
Algorithm Engineering �An Attempt at a De�nitionUsing Sorting as an Example∗Peter Sanders†Abstra
tThe talk des
ribes algorithm engineering (AE) as a method-ology for algorithmi
 resear
h where design, analysis, imple-mentation and experimental evaluation of form a feedba
k
y
le driving the development of e�
ient algorithm. Addi-tional important 
omponents of the methodology in
lude re-alisti
 models, algorithm libraries, and 
olle
tions of realisti
ben
hmark instan
es. Examples are given for the fundamen-tal problem of sorting with parti
ular emphasis on huge datasets, advan
ed hardware, and energy e�
ien
y.1 Introdu
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y
le of design,analysis, implementation, and experimental evaluationdriven by falsi�able hypotheses. The numbers refer tose
tions.Algorithms and data stru
tures are at the heartof every 
omputer appli
ation and thus of de
isive im-portan
e for permanently growing areas of engineering,e
onomy, s
ien
e, and daily life. The subje
t of Algo-rithmi
s is the systemati
 development of e�
ient al-gorithms and therefore has pivotal in�uen
e on the ef-fe
tive development of reliable and resour
e-
onserving
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te
hnology. We only mention sear
h engines, bioin-formati
s, 
omputer graphi
s, image pro
essing, geo-graphi
 information systems, 
ryptography, planning inprodu
tion, logisti
s and transportation as example ar-eas where algorithms play a key role.How is algorithmi
 innovation transferred to appli-
ations? Traditionally, algorithmi
s used the methodol-ogy of algorithm theory whi
h stems from mathemati
s:algorithms are designed using simple models of problemand ma
hine. Main results are provable performan
eguarantees for all possible inputs. This approa
h oftenleads to elegant, timeless solutions that 
an be adaptedto many appli
ations. The hard performan
e guaranteeslead to reliably high e�
ien
y even for types of inputsthat were unknown at implementation time. From thepoint of view of algorithm theory, taking up and imple-menting an algorithmi
 idea is part of appli
ation devel-opment. Unfortunately, it 
an be universally observedthat this mode of transferring results is a slow pro
ess.With growing requirements for innovative algorithms,this 
auses widening gaps between theory and pra
ti
e:Realisti
 hardware with its parallelism, memory hierar-
hies et
. is diverging from traditional ma
hine models.Appli
ations be
ome more and more 
omplex. At thesame time, algorithm theory develops in
reasingly elab-orate algorithms that may 
ontain important ideas butare usually not dire
tly implementable. Furthermore,real-world inputs are often far away from the worst 
ases
enarios of the theoreti
al analysis. In extreme 
ases,promising algorithmi
 approa
hes are negle
ted be
ausea mathemati
al analysis would be di�
ult.Sin
e the early 1990s it therefore be
ame more andmore apparent that algorithmi
s 
annot restri
t itselfto theory. So, what else should algorithmi
ists do?Experiments play a pivotal here. Algorithm engineering(AE) is therefore sometimes equated with experimentalalgorithmi
s. However, in this paper we argue that thisview is too limited. First of all, to do experiments, youalso have to implement algorithms. This is often equallyinteresting and revealing as the experiments themselves,needs its own set of te
hniques, and is an importantinterfa
e to software engineering. Furthermore, it makes
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little sense to view design and analysis on the one handand implementation and experimentation on the otherhand as separate a
tivities. Rather, a feedba
k loop ofdesign, analysis, implementation, and experimentationthat leads to new design ideas materializes as the 
entralpro
ess of algorithmi
s.This 
y
le is quite similar to the 
y
le of theorybuilding and experimental validation in Popper's s
ien-ti�
 method [23℄. We 
an learn several things from this
omparison. First, this 
y
le is driven by falsi�able hy-potheses validated by experiments � an experiment 
an-not prove a hypothesis but it 
an support it. However,su
h support is only meaningful if there are 
on
eiv-able out
omes of experiments that prove the hypothesiswrong. Hypotheses 
an 
ome from 
reative ideas or re-sult from indu
tive reasoning stemming from previousexperiments. Thus we see a fundamental di�eren
e tothe dedu
tive reasoning predominant in algorithm the-ory. Experiments have to be reprodu
ible, i.e., otherresear
hers have to be able to repeat an experiment tothe extent that they draw the same 
on
lusions or un-
over mistakes in the previous experimental setup.There are further aspe
ts of AE as a methodologyfor algorithmi
s, outside the main 
y
le. Design, analy-sis and evaluation of algorithms are based on somemodelof the problem and the underlying ma
hine. Sin
e gapsbetween theory and pra
ti
e often relate to these mod-els, they are an important aspe
t of AE. Sin
e we aimat pra
ti
ality, appli
ations are an important aspe
t.However we 
hoose to view appli
ations as being out-side the methodology of AE sin
e it would otherwise be-
ome too open ended and be
ause often one algorithm
an be used for quite diverse appli
ations. Also, ev-ery new appli
ation will have its own requirements andte
hniques some of whi
h may be abstra
ted away foralgorithmi
 treatment. Still, in order to redu
e gaps be-tween theory and pra
ti
e, as many intera
tions as pos-sible between the appli
ation and the a
tivities of AEshould be taken into a

