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Abbreviations and Symbols 

Amos Active Mediator Object System 
CPU Central Processing Unit 
DBMS Database Management System 
DSMS Data Stream Management System 
b Broadcast percentage 
bfn Broadcast function 
C (CPU) cost 
CQ Continuous query 
cc Consume cost (Paper IV) 
ce Emit cost (Paper IV) 
cm Merge cost (Paper V) 
cp (Paper IV) Process cost 
cp (Paper V) Poll cost 
cr Read cost (Paper V) 
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 Stream rate (Paper IV – V) 
D Desired stream rate (Paper V) 
oi Rate of output stream i (Paper IV) 
o(l) Total output stream rate at tree level l (Paper IV) 
PARASPLIT Maximum stream rate of parasplit (Paper V) 
PQ Maximum stream rate of PQ (Paper V) 
PR Maximum stream rate of PR (Paper V) 
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PS

(1) Maximum stream rate of PS with q = 1 (Paper V) 
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GPU Graphics Processing Unit 
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l Splitstream tree level (Paper IV) 

l Cumulative fanout at tree level l (Paper IV) 
L Number of expressways in the LRB 
LR() LRB stream function implementation (Paper IV) 
LRB Linear Road Benchmark 
Mbps Megabit per second 
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MRT maximum response time 
n Parallelism (Paper III, section 4) 
O(·) Complexity is order of · 
p PS parallelism (Paper V) 
PQ Query processor in parasplit (Paper V) 
PR Window router in parasplit (Paper V) 
PS Window splitter in parasplit (Paper V) 
pset Processing set (in BlueGene) 
q PQ parallelism (Paper V) 
r Routing percentage 
rl Routing percentage at tree level l (Paper IV) 
rfn Routing function 
RP Running Process (Paper I) 
Si Stream i (Paper IV) 
Soj Output stream j (Paper IV) 
So(l)

j Output stream j at tree level l (Paper IV) 
SCSQ Super Computer Stream Query processor 
SCSQL Super Computer Stream Query Language 
scsq-lr SCSQ LRB implementation (Paper IV – V) 
scsq-plr Parallelized SCSQ LRB implementation (Paper IV – V) 
SP Stream process 
TCP Transmission Control Protocol 
TG Trip Grouping algorithm (Paper III) 
u Number of input streams (Paper V) 
w Width of parallelization (Paper IV) 
W Physical window size (Paper V) 
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1 Introduction 

On-line decision-making over streaming data requires processing of con-
tinuous queries (CQs). CQs are used in applications such as science, engi-
neering, and financial analysis. Unlike conventional database queries that are 
defined over tables, CQs are defined over live streams of values. A conven-
tional database query executes once and returns a table of tuples reflecting 
the current state of the tables. Each row in a database table is called a tuple. 
Analogously, an item in a data stream is also called a tuple. Unlike a conven-
tional database query that results in a table, the result of a continuous query 
is a stream. This result stream is updated as new data appears in the input 
stream(s). The data streams are often of such a high rate that saving them to 
disk is not desirable or feasible. Furthermore, results of CQs have to be de-
livered as soon as possible, putting requirements on the response time. In 
many cases, the applications require non-trivial analysis, leading to CQs 
involving expensive processing. 

When new tuples arrive in the input stream, the CQ is executed over these 
tuples. If the CQ is expensive, result tuples will not be delivered immedi-
ately. Depending on the cost of the CQ, delays are incurred until result tuples 
are delivered. If the response time is larger than the rate of the input stream 
tuples, the delays accumulate, effectively preventing the system from keep-
ing up with the input stream rate. A classic method for keeping up with the 
input stream rate is load shedding, i.e. dropping the tuples of the input 
stream that cannot be processed in time [38]. However, if data loss is not 
tolerated, load shedding is not an option, and the execution of queries be-
comes a scalability problem. One approach to provide scalability of CQs 
with expensive operations over high-volume streams is to parallelize the 
execution of the CQs. Input streams must be split into parallel sub-streams, 
over which expensive query operators are continuously executed. 

The problem of parallelizing CQ execution with expensive operations is 
addressed in this Thesis, which consists of five papers. The following overall 
research questions are studied. These research questions are established from 
the originally formulated research questions stated in Paper I. 

1. How can scalability of continuous query execution involving expensive 
computations be ensured for large stream data volumes? 

2. How should user-defined computations, and models to distribute these, 
be included without compromising the scalability? 
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3. How does the hardware environment influence the system architecture 
and its algorithms? For example, how can the communication subsys-
tems be utilized optimally? 

To answer the above research questions, we implemented a parallel Data 
Stream Management System (DSMS) prototype, called SCSQ (Super Com-
puter Stream Query processor). A DSMS is a general software system that 
processes CQs over data streams. In SCSQ, CQs are specified in a query 
language that includes types and operators for streams and vectors. Vector 
processing operators enable queries to contain numerical computations over 
the input data streams. Composite types are allowed, which enables useful 
constructs such as vectors of streams. Furthermore, the query language is 
extended with stream processes (SPs) and parallelization functions, which 
allow the user to specify customized parallelization and distribution of que-
ries. SCSQ has been implemented to execute in a variety of hardware envi-
ronments, including desktop PCs, Linux clusters, and IBM BlueGene. 

SCSQ was evaluated using data and queries from the following applica-
tions:  

 Digital telescopes of the kind that has been developed in the LOFAR 
[31] and Lois projects [32] (Paper II and Paper VI). Thousands of re-
ceivers spread over vast land areas digitize radio waves from outer space 
into data streams. Scientists search and analyze physical phenomena in 
these streams using CQs. The challenge is to execute these CQs over 
streams of high volume from a large number of receivers. 

 Automatic online spatio-temporal trip grouping in metropolitan areas 
with the purpose to save transportation cost (Paper III). The challenge is 
to continuously discover trip groupings with high savings when the 
number of requests per second is high. 

