26]
to GMDJ expressions, by using attribute reduc-
tion to prune attributes from the base-results
structure. Attribute reductions can significantly
reduce the data transfer cost, and thereby im-
prove overall query processing costs.

Theorem 4 Let  be a GMDJ operator
MD(B,R,(l1,...,lm),(01,...,0m)). The re-
quired attributes of @ are: a = attr(l;) U... U
attr(ly,) U attr(61) U ... U attr(0,); (i-e., the
attributes of B and R referenced in (l1,...,l,)
and (01,...,0m)). Let R be the set of aggregates
computed the GMDJ expression. Let K be the key
attributes of B and Ok be an equality condition
on the attributes of K. Then:

MD(B7R7(l17"'7lM)7(017"'76m)) =
B p<g,e (mxur(MD(mauk (B), R,
(lla"'a m)7(017"'70m )))

Proof: Given that K is a key of B, it follows
from the definition of a standard join that:
MD(BaRa (lly" '7lm)3 (01;' 707TL)) =

B<ig, (MD(B,R,(l1,...,lm),(01,-.-,0m)))
Let X be the schema of the GMDJ
MD(B,R,(l1,...,lm),(01,...,0m)). Since B D
(X'\ 1), it follows that:
MD(B,R,(l1,---,ln),(01,...,0n)) =

B g 4 (WKul(MD(B, R, (ll, ceey lm),
(01; s 70m))))

Let A be a set of attributes, and A’ =
(A U attr(61) U ... U attr(6,)) \ F. Then we
can apply the following general transforma-
tion rule for GMDJs[2] on the above expression.
7"'A]\l‘D(BaRa (lla tee 5lm)7 (017 tee aeﬂ'L)):>

W[A]MD(T(A’ (B)7 RJ (l17 st lm)7 (017 s 79m))
O

The core importance of this theorem is that
it allows us to prune the synchronized attributes
of the base-results structure that are no longer
required in the distributed computation, as well
as pruning the base relations of the query.

Example 4 We return to the query and tables of
Example 3. Assume that in addition to the total
number of flows and the number of flows whose
NumBytes value exceeds or is equal to the average
value, we also want to identify the maximum and
minimum size of NumBytes for each combination
of source and destination systems. This query
can be expressed very easily by adding the new
aggregate functions to the inner GMDJ. Thus we
get the following GMDJ expression.

MD(MD(B(),F(),ll,el) — Bl,Fl,lQ,gg)

Where:

By : mgag,pas(Flow)

Fy : Flow

Iy : (ent(x) = cntl, sum(NB) — suml,
maz(NB) — mazl, min(NB) — minl)

0, : (Fo.SAS = By.SAS & F.DAS = B,.DAS)

Fi :Flow

I : (ent(x) — cnt2)
& F1.NB > suml/cnt1)

This results in the following sub-result (X;) be-
ing computed at the mediator as the result of the
first GMDJ.

Xy
SAS DAS cntl suml maxl minl
16 6 1 700 700 700
18 1 1 2500 2500 2500
18 29 3 900 400 200

Following the basic algorithm, this table is to
be shipped to each of the local sites. By applying
the principles of attribute reduction, however, we
can determine that mazl and minl are not re-
quired for the computation of the second (outer)
GMDJ. We can thus limit the table sent to the
local sites to Tsas,DAS,cnt1,sum1, resulting in 30%
less data being transmitted with the distribution
of data to the sites in this round.



With the return of the tables from site S; and
S, we can then synchronize the two tables of
the sub-result, to return the same table X5 as in
Example 3. We then compute the final sub-result

(X5 = X1 >x,.945=X5.5A5& X1. DAS=X2.DAS X2)
to end up with the following result.

X3
SAS DAS cntl suml maxl minl cnt2
16 6 1 700 700 700 1
18 1 1 2500 2500 2500 1
18 29 3 900 400 200 2

In fact, it will typically be possible to compute
the union, GMDJ, and join of the synchroniza-
tion above in a single merging operation. Thus
the only additional cost caused by the attribute
reductions would be the cost of determining and
pruning the superfluous attributes during each
round of evaluation. OJ

4.2. Distribution-Aware Group Reduction

Recall the definition of the function,
RNG(b,R,0) = {r € R | 6(b,r) is true}. Given
information about the partitioning of tuples in
the distributed data warehouse, we may be able
reduce the size of the base-results structure trans-
ferred between the sites and the coordinator. The
following theorem provides the basis for this op-
timization.

