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Abstract. Data warehouses (DW) with enormous quantities of data put major
performance and scalability challenges. The Node-Partitioned Data Warehouse
(NPDW) divides the DW into cheap computer nodes for scalability. Partition-
ing and data placement strategies are relevant to the performance of complex
queries on the NPDW. In this paper we propose a partitioning placement and
join processing strategy to boost the performance of costly joins in NPDW,
compare alternative strategies using the performance evaluation benchmark
TPC-H and draw conclusions.

1 Introduction

Data warehouses (DW) are large repositories of historical data used mainly for analy-
sis. The applications that allow users to analyze the data (e.g. iterative exploration)
have to deal with Giga or Terabytes of data, while users require fast answers. As
return-on-investment considerations become crucial, it is desirable that scalability be
obtained dynamically and at reasonable cost without throwing away low cost plat-
forms.

Over the past there has been an large amount of work on related and intertwined is-
sues of data allocation [1, 4, 6, 11, 16] and query processing strategies in parallel and
distributed databases [3, 8, 9, 13]. Data allocation in parallel and distributed databases
has been studied extensively, typically in heavy transactional environments. In an
early work [10] compares full partitioning with clustering the relations on a single
disk, concluding that partitioning is consistently better for multi-user workloads but
can lead to serious performance overhead on complex queries involving joins, with
high communication overheads. [4] proposes a solution to data placement using vari-
able partitioning. In that work the degree of partitioning (n° of nodes over which to
fragment a relation) is a function of the size and access frequency of the relation.
Again, experimental results in [4] show that partitioning increases throughput for
short transactions but complex transactions involving several large joins result in
reduced throughput with increased partitioning.

Heavy query environments such as a data warehouse with complex query patterns
can exhibit such a high communication overhead, as complex joins are executed over
several relations. Whether the data warehouse is a set of “pure” star sub-schemas,
with a set of dimensions describing business elements and very large facts with busi-



ness-related measures, or a less structured warehouse schema such as TPC-H [17], the
common features are some very big relations, typically facts, with tens to hundreds of
million rows and heavy join activity over those big relations and other smaller ones.
This is exactly the kind of environment where speedup and scale-up can be hampered
by heavy communication costs. We focus on join processing costs in this paper.

One of the crucial issues with partitioning in the presence of costly joins, which we
review more profoundly in the next section, is the need to exchange significant
amounts of data between nodes, which is especially costly given slow interconnects.
Parallel hash-join algorithms [5, 7] (PHJ) provide an efficient way to process heavy
joins in such environments. Data placement algorithms on the other hand typically do
not bother with the join strategy and its relationship with the query workload.

In this paper we propose the use of workload-based placement and PHJ processing
of joins in the specialized structure and context of the data warehouse to speedup
complex joins. We show why the use of PHJ is relevant in the NPDW and take into
consideration workload access patterns in a simple but new way when determining
data placement or reorganization of the data in NPDW.

Related work on partitioning and processing strategies includes other join process-
ing strategies such as PRS [15] or placement dependency [3, 9]. PRS partitions one
relation and replicates the other ones and placement dependency co-locates relation
partitions exhibiting dependency [3, 9]. Once again, these strategies assume data
placement to be done independently from join processing. In [18] an automated parti-
tioning and placement strategy is proposed for generic databases and in [11] an auto-
mated partitioning and placement strategy is designed for DB2 which uses the query
optimizer to evaluate costs of alternative allocations. Our work is related to these ones
but focuses on a simple allocation strategy targeted at data warehouses and which
does not require any tight integration with the query optimizer as in [11].

The paper is organized as follows: section 2 discusses the partitioning issue. Section
3 describes data placement generically in NPDW. Section 4 discusses relevant proc-
essing costs in NPDW. Section 5 discusses our solutions to data placement and proc-
essing that result in small overheads. Finally, section 6 analyzes some experimental
performance results using the TPC-H decision support benchmark [17]. Section 7
contains concluding remarks.

