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Chapter 1

Intro duction

W e do not wish any so-c al le d interpr etations of our music; just play the notes; add nothing,

and take nothing away.

�A ar on Copland p ar aphr asing �mo dern � c omp ositional attitude,

Wha t to Listen f or in Music (1939)

The history of W estern classical m usic is ric h with examples that do cumen t the imp ortance

of a p erformer's skill and artistry for con v eying m usical visions: Johann Sebastian Bac h w as

famous for his feats of impro visation, not for his reconciliation of harmonic and con trapun tal

concerns. Clara Sc h umann enjo y ed greater con temp orary success than her h usband Rob ert,

as she w as the b etter p erformer of the t w o. Niccolò P aganini w as able to build a whole

career on virtuosit y alone. Ev en the sp oradic extreme coun ter-reaction to this fact (suc h

as in the ab o v e quote) only serv es to underline the relev ance of the sub ject.

1

Y et, in the

�eld of m usic information retriev al, the topic fo cusing on this particular asp ect�p erformance

analysis�has only recen tly b egun to receiv e the atten tion it therefore deserv es [ Gab03 , Wid02 ,

WDG

+
03, LG03 , Wid05, Sap07 , Sap08 ]. P art of the problem is the inadequacy of curren t

metho ds for the determination of suc h elemen tary p erformance attributes as temp o or dynamic

shaping: Automated pro cesses are to o unreliable and error-prone for widespread usage, and

most curren t p erformance analysis studies fall bac k on man ual feature annotation. In cases

where man ual annotation is not an option, another common approac h is to use sp ecial-purp ose

hardw are suc h as player pianos to transcrib e sym b olic information ab out the m usic at the time

it is pla y ed. Of course, neither of these pro cedures generalize to settings where suc h data is

not a v ailable or man ual annotation is considered to o lab or-in tensiv e.

In this thesis, w e presen t an alternativ e approac h to the extraction and pro cessing of attributes

of m usic data whic h relate to its agogical asp ects, in particular the temp o. This approac h

do es not rely on man ually generated data or sym b olic transcriptions of sp eci�c p erformances,

but instead emplo ys a general alignmen t tec hnique kno wn as dynamic time warping (DTW).

The main con tribution of this thesis lies in the dev elopmen t of metho ds to exploit the implicit

temp o information con tained in the so-called warping p ath pro duced b y the DTW tec hnique

to generate data suitable for subsequen t m usical analysis. F or this, w e mostly sta y con�ned

to the domain of piano m usic pro duced in the W estern classical p erio d. This is due to sev eral

reasons: It pro vides a large p o ol of a v ailable p erformance data (e.g. CD recordings) that lends

itself reasonably w ell to automatic pro cessing with DTW; it is not restricted to m usically

1

In the con text of the quote, Copland disagrees with the expressed sen timen t (calling it a �nonrealistic attitude

on the part of the comp osers�) and quic kly go es on to disp el the notion that an in terpretation-less p erformance

is at all p ossible, or ev en desirable.

1



Chapter 1 In tro duction

trivial �academic� examples but mak es use of real-w orld data; and b y emplo ying a pla y er

piano, w e w ere able to generate custom data pairs of acoustic and sym b olic represen tations of

the same piece of m usic that facilitate a prop er ev aluation of our tec hniques.

The thesis is structured delib erately in suc h a w a y that it follo ws the complete pro cess of

p erformance analysis c hronologically: Beginning at feature design and extraction, going o v er

the pro cessing steps necessary to compute more complex data, and �nally closing with the

m usical analysis and ev aluation of this data. The main fo cus and con tribution of the w ork lies

in the middle part of this pro cess. Sp eci�cally , w e explore sev eral tec hniques for the automatic

computation of temp o parameters from a piece of m usic. These can b e visualized in the form

of a temp o curve that plots the temp o of the piece for eac h p oin t in time, as e.g. in Figure 1.1 .

The depicted curv e sho ws the temp o for an excerpt from Sc h ub ert's �Win terreise� as computed

b y the approac h presen ted in this w ork; one can clearly see the artistic shaping of the t w o

phrases, in particular a slo w-do wn at eac h phrase ending. Note that temp o here refers to a

highly lo calized view of the piece where w e ma y ev en compute the temp o of individual notes,

unlik e e.g. with b eat trac k ers that only estimate an a v erage o v erall temp o of a piece.
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Figure 1.1: F ranz Sc h ub ert: Win terreise D911, �Der Linden baum� (Excerpt)

The detailed organization of the thesis is as follo ws:

Chapter 2 in tro duces basic terminology and a set of features and metho ds to extract these

features from di�eren t m usic represen tations. It also presen ts the DTW alignmen t pro ce-

dure and explains ho w the features form the basis of the alignmen t that is gained b y this

pro cedure.

Chapter 3 con tains some though ts on temp o and temp o measuremen t principles and sho ws

ho w the w arping path computed b y the DTW tec hnique ma y serv e as the de�ning c harac-

teristic of suc h attributes of a m usical piece. Three tec hniques are discussed that attempt to

compute temp o data on the basis of the w arping path using di�eren t approac hes.

2



Chapter 4 giv es t w o ev aluations of the tec hniques presen ted in the third c hapter: The �rst

fo cuses on a quan titativ e data analysis for an ob jectiv e p erformance measure, the second

illustrates the kind of results that can b e obtained from applying these tec hniques b y discussing

some temp o curv es generated for selected m usical examples.

Chapter 5 has an o v erview of sev eral related w orks that use temp o curv e information (or

similar data) for further analysis steps. These w orks can b e classi�ed roughly according to

t w o main goals: One group fo cuses on commonalities of di�eren t p erformances, the other is

concerned with their resp ectiv e di�erences.

Chapter 6 concludes the thesis b y giving a summary of what has b een ac hiev ed, and iden ti�es

some opp ortunities for further researc h based on the results obtained in this w ork.

3





Chapter 2

Music Synchronization

In fact the kind of music [Havelo ck V etinari] r e al ly like d was the kind that never got playe d.

It ruine d music, in his opinion, to torment it by involving it on drie d skins [...] and lumps

of metal hammer e d into wir es and tub es. It ought to stay written down, on the p age, in

r ows of little dots and cr otchets, al l ne atly c aught b etwe en lines. Only ther e was it pur e.

�T erry Pr atchett, Soul Music (1994)

This c hapter la ys the foundation for the subsequen t discussion concerning the main con tribu-

tion of this thesis. F ollo wing a short o v erview of the p ossible forms of m usic represen tation

relev an t for this w ork, w e in tro duce a n um b er of descriptors of suc h m usic represen tations

called fe atur es whic h capture essen tial attributes of the data while discarding irrelev an t (or

represen tation-sp eci�c) information. W e also demonstrate ho w these features are generated

from the data a v ailable, and ho w they are pro cessed afterw ards. The presen tation order of the

features is c hronological in that the feature pro duced from a particular pro cessing step forms

the input for the next step (see Fig. 2.5 for an o v erview of the complete pro cessing pip eline).

After the feature pro cessing pip eline has b een sho wn in full, w e explain ho w to mak e use of

the computed features b y including them in an alignmen t pro cedure kno wn as dynamic time

warping . This pro cedure is presen ted in a general fashion �rst, then an examination of ho w

it is accommo dated for the sp eci�c needs of music synchr onization follo ws in a second step.

Music sync hronization here refers to the pro cess of �nding the seman tic correlations b et w een

t w o di�eren t in terpretations of the same m usical piece.

The most imp ortan t concept in tro duced in this c hapter is the warping p ath , whic h app ears in

the discussion of dynamic time w arping. It will b e used as the basis for all computations in

the follo wing c hapters, in particular with regard to the temp o curv es in tro duced in Chapter 3.

The w arping path stores all correlation information gained in the sync hronization pro cess.

2.1 Music Rep resentations

The �rst step in understanding ho w to pro cess m usic in an automated manner is to get a

clear view on the di�eren t formats in whic h m usic ma y b e represen ted.

2

In this w ork, w e will

fo cus on three di�eren t represen tations. Eac h of these has its individual strong p oin ts, whic h

in turn necessitate individual pro cessing approac hes. They can b e classi�ed according to the

relativ e degree of abstractness b y whic h the m usic they em b o dy is represen ted:

2

This c hapter mostly follo ws [ Mül07 ] in the presen tation of the di�eren t formats, features and algorithms.

5



Chapter 2 Music Sync hronization
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Figure 2.1: Ludwig v an Beetho v en: Sonata P athétique, b eginning of the �rst mo v emen t ( P athBeg )

Sco re rep resentation. The most �purely� sym b olic represen tation among the three can b e

regarded as a sort of reference or gr ound truth against whic h more concrete realizations

of the same piece ma y b e measured in order to gain information ab out sp eci�cs of a

particular p erformance.

MIDI rep resentation. A kind of h ybrid that (more or less successfully) attempts to incorp o-

rate b oth abstract information ab out a piece and concrete information ab out a sp eci�c

realization of the piece, while still remaining on a sym b olic lev el.

Audio rep resentation. The audio represen tation fa v ors concrete information o v er sym b olic

data, opting to capture a data set that allo ws nearly p erfect reconstruction of a sp e-

ci�c in terpretation of a piece while completely ignoring seman tic correlations of that

in terpretation to sym b olic represen tations of the same piece. This enables extraction

of v ery n uanced in terpretational features, but mak es it di�cult to giv e a seman tically

meaningful analysis of the data.

While the MIDI represen tation of m usic data exists b y its nature only in a digital format,

b oth of the other represen tations ha v e analog origins. Since w e are mainly in terested in

automated m usic pro cessing, w e will brie�y discuss ho w to con v ert �real-w orld� score sheets

and ph ysical audio data in to their digital coun terparts. F ollo wing this, w e will assume that

our represen tations o ccur as digital v ersions only (unless explicitly stated otherwise). This

discussion will tak e place as w e lo ok at the details and idiosyncrasies of eac h represen tation

in turn.

