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Abstract

Data-warehousing applications cope with enormous data
sets in the range of Gigabytes and Terabytes. Queries
usually either select a very small set of this data or
perform aggregations on a fairly large data set.
Materialized views storing pre-computed aggregates are
used to efficiently process queries with aggregations. This
approach increases resource requirements in disk space
and slows down updates because of the view maintenance
problem. Multidimensional hierarchical clustering
(MHC) of OLAP data overcomes these problems while
offering more flexibility for aggregation paths. Clustering
is introduced as a way to speed up aggregation queries
without additional storage cost for materialization.
Performance and storage cost of our access method are
investigated and compared to current query processing
scenarios. In addition performance measurements on real
world data for a typical star schema are presented.

1. Introduction

Data processing in data warehousing (DW)
applications uses drill-down operations as well as dicing
and dicing according to several dimensions. For this
reason, multidimensional data models, multidimensional
qguery languages and even multidimensiona DBMS
(MDBMS) have been developed by the research
community and implemented as commercial products. To
a large extent, relationa DBMS are used for decision
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support applications, since these systems are well
researched and are reported to provide more efficiency for
huge databases than MDBMS. Regardless, whether a
multidimensional or relational paradigm is used to model
and query OLAP data, queries result in multidimensional
range restrictions in combination with sort operations and
aggregations. Therefore any DBMS storing OLAP data
must efficiently handle this typical query pattern.

Pre-computation, clustering and indexing are common
techniques to speed up query processing. Pre-computation
results in the best query response time at the expense of
load performance and secondary storage space. For DW
applications, pre-computation is mostly discussed for
aggregation  operations [CD97]. However, one
requirement of DW is to efficiently deal with ad-hoc
gueries. Then, deciding which queries to pre-compute
becomes extremely difficult. Pre-computation also leads
to aview maintenance problem.

Indexing is used to efficiently process a query if the
result set defined by the query restrictions is fairly small.
Most OLTP applications use B-Trees as their standard
indexing scheme. Favoring retrieval response time over
update response time allows one to build several indexes
on one table or data cube of a DW. Bitmap indexes are
widely discussed as an improvement over B-Trees for
DW applications, since they efficiently evaluate queries
with multi-attribute restrictions. However, the overal
result set still must be relatively small. This is a major
drawback of bitmap indexes, since usualy a relatively
large part of a cube has to be accessed in order to
calculate aggregated measures.

Clustering places data that is likely to be accessed
together physically close to each other. The goal of
clustering is to limit the number of disk accesses required
to process a query.

The contribution of our paper is a clustering scheme
for the fact table of a data warehouse according to
multiple hierarchical dimensions, so that star joins result
in multidimensional range queries on the fact table. Using
amultidimensional organization of the fact table based on



Z-ordering, query processing can exploit clustering in
order to reduce random disk accesses. Instead of an
artificial schema and data like the TPC-D benchmark used
in our earlier paper [MZB99], we had the chance to do
performance measurements on real world data provided
by our project partners, namely arelational DW for a fruit
juice company using a star schema with a fact table of 26
million records (an overall size of 7 GB). We compare
our multidimensional approach to traditional bitmap
indexing. On this real-world data we experienced a
performance increase up to afactor of ten.

The rest of the paper is organized as follows. Section 2
surveys related work. In Section 3 we describe our
terminology and identify a standard query pattern for
OLAP queries. Section 4 introduces multidimensional
hierarchical clustering (MHC), and shows how MHC and
the Tetris algorithm are used to efficiently process star
joins. Section 5 gives simulation results, whereas Section
6 presents performance measurements on real world data.
Section 7 draws conclusions and gives an outlook on fu-
ture work.

2. Related Work

The new requirements and research issues set by
OLAP applications are summarized in [Wid95, WB97].
Besides the questions of data management (e.g., data
cleansing, data maintenance) there are two issues of great

importance. First, the question of providing a ‘good’ data

dimensional clustering. Multidimensional clustering has
been discussed in the field of multidimensional access
methods (e.g., [GG97] and [Sam90]). [ZSL98] addresses
the issue of hierarchical clustering for the one-
dimensional case.

3. Processing OLAP Queries

On the conceptual level a multidimensional (MD) view
on the data models has been established by academia and
the industry for OLAP applications [CD97]. In the MD
model the numeric (quantitative) dataefsures) (e.g.,
sales, cost) which is the focus of the analysis is organized
along multiple dimensions. The dimensions provide
categorical (qualitative) data (e.g., container size of a
product), which determines the context of the measures.
Therefore the measures can be seen as a value in a MD
space — one often refers to this model as aduiiz. An
important concept of OLAP data models is the notion of
dimension hierarchies. Hierarchies are used to provide
structure to the otherwise flat dimensions. Often the data
in the dimensions can be categorized according to some
additional characteristics (e.g., shops could be classified
according to their location). Usually OLAP users are not
interested in single measures but in some form of
summarized data (e.g., sales in a certain area). Hierarchies
provide an appropriate method of describing the level of
aggregation for a dimension.

Typical OLAP operations are drill-dowmoll-up and

warehouse architecture combining a conceptual, a logicalslice-and-dice [Kim96] and usually multiple dimensions
and a physical data model. An overview of the most are restricted at the same time. In general one can state
popular models can be found in [BSH+98]. All these that these operations in a MD model lead to range
approaches have in common that they are based on eestrictions on the lowest hierarchy level of each
multidimensional data model. On the logical and physical dimension [Sar97].

level two main streams have been established — ROLAP

that is based on the relational model and MOLAP that3.1  The Physical Data M odel

uses MDBMS.

