
 







two parallel story pattern are equally well exploited al-
ready on a dual core machine.

The case of a foreach loop studied in our �rst experi-
ments is shown in Figure 10. Also in this case the story
pattern permits to parallelize the queries. We omit the
details of the story pattern due to the limited space we
have for the report.

Figure 10. Story diagram with implicit
parallelism of a foreach loop

Figure 11. Results for implicit parallelism

The achieved speedup for the three test data sets are
reported in Figure 11. Here also the data indicates that
at �rst the new interpreter with its parallel processing
has general performance bene�ts due to the superlin-
ear improvements for the dual core. We can further
observe that for more complex examples for the given
test data the speedup for the 24 cores is not increasing.
This is not what we expected and we hope to iden-
tify the source of this weak elasticity in further exper-
iments.

5. Conclusions and Future Work

Currently, we can only show that there is high poten-
tial for major performance improvements by means of
parallelizing the execution of story diagrams and story
patterns. However, there are also cases where the over-
head of parallelization in fact can result in a decrease
of the performance.

Thus, we need to further investigate the character-
istics for those cases where the parallel execution re-
ally outperforms the sequential execution. If we could
characterize and detect these cases via heuristics, this
would enable hybrid execution strategies for story dia-
grams and story patterns that only employ the parallel
execution when major performance improvements are

highly likely. In addition, the decision could be done
context-dependent depending on the fact whether it is
economically useful to speedup the execution of the
story diagram at hand or not (e.g., if a certain response
time is desirable and the current processing time in-
dicates that it may be missed, more parallelization to
achieve a speedup would make sense).

In the last month of the project it is planned to
more thoroughly study the parallelization strategies
for different data and therefore establish a founda-
tion to identify the characteristics that may guide the
heuristics. In the planned follow-up project we coop-
erate with SAP to ensure a more industrial perspec-
tive. We plan to mainly address the question which
language constructs are relevant for SAP application
domain and will only partially cover the needed run-
time systems as well as self-adaptation. The project
will be supported also by a joint bachelor project en-
titled ”Model-Driven Software Development for Mul-
ticore and Cloud Systems”. In later projects we then
plan to also address the run-time systems and in par-
ticular self-adaptation in more depth.
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Abstract 

Since the advent of mainstream multicore systems, 
developing multicore software has been an increas-
ing concern. Many challenges arise when trying to 
develop multicore software that is both efficient and 
portable on the one hand, as well as extensible and 
modular on the other hand. To ease the development 
of multicore software,  the abstraction layers between 
the execution hardware and the application need to 
be changed. In the EU Strep project Encore [1], a 
task-based programming model called SMP Supers-
calar (SMPSs) [2] is investigated. In this program-
ming model the programmer annotates potential pa-
rallel parts of the serial base code with task direc-
tives and input and output directives that specify the 
inputs and outputs of each task. Based on these di-
rectives, the compiler framework and underlying 
runtime system ensure correctness, parallel execu-
tion, and locality-aware scheduling.  

Our goal is to implement consumer applications and 
benchmarks using SMPSs and other more established 
multicore programming models such as Pthreads and 
compare them based on performance and code quali-
ty. An important application in this comparison is 
H.264 video decoding. Unlike H.264 encoding, par-
allelism is not obvious and hard to exploit. Our anal-
ysis of implementing H.264 decoding on the Cell 
processor [3] has shown that H.264 decoding re-
quires high memory bandwidth, especially at higher 
resolutions. Furthermore, locality- and resource-
aware scheduling could bring significant perfor-
mance improvements.  

Image processing and ray-tracing are also investi-
gated to have a good coverage of the application 
domain. This includes both simpler image rotation 
and color conversion kernels as well POV-Ray [4], a 
widely used ray-tracer benchmark.  

The HPI machines provide the necessary platforms 
for this analysis, as they are multicore, multisocket, 
SMT and NUMA capable machines. This allows us to 
investigate the behavior of our target applications as 
well as showing the capabilities of and potential 
areas of improvements to the SMPSs programming 
model. In particular, we want to investigate if func-
tion-level (pipeline) parallelism can be conveniently 
expressed in SMPSs and if additional directives are 
needed to control the placement of threads and data 
onto the cores. 
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Abstract

There is a trend towards Operational BI (Business
Intelligence) that requires immediate synchronization
between the operational source systems and the data
warehouse infrastructure in order to achieve high up-
to-dateness for analytical query results. The high
performance requirements imposed by many ad-hoc
queries are typically addressed with read-optimized
column stores and in-memory data management.
However, operational BI additionally requires trans-
actional and update-friendly in-memory indexing due
to high update rates of propagated data. For example,
in-memory indexing with prefix trees exhibits a well-
balanced read/write performance because no index re-
organization is required. The vision of this project is
to use the underlying in-memory index structures, in
the form of prefix trees, for query processing as well.
Prefix trees are used as intermediate results of a plan
and thus, all database operations can benefit from the
structure of the in-memory index by pruning working
indices during query execution. While, this is advan-
tageous in terms of the asymptotic time complexity of
certain operations, major challenges arise at the same
time. In this paper, we sketch our preliminary project
results. Efficient query processing over huge evolving
data sets will enable a broader use of the consolidated
enterprise data. Finally, this is a fundamental prereq-
uisite for extending the scope of BI from strategic and
dispositive levels to the operational level.