2.1.1 Sco re Rep resentation

A music al sc or e (in analog con texts also referred to as she et music ) con tains a formalized

description of a particular piece of m usic. In its t ypical non-digitized form, it consists of

graphical and textual information on note pitc hes and lengths as w ell as meta-information

ab out loudness, temp o and other m usical attributes of individual notes or sections of the

piece. This information is organized according to p erio dic structural divisions, so that eac h

group of notes of a certain o v erall length is con tained in a b ar (or me asur e ). As an example,

Figure 2.1 depicts the �rst bar of the �rst mo v emen t of Beetho v en's Sonata P athétique. The

same excerpt will b e used to illustrate the other concepts in tro duced in this c hapter wherev er

p ossible. It will b e referred to as P athBeg , for �P athétique b eginning�. W e also in tro duce

P athExp as a shorthand for the complete exp osition of this piece (measures 1�132).

6



2.1 Music Represen tations

The score ma y prescrib e the o v erall temp o of a piece in an absolute measure of b e ats p er minute ,

but is not required to do so. In fact, comp osers commonly resort to relativ e temp o markings

lik e A ndante , Pr esto or L ento instead, since this allo ws them to accoun t for the p erformer's

artistic freedom in the in terpretation of the piece. T erms lik e those men tioned denote lo osely

de�ned temp o ranges that dep end on a p erformer's m usical in tuition and exp erience to c ho ose

a sp eci�c temp o for an actual realization of the piece. This dep endency is true for other

m usical attributes as w ell, e.g. lo cal temp o, dynamics, articulation and all agogical asp ects

(lik e use of R ub ato ). Hence, most of these attributes m ust either b e notated in relativ e terms

or ev en left implicit. Dynamics (instructions p ertaining to loudness) are alw a ys notated in

relativ e terms suc h as mezzoforte or pianissimo , and ev en explicit articulation instructions

lik e stac c ato will require artistic in terpretation for a concrete p erformance.

The high abstractness degree of score data as compared to the other t w o represen tations

accoun ts for b oth the main adv an tage and the main disadv an tage of this represen tation. Ex-

tracting m usically meaningful information from a digitized score sheet ma y b e nearly trivial

(suc h as with pitc h and onset information for sp eci�c notes), or at least feasible (e.g. searc hing

for and lo cating recurring motivic ideas inside a particular score), whic h is t ypically not the

case for the other represen tations. On the other hand, the score w as nev er mean t to b e able

to represen t in terpretation-sp eci�c information, but rather to indicate to the p erformer ho w

an in terpretation should �sound�. While this is of course p erfectly legitimate, not b eing able

to accoun t for concrete p erformance data nev ertheless disquali�es this represen tation from

b eing used as a basis for p erformance analysis tasks lik e the computation of complex timing

information of an in terpretation.

Con v erting an analog represen tation of a score in to its digital v ersion is not a trivial feat. W e

will refrain from dealing with this issue here (see e.g. [Mül07] for a more complete discussion),

but simply explain ho w the digital v ersion migh t b e represen ted. The underlying assumption

is that the score ma y alw a ys b e digitized man ually , if ev erything else fails.

The most trivial digital represen tation of a score sheet is the graphical equiv alen t of the

analog v ersion in the form of some bitmap image format�in this case, nothing is gained b y

the digitization pro cess, since the graphical represen tation is not w ell-suited for automatic

pro cessing. What is needed instead is a seman tically meaningful sym b olic represen tation

of the score. One suc h represen tation format is de�ned b y the MusicXML standard [Rec09 ]

whic h (as the name suggests) is a Do cumen t T yp e De�nition for XML do cumen ts that con tain

m usical data. XML do cumen ts prepared according to this de�nition can easily b e con v erted

to a plethora of other formats and represen tations, including a graphical score sheet rendition,

MIDI output and proprietary formats for commercial scorewriters suc h as Sib elius or Finale �

ev en more esoteric output targets lik e e.g. Br ail le Music are easily ac hiev ed. While widespread

adoption of this standard has b een relativ ely slo w, a clearly sup erior or more p opular format

de�nition has not y et emerged.

Note that ev en the minimal example giv en in Figure 2.2 (whic h pro duces a sta� con taining

one whole note, an a

0
) is quite v erb ose. The reason for this is that MusicXML aims to store

seman tic information ab out the m usic as w ell as the la y out information necessary to pro duce

an æsthetically pleasing graphical output. Other formats fo cus on more sp eci�c goals, e.g.

LilyP ond [Lil09 ] o�ers go o d score la y outing capabilities, while Humdrum [Hum09] seems more

concerned with pro viding a data format that is w ell-suited for m usical p ost-pro cessing.

7
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<?xml version="1.0" encoding="UTF-8 "? >

<!DOCTYPE score-partwise PUBLIC "-//Recordare//DT D MusicXML 2.0 Partwise//EN"

"http://www.music xm l.o rg /d tds /p ar twi se .d td" >

<score-partwise>

<part-list>

<score-part id="P1">

<part-name>MusicX ML Example</part-na me >

</score-part>

</part-list>

<part id="P1">

<measure number="1">

<attributes>

<divisions>1</d iv isi on s>

<key>

<fifths>0</fift hs>

</key>

<time>

<beats>4</beats >

<beat-type>4</b eat -t yp e>

</time>

<clef>

<sign>G</sign>

<line>2</line>

</clef>

</attributes>

<note>

<pitch>

<step>A</step>

<octave>4</octa ve>

</pitch>

<duration>4</du ra tio n>

<type>whole</ty pe >

</note>

</measure>

</part>

</score-partwise >

Figure 2.2: MusicXML example co de

2.1.2 MIDI Rep resentation

Music al Instrument Digital Interfac e , MIDI for short, w as created as a proto col for the ex-

c hange of m usical information b et w een electronic instrumen ts. It de�nes a large v ariet y of

messages, starting with basics suc h as describing notes in terms of their pitc h and onset/release

times with regard to a global time stream, and going further to include meta information and

con trol messages suc h as �Distort pitc h b y a sp eci�c factor�. Since its conception in 1981,

it has b ecome the de facto standard used (or at least supp orted) b y almost an y application

(including hardw are) that deals with the transmission or pro cessing of sym b olic m usic data.

F or automated m usic pro cessing, it is useful to gather the proto col messages whic h mak e up

8



2.1 Music Represen tations

a single piece of m usic in to one �le, whic h can then b e distributed or mo di�ed. The MIDI

standard pro vides for this with the SMF ( Standar d MIDI File ) �le format. In the follo wing,

when w e refer to the MIDI represen tation of a piece, w e will usually mean the resp ectiv e

SMF.

One ma jor shortcoming of MIDI in comparison to an audio stream is its lac k of supp ort

for the represen tation of tim bral attributes of a sound. On the other hand, the kind of

information whic h is supp orted is highly useful for a large v ariet y of p erformance analysis

tasks. Of particular imp ortance for this con text are t w o commands: note-on and note-o� ,

whic h together serv e to de�ne the relativ e length of a note, as w ell as its p osition in the global

time stream. This time stream is de�ned in terms of ticks or clo ck pulses , whic h are sen t out

p erio dically during the duration of the piece. The MIDI proto col is designed in suc h a w a y

that these tic ks measure m usical time units instead of absolute time units suc h as seconds:

Note lengths are de�ned in terms of the n um b er of clo c k tic ks passed. The resp ectiv e unit of

measuremen t is called pulses p er quarter note (PPQN), and the PPQN for a single piece is

sp eci�ed b y the user in the MIDI �le header. T emp o of a piece is then con trolled b y c hanging

the clo c k pulse frequency . Hence, the absolute length of a time in terv al can b e determined

b y examining PPQN and tic k frequency for that segmen t. T ypical PPQN v alues are 480 and

960; in general, is is giv en b y 24� 2n
and 30� 2n

for n 2 f 2; :::; 6g.

Figure 2.3: P athBeg , MIDI piano roll represen tation. Reference data generated from the score is

sho wn in red, a sp eci�c in terpretation of the piece is o v erla y ed in blue.

As w e ha v e just seen, the onset/o�set times of a note in MIDI represen tation is explicit and v ery

sp eci�c in its nature. This allo ws a v ery n uanced enco ding of temp o c hanges in the p erformance

of a piece, as opp osed to sheet m usic represen tations where suc h subtleties are mostly lost in

the notation. The di�erence can b e seen in the so-called piano r ol l represen tation, whic h

is often emplo y ed for the visualization of MIDI data (Fig. 2.3): Eac h column represen ts

a discrete m usical time in terv al, usually divided at least on the b eat lev el.

3

Pitc hes are

distributed v ertically , suc h that eac h ro w corresp onds to a semitone step on the t w elv e-tone

equal temp ered scale. Notes are displa y ed as horizon tal bars in this structure. The example

sho ws t w o di�eren t v ersions of the b eginning of Beetho v en's P athétique�in red, a �ground-

truth� v ersion generated as a straigh tforw ard translation of the score represen tation of the

same segmen t in to MIDI data, and sup erimp osed in blue, a real-life in terpretation of the

same segmen t. W e can plainly see the discrepancy b et w een the di�eren t v ersions, and it is

in fact exactly this di�erence whic h will b e used in later c hapters of this thesis to w ork out

3

In tuitiv ely , the b e at of a piece of m usic corresp onds to the p oin ts in time where a listener migh t tap his fo ot

to k eep in rh ythm with the m usic. F or details, see Section 3.1.1 .
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Chapter 2 Music Sync hronization

the artistic idiosyncrasies of a sp eci�c in terpretation with regard to temp o/timing attributes.

F rom the example it is also apparen t that the heigh tened sp eci�cit y of MIDI comes with a

loss in seman tic expressiv eness: Note timings no longer ha v e m usical connotations (e.g. ��rst

note of a new measure�), but �oat �freely� in the global time stream.

