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Abstract 
 

This paper discusses efficient hash-partitioning using 

workload access patterns to place and process relations 

in a cluster or distributed query-intensive database 

environment. In such an environment, there is usually 

more than one partitioning alternative for each relation. 

We discuss a method and algorithm to determine the hash 

partitioning attributes and placement. Among the 

alternatives, our algorithm chooses a placement that 

reduces repartitioning overheads using expected or 

historical query workloads. The paper includes a 

simulation study showing how our strategy outperforms 

ad-hoc placement and previously proposed distributed 

database strategies. 

 

 

1. Introduction 
 

Relation partitioning schemes have been proposed to 

achieve a high degree of parallelism and improve 

response time in parallel and distributed databases. Two 

important related and intertwined issues are data 

allocation [1, 3, 5, 10, 17, 18] and query processing 

strategies [2, 4, 6, 7, 8, 11, 13, 14, 16]. Data allocation in 

parallel and distributed databases has been studied 

extensively in the context of generic database processing. 

In an early work [9] 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 

overhead. [3] proposes a solution to data placement by 

variable partitioning. The degree of partitioning (nº of 

nodes over which to fragment a relation) is a function of 

the size and access frequency of the relation. Again 

experimental results in [3] show that partitioning 

increases throughput for short transactions but complex 

transactions involving several large joins result in reduced 

throughput with increased partitioning.  

One of the crucial issues with partitioning in the 

presence of large 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. Strategies to process joins in 

such environments include partition and replicate PRS 

[15], the use of placement dependency [2, 7] and hash-

partitioning strategies.  

Hash-partitioned architectures characterize many 

successful parallel and distributed database systems, 

including the Teradata machine [12] as well as research 

prototypes. Parallel hash-join algorithms such as hybrid 

hash join or GRACE [16] consider dynamically 

partitioning and allocating intervening relation fragments 

into processors for fast join processing. These strategies 

typically allocate a hash range to each processor, which 

builds a hash table and hashed relation fragments are 

redirected to the corresponding processor. Algorithms and 

optimizations for parallel processing of multi-way joins 

are considered in [6] and [11]. In [6] the relations are 

assumed not fragmented and in [11] they are assumed 

fragmented but without any specific data placement 

strategy. In this paper we are concerned with performance 

benefits that can be obtained from a good data placement 

strategy in database environments such as data 

warehouses involving complex and time-consuming 

queries joining several relations, including many 

Gygabyte relations. We propose a hash-partitioned data 

placement and processing method over a node-partitioned 

architecture that reduces unnecessary repartitioning 

overheads. The strategy improves on previous algorithms 

and places a lot less burden on the network/interconnect 

speed and organization. 

 

2. The Partitioning Issue 
 

The basic partitioning problem is well described in [6]. 

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={R1.A,R2.B | R1.A=R2.A Λ R2.B=R3.B}. 

Then not all of the three relations can be partitioned, since 

the first join predicate requires R2 be partitioned on A 

and the second join predicate requires that R2 be 

partitioned on B. We may choose to partition R1 and R2 

on A and replicate R3 or to partition R2 and R3 on B and 

replicate R1. The problem is then to decide which set of 

relations to partition.  

Relation Tuples Site 1 Site 2 

R1 12000 R1  

R2 10000  R2 

 

The partition and replicate strategy (PRS) [15] 

involves partitioning R1 into two fragments F11, F12 and 

sending F12 to site 2. Relation R2 is sent to site 1 and then 

each site processes its part of the join: R1 xA R2 = (F11 xA 

R2) U (F12 xA R2) processed in parallel in sites 1 and 2.  

Using hash-partitioning, 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 fragments {Fij} if 1) Ri=U
i

ijF ; 2) Fij ∩ 

Fik=Ø for j≠k; and 3)  ijF  T ∈∀ , h(T.A)=cij, where h() is a 

hash function and cij is a constant for a given j. 

Hash partitioning allows the expression R1 xA R2 to be 

processed faster as (F11 xA F21) U (F12 xA F22), as 

fragments are results of hashing the relations such that F11 

xA F22= Ø and F12 xA F21= Ø. The join cost at each site is 

now smaller as only a fragment of R2 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 

R1 and R2 introduces some overhead, although R1 and R2 

can be partitioned simultaneously at each node. 