The second important issue is the question of

In the following we are concentrating on ROLAP

performance optimization. Due to the completely differ- where the conceptual MD model is mapped onto a

ent query characteristics of OLAP applications

in relational

database schema. The most established

comparison to OLTP new questions have to be addressetelational data models for OLAP applications arediiae
here. The performance problem is heavily linked to the schema and thesnowflake schema. In both approaches a

physical data model.

central fact table contains the measures and the dimension

The index selection problem for ROLAP applications tables are situated around it. The connection between a
is widely discussed in the research community [GHR+97,fact tuple and the corresponding dimension members is

Sar97]. Especially bitmap indexes

provide good realized via foreign key relationships.

In ROLAP

performance because of their compactness and support dfierarchies on dimensions are usually modeled implicitly
star joins [CI98]. A common way of performance im- by a set of attributes /A..., A, where A corresponds to
provement is the usage of materialized views - often inhierarchy leveli. We call such a sequence of attributes
combination with indexing methods [Moe98, WB98]. hierarchically dependent.

Due to the large number of possible views a selection
problem has to be solved besides the maintenance issud-2
[Gup97, SDN+96, SDN+98]. Clustering of OLAP data
plays a key role in providing good performance.

Running Example: The ‘Juice & More’
Schema

Clustering has been well researched in the field of access In this paper the following schema of the beverages
methods. B-Trees [BM72], for instance, provide one- supplier ‘Juice & More’, a real customer of one of our



project partners (the company and the data presented here as restrictions on the usually very large fact table. This so-
have been made anonymous) will serve as running calledstar join is typical for ROLAP. Figure 3-2a shows
example. In ‘Juice & More’ data is organized along the the template for star joins on ‘Juice & More’. We are
following four dimensions: CUSTOMER, PRODUCT, focusing on hierarchical restrictions on the dimension
DISTRIBUTION and TIME. Figure 3-la shows the tables (e.q., Product. Type="Juice’ AND
hierarchies over the dimensions (the number in Product.Brand="XYZ’). In Section 4.2 we present a tech-
parentheses specifies the maximal number of levelnique which maps a star join to a multidimensional range
members). guery (see Figure 3-2b) on the fact table.

[ ProbucT | | customer | | pistriBUTION | | TIME | Sel ect <MEASURE AGCREGATI ON>

Fromr Fact F, Qustoner C DO STR BUTI QN D,
Product P, Tine T

Were F. Prodkey = P.Prodkey ANC
F. Qust Key = C QustKey AND

[ Al Products | [ All customer | | Al Distributions || Al Time |

LTypes | [ Region @) | Sales F. TIMEKEY = T. TI MEKEY ANC
Organization (5) £D -bo AN
v v ) -
[ Brand ®) | [ Nation (7) | , ¢ , <0F CTav AL
Distribution <Dl STR BUTI ON RESTR CTI ON> ANC
v v Channel (3) <PRODLCT RESTR CTI QN> ANC
| Category (19) | | Trade Type (2) | <TI ME RESTR CTI O\~
@
v A 4
| container (10) | [ Business Type (7) | Sel ect <MEASURE AGEREGATI ON>
From Fact F
(a) Wiere F. Prodkey BETWEEN Pkeyl AND Pkey2 AND
SR p——— F. O st Key BETWEEN Dkeyl AND Ckey2 ANC
2180 rows 12 rows F. Qust Key BETVEEN Ckeyl AND Ckey2 ANC
PRODKEY DISTKEY F. Ti nekey BETVEEEN Tkeyl AND Tkey2
TYPE SALESORG
BRAND EACT CHANNEL ®)
CATEGORY 26M rows . .
CoNTANR p— F|gur(_e 3_—2 Sta_r-Jom Example and
CUSTKEY Multidimensional Range Query
DISTKEY.
CUSTOMER TIMEKEY i
WSS SALES 4, C|USterIng OLAP data
CUSTKEY. DISTCOST
— e Since symmetrical clustering with respect to several
RADETYPE TIVEKEY dimensions is hard to achieve, most physical OLAP
BUSINESS TYPE YEAR storage models either use non-clustering indexes like
MONTH secondary B-Trees or cluster data with composite B-
(b) Trees. The most prevalent OLAP data structure are
) ) o o , bitmap indexes (e.g., [OQ97]). Bitmap indexes are useful,
Figure 3-1 Hierarchies in the “Juice & More if multiple restrictions in low cardinality attributes like
schema and the corresponding star schema REGION or BRAND result in a very small selectivity

The ROLAP data model for the ‘Juice & More’ (i.e., ratio of result set size and table size) for the con-
schema (Figure 3-1b) is a typical star schema with onelunctive restriction. However, bitmap indexes are non-
fact table FACT and a table for each of the 4 dimensions.clustering secondary indexes which for small result sets
Let ‘SALES’ and ‘DISTCOST’ be some of the measures May require a random access for every tuple. For large

in the fact table. result sets (i.e., when for a page sizeMftuples the
selectivity of a query exceedsC)/they may require an
33  Star Joins access to every page of the table in worst case.