 The Linear Road Benchmark (LRB) [4] (Paper IV – V). The LRB simu-
lates an expressway system with variable tolling, which depends on the 
current traffic conditions. The system must compute toll rates and dis-
cover accidents using continuous queries over position reports that are 
emitted from the vehicles travelling in the expressway system. All que-
ries must deliver results within the allowed Maximum Response Time 
(MRT). The challenge is to process as many expressways as possible. 

Developing and evaluating SCSQ for these applications also led to the fol-
lowing more specific research questions: 

4. If the input stream splitting requires both routing and broadcasting of 
tuples, how can the stream splitting scale with increasing stream rate? 

5. If the input stream splitting itself is expensive, how can the stream split-
ting be automatically parallelized, with additional resource consumption 
within reasonable bounds? 
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Questions 4 and 5 are specializations of questions 1 and 2.  
Table 1 shows the relationship between each research problem and the 

papers. The contributions of the papers are summarized briefly below the 
table. A more elaborate summary of the contributions can be found in Chap-
ter 3. 

Table 1. Relationship between research 
questions (1 – 5) and papers (I – V). 

 1 2 3 4 5 

I × × ×   

II   ×   

III × ×    

IV × ×  ×  

V × × × × × 

The main contribution of Paper I is the definition of the research questions 
one, two, and three, and the outline of the first prototype of SCSQ, which 
was implemented in LOFAR’s heterogeneous parallel computing environ-
ment featuring an IBM BlueGene super computer and a number of Linux 
clusters. 

Paper II enhances the SCSQ prototype in the heterogeneous parallel 
computing environment. Multiple hardware systems had to be utilized opti-
mally by SCSQ. We develop primitives for efficient stream communication 
and parallel stream processing. Scheduling of the parallel stream processes 
turned out to be important for high stream rate in such an environment. 
These results provide an answer to research question three. 

The work in Paper I – II forms the basis for Paper VI, which summarizes 
the architecture of SCSQ and further discusses how SCSQ utilizes the hard-
ware of a parallel computing environment. 

Our implementation of stream communication and query distribution in 
SCSQ enabled us to study various practical applications of parallel stream 
processing. In Paper III, a system for continuous automatic booking of 
large-scale car sharing was implemented in SCSQ (Trip Grouping algorithm; 
TG) in order to save travel costs in metropolitan areas. A parallelization 
study showed that naïve round-robin splitting of the input data stream de-
creases the travel cost savings. When splitting the input stream using spatial 
methods, the savings improved substantially compared to the naïve splitting. 
This shows that custom splitting of input data streams is important. To facili-
tate advanced stream splitting, SCSQL is extended with postfilters that allow 
very flexible specifications of whether each individual result tuple should be 
sent to zero, one or more other stream processes. Paper III provides answers 
to research questions one and two. 
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To propel the development of SCSQ, we made an implementation of the 
LRB, called scsq-lr [41]. In Paper IV, different methods are evaluated for 
parallelizing custom input stream splitting. The overall strategy was to gen-
erate a tree of stream processes, where the input stream arrives at the root of 
the tree, and the parallel sub-streams are available at the leaves. The expen-
sive query operators are continuously executed in parallel over the streams 
from the leaf nodes. We showed that such tree-shaped stream splitting scales 
significantly better than a naïve splitting performed in a single stream proc-
ess. Furthermore, our performance for the LRB (64 expressways) is en-
hanced by one order of magnitude in comparison to previously published 
results [17]. Paper IV provides answers to research questions one, two, and 
four. 

The fundamental limitation of tree-shaped data stream splitting is the fact 
that all tuples must pass the root, in which operators for the custom stream 
splitting are executed on each tuple in the stream. Furthermore, passing tu-
ples between the SPs in the tree is computationally expensive. The cost of 
stream splitting and communication turns the root into a bottleneck. To 
eliminate this bottleneck, we developed a fully parallelized stream splitting 
method in Paper V, where custom stream splitting is performed on parallel 
sub-streams. Furthermore, to cut the communication cost, we introduced 
physical windows, effectively amortizing the communication cost over all 
tuples in the window. We call this parallelized stream splitting approach 
parasplit. We showed that stream splitting – and hence parallel stream proc-
essing – could be performed at network bound speeds using parasplit. Fur-
thermore, we showed that the computational overhead incurred by executing 
all the processes in parasplit was moderate. Lastly, our performance for the 
LRB (512 expressways) is enhanced by an additional order of magnitude 
compared to the results in Paper IV. In summary, Paper V provides answers 
to all research questions. 

The next chapter gives an overview of the enabling technologies used to 
develop SCSQ, and summarizes related work. Chapter 3 elaborates the con-
tributions, and outlines the evolution of SCSQ. Lastly, Chapter 4 provides 
directions for future work. 
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2 Background 

This chapter discusses Data Stream Management Systems (DSMSs) and 
technologies that are related to this Thesis, including distributed databases 
and parallel batch systems. In addition, the chapter introduces the Amos II 
system, which SCSQ extends. 

2.1 Data Stream Management Systems 
Figure 1 shows the important building blocks of a DSMS. 

Input data 
streams

Query result 
data stream

DSMS

Queries

user
or

programmer

meta-
data

Query processing 
software

Stream data 
access software

stored
data

 
Figure 1. A Data Stream Management System 

Like a Database Management System (DBMS), a DSMS compiles and opti-
mizes user queries into query plans. Unlike a DBMS, a DSMS has the capa-
bility to process not only data at rest in tables, but also data in motion, illus-
trated by the input data streams in the figure. Queries that involve streams 
are called Continuous Queries (CQs). Unlike one-time queries to regular 
databases, CQs keep delivering results continuously in an output stream, and 
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can continue to do so for an indefinite amount of time. A CQ is terminated 
either explicitly by the user or by a stop condition in the query. When opti-
mizing one-time queries, the query optimizer may use meta-data and statis-
tics on the tables. In the same fashion, a CQ optimizer may use meta-data 
and statistics on the data streams. An executing CQ plan continuously reads 
input data streams and may access stored data. A lot of research effort has 
been put into semantics and languages for CQs, as well as processing, opti-
mization, and execution of CQs [22]. Many of these research efforts are 
made by building and extending DSMS prototypes [1] [11] [14] [29] [33]. 

