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Abstract

The talk describes algorithm engineering (AE) as a method-
ology for algorithmic research where design, analysis, imple-
mentation and experimental evaluation of form a feedback
cycle driving the development of efficient algorithm. Addi-
tional important components of the methodology include re-
alistic models, algorithm libraries, and collections of realistic
benchmark instances. Examples are given for the fundamen-
tal problem of sorting with particular emphasis on huge data
sets, advanced hardware, and energy efficiency.
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Figure 1: Algorithm engineering as a cycle of design,
analysis, implementation, and experimental evaluation
driven by falsifiable hypotheses. The numbers refer to
sections.

Algorithms and data structures are at the heart
of every computer application and thus of decisive im-
portance for permanently growing areas of engineering,
economy, science, and daily life. The subject of Algo-
rithmics is the systematic development of efficient al-
gorithms and therefore has pivotal influence on the ef-
fective development of reliable and resource-conserving
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technology. We only mention search engines, bioin-
formatics, computer graphics, image processing, geo-
graphic information systems, cryptography, planning in
production, logistics and transportation as example ar-
eas where algorithms play a key role.

How is algorithmic innovation transferred to appli-
cations? Traditionally, algorithmics used the methodol-
ogy of algorithm theory which stems from mathematics:
algorithms are designed using simple models of problem
and machine. Main results are provable performance
guarantees for all possible inputs. This approach often
leads to elegant, timeless solutions that can be adapted
to many applications. The hard performance guarantees
lead to reliably high efficiency even for types of inputs
that were unknown at implementation time. From the
point of view of algorithm theory, taking up and imple-
menting an algorithmic idea is part of application devel-
opment. Unfortunately, it can be universally observed
that this mode of transferring results is a slow process.
With growing requirements for innovative algorithms,
this causes widening gaps between theory and practice:
Realistic hardware with its parallelism, memory hierar-
chies etc. is diverging from traditional machine models.
Applications become more and more complex. At the
same time, algorithm theory develops increasingly elab-
orate algorithms that may contain important ideas but
are usually not directly implementable. Furthermore,
real-world inputs are often far away from the worst case
scenarios of the theoretical analysis. In extreme cases,
promising algorithmic approaches are neglected because
a mathematical analysis would be difficult.

Since the early 1990s it therefore became more and
more apparent that algorithmics cannot restrict itself
to theory. So, what else should algorithmicists do?
Experiments play a pivotal here. Algorithm engineering
(AE) is therefore sometimes equated with experimental
algorithmics. However, in this paper we argue that this
view is too limited. First of all, to do experiments, you
also have to implement algorithms. This is often equally
interesting and revealing as the experiments themselves,
needs its own set of techniques, and is an important
interface to software engineering. Furthermore, it makes
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little sense to view design and analysis on the one hand
and implementation and experimentation on the other
hand as separate activities. Rather, a feedback loop of
design, analysis, implementation, and experimentation
that leads to new design ideas materializes as the central
process of algorithmics.

This cycle is quite similar to the cycle of theory
building and experimental validation in Popper’s scien-
tific method [23]. We can learn several things from this
comparison. First, this cycle is driven by falsifiable hy-
potheses validated by experiments — an experiment can-
not prove a hypothesis but it can support it. However,
such support is only meaningful if there are conceiv-
able outcomes of experiments that prove the hypothesis
wrong. Hypotheses can come from creative ideas or re-
sult from inductive reasoning stemming from previous
experiments. Thus we see a fundamental difference to
the deductive reasoning predominant in algorithm the-
ory. Experiments have to be reproducible, i.e., other
researchers have to be able to repeat an experiment to
the extent that they draw the same conclusions or un-
cover mistakes in the previous experimental setup.

There are further aspects of AE as a methodology
for algorithmics, outside the main cycle. Design, analy-
sis and evaluation of algorithms are based on some model
of the problem and the underlying machine. Since gaps
between theory and practice often relate to these mod-
els, they are an important aspect of AE. Since we aim
at practicality, applications are an important aspect.
However we choose to view applications as being out-
side the methodology of AE since it would otherwise be-
come too open ended and because often one algorithm
can be used for quite diverse applications. Also, ev-
ery new application will have its own requirements and
techniques some of which may be abstracted away for
algorithmic treatment. Still, in order to reduce gaps be-
tween theory and practice, as many interactions as pos-
sible between the application and the activities of AE
should be taken into account: Applications are the basis
for realistic models, they influence the kind of analysis
we do, they put constraints on useful implementations,
and they supply realistic inputs and other design pa-
rameters for experiments. On the other hand, the re-
sults of analysis and experiments influence the way an
algorithm is used (fast enough for real time or interac-
tive use?,...) and implementations may be the basis for
software used in applications. Indeed, we may view ap-
plication engineering as a separate process living in both
AE and a concrete application domain where methods
from both areas are used to adapt an algorithm to a
particular application. Application engineering bridges
remaining unavoidable gaps between experimental im-
plementations and production quality code. Note that