Queries usually contain restrictions on multiple
dimension tables (e.g., sales for a specific customer group
and for a specific time period are asked) that are then used



bitmap for organization = ,TM* | 1..... 1.11 1.1 1.1. 1.1 1.1 1.1.. 1.1 1 |34 % of tuples
bitmap for region =, Asia“ | 11.1...... 1.11..... 1.1.1..1 1.1.1. 1..1.1 |32 % of tuples
result of bitmap intersection | 1o........ P Lo v 1..... | 10 % of tuples
accessed disk pages  (shaded ) | Page 1 | | Page 2 | | Page 3 | | Page 4 | | Page 5 | 80 % of pages

Figure 4-1 Bitmap Index Intersection

Figure 4 -1 shows how bitmap indexes process a query the hierarchy of level containing all members of a
that calculates the total sales of customers in Asia for category. Usually a memben is assigned a namia-
distribution organization “TM” (zero bits in each bitmap pej(m) (e.g., ‘Orange Juice’ for mi) instead of

are indicated by a dot in the figure). enumerating all valueg 0 m. The subset relationship

between the members of two neighboring levglsand
Li+1 defines a hierarchical relation (i.e., partial ordering)
between the levels (e.g., the product ‘OJ0O.7L’ is in the
eproduct category ‘Orange Juice’). Increasing the level of a
Jwierarchy increases thgranularity of the categorization,

., the data is classified according to finer categories.

For each restriction, the bitmap is retrieved from the
corresponding bitmap index. After intersecting these two
bitmaps by a bitwise AND-operation the tuples corre-
sponding to 1-bits are retrieved. In the figure we assum
C = 10 tuples to fit on one page, thus ten consecutive bit
correspond to the tuples on one disk page. The selectivit)}'e
for the dimensions is 32% respectively 34%, resulting in :
an overall selectivity of 10%. Since the data is not . Wwith _the base SV as the (_)nly member of levéb
clustered on the pages, the query needs to retrieve 80% &._e., Lo= {V}) a hierarchyH t_)unds a hlerarqhy tree_ (W?
the fact table to retrieve 10% of the tuples. will _explaln how_ to deal with complex hierarchies in
In practice this ratio is even worse: Actual valuesdor Sectlc_)n 4.2.2.) with the root leveb. The nodes oH are
range between 20 and 400 for 8kB pages. For the the hierarchy members (or member labels) connected by

‘Juice & . ! . .
More' data warehouse the actual valueds= 30. edges which are defined by the subset relationship

Therefore bitmap index intersection might result in a full hetween m(?mbers O_f neighboring Ieve!i Chiddren of
table scan already, when the conjunctive selectivity of a& memberm, of leveli are all membersn

query exceeds 3.33%. leveli+1 that are subsets af,, i.e.,

of the lower

children(m,)={ m"™ O Ly, | m™0 m} (e.g., the set
{{'Apple Juice 0.5L%}{ ‘Apple Juice 1L7}} is the
children set of ‘Apple Juice’). Thparent of a member

For our definition of MHC we use a set Concept to mL of leveli then is the membemli_lof the upper level
formally define hierarchies: A dimensidh consists of a
base type having a set of valigs{vy,...vn}. A hierarchy
of depth h overD is an ordered set df+1 levels, i.e.,
H={Ly ,...,Ly} (see Figure 4-2). Eadhierarchy level i of Juice’ is the parent of ‘0J 0.7L).

H overD is a set of sets; = {mj, ..., m|} with m; OV The bijective functionord, (see Figure 4-2 for an
for k=1,..j. Eachm [ L; is a member set (or member) of example) defines a numbering scheme for the children of

4.1 A Formal Description of Hierarchieson
Dimensions

i-1 that is a superset @fi, i.e.,
parent(mi)={m™* O Ly | m™0 mi} (e.g. ‘Orange

All
[mf ={0J 033L; 0J07L; OJ1L; Apple Jice O5L; Apple Jice 1L} | All Products
*OrangeJuice ¢ Apple Juice
0 |m11 ={0J 0.33L; OJ0.7L; OJ 1L} | 1 |m§ ={ Apple Juice 0.5L; Apple Juice 1L} | Product Category
v 0,331 v 0,7L v 1L v  05L v 1L

o |[mf={orosa} | ; [mi={osorn}| 2 [mi={0iu}]| o [mZ={Apple dice (3.5|.) | 1 [m={apple xice 1}| Container Size

Legend: Level L abel Member Ordinal (e.g., 1)

Member Label (e.g., 0.7L)

Figure 4-2 Example Hierarchy in Member Set Representation



amember m of H. Ord,, assigns each subset (child) of ma If there is no reasonable ordering on an enumeration
number between 0 and the total humber of children of m type (e.g., it does not make sense to ask for REGION <
i.e., “Middle Europe”), we drop the requirement drto be
ord,, : children(m) - {O,...,| children(m) | -1 . order preserving:
Hierarchies should never relate members of different f:A - {0,...,]A]-1}, f injective

dimensions, since dimensions are independent and thus We callf asurrogate function for an enumeration type.
such a hierarchy could be split up in two separate For each valua O A we callf(a) the surrogate of a. For
hierarchies (see Section 4.2.2). a very compact representation we number surrogates in
sequential order. Figure 4-3a lists the values of the

42 Multidimensional Hierarchical Clustering enumeration type REGION and the corresponding

Clustering of one-dimensional objects and single surrogates.
object hierarchies has been discussed to a large extent
(eg., [ZSL98], [BKS89], [Salss]). However, OLAP REGION f(REGION)
gueries often impose restrictions with respect to hierar- South Europe 0
chies over multiple dimensions. The result set satisfying Middle Europe |1
these restrictions is usually quite large; for presentation it Northern Europe | 2
is grouped and aggregated or ranked. Clustering data with Western Europe | 3
respect to multiple hierarchies can substantially speed up North America |4
these operations. Latin America 5
If the order of dimensions during drill down is known Asia 6
in advance, clustering the fact table in this dimension Australia 7
order will result in a good query performance. In @

principle, a concatenated clustering index (i.e., B -Tree)
on the hierarchy levels of al dimensions in one
lexicographic order is maintained. Even when creating
multiple concatenated B-Trees there is a high probability
that the pre-defined clustering order will not be very
useful for a particular query.