4

The other main attribute dimension (b esides timing) w e ma y b e in terested in concerns the

dynamics of the piece. MIDI do es not ha v e a direct w a y of enco ding loudness, in the same

w a y it do es not feature a metho d of represen ting the tim bre of a sound. Instead, it pro vides a

command for sp ecifying the velo city of a note, whic h corresp onds to the in tensit y with whic h

the note should b e �pla y ed� (i.e., syn thesized) b y the output device. MIDI reserv es sev en bits

for this information, so 128 di�eren t v elo cit y v alues can b e represen ted. This information is

not displa y ed in the piano roll represen tation of MIDI data.

2.1.3 Audio Rep resentation

The audio (or waveform ) represen tation of m usic data is the most concrete of the three formats

presen ted here, it con tains no abstract m usical information at all. The name �w a v eform� is

deriv ed from the graphical represen tation of suc h a signal, where pressure c hanges in a carrier

medium (usually air) are plotted o v er time (Fig. 2.4 sho ws an in terpretation of the b eginning

of the Sonata P athétique). F or a pur e tone , this plot will yield a sin usoidal oscillation around

the zero reference (whic h is just the pressure of the carrier medium in an unexcited state).

The maxim um distance b et w een reference and w a v eform in this con text is called the amplitude

a of the signal, while the time di�erence b et w een t w o consecutiv e rep etitions of an oscillation

is called the p erio d T . The fr e quency f of the signal is de�ned as the in v erse of the p erio d,

f = 1
T . When w e talk ab out the pitch of a sound, w e usually refer to the acoustic prop ert y of

this sound that corresp onds to this frequency .

0 1 2 3 4 5 6 7 8

-0.5
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0
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0.2

0.3

0.4

0.5

Figure 2.4: P athBeg , w a v eform represen tation, time in seconds

4

Pitc hes cease to carry m usical information ab out the k ey in whic h the piece is notated as w ell: G [ and F ] for

example are b oth represen ted as MIDI pitc h 42. This is legitimated b y the concept of enharmonic equiv alence

in the equal temp ered scale (see e.g. [Mic08 ], p. 85).
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2.2 Pitc h- and Chroma-Based Audio F eatures

In the analog case, all of these parameters are measured con tin uously . Ho w ev er, for a dig-

ital con text one m ust de�ne a suitable quan tization sc heme when discretizing the data. In

this w ork, w e follo w the Pulse Co de Mo dulation (PCM) sc heme laid out in the �Red Bo ok�

standard de�ned for CDD A ( Comp act Disc Digital A udio ), the most p opular format in use

to da y . CDD A uses a sampling rate of 44.1 kHz (i.e. 44,100 samples p er second are tak en) at

a resolution of 16 bit�hence, it is p ossible to distinguish 65,536 di�eren t �pressure p oin ts�

corresp onding to the relativ e oscillation of the w a v eform. This is su�cien tly detailed for the

a v erage h uman listener not to notice an y di�erences to an actual p erformance of the dis-

cretized data (although sev eral alternativ e sc hemes with di�eren t sample and bit rates ha v e

b een prop osed, e.g. Dir e ct Str e am Digital for the Sup er A udio CD or PCM at 96 kHz/24 bit

for D VD-A udio ).

F or the purp oses of p erformance analysis, the audio represen tation o�ers an in teresting mix

of prop erties: On one hand, the sheer quan tit y of in terpretations only a v ailable in a w a v eform

represen tation (e.g. as a CD recording) is a con vincing argumen t already to mak e this a

primary analysis target. On the other hand, the complete lac k of sym b olic information in this

format p oses serious problems when trying to extract m usically meaningful data. Unsolv ed

problems in the domain of music information r etrieval from audio data (MIR) include the

determination of the fundamental fr e quency of a sound,

5

automatic separation of di�eren t

instrumen ts or v oices in a p olyphonic con text (the so-called sour c e sep ar ation problem) and

alignmen t of the recording to a score sheet, although progress has b een made to v arying

degrees in either of these topics. The alignment or synchr onization problem is of particular

in terest, since its solution o�ers a w a y out of this con undrum: Aligning w a v eform and score

sheet w ould com bine concrete and sym b olic information ab out the data in one meta-format

that w ould lend itself to a great v ariet y of analysis tasks. Section 2.4 in tro duces one p ossible

approac h for tac kling this problem.

2.2 Pitch- and Chroma-Based Audio F eatures

As w e ha v e learned in the preceding section, the represen tations of m usic data w e are in terested

in ha v e v astly di�eren t attributes, making direct comparisons b et w een them imp ossible. Y et

ev en if the represen tation is the same for t w o in terpretations of a piece, direct comparisons will

often yield unsatisfactory results if they op erate on a purely �syn tactical� lev el (e.g., bit-lev el

comparison of the w a v eforms). Instead, it w ould b e desirable to ha v e an o v erarc hing concept

of similarit y (i.e., a similarity metric ) that has a seman tic meaning. Suc h a concept should

abstract from the format of the data, suc h that it can b e used to compare t w o pieces of m usic

regardless of ho w they are represen ted.

In trying to de�ne a similarit y metric, one has to k eep in mind sev eral asp ects that need

to b e reconciled with eac h other in order for the metric to b e useful. F or example, melo dic

similarit y w ould b e a m usically meaningful metric, but in a p olyphonic con text requires strong

assumptions in order to solv e the prerequisite sour c e sep ar ation problem (cf. [Bur08 ]). Hence,

the metric should b e computationally feasible. It is also imp ortan t to k eep in mind robustness

5

A sound is t ypically made up b y a series of overtones (or harmonics ) that gran t it a unique texture or tone

color. By de�nition, the fundamen tal frequency corresp onds to the �rst of these o v ertones.

11



Chapter 2 Music Sync hronization

of the metric, so that it do es not break ev en in the face of di�eren tly orc hestrated in terpre-

tations of the same piece (e.g. Liszt's piano arrangemen t of Beetho v en's Fifth Symphon y vs.

the original setting), or when the t w o p erformances use di�eren t instrumen t tunings (whic h is

usually the case for so-called historic al ly informe d or authentic p erformances

6

). One metric

that ful�lls the requiremen ts of robustness, computabilit y and, ab o v e all, has a straigh tforw ard

m usical in terpretation has b een prop osed b y Müller in [Mül07 ]. The idea is to determine the

harmonic similarity of t w o pieces, but since this is not an explicit attribute of a piece in an y

represen tation, it in tro duces a n um b er of features that appro ximate said measuremen t. W e

will brie�y presen t these features in the con text of w a v eform analysis b efore discussing ho w

they are used to pro vide a m usically meaningful metric to a m usic sync hronization algorithm

in Section 2.4 . Figure 2.5 pro vides a rough o v erview of the audio feature extraction pro cess

w e will tra v erse in the course of this discussion.

Figure 2.5: An o v erview of the feature extraction pip eline

2.2.1 Pitch F eatures

The �rst step in the feature extraction pip eline deals with the decomp osition of the audio signal

in to groups of frequency comp onen ts, whic h are determined according to their asso ciation to

pitc hes of the standardized equal temp ered scale. Since this scale is designed primarily with

regard to h uman p erception of sound, it tak es in to accoun t the w ell-kno wn logarithmic nature

of this p erception. This nature is rev ealed in the fact that for an y pitc h s with frequency f ,

the pitc h with frequency 2n� 1 � f will b e p erceiv ed as b eing n times higher than s (e.g. A6

at 1760 Hz is p erceiv ed as b eing three times higher than A4 at 440 Hz). The in terv al b et w een

t w o consecutiv e suc h pitc hes is called an o ctave ,

7

and it is clear that o cta v es (and indeed

an y m usical in terv al b et w een t w o notes) span di�eren t frequency ranges, dep ending on the

resp ectiv e base frequency . An y �m usical� frequency grouping m ust necessarily tak e this in to

accoun t. In our case, this is handled b y an adaptiv e windo w size in the grouping of frequency

ranges to sp eci�c pitc hes�as the absolute frequency decreases, so do es the size of the resp ectiv e

windo w that determines if a sp eci�c frequency still b elongs to an individual pitc h.

8

On the

tec hnical side, this is implemen ted b y an arra y of bandpass �lters of v arying size and sample

6

Also called p erio d p erformanc es , these use a standard pitc h of a

0
= 415 Hz for early m usic instead of the

mo dern standard of a

0
= 440 Hz, corresp onding to a lo w ering b y one semitone.

7

The name �o cta v e� is deriv ed from the range of eigh t notes whic h are con tained in this m usical in terv al on

the diatonic scale (coun ting b oth ends). There is another in teresting phenomenon concerning the p erception

of sound called o ctave e quivalenc e whic h w e will encoun ter in Section 2.2.3 .

8

In other w ords: Lo w pitc hes ha v e smaller windo ws than high pitc hes, since there is less space b et w een t w o

lo w pitc hes than there is b et w een t w o high pitc hes.
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rate. Figure 2.6 sho ws a graphical represen tation of this where the v arying in terv al sizes for a

�xed sample rate are particularly w ell visible.

0 0.1 0.2 0.3 0.4 0.5
-60

-40

-20

0

Figure 2.6: A sample arra y of �lters with their resp ectiv e magnitude resp onses in dB (repro duced

from [ Mül07 ] b y p ermission)

Dealing with the tec hnical details in v olv ed with the concrete realization of this design w ould

stretc h the scop e of this w ork to o m uc h, so the in terested reader is referred to the original

monograph instead. In tuitiv ely , after the frequency decomp osition, one ends up with an arra y

of 88 di�eren t signals corresp onding to the con tributions of eac h of the 88 pitc hes pro duced

b y a t ypical mo dern piano.

2.2.2 Lo cal Energy (STMSP) F eatures

Decomp osing an input signal in to frequency groups corresp onding to sp eci�c pitc hes enables

us to measure the individual con tributions eac h of the pitc hes mak es to the o v erall signal.