56

there are important differences between these two kinds
of code: fast development, efficiency, and instrumenta-
tion for experiments are very important for AE, while
thorough testing, maintainability, simplicity, and tun-
ing for particular classes of inputs are more important
for the applications. Furthermore, the algorithm engi-
neers may not even know all the applications for which
their algorithms will be used. Hence, algorithm libraries
of highly tested codes with clear simple user interfaces
are an important link between AE and applications.

Figure 1 summarizes the resulting schema for AE as
a methodology for algorithmics. The following sections
will describe the activities in more detail. We give
examples of challenges and results that are a more or
less random sample biased to results we know well. In
addition, we will use our work on sorting as a more
concrete example. This example was chosen because
it is a simple, fundamental algorithmic problem and
already illuminates a lot of issues.

This paper is a shortened version of [26] where
minimum spanning trees were used as an example.
Please refer to this paper and the citations therein for
more details. We will also keep the sorting example brief
and refer to further papers for more details.

2 A Brief “History” of Algorithm Engineering

The methodology described here is not intended as a
revolution but as a description of observed practices in
algorithmic research being compiled into a consistent
methodology. Basically, all the activities in algorithm
development described here have probably been used as
long as there are computers. However, in the 1970s and
1980s algorithm theory had become a subdiscipline of
computer science that was almost exclusively devoted
to “paper and pencil” work. Except for a few papers
around D. Johnson, the other activities were mostly
visible in application papers, in operations research, or
J. Bentley’s programming pearls column in Communi-
cations of the ACM. In the late 1980s, people within
algorithm theory began to notice increasing gaps be-
tween theory and practice leading to important activ-
ities such as the Library of Efficient Data Types and
Algorithms (LEDA, since 1988) by K. Mehlhorn and
S. Niher and the DIMACS implementation challenges
(http://dimacs.rutgers.edu/Challenges/). It was
not before the end of the 1990s that several workshops
series on experimental algorithmics and algorithm engi-
neering were started.! There was a Dagstuhl workshop

TThe Workshop on Algorithm Engineering (WAE) is not the
engineering track of ESA. The Alex workshop first held in Italy
in 1998 is now the ALENEX workshop held in conjunction with
SODA. WEA, now SEA was first organized in 2002.

Copyright © by SIAM.
Unauthorized reproduction of this article is prohibited.



in 2000 [10], and several overview papers on the subject
were published [1, 21, 17, 18, 13].

The term “algorithm engineering” already appears
1986 in the Foreword of [3] and 1989 in the title of
[30]. No discussion of the term is given. At the
same time T. Beth started an initiative to move the
CS department of the University of Karlsruhe more
into the direction of an engineering discipline. For
example, a new compulsory graduate-level course on
algorithms was called “Algorithmentechnik” which can
be translated as “algorithm engineering”. Note that
the term “engineering” like in “mechanical engineering”
means the application oriented use of science whereas
our current interpretation of algorithm engineering has
applications not as its sole objective but equally strives
for general scientific insight as in the natural sciences.
However, in daily work the difference will not matter
much.

P. Ttaliano organized the “Workshop on Algorithm
Engineering” in 1997 and also uses “algorithm engineer-
ing” as the title for the algorithms column of EATCS in
2003 [9] with the following short abstract: “Algorithm
Engineering is concerned with the design, analysis, im-
plementation, tuning, debugging and experimental eval-
uation of computer programs for solving algorithmic
problems. It provides methodologies and tools for de-
veloping and engineering efficient algorithmic codes and
aims at integrating and reinforcing traditional theoreti-
cal approaches for the design and analysis of algorithms
and data structures.” Independently but with the same
basic meaning, the term was used in the influential pol-
icy paper [1]. The present paper basically follows the
same line of argumentation attempting to work out the
methodology in more detail and providing a number of
hopefully interesting examples.

3 Models

A big difficulty for defining models for problems and
machines is that (apparently) only complex models are
adequate images of reality whereas only simple models
lead to simple, widely usable, portable, and analyzable
algorithms. Therefore, AE must simultaneously and
carefully abstract from reality and refine theoretical
models.