Theorem 5 Consider the GMDJ expression
Q = MD(B,R,(l,...,l;n),(01,...,60)). Let
Ry U ---U R, be a partitioning of the detail re-
lation R. For each R;, let ¢; be a predicate such
that for each r € R;, ¢;(r) is true. Let 1;(b) be
the formula ¥, ¢;(r) = —(01 V...V 8,,)(b,r). Let
RNG; be RNG(b,R;,01V ...V 0,,). Let C be
| RNG; |> 0. Then, we have:
oc(MD(B,R;,(l1,...,lm),(01,...,0m))) =
oc(MD(0-y;(B), Ri,(l1,. .., lm), (01,...,0m)))

Proof: Theorem 5 is a straightforward special-
ization to the distributed case of the following
general transformation rule for GMDJs:
O"RNG4|>0MD(B, R, (ll, ey lm)a (01, ey Qm)) =
= 0'|RNG\>0MD(U91BV...V9"LBB7 R,
(liy ooy lm), (61, ... ,0m))
For details of the proof, see Appendix A.2. O
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Using Algorithm GMDJDistribEval, a local site
will compute

H; = MD(B, R;,(l},...,I".), (01,...,0m))

Let B; = {b € B | 9;(b)}. Theorem 5 states
that if we have a-priori knowledge about whether
RNG(b, R;,0) is empty for any given b, we need
to send to site S; only B — B;. Given knowl-
edge about the data distribution at the individ-
ual sites, group reductions can be performed by
restricting B using the —); condition.

Example 5 Assume that each of the packets for
a specific SourceAS passes through a router with
a specific RouterId. For example, site S; handles
all and only autonomous systems with SourceAS
between 1 and 25. The condition € in the query of
Example 2 contains the condition Flow.SourceAS
= B.SourceAS. We can deduce that at Sy, ¥;(b)
is true when b.SourceAS ¢ [1,25]. Therefore,
—1);(b) is the condition b.SourceAS € [1,25]. O

Example 5 gives a simple example of the kind
of optimization possible using distribution-aware
group reductions. The analysis is easy to perform
if ¢; and @ are conjunctive and the atoms of the
predicates involve tests for equality.

In fact, far more complex constraints can be
handled. For example, assume the condition
f in example 5 is revised to be B.DestAS +
B.SourceAS < Flow.SourceAS x2. Then condi-
tion —);(b) becomes B.DestAS + B.SourceAS <
50. The significance of Theorem 5 is that we can
use it to determine the correctness of the opti-
mizer.

Other uses of Theorem 5 are also possible.
For example, SourceAS might not be partitioned
among the sites, but any given value of SourceAS
might occur in the Flow relation at only a few
sites. Even in such cases, we would be able to
further reduce the number of groups sent to the
sites.

4.3. Distribution-Independent Group Re-
duction
A significant feature of the GMDJ processing,
compared to traditional distributed algorithms,
is the possibility of performing distribution-
independent group reduction.
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We extend Theorem 1 for distribution-
independent group reduction:

Proposition 2 Consider the GMDJ @Q =
MD(B,R,(I,-.-,ly),(01,...,0,)) where B has
key attributes K. Let Ry,...,R, be a partition
of R. Letl; and 1} be the lists of sub-aggregates
and super-aggregates, respectively, corresponding
to the aggregates in ;. Then:

MD(B,R,(ly,...,lm),(01,...,0m)) =
MD(Bao—\RNG|>0(MD(BJR17 (llli . 'al;n,)a
(01,...,0m))) U - UornG|>0(MD
(BaRnﬂ (lia .. 'J;n)a (017 .. 50m)))7
( Illa' .- ’l’II;’L)70K)

Where U indicates multiset union, and 0k is a
test for equality on the attributes in K.

Let Hy, Ho, ..., H, be the results of processing
the GMDJ expressions at the local sites. Then
Proposition 2 states that the only tuples of H; re-
quired for synchronization of the results are those
tuples t such that |RNG(t, R;, (01V...V8y,))| > 0,
as otherwise the tuple does not contribute any
information to the global aggregate. A simple
way of detecting |[RNG| > 0 with respect to tu-
ples in H; is to compute an additional aggre-
gate l,,41 = COUNT(x) on H; such that 6,1 =
(01 V...V 0,). The only overhead to this opti-
mization then becomes the additional computing
time for the extra COUNT (*), and to perform the
selection COUNT(*) > 0 at the sites.

Example 6 We revisit Example 3. The compu-
tation of the first (inner) GMDJ results in the
following two tables:

Xt
SAS DAS cntl suml
16 6 0 0
18 1 1 2500
18 29 2 500
X2

SAS DAS c¢ntl suml
16 6 1 700
18 1 0 0
18 29 1 400

Applying Proposition 2, however, allows the re-
duction of these tables at the local sites. Only the

reduced sub-results (given below) are transferred
to the mediator.