ount: Appli
ations are the basisfor realisti
 models, they in�uen
e the kind of analysiswe do, they put 
onstraints on useful implementations,and they supply realisti
 inputs and other design pa-rameters for experiments. On the other hand, the re-sults of analysis and experiments in�uen
e the way analgorithm is used (fast enough for real time or intera
-tive use?,. . . ) and implementations may be the basis forsoftware used in appli
ations. Indeed, we may view ap-pli
ation engineering as a separate pro
ess living in bothAE and a 
on
rete appli
ation domain where methodsfrom both areas are used to adapt an algorithm to aparti
ular appli
ation. Appli
ation engineering bridgesremaining unavoidable gaps between experimental im-plementations and produ
tion quality 
ode. Note that

there are important di�eren
es between these two kindsof 
ode: fast development, e�
ien
y, and instrumenta-tion for experiments are very important for AE, whilethorough testing, maintainability, simpli
ity, and tun-ing for parti
ular 
lasses of inputs are more importantfor the appli
ations. Furthermore, the algorithm engi-neers may not even know all the appli
ations for whi
htheir algorithms will be used. Hen
e, algorithm librariesof highly tested 
odes with 
lear simple user interfa
esare an important link between AE and appli
ations.Figure 1 summarizes the resulting s
hema for AE asa methodology for algorithmi
s. The following se
tionswill des
ribe the a
tivities in more detail. We giveexamples of 
hallenges and results that are a more orless random sample biased to results we know well. Inaddition, we will use our work on sorting as a more
on
rete example. This example was 
hosen be
auseit is a simple, fundamental algorithmi
 problem andalready illuminates a lot of issues.This paper is a shortened version of [26℄ whereminimum spanning trees were used as an example.Please refer to this paper and the 
itations therein formore details. We will also keep the sorting example briefand refer to further papers for more details.2 A Brief �History� of Algorithm EngineeringThe methodology des
ribed here is not intended as arevolution but as a des
ription of observed pra
ti
es inalgorithmi
 resear
h being 
ompiled into a 
onsistentmethodology. Basi
ally, all the a
tivities in algorithmdevelopment des
ribed here have probably been used aslong as there are 
omputers. However, in the 1970s and1980s algorithm theory had be
ome a subdis
ipline of
omputer s
ien
e that was almost ex
lusively devotedto �paper and pen
il� work. Ex
ept for a few papersaround D. Johnson, the other a
tivities were mostlyvisible in appli
ation papers, in operations resear
h, orJ. Bentley's programming pearls 
olumn in Communi-
ations of the ACM. In the late 1980s, people withinalgorithm theory began to noti
e in
reasing gaps be-tween theory and pra
ti
e leading to important a
tiv-ities su
h as the Library of E�
ient Data Types andAlgorithms (LEDA, sin
e 1988) by K. Mehlhorn andS. Näher and the DIMACS implementation 
hallenges(http://dima
s.rutgers.edu/Challenges/). It wasnot before the end of the 1990s that several workshopsseries on experimental algorithmi
s and algorithm engi-neering were started.1 There was a Dagstuhl workshop1The Workshop on Algorithm Engineering (WAE) is not theengineering tra
k of ESA. The Alex workshop �rst held in Italyin 1998 is now the ALENEX workshop held in 
onjun
tion withSODA. WEA, now SEA was �rst organized in 2002.
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in 2000 [10℄, and several overview papers on the subje
twere published [1, 21, 17, 18, 13℄.The term �algorithm engineering� already appears1986 in the Foreword of [3℄ and 1989 in the title of[30℄. No dis
ussion of the term is given. At thesame time T. Beth started an initiative to move theCS department of the University of Karlsruhe moreinto the dire
tion of an engineering dis
ipline. Forexample, a new 
ompulsory graduate-level 
ourse onalgorithms was 
alled �Algorithmente
hnik� whi
h 
anbe translated as �algorithm engineering�. Note thatthe term �engineering� like in �me
hani
al engineering�means the appli
ation oriented use of s
ien
e whereasour 
urrent interpretation of algorithm engineering hasappli
ations not as its sole obje
tive but equally strivesfor general s
ienti�
 insight as in the natural s
ien
es.However, in daily work the di�eren
e will not mattermu
h.P. Italiano organized the �Workshop on AlgorithmEngineering� in 1997 and also uses �algorithm engineer-ing� as the title for the algorithms 
olumn of EATCS in2003 [9℄ with the following short abstra
t: �AlgorithmEngineering is 
on
erned with the design, analysis, im-plementation, tuning, debugging and experimental eval-uation of 
omputer programs for solving algorithmi
problems. It provides methodologies and tools for de-veloping and engineering e�
ient algorithmi
 