Even such simple problem as sorting has a few in-
teresting modelling issues. In particular, for compari-
son based algorithms there is an Q(nlogn) lower bound
whereas elements with short integer keys can be sorted
in linear time using radix sort.

In our own work we have used sorting as a guinea
pig for learning about algorithmic aspects of machine
models for realistic hardware. Such aspects include
cache efficiency [22], translation lookaside buffers [24],
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limited associativity of caches [20], cache obliviousness
[11, 4], (parallel disk) external memory [8, 12], massively
parallel external [25], shared memory [31], graphics
processors [16], branch mispredictions [28, 14], and
energy efficiency. Since these aspects can have a
considerable impact on performance, we will use these
sorting algorithms for these models as our main pool of
examples in the following.

4 Design

As in algorithm theory, we are interested in efficient
algorithms. However, in AE, it is equally important to
look for simplicity, implementability, and possibilities
for code reuse. Furthermore, efficiency means not
just asymptotic worst case efficiency, but we also have
to look at the constant factors involved and at the
performance for real-world inputs. In particular, some
theoretically efficient algorithms have similar best case
and worse case behavior whereas the algorithms used
in practice perform much better on all but contrived
examples.

There are many examples of gaps between theory
and practice for sorting. For example, Cole’s ingenious
PRAM algorithm for sorting [5] has large constant fac-
tors not only in the algorithm itself, but more impor-
tantly in the translation from the theoretical machine
model to realistic hardware. We have found that sur-
prisingly often, long known algorithms like quicksort
and mergesort can be adapted to advanced models. In
particular, their multiway variants samplesort and mul-
tiway mergesort often are the basis for the best practical
methods [22, 4, 8, 12, 25, 28]. However, there remain in-
teresting algorithmic questions in subroutines like disk
scheduling [12], load balancing [25] or partitioning the
input [32].

5 Analysis

Even simple and proven practical algorithms are often
difficult to analyze and this is one of the main reasons for
gaps between theory and practice. Thus, the analysis
of such algorithms is an important aspect of AE. For
example, randomized algorithms are often simpler and
faster than their best deterministic competitors but
even simple randomized algorithms are often difficult
to analyze.

Randomized sorting algorithms yield many interest-
ing examples. For example, our parallel disk and par-
allel external sorting algorithms [12, 25] rely heavily on
randomization and their analysis is not easy because of
dependencies between random variables. For example,
the result in [12] gives a partial answer to an exercise in
Knuth’s famous text book [15] that is given difficulty 48
— one of the most difficult questions in the book. The
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original question still remains open.

Sorting is also a good example that algorithm
analysis is often neglected in papers from practical
computer science. In particular, algorithms proposed
for sorting huge data sets in parallel or using external
memory can have very bad performance for worst case
inputs. Our results in [8, 12, 25] show that giving worst
case guarantees needs some care but need not inhibit
practical performance.

Many complex optimization problems are attacked
using meta heuristics like (randomized) local search or
evolutionary algorithms. Algorithms of this type are
simple and easily adaptable to the problem at hand.
However, only very few such algorithms have been
successfully analyzed (e.g. [33]) although performance
guarantees would be of great theoretical and practical
value.

6 Implementation

Implementation only appears to be the most clearly pre-
scribed and boring activity in the cycle of AE. One
reason is that there are huge semantic gaps between
abstractly formulated algorithms, imperative program-
ming languages, and real hardware. An extreme exam-
ple for the semantic gap are geometric algorithms which
are often designed assuming exact arithmetics with real
numbers and without considering degenerate cases.
Even the implementation of relatively simple basic
algorithms can be challenging. You often have to
compare several candidates based on small constant
factors in their execution time. Since even small
implementation details can make a big difference, the
only reliable way is to highly tune all competitors
and run them on several architectures. It can even
be advisable to compare the generated machine code
sorting is a very good example here (e.g., [28], [4]).

7 Experiments

Meaningful experiments are the key to closing the cycle
of the AE process. They can validate or falsify existing
hypotheses and their results can motivate new hypothe-
ses that lead to new algorithms, improved analysis or
better implementations.

Compared to the natural sciences, AE is in the
privileged situation that it can perform many exper-
iments with relatively little effort. However, the other
side of the coin is highly nontrivial planning, evaluation,
archiving, postprocessing, and interpretation of results.
The starting point should always be falsifiable hypothe-
ses on the behavior of the investigated algorithms which
stem from the design, analysis, implementation, or from
previous experiments. The result is a confirmation, fal-
sification, or refinement of the hypothesis. The results
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complement the analytic performance guarantees, lead
to a better understanding of the algorithms, and provide
ideas for improved algorithms, more accurate analysis,
or more efficient implementation.