X3t
SAS DAS c¢ntl suml
18 1 1 2500
18 29 2 500

X5
SAS DAS cntl suml
16 6 1 700
18 29 1 400

Similarly, we can reduce the tables passed from
the sites to the mediator for the second round of
computation to the following tables.

X3!

SAS DAS cntl suml c¢nt2
18 1 1 2500 1
18 29 3 900 1

X352

SAS DAS cntl suml cnt2
16 6 1 700 1
18 29 3 900 1

In this scenario, we succeed in reducing the
communication from the local sites to the coor-
dinator during the evaluation by 1/3. Assuming
n sites, and that the size of the GMDJ is |B|, we
transmit n * |B| data. If each site, on average,
computes aggregates for 1/k tuples in B, then
distribution-independent group reduction will re-
duce the amount of data transmitted by each
site to |B|/k and the total data transmission to
n/kx*|B|. O

An advantage of distribution-independent
group reduction is that it improves performance
even without semantic information about the dis-
tribution of R (which might not be available).

4.4. Synchronization Reduction
Synchronization reduction is concerned with
reducing data transfer between the local sites
and the coordinator by reducing the rounds of
computation. One of the algebraic transforma-
tions possible on GMDJ operators is to coalesce
two GMDJs into a single GMDJ. More precisely:



MDQ(MDl(B, R, (l11, .. ,lu), (011, ceey 011)), R,
(I21, ..., lam), (B21, . . ., 62m)) =
MD(B,R,(l11,---,l1,l21,- - -, lam),
(011, . ,011,021, . 702m))
if the conditions 621, ...,60s, do not refer to at-
tributes generated by MD; [9].

However, in many instances the OLAP query
may consist of only one or two simple GMDJ ex-
pressions. In this case, the advantage of the co-
alescing is limited, because we may still have to
synchronize the base-results structure at the co-
ordinator after its construction. We present two
results specific to the distributed query process-
ing of GMDJs, that permit synchronization re-
duction.

Proposition 3 Consider a GMDJ query @ =
MD(B,R,(l1,...,ln),(01,...,60)). Let B be
the result of evaluating a relational exrpression
B on R, let Ry,...,R, be a partition of R,
and let B; be the result of evaluating B on R;.
Suppose that B = | |, B;. Let B have key at-
tributes K. If 0; entails Ok ,the test for equality
on the attributes in K, Vj|1 < j < m, then:
MD(BaRa(lla'"5lm)5(91;"'50m)) =
MD(mgH,H,(l{,...,1!),0k,...,0K))
where H = | |, H; and
5l;n)7 (013 tee 50771))

Proposition 3 states that, if B is evaluated over
the relation R (e.g., 7k (R)) and each condition
tests for equality on the key attributes K, then we
can omit the synchronization of the base-values
relation.

Example 7 Consider again Example 2. Follow-
ing Proposition 3, we can compute By and the
first GMDJ B; directly, instead of synchronizing
in between the two computations as would oth-
erwise be the case. Thus the number of synchro-
nizations can be cut down from three to two, with
a potential 40% reduction in the amount of data
transferred.

In the instance of Example 3, we are able to
avoid the need to transfer X§' and X§? from the
sites to the mediator, and Xy to the sites. O

Theorem 6 Consider the GMDJ Q =
MD2(MD1(BaR7 (l117 T allk)a (‘911; te aelk))7R7
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(121,...,lzm),(021,...,02m)). Let R1 U---u Rn
be a partitioning of the detail relation R. For
each R;, let ¢; be a predicate such that for each
r € Ry, ¢i(r) is true. Let 1} (b) be the formula
Vrdi(r) = =(611 V ...V 61)(b,7), and let ¢?(b)
be the formula ¥, .¢;(r) = —(021 V...V 02,,)(b, 7).
Suppose that ¥;(j # i) = (¥j(b) & ¥3(b)). Then
site 1 does not need to synchronize tuple b between
the evaluation of MD, and MDs.