2. The Partitioning Issue

The basic partitioning problem is well described in [9]. Assuming all queries of the
form Q={ target | qualification}, where target is a list of projected attributes and
qualification is a list of equi-joined attributes, let a query be Q={R;.A,R,.B |
R;.A=R,.A A R,.B=R3.B} and assume that R; and R, reside in different nodes shown
in Figure 1. Then, not all of the three relations can be partitioned to process the join,
since the first join predicate requires that R, be partitioned on A and the second join
predicate requires that R, be partitioned on B. We may choose to partition R; and R,
on A and replicate R; or to partition R, and R; on B and replicate R;. The problem is
then to decide which set of relations to partition.



Relation Tuples Site 1 Site 2
R1 12000 R1
R2 10000 R2

Fig. 1. Example Layout of R1 and R2

The partition and replicate strategy (PRS) [15] involves partitioning R; into two
fragments Fy,, F;, and sending F, to site 2. Relation R, is sent to site 1 and then each
site processes its part of the join: Ry xa Ry = (Fj; xa Ry) U (Fy2 xa Ry) processed in
parallel in sites 1 and 2, where x, denotes an equi-join on attribute A.

Using hash-partitioning [5, 8, 12], it is possible to obtain a more efficient result.
We first define hash-partitioning.

Definition 1. A relation Ri is hash-partitioned on attribute A into d disjoint frag-
ments {FU} if 1) Ri: UFIJ’ 2) FU N Fikzg for _] # k, and 3) VT e Fij: h(T.A):Cij, where
h() is a hash function and ¢;; is a constant for a given j.

Hash partitioning allows the expression R; x5 R to be processed faster as (Fjy x4
Fy1) U (Fy2 xa Fy), as fragments are results of hashing the relations such that Fy; x4
Fp= @ and F}; x5 F5;= @. The join cost at each site is now smaller as only a fragment
of R, is joined instead of the whole relation. Communication costs are also reduced,
as only a fragment instead of the whole relation R2 must be moved. On the other
hand, hash-partitioning R; and R, introduces some overhead. However, if a query
joins R; to R, by another join attribute or one of the relations participates in a join
with other relation on a different attribute, it is necessary to repartition the fragments
and redistribute them before this other join can take place. For instance, R1 can be
repartitioned by repartitioning fragments F;; and F,; in parallel and exchanging data
to build F’}; and F’;; in nodes 1 and 2 respectively. Although repartitioning can occur
in parallel at all nodes, it entails processing and data communication costs.

Unbalanced placement and processing load is a concern with hash-partitioning
which can be minimized by using a suitable hash function, managing and allocating a
number of fragments larger than the number of nodes for better load balancing. With
this concern taken into consideration, hash-partitioning can be advantageous. Our
objective is to minimize extra communication overheads due to partitioning or repar-
titioning needs as well as join processing costs. Join processing cost is minimized by
joining only fragments from all except small relations. Communication overhead is
minimized in the above example when F;;, F,; are initially located at node 1 and F,,
F,; are initially located at node 2, as the join can proceed without any (re)partitioning
and communication costs (except to merge the partial results). It is therefore impor-
tant to determine the best hash-partitioned placement in the presence of a query work-
load.

3. NPDW Placement Basics

A Node Partitioned Data Warehouse (NPDW) is a data warehouse divided into a set
of nodes and a query processing middle layer that uses those nodes for fast query



processing. In order to process joins efficiently, we propose hash-partitioning every
large relation and replicating small ones. If we consider a strict star schema with only
small dimensions and a single large fact, Figure 2 shows the resulting data placement.
Join processing in the system of Figure 2 is similar to the PRS strategy, but with rela-
tions already replicated at the processing nodes. As a result, all nodes can process
independently and return their partial answer for a posterior merge step to obtain the
final answer.
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Fig. 2. Basic Star-Partitioning

Actual schemas are typically more complex than a pure star, resulting in not so in-
dependent node processing of partial queries and higher repartitioning and communi-
cation costs. Schemas can have several stars with cross-querying, possibly larger
dimensions and possibly a less pure star design. Joins with large dimensions and with
more than one fact are frequent. The most important concern in such an environment
is how to partition facts and large dimensions horizontally to solve the partitioning
issue described in section 2 as efficiently as possible. More generically, the concern is
how to handle data placement and join processing for larger relations and therefore
minimize repartitioning and communication costs?