MDBMS use multidimensional arrays to physically
cluster data. However, for non-aggregated data this often
leads to sparsity problems, which are discussed in more
detail in Section 4.3. Multidimensional access methods as
commonly used in spatidd DBMS  provide -~ |30e's Sports Bar .
multidimensional clustering in order to efficiently answer b

\cimensl . clently an (b)
multidimensional range queries. In combination with a
suitable hierarchy encoding these methods can be used to

CUSTlOM Eﬂ

Figure 4-3 Surrogates for REGION and the entire

significantly speed up OLAP queries.

4.2.1. Order Preserving Encoding of Hierarchies by
Surrogates. Many attributes in relationa DBMS in
general and in data warehouses in particular have an
actual domain of a very small set of values. A typica
example is the attribute REGION of the dimension table

Customer Hierarchy

To efficiently encode hierarchies, we introduce the
concept of compound surrogates for hierarchies [Mar99].
Since we require hierarchies to form a disjoint partition-
ing, a uniquely identifying compound surrogate for each
child node of a hierarchy member exists and can be recur-
sively calculated by concatenating (©) the compound

CUSTOMER of ‘Juice & More’, which has an actual surrogate of the member with the running number of the
domain of 8 values. However, a much longer characterchild node as calculated by the surrogate function ord
string is used to store the regions. We call the data type ofrom Section 4.1. Thus, for a member m' of hierarchy
an attribute to be aenumeration type, if its actual domain  level i of hierarchy H we define its compound surrogate:
A consists of a relatively small finite set of values. Ot e oy (m') ifia

iy —
In order to_ maximize the entr(_)py of an enumeratipn cs(H,m’) = Sl:s(H,father(m‘) oord (m'), otherwise
type A we define an order preserving one-to-one mapping ather (')

f and its inverse functiofi*:

f:A - {0,...,]A|-1} such that fom, b O A: f(a) < f(b)

< a<ub

The path North America > USA > Retail > Bar
(Figure 4—3b) has the compound surrogate:



Or deustomer (NOrth America) o ordyorth America (USA) ©

ordysa(Retail) o ordrgg(Bar) = 40leclc2,

The upper limit of the domain for surrogates of level i
is caculated as the maximum fan-out (number of
children) of all members of level i—1 of a hierarchyH,
ie.,

surrogatedd, i) = max {cardinality(childrerid, m))
wherem O levelH, i - 1)}
A path® through a hierarchy of deplhis specified by

striction on each compound surrogate, if some hierarchy
level of each dimension is restricted to a point. In the
same way intervals on the children of one hierarchy level
result in a range on the corresponding compound surro-
gates (e.g., year = 1998 and month between April and
June). A star join on a schemawith d dimensions creates a
d-dimensional interval restriction on the fact table.

4.2.2. Dealing with Complex Hierarchy Graphs. If two
levels of a hierarchy graph are linked by several paths,

there are several possibilities to define a hierarchy tree
and therefore several ways to calculate the compound
surrogates for physical clustering:

If the order on the lowest level of granularity is
identical for two hierarchy paths, then one path can be
derived from the other path by an order preserving

a list of membersr?, ..., m", wheren! is a member of
hierarchy level. With |; = og, surrogated{, i)Ua fixed
length compound surrogate can be stored in a very
compact way by binary encodifg.

cs(H, @) = cs(H,m") =

1 21 ol function on the lowest level of granularity. Then the

O yper ity (M) +0rd e iy (M) 27+ clustering order for both hierarchy paths is identical.

+ord o () 22t Thus, the clustering order for WEEK and MONTH in
father (m")

