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ABSTRACT

The Music Information Retrieval field has acknowded
the need for rigorous scientific evaluations fomsotime
now. Several efforts were set out to develop awdige the
necessary infrastructure, technology and methodedotp
carry out these evaluations, out of which the ahMiasic
Information Retrieval Evaluation eXchange emergéde
community as a whole has enormously gained from
evaluation forum, but very little attention has hgmid to
reliability and correctness issues. From the staimdppf the
analysis of experimental validity, this paper presea
survey of past meta-evaluation work in the contexT ext
Information Retrieval, arguing that the music conmity
still needs to address various issues concerning
evaluation of music systems and the IR cycle, jpmjnout
directions for further research and proposalsim lthe.

1. INTRODUCTION

Information Retrieval (IR) is a highly experimental
discipline, and IR Evaluation (IRE) experiments dhe
main research tool to scientifically compare IRteyss and
algorithms to advance the state of the art throcgteful
examination and interpretation of their resultsE IRas been
used and studied in Text IR for over 50 years reiace the
Cranfield 2 experiments [18], with successful eatihn
forums such as TREC, CLEF, NTCIR or INEX. Until Z)0
these evaluations were not usual at all in MusiqMRR),
although there was general concern about speafds and
resources for a fruitful beginning of evaluatiomgeigns in
the Music domain.

—

hi

Hor

(TREC) [53][56], although it was clear too that cia¢ care
was to be taken not to oversimplify the TREC eviduma
model [19], because Music IR differs greatly froraxT IR

in many aspects that affect evaluations [21]. Tkheegal
outcome of these workshops, and many other meetivays
the realization by the Music IR community that #es
evaluations were clearly necessary, and that afleffort
.and commitment was needed to establish a periodic
evaluation forum for Music IR systems. Finally,2805 the
first edition of the Music Information Retrieval &wation
eXchange (MIREX) took place, and ever since it has
evaluated over a thousand Music IR systems for many
different tasks on a yearly basis [23].

The impact of MIREX has been without doubt benefici
the Music IR community, not only for fosterirtbese
experiments, but also for studying and establislsipecific
evaluation frameworks for the Music domain. But nitat

it is widely accepted, it seems that the commurhigs
settled down in the belief that we finally have wivee
wanted. It is our belief though, that while we arethe right
path, there is still a lot of work to do in Musi® I
Evaluation. These experiments are anything but easly
straightforward [54][26], so much that a whole atkerein

is concerned with their reliability and correctness
Information Retrieval Meta-Evaluation. The Text IR
literature has been flooded with meta-evaluatiamists for
the past two decades, showing year after yearlRfathas

its very own issues and proposing different appneacand
techniques to cope with them. While the MIR comntyni
has inherited good evaluation practices by adopliRgC-

The “SMIR 2001 resolution on the need to Createlike frameworks, some are already outdated, andrststill

standardized MIR test collections, tasks, and etalo
metrics for MIR research and development” was dchéind
signed by many members of the community as
demonstration of the general concern [20]. A seoiethree
workshops then followed between July 2002 and Augu
2003, were researches begun this long-needed wark

evaluation in Music IR [20]. There was some genera

agreement that evaluation frameworks for Music |8uld
need to follow the steps of the Text REtrieval Gwahce
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lack appropriate analyses. We agree that not eviegyt
from the Text IR community applies to Music IR, lautot
f meta-evaluation studies do. In fact, since tteeption of
IREX in 2005 several landmark studies have takiace

g’n the context of TREC, specially focused on lasgale
fevaluation, robustness and reliability, none of alshhas

pven been considered for Music IR.