odes andaims at integrating and reinfor
ing traditional theoreti-
al approa
hes for the design and analysis of algorithmsand data stru
tures.� Independently but with the samebasi
 meaning, the term was used in the in�uential pol-i
y paper [1℄. The present paper basi
ally follows thesame line of argumentation attempting to work out themethodology in more detail and providing a number ofhopefully interesting examples.3 ModelsA big di�
ulty for de�ning models for problems andma
hines is that (apparently) only 
omplex models areadequate images of reality whereas only simple modelslead to simple, widely usable, portable, and analyzablealgorithms. Therefore, AE must simultaneously and
arefully abstra
t from reality and re�ne theoreti
almodels.Even su
h simple problem as sorting has a few in-teresting modelling issues. In parti
ular, for 
ompari-son based algorithms there is an Ω(n log n) lower boundwhereas elements with short integer keys 
an be sortedin linear time using radix sort.In our own work we have used sorting as a guineapig for learning about algorithmi
 aspe
ts of ma
hinemodels for realisti
 hardware. Su
h aspe
ts in
lude
a
he e�
ien
y [22℄, translation lookaside bu�ers [24℄,

limited asso
iativity of 
a
hes [20℄, 
a
he obliviousness[11, 4℄, (parallel disk) external memory [8, 12℄, massivelyparallel external [25℄, shared memory [31℄, graphi
spro
essors [16℄, bran
h mispredi
tions [28, 14℄, andenergy e�
ien
y. Sin
e these aspe
ts 
an have a
onsiderable impa
t on performan
e, we will use thesesorting algorithms for these models as our main pool ofexamples in the following.4 DesignAs in algorithm theory, we are interested in e�
ientalgorithms. However, in AE, it is equally important tolook for simpli
ity, implementability, and possibilitiesfor 
ode reuse. Furthermore, e�
ien
y means notjust asymptoti
 worst 
ase e�
ien
y, but we also haveto look at the 
onstant fa
tors involved and at theperforman
e for real-world inputs. In parti
ular, sometheoreti
ally e�
ient algorithms have similar best 
aseand worse 
ase behavior whereas the algorithms usedin pra
ti
e perform mu
h better on all but 
ontrivedexamples.There are many examples of gaps between theoryand pra
ti
e for sorting. For example, Cole's ingeniousPRAM algorithm for sorting [5℄ has large 
onstant fa
-tors not only in the algorithm itself, but more impor-tantly in the translation from the theoreti
al ma
hinemodel to realisti
 hardware. We have found that sur-prisingly often, long known algorithms like qui
ksortand mergesort 
an be adapted to advan
ed models. Inparti
ular, their multiway variants samplesort and mul-tiway mergesort often are the basis for the best pra
ti
almethods [22, 4, 8, 12, 25, 28℄. However, there remain in-teresting algorithmi
 questions in subroutines like disks
heduling [12℄, load balan
ing [25℄ or partitioning theinput [32℄.5 AnalysisEven simple and proven pra
ti
al algorithms are oftendi�
ult to analyze and this is one of the main reasons forgaps between theory and pra
ti
e. Thus, the analysisof su
h algorithms is an important aspe
t of AE. Forexample, randomized algorithms are often simpler andfaster than their best deterministi
 