Proof: Theorem 6 extends Theorems 1 and 5,
given appropriate information about the distri-
bution of R among the sites.
_ Let ll = (l11; . 7l1k_); lz = (121, .e ,lzm),
‘?1 = (Qll: - ,011), and (92 = (621, - ,azm). Let
I; and I7 be the lists of sub-aggregates and super-
aggregates respectively, corresponding to the ag-
gregates in ;. Let 0k be an test for equality on
the attributes of K. Then:
MDQ(MDl(BaRJ l_lja_l)JRJ [2;0_2) =

MD(B7H7 (l_lllal_g)aoK)
Where: H = Hy U ...U H,, and
H; = MD?(MDI(BJRZ'J[1170_1)7Ri7l_é70_2)'

It follows from the conditions of Theorem 6,
that for any tuple b € B, if RNG(b, R;, (611 V
...V 01k)) # 0, then there does not exist an R;,
J # i for which RNG (b, Rj, (0:11V ...V 6:k)) #0
or RNG(b, Rj,(021 V...V 0k)) # (. It then
follows that if RNG(b, R;, (611V ...V 61k)) # 0,
then:

MDQ(MDl (B, R, l_l, 0_1), R, l_z, (92) =
MD(B7H7 (_Illal_IZI)aeK)

Where: H =H; U...UH,, and

H; = MD?(MDI(BaRi;l_llae_l)aR’i;l_éae_Q)a and

H; = MD>(MD.((B\ b), R;,11,601), Ri,15,02),

where j #i. O

Theorem 6 states that it is not necessary to syn-
chronize a tuple b € B if we know that the only
site which updates b’s aggregates during MD;
and MD, is site i. If we have strong information
about the distribution of R among the sites, we
can avoid synchronizing between the evaluation
of MD; and MD, altogether.

For a distributed setting, we may often be able
to identify a partition attribute.

Definition 3 Let Ry U---U R, be a partitioning
of the detail relation R. For each R;, let ¢; be
a predicate such that for each v € R;, ¢;(r) is
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true. An attribute A is o partition attribute iff:
Vizima(og; (R)) N7a(og; (R) =0

Given metadata identifying a partition at-
tribute for the distributed detail data, we can
then determine whether or not synchronization
reduction is possible as follows.

Corollary 1 Consider the GMDJ @ =
MDs(MDy(B, R, (l11, - - -, 1), (011, --,01)), R,
(lgl, . ,lgm), (021, . ,azm)). If611, - ,01[,021,
vy 02, all entail condition R.A = f(B.A),
where f(B.A) is a bijective function on A, and
A is a partition attribute, then MDy can be com-
puted after MD, without synchronizing between
the GMDJs.

Thus, by performing a simple analysis of ¢; and
0, we are able to identify a significant subset of
queries where synchronization reduction is possi-
ble. We note that more than one attribute can be
a partition attribute, e.g., if a partition attribute
is functionally determined by another attribute.

Example 8 Consider the query of Example 2.
MD(MD(By, Fy,11,61) = Bu, F1,1s,0,)

Where:
By : msas,pas(Flow)
Fy : Flow
Iy : (ent(x) = cntl, sum(NB) — suml)
0, : (Fo.SAS = By.SAS & F.DAS = B,.DAS)
Fi : Flow
Iy : (ent(x) — cnt2)
& F1.NB > suml/cnt1)

Without any synchronization reduction, the
evaluation of this GMDJ expression would require
multiple passes over the Flow relation, and three
synchronizations, one for the base-values relation
and one each for the results of the two GMDJs.

Let the detail table of our query be Flow(RID,
SAS, DAS, NB), where RouterId (RID) com-
prises a partition attribute. Furthermore, let us
assume that all packets from any given SourceAS
only pass through a router with a particular
RouterId (RID). Then we might have the source
distributed over two sites, S; and S: as follows

(this data is different from that used in previous
examples to illustrate the use of this optimiza-
tion).

Flow at site S1
RID SAS DAS NB
1 18 29 200
1 18 29 300
1 18 1 2500
Flow at site S2

RID SAS DAS NB
2 16 6 700
2 16 29 400
2 16 6 900

The mediator still sends the initial schema and
query plan to the local sites, where the base tables
are computed by evaluating msas,pas(Flow) to
derive the following two tables for Xj.

xg
SAS DAS
18 1
18 29
x3°
SAS DAS
16 6
16 29

Since (SourceAS, DestAS) form a key of the
base-values relation, Proposition 3 is applicable
and no synchronization of the base-values rela-
tion is needed. Thus we directly evaluate the first
(inner) GMDJ at the local sites, without the in-
termediate synchronization step. This results in
the following tables.

Xt
SAS DAS c¢ntl suml
18 1 1 2500
18 29 2 500
X2
SAS DAS c¢ntl suml
16 6 2 1600
16 29 1 400

Since RouterId is a partition attribute,
SourceAS is a partition attribute as well. Since
the 0 condition of the inner and outer GMDJs



both entails F;.SAS = B;.SAS, it follows from
Corollary 1 that no synchronization is required
between these two GMDJs. Thus we can also
evaluate the second (outer) GMDJ at the lo-
cal sites without the intermediate synchronization
step. This results in the following tables at the
local sites.