When executing an expensive CQ over streams of high rate, it is impor-
tant that the CQ keeps up with the rate of the input stream(s). One strategy to 
keep up with the stream rate in overload situations is load shedding [38] 
[15]. This is not an option if data loss is not tolerated. If the input stream is 
bursty, it may be feasible to balance the load over time by writing some tu-
ples to disk during overload, and process them later during quieter periods 
[30]. This strategy is called state spill. If the input stream rate is constantly 
high and if the application needs the DSMS to respond in time, state spill is 
not an option. In this case, parallelization of the execution is a way to keep 
up with the input stream rate. How this is done is explored in this Thesis. 

2.2 Parallel Data Stream Management 
Two main strategies for parallelization of continuous queries can be identi-
fied: Partitioning the query plan (operator parallelism), and partitioning the 
data (data parallelism). Plan partitioning involves assigning query operators 
to compute nodes [26]. In adaptive CQ plan partitioning, query plans are 
partitioned by dynamically migrating operators between processors [8]. A 
variant of adaptive query plan partitioning is called Eddies, which routes 
tuples to the operator that currently has the smallest load [5] [39]. However, 
a fundamental problem of CQ plan partitioning is the fact that heavyweight 
stream operators are bottlenecks. For example, the heaviest stream operator 
of a partitioned query proved to be a bottleneck in [26]. The goal of data-
partitioned parallelization is to eliminate bottlenecks associated with expen-
sive operators by parallelizing those operators and partitioning the data such 
that each operator processes a portion of the data. Partitioning a data stream 
requires the input stream to be split into parallel sub-streams over which CQ 
operators are executed in parallel. DSMS operators for splitting a stream 
have been discussed in [12], and have been implemented and evaluated in 
[3] and [9] for moderate numbers of parallel sub-streams. To partition a 
stream of high volume into a large number of parallel sub-streams, scalable 
splitstream functions are introduced in this Thesis. 

A naïve data-partitioning strategy is to route input stream tuples to the 
query processors in a round-robin fashion. This approach is often sub-opti-
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mal, as was shown in [27], where a query-aware input data stream partition-
ing was proposed and evaluated. However, in [27], the execution and scal-
ability of input stream splitting was not studied. A recent study identifies the 
problem of scaling up the number of parallel sub-streams when splitting an 
input stream into parallel sub-streams [3]. Recent work in distributed event 
based stream processing has also observed the scalability problem of parti-
tioning an event stream into a number of sub-streams using non-trivial 
stream splitting predicates [9]. This Thesis is set apart from previous work 
by proposing two approaches for parallelizing the stream splitting itself, 
namely tree-based parallelization (exptree and maxtree in Paper IV), and 
lattice-based parallelization (parasplit in Paper V). We show that parasplit 
enables stream processing at network bound rates by massive scale-out of 
customized routing and broadcasting. 

Although automatic parallelization of CQs was shown to be possible for a 
certain class of aggregation and join queries in [27], it is very difficult to 
automatically induce a data parallel strategy in general. This is especially 
difficult if the CQs are not declarative. Therefore, many DSMSs and DBMSs 
require the user to provide additional information to assist the parallelization 
of the queries. 

Both SPADE [3] and StreamInsight [28] have stream splitting operators 
that allow routing and broadcasting of streams, which are used when paral-
lelizing the stream processing. The stream programming language 
WaveScript [34] represents a program by a graph of stream operators that is 
partitioned into sub-graphs and executed in a distributed environment. 
GSDM [25] distributes stream computations by generating parallel execution 
plans with tree-shaped stream splitting, through parameterized code genera-
tors. These code generators are called distribution templates. The user se-
lects a parallelization strategy by choosing a distribution template. By con-
trast, SCSQ provides declarative parallelization functions in the query lan-
guage. Stream splitting is specified using routing and broadcast functions. 
As parallelization functions are declarative, they are optimizable and auto-
matically parallelizable. This fact is exploited when we parallelize the execu-
tion of splitstream into exptree, maxtree, and parasplit. 

When transferring stream tuples between compute nodes in a distributed 
DSMS, the marshalling cost is substantial. This tuple transfer cost is reduced 
by grouping tuples into windows (also known as signal segments, or 
SigSegs) [21]. Similarly, SCSQ utilizes physical windows, which was shown 
to be important for maintaining network bound stream rates in Paper V. 

2.3 Distributed Databases 
In distributed databases, fast and scalable data processing is facilitated by 
scaling out storage. Fragmentation and replication [35] are key technologies 
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for this scale-out. The purpose of fragmentation is to partition data over dis-
tributed storage nodes in a balanced way, whereas replication aims to pro-
vide fast access or high availability by storing each tuple in more than one 
node. The user provides fragmentation and replication conditions as meta-
data. Analogous to fragmentation and replication conditions of distributed 
databases, our splitstream functions provide customized routing and broad-
casting of stream tuples (Paper IV – V). Unlike distributed databases, the 
extreme stream rates for DSMSs require scaling out not only the CQs, but 
also the execution of routing and broadcast functions. 

2.4 Parallel Batch Systems 
A well-known example of an infrastructure for large-scale parallel data 
processing is MapReduce [16], which was implemented at Google to support 
parallel processing on large-scale computational clusters of large numbers of 
distributed data sets. MapReduce allows a programmer to map any function 
over each data item in a distributed file system, and to compute any reduce 
(aggregate) function over each data item resulting from the mapping. This 
can be seen as a form of parallelized group-by. By contrast, SCSQ has a 
general streaming query language, allowing streams to be both split, trans-
formed and queried in a scalable way. 

More recently developed systems allow more flexible parallelization 
schemes than does MapReduce. For example, Dryad [24] provides a proce-
dural language to construct graphs of processes and communication chan-
nels. In contrast to Dryad, SCSQ does not require the user to explicitly con-
struct process graphs, since the process graphs of SCSQ are automatically 
generated by the parallelization functions. 