ompetitors buteven simple randomized algorithms are often di�
ultto analyze.Randomized sorting algorithms yield many interest-ing examples. For example, our parallel disk and par-allel external sorting algorithms [12, 25℄ rely heavily onrandomization and their analysis is not easy be
ause ofdependen
ies between random variables. For example,the result in [12℄ gives a partial answer to an exer
ise inKnuth's famous text book [15℄ that is given di�
ulty 48� one of the most di�
ult questions in the book. The
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original question still remains open.Sorting is also a good example that algorithmanalysis is often negle
ted in papers from pra
ti
al
omputer s
ien
e. In parti
ular, algorithms proposedfor sorting huge data sets in parallel or using externalmemory 
an have very bad performan
e for worst 
aseinputs. Our results in [8, 12, 25℄ show that giving worst
ase guarantees needs some 
are but need not inhibitpra
ti
al performan
e.Many 
omplex optimization problems are atta
kedusing meta heuristi
s like (randomized) lo
al sear
h orevolutionary algorithms. Algorithms of this type aresimple and easily adaptable to the problem at hand.However, only very few su
h algorithms have beensu

essfully analyzed (e.g. [33℄) although performan
eguarantees would be of great theoreti
al and pra
ti
alvalue.6 ImplementationImplementation only appears to be the most 
learly pre-s
ribed and boring a
tivity in the 
y
le of AE. Onereason is that there are huge semanti
 gaps betweenabstra
tly formulated algorithms, imperative program-ming languages, and real hardware. An extreme exam-ple for the semanti
 gap are geometri
 algorithms whi
hare often designed assuming exa
t arithmeti
s with realnumbers and without 
onsidering degenerate 
ases.Even the implementation of relatively simple basi
algorithms 
an be 
hallenging. You often have to
ompare several 
andidates based on small 
onstantfa
tors in their exe
ution time. Sin
e even smallimplementation details 
an make a big di�eren
e, theonly reliable way is to highly tune all 
ompetitorsand run them on several ar
hite
tures. It 
an evenbe advisable to 
ompare the generated ma
hine 
odesorting is a very good example here (e.g., [28℄, [4℄).7 ExperimentsMeaningful experiments are the key to 
losing the 
y
leof the AE pro
ess. They 
an validate or falsify existinghypotheses and their results 
an motivate new hypothe-ses that lead to new algorithms, improved analysis orbetter implementations.Compared to the natural s
ien
es, AE is in theprivileged situation that it 
an perform many exper-iments with relatively little e�ort. However, the otherside of the 
oin is highly nontrivial planning, evaluation,ar
hiving, postpro
essing, and interpretation of results.The starting point should always be falsi�able hypothe-ses on the behavior of the investigated algorithms whi
hstem from the design, analysis, implementation, or fromprevious experiments. The result is a 
on�rmation, fal-si�
ation, or re�nement of the hypothesis. The results


omplement the analyti
 performan
e guarantees, leadto a better understanding of the algorithms, and provideideas for improved algorithms, more a

urate analysis,or more e�
ient implementation.Su

essful experimentation involves a lot of softwareengineering. Modular implementations allow �exible ex-periments. Clever use of tools simpli�es the evaluation.Careful do
umentation and version management helpwith reprodu
ibility � a 
entral requirement of s
ienti�
experiments, that is 
hallenging due to the frequent newversions of software and hardware.Experiments on sorting algorithms 
an vary thema
hine ar
hite
ture, the number of pro
essors, thememory devi
es (e.g., disks, SSDs) used on variouslevels of the memory hierar
hy, the element size, thekey size, the 
omparison fun
tion, and perhaps mostimportantly, the input permutation. In a high levelarti
le like this one, or for a reviewer, it is easy to saythat one should vary all parameters systemati
ally. Butin the real world, even in its most a
ademi
 en
laves,this is 
learly impossible. For example, in [8, 25℄ thesheer running times of the experiments (summing todays and weeks) were a major limiting fa
tor for keepingsubmission deadlines.So how 
an the big spa
e of possible experimentsbe pruned? One powerful tool is theory. For example,sample sort (e.g. [28℄) provably works similarly for allpossible inputs. Hen
e, using random input permuta-tions is su�
ient.2 In 
ontrast, when su
h guaranteesare not proven, working with a large spe
trum of pos-sible inputs is very important (e.g. [16℄). Rather thanblindly measuring exe
ution time on many di�erent ma-
hine 
on�gurations, one 
an also evaluate performan
eparameters like 
a
he faults, bran
h mispredi
tions, I/O
ost, et
. that allow predi
tions about the impa
t of var-ious ar
hite
tural parameters and about the in�uen
e ofelement size and 
omparison fun
tion.8 Algorithm LibrariesAlgorithm libraries are made by assembling implemen-tations of a number of algorithms using the methodsof software engineering. The result should be e�
ient,easy to use, well do
umented, and portable. Algorithmlibraries a