1 Introduction

Advances in information technology combined with
rising business requirements lead to an exponentially
growing amount of digital information created and
replicated worldwide [7]. In addition to this huge
amount of data, there is a trend towards Operational BI
(Business Intelligence) [6, 10, 13] that requires imme-
diate synchronization between the operational source
systems and the data warehouse infrastructure in or-
der to achieve high up-to-dateness for analytical query
results. The high performance requirements imposed
by many ad-hoc queries are typically addressed with
read-optimized, in-memory data management.

R

S

T

σa<107

γ

(a) Traditional Query Plan

S

T

σa<107

γ

R

(b) Prefix Tree Query Plan

Figure 1. Solution Overview

However, Operational BI additionally requires trans-
actional and update-friendly main-memory indexing
due to the existence of high update rates. For exam-
ple, in-memory indexing with prefix trees, in combi-
nation with optimistic concurrency control, exhibits a
well-balanced read/write performance [12] because no
index reorganization is required. In addition, advanced
data analytics [4, 5] such as forecasting [1], which
go beyond traditional data aggregation and analytical
query processing, also require in-memory indexing to
enable efficient point and range queries.
The vision of this research project is to use the un-
derlying in-memory prefix tree index structures, which
are required for a balanced read/write performance, for
query processing as well. As shown in Figure 1, prefix
trees are used as intermediate results of a query execu-
tion plan and thus, all database operations can benefit
from the structure of the in-memory index by pruning
working indices during query execution.

Example 1 Consider the query γ(σa<107(R) on S on
T ). A traditional query execution plan as shown in
Figure 1(a) might also use the underlying index struc-
tures, e.g., for index nested loop joins of ∗ on S and
∗ on T . In contrast, our idea is to use the underlying
index structure as intermediate results of all operators
rather than just at the leaves of a query plan.

While, this is advantageous in terms of the asymptotic
time complexity of certain operations and thus, allows
for efficient query processing on very-large amounts
of data, major challenges in terms of memory man-
agement, query processing and scalability arises at the
same time. The objective of this project is to lever-
age the HPI Future SOC Lab infrastructure in order to
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evaluate our initial prototype in large-scale infrastruc-

tures and to adapt our framework with regard to these

preliminary results.

With the aim to provide an overview of the project

idea, we make the following contributions that also re-

flect the structure of the paper. In Section 2, we ex-

plain selected prefix-tree-based operators and sketch

the query transformation. Subsequently, in Section 3,

we present preliminary experimental results. Finally,

we review the project status and planned future work

in Section 4 and conclude the paper in Section 5.

2 Query Processing Overview

As our underlying in-memory index structure, we use

the generalized trie [2] that is a prefix tree (trie) with

variable prefix length of k′ bits. We define that (1)

k′ = 2i, where i ∈ Z
+, and (2) k′ must be a divi-

sor of the maximum key length k. Given an arbitrary

data type of length k and a prefix length k′, the trie

exhibits a fixed maximum height h = k/k′ and each

node of the trie includes an array of s = 2k
′

references

(node size). The trie path for a given key ki at level l
is then determined with the lth k′-bit prefix of ki. In
addition, we use trie expansion such that subtries are

only expanded if required (if multiple keys share the

same prefix). This trie exhibits (1) the deterministic

property such that any key has exactly one path within

the trie and (2) a constant worst-case time complexity

of O(h). Combining this in-memory index structure

and our vision of query processing on prefix trees, in

this section, we present selected prefix-tree-based op-

erators and the related query transformation.

2.1 Selected Operators

In general, we use the relational algebra but extend it

on physical and logical level to a closed prefix-tree-

based algebra, where the input and output of each

operator, except ixEmit, is represented by a prefix

tree. The generalized trie with its deterministic prop-

erty then allows for specific optimizations.

Query Plan Leaf Operators: There are three possibili-

ties of query plan leaf operators. The ixCopy sim-

ply copies the complete memory block of an index

because due to pruning during query processing, we

would destroy our underlying in-memory index struc-

tures. However, for tries (1) that are read-only during

query processing, or (2) that can be reused from previ-

ous query executions [8], we use the ixRef to simply

reference an existing index. Finally, for equality selec-

tion predicates, the ixGet operator obtains a single

key partition of the underlying trie by a point query.

Conjunctive, Disjunctive, and Range Selection Predi-

cates: While conjunctive selection predicates are re-

alized by a sequence of ixGet operators, disjunc-

tive predicates on the same attribute are addressed

by the concept of query-data joins [3]. Having
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Figure 2. Example ixSelect Operator

long IN-lists of disjunctive predicates in mind, the

ixSelectOr operator builds a prefix tree over all

predicates and executes a semi-join between the in-

put trie and this predicate trie. In contrast, disjunc-

tive predicates on different attributes require a linear

scan by ixSelectMultiple or a union of multiple

ixGet. For range predicates, we use the ixSelect:

Example 2 Assume a simple range predicate query

σ2≤a≤107R. Using a working index over R.a (e.g.,

created with an ixCopy operator), we use an

ixSelect operator in order to prune the trie as

shown in Figure 2. We go down the trie for the left

key (2) and prune all subtries left of this path. Subse-

quently, we repeat this for the right key (107). Thus,

the range predicate can be evaluated independent (ex-

cept for the trie height) of input and output sizes of this

query, while an index scan depends on the output size.