Map-Reduce-Merge [45] provides an SQL-like query language on top of 
MapReduce, which significantly eases the programming burden on the user. 
Like Map-Reduce-Merge, SCOPE [10] provides a scripting language and 
execution environment for analysis of large data sets on large clusters. How-
ever, neither Map-Reduce-Merge nor SCOPE allows on-line stream process-
ing. 

MapReduce, SCOPE, and Dryad are all batch systems that do not process 
streams on-line. Also, the Computational Grid [18] is a basic infrastructure 
for batch processing on distributed clusters. The purpose of a batch system is 
to provide multiple users with the functionality to process entire data sets at 
rest within reasonable time, while maximizing total system throughput for all 
users. As all data files of a batch system are available all the time, a batch 
system has the freedom to access each data item more than once, while 
streams typically must be processed in one pass due to their infinite nature. 
Furthermore, batch computations produce files, while the result of a CQ is a 
stream. Thus, batch systems do not continuously produce output streams 



 

 19 

while input data is processed, and the output is normally delayed until all 
processing is complete. The scheduling of computations in batch systems is 
also allowed to be delayed to improve total system throughput. By contrast, 
on-line stream processing using CQs requires the result stream tuples to be 
delivered just after new data has arrived on the input stream.  

Recently, Streaming MapReduce was introduced [13] with pipelining ex-
tensions that gave MapReduce the capability to process parallel data streams. 
Like conventional MapReduce, Streaming MapReduce is based on a proce-
dural programming model not using any general query language. Further-
more, the problem of scalable stream splitting is not handled by Streaming 
MapReduce. 

2.5 Amos II 
SCSQ is implemented using the Amos II kernel [36]. Amos II is a functional 
and extensible main memory DBMS, with a main-memory storage manager, 
query processor, and a type system. Queries are compiled and optimized 
using a cost-based optimizer, which translates the queries into procedural 
execution plans in ObjectLog, which is an object-oriented dialect of Datalog. 
Queries are optimized using statistical estimates of the cost of executing 
each generated query execution plan expressed in a query execution algebra. 
A query interpreter interprets the optimized algebra to produce the result. To 
minimize memory requirements during the interpretation of queries over 
large data sets, the execution plans are interpreted in an iterative tuple-by-
tuple style, materializing data only when favorable. This approach of mini-
mal materialization lends itself very well to execution of CQs, and is there-
fore utilized in SCSQ. 

SCSQ extends Amos II in the following ways: 

 Stream query coordinators start parallel processes dynamically (Paper 
I – II). 

 SPs provide mechanisms for iteration over streams in a distributed envi-
ronment (Paper I – III). 

 Primitives for network stream connections provide an infrastructure for 
communicating stream processes (Paper II). 

 Numerical vectors represented in binary form, and functions operating 
over these vectors, provide efficient processing of stream tuples (Paper 
II and Paper IV – V). 

 Postfilters extend stream processes by reducing and transforming their 
output streams (Paper III). 

 Query language parallelization functions provide declarative paralleliza-
tion of CQs (Paper IV – V). 
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 Physical windowing functions provide network bound data stream rates 
between stream processes (Paper V). 

 Performance tools allow profiling of parallelized query execution (all 
papers). 
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3 Overview of contributions 

The first SCSQ prototypes were made to execute in a high performance 
computing environment, containing an IBM BlueGene super computer, and 
a number of Linux clusters. In such a massively parallel environment, sev-
eral communication subsystems co-exist and need to be utilized optimally 
for parallel processing of streams of high rate. Therefore, efficient stream 
communication primitives are a crucial part of SCSQ. In Paper II, SCSQ 
itself was used to investigate the communication performance of a BlueGene 
cluster environment. To enable this investigation, the query language of 
SCSQ, called SCSQL, was extended with Stream Processes (SPs), allowing 
the user to specify parallelization of queries. Furthermore, query language 
functions were introduced that allowed the user to specify the location of 
processes in a heterogeneous and distributed environment. We showed how 
to use SPs and functions for process location to determine properties of the 
communication subsystems of a heterogeneous high performance computing 
environment. The scheduling of SPs was shown to have a significant impact 
on the communication performance. Thus, careful scheduling of SPs is im-
portant to achieve high stream rate in such an environment. These results 
provides answer to research question three. 

Using SCSQ, we carried out extensive studies of two applications of par-
allel stream processing: Trip grouping for large-scale collective transporta-
tion systems, and the Linear Road Benchmark (LRB). Both these applica-
tions featured expensive CQs, which were executed over input streams of 
high rate. To keep up with increasing input stream rates, the CQ execution 
had to be parallelized. In both applications, the input stream was split into a 
number of parallel sub-streams, each sub-stream having a lower rate than the 
input stream. CQ operators were executed over each sub-stream. The output 
streams of the parallel CQ operators were further processed or merged de-
pending on the application. 

In Paper III, a streamed Trip Grouping algorithm (TG) was devised that 
enables on-line ride-sharing in a metropolitan area. TG was implemented 
and executed using SCSQ, and its execution was parallelized. In the paral-
lelization experiments, it became evident that naïvely splitting the input 
stream in a round-robin fashion leads to sub-optimal trip grouping results. 
Instead, by splitting the input stream using spatial partitioning methods, the 
trip grouping quality improved. This demonstrates the usefulness of user-
defined splitting of data streams. 
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Parallel computations were defined as sets of parallel sub-queries, where 
each sub-query executed on one SP. The output of an SP is sent to one or 
more other SPs, which are called subscribers of that SP. To enable non-
trivial stream splitting, SCSQ’s stream process function SP() was extended 
with an optional functional argument, called a postfilter. The postfilter is 
expressed in SCSQL, and can be any function that operates on the output 
stream of its SP. For each output tuple from the SP, the postfilter function is 
called once per subscriber. Hence, the postfilter can transform and filter the 
output of an SP to determine whether a tuple should be sent to a subscriber. 
In the parallelization experiments, one SP was splitting the incoming stream 
of trip requests using a postfilter. 