X3t
SAS DAS c¢ntl suml cnt2
18 1 1 2500 1
18 29 2 500 1
X3

SAS DAS cntl suml cnt2
16 6 2 1600 1
16 29 1 400 1

Finally, the sub-results are passed back to the
mediator and synchronized to compute the final
result.

X2
SAS DAS cntl suml cnt2
16 6 2 1600 1
16 29 1 400 1
18 1 1 2500 1
18 29 2 500 1

Essentially, the entire query can be evaluated
against the distributed data warehouse with the
entire query being evaluated locally, and with a
single synchronization at the coordinator. O

Synchronization reduction is a distinctive fea-
ture of distributed GMDJ processing, which is
difficult or impossible to duplicate using tradi-
tional distributed query optimizations methods.
In addition, it is a key factor in keeping the dis-
tributed processing of OLAP queries scalable, as
we shall show in Section 5.

5. Experimental Evaluation

In this section, we describe a set of experiments
to study the performance of Skalla. We show the
scalability of our strategies and also quantify the
performance benefits of our optimizations.

5.1. Setup and Data
We used Daytona [17] as the target DBMS
for GMDJ expression evaluation in Skalla, both

17

for the local data warehouse sites and the coor-
dinator site. We derived a test database from
the TPC-R dbgen program, creating a denormal-
ized 900 Mbyte data set with 6 million tuples
(named TPCR). We partitioned the data set on
the NationKey attribute (and therefore also on
the CustKey attribute). The partitions were then
distributed among eight sites.

In each of our test queries, we compute a
COUNT and an AVG aggregate on each GMDJ op-
erator. We ran two different experiments with
different attributes of the TPCR relation as the
grouping attribute. The first set of experiments
(high cardinality) use the Customer.Name at-
tribute, which has 100,000 unique values parti-
tioned among eight sites. The second set of ex-
periments (low cardinality) uses attributes with
between 2000 to 4000 unique values.

We performed five queries for the experiments
documented in this paper, examining the effects
of attribute reductions, group reductions, syn-
chronization reductions, and a combination of all
the optimizations proposed. We ran two types
of experiments. For the first four experimental
setups, we fixed the amount of data at each site
(dividing the 6 million tuples of the TPCR re-
lation equally among eight sites) and varied the
number of sites participating in the query. We use
this experimental setup to evaluate the impact of
the various individual optimizations. For the fi-
nal experiment on the combined optimizations,
we used four sites and varied the amount of data
on each site. For each data point, we measured
five executions of a query and used the average.

5.2. Attribute Reduction

To test the effect of attribute reduction, we
used a query that contains two GMDJs, MD; and
MD,. The low cardinality experiment uses the
Type attribute, which has 2500 unique values all
present at each site. MD; depends on the AVG
computed in the base-values relation, and MD-
depends on the AVG computed by MD;. Because
of these dependencies, no coalescing is possible.
We do not apply group reduction or synchroniza-
tion reduction in this experiment.

In the first set of experiments, we test the ef-
fect of attribute reduction. Figure 3(a) shows the
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execution time of the high cardinality attribute
reduction query as the number of sites is var-
ied. With eight sites, attribute reduction reduces
query evaluation time by 12%. This improve-
ment is largely due to a reduction in the volume
of data transferred. As shown in Figure 3(b),
attribute reduction reduces the volume of data
transferred by 30%. We note that attribute re-
duction achieves this improvement in spite of the
fact that a large portion of computed aggregates
are used in subsequent evaluation rounds.

We can break the query evaluation time into
three components: site computation time (evalu-
ating the GMDJ queries), coordinator computa-
tion time (evaluating the synchronization query),
and data communication time. In Figure 4(a),
we show this breakdown for the attribute-reduced
high cardinality query. While the site compu-
tation time remains nearly constant, the coordi-
nator computation time and the communication
time increase quadratically. This trend is due to
the extreme setup of the experiment: the num-
ber of groups is large and increases linearly with
number of sites (as the groups are partitioned
among the sites). The communication overhead
increases quadratically because the linearly in-
creasing number of groups must be communicated
with a linearly increasing number of sites. The

sites return a quadratic number of groups caus-
ing a quadratic increase in coordinator computa-
tion time. The low cardinality experiment (Fig-
ure 4(b)) shows a different trend, as the number
of groups is moderate and does not increase much
with an increasing number of sites. The coordi-
nator computation is negligible, the site compu-
tation is nearly constant, and the communication
overhead is small and linearly increasing.

5.3. Group Reduction

To test the effect of group reduction, we used
a query with two GMDJs, MD; and MD,. MD,
depends on an aggregate of the group, and MD,
depends on an aggregate of MD;. We set the
predicates of MD; and MD, so that they have
zero counts in 45% of the groups. We use
Customer.Name as the grouping attribute. We
apply attribute reduction but not synchronization
reduction.