Natural-, Equi- and Theta-Joins: For joins we com-

pare tries by exploiting their deterministic property.

There, we recursively compare the references of both

join inputs. For each join input side, we distinguish

the cases (1) subtrie, (2) key partition, and (3) null ref-

erence. If at least one side is a null reference, we can

prune the complete subtries of both sides. Thus, we

might observe sublinear asymptotic behavior, where

only the worst-case complexity is linear. Similar con-

cepts are used for the other binary operators such as

ixUnion, ixDiff, and ixIntersect.

Group-By and Order-By: The generalized trie is in-

herently partitioned due to the deterministic trie paths.

Thus, the ixGroupBy operator for multiple attributes

recursively creates tries for each attribute with the

scope of the current key partition only. Due to order-

preserving indexing, the ixSort for multiple at-

tributes uses exactly the same conceptual idea. As a

result, both operators exhibit a linear time complexity.

2.2 Query Transformation

Putting it altogether, we use the query transformation

procedure to show how these operators are combined

in order to answer traditional analytical queries.
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lo_suppkey=s_suppkey

lo_orderdate=d_datekey σs_region=’AMERICA’

γ(d_year,p_brand1), SUM(lo_revenue)

lineorder date supplier

lo_partkey=p_partkey

σp_category=’MFGR#12’

part

sortd_year,p_brand1

SELECT SUM(lo_revenue), d_year, p_brand1
FROM lineorder, date, part, supplier
WHERE lo_orderdate = d_datekey AND

lo_partkey = p_partkey AND
lo_suppkey = s_suppkey AND
p_category = 'MFGR#12' AND
s_region = 'AMERICA'

GROUP BY d_year, p_brand1
ORDER BY d_year, p_brand1

(a) Traditional Query Processing

ix lo_suppkey=s_suppkey

ix lo_orderdate=d_datekey

ixγ(d_year,p_brand1), SUM(lo_revenue)

ix lo_partkey=p_partkey

ixBuildd_year,p_brand1

ixBuildp_partkey

ixGetpart.
p_category=’MFGR#12’

ixCopylineorder.
lo_orderdate

ixRefdate.
d_datakey

ixBuilds_suppkey

ixGetsupplier.
s_region=’AMERICA’

ixBuildlo_suppkey

ixBuildlo_partkey

(b) Query Processing on Prefix Trees

Figure 3. Example Query Transformation for SSB Q2.1

Before discussing query transformation, we need to in-
troduce the additional ixBuild operator. We use sec-
ondary indices as intermediate results. If subsequent
operators require different attributes, we need to invert
the obtained intermediate index. This is realized by a
linear scan over the input trie and inserting all tuples
into a new temporary index over the required attribute.
However, there are many different alternatives on log-
ical plan level that might be used for optimization.
Query transformation (without optimization) is then
realized as follows: We start with an traditional query
plan. For each leaf node, we decide on the prefix-tree-
based access (ixCopy, ixRef, or ixGet). Subse-
quently, we replace the logical non-leaf operators with
our prefix-tree-based operators. If the attributes of in-
put tries do not match up the operator description, we
insert an ixBuild before this operator. Finally, we
remove unnecessary operators such as single attribute
ixGroupBy or redundant ixSort operators.

Example 3 Assume the query Q2.1 of the Star
Schema Benchmark (SSB) [11] as shown in Fig-
ure 3(a). The query plan consists of a left-deep join
tree, two equality selection predicates as well as a final
group-by and sort including two attributes. In contrast
to this, the prefix-tree-based query plan includes sev-
eral modifications. We create the lineorder index by an
ixCopy operator, while the date index can be simply
referenced by an ixRef operator because it is used
read-only as the right side of a join. Equality selec-
tion predicates on supplier and part lead to the use of
point queries in the form of ixGet operators. In ad-
dition, we insert five ixBuild operators in order to
invert intermediate result tries. Due to the equality of
group-by and order-by attributes (d year, p brand1),
we finally remove the redundant ixSort operator.

Such prefix-tree-based query plans exhibit potential
for optimization. For example, we can reuse in-
termediate results [8], of rather static dimension ta-
bles, such as the result tries of ixBuildp partkey

or ixBuilds suppkey by an ixRef operator because
they would be used read-only as the right side of a join.

3 Experimental Evaluation

As an example, we evaluate the scalability for range
queries of the form Q : σx≤R.a≤yR, where N = |R|
denotes the table cardinality and N ′ = |σx≤R.a≤yR|
denotes the result cardinality. Our prototype (imple-
mented in C) maintains a table R(a INTEGER(4),
b VARCHAR(100)) with a secondary index on a.
As our test environment, we used a Desktop Intel Ne-
halem with one processor (quad core Intel i7 Core at
2.67GHz), hyper-threading (2 threads per core), Fe-
dora Core 13 (64bit) as operating system and 6GB
of RAM. We inserted a sequence of N tuples and
compared the traditional index scan ixScan (point
query on x, scan until y) with our prefix-tree-based
ixSelect ((1) with ixCopy, and (2) with ixFork
for lazy copy-on-write as used for shadow paging
[9]) for an query result size of N ′. We observe that
ixScan is only influenced by the number of output
tuples (Figure 4(b)). In contrast, our ixSelect only
depends on the number of input tuples (Figure 4(a))
because it is dominated by the ixCopy operator. Note
that the reuse of allocated memory blocks for tempo-
rary indices within the ixCopy reduces the execution
time by 52.5 % (not shown in the figures). Most impor-
tantly, the use of fork led to significant improvements.
The major finding is that the percentage (N ′/N ) from
where the ixSelect is beneficial decreases with in-
creasing data size (lower slope), which makes it espe-
cially applicable for large-scale data sets.