If F11 and F21 are initially located at node 1 and F12 and 

F22 are initially located at node 2, then the join can 

proceed without any partitioning and communication 

costs (except to merge the partial results), as the necessary 

data is already at the processing sites. However, if a query 

joins R1 to R2 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 the join can take 

place. For instance, R1 can be repartitioned by 

repartitioning fragments F11 and F21 in parallel and 

exchanging data to build F’11 and F’21 in nodes 1 and 2 

respectively. Repartitioning is not especially costly and in 

fact is typically much faster than partitioning the whole 

relation at a single node. 

The query processing issue in [6] is stated as follows: 

suppose RRQ={R1,R2,…,Rn} is a set of relations 

referenced by a query Q and none is fragmented. A subset 

PR of these relations will be chosen to be hash-partitioned 

into d disjoint fragments on their join attributes. The 

fragments will be assigned to a set of d processing sites 

such that fragments with the same hash will be assigned 

the same site. The other relations WR=RR-PR are 

replicated at each processing site. At each site a subquery, 

which is the same as Q but referencing the fragments of 

relations in PR and all the other relations in WR, is 

executed. The answer to Q is the union of the results to 

the subqueries ate the d sites. The problem is to decide (1) 

the set of relations PR to be partitioned; (2) The copy of 

the relation to be used, if multiple copies exist; (3) the set 

of processing sites; (4) the number of fragments of the 

relations that are to be partitioned; (5) the size of each of 

the fragments to be produced, such that the response time 

(process and communicate) is minimized. In this paper we 

do not impose the restriction that relations are not 

fragmented initially, instead we full-partition most of 

them at a placement phase to obtain improved 

performance. This eliminates most of the issues (1) to (5) 

as in our strategy all sites/nodes process the query and all 

have fragments. Instead, we concentrate on reducing the 

query processing overheads by choosing a good 

placement strategy. For most of the discussion we assume 

homogeneous nodes, but the model is easily generalized 

to deal with heterogeneous nodes. 

 

3. Cost Model 

 

Our cost model is adapted from [6] and [11]. The main 

costs are the partitioning, repartitioning, data 

communication and local processing costs.   

Partition and Repartitioning Cost (PC)– Partitioning a 

relation consists of retrieving the relation from secondary 

memory, dividing it into fragments by applying a hash 

function to a join attribute and assigning buffers for the 

data to send to other nodes (in our strategy each node, 

including itself, receive one or a few fragments). This 

involves scanning the relation only once. A simple cost 

model defines a partition cost that 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 Q is the largest partition cost among the 

nodes participating simultaneously.  

Repartitioning Cost (PC) – Repartitioning is similar to 

partitioning, but involves a fragment in each node instead 

of the whole relation. It is used to (re)partition 

simultaneously all fragments to re-organize the hash-

partitioned relation by a different 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 also assumed to be monotonically 

increasing with the size of the data transferred and equal 

between any number of nodes.  

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. It is also assumed to be 

monotonically increasing with the size of the relations 

involved (based on the fact that a linear cost model is 

sufficiently robust to cover the usual join algorithms [6]).   

Total Cost - The total cost of processing a subquery at 

a site is assumed to be a weighted sum of the partitioning 

and repartitioning delay PC, the communication cost DC 

and the local processing cost LC. As in [6] and [11] we 

define weighting parameters: α, which is used to denote 

the ratio of partitioning cost to local processing cost. The 

smaller the value of α, the smaller the partition cost 

relative to local processing cost. The second parameter is 

β, which is used to denote the ratio of transmission cost to 

local processing cost. The smaller the value of β, the 

smaller the transmission cost relative to the local 

processing cost. Such a model is sufficiently generic to be 

able to represent several alternative physical architectures. 

 

4. The Node-Partitioned Query-Intensive 

Database 
 

We have mentioned in the introduction that complex 

queries may involve significant amount of data exchange 

between nodes in a node-partitioned database. In this 

section we discuss some aspects of this kind of database 

environment using a data warehouse as a typical situation. 

A data warehouse is a repository of historic business-

related data. It is periodically loaded from online 

transaction processing systems (OLTP) and used in a 

read-only, querying fashion. The importance of the 

parallel and distributed processing issues in data 

warehouses stems from the fact that they typically have 

some extremely large relations and a lot of heavy join 

processing requirements. Queries can take hours to 

execute if fast architectures are not adopted, centralized 

access can result in potential bottleneck and the heavy 

join processing poses performance issues in a node-

partitioned architecture. Data placement and efficient join 

processing becomes a critical issue in such context.     