TPC-H [17] provides an example schema to better illustrate our rationale. Figure 3
summarizes the schema, which represents ordering and selling activity (LI-lineitem,
O-orders, PS-partsupp, P-part, S-supplier, C-customer).
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Fig. 3. TPC-H schema

For simplicity, we will portray relations PS, LI and O as facts and the remaining
ones (P, S, C) as dimensions. For simplicity also we will assume that dimensions P, S
and C are sufficiently small to deserve being replicated into each node. On the other
hand, relations LI, PS and O should be horizontally partitioned into the nodes using a
strategy that minimizes data exchange requirements while processing joins involving
them. Joins involving only one of the horizontally-partitioned relations and any num-
ber of replicated relations require no data exchange, regardless of the partitioning
scheme used. Therefore, we concentrate on minimizing data exchange needs for joins
involving more than one partitioned relation (LI, O, PS) besides dimensions.



4. Relevant Costs in the NPDW

The main processing costs are the partitioning, repartitioning, data communication
and local processing costs.

Partition Cost (PC), Repartitioning Cost (PC) - Partitioning a relation involves
scanning the relation only once. The partitioning cost is monotonically increasing on
the relation size. Since there can be two or more relations to be partitioned and they
can be processed in parallel in two or more nodes, the partition delay PC for a given
query is the largest partition cost among the nodes participating simultaneously. Re-
partitioning is similar to partitioning, but involves a fragment in each node instead of
the whole relation. It is used to re-organize the partitioned relation, hashing on a dif-
ferent equi-join attribute. The fragments resulting from this repartitioning need to be
redistributed to other nodes to process a hash-join.

Data Communication Cost (DC)- The data communication cost is monotonically
increasing with the size of the data transferred and equal between any number of
nodes. We assume a switched network (and broadcast capability).

Local Processing Cost - The local processing cost typically depends on whether
the join is supported by fast access paths such as indexes, and the size of the relations
participating in the join.

Merging Cost - The merging cost is related to applying a final query to the col-
lected partial results at the merging node.

5. Placement and Processing in NPDW

Under NPDW all nodes participate in the computation of every query, so that typical
queries must be “broken” into subset queries to distribute into all nodes and merging
components to merge result sets coming from nodes. We define Global Processing as
a processing “cycle” that involves sending data to nodes, processing in each node,
collecting results from those nodes and merging them. Local Processing is the inde-
pendent processing in a node. Query transformation produce processing and merging
query components.

The global processing DCCM - Distribute-Compute-Collect-Merge — shown in
Figure 4 involves parsing the query, transforming it into a “local query” to be proc-
essed in each node, running the local query independently in each node, collecting the
corresponding partial results in the submitting node and merging them.

Set operators, typically UNION ALL, are useful for merging partial results from
all nodes. Selection and aggregation query row sets will typically be processed inde-
pendently by nodes and the partial results are merged as the union of partial result
sets, followed by aggregation in the case of aggregation queries.

With this strategy, most query operations (selections, projections, aggregations)
can be processed independently by each node, followed by a merge phase that re-
ceives independent results and merges them into a final result. Some operations, in-
cluding most subqueries, require additional DCCM steps.




In this paper we are concerned with the placement and processing of joins in the
context of NPDW. In the remaining of this paper we propose the solution to these
issues and evaluate it.

Query submit

® Parse Q, transform Qt, Send nodes
Query collect & Merge

e Collect, merge partial results —»

<Query distribution 1..N>
Fig. 4. The DCCM Procedure

Query Process (node i of N nodes)
e Run Q; against local data set;
o Send partial results PR to submitting node

5.1. Partitioning and Placement in NPDW

In order to determine the most appropriate partitioning strategy for a schema, knowl-
edge of the query workload is required. In our example and experiments with TPC-H
we considered the query set with equal weight for each query. In a practical situation
knowledge of the query set would be accompanied by expected or historic frequency
of execution of each query. More generically, it should be possible to know the query
set and expected workload for a given data warehouse.