What is not y et clear is the unit of measuremen t for these con tributions. Since w e are lo oking

for a measure closely correlated to the loudness of a certain signal, w e c ho ose lo c al ener gy as

measured b y the short-time me an-squar e p ower (STMSP) of this signal. F or a signal xn of one

sp eci�c subband n and some sampling p oin ts k tak en from a time windo w of a (small) �xed
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Figure 2.7: Selected STMSP features for P athBeg , time in seconds
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Figure 2.8: Chroma features for t w o di�eren t P athBeg v ersions, time in seconds

size, this is de�ned as

P
k jxn (k)j2 . The size of the time windo w is t ypically c hosen somewhere

in the order of a few milliseconds, the sampling rate in the order of ab out 88 Hz. The c hoice

of b oth parameters dep ends on the original sample rate of the resp ectiv e subband. They

are de�ned in suc h a w a y that individual subbands yield comparable results in the STMSP

computation. This step is p erformed m ultiple times while the time windo w is shifted across

the whole of the input signal. The result is a sequence of individual STMSP features.

The example (Fig. 2.7) sho ws a time-pitc h plot for the b eginning of Beetho v en's Sonata P athé-

tique, our running example. Note that only the most prominen t pitc hes sho w up at all�this

is due to the fact that individual pitc h con tributions are usually not signi�can t with regard to

the o v erall picture, and one has to do some more w ork to extract m usically meaningful data

from this basic feature.

2.2.3 Chroma F eatures

The next step in the extraction pip eline is concerned with a reduction of the feature space

generated b y pitc h energy extraction to a 12-dimensional space that is suitable for harmonic

p ost-pro cessing. T o understand precisely ho w this is done (and wh y it is a v alid pro cessing

step), one has to consider the p erceptual phenomenon kno wn as o ctave e quivalenc e : In h uman

hearing, an y t w o tones separated b y a distance of one (or more) o cta v e(s) are considered to

�sound� alik e, i.e. they are p erceiv ed as the same tone pla y ed in di�eren t pitc h registers (for

details see [Mic08 ], p. 21). This enables the classi�cation of pitc hes along t w o dimensions, the

�rst b eing the resp ectiv e �note color� of the pitc h as p erceiv ed b y the h uman listener (whic h is

the attribute of the sound that do es not c hange across di�eren t o cta v es), and the second b eing

an indication of the register in whic h the note is sounded. Usually , the �rst asp ect is referred

to as chr oma (Greek for �color�) and the second as tone height . As an example, consider the

pitc h A4: its c hroma is designated b y the �A�, and the resp ectiv e register or tone heigh t is

de�ned b y the n um b er 4. The en tiret y of pitc hes of a single c hroma is sometimes also called

a pitch class .
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As w e learn that eac h o cta v e of the equal temp ered scale consists of t w elv e notes corresp ond-

ing to t w elv e di�eren t c hroma, it b ecomes clear ho w the feature space reduction w orks: The

information on single pitc hes is simply collapsed across o cta v es, suc h that one ends up with

an indicator of the con tribution all notes of a sp eci�c c hroma mak e to the original signal,

irresp ectiv e of the o cta v e in whic h they are pla y ed. This is in accordance with the traditional

theory of harmon y whic h states that pitc h register is largely irrelev an t for the harmonic classi-

�cation of a single c hord. The collapsing step simply consists of adding up all individual note

con tributions (i.e., their STMSP) of the same c hroma for eac h elemen t of the STMSP feature

sequence, so the computational e�ort required for this transformation is linear in the n um b er of

these elemen ts. The transformation result, a v ector con taining a sequence of 12-dimensional

features, is called chr oma r epr esentation of the audio signal. Figure 2.8 depicts a sample

output of this step, where the names of the c hroma v ectors ha v e already b een annotated.

9

2.2.4 CENS F eatures

Conceptually , the c hroma feature already giv es a go o d appro ximation of the goal w e w ere

trying to ac hiev e with our feature design, namely extracting the harmonic c haracteristics of

a piece. T ec hnically ho w ev er, there is still some w ork left to do in order to mak e the feature

more robust and in v arian t with regard to certain data attributes that should b e discarded

when fo cusing on harmonic similarit y . This is done in the �nal phase of the feature extraction

pip eline with the computation of chr oma ener gy normalize d statistics (CENS) features.

The computation of CENS features is done in m ultiple stages and is th us b est understo o d in

terms of b eing a pip eline itself, con tained in the larger and more general feature extraction

pip eline. The CENS pro cessing steps are as follo ws:

1. Normalization. Eac h feature v ector of the c hroma represen tation is normalized to a

range in the in terv al [0; 1]. In cases of near-silence, the uniform distribution is substituted

for the actual v ector to a v oid in tro ducing statistical noise.

2. Quan tization. The normalized sectors are quan tized according to a logarithmic binning

function b : [0; 1] ! f 0; 1; 2; 3; 4g. This coarsens the resolution to mak e the measure

insensitiv e to lo cal v ariations.

3. Con v olution. The quan tized v ectors are con v olv ed with a Hann windo w of a sp eci�c

size to lessen the impact of lo cal errors in the extracted features.

4. Do wnsampling. The resulting feature sequence is do wnsampled b y a sp eci�c factor to

further coarsen the resolution.

5. Normalization. Finally , the single v ectors are again normalized with resp ect to the

Euclidean norm.

The resulting CENS features are robust enough to ignore lo cal v ariations in tim bre, articulation

and other p erformance-sp eci�c attributes, while correlating v ery strongly to the harmonic

progression of a piece (Fig. 2.9 ). They form the basis of a �globally-orien ted� alignmen t

pro cedure whic h will b e in tro duced in Section 2.4 �in this con text, globally-orien ted should

9

Note the enharmonic sp elling of E [ as D ] .
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Figure 2.9: CENS features for the t w o P athBeg v ersions sho wn in Figure 2.8 , time in seconds

b e tak en to mean that this feature is not suitable for the alignmen t of v ery subtle note-to-note

corresp ondences, since it is designed to suppress this lev el of detail. W e will see a p oten tial

source of �lo cally-orien ted� alignmen t information in the next section.

2.2.5 Onset F eatures

CENS features are one example for the extraction of useful information from STMSP data on

a particular audio stream. Another in teresting feature that the STMSP represen tation giv es

rise to is concerned with the detection of note onsets . This information is esp ecially useful

for the sync hronization (or alignmen t) of t w o audio streams on a v ery high resolution lev el,

whic h of course is essen tial for the purp oses of p erformance analysis. Onset information can b e

extracted from STMSP features of an audio stream b y applying the follo wing observ ation: F or

man y instrumen ts, sound generation is c haracterized b y a sudden increase in energy , follo w ed

b y a gradual decline (also called attack and de c ay phases of the sound). This sudden energy

increase is esp ecially pronounced in the pitc h band corresp onding to the fundamen tal frequency

of the sound (and, to a lesser exten t, in its �rst few harmonics). Hence, measuring increases in

energy in a sp eci�c pitc h band ma y giv e p oin ters to lo cations where a note corresp onding to

this pitc h is pla y ed. This measuremen t can b e p erformed comparativ ely easily b y computing

the �rst-order di�erence of consecutiv e en tries of the STMSP curv e x de�ned b y x0(n) :=
x(n) � x(n � 1); n 2 Z . This di�erence is then half wave r e cti�e d , a pro cess that essen tially

�cuts a w a y� negativ e v alues of the curv e and sets them to zero, lea ving only p ositiv e v alues

for further pro cessing. Finding p e aks (lo cal maxima) in this so-called onset signal then giv es

go o d indicators to lo cations of p oten tial note onsets.

In the case of MIDI data, note onsets can b e extracted trivially b y direct examination of the

data stream, without needing to resort to STMSP features. W e will exploit this fact later on

to arriv e at v ery precise onset measuremen ts that can b e used to facilitate analysis of a single

sp eci�c p erformance of a piece.
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2.3 Dynamic Time W arping (DTW)

2.3 Dynamic Time W a rping (DTW)

In the preceding section, w e encoun tered some features whic h allo w us to mak e m usically mean-

ingful assertions ab out a piece after their extraction. Comparing t w o feature sets extracted

from di�eren t in terpretations of the same piece allo ws us to mak e an additional observ ation:

W e can see ho w the di�eren t p erformances are in terrelated and try to �nd out the main sim-

ilarities and di�erences b et w een them. When fo cusing the comparison on a sp eci�c section

of the piece, ho w ev er, one needs to b e careful: There is no absolute timing reference that

can b e used to lo cate suc h a section in a p erformance, hence it is p ossible that one artist

arriv es at a sp eci�c section at e.g. 240 seconds in to the in terpretation, while another artist

ma y need 270 seconds to get to the same section. The pro cess of computing an asso ciation

time frame that can b e used to lo cate seman tically equiv alen t sections of t w o pieces is referred

to as alignment of the pieces. This can b e done accurately and e�cien tly using a tec hnique

called Dynamic Time W arping (DTW), whic h is w ell-kno wn and widely used. This section

presen ts this tec hnique; in the next section, a discussion follo ws on its relation to p erformance

analysis.

Stated in general terms, the ob jectiv e of DTW is to align t w o time-dep enden t sequences

X := ( x1; x2; :::; xN ) of length N 2 N and Y := ( y1; y2; :::; yM ) of length M 2 N . The con ten t

of these sequences consists of equidistan tly sampled features tak en from some �xed fe atur e

sp ac e F . T o measure the similarit y of t w o features, a lo c al c ost me asur e (or lo c al distanc e

me asur e ) c is emplo y ed, with c : F � F ! R� 0 . This distance measure should b e small

(indicating a lo w cost) when comparing t w o similar features, and high in the opp osite case.