(a) Varying Input Size N (b) Varying Output Size N ′

Figure 4. Range Query Performance
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4 Project Status and Future Work

Despite the just recent project start of September 1st

2010, we give a brief overview of the current project
status and our planned future work.

4.1 Current Project Status

Based on our conceptual ideas and the initial proto-
type of the generalized trie, we started to build the re-
quired prefix-tree-based query processing framework
for this project. This includes a runtime for prefix-tree-
based operators and query processing, memory and
record management as well as meta data management.
We also investigated the inter-influences to transaction
management and query compilation.
The current status of the project is a partially finished
promising initial prototype that allows for preliminary
experimental investigation. However, many aspects
that offer further optimization potential are not ad-
dressed so far such that a first completely finished pro-
totype is expected in the second quarter of 2011.

4.2 Used Future SOC Lab Resources

The objective of this project is to leverage the HPI Fu-
ture SOC Lab infrastructure in order to evaluate our
initial prototype in large-scale infrastructures. Thus,
we use the available resources mainly with the aim
of experimental evaluation. This includes, in partic-
ular (1) the scalability with increasing data size (in-
memory), and (2) the scalability with increasing num-
ber of threads.
Until now, we used the HPI Future SOC Lab resource
Fujitsu RX600 S5 1, CPU: 4 x Xeon
(Nehalem EX) E7530, RAM: 256GB. The
major benefit for us is the possibility to evaluate our
in-memory prototype on large-scale data sets due to
the available main memory resources. This allows us
to adapt our framework with regard to the obtained
results, which enables a future-oriented investigation
of the idea of query processing on prefix trees.

4.3 Next Steps

Beside the outstanding work for the integrated proto-
type, there is plenty of future work regarding further
optimization potential. This includes the following
three major research directions.

• Memory Management (garbage collection, opti-
mized lazy copy-on-write for efficient copying)

• Query Processing (recycling intermediates, hy-
brid row/column storage, physical operator alter-
natives, cost-based query optimization)

• Scalability (scalability with increasing data sizes,
inter-operator parallelism by pipelining subtries,
intra-operator parallelism by task partitioning)

5 Conclusions

Based on the requirements of (1) balanced read/write
performance and (2) efficient index support for point
and range queries, we proposed the vision of query
processing on prefix trees. We sketched the project
idea as well as promising preliminary conceptual and
experimental results. Efficient query processing over
huge evolving data sets will enable a broader use of
the consolidated enterprise data. Finally, this is a fun-
damental prerequisite in order to (1) extend the scope
of BI from strategic and dispositive levels to the oper-
ational level, and to (2) enable advanced data analytics
that goes beyond traditional data aggregation.
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Abstract 

Build Automation assumes new roles in software 
development as availability of fast hardware increas-
es. One wide-spread application is continuous inte-
gration, the other software production. In this 
project, we experiment with the usage of high-
performance hardware to provide build automation 
as a service, in a manner where the developers of the 
software don’t require access to the hardware, and 
the operators of the hardware can rely that even 
malicious code inject by a developer (or an adver-
sary masquerading as a developer) will not harm the 
infrastructure or data of other users. The specific 
experiments were performed in the context of the 
Python language project. 

1 Introduction 

Build and test automation is a core aspect of Conti-
nuous Integration (CI). As developers complete the 
implementation of a new feature, this feature can get 
integrated immediately if it is known not to break the 
current code base. The software needs to be rebuilt, 
and the test suite needs to be re-run. If the test suite 
fails, the change needs to be reverted, or (if a patch 
queue manager2 is used) not be integrated in the first 
place. Martin Fowler recommends that the build 
should be quick, and that it should be performed once 
for every commit to the source code repository. 
Unfortunately, for a larger project, building the soft-
ware and running the test suite can take between 
several minutes and several hours. The productivity 
gain of continuous integration is quickly lost if the 
result of the automated build are available only a few 
hours after the change was made – the developer 
might be working on something else meanwhile, and 
other developers may get stalled by the broken build. 
Fortunately, using multi-core systems, build automa-
tion can be significantly accelerated: most build 
processes already support parallel execution. Unit 
test suites often would allow independent and parallel 
execution of tests as well, even though the test run-
ners currently often enforce sequential execution; 
developers typically don’t invest into parallel testing 

as they do not have the necessary hardware available, 
anyway. 
Another aspect of build automation is software pro-
duction: every time a software system is released, a 
number of build steps have to be performed. Some 
are manual (e.g. updating the release notes, bumping 
the version number), while others can be automated. 
In many larger projects, production is fairly auto-
mated already. 
However, in some settings, running the entire pro-
duction process on a single computer is not feasible. 
For example, building installation packages for dif-
ferent processor architectures or operating systems 
will typically require separate computers (unless 
cross-compilation can be used). 
In this project, we investigated some aspects of build 
automation on future systems, using service-oriented 
approaches. We investigated two different build 
tasks, which we will describe first. Then we elaborate 
the architecture used, and finally we report the results 
we received so far, along with identifying remaining 
issues. 