Figure 2 shows how the SPs communicate when TG is parallelized. The 
input stream S is split by SPS into q parallel streams. Spatial partitioning 
methods were used in the postfilter function of SPS. Each stream S0 … Sq-1 is 
processed by an SP running TG. The result streams from all SP0 … SPq-1 are 
merged into the result stream R in SPU using a union-all. We showed ex-
perimentally that splitting the input stream according to spatial partitioning 
methods was superior to naïve round-robin stream splitting. The results of 
the parallelization experiments of Paper III provided insight into research 
questions one and two. 

SPS SPU
Sq-1

S1

S0

S R
...

SPq-1

SP1

SP0

 
Figure 2. Parallelization of TG using SPs. 

For Paper IV – V, we made an implementation of the LRB, called scsq-lr 
[41], and studied how to parallelize that implementation. LRB simulates a 
traffic system of expressways with variable tolling that depends on the utili-
zation of the roads and the presence of accidents. Vehicles undertake jour-
neys in an expressway system consisting of L expressways while emitting 
position reports. The input stream to the implementation contains such posi-
tion reports and parameterized queries, whereas the expected output stream 
of the implementation contains responses to a number of continuous and 
historical queries, which are specified in the benchmark. The implementation 
must respond correctly to these queries within the allowed maximum re-
sponse time (MRT). The number of expressways that an implementation is 
able to respond to within the MRT is called the L-rating of the implementa-
tion. 
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Most of the CPU time of scsq-lr was spent computing statistical aggre-
gates for toll calculation. These aggregates are local to each expressway. 
Thus, the key to efficient parallelization lies in partitioning the input stream 
into L parallel sub-streams, one for each expressway, and executing one 
instance of scsq-lr over each sub-stream. This strategy was employed in 
scsq-plr, as reported in Paper IV. When employing this parallelization strat-
egy, a small fraction (0.5%) of the tuples in the input stream requires an 
aggregate to be computed across all parallel scsq-lr nodes. As a conse-
quence, these tuples must be broadcasted to all parallel sub-streams. Each 
parallel scsq-lr emitted a partial result of this aggregate, so these L partial 
results must be aggregated. Thus, the input stream is split such that most 
tuples are routed to exactly one of the sub-streams, whereas a small fraction 
of the tuples is broadcasted to all sub-streams. 

The cost of splitting the input stream using the postfilter functions devel-
oped in Paper III is O(q), where q is the number of output streams. For the 
LRB, q=L. Thus, using postfilters for splitting a stream into L parallel 
streams is too expensive when scaling L. To improve the scalability for high 
parallelism, a new class of functions was introduced, called parallelization 
functions. Parallelization functions are declarative, and can be parallelized 
automatically. Figure 3 illustrates the three basic parallelization functions: 
splitstream, mapstream, and mergestream. The function splitstream distrib-
utes and replicates tuples of the input stream by executing a routing function 
rfn and a broadcast function bfn. The functions rfn and bfn are provided by 
the user. The function mapstream applies a CQ on each stream in a collec-
tion of streams, while mergestream merges or joins a collection of streams 
into a single output stream. As splitstream turned out to be a bottleneck, we 
focused on parallelizing the execution of splitstream in Paper IV. 

 
Figure 3. Splitstream, mapstreams, and mergestream. 

We made a naïve implementation of splitstream called fsplit, which executed 
in a single process. We devised a cost model for fsplit, showing that it be-
comes a bottleneck especially if a large percentage of the tuples are broad-
casted. This bottleneck was alleviated by parallelizing the execution of fsplit 
using tree-shaped parallel execution plans. A theoretically optimal execution 
strategy called maxtree was developed based on the cost model for fsplit. 
However, maxtree required knowledge of the routing and broadcast percent-
ages, as well as the costs of rfn and bfn. Therefore, another kind of parallel 
execution plan called exptree was implemented, which did not require 
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knowledge of any of these percentages or costs. Although not theoretically 
optimal, the performance of exptree was shown to be comparable to that of 
maxtree. Lastly, autosplit was introduced, which features a simple heuristic 
that generates an exptree or an fsplit depending on whether bfn is present in 
the call to splitstream. In a final experiment, autosplit was used as a split-
stream function in a parallel implementation of the LRB. An L-rating of 
L=64 was achieved, which was an order of magnitude higher than any previ-
ously published result. 

In summary, the implementation of parallelization functions in Paper IV 
provides answers to research questions one and two. Distributing the execu-
tion of splitstream provides answer to research question four. 

The fundamental limitation of the tree-shaped execution plans introduced 
in Paper IV is the fact the input stream must pass the root of the splitstream 
tree, where rfn and bfn are executed for each tuple. Therefore, the maximum 
stream rate of a splitstream tree is sensitive to the cost of executing rfn and 
bfn. In particular, it was shown in Paper IV that the maximum stream rate of 
a tree with the rfn and bfn used to parallelize the LRB input stream corre-
sponded to 65 expressways. The data rate of 65 expressways is 73 Mbps, 
which is much less than the bandwidth of a gigabit Ethernet interface. Thus, 
the CPU cost of executing rfn and bfn prohibited higher stream rates. 

In Paper V, we showed how to handle expensive rfn and bfn by introduc-
ing parasplit, which is a new way of parallelizing the execution of split-
stream. The execution plan generated by parasplit had the shape of a lattice 
instead of a tree. The maximum stream rate of parasplit was shown to be 
superior to that of all splitstream trees. The execution of rfn and bfn was 
parallelized into a number of parallel processes, effectively making parasplit 
insensitive to the cost of rfn and bfn, as well as to the broadcast percentage. 
When implementing parasplit, the cost of marshalling and de-marshalling 
tuples of the input stream dominated the cost, turning the communication 
cost into a bottleneck. We introduced physical windows, effectively amortiz-
ing the communication cost over all tuples in the window. By setting the 
window size large enough for the communication system used, the marshal-
ling bottleneck was eliminated. 