Successful experimentation involves a lot of software
engineering. Modular implementations allow flexible ex-
periments. Clever use of tools simplifies the evaluation.
Careful documentation and version management help
with reproducibility — a central requirement of scientific
experiments, that is challenging due to the frequent new
versions of software and hardware.

Experiments on sorting algorithms can vary the
machine architecture, the number of processors, the
memory devices (e.g., disks, SSDs) used on various
levels of the memory hierarchy, the element size, the
key size, the comparison function, and perhaps most
importantly, the input permutation. In a high level
article like this one, or for a reviewer, it is easy to say
that one should vary all parameters systematically. But
in the real world, even in its most academic enclaves,
this is clearly impossible. For example, in [8, 25] the
sheer running times of the experiments (summing to
days and weeks) were a major limiting factor for keeping
submission deadlines.

So how can the big space of possible experiments
be pruned? One powerful tool is theory. For example,
sample sort (e.g. [28]) provably works similarly for all
possible inputs. Hence, using random input permuta-
tions is sufficient.? In contrast, when such guarantees
are not proven, working with a large spectrum of pos-
sible inputs is very important (e.g. [16]). Rather than
blindly measuring execution time on many different ma-
chine configurations, one can also evaluate performance
parameters like cache faults, branch mispredictions, I/O
cost, etc. that allow predictions about the impact of var-
ious architectural parameters and about the influence of
element size and comparison function.

8 Algorithm Libraries

Algorithm libraries are made by assembling implemen-
tations of a number of algorithms using the methods
of software engineering. The result should be efficient,
easy to use, well documented, and portable. Algorithm
libraries accelerate the transfer of know-how into ap-
plications. Within algorithmics, libraries simplify com-
parisons of algorithms and the construction of software
that builds on them. The software engineering involved
is particularly challenging, since the applications to be

ZActually, the implementation used in [28] can be fooled
with many identical keys. However, it can be argued that
a slightly more sophisticated implementation would fix that

problem without incurring performance penalties.
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supported are unknown at library implementation time
and because the separation of interface and (often highly
complicated) implementation is very important. Com-
pared to applications-specific reimplementation, using
a library should save development time without lead-
ing to inferior performance. Compared to simple, easy
to implement algorithms, libraries should improve per-
formance. In particular for basic data structures with
their fine-grained coupling between applications and li-
brary this can be very difficult. To summarize, the
triangle between generality, efficiency, and ease of use
leads to challenging tradeoffs because often optimizing
one of these aspects will deteriorate the others. It is also
worth mentioning that correctness of algorithm libraries
is even more important than for other software because
it is extremely difficult for a user to debug library code
that has not been written by his team. Sometimes it
is not even sufficient for a library to be correct as long
as the user does not trust it sufficiently to first look for
bugs outside the library. This is one reason why result
checking, certifying algorithms, or even formal verifica-
tion are an important aspect of algorithm libraries. All
these difficulties imply that implementing algorithms for
use in a library is several times more difficult / expensive
/ time consuming / frustrating /--- than implementa-
tions for experimental evaluation. On the other hand,
a good library implementation might be used orders of
magnitude more frequently. Thus, in AE there is a nat-
ural mechanism leading to many exploratory implemen-
tations and a few selected library codes that build on
previous experimental experience.

Let us now look at a few successful examples of
algorithm libraries. The Library of Efficient Data Types
and Algorithms LEDA [19] has played an important
part in the development of AE. LEDA has an easy
to use object-oriented C+-+ interfaces. Besides basic
algorithms and data structures, LEDA offers a variety
of graph algorithms and geometric algorithms.

Programming languages come with a run-time li-
brary that usually offers a few algorithmic ingredients
like sorting and various collection data structures (lists,
queues, sets, ... ). For example, the C++ standard tem-
plate library (STL) has a very flexible interface based on
templates. Since so many things are resolved at compile
time, programs that use the STL are often equally ef-
ficient as hand-written C-style code even with the very
fine-grained interfaces of collection classes.

This is one of the reasons why our group is looking
at implementations of the STL for advanced models
of computation like external computing (STXXL [7]),
multicore parallelism (MCSTL, GNU C++ standard
library [29]), or a combination of both [2]. The support
of fast sorting routines is perhaps the main reason why
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our STL implementations are used — they offer fast
implementations for a frequently used and performance
critical function that is also easy to use.