2 Continuous Integration in Python 

The oldest and most widely used implementation of 
the Python programming language is based on an 
interpreter written in C; this implementation is often 
referred to as CPython [1]. The interpreter along with 
various standard library modules that access operat-
ing system facilities has been ported to various hard-
ware platforms and operating systems; the most 
common target systems are Microsoft Windows, the 
POSIX family of operating systems, and Apple Mac 
OS X. The core group of developers currently con-
sists of about 130 contributors [2]. 
The CPython source code is currently maintained in a 
central Subversion repository [3]. For further discus-
sion, we restrict attention to the build procedures 
used for POSIX target systems, in particular Linux, 
as this was the system we used in the Future SOC 
experiment. To build the interpreter, an autoconf-
based configure run is followed by a make-based 
compilation. 
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The CPython source code also includes a unit test 
suite, consisting of about 350 test modules, each 
performing a varying number of tests. Developers are 
expected to run the test suite before every commit. 
However, practice demonstrates that developers 
sometimes skip running some or all of the tests if 
they are convinced that the change cannot possibly 
break tests cases. Also, they can only run the test 
suite on the hardware they have available; however, 
incompatibilities between operating systems may 
cause some change to break the test suite on some 
particular systems. 
To improve the stability of the code base, a conti-
nuous integration process was set up by one of the 
authors a few years ago, using the buildbot system. 
As shown in figure 1, each commit operation to the 
source repositories triggers a notification to the build 
master, which in turn notifies all build slaves. Each 
slave then performs a full build and test suite run, and 
reports all output and the summary status to the mas-
ter. The master, in turn, sends out email notifications 
if the modification has broken the build on some 
system (i.e. if the build was working before the 
change, but failed afterwards). 

 

 
 
In the past, problems specific to only selected plat-
forms were often detected only months after the 
change had been made, in many cases only after a 
release of the interpreter had been made. With the CI 
process, problems are detected much earlier (for the 
systems which participate as build slaves). 
However, a remaining issue is that the errors are 
detected after the change has been committed to the 
source control system. If the change causes problems, 
somebody would need to investigate the problem and 
devise a solution. Practice has shown that this is often 
not the original author of the change, since she felt 
that she had accomplished the objective (of getting 
the change integrated into CPython). This is some-
times viewed as unfair among contributors, as the 
convention says that whoever introduces the errors 
should also work to remove them. 

One cause of this problem is that the buildbot feed-
back is not timely. Build times vary between 30 mi-
nutes and 2 hours. Developers will often be busy with 
other tasks when the results arrive, and unable to 
react immediately. 
To improve this situation, the objective of this project 
is to significantly reduce build times on a selected 
system, to give developers an instantaneous feedback 
whether the change has caused problems. 

2.1 Buildbot Slave Setup 
In the Future SOC lab, a buildbot slave was set up on 
the Fujitsu RX600S5 system. Standard Debian pack-
ages were used; in the course of the project, the build 
area was moved from a local hard disk to the EMC 
storage via NFS. 

2.2 Buildbot Master Changes 
In addition to setting up a slave, changes to the mas-
ter have been implemented, in order to facilitate the 
available hardware. These changes request that all 
build steps for which parallel execution is possible 
are indeed executed in parallel. While it might be 
more appropriate that the slave requests parallel ex-
ecution (instead of this being a master-side configu-
ration), buildbot does not currently support such 
slave-side configuration. 
In particular, the following changes have been made: 

• The make build program is invoked with the 
option ‘-j48’, which requests the execution 
of up to 48 processes in parallel. This num-
ber was chosen to match the number of vir-
tual (hyper-threaded) processors in the 
hardware. 

• Likewise, the test runner (Python’s regr-
test.py) was invoked with the option ‘-j48’, 
having the same effect on the tests as well. 

The actual results of this setup are reported further 
below. 

3 Automated Builds in the Python 
Package Index 

PyPI, the Python Package Index [4] is a central infra-
structure in Python community which allows open 
source authors to announce their Python-related 
projects, and also publish the actual source code and 
documentation if they desire (alternatively, they may 
only link to their project home page from the index). 
Many authors do indeed provide source code as well 
as selected pre-packaged binary packages, typically 
for Windows. Developers typically can’t provide 
binary packages for all systems, as they don’t have 
access to all the systems for which users may request 
binary packages. 
Within this Future SOC project, we experimented 
with automatically building binary packages for all 
projects listed in PyPI, for selected operating systems 
(namely different Ubuntu versions). The objective 

Figure 1. Information flow in buildbot. 
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would be to provide an Ubuntu package repository 
which would allow Ubuntu users to install PyPI 
packages using their regular package management 
tools (i.e. aptitude(8)). In principle, this approach 
would also work for other systems (such as FreeBSD 
or Solaris), however, the specific build procedure 
will need to be adopted for every system. 
In dealing with this build task, we detected to major 
challenges: integration with the Debian packaging 
system, and security threats for the build infrastruc-
ture. 