In this paper we approach meta-evaluation fronpthiat
of view of the analysis of experimental validity R
Evaluation experiments. We show different aspettiR&
affected by these validity considerations, and eyrthe
Text IR literature outlining how these problems aiealt
with in evaluation forums such as TREC. Finally, si®ew
the current shortcomings in MIR evaluation and ps®
lines for further work, as a starting point for whee hope
begins a tradition of periodic Music IR Evaluatistadies.
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2. IR EVALUATION

IR evaluation experiments follow the traditionala@Gfield
paradigm conceived by Cleverdon in the late 508.[The

3.1 Construct Validity

Construct validity evaluates the extent to whiche th
variables of an experiment correspond to the theale

main element needed for these evaluations is a testeaning of the concept they purport to measure. For

collection, which is made up of three basic piecas:
document collection, a set of information needs #mel
relevance judgments telling what documents are/agleto
these information needs (the ground truth or gtddidard).
These test collections are built in the contexa gfarticular
task defining the intent of the information neeais several
measures are used to rank the systems followirfgreift
criteria, always from the point of view of a useoadel with
assumptions and restrictions as to the potentilusers of
the systems being evaluated.

Although some variations exist, a typical IRE exment
goes as follows [54][26]. First, the task is idé&at and

example, an experiment to assess the quality ofdkelts
given by a Web search engine would not have cottstru
validity if quality were measured as the numbewisfts to
the site, because this actually measures its poful@hus,
an experiment acquires construct validity by thgtou
selection and justification of the variables used.

In the case of IRE, construct validity is concerneainly
with the evaluation measures and the user moddidered
for the particular task [16]. For instance, in aditional ad
hoc retrieval task, binary set-based measures @agh
Precision and Recall do not resemble a real userwants
not only relevant documents, but highly relevargoat the

well-defined, normally seeking the agreement betweetop of the results list [42]. Instead, rank-basedasures
several researchers. Depending on the task, a dotumsuch as Average Precisiograded relevance judgments

collection is either put together or reused frorothar task,
and a set of information needs is selected, ofigangas
direct input queries. The systems to evaluate metbeir
results for the particular query set and documefiection,
and these results are evaluated using several nesathat
attempt to assess how well the systems would hatisfisd

[52][31], or the combination [29], are more appliate.
3.2 Content Validity

Content validity evaluates the extent to which the
experimental units reflect and represent the elesnehthe
domain under study. For example, an experiment unieas

a real user. This assessment employs the relevant reading comprehension of students would note hav

judgments in the ground truth, made before or afianing
the systems, depending on the task and other factor

3. IR META-EVALUATION

Experimental validity establishes how well an expent
meets the well-grounded requirements of the sdienti
method [30][35][36]. That is, whether the resultstaned

content validity if only science-fiction stories rge
employed. Thus, an experiment acquires contenditalby
careful selection of the experimental units inclide

In IR evaluation, it is imperative that the taskembles
as closely as possible the real-world settinggjresents,
and that the systems evaluated fulfill as muchossiple the
needs of the real users. However, evaluating uisdeh

do fairly and actually assess what the experimentegonditions would introduce a heavy user componemy v

attempted to measure. Validity of experiments isailg
assessed from different points of view, dependingubat
aspects of the scientific method are at stake.
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Construct x | x X
Contenf X | x | x | X X
Convergen X X X
Criterion X X X
Internal X | x| x| x| X
External X X X X
Conclusion X X | x| x| x
Table 1. The effect of Experimental Validity on Information
Retrieval Evaluation experiments.
Information Retrieval Evaluation experiments,

scientific experiments themselves, are also subiject
validity analysis. Meta-evaluation can be viewed ths
analysis of this experimental validity, highlighginhat the
evaluation is itself being evaluated. Next, we déscseveral
types of experimental validity and show how thefeetf IR
evaluation experiments (see Table 1).

as

difficult to manage and control, so a more systemrmed
approach is usually followed [54][18]. As such, thetual
value of the systems in real settings is many times
overlooked [34], and sometimes it can be questig#sdH

Likewise, the documents in the collection must nasie
as closely as possible the documents that wouliddrgd in
a real-world setting of the task, and have a sigffity large
sample so as to be representative of the domaso, Ahe
particular queries used should be carefully setedie
represent a diverse and wide range of possiblecases,
while being reasonable for the document colleciivruse
[54][12]. Moreover, some queries are more helptuhnt
others to differentiate between systems [25][38].