| CUSTOMER TYPE |

Figure 4-4 Complex Hierarchy Graphs

. Figure 4—4a is identical. Both can be computed by an
~With 1,=3, 15=3, 1;=1, andl,=3 for the CUSTOMER  der preserving function from DAY, the lowest
dimension (cf. Flgur.e 3-1la) this formula leads to the granularity level of the TIME hierarchy.
compound surrogate:
cs(H, Bar) =100001 1 010.=538
;=3 1,=313=11,=3
Usually growth expectations for a hierarchy are known
well in advance. Often hierarchy trees are even static. |MONTH ||WEEK || TRADE TYPE| [CUSTOMER SIZE|
Therefore it is possible to determine a reasonable number ¥
of bits for storing each surrogate of the compound surro- DAY
gate of a hierarchy. Since hierarchy trees grow exponen- @ (b)
tially, the overall number of bits necessary to store a
compound surrogate is relatively small. For instance, a
hierarchy tree with four branches on 8 levels already If th " file is k th ¢ ful path of
represents%= 65536 partitions and is stored by 16 bits. ne query protiie IS known, the most useiul path o
i the hierarchy graph used for restrictions, sort operations
The maximum lengthy,, of a compound surrogate for  or grouping should be chosen. Thus, if in Figure 4-4b
‘Juice & More’ can be computed from the maximum fan- queries on CUSTOMER usually restrict REGION and
out of the hierarchy levels given in Figure 3-1a. For any NATION, this path should be chosen for clustering.
of the 4 hierarchiek,, does not exceed 15 bits and thus | the query profile is not known, all paths of a
can be stored in a single integer value. hierarchy graph may be used for clustering, since hierar-
The lexicographic order on the hierarchy levels is pre- chies may be used for restrictions independently during
served by this very compact fixed length encoding to drill-down. For clustering the different paths then can be
integers. Point restrictions on upper hierarchy levels resultconsidered to be independent dimensions. In the hierarchy
in range restrictions (intervals) on the finest granularity of graph of Figure 4-4b both the REGION and the
a hierarchy. For instance, the point restriction NATION = CUSTOMER hierarchy might be used for clustering.
“USA” on the second level of the CUSTOMER hierarchy However, this approach increases the clustering dimen-
with f(“North America”)=4=10Q and f(“USA")=1=001, sionality and thus should be used with care.
maps to the range restricti@Sqgomer PEIWEEN 528=100 Other issues in the context of complex hierarchies are
001 0 00Q and 543 =100 001 1 1id.e., to the interval  unbalanced hierarchies, slowly changing dimensions and
[528,543]). Thus, a star join with this surrogate encoding multiple inheritance. Unbalanced hierarchies occur, if
for the foreign keys of a fact table results in a range re-some hierarchy members have more child levels than
others. This means, that the compound surrogates of Joe’s
* In general we use variable length compound surrogates that need |;(m) Sports Bar and Kana’s Sushi Bar in Figure 4-3b have
;logz Ichildren(rml t;its to ﬁoreft‘ge_wrggge for any_tchli)IdI of n:j- ~different lengths. Using variable length compound
e e ot 0 e plonced . gurogates or padding the shorter compound. surrogate
fixed length compound surrogates for clustering the ‘Juice & More’ fact
table.



with zero bits solves this problem without any impact on
clustering.

Slowly changing dimensions can be addressed by
marking each node of a hierarchy tree with avalidity time
interval. An object is physically clustered and retrieved
with respect to its validity time. Reorganization of the
physical clustering is not necessary: Even with a new
classification upon a certain point of time the existing
clustering should be correct from a historic perspective. If

[OM84, Jag90]. All of these methods provide a disjoint
partitioning of multidimensional space. Because of its
inherent hierarchical data space organization and its easy
implementation, we use the UB-Tree for the ‘Juice &
More’ data warehouse. However, the principle benefits of
our technique also apply to the other access methods.

The UB-Tree [Bay96, Bay97a] is an access method for
multidimensional point data and thus copes with sparsity
without any additional overhead. It utilizes a space filling

the business type of Joe’s Sports Bar changes from bar tocurve to create a hierarchical disjoint partitioning of a

restaurant in 1998 (cf. Figure 4-5), all previously
clustered data still is correct.

‘South Europe‘ ‘ North America‘ !

Figure 4-5 Change of a hierarchy over the time

The total sales over all bars in 1997 must include Joe’s

Sports Bar, whereas it is included in restaurants for 1998
However, each object of a hierarchy needs information
about re-classification in order to correctly calculate the
total sales to Joe’s Sports Bar over the last years.
Multiple inheritance (e.g., Joe's Sports Bar

is

considered to be both a bar and a restaurant at the san{8

time) is solved similarly to slowly changing dimensions:

One of the several possible paths to a hierarchy node i§

multidimensional universe while preserving
multidimensional clustering. Using the Z-curve it is a
variant of the zkd-B-Tree [OM84] partitioning the
multidimensional space intd-regions (i.e., a subspace of
the multidimensional space defined by an interval on the
Z-curve). Each Z-region corresponds to one page on
secondary storage. The UB-Tree requires logarithmic
time (in the number of actual values in the data cube) for
the basic operations of insertion, point retrieval and
deletion, and storage requirements are also linear.

By the virtue of compound surrogates from Section
4.2.1 for each dimension, the UB-Tree creates a MHC.
This clustering is efficiently exploited by the UB-Tree
range query algorithm [Bay96, Mar99] to answer queries
with point or range restrictions in multiple hierarchies.
Range queries are processed by retrieving all Z-regions
that intersect the query box and thus linearly depend on
the result set size.

The problem of the zkd-B-Tree when handling tuples
with identical leading bits in some attributes [LS90] does
not occur for MHC with UB-Trees: The leading bits of
each dimension belong to the top level hierarchies and
therefore partition the data space with respect to that di-
ension. Since the interleaving order of bit-interleaving
hierarchically organizes the data space, the boundary of
ach Z-region exactly reflects the hierarchy over each
dimension. The first hierarchical split levels correspond to

chosen for clustering. The other paths of a hierarchy .
graph to that object then merely store a pointer to the subiN€ UPPer nodes of the hierarchy tree. Therefore, a query
tree that actually stores the object. If multiple aggregationP0X ~defined by hierarchical restrictions over a

paths are possible, precautions must be taken that On|>r,‘nultidimensional hierarchically clustered UB-Tree will
one of these paths i’s used for aggregation. contain most Z-regions completely. The retrieval
overhead is minimal; almost all data being retrieved is