T o obtain an optimal alignmen t, one has to compare all feature pairs. Storing the results of

these comparisons in a c ost matrix C 2 RN � M
with C(n; m) := c(xn ; ym ) , one can imagine

the optimal alignmen t as a path running from lo w er left to upp er righ t of the matrix along
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Chapter 2 Music Sync hronization

V ector Stored F eatures

X a b c1 c2 d1 d2 e f g h
Y a1 a2 b c d e f g1 g2 h1 h2 h3

T able 2.1: T w o feature v ectors with seman tically asso ciated frames group ed together

Reference V ector W arping P ath Assignmen ts

X 1 1 2 3 4 5 6 7 8 9 9 10 10 10

Y 1 2 3 4 4 5 5 6 7 8 9 10 11 12

T able 2.2: An optimal w arping path for table 2.1

the �v alley� of minimal cost (see Figure 2.10 ).

A formalization of the concept of an alignmen t yields the follo wing de�nition: A warping

p ath of length L 2 N b et w een t w o sequences X and Y of length N and M , resp ectiv ely , is a

sequence p = ( p1; :::; pL ) with pl = ( n l ; ml ) 2 [1 : N ] � [1 : M ] for l 2 [1 : L ] whic h satis�es

the follo wing conditions:

10

i) Boundary c ondition : p1 = (1 ; 1) and pL = ( N; M ) .

ii) Step size c ondition : 8 l 2 [1 : L � 1] : pl+1 � pl 2 f (1; 0); (0; 1); (1; 1)g.

In tuitiv ely , the w arping path de�nes a mapping b et w een the t w o feature sequences suc h that

features xn l and ym l corresp ond to the same seman tic unit. T able 2.2 illustrates ho w suc h a

mapping migh t lo ok lik e for t w o sequences X and Y as de�ned in table 2.1 . In this sample

case, F = f a; b; c; d; e; f; g; hg, N = 10 and M = 12 . It is easy to see from the table that the

�rst elemen t of X corresp onds to the �rst t w o elemen ts of Y , and so on. W e will sometimes

refer to the en tries of the w arping path b y their asso ciation to a sp eci�c sequence, for instance

the elemen ts n l ; l 2 [1 : L ] migh t b e referred to as � X en tries� of the w arping path. Lik ewise,

the ro w con taining suc h en tries ma y b e referred to as � X ro w� of the w arping path.

The conditions ensure that the mapping is complete in the sense that no elemen t of either

X or Y is neglected. Note that the step size condition implies monotonicit y of the sequences

n1; n2; :::; nL and m1; m2; :::; mL , a fact sometimes made explicit in a separately stated mono-

tonicity c ondition .

The total cost cp(X; Y ) of a w arping path p b et w een X and Y using cost measure c is de�ned

as cp(X; Y ) :=
P L

l=1 c(xn l ; ym l ) . The path ha ving minimal total cost o v er all p ossible w arping

paths is called optimal warping p ath p* . The DTW distanc e b et w een X and Y is then de�ned

b y DT W (X; Y ) := cp� (X; Y ) .

Computation of the W a rping P ath

A naïv e implemen tation of a DTW computation algorithm migh t simply compute all p ossible

w arping paths b et w een X and Y and then pic k the one with minimal total cost. Ho w ev er, this

10

W e de�ne the shorthand [a : b] := f a; :::; bg for a; b 2 N.
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2.3 Dynamic Time W arping (DTW)

approac h tak es time exp onen tial in N and M , so it is computationally infeasible. One can do

b etter b y observing that DTW exhibits the prop erties of overlapping subpr oblems and optimal

substructur e (since ev ery globally optimal w arping path m ust necessarily b e lo cally optimal),

making it w ell suited for a dynamic pr o gr amming approac h with a time complexit y of O(NM ) .

F or the implemen tation of suc h an approac h, w e de�ne an N � M matrix D called ac cumulate d

c ost matrix as follo ws: D(n; m) := DT W ((x1; :::; xn ); (y1; :::; ym )) , i.e. ev ery c el l of this matrix

con tains the cost of a �partial� w arping path b et w een some pre�xes of X and Y .

D satis�es the follo wing iden tities:

D(n; 1) =
nX

k=1

c(xk ; y1) for n 2 [1 : N ]

D (1; m) =
mX

k=1

c(x1; ym ) for m 2 [1 : M ]

D(n; m) = min f D (n � 1; m � 1); D (n � 1; m); D (n; m � 1)g + c(xm ; ym )

for 1 < n � N and 1 < m � M

Hence, DT W (X; Y ) = D(N; M ) .

11

This implies that D can b e computed recursiv ely , starting

at the upp er righ t of the matrix at lo cation (N; M ) and w orking do wn w ard in a step wise

manner till one arriv es at the lo w er left (1; 1), the base case. Rev ersing the pro cess to w ork

iterativ ely in a b ottom-up fashion from (1; 1) to w ards (N; M ) , one can cut do wn on memory

space requiremen ts while preserving the computation complexit y of O(NM ) .
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Figure 2.11: A ccum ulated cost matrix for the t w o P athBeg v ersions of Figure 2.9 , time in seconds

Using D , the optimal w arping path p� = ( p1; ::; pL ) can b e computed b y tracing the lo w est

cost path b et w een (1; 1) and (N; M ) . Here w e set p1 := (1 ; 1), pL := ( N; M ) and in case

11

See [Mül07 ] for pro ofs and a detailed discussion.
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pl = ( n; m) for l 2 [2 : L ], then

pl � 1 :=

8
<

:

(1; m � 1) if n = 1
(n � 1; 1) if m = 1
argminf D (n � 1; m � 1); D (n � 1; m); D (n; m � 1)g otherwise

See Figure 2.11 for a visualization of the basic idea. There is a large v ariet y of p ossible

optimizations for the computation of the w arping path, and w e ha v e barely b egun to scratc h

the surface. A more in-depth discussion is giv en in [Mül07].

2.4 DTW in Music Synchronization

T o mak e use of the DTW algorithm for the purp ose of music synchr onization , one just needs

to de�ne a suitable feature space F and cost measure c. P erhaps not surprisingly , w e c ho ose

the CENS features in tro duced in Section 2.2.4 , so F = f v 2 [0; 1]12 j kvk2 = 1g. F or the cost

measure, w e de�ne c� b y c� := 1 � h x; yi + � for some o�set � 2 R� 0 . The o�set is necessary

to accoun t for areas of little harmonic c hange where the CENS features cannot accurately

distinguish �go o d� and �bad� paths an y longer. Without the o�set, the path's b eha vior in

these cases w ould b e essen tially random, since mo v emen t inside suc h a region do es not incur

high costs�including it predisp oses the w arping path to w ards the geometric optim um, whic h

is the most reasonable alternativ e in suc h a case. Since the CENS features are normalized

with regard to the Euclidean norm, hx; yi is equiv alen t to the cosine of the angle b et w een x
and y .

While the design describ ed ab o v e is su�cien t for a go o d in tuition of a harmon y-based align-

men t pro cedure, of course suc h a metho d w ould not yield v ery con vincing results for our goal

of extracting detailed timing information from the w arping path. In practice, the harmon y-

based alignmen t is used as a basis for further re�nemen ts, for example using onset features

as in tro duced in 2.2.5. Recen tly , this has b een done b y Ew ert, Müller and Grosc he [EMG09 ].

Their approac h in tegrates c hroma-based and onset features on the cost matrix lev el and a�ords

go o d alignmen t accuracy while preserving the robustness gained b y the use of c hroma-based

features. In the remainder of this w ork, w e will supp ose sync hronization data generated b y

suc h an algorithm, without going in to the sp eci�cs of w arping path re�nemen t necessary to

obtain higher-qualit y alignmen ts.

In the preceding sections, the presen tation has fo cused on the alignmen t of audio/audio pairs,

since this is p erhaps the most c hallenging problem. Alignmen t of MIDI/MIDI or MIDI/audio

pairs can b e p erformed b y using the same pro cedure as describ ed b efore, except that STMSP

and onset features can b e extracted from the MIDI directly since they are represen ted in

a sym b olic manner. F or the �rst, one only has to read the relev an t parameters from the

resp ectiv e note onset/o�set messages and con v ert them to a suitable STMSP represen tation.

Onset features are ev en easier to extract, since they corresp ond exactly to the note onset

timings already presen t in said messages. Finally , the alignmen t of score/MIDI or score/audio

pairs can b e reduced to MIDI/MIDI or MIDI/audio alignmen ts b y generating a standard MIDI

�le from the score. This functionalit y is pro vided b y default for all the to olkits that deal with

the pro cessing of digital score data, so this do es not p ose an y tec hnical problems.

12

12

Ev en though some notational am biguities ha v e to b e resolv ed, see Section 2.1.1 .
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Chapter 3

T emp o Curves

The notes I hand le no b etter than many pianists. But the p auses b etwe en the notes�ah,

that is wher e the art r esides.

�A rthur Schnab el, 1958

The previous c hapter in tro duced the tec hnical infrastructure necessary for the sync hroniza-

tion of t w o in terpretations of a piece of m usic. This c hapter builds on that material buy

demonstrating ho w to use alignmen t information for the computation of temp o information.

Ho w ev er, it will �rst b e necessary to discuss what exactly is mean t b y �temp o information�.

The c hapter b egins with the in tro duction of some of the di�eren t hierarc hies (or levels ) that

determine the structural la y out of a piece. W e then sho w ho w these lev els form the basis of

a formal de�nition of the temp o and asso ciated temp o curv e of a piece, and discuss three

algorithms for its computation using alignmen t data as input. This forms the presen tation of

the principal conceptual con tribution of the w ork. Finally , w e brie�y touc h on related topics

suc h as dynamics curv es.

3.1 Measuring T emp o

Listening to a piece of m usic is alw a ys a sub jectiv e exp erience, and no t w o p ersons ha v e

precisely the same though ts or emotions when witnessing a sp eci�c p erformance of a piece.

Ev en so, there are certain c haracteristics of a m usical piece that transcend sub jectivit y and

can b e claimed to b e univ ersal, and among the most imp ortan t of those is its temp o. The

feeling of pulse and rh ythm is one of the cen tral de�ning c haracteristics of nearly all W estern

m usic up to (and mostly including) the 20th
cen tury , and th us measuring the temp o of a piece

as accurately as p ossible is an ob vious goal of (automated) m usic pro cessing.