In the current implementation of Skalla,
the metadata indicates only which attributes
of a vrelation are wused for partitioning,
but it does not specify the predicate used
for partitioning. Therefore, we performed
distribution-independent group reduction but
not distribution-aware group reduction.

Figures 5(a) and 5(b) depict graphs show-
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Figure 4: Query Evaluation Time Breakdown for Attribute Reduction

ing the query evaluation time (Figure 5(a)) and
the amount of data transferred (Figure 5(b)) for
distribution-independent group-reduced and the
non group-reduced versions of the group reduc-
tion query. The set of non group-reduced curves
shows a quadratic increase in query evaluation
time and in the number of bytes transferred. This
behavior is due to a linearly increasing number of
groups being sent to a linearly increasing number
of sites; thus the communication overhead and
synchronization overhead increases quadratically.
When group reduction is applied, the curves
are still quadratic, but to a lesser degree. The
distribution-independent (i.e., site side) group re-
duction solves half of the inefficiency, as the sites
send a linear amount of data to the coordinator,
but the coordinator sends a quadratic amount of
data to the sites. Distribution-aware (i.e., co-
ordinator side) group reduction would make the
curves linear.

To see this, we perform an analysis of the
number of bytes transferred. Let the number of
groups residing on a single site be g, the num-
ber of sites be n, and the fraction of sites’ group
aggregates updated during the evaluation of a
grouping variable be ¢. In the first round, ng
groups are sent from the sites to the coordina-
tor. Without group reduction, n2g groups are

sent from the coordinator to the sites, and n2g
groups are sent back. With group reduction, only
cng groups are returned. Therefore, the propor-
tion of groups transferred with group reduction
versus without group reduction is (ng(2c + 1 +
2n))/(ng(4n + 1)) = (2¢+2n+1)/(4n + 1). The
number of bytes transferred is roughly propor-
tional to the number of groups transferred, and
in fact this formula matches the experimental re-
sults to within 5%.

5.4. Coalescing

To test the effect of coalescing, we use a query
with a single GMDJ MD; and compute a COUNT
and an AVG average in MD; and also for the
group. Therefore, coalescing reduces the query
from two rounds to one round. The low cardinal-
ity experiment uses the Type attribute. We used
attribute reduction in these experiments, but no
synchronization reduction or group reduction.

Figure 6(a) shows the evaluation time of the
coalesced and non coalesced query for high cardi-
nality data, while Figure 6(b) shows the results of
the same queries over low cardinality of data. The
non coalesced curve in the high cardinality query
shows a quadratic increase in execution time. The
coalesced GMDJ curve is linear. There is only
one evaluation round, at the end of which the
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sites send their results to the coordinator, so the
volume of data transferred increases linearly with
the number of sites. For the low cardinality query
the difference is less dramatic. Even though the
amount of data transferred is small, coalescing
reduces query evaluation time by 30%, primarily
due to a reduction in the site computation time.

5.5. Synchronization Reduction

To test the effect of synchronization reduction,
we use a query with a single GMDJ MD; For
the low cardinality experiment we used Nation
and Brand as the grouping attributes (3750
unique value pairs). Without synchronization,
two rounds are required, but with synchroniza-
tion reduction only one round is required. We
used attribute reduction but not group reduction
for these experiments.

We test the effect of synchronization reduc-
tion without coalescing. Figure 7(a) shows the
query evaluation time of the OLAP query eval-
uated with and without synchronization reduc-
tion for the high cardinality version, while Fig-
ure 7(b) gives the low cardinality version of the
query. Without synchronization reduction in
the high cardinality query, the query evaluation
time is quadratic with an increasing number of
sites. With synchronization reduction, the query

is evaluated in a single round, and shows a lin-
ear growth in evaluation time (due to the linearly
increasing size of the output). Thus, synchroniza-
tion reduction removes the inefficiencies (due to
attribute partitioning) seen in the previous exper-
iments. For the low cardinality query, synchro-
nization reduction without coalescing reduces the
query evaluation time, but not to the same degree
achieved with coalescing of GMDJs on the high
cardinality query. This is because coalescing im-
proves computation time as well as reducing com-
munication; thus the work performed by the sites
is nearly the same, and the difference in query
evaluation time only represents the reduction in
synchronization overhead.