A data warehouse is better organized as a set of 

multidimensional schemas, typically star schemas, in 

which central fact relations measuring quantities (e.g. 

sales) are linked to dimensions listing entity instances 

(e.g. one dimension for Products, another for Customers 

and one for Time). Facts determine for instance how 

many sales of each product were made for each customer 

at each recorded time period. Facts typically grow very 

large while dimensions are typically much smaller and the 

system is used for all types of analyzes – Online analytical 

processing OLAP. The TPC-H schema depicted in Figure 

1 [19] used for performance benchmarking illustrates a 

data warehouse (not a pure star) and includes interesting 

access patterns of a typical data warehouse. It represents 

ordering and selling activity (LI-lineitem, O-orders, PS-

partsupp, P-part, S-supplier, C-customer). Arrows 

represent references from one relation to the other (e.g. 

An Order Lineitem in LI has a reference “orderkey” to the 

corresponding Order in O). We have added a fact De 

(Delivery) to help illustrate later our partitioning 

algorithm. 

 

Figure 1 – TPC-H schema 

For simplicity we will portray relations PS, LI and O 

as facts and the remaining ones (P,S,C) as dimensions. As 

usual in data warehouses, TPC-H facts are very big 

(LI>O>PS), while dimensions are much smaller. This is 

illustrated in the figure by the size of each relation.  

Typical queries can be illustrated by the following 

TPC-H example computing sales for each nation and 

product brand:  

Select Nation, Brand, sum(l_eprice *(1 - l_discount))  

From orders, lineitem, supplier, region 

Where Join Conditions and Row Conditions 

group by Nation, Brand; 

 

In contrast to OLTP systems, data warehouses are 

mostly read-only except for periodic loading moments 

and queries are typically join-intensive and time-

consuming, frequently requiring full table scan access to 

large relations. The most expensive operations in OLAP 

processing typically involve full scanning large facts and 

joining several relations. 

  The Node-Partitioned Data Warehouse (NPDW) is an 

experimental system which is the focus of our work on the 

subject. It partitions the data warehouse into nodes and 

provides a middle layer that uses them transparently for 

fast query processing. The basic data placement involves 

hash-partitioning horizontally all except very small 

relations and placing them into the nodes. The advantage 

of the data placement step is to promote pre-partitioning 

of large relations to minimize on-the-fly (query 

processing) data partitioning and communication costs. 

By dividing the facts, NPDW completely parallelizes full 

S 
C 

P 

PS 

Partkey 

Supkey 

orderkey 

custkey

LI 

O 

De 

orderkey



fact scans and joining activity. For instance, considering 

the TPC-H schema of figure 1, our strategy can replicate 

the dimensions C, S and P and partition the much larger 

relations PS, LI, O and De. A possible query processing 

strategy involves first joining each node fragment of a big 

fact with the set of small dimensions in parallel for all 

nodes. This step typically produces a much smaller 

intermediate result set. It is possible to do it in parallel 

without data exchange between nodes if dimensions are 

replicated in all nodes.  Afterwards, if there are other 

partitioned relations, take the partitioned intermediate 

result of the previous join to process the next join with a 

partitioned relation in parallel in all nodes. So the goal of 

the strategy is to achieve a pre-partitioning of large 

relations that avoids much repartitioning overhead during 

join processing of large relations. In the next section we 

present the strategy.     

Considering facts with size Fi, N nodes and the linear 

cost model presented in section 3, we can obtain a simple 

expression for the cost or repartitioning versus the cost of 

local processing without requiring repartitioning when the 

placement favors local processing. For simplicity, the 

following expressions consider only two facts. The fact 

fragment size is Fi/N. The join-processing cost for queries 

requiring the join between equi-partitioned facts with 

sizes Fij such that iF

f

j

ijF =∑

=1

 and l dimensions di is: 

Costequipart= 







++++× ldd

N

F

N

F
...1

21
α      (1) 

The cost when facts are not equi-partitioned and 

considering a switched network is: 

 

CRep= 







++++×+×













− ldd

N

F

N

F

N

IR

N

IR
...1

21

2
αβ  (2) 

 

This expression includes the repartitioning overhead of 

an intermediate result IR (either the fact or the result of 

joining with some dimensions locally before 

repartitioning) and the local processing cost of 1/N of the 

facts. The increase in cost if (2) is required instead of (1) 

is therefore β×













−

2
N

IR

N

IR
,  which can be avoided many 

times if the facts are carefully placed.  