An execution plan of parasplit is shown in Figure 4. First, the window 
router PR reads physical windows containing tuples represented in binary 
form from the input stream S. Each physical window is randomly routed 
with equal probability to one of the p parallel sub-streams Si, i = 0…p – 1. 
Second, each window splitter PSi unpacks the tuples of the physical win-
dows of its sub-stream Si received from PR, and executes rfn and bfn on each 
tuple so that each tuple is distributed to zero, one or more continuous query 
processors PQj, j = 0…q – 1. Third, each query processor PQj merges all 
received streams Tij, i = 0…p – 1, into a local stream Uj. Expensive CQ op-
erators are then applied in the query processors on each local stream Uj. 
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Figure 4. Execution plan of parasplit, showing p=3 and q=8. 

The maximum stream rate of parasplit was not sensitive to the cost of rfn 
and bfn, as the execution of these functions was parallelized. The maximum 
stream rate of parasplit was shown to be network bound instead of CPU 
bound. Furthermore, we showed that the computational overhead incurred by 
executing all the processes in parasplit was moderate. Thus, Paper V pro-
vides answers to all research questions one, two, three, four, and five. 

 



 

 26 

4 Future Work 

When we started to study scalable parallelization of expensive continuous 
queries over massive data streams, we focused on research questions one, 
two, and three. In the process of looking for answers to these questions, we 
found that the scalability of input data stream splitting was crucial, leading 
us to formulate the additional research questions four and five. Although 
this Thesis provides answers to these five research questions, there are sev-
eral new research questions to study, as outlined below. 

Parasplit splits streams at network bound rates, which was experimen-
tally evaluated in a cluster of up to 70 compute nodes with eight cores each, 
connected by a 1Gbps switched network. Future work includes investigating 
the behavior of parasplit for higher network bandwidths and larger number 
of compute nodes, to identify unforeseen scalability problems. 

The query plan of parasplit is optimized, parallelized, and scheduled 
when the CQ is started. Although this approach was shown to work well in 
our evaluations, it would be worthwhile to extend it with methods for adap-
tive parallelization and scheduling of execution over streams after the CQ 
has been started, as in [29] and [2]. 

For CQs involving selective predicates, it should be investigated how to 
push down some selection predicates into rfn, effectively saving communi-
cation cost by increasing omit percentage o in the window splitters of pa-
rasplit. 

Stream join processing has been extensively studied in previous research. 
However, none of the existing research has investigated stream join process-
ing for large numbers of input streams of high volume. For instance, the 
studies in [6] and [20] were limited to binary joins, and the experiments of 
[27] were restricted to eight-way joins (involving four compute nodes). Win-
dowed multi-way join operators were studied for up to six parallel input 
streams in [42], and in [43], distributed windowed stream join was studied 
for adaptively partitioned windows. The experimental results in [43] were 
shown for three-way joins. In sensor networks, merge and join of many 
streams of moderate rates have been studied [37]. It would be highly inter-
esting to investigate how to facilitate scalable stream join processing for 
hundreds or even thousands of streams of high volume. 

Moreover, we want to extend our energy efficiency studies of parallel 
stream processing. Paper V estimates the energy efficiency of parasplit by 
comparing the CPU time spent in executing stream splitting predicates to the 
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CPU time of the parallelized parasplit. This efficiency measure shows how 
much extra work is incurred by parallelizing the stream splitting predicates. 
The unit of this efficiency measure is a percentage, as CPU seconds are di-
vided by CPU seconds. Future work includes investigating whether GPUs 
[23] and other hardware acceleration [44] techniques can be utilized to im-
prove energy efficiency of general parallel stream processing. 

Various utility measurements that capture the user value versus the execu-
tion cost of the DSMS should also be investigated. In the case of the LRB, 
possible utility measures are expressways per CPU second, expressways per 
unit electric energy [40], or expressways per ownership and operations cost.  

High Availability [7] is another aspect of parallel execution of CQs that 
has not been studied in this Thesis. The current implementation of SCSQ 
cannot guarantee operational performance, as there are no mechanisms im-
plemented to compensate for hardware or software slowdowns or unavail-
ability. Hence, methods that provide high availability for highly parallel 
stream processing systems should be developed. Furthermore, the energy 
efficiency of such methods should be investigated. 

Lastly, the parallelization functions of SCSQ may well provide an execu-
tion environment for inference in near real-time, such as data stream mining 
[19] and event processing [9]. In data stream mining applications, combining 
high volumes of data at rest with high volumes of data in motion is an im-
portant capability. Therefore, future work includes investigating scalable 
approaches to integrating parallel databases with SCSQ. 
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5 Summary in Swedish 

Den här avhandlingen handlar om skalbar parallellisering av kostsamma 
stående frågor över massiva dataströmmar. För att förstå vad detta innebär 
behövs lite bakgrund. 

Tillämpningar inom bland annat naturvetenskap, teknik, finansiell analys 
och datavetenskap ställer ökande krav på att nya data ska analyseras genast 
så fort de blir tillgängliga. Mätvärden, nyhetsflöden, marknadsinformation 
och loggfiler innehåller data som ständigt uppdateras. Sådana datakällor 
kallas dataströmmar. När nya data anländer med hög hastighet är det i regel 
inte önskvärt eller möjligt att lagra dataströmmens innehåll på disk för sena-
re analys, som i vanliga databaser. Istället måste sökning och bearbetning 
utföras direkt på den levande dataströmmen. Under det senaste decenniet har 
databasforskningen utvecklat metoder för sökning och bearbetning av sådana 
dataströmmar. Ansatsen är att bearbetningen ska kunna uttryckas med så 
kallade stående frågor, som förklaras härnäst. 