3.3 Convergent Validity

Convergent validity evaluates the extent to whluh rtesults
of an experiment agree with other results, thecaktor
experimental, they should be related with. For exlamthe
results of a study measuring the mathematical sskalf
students should be correlated with other studieshstract
thinking. Thus, an experiment acquires convergetidity

by careful examination and confirmation of the tielaship
between its results and others supposedly related.
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Ground truth data is a much debated part of IRuatain
because of the subjectivity in the very conceptetévance.
Several studies show that documents are judgedréiffly
by different people in terms of their relevance some
specific information need, even by the same peapler
time. As such, the validity of IRE experiments cha
questioned because different results are obtaiepérniling
on the people that make the relevance judgmeniger&e
studies have shown that absolute figures do indbadge,
but the relative differences between systems ssdificfor
the most part [51]. For very large-scale experirm¢hbugh,
these differences can have a large impact on thdtsq13].

Effectiveness measures are usually categorized
precision- or recall-oriented. Therefore, it is egfed for
precision-oriented measures to yield effectivensssres
correlated with other precision-oriented measurasd
likewise with recall-oriented ones. However, thized not
always happen [39][31], and some measures are [efter
correlated with others than with themselves [5Videncing
predictability problems. In general, all these meas
should be correlated with user satisfaction in gheicular

task [42], so alternatives such as rank-based messu

different forms of ground truth data [4] or releean
discount functions [29] are usually considered.

3.4 Criterion Validity

Criterion validity evaluates the extent to whicle tlesults of
an experiment are correlated with those of othpegrments
already known to be valid. For example, a studgualuate
if a new product would have as good sales as arooé
would lack criterion validity if subjects were justsked
whether they like the new one, instead of whethey tike
it even more: the context changed in the seconed. dawus,

an experiment acquires criterion validity by catefu

examination and confirmation of the correlationvien its
results and others previously established.

As real-world systems need to manage more and motg,

amounts of information, modern IR evaluation stadiave

focused on practical large-scale methodologies, nipai

through a technique called pooling [8]. This pesntite use
of large collections while requiring somewhat raeadule
effort in relevance judging by assuming that docotmeot
retrieved by any system are indeed not relevanteMecent
studies analyze the use of non-experts for relevgumging

[3], crowdsourcing platforms such as Amazon Mectalni

Turk [1][17], requiring fewer judgments to give amtimate
of the absolute effectiveness scores of the sys[g8j0],

selecting what judgments better tell the differebetween
systems [10][11], or even using no relevance judgmat
all [44]. All these improvements allow for an inase on
content validity as the effort per query diminishdhe
results of all these methodologies are usually @eyg with
the results of traditional ones, in terms of cidervalidity,

to see whether they are really viable or not. Thawvhether
the results they produce not only require lessreffut also
agree with those of previous, accepted methodddogie

3.5Internal Validity

Internal validity evaluates the extent to which the
conclusions of an experiment can be rigorously dréam
the experimental design followed, and not from ofaetors
unaccounted for. For example, a study on the ubalof
two word processors would not have internal vafidfithe
subjects were already familiar with one of the pms.
Thus, an experiment acquires internal validity aredul
identification and control of possible confoundivaiables
and selection of experimental designs.

In IR evaluation, observed differences betweenesyst
could be the result of the particular people that tHe
#8levance judgments, as their personal notion lefvamce
could be more beneficial for some systems tharmothers
[13], let alone if the ground truth data has indstesicies.
Likewise, if a pooling method were used, systemsemo
alike would reinforce each other, while a systenthwa
novel technology would not be able to contributet tnuch
to the pool: it is more likely for the former systs to have
more of their documents included in the pool thanthe
latter [62]. In general, the non-relevancy assuamptffects
both the measures [40] and the overall results [9].

The particular queries used could also be unfagoihe
systems were not able to fully exploit their chaesstics.
This is of major importance for machine learningk&
where systems are first tuned with a training @biden: if
the query characteristics were very different betwéehe
training and evaluation collections, systems colild
misguided. On the other hand, if the same collestiwere
used from year to year, an increase in performanocéd be
just due to overfitting and not to a real improvemgs4].
Also, some evaluation measures could be unfairotmes
systems if accounting for information they cannavide.