From the query workload we can determine a query workload join graph. A join
graph Gy = (Vj, E)) is a graph where vertices Vj correspond to attributes R.A partici-
pating in equi-joins and the edges Ej depict the set of equi-joins between those attrib-
utes. We add weights to the edges of the join graph, which correspond to the number
of occurrences of the corresponding equi-join in the query workload. A component is
a set of connected edges in the join graph. Figure 5 shows the weighted join graph for
TPC-H. In this join graph, replicated relations (P, S, C) are not represented because
they pose no repartitioning issues for processing joins. Only those relations that are
partitioned must be represented. Relation sizes are also relevant for the placement
algorithm.
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Fig. 5. Weighted Join Graph for TPC-H

This join graph can be produced either manually or automatically, as long as repli-
cated relations are well identified. The next step is to decide which partitioning attrib-
utes should be chosen for each relation. The choice is based on the relation sizes and
frequency values of the join graph. The most frequent equi-join component including
the largest relation has top priority. In Figure 3 it is clear that LI and O (Orders)
should be partitioned by orderkey (O), so that joins between these two relations do
not require any repartitioning. But if LI is partitioned by orderkey (O), the other, less
frequent equi-join in Figure 3 (LI with PS) will require repartitioning of LI. More
generically, the algorithm is:

1. For the largest relation, find largest frequency component in the join graph;

2. Partition intervening relations by the corresponding equi-join attribute;



3. Delete partitioned relations from all edges in all components of the join graph,
as their partitioning attribute is already decided;
4. If done, stop. Otherwise, go to 1.

This strategy can be effectively applied automatically to any schema and query set.
It implies simply some knowledge of the query workload. In this paper we use TPC-
H to exemplify the use of such strategy.

5.2. Join Processing in NPDW

Given the placement of relations, join processing is based on cost minimization and
uses parallel hash-join when required, as discussed in [13]. The focus is on minimiz-
ing the repartitioning and communication costs. The complexity and relevance of the
join processing strategy in such a system has led us to treat the subject in depth else-
where. However, we describe the basic strategy in this section using examples.

Intuitively, the most selective joins should be processed first. For illustration pur-
poses we do not take into account different selectivities in the following examples.

Assuming that LI and O are pre-partitioned by orderkey, a join involving relations
LI and O (and any other number of replicated dimensions) in the TPC-H schema of
Figure 3 is transformed into the union of the independent node joins U u noges (FL1 Xo
Fo), where Fx represents a fragment of X.

A more complex join involving all partitioned relations and dimensions P, S and C
of Figure 3 can be processed as (P xp (S xs Fps)) xps ( Fr; X, (Fo xc C) ), based in
processing joins with the smallest relations first. This processing path requires a sin-
gle repartitioning. As P, S and C are replicated in all nodes, each binary join involv-
ing them can be processed independently in each node, which accounts for (Fg x. C)
and (P xp (S xs Fps)). Then, ( Fy; x, (Fg x. C) ) can also be processed independently
without repartitioning because the placement algorithm co-located O and LI frag-
ments by hash-partitioning on orderkey (o). Finally, the last join requires repartition-
ing of the intermediate result ( Fy; x, (Fg x. C) ) by the (ps) key to join with (P xp (S
xs Fps)).

6. Experiments

In this section we compare the performance of alternative placement and processing
strategies in NPDW using typical TPC-H queries over the schema of Figure 3. For all
of them, we considered a setup in which the smaller relations P, S, C were replicated.
The alternatives evaluated are:

HWP (best strategy): The Hash-based workload partitioning strategy. It involves placement
based on join-wise workload-based partitioning of large relations and join processing based on
PHIJ. The only extra overhead comes from repartitioning when needed. The placement algo-
rithm tries to minimize such need;

H: Parallel Hash-Join with hash-partitioned placement based on primary keys. It involves
placement based on primary-key partitioning and join processing based on PHJ. The extra
overhead comes from repartitioning when the primary-key is not the equi-join attribute be-



tween partitioned relations. The objective is to compare the performance of placement with
workload knowledge (HWP) to “blind” placement (H);