elerate the transfer of know-how into ap-pli
ations. Within algorithmi
s, libraries simplify 
om-parisons of algorithms and the 
onstru
tion of softwarethat builds on them. The software engineering involvedis parti
ularly 
hallenging, sin
e the appli
ations to be2A
tually, the implementation used in [28℄ 
an be fooledwith many identi
al keys. However, it 
an be argued thata slightly more sophisti
ated implementation would �x thatproblem without in
urring performan
e penalties.
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supported are unknown at library implementation timeand be
ause the separation of interfa
e and (often highly
ompli
ated) implementation is very important. Com-pared to appli
ations-spe
i�
 reimplementation, usinga library should save development time without lead-ing to inferior performan
e. Compared to simple, easyto implement algorithms, libraries should improve per-forman
e. In parti
ular for basi
 data stru
tures withtheir �ne-grained 
oupling between appli
ations and li-brary this 
an be very di�
ult. To summarize, thetriangle between generality, e�
ien
y, and ease of useleads to 
hallenging tradeo�s be
ause often optimizingone of these aspe
ts will deteriorate the others. It is alsoworth mentioning that 
orre
tness of algorithm librariesis even more important than for other software be
auseit is extremely di�
ult for a user to debug library 
odethat has not been written by his team. Sometimes itis not even su�
ient for a library to be 
orre
t as longas the user does not trust it su�
iently to �rst look forbugs outside the library. This is one reason why result
he
king, 
ertifying algorithms, or even formal veri�
a-tion are an important aspe
t of algorithm libraries. Allthese di�
ulties imply that implementing algorithms foruse in a library is several times more di�
ult / expensive/ time 
onsuming / frustrating /· · · than implementa-tions for experimental evaluation. On the other hand,a good library implementation might be used orders ofmagnitude more frequently. Thus, in AE there is a nat-ural me
hanism leading to many exploratory implemen-tations and a few sele
ted library 
odes that build onprevious experimental experien
e.Let us now look at a few su

essful examples ofalgorithm libraries. The Library of E�
ient Data Typesand Algorithms LEDA [19℄ has played an importantpart in the development of AE. LEDA has an easyto use obje
t-oriented C++ interfa
es. Besides basi
algorithms and data stru
tures, LEDA o�ers a varietyof graph algorithms and geometri
 algorithms.Programming languages 
ome with a run-time li-brary that usually o�ers a few algorithmi
 ingredientslike sorting and various 
olle
tion data stru
tures (lists,queues, sets, . . . ). For example, the C++ standard tem-plate library (STL) has a very �exible interfa
e based ontemplates. Sin
e so many things are resolved at 
ompiletime, programs that use the STL are often equally ef-�
ient as hand-written C-style 
ode even with the very�ne-grained interfa
es of 
olle
tion 
lasses.This is one of the reasons why our group is lookingat implementations of the STL for advan
ed modelsof 
omputation like external 
omputing (STXXL [7℄),multi
ore parallelism (MCSTL, GNU C++ standardlibrary [29℄), or a 
ombination of both [2℄. The supportof fast sorting routines is perhaps the main reason why

our STL implementations are used � they o�er fastimplementations for a frequently used and performan
e
riti
al fun
tion that is also easy to use.9 Instan
es and Ben
hmarksColle
tions of realisti
 problem instan
es for ben
h-marking have proven 
ru
ial for improving algorithms.This was very su