3.6 External Validity

External validity evaluates the extent to which tasults of
experiment can be generalized to other popuktind
experimental settings. For example, a study oreffests of
some cancer treatment would not have external itsalifi
most patients in the sample were teenage maléswasld
not be clear what the effect of the drug is in,, salger
women. Thus, and experiment acquires external itAalixy
careful experimental design and justification ofmgéing
and selection methods.

This is probably the weakest point of IR evaluatjb4].
As mentioned, it is very important that the docutnen
collection and query set is representative of tlenain
being studied. On the other hand, having largeectins
means that the completeness of the ground truth is
compromised: it is just not feasible to judge evqoery-
document pair [8][62]. As mentioned, the usual Bofuis
to pool the firstk results of the participating systems and
judge only those, assuming that all others areralevant.
This is an obvious problem because the very tdiation
(documents, queries and ground truth), which igsimwn a
product of the experiment, might not be reusable fo
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subsequent evaluations of new systems [14][15]. The 4.CHALLENGES IN MUSIC IR EVALUATION

validity of the latter experiments could be compised.

Research in IR follows a cycle that ultimately ledad the

Likewise, it is not justified to compare two SYS®M qayejopment of better systems. First, in the Dewelent

evaluated with different test collections, becatfseresults
in each case are very dependent on the queryetetance
judgments, measures, etc. [6][54]. Indeed, it isvim that

phase researchers build a system for a particagk;, aind to
assess how good it is, there is an Evaluation pli@see the
experiments are finished, researchers then enpdraae of

different systems can perform very differently when ierpretation of the results, which leads to a sghaf

evaluated with different collections, especiallynifachine
learning techniques are involved. This highliglms tack of
external validity in IRE experiments, and the intpace of
always interpreting the results in terms of paieviystem
comparisons rather than absolute performance fig[54].

That is, comparisons across collections and claibwut the
state of the art based on a single collectionpatgustified.

Nonetheless, very rough comparisons between twiersgs
across collections could be made if reporting #sults of
well-established baseline systems for those cadiestand
their relative difference with the systems of ietr[2].

3.7 Conclusion Validity

Conclusion validity evaluates the extent to whidie t
conclusions drawn from the results of an experinmemneat
justified. For example, a study might claim thabple has
better access to the Internet in China than in th8.
because there are more users connected, whentirthfac
percentage of people connected, over the totallptipn, is
much less. Thus, an experiment acquires conteitityaby
careful selection of the measuring instruments amel
statistical methods used to draw de grand conaissio

Learning why the system worked well or bad and unde
what circumstances. Finally, with the new knowledge
gained researchers get into an Improvement phatsg &md
make their system better, going back over to thallation
phase. Unfortunately, current evaluation practiceSlusic

IR seem to fall short in this cycle.

Development. The task intent and its underlying user
model are sometimes unclear or its real-world @ppiiity
uncertain. For instance, is it realistic that whihe queries
to the Query by Humming task are in audio formag t
document collection is in symbolic form? Or, in the
similarity tasks, is it realistic that the queriase actual
items contained in the collection? Likewise, aresg@ond
clips realistic for all tasks?

Evaluation. Several tasks, such as Audio Chord Detection
or Symbolic Melodic Similarity, use document cotlens
either too small or biased toward some genre oe feriod
[46][48], which jeopardizes the validity of the ulis.
Moreover, the lack of standardized and public @bitas
results in research groups using their personaatay, often
undescribed and rarely analyzed collections, which

Two important characteristics of the effectivenesdrecludes other researchers to compare systemalidate

measures used in IR Evaluation are their stabidibd
sensitivity. The results should be stable undefediht
conditions, such as relevance judgments made ligrelift
people or different sets of queries, so the residtaot vary
significantly and alter the conclusions as to whgétems
are better [7]. Also, they are desired to discratgnbetween
systems if they actually perform differently [55J[I3 and to
do so with the minimum effort [41]. Likewise, theyre
desired to not discriminate between systems thataldg

perform very similarly. Note that these performanc

differences must be considered always in the comteihe
task and its underlying user model.