PRS: The PRS strategy [15] considering that only the largest relation (LI) is pre-partitioned by
placement. This strategy involves replicating intermediate results from all but one of the large
relations into all nodes (broadcast). The major overheads are replication and processing costs
as each node has to process un-fragmented intermediate results for all except the pre-
partitioned relation;

Round-robin PRS (RR-PRS): This strategy involves placement by round-robin partitioning
of facts. Join processing is similar to PRS;

Round-robin Hash (RR-H): This strategy involves placement by round-robin partitioning of
facts. Join processing with more than one partitioned fact is based on PHJ but involves reparti-
tioning overhead for all partitioned facts.

The differences between the strategies were apparent in the experimental results when
processing queries with multiple partitioned relations. PRS and RR-PRS strategies
typically incurred high replication and join processing costs in those cases; The RR-H
strategy incurred repartitioning overhead for all partitioned relations; The H strategy
incurred repartitioning overhead for some of the intermediate results (joins including
the LI relation); HWP had the best results because it uses PHJ as H and RR-H but
chooses an initial workload-dependent placement that minimizes repartitioning needs.
With this strategy, the parallel hash-join algorithm is more efficient because it incurs
much smaller overheads.

The experimental evaluation was conducted by measuring the node and communica-
tion costs for the strategies assuming similar nodes on a 100Mbps switched network
and the TPC-H decision support benchmark™ [17]. Four data sets were generated for
these experiments corresponding to a 50GB TPC-H generation into 1, 5, 10, 25
nodes. Our experiments also involved transforming TPC-H queries to run against the
NPDW.

6.1. Performance Results

First of all we analyze queries accessing a single fact relation, as for these queries
all but one relation (the fact) is replicated to all nodes and all the strategies have simi-
lar results. Such queries account for half the TPC-H query set. Figure 6a shows the
response time results for some of these queries with a nearly linear speedup with the
number of nodes. Another large fraction of the TPC-H queries involve joining rela-
tions LI and O besides the replicated dimensions. Figure 6b shows the response times
of HWP for some of those queries. Once again the speedup is near to linear, as only
1/N fragment of the facts has to be processed in each of N nodes.

Figure 7a shows response time results for these queries comparing HWP, H, RR
and PRS for 10 nodes. As can be seen from the Figure, the relative performance of
the strategies varies with the query. This is for two main reasons: the extra repartition-
ing and processing overhead of the strategies centers on different relations (H on LI,
PRS on O, RR on LI and O) and we applied local joins and restrictions (selection
operators) on the relations and dimensions before exchanging intermediate results
between nodes in order to minimize extra overheads. In spite of this, the conclusion is
that HWP was consistently better: on average it was 25% better than H and 46% bet-



ter than PRS (and RR-PRS) for these queries. The only cases in which the difference
is smaller is when the slower strategies were able to obtain a very small intermediate
result locally before incurring the large exchange and processing overhead. HWP is
also better than the “blind” hash strategy (H) or RR-H, which require repartitioning
before processing the join.
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Fig. 7. Response Time Comparison, Queries LI/O

Finally, queries joining more than two facts using different join attributes require
repartitioning in HWP as well as H and replication of all but one fact in PRS/RR-PRS.
TPC-H contains two such queries: Query Q20 joining Lineitem to Partsupp by ps and
query Q9 joining all three relations Orders, Lineitem and Partsupp. Figure 7b shows
the response times for these queries (secs). Our strategy was on average 26% better
than H and 84% better than PRS/RR-PRS for these queries.

The PRS/RR-PRS overhead increases quickly with the number of large relations
requiring replication not only due to larger communication overhead but also due to
much larger node processing overheads.

7. Conclusions

We have proposed and studied experimentally a partitioning, placement and join
processing solution to process join queries efficiently in a node-partitioned data



warehouse. The strategy is workload-based. Comparative evaluation against TPC-H
has shown the advantages of the strategy and alternatives.
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