essful for some NP-hard problemslike travelling salesman, Steiner trees, satis�ability, set
overing, or graph partitioning. It is a bit odd thatsimilar ben
hmarks for problems that are polynomiallysolvable are sometimes more di�
ult to obtain. Forroute planning in road networks, realisti
 inputs havebe
ome available in 2005 [27℄ enabling a revolution withspeedups of up to six orders of magnitude over Dijkstra'salgorithm and a perspe
tive for many appli
ations [6℄.In string algorithms and data 
ompression, real-worlddata is also no problem. But for many typi
al graphproblems like �ows, random inputs are still 
ommonpra
ti
e. We suspe
t that this often leads to unreal-isti
 results in experimental studies. Naively generatedrandom instan
es are likely to be either mu
h easieror more di�
ult than realisti
 inputs. With more 
areand 
ompetition, su
h as for the DIMACS implementa-tion 
hallenges, generators emerge that drive naive al-gorithms into bad performan
e. While this pro
ess 
anlead to robust solutions, it may overemphasize di�
ultinputs.For sorting, there is a well establishedben
hmark from the database 
ommunity(http://sortben
hmark.org/) that is an inter-esting fo
us point for resear
h on sorting large data setsstored in a �le system. We have now parti
ipated in allits main 
ategories3: Penny sort asks for the amount ofdata that 
an be sorted for one US 
ent assuming the
ost of the ma
hines if depre
iated linearly over threeyears. STXXL [7℄ provides a 
ode [8, 2℄ that 
omes 
losethe the fastest spe
ialized 
odes. Our parallel externalsorter [25℄ 
urrently leads the MinuteSort ben
hmarkwhi
h asks for the largest amount of data sorted inone minute and the GraySort ben
hmark that asks forsorting 100 Terabyte of data. Interestingly, the juryde
ided to give the prize to us although a 
ompetingsystem based on Hadoop is slightly faster than oursystem � but we need more than an order of magnitudeless hardware. Based on both above programs, we havedeveloped a sorter for the youngest 
ategory of theSortingBen
hmark � JouleSort, whi
h asks for sorting
ertain input sizes using as little energy as possible. We3All our entries are in the �xed width Indy sub
ategorieswhereas Daytona asks for more �exible programs that 
an handlevariable length elements and key.
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have now submitted results that improve the 
urrentre
ords by a fa
tor of 3�4. The main improvementhere is due to 
hoosing the right hardware � an IntelAtom pro
essors and solid state disks. All 
ategories ofSortingBen
hmark ask for sorting uniformly distributed100 byte elements with 10 byte keys. Unfortunately,this allows entries that will perform 
atastrophi
allybad on nonrandom inputs. Many a
ademi
 papersare more 
areful with the inputs 
onsidered and use avariety of syntheti
 and real world inputs.10 Appli
ationsWe 
ould dis
uss many important appli
ations wherealgorithms play a major role and a lot of interestingwork remains to be done. Sin
e this would go beyondthe s
ope of this paper, we only want to mention afew: Bioinformati
s (e.g. sequen
ing, folding, do
k-ing, phylogeneti
 trees, DNA 
hip evaluations, rea
tionnetworks); information retrieval (indexing, ranking); al-gorithmi
 game theory; tra�
 information, simulationand planning for 
ars, buses, trains, and air tra�
; geo-graphi
 information systems; 
ommuni
ation networks;ma
hine learning; real time s
heduling.The e�ort for implementing algorithms for a par-ti
ular appli
ation usually lies somewhere between thee�ort for experimental evaluation and for algorithm li-braries depending on the 
ontext.An important goal for AE should be to help shapingthe appli
ations rather than a
t as an an
illary s
ien
efor other dis
iplines like physi
s, biology, me
hani
alengineering,. . .11 Con
lusionsWe hope to have demonstrated that AE is a �round�methodology for the development of e�
ient algorithmswhi
h simpli�es their pra
ti
al use. We want to stress,however, that it is not our intention to abolish algorithmtheory. The saying that �there is nothing as pra
ti
alas good theory� remains true for algorithmi
s be
ausean algorithm with proven performan
e guarantees has adegree of generality, reliability, and predi
tability that
annot be obtained with any number of experiments.However, this does not 
ontradi
t the proposed method-ology sin
e it views algorithm theory as a subset of AE,making it even more ri
h by asking additional interest-ing kinds of questions (e.g. simpli
ity of algorithms,
are for 
onstant fa
tors, smoothed analysis,. . . ). Wealso have no intention of 
riti
izing some highly inter-esting resear
h in algorithm theory that is less moti-vated from appli
ations than by fundamental questionsof theoreti
al 
omputer s
ien
e su
h as 
omputabilityor 
omplexity theory. However, we do want to 
riti
izethose papers that begin with a vague 
laim of relevan
e

to some fashionable appli
ation area before diving deepinto theoreti
al 
onstru
tions that look 
ompletely ir-relevant for the 
laimed appli
ation. Often this is notintentionally misleading but more like a game of �Chi-nese whispers� where a resear
h area starts as a sensibleabstra
tion of an appli
ation area but then develops alife of itself, mutating into a mathemati
al game with itsown rules. Even this 
an be interesting but resear
hersshould 
onstantly ask themselves why they are workingon an area, whether there are perhaps other areas wherethey 
an have larger impa
t on the world, and how false
laims for pra
ti
ality 
an damage the reputation of al-gorithmi
s in pra
ti
al 
omputer s
ien
e.A
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