and replicate results, hindering the overall depeient of

the field and often leading to wrong conclusiomsthis line,

the lack of standard evaluation software thatedearchers

can use, thus minimizing the likelihood of bugs and

incorrect results, should be addressed too, edjewiith

new or undocumented measures specific of Music IR.
Interpretation. Some effectiveness measurers, such as

Normalized Recall at Group Boundaries, are usethowit

description, references or source code, making them

dmpossible to interpret or use in private evaluzgioAlso,

widely-accepted baseline systems are very rarelydied in
evaluations, and when they are, they use to beecimghted

Given a set of systems and the scores they obtdared &S random systems, having no useful value as a loswend

different queries according to some measure, they a

usually compared in terms of their mean effectiwsrecore.
Not until recently, statistical methods have
systematically employed and analyzed to compareesys
by their score distribution rather than just theiean score
[43][58]. At this point, it is very important to ferpret

correctly the results and understand the very &sok
hypothesis testing; and most importantly, distisgui
between statistical and practical significance:neifeone

system is found to be significantly better thanthap one,
the difference might be extremely small to be restidy

users. In fact, the tiniest practical differencdl wirn out

statistically significant with a sufficient numbef queries.

to which compare new systems. Another point thatdee
discussion is the set of statistical proceduresi,use the

beerjack thereof. Given the small-scale evaluations aligu

carried out in the Music IR field, it is imperativinat
statistical significance procedures be used, arndiody that
the ones used are thoroughly selected and analyeed,
wrong conclusions can easily be drawn from incdrrec
procedures or incorrect interpretation [50].

Learning. When the results of an evaluation experiment
are calculated and interpreted, the next step wbeldo
figure out what happened and for what reasonstiiare is
a great problem here: most of the times the rawicals
material is not available to experimenters, thei@ogueries
used are unknown, and not even their charactevistie
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published. Researchers cannot analyze the evatuasults
and improve their systems: if they had very badltssor
some queries, there is no way of knowing why. Thag
only use their private collections over and ovemiag
ultimately leading to overfitting and misleadinguds.

IMIRSEL finally stops receiving funds [24], and fitams
like MIREX-DIY under NEMA [61] would still not periha
full execution of the IR cycle.

Organization. The current organization of MIREX rests
heavily on the IMIRSEL team, who plan, schedule anda

Improvement. There is another reason why researchergood number of tasks each year. We proposé“atigr

are forced to use their private collections allngtocurrent
test collections put together in collective evalatforums
are hardly reusable. As seen, the incompletenegsooind
truth data depends largely on the number of pastaig
systems, and with the current low participatiorelea new
system would be highly penalized with the collectas is.
The reusability is of course null if these data evewt
publicly available, as happens with some tasks.sésh,
researchers have no option but to blindly improkeirt
systems and wait for another evaluation round, withway
of comparing cross-edition results due to the laicttata.

5. OPPORTUNITIES IN MUSIC IR EVALUATION

Although not easily,
evaluation practices in Music IR can be overcanm thiis
end, we list several proposals to ease the waygffirthe IR
research and development cycle.

organization below, for each particular task, agddading
third-party researchers. These organizers woult wi¢a all
the logistics, planning, evaluation, troubleshogptend so
on, diminishing the workload of IMIRSEL, which walact
as a sort of steering meta-organization tier priogdhe
necessary resources and general planning. THie ilotmat
successfully adopted by major Text IR forums likREIC or
CLEF, which has helped in smoothing the process and
developing tasks to push the state of the artdh edition.
Soecific  Methodologies. Both new methodologies
[46][48][27][22] and effectiveness measures [47yddeen
proposed for Music IR tasks, needing meta-evalnatio
studies in the near future to keep improving thal@ations.

these shortcomings of currenSome work has studied the reduction of effort ndette

evaluate through the use of crowdsourcing platforms
[49][33], and further studies should follow thi:di given
the usual restrictions the Music IR field has aavailability