5.6. Combined Reductions

For this experiment, we fix the number of sites
at four, and vary the data set size at each of these
sites. We start with the data set used in the pre-
vious experiments and increase its size by up to
a factor of four. We developed a query for test-
ing the aggregate effect of all reductions. This
query has three grouping variables, MDy, MD-,
and MDj3. MD, is pass-reducible to the group-
forming pass. MD, depends on an aggregate of
MD;, but is synchronization-reducible to MD;.
MD3 depends on an aggregate of MDs but is not
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Figure 6: Coalescing Query

synchronization-reducible to MD,. We designed
the predicate of MD3 so that at any site, it has a
non-zero count in 45% of the groups.

We used the attributes Nation and ShipDate
as the grouping attributes (with 62,000 unique
values of the pairs). These groups are partitioned
among the sites, but the attribute ShipDate alone
is not a partition attribute.

In our first set of experiments, the number of
groups increased linearly with the data set size.
The graph in Figure 8(a) shows the query evalu-
ation time when the optimizations are turned on
or off. In both cases there is a linear increase in
query evaluation time with increasing database
size. Using the optimizations improved the query
evaluation time by nearly half. The bar graph
of Figure 8(b) breaks down the evaluation time
of the optimized query into the site computation
time, coordinator computation time, and commu-
nication overhead, showing linear growth in each
component. We ran the same set of experiments
using a data set in which the number of groups re-
mains constant with an increasing database size,
and obtained comparable results.

5.7. Summary
For many queries (e.g., with a moderate num-
ber of groups), distributed OLAP evaluation is

effective and scalable (see, e.g., Figure 6(a)). The
optimizations discussed in this paper are effective
in reducing query evaluation time by a large frac-
tion (see, e.g., Figure 8(a)).

Distributed OLAP faces a scalability problem
when a partition attribute is used as one of the
grouping attributes, leading to a quadratic in-
crease in query evaluation time with a linearly
increasing number of sites. Most of the work is
wasted as the sites do not have tuples for most
of the groups sent to them. Two of the opti-
mizations we have considered in this paper are
effective in eliminating this inefficiency. Group
reduction (both at the coordinator and at the
sites) reduces the data traffic (and thus the query
evaluation time) From quadratic to linear. Syn-
chronization reduction further takes advantage of
the partition attribute by eliminating much of the
data traffic altogether.

6. Conclusions

In this paper, we have developed a frame-
work for evaluating complex OLAP queries on
distributed data warehouses. We build efficient
query plans using GMDJ expressions, which allow
the succinct expression of a large class of complex
multi-round OLAP queries. In our distributed
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OLAP architecture, a coordinator manages, col-
lects and correlates aggregate results from the dis-
tributed warehouse sites.

The use of GMDJ expressions allows us to
avoid complex distributed join optimization prob-
lems. However, query plans involving GMDJ op-
erators also require optimization for best perfor-
mance. We show a collection of novel GMDJ
transformations which allow us to minimize the
cost of computation and of communication be-
tween the sites and the coordinator.

We built Skalla, a distributed OLAP system
which implements the distributed OLAP archi-
tecture. Skalla also implements most of the opti-
mizations discussed in this paper. We ran a col-
lection of experiments, and found that the op-
timizations lead to a scalable distributed OLAP
system.

The results we present in this paper are the
first steps in the exploration of research issues in
the important area of distributed OLAP. Future
research topics include:

Multi-tier Coordinator Architecture: The
coordinator architecture used in this paper
works well for a small to moderate number
of data warehouse sites. As the number
of sites increases, various options can be

examined to parallelize the operation of the
coordinator instances. One option is to run
the coordinator on a multiprocessor server.
Other options are to use a distributed co-
ordinator, arranged in a hierarchy or a
mesh.

Query Optimization: We have shown a collec-
tion of simple optimization strategies for
GMDJs that almost always result in im-
proved performance. Future work is needed
to expand the range of optimization strate-
gies and to develop a query optimizer.

Holistic Aggregates: We have outlined a num-
ber of optimization schemes that could
be used to make practicable and optimize
distributed evaluation of non-distributive,
holistic aggregates. Further work is needed
to detail and expand upon the range of op-
timizations.
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A. Proofs

A.1. The Monoid Comprehension Calculus

For the purposes of the proof in the follow-
ing section, we will be making use of the monoid
comprehension calculus. In the following, we pro-
vide a brief overview of the monoid comprehen-
sion calculus, omitting those aspects not used in
this paper. We shall base our presentation of the
calculus on Fegaras and Maier [14].