 

5. Hash Pre-Partitioning (HPP) Algorithm 

 
In this section we describe the data partitioning 

algorithm that determines a data placement resulting in 

reduced overhead during query processing. For a specific 

query we can consider a query and a join graph: 

 

Definitions. GQ = (VQ,EQ) is a query graph of query Q, 

where VQ are the relations intervening in the query and EQ 

is the set of edges depicting the set of equi-joins between 

the relations in VQ. 

A join graph GJ = (VJ,EJ) is a graph where vertices VJ 

correspond to attributes R.A participating in equi-joins 

and the edges EJ depict the set of equi-joins between those 

attributes. The following example is for Q= { R1.A2, 

R2.A4 | R1.A1=R2.A1 Λ R2.A1=R3.A1 Λ R3.A2=R4.A2 

Λ R3.A3=R5.A3}: 

 
(a) Join Graph    (b) Query Graph 

Figure 2 – Join and Query Graphs for the Example  

The join graph consists of a set of connected 

components. We note that for an acyclic query Q, all 

nodes of a component of a join graph form a set of 

relations that can be joined without requiring 

repartitioning and redistribution. 

The focus of our algorithm is to partition the whole 

relations in the join graph in a way that results in reduced 

repartitioning cost and redistribution requirements. In 

other words we answer the question: should R3 be 

partitioned by attribute A1, A2 or A3? In order to 

determine this, we must have some idea of a query 

workload instead of a single query. It can be a query 

workload prediction or statistics obtained from previous 

executions. For instance, considering the set of 22 queries 

of the TPC-H benchmark, it is possible to build a join 

graph for the query workload. In a real situation we would 

also be able to know or estimate the frequency of 

occurrence of each query to use in constructing a join 

graph with occurrence frequency information. The result 

of the algorithm can be used either for initial data 

placement or data reorganization. 

Definition: The join graph of a query workload Gw = 

(Vw,Ew,W) is a generalization of the join graph of a 

query: it is a graph where vertices Vw correspond to 

attributes R.A participating in equi-joins, the set of edges 

Ew is the set of equi-joins between those attributes, 

components are connected edges corresponding to join 

patterns  occurring and W is the set of weights given to 

R1.A1 R2.A1 

R3.A1 

R3.A2 

R5.A3 R3.A3 

R4.A2 

R1 R4 

R2 R3 

R5 

A3

A2

A1

A1



components. A weight is the frequency of occurrence of 

the corresponding component on the query workload 

(either a percentage or number of occurrences).  

Figure 3 shows an example query workload join graph 

with four components (c1, c2, c3, c4) with (3 ,10 ,8 ,6) 

occurrences respectively.  

 

Figure 3 – Join Graph for the Query Workload 

Consider the set of relation sizes SW for the query 

workload join graph and the set of component weights W. 

The HPP algorithm simply chooses the join attribute of 

the most frequent join component for each relation. First 

of all, the algorithm builds a join graph including only 

large relations, as small ones will be fully replicated and 

joins with these handled locally. Consider the initial set of 

all components C = {c1,…,cn} where ci={ex,…,ey, Ak, wi} 

is a set of connected edges with equi-join attribute Ak and 

weight wi. Each edge is made of a tuple ei=(Ru ,Rp ,Ak ,Su 

,Sp), where Su and Sp are the relation sizes. The 

determination of the partitioning attributes is obtained 

now by the following simple steps: 

 

Step 0 – Order the list of components by descending 

order of weight; 

Step 1 – For each relation R 

Pick the component with highest weight 

containing the relation 

The relation R is to be partitioned by the 

components’ equi-join attribute; 

 

If RRQ={R1,R2,…,Rn} is the set of relations in  the 

schema, the algorithm determines a set PR of pairs (Ri,Ak) 

describing how each relation in the set should be hash-

partitioned. Then the placement strategy divides each 

relation into all nodes. If there are d nodes, a hash 

function can be applied to determine d disjoint fragments 

to be distributed into the nodes. In practice, a multiple of 

d fragments should be used so that each node can have 

more than one fragment for dynamic load balancing. 

Dynamic load balancing, which is out of the scope of this 

paper, is necessary to accommodate placement, 

selectivity, redistribution and join skews. We have also 

mentioned that, for simplicity, we assume homogeneous 

nodes. The only relevant modification to accommodate 

heterogeneous nodes would be to determine varied 

fragment sizes whose ratios would be proportional to the 

performance ratios between nodes. 