Collections. The document collections need to be largeof resources. Another line is the study of humaerat$ on

move beyond the handful of songs currently beinedus
several tasks; and try to include heterogeneougrahin
terms of genre, time period, artist, etc. This & hard to
achieve, but when making such a collection opentter
researchers, copyright issues immediately arisq. [Al
possibility is to publish feature vectors and matagd such
as in the recent Million Song Dataset [5], althoulgis still
poses problems if researchers wanted to study afestwre
or analyze specific items for which their systemriea
better or worse. In any case, these collectionsildhbe
standard and used throughout the community, atasgs if
possible, for a better comparison and understandinte
improvements between systems.

ground truth data and evaluation results [28].

Overview Publications. The organization proposal would
also benefit the community if by the end of eachREK
edition the organizers published an overview paper
thoroughly detailing the process followed, datasutes, and
discussion to boost the Interpretation and Learmihgses.
Such a publication would be the perfect wrap-upthe
participant-papers that describe the systems brglyra
investigate and elaborate on the results. In factny of
these participant-papers are not even drafted.

Software Standardization. It is not rare to find incorrect
evaluation results due to software bugs. With the
development and acceptance of a software package to

Raw Data. For a successful execution of the Learningevaluate systems we would gain in reliability withand

and Improvement phases, raw musical material isletke
An alternative is to use music free of copyrigtdtrietions,
such as that provided by services like Jamendo, tieit
possible biases this might introduce are subjecfudcther
research. In this line, the use of artificial metersuch as
synthesized or error-mutated queries, should hisad\37].

Evaluation Model. Having publicly accessible and

standardized collections would allow for a changethie
current execution model employed in MIREX. Researsh
could be in charge of executing their systems andyring
the runs to submit back to MIREX, relieving therorfr a
good deal of workload and bringing researchersctahi to
give their algorithms away to third parties. Thiataito-
algorithm model is used in the recent MusiCLEF foru
[32], and in fact it is the only viable way of magi to large
scale evaluations, not only in terms of data bsi @ terms
of wider participation. The current algorithm-totalanodel
is in our view unsustainable in the long run, l&ne if

between research groups, speeding up experimerds an
guiding novice researchers. Also, it would furtiserve as
documentation of the measures and processes useithef
implementation of some details is unknown or subjec
different interpretations; and it would call for eth
standardization of data formats to speed up theytike.

Baselines. The establishment of baseline systems to serve
as a lower bound on effectiveness would help iressBag
the overall progress in the field. With the stamiization of
formats, public software, public collections of ramusic
material and the supervision of task-specific oizens, the
inclusion of baselines in these experiments woulehty
benefit the execution of the IR cycle and the mesment
of the state of the art.

Commitment. In general, the current problems of Music
IR Evaluation need to be acknowledged by reseascher
Now that we have a well-established evaluation rfotike
MIREX, we need to start questioning the validity thie
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experiments, with the sole purpose of making theatieb

and more striking. Current IR experiments seemtdp st

the Evaluation phase of the IR cycle, but the ipwetses are
often ignored or impossible to engage into.

6. CONCLUSIONS

We have presented a survey of the Text IR liteeatom
studies tackling the problem of IR Evaluation expents.
From the point of view of the analysis of experinan
validity, this survey shows different aspects of

Evaluation that have been overlooked and need apeci

attention in the Music IR domain. From the pointviaw of
the IR research and development cycle a reseafchas
in Music IR, we have also shown that current euina
practices force researchers to stop early in thelecy
Evaluation experiments release good amounts of etsnb
and plots, but there is a lack of proper intergietaand
discussion due in part to the lack of public arahdardized
resources, usually leaving researchers blind tagorgtheir
systems. In this line, several proposals are madmgiage
researchers in these last phases of the cycle hvwgfiould
ultimately lead to a more rapid development offtak.

We hope this paper makes the case for MIR Met
Evaluation studies and the fact that therg actual MIR
research, playing a central role in which researckbould
engage to begin a tradition of evaluation artialelSMIR.
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