Queries in the monoid comprehension calcu-
lus are expressed in terms of monoid comprehen-
sion. Informally, a monoid comprehension over
the monoid @ takes the form @®{e||q1,...,qn}
The merge function @ is called the accumulator
of the comprehension, the expression e is called
the head of the comprehension. Each term in
qi,---,qn (where n > 0) is called a qualifier, and
can be either a generator on the form v «+ ¢,
where v is a range variable and €' is an expression
that constructs a collection, or a filter P, where
P is a predicate. Examples of monoids would
be +, x,U,d. Monoids like + and x are called
primitive monoids because they construct values
of a primitive type. U and W are called collection
monoids; U collects values into a set, whereas W
collects values into a bag.

More formally, the monoid comprehension cal-
culus consists of a number of syntactic forms that
operate over monoid types. These syntactic forms
can be composed to construct yet more compli-
cated terms.

Definition 4 The monoid comprehension calcu-
lus consists of the syntactic forms in Table 1,
where @ is a monoid, e,e1,...,e, are terms in
the monoid calculus, v is a variable, t is a monoid
type, and q1,...,q, are qualifiers of the form
v+ e ore.

In the monoid comprehension calculus, rela-
tions and tables correspond to sets and bag ex-
pressions, and can be collected using the U and &
monoids respectively. Thus we can write a pro-
jection w[A]R as:

w{r.Al|r + R}

The bag collection monoid collects the tuples
generated by r < R, and conforms them to



NULL null value

c constant

v variable

e. A record projection

(A1 =e1,...,A, =e,) record construction

€1 Op e where op is a primi-
tive binary function,
such as +,=,<,>

o{ellg,---,qn} comprehension

Table 1

Monoid comprehension calculus elements

record projection r.A. If we wanted to utilize
a duplicate-eliminating projection, we would in-
stead have used the set collection monoid, U.

Similarly, a simple selection o[P](R) can be ex-
pressed as:

w{r||r « R, P}

The monoid comprehension calculus can be put
into a canonical form by a number of efficient
rewrite rules. The following is the primary rule
used in our proof.

ofellg, v « of'|IF}, 5} —
®{ellg,7,v=€',5} (1)

This normalization rule is meaning preserv-
ing [14].

The shorthand notation x = w is written to rep-
resent the binding of the variable z to the value
u. The meaning of this construct is given by the
following rule:

o{e||F, z = u, 5} — ®{e[u/z]||F, 5[u/z]} (2)

e[u/z] is the expression e with u substituted for
all the free occurrences of x.

A.2. Proof of Theorem 5
Proof: Theorem 5 is a straightforward special-
ization to the distributed case of the following
general transformation rule for GMDJs:
o rNG>0MD(B, R, (I1,...,lm),(01,...,0m)) =
= 0|RNG\>0MD(091BV...V0,”BBa R,
(I, oy lm), (01, ..., 0m))
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The |RNG| > 0 query assumes that there
exists a [; containing a COUNT and that 6; €
{01,. .. ;em} such that 01 = 0,’ A\ (01 V...V 0m)
Intuitively, if §;5(b) = false for a tuple b € B,
then it follows that no aggregate functions of the
tuple b will be computed for the aggregate list
l;; i.e., all aggregates in I; of b will have their
initial values. If a tuple b neither fulfills 6,5 or
O2p or ... or 8,,p, then it follows that the tuple
b will not have any aggregates computed at all;
ie., MD(b, R, (ll, .. .,lm), (01, .. .,Om)) =bXx Nj.

Consider the theorem for a single tuple b € B.
The equivalence of the Theorem then corresponds
to stating that this equation:

{s.4, s.ent||s < U{b.A, ent : +{r.c11]|
r < R,0;}||b < B},cent > 0} 3)

is equivalent to the following equation:

{s.4, s.ent||s + U{z.A, cnt : +{r.c11||r < R,
i}z < U{b||b < B,6;5}},cent > 0} (4)

Equation 4 can then be reduced as follows:

{s.4,s.cent||s + U{z.A, ent : +{r.c11||r + R, (5)
0:}||b+ B,z =b,6;5}},ent > 0}

from (1)

{s.4, s.cnt||s < U{b.A,ent : +{r.ci1||r < R, (6)
0;}||b < B,0;5}},cent > 0}

from (2)

{s.A,s.cnt||s + U{b.A,ent : +{r.ci1||r < R, (7)
0:,0;8}||b < B,8;5}},cnt > 0}
from@; = (9; NbO;p

Consider the two expressions
U{b.A,ent : +{r.ci1|lr « R,6.,6;8}|]
b+ B,bip}}
and
U{b.A,ent : +{r.ci1||r « R,0;,0;5}||b + B}}

Recall that attr(d;g) C B, which implies that
Vb e B, ent =0 if §;p = false . It thus follows
that the predicate 6;p discards a tuple b € B,
iff that same tuple would also be discarded by
ent > 0. 0O