5.1 Stående frågor över dataströmmar 
Traditionella databashanterare, såsom Oracle och MySQL, utgörs av mjuk-
vara som lagrar data, vanligen i form av tabeller. Varje rad i en sådan tabell 
kallas tupel (på engelska tuple). En databashanterare har ett frågegränssnitt 
där användaren formulerar frågor i ett frågespråk, vanligen SQL. Frågorna 
uttrycker sökningar och bearbetningar av innehållet i dessa tabeller. Svaret 
på en fråga – som i sig är en tabell – beror av de lagrade tabellernas innehåll. 
Databashanterarens mjukvara översätter användarens frågor till frågeplaner. 
En frågeplan är ett program som kör de operatorer som behövs för att besva-
ra frågan. Att översätta en fråga till en plan kan göras på ofattbart många 
olika sätt, och det är viktigt att databassystemet kan upprätta smarta planer så 
att svarstiderna blir korta – för alla vet hur jobbigt det är att vänta på en da-
tor. Det allmänna problemet att generera effektiva planer för många olika 
sorters frågor kallas frågeoptimeringsproblemet och har studerats under lång 
tid inom databasforskningen. Även om tabellerna innehåller mycket data, 
eller om mer data fylls på i tabellerna, är det viktigt att frågorna fortfarande 
besvaras inom rimlig tid. Effektiv bearbetning av datamängder, även när de 
ökar i storlek, är ett centralt problem inom datavetenskapen som kallas skal-
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barhetsproblemet. Frågeoptimering och skalbarhet är centralt även vid sök-
ning och bearbetning av dataströmmar. 

Till skillnad från konventionella databasfrågor som är definierade över 
tabeller, är en stående fråga (på engelska continuous query) definierad över 
strömmar av data som ständigt ändras. Ett värde i en dataström kallas tupel, 
analogt med en rad i en tabell. Medan konventionella databasfrågor returne-
rar ett resultat som beror av tabellernas innehåll vid tillfället när frågan ställ-
des, är resultatet av en stående fråga i sig en ström av tupler som uppdateras 
efterhand som nya tupler anländer i de sökta strömmarna (indataströmmar-
na). En stående fråga kan köra obegränsat länge. 

Många stående frågor innehåller avancerad sökning och bearbetning som 
kräver mycket datorkraft, d.v.s. är kostsam att utföra. Samtidigt kräver till-
lämpningarna korta svarstider. Därför är frågeoptimeringsproblemet centralt 
även för dataströmhantering: Målet är att generera en plan av operatorer som 
levererar resultatströmmen med kortast möjliga svarstid. Svarstiden för en 
stående fråga definieras som tiden från att data anländer i indataströmmarna 
tills de eftersökta data levererats i resultatströmmen. Skalbarhetsproblemet är 
också viktigt: Dataströmhanteraren måste leverera en resultatström med 
minimalt dröjsmål även om bearbetningen är kostsam och tidskrävande, eller 
om nya data anländer med hög hastighet i indataströmmen. Dataströmmar 
där nya data anländer med hög hastighet kallas massiva. 

5.2 Forskningsfrågor 
Ett sätt att snabba upp kostsam sökning och bearbetning av dataströmmar är 
att parallellisera databehandlingen, genom att utnyttja många datorers sam-
lade beräkningskraft samtidigt. I den här avhandlingen, som består av fem 
studier, har vi undersökt hur stående frågor kan bearbetas parallellt över 
dataströmmar med hög hastighet. Frågeställningarna för avhandlingen for-
mulerades ursprungligen i vår första studie, Paper I. Från denna inledande 
studie kan följande övergripande frågeställningar kristalliseras: 

1. Hur kan stående frågor med kostsamma bearbetningar utföras skalbart 
över snabba dataströmmar? 

2. Hur ska dataströmhanteraren hantera och parallellisera specialiserade 
databearbetningar på ett skalbart sätt? 

3. Hårdvarumiljön utgörs av datorerna som står till systemets förfogande. 
Hur påverkar hårdvarumiljön systemets uppbyggnad och dess algorit-
mer? Hur ska t.ex. kommunikationssystemet utnyttjas optimalt? 

För att studera forskningsfrågorna har vi utvecklat en prototyp för parallell 
dataströmhanterig som vi kallar SCSQ (Super Computer Stream Query pro-
cessor, uttalas 'siss-kju:). I dess frågespråk SCSQL (Super Computer Stream 
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Query Language) kan stående frågor uttryckas över dataströmmar. Typsy-
stemet i SCSQL innehåller bl.a. strömmar och vektorer samt funktioner över 
dessa. Funktioner för vektorbearbetning har använts för att utföra beräkning-
ar över strömmarnas innehåll. SCSQL tillåter även sammansatta datatyper, 
vilket är användbart för att konstruera t.ex. vektorer av strömmar i ett fråge-
språk som tillhandahåller funktioner över bl.a. strömmar och vektorer. Dess-
utom innehåller SCSQL strömprocesser (SP:er) och parallelliseringsfunk-
tioner, där användaren specificerar icke-procedurellt hur de stående frågorna 
ska parallelliseras, d.v.s. utan att behöva ange i detalj hur och var de ska 
köras. SCSQ fungerar i olika hårdvarumiljöer, t.ex. persondatorer, Linux-
kluster och superdatorer såsom IBM BlueGene. I våra studier har SCSQ 
utvärderats med hjälp av data och frågor från följande tillämpningar: 

 Digitala stjärnkikare av den typ som utvecklats i LOFAR- och Lois-
projekten (Paper II och Paper VI). Tusentals radiomottagare spridda 
över stora landområden fångar upp och digitaliserar radiovågor från yttre 
rymden och omvandlar dessa till dataströmmar. Forskare eftersöker och 
analyserar fysikaliska fenomen i dessa strömmar med hjälp av stående 
frågor. Utmaningen är att fortlöpande utföra kostsamma sökningar och 
bearbetningar av mycket stora datamängder från ett stort antal mottaga-
re. 

 Automatisk bokning av samåkningar i storstadsområden för att minska 
transportkostnader (Paper III). Utmaningen är att fortlöpande planera 
samåkningar när antalet samtidigt begärda resor är mycket stort. 

 Linear Road Benchmark (LRB) (Paper IV och Paper V). LRB är ett 
stresstest för dataströmhanteringssystem, som simulerar ett trafiksystem 
för motorvägar med ett dynamiskt vägtullssystem, vars tull beror på tra-
fikläget. Dataströmhanteringssystemet måste fortlöpande beräkna tull 
och upptäcka olyckor baserat på stående frågor över positionsdata från 
samtliga fordon och vägavsnitt. All bearbetning måste dessutom ske 
inom tillåten svarstid (engelska Maximum Response Time, MRT). Utma-
ningen är att kunna hantera data från så många motorvägar som möjligt. 