Applying the algorithm to the example of figure 3, the 

resulting partitioning is (R1.A1, R2.A2, R3.A2, R4.A2, 

R5.A3). Component c1 join will require repartitioning R2 

and R3 but not R1. Joins of the most frequent components 

c2 and c3 will not require repartitioning. Finally, c4 joins 

will require repartitioning relation R3.   

 

4. Performance of the Algorithm 

 

In this section we engage in a simulation to evaluate the 

strategy, comparing it to both previous algorithms in [21, 

6] and basic hash-partitioning. We compare the following 

algorithms by simulation: 

1. Our optimized hash pre-partitioning algorithm 

(HPP); 

2. Runtime Hash-partitioning RTHP (e.g. [6]) - 

Relations are not partitioned and reside in one 

node. Some relations have a copy in other nodes 

as well. An algorithm chooses partitioning and 

processing sites such that relations from one 

component of the join graph are hash-partitioned 

and routed to the processing nodes for join 

processing, while the others are replicated and 

fully processed; 

3. Key Hash-partitioning KHP – Relations are 

horizontally partitioned “blindly” on their 

primary keys. The most relevant difference to 

HPP is that the partitioning does not take join 

costs into account. Therefore, join processing 

frequently requires repartitioning relations when 

the join attribute is not the primary key;  

 

Experiments are setup as follows. The dimension of the 

initial data distribution for the experiment is ni x mj, 

where ni, is the number of relations (2<=ni<=10), and mj 

is the number of nodes (2<=mj<=10). We have generated 

relations and corresponding data distributions with sizes 

from 10G to 100GB and small fully replicated ones with 

sizes 10M to 100M. Typical join patterns were also 

generated where small relations represented between 30% 

and 90% of the mix. Since linear cost models are used for 

relation partitioning, data communication and local 

processing, we used the cost model parameters to 

characterize the experimental environment: α to denote 

the ratio of partitioning cost to local processing cost. The 

smaller the value of α, the smaller the partition cost 

relative to local processing cost; β to denote the ratio of 

transmission cost to local processing cost. The smaller the 

value of β, the smaller the transmission cost relative to the 

local processing cost. 

 

R1.A1 R2.A1 

R3.A1 

R3.A2 

R5.A3 R3.A3 

R4.A2 

6 (c4) 

8 (c3) 

3 (c1) 

R2.A2 R3.A2 

10 

(c2) 



Number 

of 

relations 

Number of nodes 

 2 3 4 5 6 7 8 9 10 

2 19.0% 28.9% 34.5% 40.7% 44.6% 48.1% 49.9% 53.1% 56.1% 

3 25.7% 38.3% 44.6% 52.3% 57.4% 60.7% 63.7% 66.0% 67.9% 

4 31.0% 47.7% 52.0% 59.4% 64.8% 68.5% 71.3% 73.5% 75.3% 

5 34.2% 51.1% 56.7% 63.8% 68.9% 71.6% 74.3% 76.4% 78.1% 

6 36.0% 52.7% 58.5% 65.4% 70.0% 72.7% 75.4% 77.4% 79.1% 

7 37.7% 53.9% 59.9% 66.7% 70.8% 73.5% 76.1% 78.2% 79.8% 

8 38.7% 54.5% 60.9% 67.6% 71.6% 74.4% 76.9% 78.9% 80.5% 

9 39.4% 55.1% 61.9% 68.5% 72.5% 75.0% 77.5% 79.5% 81.1% 

10 40.2% 55.9% 63.7% 70.1% 74.0% 76.3% 78.8% 80.7% 82.2% 

Figure 4 – Comparison KHP vs RTHP, α=β=0.2 

 

 

The two parameters are varied from 0.1 to 1 with 

increment of 0.1. We arbitrarily generated 1000 sets of 

query graphs and frequencies for each given combination 

of n (the number of referenced relations) and m (the 

number of nodes). We show representative sets of the 

experimental results. The results are shown as 

“improvement factor”. Given the average response time 

of the query sets over A1 and A2, the improvement factor 

of A2 over A1 is (A1-A2)/A1. 