4.3 Choosing a suitable Data Structure: The part of the result set.

UB-Tree 4.4  Addressing Sparsity

In principle, MHC may be implemented by any . ' .
multidimensional access structure in combination with the is S‘n);rs'éy.'sstednetmﬁd taz tgitpglrczgtggenm I?o(rjoamam tlttw_jat
surrogate calculating function of Section 4.2.1. However, Id : XII dat ! b u't is th : .t' bet u ':h
using R-Trees [Gut84] or Rirees [BKS+90] may result imensional data cube sparsity IS the ratio between tne

in a sub-optimal performance, since these structures maﬂumge; OI celllls nfot (;or:talnlrgg agyn?atgf:g tthel Ovﬁrew
subdivide the universe into overlapping tiles, which may umber ot cels of a dafa cube. some 00is aflo

result in multiple accesses to one disk page. Therefore th&"€ 'gollrne;]rk ccijllm(?,[;]lsmnzto be sparsdel¥ poptl)JIa_te(;I and (tjhen
most interesting candidates are Grid-Files [NHS84], hB- speciafly handie Iem. HOWever, a data cube 1S formed as

Trees [LS90], RTrees [SRF87] or space filling curves in %_hﬁ crfoss produfct over the dog’_nams pf allthd|men5|$ns.f
combination with one-dimensional access methods, . ' cIOr€, €VEN for non-sparse dimensions the sparsity o

the entire cube becomes extremely high soon. The ‘Juice



& More' schema, for instance, is a star schema with four
independent dimensions with a sparsity of 99,8%
(cardinalities taken from Figure 3-1b):

sparsity(Juice& More) =1- 26 Mio _
703036003612
=0,9984 with
] |Fact Tablg)
sparsity(star schema) =1-——
[1;Dim Tablei]

To our knowledge sparsities of more than 99% are
typical for data warehousing applications (e.g., the TPC-D
benchmark). Thus, in practice sparsity forbids to _
materialize an entire data cube of raw data. Physical data " Asia
organization in a multidimensional array is only feasible
for highly aggregated data. However, serious decision
support applications require a deep drill down into
interesting areas of a data cube. Therefore it is necessary
to have a physical representation of a sparsely populated
data cube that offers efficient access to parts of that cube.
With MHC drill down defines a subspace of a data cube
by range restrictions in several dimensions. Thus, MHC is
a method to cluster sparse data with respect to several
dimensions in combination with an efficient range query
and sort algorithm (cf. Section 4.5) for efficient handling
of drill down queries.

45 Processing OLAP Querieson
Multidimensionally Clustered Data - The -
Tetris-Algorithm _

B Asia

With MHC a star join in data warehousing applications
basically maps to group/aggregate operations in combi-
nation with multi-attribute range restrictions as shown in
Section 4.2. This typical query pattern is efficiently
handled by the Tetris algorithm [MB98], a generalization  The query box is read in sort order from bottom to top;
of a multidimensional range query algorithm (see the aggregates for each juice type are calculated on the
[MZB99] for a detailed description and analysis): fly. The part of each Z-region from which tuples are
Basically, the partial sort order imposed by a multi- cached is shaded. When all Z-regions intersecting the
dimensional partitioning is used to process a table in someOrange Juice’ slice have been read, this slice is sorted
total sort order. Disk accesses are only necessary for thend aggregated. In the same way the next slices (‘Apple
query space defined by the multidimensional hierarchical Juice’, ‘Cherry Juice’, etc.) are processed. This continues
restrictions. With sufficient, but modest, cache memory until the entire product interval defined by the restriction
each disk page is accessed only once (see Section 5).  to ‘Juice’ has been handled.

Figure 4-6 llustrates how Tetris processes a Tetris usually avoids external sorting, since only slices
hierarchically clustered relation to aggregate the sales forof the result set need to be sorted at a time. Thus only
each different fruit juice for all customers in Asia. The sublinear temporary storage is required with respect to the
restriction of REGION="Asia’ results in an interval in the result set size. I/O-time is linear with respect to the result
CUSTOMER dimension. The same holds for the set size. In contrast to a standard merge-sort algorithm
restriction TYPE="Juice’ for PRODUCT. The boundaries sorting is no longer a blocking operation. Aggregations
of each query interval correspond to Z-region boundariescan be calculated on-the-fly and allow for better
and thus minimize the number of Z-regions only partly interactive response times. In addition, the Tetris
contained in the query box. algorithm efficiently processes iceberg queries for ranking

[FSG+98], if the desired measure is used as a further

Figure 4-6: Processing a query box in sort order
with the Tetris algorithm



dimension of the UB-Tree. The Tetris a gorithm then does
not read the entire query box in the sorting dimension, but
terminates after processing thefirst slices.

4.6 Materializing Aggregates

MHC is not only applicable to the fact table itself, but
can aso be used to organize views with materialized
aggregates. Higher aggregation levels result in a UB-Tree
with shorter compound surrogates or reduced dimension-
aity. It makes sense to store pre-computed aggregates for
the highest aggregation levels with restrictions in only one
dimension, e.g., the total sales on ayearly basis. Since not

(e.g., REGION = ‘Asia’), sorting of row identifiers may
even be avoided: index pages for tuples with identical
index attributes may be organized in the physical order of
the row identifiers. Then point restrictions will get a list
of row identifiers sorted according to the physical location
of the tuple. This makes a SSI not to degenerate and
behave similarly to an FTS in worst case.