Inom dessa studier har vi vidareutvecklat SCSQ och fått inblick i följande 
specifika frågeställningar: 

4. Om uppdelningen av indataströmmen kräver att vissa data mångfaldigas, 
hur kan vi säkerställa skalbarhet i uppdelningen när strömhastigheten 
ökar? 

5. Om uppdelningen av indataströmmen är kostsam, hur kan uppdelningen 
automatiskt parallelliseras samtidigt som den ökade resursförbrukningen 
hålls inom rimliga gränser? 

Frågorna 4 och 5 är specialiseringar av frågorna 1 och 2. Tabell 1 på sidan 
13 visar hur studierna täcker forskningsfrågorna. 
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5.3 Sammanfattning av studierna 
I Paper I definieras forskningsfrågorna, som vi redogjorde för i avsnittet 
ovan. I Paper II beskrivs den första prototypen av SCSQ, som kördes i en 
parallelldatormiljö med en IBM BlueGene superdator och ett antal Linux-
kluster där flera hårdvarusystem måste utnyttjas optimalt av dataströmhante-
raren. Vi utvecklade primitiver för effektiv strömkommunikation och paral-
lell strömbearbetning (strömprocesser; SP:er). Vi såg att schemaläggningen 
av strömprocesser i parallelldatormiljön hade avgörande betydelse. Därför 
måste strömprocesserna placeras noga i en sådan miljö för hög ström-
hastighet. Dessa resultat gav svar på forskningsfråga tre. 

Arbetet i Paper I och Paper II ligger till grund för Paper VI, som sam-
manfattar SCSQs arkitektur och diskuterar hur SCSQ utnyttjar kommunika-
tionssystemet i en parallelldatormiljö. 

Med primitiver på plats för strömkommunikation och frågedistribution, 
använde vi SCSQ för att studera olika praktiska tillämpningar inom parallell 
strömbearbetning. I Paper III implementerades ett system i SCSQ för fortlö-
pande automatisk planering av stora mängder samåkningar (trip grouping 
algorithm; TG) med syfte att minska resekostnader i storstadsområden. Inda-
taströmmen bestod av begärda resor. I ett första experiment delades denna 
ström upp genom att de parallellt arbetande processerna turades om att ta 
emot de begärda resorna. Det visade sig att denna enkla strömuppdelning 
försämrade besparingarna. Besparingarna blev större när indataströmmen 
delades upp med spatiala metoder jämfört med när den uppdelades på enk-
laste sätt. Detta visar att användardefinierad uppdelning av indataströmmar 
är en viktig teknik. För att möjliggöra avancerad strömuppdelning utökades 
SCSQL med postfilter, som transformerar och filtrerar resultatströmmen från 
en strömprocess och därigenom avgör hur tupler ska skickas vidare. Paper 
III ger svar på forskningsfrågorna ett och två. 

För att ytterligare driva utvecklingen av SCSQ framåt implementerade vi 
LRB i SCSQ. Vår implementation kallas scsq-lr. I Paper IV utvärderades 
olika metoder att parallellisera användardefinierad uppdelning av dataström-
mar. Som övergripande strategi för att dela upp strömmarna genererades träd 
av parallella strömprocesser, där varje strömprocess utförde en del av upp-
delningsarbetet. De parallella kostsamma strömbearbetningarna kördes på 
delströmmarna från trädets löv. I studien visade vi att en sådan trädformad 
strömuppdelning skalar betydligt bättre än om uppdelningen utförs av en 
enda strömprocess. Med denna ansats uppnådde vi en tiopotens högre pre-
standa för LRB (64 motorvägar) än dittills publicerade resultat. Sammanfatt-
ningsvis ger Paper IV svar på forskningsfrågorna ett, två och fyra. 

Ett problem med trädformad strömuppdelning är att indataströmmen mås-
te passera trädets rot, där den användardefinierade strömuppdelningen utförs 
på strömmens alla data. Ett annat problem är kommunikationskostnaden: Det 
krävs mycket datorkraft för att skicka tupler mellan strömprocesserna i trä-
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det. Kostnaderna för strömuppdelning och kommunikation gör att roten blir 
en flaskhals. För att eliminera denna flaskhals utvecklade vi en fullständigt 
parallelliserad strömuppdelningsmetod i Paper V, där den den användardefi-
nierade strömuppdelningen utförs parallellt på delar av strömmen. Detta 
resulterar i en komplicerad graf-formad parallell exekveringsplan, som vi 
kallar parasplit. För att minska kommunikationskostnaden klumpade vi 
samman tuplerna till fysiska fönster (på engelska physical windows) i 
parasplit. Vi visade att strömuppdelning med parasplit – och därmed paral-
lell strömbearbetning – kan utföras i en hastighet som ligger nära nätverkets 
maximala hastighet. Vi visade även att den ytterligare datorkraft som måste 
skjutas till för att köra alla processer i parasplit var måttlig. Med parasplit 
uppnådde vi åter en tiopotens högre prestanda för LRB (512 motorvägar) än 
vårt tidigare resultat i Paper IV. På så sätt ger Paper V svar på samtliga 
forskningsfrågor. 

Vi började med att ställa forskningsfrågorna ett, två och tre. När vi arbe-
tade med dessa frågor upptäckte vi att det var kritiskt för prestanda att inda-
taströmmen kunde delas upp på ett skalbart sätt. Således uppstod forsk-
ningsfrågorna fyra och fem. I våra fem studier I – V har vi givit några svar 
på forskningsfrågorna, och vet således nu lite mer om skalbar parallellisering 
av kostsamma stående frågor över massiva dataströmmar. Emellertid har 
ytterligare nya forskningsfrågor uppkommit under arbetets gång, som allt-
jämt återstår att lösa. Dessa nya frågor skisseras i Kapitel 4, Future Work. 
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