We first look at the impact of the number of relations 

and the number of sites on the improvement factor. The 

RTHP algorithm assumes relations are not partitioned 

initially. The relations in a join graph component of the 

query must be partitioned and relations must be 

distributed into the processing sites for each query. In 

contrast, the two other strategies compared in this 

simulation (KHP and HPP) hash-partition relations in a 

placement phase (except small relations). This yields 

large performance advantages, not only because some 

relations do not incur large repartitioning cost but also 

because repartitioning and redistributing is done in 

parallel by all nodes containing the partitions. Figure 4 

shows the improvement of KHP relative to RTHP in the 

same context as the previous experiment. The larger the 

number of nodes, the larger the parallel processing 

advantage obtained by having pre-partitioned everything. 

Algorithms KHP and HPP are much more similar in 

nature. Both hash-partition data into all nodes and the 

main difference is that HPP is able to avoid repartitioning 

costs as large as those incurred by KHP.  

Figure 5 shows results of comparing HPP to KHP. 

HPP benefits from choosing the most appropriate hash 

partitioning attributes, reducing the repartitioning costs 

significantly. 

 

 

 

 

 

Number of nodes Number 

of 

relations 2 4 6 8 10 

2 14.81 17.04 17.75 18.09 18.30 

4 15.28 17.68 18.42 18.79 19.01 

6 15.44 17.88 18.64 19.01 19.24 

8 15.52 17.98 18.75 19.13 19.35 

10 15.56 18.04 18.82 19.19 19.42 

Figure 5 – Comparison HPP vs KHP, α=β=0.2 (%) 

 

As expected, HPP is more efficient than KHP. The 

exact improvement depends largely on the data set 

characteristics. The improvement factor increases with the 

number of nodes and with the number of relations, 

although at a decreasing improvement rate The increase in 

improvement factor is due to the larger repartitioning and 

redistribution overheads of KHP. 

The next experiment, shown in Figure 6, evaluates the 

effect of transmission speed (β) and repartitioning speed 

(α) (relative to local processing speed) on the comparison 

between KHP and HPP. In each case, one of the 

parameters is fixed at 0.1 and the other varied between 

0.1 and 2. The most important conclusion from these 

results is that HPP is much more immune to the 

network/interconnect speed and organization than KHP. 

Both the network/interconnection speed and the 

repartitioning speed have a much larger impact on KHP 

than on HPP. This is as expected because KHP incurs in 

much larger repartitioning and redistribution costs than 

HPP. Therefore the advantage of HPP over KHP is much 

larger in the presence of slow networks/interconnects. 

 

 

 

 



Number of sites  Number of sites 
β 

2 4 6 8 10  
α 

2 4 6 8 10 

0.1 12.7% 14.1% 14.5% 14.7% 14.9%  0.1 11.6% 14.3% 15.2% 15.6% 15.8% 

0.25 16.6% 19.5% 20.3% 20.8% 21.0%  0.25 17.1% 19.4% 20.1% 20.5% 20.7% 

0.5 22.0% 26.3% 27.6% 28.2% 28.6%  0.5 24.7% 26.4% 27.0% 27.2% 27.4% 

0.75 26.3% 31.5% 32.9% 33.6% 34.0%  0.75 30.7% 32.1% 32.5% 32.7% 32.8% 

1 29.9% 35.4% 36.9% 37.6% 38.0%  1 35.7% 36.7% 37.0% 37.2% 37.3% 

2 39.5% 45.1% 46.5% 47.1% 47.5%  

Figure 6 – Comparison HPP vs KHP with varying α and β for n=5 relations 

 

 

5. Conclusions 
 

In this paper we have proposed a hash-partitioning 

data placement method to reduce repartitioning overhead 

during query workload execution in node-partitioned 

databases. The strategy is useful in query-intensive node 

partitioned databases, typically data warehouses. For a 

given query workload, our algorithm first determines the 

join patterns occurring in the workload. Using this 

information it partitions the relations according to their 

most frequent joins. 

Simulated experiments were conducted to evaluate the 

performance of the algorithm. As expected, the strategy 

outperforms previously proposed strategies that partition 

on-the-fly and only partially (one relation for PRS, one 

join component for RTHP). We also show improvement 

results when comparing the strategy to a blind hash-pre-

partitioning strategy that doesn’t take into account join 

patterns at all. We show that, by using a careful hash pre-

partitioning, the strategy reduces drastically the overall 

transmission and repartition overheads, therefore being 

much more immune to interconnect/network organization 

and speed than the other strategies.   
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