3.1 Integrating with the Debian Packaging 
System 

A Debian package is a collection of files to be in-
stalled on the target machine, plus a number of pack-
age management metadata. These metadata primarily 
consist of three groups: 

• human-targeted package information (name, 
description) 

• package dependencies (which other pack-
ages are needed to use this package) 

• custom installation procedures (pre/post in-
stall/uninstall scripts) 

In order to automatically generate Debian packages, 
this information must also be obtained in an auto-
mated manner. Fortunately, Python packages in PyPI 
often are based on distutils [5], which then already 
provides much of the needed information. Missing 
information can then be left blank or filled with boi-
lerplate text. 
Dealing with package dependencies is more compli-
cated for two reasons: First, many PyPI packages 
don’t include dependencies, and if they do, they only 
refer to other PyPI packages, not to Debian packages 
which they also may depend on. Second, a number of 
PyPI packages are already available in Ubuntu, al-
though perhaps not in the latest version. It would be 
desirable to record dependencies to these versions of 
the packages, so that users don’t have to deal with 
conflicting versions on their systems. 
Fortunately, Andrew Straw’s stdeb package [6] al-
ready deals with much of the metadata problems for 
Debian packages (and is applicable to Ubuntu also); 
hence the automated build process relies mostly on 
stdeb to fill out the package metadata correctly. 
The issue of custom installation procedures can be 
solved in a uniform manner for Python packages. 
Even though custom steps are indeed necessary (in 
particular, to create Python bytecode files on the 
target system), the Debian python-support library 
simplifies this task; stdeb uses this library by default. 

3.2 Executing Untrusted Code 
One key issue for build automation as a service is the 
trust into the foreign code. In the majority of build 
procedures, authors of the software can integrate 
arbitrary algorithms, to deal with specific tasks that 
arise in building the software. Unfortunately, this 

means that, in principle, developers could also inject 
malicious code that then forms a threat for the opera-
tor of the build automation service.  
In the first part of the project, this was only a minor 
concern: the possible developers that have access to 
the build procedures are all well-known and trusted, 
and the build process runs under an unprivileged 
account. 
In building PyPI packages, the authors are not indivi-
dually known. While it is likely that they will have 
no malicious code in their build procedures, the 
threat of somebody uploading a package to specifi-
cally attack the build infrastructure is real. 
To cope with this problem, we have used virtual 
machines to perform all build steps in a sandbox. At 
the end of the build, all system modifications were 
discarded, except that the actual build results (i.e. the 
Ubuntu packages) were preserved. 
The details of the setup so far are described in the 
results section. 

4 Results 

The two different build projects have a different 
degree of completion, with different insights that we 
have gained. 

4.1 Continuous Integration 
The main objective of the project was to reduce the 
build time. This objective has been achieved: a typi-
cal build of the Python 3 branch now completes in ca. 
8 minutes. This speedup was primarily achieved from 
the parallel execution of the test suite, which uses ca. 
6 minutes of the total. 
However, a number of questions remain: 

1. Given that there are 48 processes running tests, 
and given that there are 350 test modules that 
could be run in parallel, why is the speedup so 
low (below 10)? Most likely, some individual 
tests take a long time to complete; this has not 
been analyzed further. 

2. Some of the test cases fail on the Future SOC 
hardware, yet pass on other systems. By a shal-
low inspection, this is likely due to non-
standard behavior of the storage system. 

Elaborating on the second issue, we see two kinds of 
failures: First, file names with non-ASCII characters 
apparently cause problems (e.g. a file that ought to be 
named “Grüß-Gott” is actually reported as having the 
name “Gr\udcfc\udcdf-Gott”). Second, files show 
incorrect time stamps: a file that should have been 
modified at time 1041808783 is reported to have 
1041808783.000001 as its modification time). 

4.2 Building PyPI packages 
After researching alternatives, we decided to use the 
Sun/Oracle product VirtualBox [7] to perform the 
virtualization. This product allows users to create 
operate the hard disk in a “immutable” mode, where 
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changes are discarded after the machine shuts down. 
In this project, we set up a virtual hard disk with all 
build tools in place, and then change the hard disk to 
be immutable. All disk changes made in an individu-
al build can then be discarded at the end of the build, 
preventing some build from tampering with the files 
on the disk. 
To automatically integrate the individual builds, we 
use again buildbot: a build slave will start a virtual 
machine, wait for the build to complete, and then 
upload the build results to the master. 
One particular challenge is the communication be-
tween the build slave (which runs in the host system) 
and the virtual machine. Currently, we concentrate on 
the Shared Folders feature of VirtualBox: a dedicated 
directory of the host system is integrated into the 
virtual machine. Before the build starts, the build 
configuration is placed into that folder. As part of the 
boot process, the build process is launched and 
processes the build task. It then needs to shut down 
the virtual machine, leaving only the build results 
behind in the shared folder. 
This project is still in progress; actual results on the 
build time for the entire package index are not yet 
available. In particular, the following tasks are still 
not done: 

• Computation of dependencies between 
packages, and a global scheduling of the or-
der in which builds should occur. 