Conceptually , a temp o curv e is the natural result of suc h a measuremen t pro cess; it plots the

temp o of a piece o v er the time span in whic h it is pla y ed (Fig. 3.1). Implemen ting this idea,

ho w ev er, is harder than it �rst app ears. Since �temp o� is hard to de�ne in absolute terms,

one has to �nd a prop er reference against whic h to measure deviations (e.g. to determine a

piece's temp o in BPM, one could use the b eat indicated b y the piece's time signature as a

reference). Ev en the v ery pro cess of measuremen t is not as w ell-de�ned as one w ould wish:

Whic h m usical prop erties c haracterize the temp o, and exactly ho w precisely can they b e

measured b efore getting dro wned in statistical noise? In the follo wing, w e will explore some

of the p ossibilities in an attempt to answ er these questions.
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Figure 3.1: A sample temp o curv e for the �rst sev en measures of P athExp , time in mea-

sures and temp o in BPM. Phrase structuring and a temp orary slo w-do wn at a

particularly c hallenging passage in measure four are clearly visible.

3.1.1 Metrical Hiera rchies in T emp o

Unlik e visual media suc h as pain tings, m usic is an inheren tly sequen tial art form. It can-

not exist outside a temp oral reference frame, hence the relation b et w een the dev elopmen t of

m usical concepts on the one hand and the passage of time on the other hand is one of the

main expressiv e parameters whic h comp oser and p erformer manipulate for artistic purp oses.

Ho w ev er, since it is quite easy to �get lost� in a completely free stream of time, W estern clas-

sical m usic regularly emplo ys rigid structures for the organization and sectioning of m usical

episo des in time, whic h are observ ed and t ypically emphasized b y the artist in a m usical p er-

formance [Cla87 ]. W e ha v e already seen the basic organizational structure called a me asur e

(or b ar ) in Section 2.1.1 . There are other divisions p ossible on sev eral lev els that highligh t

di�eren t m usical en tities, as can b e seen in Fig. 3.2. A ccordingly , di�eren t division lev els ma y

serv e as the foundation of di�eren t temp o lev els that can conceiv ably b e measured.

Beat level. The b eat forms the most basic building blo c k of larger p erio dic structures suc h as

individual measures (in v ersely , it can also b e regarded as a re�nemen t of the sectioning

imp osed on the piece b y the bar structure). The b eat pro vides a steady and regular

pulse as indicated b y the time signature of the piece, e.g. for a piece in 3/4 time, there

will alw a ys b e three b eats (of quarter note length) p er bar. Finer sub divisions based on

the b eat are referred to as b eat lev el (or mensur al level ) structures as w ell, e.g. divisions

on the lev el of eigh th or sixteen th notes in a quarter b eat con text. If the temp o of a

piece do es not c hange o v er time, sectioning on this lev el can b e done b y determining

the length of one b eat and slicing the piece in to time segmen ts of that length. Here, the

main adv an tage of a b eat lev el division is p erio dicit y�eac h time segmen t can b e relied

on to ha v e the same length. This is also its main disadv an tage: If the time segmen t is
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3.1 Measuring T emp o

to o large, v aluable information ma y b e lost in the temp o measuremen t.

Note level. The note lev el division separates single consecutiv e notes from eac h other, regard-

less of their resp ectiv e length. A division on this lev el has the adv an tage of automatic

adaptabilit y to the �b est� resolution a v ailable to capture a m usical segmen t, although

this comes at the cost of lost p erio dicit y�while the b eat is guaran teed to o ccur at w ell-

kno wn in terv als throughout a piece (barring time signature c hanges), for the note lev el

division there is no suc h assurance. Due to the adaptiv e resolution, temp o measuremen ts

done on the note lev el are usually more sensitiv e than measuremen ts done on the b eat

lev el. This means that they are b etter at sp otting subtle temp o n uances while at the

same time b eing more susceptible to measuremen t errors or pro cessing artifacts.

Motif level. A division on the motif lev el mak es great m usical sense, although it relies on the

assumption that motiv es exist in the piece and can b e readily obtained either b y analysis

or prior kno wledge (whic h is not the case in general).

13

Ho w ev er, if suc h a division is

p ossible, timing information based on it ma y rev eal a great deal of information ab out

either the piece or the p erforming artist.

Phrase level. The same considerations as for the motif lev el hold for the phrase lev el, they

merely di�er in their resp ectiv e structural lev el�phrases ob viously b elong to a more

global structural con text than simple motiv es.
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Figure 3.2: F ranz Sc h ub ert: Win terreise D911, �F rühlingstraum� (Excerpt)

The di�erences b et w een the structural hierarc hies already p oin t to a related issue, whic h

concerns the con trast b et w een glob al temp o , lo c al temp o and lo c al timing . Figure 3.3 illustrates

ho w these are laid out with resp ect to eac h other: The global temp o refers to the complex

la y out of a piece as en visioned b y the comp oser and t ypically spans a wide n um b er of bars

(though it still v ery m uc h dep ends on the p erformer to realize the comp oser's ideas). In

con trast, the term �lo cal timing� is used to describ e temp o v ariations on a v ery small scale

(in the order of at most a few h undred milliseconds). W e are mainly in terested in the lo cal

temp o, whic h concerns small-scale temp o v ariations whose range t ypically encompasses a

small n um b er of individual notes at the most. These v ariations can b e due to v arious factors,

including artistic phrase shaping and realization of comp oser instructions suc h as fermatas

[F GW08 ].

13

As an additional di�cult y , de�nitions of motiv es and phrases are alw a ys sub jectiv e and th us op en for debate.
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Figure 3.3: Di�eren t resolution lev els of temp o measuremen t

F rom a p erformance analysis viewp oin t, temp o and timing measures serv e di�eren t purp oses:

Information ab out the global temp o of a piece is m uc h more useful for assertions ab out the

piece itself (i.e., the comp osition) than the timing measuremen t, although it ma y also b e used

to analyze a sp eci�c p erformance. On the other hand, a p erformer's artistic timing is strictly

tied to a sp eci�c in terpretation and th us b est suited for analysis tasks that aim to compare

and relate a n um b er of di�eren t p erformances (p ossibly of the same piece). Here, the fo cus is

mainly on gaining information ab out the p erformers' idiosyncratic pla ying st yles. The lo cal

temp o lies somewhere in the middle ground and can th us b e used for b oth of these purp oses.

In the follo wing, an y unquali�ed use of the term �temp o� should b e tak en to refer to the lo cal

temp o, whic h is the main fo cus of this w ork. When necessary , the term �global temp o� will

b e used explicitly to distinguish the t w o.

3.1.2 A Reference F rame fo r T emp o

As has b een already men tioned, the temp o of a piece do es not exist in an �absolute� space,

it alw a ys needs a reference frame to b e meaningful (i.e., the piece m ust alw a ys get slo w er,

faster or sta y the same in relation to something else). The implicit frame of reference for a

h uman listener is usually an idealized b eat pro duced b y his imagination�he pic ks up on the

pulse of a piece, and then (based on his m usical in tuition) extrap olates from it to estimate

the onset times of the next couple of notes. If these notes arriv e at an earlier or later p oin t in

time than exp ected, the listener notices a c hange in temp o. While w e ma y tak e this frame of

reference for gran ted since it corresp onds so closely to our sub jectiv e exp erience, it is in fact

somewhat arbitrary: What if the comp oser indicated in the score that he w an ted the piece

to slo w do wn, y et the p erformer main tained a steady temp o? An unsusp ecting listener w ould

not notice an ything un usual (unless he w as familiar with a faithful recording of the piece),

but if one c hose the comp oser's giv en temp o as a basis for judging a p erformance, the steadily

held temp o w ould register as a sp eed-up.

One migh t argue that the BPM measure o�ers absolute information ab out a piece's temp o,

but ev en this is not completely true: There are a m ultitude of di�eren t p ossible w a ys to notate

a piece of m usic that can b e argued to b e essen tially equiv alen t (e.g. using 6/8 time instead of

3/4 time), but w ould pro duce di�eren t BPM results�after all, the 6/8 time signature implies

double the n um b er of b eats as 3/4 time, ev en though the duration of a single suc h b eat is

then only half as long. This means that BPM information b ecomes meaningful only in the

con text of a kno wn time signature that can act as a reference frame.

Giv en this understanding, the �rst thing one needs to do in measuring the temp o of a piece is

to pic k a sensible frame of reference. A natural c hoice for this is a �xed n um b er of BPM tied

to a sp eci�c time signature as describ ed ab o v e, since this corresp onds closely to the regular
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3.1 Measuring T emp o

listening exp erience. T o a v oid problems where di�eren t reference frames (e.g. comp oser's

temp o indication vs. listener's exp ectation) w ould yield di�eren t results for the temp o curv e,

w e assume that the only temp o c hanges in our input data are of a lo cal nature; that is, w e do

not p ermit that time signature c hanges or no v el temp o markings o ccur in the passage w e are

analyzing. This assumption is not o v erly restricting since suc h markings normally indicate

structural c hanges as w ell, e.g. the b eginning of a whole new section. In suc h a case, it is

reasonable from a m usical standp oin t to analyze that segmen t separately .

The concrete data used as a reference is a Standard MIDI File that is pro duced directly from

the score. Its temp o is �xed b y obtaining the comp oser's temp o marking of the relev an t

passage, whic h is con v erted to a sp eci�c BPM v alue. As discussed in Section 2.1.1 , this

is an inexact science: T emp o is usually indicated with a delib erately lo osely de�ned term

that is op en for in terpretation. This am biguit y m ust b e resolv ed at the time the MIDI is

pro duced. F or this, w e simply pic k a lik ely temp o from the p ossible range of options. Since

w e are in terested in relativ e v alues rather than absolute ones, w e accept that this ma y sligh tly

sk ew the concrete computed v alues up w ards or do wn w ards�the only relev an t concern is that

the shap e of the temp o curv e b e preserv ed, whic h is the case here. Note that ev en though

this is not a primary goal of our w ork, w e ma y still compute accurate absolute BPM v alues

if the MIDI is set to a precise reference temp o. W e refer to the generated MIDI �le as the

r efer enc e ; the m usical in terpretation w e w an t to analyze is called either p erformanc e or simply

interpr etation .