9 Instances and Benchmarks

Collections of realistic problem instances for bench-
marking have proven crucial for improving algorithms.
This was very successful for some NP-hard problems
like travelling salesman, Steiner trees, satisfiability, set
covering, or graph partitioning. It is a bit odd that
similar benchmarks for problems that are polynomially
solvable are sometimes more difficult to obtain. For
route planning in road networks, realistic inputs have
become available in 2005 [27] enabling a revolution with
speedups of up to six orders of magnitude over Dijkstra’s
algorithm and a perspective for many applications [6].
In string algorithms and data compression, real-world
data is also no problem. But for many typical graph
problems like flows, random inputs are still common
practice. We suspect that this often leads to unreal-
istic results in experimental studies. Naively generated
random instances are likely to be either much easier
or more difficult than realistic inputs. With more care
and competition, such as for the DIMACS implementa-
tion challenges, generators emerge that drive naive al-
gorithms into bad performance. While this process can
lead to robust solutions, it may overemphasize difficult

inputs.

For sorting, there is a well established
benchmark from the database community
(http://sortbenchmark.org/) that is an inter-

esting focus point for research on sorting large data sets
stored in a file system. We have now participated in all
its main categories®: Penny sort asks for the amount of
data that can be sorted for one US cent assuming the
cost of the machines if depreciated linearly over three
years. STXXL [7] provides a code [8, 2] that comes close
the the fastest specialized codes. Our parallel external
sorter [25] currently leads the MinuteSort benchmark
which asks for the largest amount of data sorted in
one minute and the GraySort benchmark that asks for
sorting 100 Terabyte of data. Interestingly, the jury
decided to give the prize to us although a competing
system based on Hadoop is slightly faster than our
system — but we need more than an order of magnitude
less hardware. Based on both above programs, we have
developed a sorter for the youngest category of the
SortingBenchmark — JouleSort, which asks for sorting
certain input sizes using as little energy as possible. We

SAll our entries are in the fixed width Indy subcategories
whereas Daytona asks for more flexible programs that can handle

variable length elements and key.
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have now submitted results that improve the current
records by a factor of 3—4. The main improvement
here is due to choosing the right hardware — an Intel
Atom processors and solid state disks. All categories of
SortingBenchmark ask for sorting uniformly distributed
100 byte elements with 10 byte keys. Unfortunately,
this allows entries that will perform catastrophically
bad on nonrandom inputs. Many academic papers
are more careful with the inputs considered and use a
variety of synthetic and real world inputs.

10 Applications

We could discuss many important applications where
algorithms play a major role and a lot of interesting
work remains to be done. Since this would go beyond
the scope of this paper, we only want to mention a
few: Bioinformatics (e.g. sequencing, folding, dock-
ing, phylogenetic trees, DNA chip evaluations, reaction
networks); information retrieval (indexing, ranking); al-
gorithmic game theory; traffic information, simulation
and planning for cars, buses, trains, and air traffic; geo-
graphic information systems; communication networks;
machine learning; real time scheduling.

The effort for implementing algorithms for a par-
ticular application usually lies somewhere between the
effort for experimental evaluation and for algorithm li-
braries depending on the context.

An important goal for AE should be to help shaping
the applications rather than act as an ancillary science
for other disciplines like physics, biology, mechanical
engineering,. . .

11 Conclusions

We hope to have demonstrated that AE is a “round”
methodology for the development of efficient algorithms
which simplifies their practical use. We want to stress,
however, that it is not our intention to abolish algorithm
theory. The saying that “there is nothing as practical
as good theory” remains true for algorithmics because
an algorithm with proven performance guarantees has a
degree of generality, reliability, and predictability that
cannot be obtained with any number of experiments.
However, this does not contradict the proposed method-
ology since it views algorithm theory as a subset of AE,
making it even more rich by asking additional interest-
ing kinds of questions (e.g. simplicity of algorithms,
care for constant factors, smoothed analysis,...). We
also have no intention of criticizing some highly inter-
esting research in algorithm theory that is less moti-
vated from applications than by fundamental questions
of theoretical computer science such as computability
or complexity theory. However, we do want to criticize
those papers that begin with a vague claim of relevance
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to some fashionable application area before diving deep
into theoretical constructions that look completely ir-
relevant for the claimed application. Often this is not
intentionally misleading but more like a game of “Chi-
nese whispers” where a research area starts as a sensible
abstraction of an application area but then develops a
life of itself, mutating into a mathematical game with its
own rules. Even this can be interesting but researchers
should constantly ask themselves why they are working
on an area, whether there are perhaps other areas where
they can have larger impact on the world, and how false
claims for practicality can damage the reputation of al-
gorithmics in practical computer science.
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