BIl requires that the corresponding part of each bitmap
index has to be retrieved. In addition, BIl requires a
random access for each tuple satisfying the restrictions in
all attributes. The result of Bll is a bitmap, which is used
to access data pages in physical order. Thus multiple
random accesses to one data page will not occur.

all possible aggregations can be stored in general, MHC
allows one to derive many further aggregates efficiently

from the raw data. This avoids materialization of many
aggregation levels and thereby reduces the view - g
maintenance problem to a large extent. The ‘space—time’ |GUSengwit
. . page prefetching 5
tradeoff between preaggregation and query response time g
still exists, but MHC reduces it significantly. =
FTS Sssl

5. Performance Analysis

The cost functions used for our analysis take
clustering, prefetching as well as CPU-time and I/O-time
into account and were derived in [Mar99] and [MZB99]
based on [HR96]. For retrieving or grouping and
aggregating (i.e., sorting) a relation in combination with
multidimensional hierarchical restrictions we simulated
response times and intermediate temporary storage. We
consider several organizations of the fact table of a star
schema: MHC, a composite secondary index (CSlI,
clustering B-Tree) over all attributes (foreign keys of

CSl

each dimension and measure attributes), a single Fsrbution[Q
secondary index (SSI, non-clustering-Bee) on the M s
attribute with the least selectivity, a full table scan (FTS), 3% { o2 °
and bitmap index intersection (Bll), which combines the 38 Y oo
bitmaps of each restricted attribute to determine the result —

set of the query. In the following we assume that the fact 17%

table is stored oR disk pages. MHC

Figure 5-1: Access Methods and Clustering

The shaded part of each cube in Figure 5-1 shows the

An FTS to answer multidimensional range queries with P&t of athree dimensional database which is retrieved by
selectivity s in dimensionj can exploit prefetching the corresponding access method to answer a query to
techniques to reduce the number of random page access&gmpute the sales for one year (SnM_E = 33%) fo_r al fruit
at the expense of having to read the entire table. Using #UiC€S (Seropuct = 25%) sold by direct marketing (sois
CSI with a composite BTree in lexicographic ordek,, ~ TrRiBution = 17%): an FTS refrieves the entire database
.., A, the index for the restriction iA; may be used at  €xploiting clustering and prefetching. In contrast to that a
the expense of having a random access for each page. &> Will rarély utilize any clustering benefits for small
SSI onA requires a random page access for each tuplgesult sets. Bll retrieves each bitmap by clustered access,
satisfying the restriction i, since no clustering of the whereas the data itself will often be spread over many
tuples is available. The number of random accesses of 4@ pages and then must be retrieved by random access
SSl is limited toP, if the row identifiers of the SSI are 0 One page for nearly every tuple. However, for larger
sorted and then processed in physical page order for datsESult Sets the probability rises that prefetching might be
page retrieval. For point restrictions on the index attribute @Plicable for bitmap indexes. This means, that BII will

5.1 Retrieval with Multi-Attribute Restrictions



not be much less efficient than an FTS in worst case. A
CSl with the DISTRIBUTION dimension as first attribute
in concatenation order utilizes clustering but only exploits
the 17% restriction on DISTRIBUTION. In contrast to
that, MHC utilizes the restrictions of al dimensions and
retrieves the data in a clustered way. Both effects contrib-
ute substantially to the performance advantage of MHC.

5.2 Simulation of Response Timesfor Queries
with Multi-Attribute Restrictions

Figure 5-2a shows a simulation of the sales query

(stme = 33%, Soistrisution = 17%, Spropuct = 25%,
Scustomer = 100%, see Section 5.1) for 4-dimensional

hierarchical clustering compared to other
techniques for table sizes up to one million pages.
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Figure 5-2: Response times for queries with
multi-attribute restrictions on ‘Juice & More’

Varying the selectivity of the restriction in TIME for a
table size of P = 878k pages (about 7GB for a page size of
8kB) shows that MHC is superior to both a SSI and a CSl
on the TIME dimension, since these access methods
cannot exploit any restriction but the one on TIME. MHC
exploits the restrictions on DISTRIBUTION and

PRODUCT in addition to the restriction on TIME. Thus
MHC is aso superior to an FTS and to BIl using bitmap
indexes for all four dimensions (Figure 5-2b). For a
selectivity of 75% on TIME (i.e., an overall selectivity of
3,1875 %) an FTS is already preferable to BIl. Since
bitmap indexes do not cluster the data, the result set
defined by the restrictions in all dimensions must be
sufficiently small for Bll to be competitive.

5.3 Simulation of Response Timesfor Queries
with Multi-Attribute Restrictionsand Sort
Operations

Using the same parameters as in Section 5.2 and

accessadditionally using a main memory cache of 32 MB for the

merge sort algorithm Figure 5-3 shows the cost [in s] for
sorting the result set of a fact table defined by restrictions
in multiple hierarchical dimensions.
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Figure 5-3: Sorting the restricted ‘Juice & More’
fact table according to the TIME dimension