3.1.3 Extraction Metho ds of T emp o F eatures

After the reference has b een established, w e still ha v e to measure the temp o of the actual

p erformance. This pro cess can b e split in to t w o steps: The extraction of certain features

from reference and in terpretation, and the comparison of these features. The features used for

this closely relate to the v arious lev els discussed in the preceding section�in fact, for temp o

curv es it is su�cien t to use onset features that capture the p oin t in time when an ev en t on

suc h a lev el happ ens. As an example, features on the note lev el consist of note onset times as

presen ted in Section 2.2.5 . There are sev eral di�eren t w a ys of obtaining these features:

Automatic annotation. T rying to automate the pro cess of feature extraction is an ob vious

(but c hallenging) idea in p erformance analysis. T o date, no algorithm is kno wn to

pro duce results whic h are as accurate as can b e ac hiev ed b y man ual annotation, although

error margins ma y b e small enough for certain applications [Dix01, Dix07]. This w ork

tries to sligh tly impro v e this state.

Manual annotation. Human in terv en tion is the most lab or-in tensiv e w a y of collecting fea-

tures, but also among the most accurate. It is usually done on the b eat lev el, often

using a sp ecial-purp ose to ol (e.g. the Sonic Visualiser [Son09 ]) that displa ys and pla ys

the w a v eform and lets the user graphically place the onsets in this represen tation. One

useful course of action is to tak e the output of an automated analysis and adjust it

man ually to the desired degree of accuracy , thereb y minimizing required h uman e�ort

while main taining high data qualit y . In previous w ork, this metho d has enjo y ed heigh t-

ened atten tion b ecause results pro duced b y other approac hes w ere often not satisfactory

[Wid02 , WDG

+
03, Sap07 , Sap08 ].
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�Direct� annotation. By use of sp ecialized equipmen t, one can capture onset times during the

actual recording of a piece of m usic. One example of this is the so-called player piano ,

a computer-monitored piano that generates sym b olic (MIDI) data when it is pla y ed.

Suc h data can b e used as a basis for man ual annotations, e.g. [Wid02, WDG

+
03 ]. The

adv an tage of this approac h is that it pro duces the b est data that can b e gained (since

sym b olic onsets correlate p erfectly to ph ysical onset times), the ob vious disadv an tage is

that sp ecial-purp ose hardw are needs to b e used during the recording of the piece. In

particular, there is no w a y of adapting this approac h to w ork on existing recordings, so

the h uge amoun t of data a v ailable e.g. on CD recordings cannot b e analyzed using this

approac h.

It is w orth p oin ting out that the metho d used for obtaining temp o features is essen tially

irrelev an t with regard to the p erformance analysis steps that follo w feature extraction. This

means that an approac h that op erates on b eat-lev el temp o features will tak e as input an y

suc h feature set, regardless of whether it w as pro duced man ually or automatically . Hence,

one can c ho ose the b est feature extraction metho d a v ailable for the dev elopmen t of suc h an

algorithm�ev en if obtaining suc h a feature set is not feasible for regular usage, the algorithm

will w ork just �ne with di�eren tly generated features (pro vided that they meet reasonably

high qualit y standards).

The alignmen t pro cess describ ed in Section 2.4 can b e regarded as an automated annotation

of the in terpretation b y the data giv en in the reference �le. This includes note onsets, o�set

and p ossibly dynamics information�ev en song lyrics ma y b e incorp orated in the reference

MIDI.

3.1.4 T emp o F eature Compa rison

The last step in temp o measuremen t is actually the easiest. After the required features ha v e

b een extracted, measuring the temp o of the piece amoun ts to a straigh tforw ard correlation

of these features and measuremen t of the di�erence in onset time b et w een in terpretation and

reference. F or example, consider a short piece of m usic where only four note onsets o ccur

(T able 3.1). Eac h onset is designated b y an individual letter corresp onding to a m usical note,

length of the notes is indicated b y splitting single letters in to m ultiple v ersions of the same

letter, distinguished b y their indices.

In the reference, the onsets o ccur at times 1, 2, 3 and 4 (giv en b y their resp ectiv e index in to

the data sequence) while in the in terpretation, the onsets o ccur at times 1, 3, 5 and 7. W e

can observ e that the time di�erence b et w een t w o consecutiv e onsets is constan t in the t w o

v ersions, and that it is 1 in the reference and 2 in the in terpretation. Th us, the translation

factor b et w een reference and in terpretation is

1
2 , and w e can conclude that the in terpretation

is pla y ed half as fast as the reference. This forms the basis of our understanding of the term

temp o : It is the progression factor of time units in the reference vs. the progression factor

of time unit in the in terpretation. By using a kno wn BPM v alue for the progression of time

units in the reference (where a time unit is de�ned as the duration of one b eat), w e are then

able to compute absolute BPM v alues for the temp o of the p erformance as w ell.
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3.2 W a rping P ath Based T emp o Curves

W e are no w ready to in tro duce the approac h tak en in this thesis. Its basic idea is to mak e

use of the fact that an alignmen t b et w een reference and actual p erformance�i.e., a w arping

path�can b e regarded as a description of the p erformance's temp o structure. This facilitates

analysis of the w arping path to build a temp o curv e from the information it con tains. T o

see ho w this is done, consider again T able 3.1 . An optimal w arping path for this example is

depicted in T able 3.2.

In tuitiv ely , one can �read o� � the ratio of time progression in the reference vs. time progression

in the in terpretation b y lo oking at the resp ectiv e length of seman tically corresp onding m usic

segmen ts in the t w o data streams: In this example, eac h progress b y one time unit in the

reference corresp onds to a progression b y t w o time units in the in terpretation. This is re�ected

in the w arping path b y the fact that eac h individual index in to the reference m ust o ccur t wice

to �t its temp o to the temp o of the in terpretation. Hence, w e can again conclude that the

translation factor b et w een reference and in terpretation is

1
2 , i.e. half-temp o.

Notice that in the plot of this w arping path (Fig. 3.4), the gr adient of the idealized w arping

path (whic h is gained b y a v eraging o v er the v alues of the actual w arping path) is precisely

t w o�the in v erse of the translation factor. W e will no w formalize this in tuitiv e understand-

ing.

3.2.1 Sliding Windo w Computation of T emp o Curves

Let p = ( p1; :::; pL ) b e a w arping path of length L b et w een t w o sequences X and Y of length

N and M as de�ned in Section 2.3 , where X is the reference of a giv en piece of m usic and Y
its resp ectiv e in terpretation. W e de�ne the extende d warping p ath pext

for all l 2 Z b y padding

the regular w arping path p at the lo cations where it w as not explicitly computed, using the

assumption that reference and in terpretation ha v e equiv alen t temp o there:

pext
l :=

8
<

:

pl = ( n l ; ml ) if l 2 [1 : L ]
(l; l ) if l < 1
(N + l � L; M + l � L ) if l > L

F or the follo wing de�nitions, w e will assume that the w arping path is alw a ys padded lik e this

to a v oid sp ecial treatmen t of �b oundary cases�.

The computation of the temp o curv e basically w orks b y lo oking at eac h elemen t of the reference

sequence, determining the length of the en tries of the w arping path seman tically corresp ond-

ing to this elemen t b oth in the reference ro w and the in terpretation ro w, and computing the

quotien t b et w een b oth of these lengths. Ho w ev er, suc h an elemen t-wise computation is ex-

tremely unstable in terms of robustness against alignmen t errors and artifacts. Therefore, w e

also in tro duce an a v eraging windo w of size w that de�nes a broader range of elemen ts of the

reference that are included in this examination. The temp o curv e is then determined not b y

�nding seman tically corresp onding en tries to a sp eci�c elemen t x 2 X , but rather to a range

of w suc h elemen ts cen tered around x . W e formalize this b y lo oking at the computation of

one particular en try of the temp o curv e in detail.
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Reference e c d g

In terpretation e1 e2 c1 c2 d1 d2 g1 g2

T able 3.1: T w o sc hematic pieces of m usic, note onsets mark ed red

Asso ciated V ector W arping P ath Assignmen ts

Reference 1 1 2 2 3 3 4 4

In terpretation 1 2 3 4 5 6 7 8

T able 3.2: An optimal w arping path for T able 3.1

1 1.5 2 2.5 3 3.5 4
1

2

3

4

5

6

7

8

 

 
Actual Warping Path
Idealized Warping Path

Figure 3.4: Visualization of the w arping path of T able 3.2 (notice di�eren t scaling for horizon-

tal reference and v ertical in terpretation, time giv en in indices in to T able 3.1 )

Let n 2 [1 : N ] b e an arbitrary but �xed index in to the reference data sequence X and

w 2 N> 0 the size of an a v eraging windo w. The temp o curve induced b y the w arping path p
with resp ect to w is a function � : [1 : N ] ! R� 0 that is de�ned b y

� w(n) :=
(b+ 1) � a

(mlb + 1) � mla

Here, la and lb are computed according to the follo wing de�nitions:

a := n �
�

w � 1
2

�

b := n +
�

w � 1
2

�

la := max f l 2 Z j n l = ag

lb := max f l 2 Z j n l = bg
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This means that a and b de�ne the indices of the outer limits of the windo w w in the reference

sequence, i.e. the elemen ts of the reference sequence included in this examination step are

giv en b y the range [xa : xb]. The middle elemen t of this range is alw a ys xn . Although some of

the elemen ts of this range ma y b e non-existen t (for a < 1 or b > N ), their resp ectiv e indices

are still included in the extended w arping path. Hence, � is w ell-de�ned on the full domain

[1 : N ] for arbitrary windo w sizes. Just as a and b de�ne the indices of windo w limits in the

reference sequence X , la and lb represen t the indices of windo w limits in the extended w arping

path pext
l . In the case of am biguities (when a or b o ccur m ultiple times in the reference ro w

of the w arping path), their de�nition is designed to alw a ys pic k the largest p ossible index still

denoting an o ccurrence of a or b, resp ectiv ely . Other p ossible c hoices w ould ha v e included

the smallest suc h index, or the index of the middle elemen t of the resp ectiv e range. Since the

impact of this c hoice is negligible with resp ect to o v erall accuracy , the only imp ortan t p oin t

here is that for an y am biguous case, exactly one index is pic k ed that alw a ys remains the same

whenev er that case is ev aluated. This is the case with the maxim um used in this de�nition.