• Shutdown of the virtual machine at the end 
of the build 

• Production of packages for multiple Ubuntu 
releases, in particular for the Intel x86 and 
AMD-64 architectures. 

5 Future Work 

As indicated above, further tasks need to be per-
formed in each of the subprojects. For the continuous 
integration project, the critical path must be investi-
gated, to determine whether build times can be fur-
ther reduced. For the automated package builds, the 
build infrastructure needs to be completed and run at 
least once. 
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Abstract

Database architecture follows hardware trends. Cur-
rent hardware trends like very large amounts of main
memory, multi-core processors, and big data centers
for cloud computing are pioneered by SAP’s NewDB—
a parallel main-memory database system with multi-
tenant support. In this project proposal, we apply for
the support of the Future SOC Lab to investigate two
algorithms specially developed for NewDB: parallel
in-memory variants of relational join and aggregation.
These operations are among the most frequently exe-
cuted algorithms, both in OLAP-style and OLTP-style
data processing. Based on the expected results, we will
develop a cost model for parallel aggregation and join
algorithms and a calibrator tool to automatically pa-
rameterize our algorithms for specific hardware plat-
forms. This paper presents the intermediate status of
the project obtained till October 2010.

1 Introduction

Hardware trends have always influenced database ar-
chitectures. This will also be true for the following
developments, from which we believe that they will
heavily impact software development in general and
database system design in particular:

∙ The Shift in the Memory Hierarchy: Dropping
DRAM prices and exponentially growing DRAM
capacities modify the classical memory hierar-
chy. Nowadays, a single blade can hold 1 TB of
main memory. Systems with 50 of these blades
can store the ERP data of the worlds largest com-
panies [6].

∙ Multi-Core Architectures: Chip manufacturers
banged against several walls known as the “heat
wall”, the “ILP wall” (Instruction Level Paral-
lelism), and the speed of light [1]. These walls
effectively ended the exponential CPU frequency

growth. To nevertheless cope with performance
demands, chip manufacturers put multiple cores
inside a CPU. As a simple corollary, software
vendors now cannot rely on frequency-based per-
formance speed-up anymore. Instead, they have
to parallelize their software to—ideally—scale
linearly with the number of available cores.

∙ Data Centers: Many large IT companies invested
in data centers, where they centralize computing
power and storage capabilities to build the infras-
tructure for flexible computing clouds. Hardware
virtualization is the major enabler for this trend.
Customers do not have to invest in hardware any-
more. Instead, they rent virtual computers and
storage space “in the cloud”.

Next generation database management systems will
have to cope with these developments. Although par-
allelism and large main memories have always been an
issue to database systems, we think the above sketched
developments take data processing to the next level:

∙ Purely in-memory systems overcome the clas-
sical external-memory gap rendering database
buffers superfluous. On the flip side, main-
memory I/O becomes the limiting factor. Now,
issues like the cache-miss ratio, cache alignment,
cache-line splits, cache flushes, and prefetching
strategies become the dominant factors influenc-
ing query execution performance.

∙ Database servers were almost always designed to
exploit parallelism (e. g., inter-query, intra-query,
inter-operation, and intra-operation parallelism).
However, we will soon get machines with more
than 64 cores per server node (like the machine
announced in the “Call for Projects” of the Fu-
ture SOC Lab), and we will be able to build clus-
ters with more than 100 blades. Database vendors
will have to think about how to make the most out
of these highly parallel systems.
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∙ A data store is part of every cloud platform.
Many cloud vendors have chosen to develop
proprietary data store implementations (e. g.,
Google’s BigTable [3] or Amazon’s S3 [2]) rather
than building on traditional database systems.
However, many customers will want to build
their applications on the well-known and well-
established features provided by classical sys-
tems, thus requiring “cloud-aware database sys-
tems”.

SAP’s next-generation database management system
(called “NewDB”) responds to these hardware trends.
In short, NewDB is a highly parallel main-memory
database system which can be installed on a cluster
of blades. At its core, it has a columnar table store
and provides ACID transactions, a SQL interface, and
multi-tenancy support.

2 Research Questions

Within NewDB, the authors are working on query pro-
cessing algorithms. Our goal is to design and imple-
ment algorithms that meet the above sketched hard-
ware developments, i. e., that are aware of the mem-
ory hierarchy and scale well with the available num-
ber of cores on a blade. In the focus of the present
Future SOC Lab project proposal are two recently de-
veloped algorithms for parallelized join and aggrega-
tion computation. Join and aggregation operations oc-
cur in almost every relational query (be it OLTP-style
or OLAP-style). Due to the computational complex-
ity and/or vast data access, join and aggregation are
potentially expensive and have a major impact on any
relational database system. Therefore, we think our
work is not only interesting w. r. t. NewDB, but to re-
lational database research in general.
Surrounding our new algorithms, we identified the fol-
lowing research topics to be tackled with the help of
the Future SOC Lab:

1. Our algorithms are internally parallelized (intra-
operator parallelism). How do our algorithms
scale with the number of available cores?

2. How do our algorithms scale with the input size
and what is the best degree of parallelism for a
given input size?

3. How can we adjust our algorithms to the specific
characteristics of the memory hierarchy (cache
size, memory access time, I/O bandwidth)?