Figure 5-3a shows the cost [in g], if the sales query of6.1 M easurement Environment
Section 5.1 is modified such that the sales are not
calculated for the entire year, but aggregated by month. The measurements were performed on a SUN
This query requires sorting the 4-dimensional query boxEnterprise with four 300 MHz UltraSPARC processors
by month to calculate the monthly sales. Again the tableand 2 GB RAM under Solaris 2.6. As secondary storage a
size is varied from one page to one million pages. Thepartition on a SPARCstorage Array with Raid-Level 0 (6
speed up of the MHC and Tetris grows superlinearly with disks striping, 5-6 MB/s transfer rate per disk) was used.
increasing table size, since due to the result set size all |t is important to note that our implementation still
other access methods require an external merge sort teauses significant overhead due to the fact that we have
calculate the monthly groups. implemented the UB-Tree on top of a DBMS and not in
Figure 5-3b shows that the temporary storage for thethe kernel itself. First, the number of SQL statements that
merge sort algorithm used by FTS, BIl, CSI distribution have to be processed (UB: 1 statement for each page in
and SSlI distribution soon exceeds the main memory sortethe result set, Oracle methods: 1 statement in total) leads
cache ofM = 32 MB. In contrast to caching the entire to extensive inter-process communication (about 30% of
result set, sorting with Tetris only requires to cache onethe total processing time) and DBMS overhead (e.g.,
Tetris slice and never requires more than 14 MB of cache parsing of statements). Second, our table is larger than the
Thus sorting with Tetris can take place in main memory. one for the FTS and the bitmap indexes due to
A CSI or SSI on TIME does not require any sorter ynimplemented compressing techniques in the UB-Tree
cache. The tradeoff of these two access methods is thefor 8 KB pages: UB: 878362 pages, FTS: 723539 pages,
inability to use restrictions in multiple dimensions. BIl: FTS+31134 pages).
Overall, MHC and Tetris outperform any access method
either with respect to response time or with respect t06.2 Results
both response time and temporary storage requirements.
) We present the results of 8 star joins on the ‘Juice &
5.4  Further Analysis More’ schema which are classified according to the
number of hierarchy levels restricted per dimension (see
Using our cost functions we found out that MHC and Table 6-1). For each query type we measured 2 instances
the Tetris algorithm are superior to one-dimensional which due to the non-uniform data distribution in the fact
access methods, unless a strongly preferred sort ordefable result in different overall selectivities of the query.
exists or the restrictions are not selective enough to make

up the tenfold speed of an FTS. A limitation of our Table 6-1 Query Types and Selectivity of
technique is the number of dimensions: Increasing Measured Instances
dimensionality exponentially reduces the potential of — : _ _
multidimensional space partitioning to create a total sort| | Cusomer |Product | Distribution Time jSelectivity ) Selectivity
order in one dimension. Our theoretical and practical [o1 |2 2 0 1 00414% | 0.3176%
analysis [Mar99] shows that multidimensional indexes of [q2 |1 1 1 1 0,029% 3,4383%
up to 6 dimensions are handled very well with table sizes|qs |1 1 1 0 0,0182%  |2,0981%
larger than 1 GB. These dimensionalities are typical for|o4 |o 1 0 1 6,0000% |34,0000%
data warehousing applications. With larger table sizes
even further attributes could be added to the MHC in = z
order to speed up queries with restrictions or sorted
processing in these attributes. o
g 0 285 287 26 as 283
6. Performance Measurements & M T A
'g 20 186
In this section we present measurements performed on £ 0 s
the ‘Juice & More’ schema with our prototype 100 ] S
implementation of MHC with UB-Trees on top of the . ] u " A1
commercial Oracle8 Server. For comparison reasons we o2 S ! : :
also conducted measurements with native Oracle access — wowsm oam oo @i oo comsn o oo
methods: full table scan (FTS) and bitmap indexes (BIl).
The bitmap indexes were created on each hierarchy level. Figure 6-1 Performance Results

Secondary indexes are not included in our comparison,

because earlier experiments with several queries of the Figure 6-1 shows that multidimensional hierarchical
TPC-D benchmark showed that they are neitherclustering provides fast OLAP query processing in
competitive to UB-Trees nor to FTS or BIl [MZB99]. comparison to traditional techniques. In 7 of 8 queries our



prototype implementation of MHC was significantly
faster (up to a factor of 10 for Q2(0,029%)). Already a
restriction of 2 out of 4 dimensions suffices if the overall
selectivity is low enough (i.e., 6% for Q4). However, for
an overall selectivity of more than 10% an FTS in general
is preferable to any index method - this observation also
holds for MHC (see Q4(34%)). Further measurements
which are not reported here underline following
observation: MHC results in faster response time than the
native methods if restrictions in multiple dimensions can
be utilized and the overall selectivity is below 10%. In
addition the resource requirements of MHC were
significantly less than these of native access methods
which makes it especially valuable in multi-user
environments.

7. Conclusionsand Future Work

We have defined an encoding scheme for hierarchical
dimensions that enables clustering of data with respect to
multiple hierarchical dimensionss. MHC can be
implemented with any suitable multidimensional access
method. MHC reduces the number of random accesses to
the fact table for star joins and other queries with
restrictions in multiple hierarchies by a factor of about C,
where C is the page size in tuples. In addition, sort
operations as necessary for grouping and aggregation are
performed on the fly without additional 1/O. For
dimensionalities typical for data warehousing only 1/O-
time linear in size of the result set prior to aggregation
and sublinear temporary storage are necessary to
aggregate parts of a data cube. Thus secondary storage
space and pre-computation time for many aggregates and
bitmap indexes can be avoided. In addition the widely
discussed view maintenance problem is minimized. In our
prototype implementation of MHC we use a UB-Tree
with Z-ordering as the underlying multidimensional
access method. The benchmark results for typical queries
of a7 GB real world retail data warehouse confirmed our
analytical expectations and showed significant speedups
up to factor 10 in response time. Depending on the query,
temporary storage requirements for sorting are reduced by
several orders of magnitude. Our clustering approach also
holds not only for ROLAP but aso for MOLAP
implementations of a DW since both ROLAP fact tables
and MOLAP data cubes can be clustered in this way.

In our future work we are particularly interested in
doing tests in multi-user environments where we expect
even more significant speedups. In addition we are
investigating a methodology for query optimization with
multidimensional indexes, both for heuristics-based and
cost-based query optimizers.
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