4. How does main memory consumption depend on
the input size and the query complexity? How is
memory allocated/freed during processing? What
are the implications for memory management?

5. In multi-user/multi-tenant scenarios: how do we
best schedule multiple concurrently running ag-
gregation/join queries? Is it better to serialize the

execution of concurrently issued aggregation/join
operations or should we allow the scheduler to
run multiple aggregation/join operations in paral-
lel (inter-operator parallelism)?

Based on the results of our measurements at the Future
SOC Lab, we will develop a cost model for parallel
aggregation and join algorithms. Such a cost model
provides valuable information for the query optimizer
and the scheduler. The results will also provide the
basis to develop a calibrator tool (similar to [5]), which
can automatically parameterize our algorithms w. r. t. a
specific hardware platform at system startup.

3 SOC Lab Experiments

As a first step, we tackled the first point in the above
list of research questions: “How do our algorithms
scale with the number of available cores?”. To assess
the performance of the algorithm under various input
distributions and orderings, we generated a data set of
168 tables, each table containing roughly about 100
Million entries. The tables have the following schema
(simulating a table for material management):
CREATE TABLE generated:<D><#(S)>(
id integer primary key,
matno integer,
value decimal(14,2))
Attribute id identifies each row. Attribute matno is a
material number, drawn out of a set S of predefined
materials. The order of material numbers depends on
the distribution D of a table. The value attribute con-
tains a decimal number, which indicates a flow of the
material (+ for incoming, - for outgoing flows). We
generated the following distributions D, following the
experiment in [4]:

∙ Uniform – For each row, a material number is
randomly chosen from S.

∙ Heavyhitter – 50 % of the rows contain a certain
material number (the heavy hitter), all other rows
are distributed uniformly.

∙ Sorted – The distribution of the material numbers
is uniform, but the rows are sorted by the material
number.

∙ Sequential – The distribution is again uniform,
but the material numbers form a consecutive and
repetitive sequence of size card(S). For exam-
ple, if we had material numbers from 1 to 100,
the sequence would be 1, 2, 3, , 100, 1, 2, 3, 100,
and so on.

∙ Movingcluster – The material number for
row i is chosen uniformly from the range
⌊(card(S)W )i/R⌋ to ⌊(card(S)W )i/R + W ⌋,
where R is the size of the table (e.g., 100 Mil-
lion rows) and W is the window size (we chose
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W = 1024). This distribution generates some
“locality” within a window of size W .

∙ Pareto – Is a self-similar distribution that adheres
to the 80-20 rule: 20% of the rows in the table
contain 80% of all material numbers. The re-
maining 80% of the rows contain only 20% of all
material numbers, whose distribution again ad-
heres to the 80-20 rule.

∙ Zipf –The frequency of a certain material number
is inversely proportional to its position in the fre-
quency table, e.g., material number X at position
y in the frequency table occurs twice as often as
material number X at position y + 1.

We used the Python numpy package to generate the
Pareto and the Zipf distributions. For the different dis-
tributions, we generated tables with 100 Million rows
and the following cardinalities: 2, 22, 23, . . . , 224 re-
sulting in 168 tables. These tables were imported into
NewDB, resulting in a 250 GB database.
On each table, we executed the following three queries
10 times and took the median execution time of the
aggregation in milliseconds (see [4]):

∙ Q1:
select count(*), sum(value),
sum(value*value), matno from
generated:<D><S> group by matno

∙ Q2:
select max(value), min(value),
min(value), matno from
generated:<D><S> group by matno

∙ Q3:
select distinct matno from
generated:<D><S>

The additional min aggregation in Q2 facilitates the
comparison with Q1. To make the results comparable,
we calculated the throughput (number of rows per mil-
lisecond) of the aggregation algorithm, rather than the
absolute computation time. We used the NewDB de-
fault parameters for the parallel aggregation algorithm,
except for the number of cores, which we varied to
asses the aggregation algorithm.
The benchmark was conducted on Fujitsu RX600S5
– a machine with 32 Cores (Intel(R) Xeon(R) CPU
X7550) and 1024 GB main memory and OpenSUSE
11. The benchmark client was implemented in Python
and ran on the server machine. We used a preliminary
version of NewDB. Note, with 64 cores, we rely on
Intels Hyper Threading.
We executed each query 11 times. The first run was
omitted, because this run contains the time to load the
queried table into main memory. Of the remaining 10
times, we recorded the median run time. The run time
was measured with an internal stop watch, which only
recorded the time for the aggregation (i.e., no commu-
nication overhead was recorded).

4 Findings and Next Steps

The findings of the experiments not available for pub-
lication yet. The above described synthetic data set
helped to identify the behavior of the algorithm in cor-
ner cases.
As next steps, we would like to proceed our experi-
ments by further elaborating on question 1 and tack-
ling question 2 from Section 2. To do so, we plan the
following experiments:

∙ Repeat the experiment on a real-world data set
(instead of the synthetic one used).

∙ Repeat the experiment on standard benchmarks
(TPC-H) with different scaling factors.

Help from the SOC lab with finding a real-world data
set would be appreciated. Ideally, this data set would
already be available in a star schema.
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