Note that the temp o curv e is de�ned in terms of the reference sequence, so the �resolution� of

this sequence (i.e. the length of the features that mak e up its individual elemen ts) determines

the resolution (or precision) of the temp o curv e as w ell. Since w = ( b+ 1) � a, w e can also

form ulate the de�nition of � as follo ws:

� w(n) :=
w

(mlb + 1) � mla

In b + 1 and mlb + 1 , the addition of �one� is necessary to accoun t for the last elemen t of

the sequence w e are insp ecting whic h w ould not b e coun ted otherwise�e.g., ev en if a = b
and mla = mlb , w e are still examining exactly one elemen t of reference sequence and w arping

path.

Consider an example: W e will ev aluate the w arping path depicted in Fig. 3.4 at n = 3 with

a windo w size w = 3 . In this case, a = 2 and b = 4 . As f l 2 [1 : L ] j n l = 2g = f 3; 4g and

f l 2 [1 : L ] j n l = 4g = f 7; 8g, la = 4 and lb = 8 , according to the de�nition. Notice ho w

the am biguous b orders are resolv ed in b oth cases. Next, w e ev aluate � 3(3) = (4+1) � 2
(8+1) � 4 = 3

5 .

The di�erence of this result to the �ideal� temp o of

1
2 is due to a general dra wbac k of this

approac h: Op erating on the actual w arping path is in general not equiv alen t to w orking on

an ideal w arping path, and an imp ortan t p oin t of our con tribution is to alleviate this problem

b y smo othing (a v eraging) o v er v arious v alues to still arriv e at adequate temp o curv es.

In the algorithmic computation of the temp o curv e, w e will iterativ ely �slide� the windo w w
o v er all indices n 2 [1 : N ] in to the reference sequence to compute all en tries of the temp o

curv e. Consequen tially , w e refer to the class of algorithms presen ted here as sliding window

algorithms. The di�eren t ev aluation tec hniques that distinguish these algorithms from eac h

other are based on some of the di�eren t feature lev els from Section 3.1.1 : The �rst tec hnique

sections the w arping path in to equal-length snipp ets of a �xed time, correlating to the b eat

lev el. The second tec hnique in tro duces unev en sectioning based on a note-lev el division of the

m usic data, and the third tec hnique tries to unify time based and note based approac h.

A ma jor adv an tage of the w arping path based sliding windo w approac h is that it can b e

used in conjunction with the DTW metho d presen ted in Section 2.3 . This allo ws us to exploit

adv anced m usic alignmen t tec hniques to automatically generate temp o curv es without the need
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for man ual in terv en tion. Since DTW is designed to w ork with a wide v ariet y of features, w e are

not limited to an y particular feature resolution lev el but can use whatev er features necessary

to build an accurate w arping path. On the other hand, w e can still decide to ev aluate the

w arping path on an y precision lev el necessary for a sp eci�c p erformance analysis purp ose�

one could ev en p erform an analysis of the sym b olic reference data stream to determine whic h

timings fall on hea vy b eat times, melo dic highligh ts, deceptiv e cadences and so on, and can

use this kno wledge to selectiv ely ev aluate the temp o at suc h p oin ts in time.

3.2.2 Fixed Windo w Size W a rping P ath Evaluation

The most straigh tforw ard approac h to temp o curv e computation consists of a literal algorith-

mic implemen tation of the formal description giv en in Section 3.2.1 . The corresp onding co de

is presen ted in Algorithm 3.1 . It exp ects only the extended w arping path and the windo w

size w as input. Remem b er that n l designates elemen ts of the reference, while ml is used for

elemen ts of the in terpretation.

The algorithm slides and cen ters the windo w of size w o v er ev ery elemen t n of the reference

sequence (lines 2�8), p ositioning the resp ectiv e b orders exactly as in the formal de�nition of

the pro cedure. While the presen tation of the algorithm in this w ork remains faithful to that

de�nition, the actual implemen tation has a sligh tly di�eren t structure that a v oids p oten tially

costly op erations suc h as the set comprehension of lines 5�6. The call to ExtendW arping-

p a th extends p b y the n um b er of en tries needed to accommo date a windo w of size w during

the execution of the algorithm.

Since w is �xed as a parameter to the algorithm, w e call this algorithm the �xe d window ap-

proac h to temp o curv e computation (FW for short). Notice that the windo w size is the only

parameter that can b e manipulated in this approac h. Early exp erimen ts sho w ed that a subse-

quen t additional a v eraging o v er m ultiple en tries of the temp o curv e did not yield signi�can tly

b etter results for the FW algorithm. Figures 3.5 and 3.6 ma y serv e as a preliminary example

of the output pro duced b y the FW algorithm b efore w e come to a more detailed analysis in

Chapter 4.

Changing the windo w size ob viously c hanges the outcome of the computation: Plotted are t w o

temp o curv es generated b y di�eren t parameter settings (blue) against a syn thesized gr ound

Algorithm 3.1 : T emp o curv e computation based on the �xed windo w tec hnique

Input : w arping path pl = ( n l ; ml ) ( l 2 L ) , windo w size w 2 N> 0

Output : temp o curv e �
p  ExtendW arpingp a th ( p, w );1

for n  1 to N do2

a  n �
� w� 1

2

�
;3

b  n +
� w� 1

2

�
;4

la  maxf l 2 Z j n l = ag;5

lb  maxf l 2 Z j n l = bg;6

� ( n )  w
m l b

� m l a +1 ;

7

end8
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Figure 3.5: Results of the FW algorithm for w = 2 s, time in seconds
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Figure 3.6: Results of the FW algorithm for w = 5 s, time in seconds

truth reference (whic h will b e discussed in detail in Section 4.1, sho wn here in red). As p er the

de�nition of the temp o curv e, temp o is giv en here not in BPM but in relation to a reference

temp o: W e start a bit slo w er than the reference, slo w do wn to ab out 3/4 of the original sp eed,

then sp eed up again un til w e ha v e reac hed the original temp o at t = 85 s. T w o c haracteristics

of the algorithm are immediately apparen t: Fluctuations in the generated curv e b ecome less

pronounced as the windo w size increases, but sensitivit y to c hanges lessens in turn (see e.g.

adaptation of the curv e to a new temp o at t = 41 s). Another visible e�ect is caused b y the

cen tering of the smo othing windo w whic h results in an an ticipation of temp o c hanges ev en

b efore they ha v e started happ ening. Although w e giv e the size of the windo w w in terms of

seconds in these examples (and will con tin ue to do so for reasons of in tuitiv eness), w e actually

mean b y that a size with resp ect to the feature rate used in the w arping path computation

that corresp onds to three seconds of the reference audio data.

Viewing the temp o curv e at a higher resolution, one can see a plateau e�ect where certain

v alues ha v e a m uc h higher probabilit y of app earing in the temp o curv e than other v alues (Fig.

3.7 ). F urthermore, these seem to cancel eac h other out in their �uctuation around the ground

truth temp o curv e. This phenomenon is due to the step wise, �in teger� nature of the w arping
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Figure 3.7: Higher-resolution view of FW algorithm results for w = 2 s, time in seconds

path that prescrib es a maxim um resolution to the computed v alue. W e will discuss all of these

asp ects in greater detail in Chapter 4.

3.2.3 A daptive Windo w Size W a rping P ath Evaluation

As already men tioned in Section 3.1.1 , segmen ting and sampling the w arping path according

to p erio dic in terv als has the disadv an tage that it do es not adapt optimally to the m usical

attributes of the data. A division that tak es the distribution of the notes in to accoun t cir-

cum v en ts this problem: The adaptive window size algorithm (A W for short, see Algorithm

3.2 ) is one of the p ossible implemen tations of this idea. Instead of computing the gradien t

b et w een t w o p oin ts in time that are alw a ys w reference time units apart, it computes gradien ts

(or slop es ) only at the p oin ts in time b et w een t w o distinct note onsets. If these onsets are

consecutiv e, suc h an in terv al is referred to as inter onset interval (IOI).

The basic idea b ehind this approac h is to ac kno wledge that note onsets are the main source of

temp o data a v ailable for p erformance analysis pro cessing. This is esp ecially true for W estern

classical piano m usic, but also for pieces with di�eren t orc hestrations (note onsets ma y b e

some orders of magnitude harder to extract in suc h con texts, but this is an activ e researc h

�eld [GME09]). Cho osing to neglect arguably less imp ortan t asp ects suc h as note o�sets or

p edaling, w e can claim that measuring note onset information is su�cien t to reconstruct the

temp o of a piece b y correlating eac h measured onset to the resp ectiv e onset in the reference

as describ ed in Section 3.1.4 . Consequen tly , computing the gradien t b et w een note onsets tries

to use the full amoun t of temp o information a v ailable from these onsets while discarding an y

alignmen t artifacts that o ccur inside the region of an IOI.

F or our theoretical discussion, w e need to up date the computation of the b orders of the

a v eraging windo w. These are aligned to note onsets, whic h w e mo del as a set of indices in to

the reference sequence O � [1 : N ]. F or a n um b er of K onsets, w e de�ne O := f o1; :::; oK g,

with 1 � o1 < o 2 < ::: < o K � 1 < o K � N (that is, w e regard this set essen tially as an ordered

list). F urthermore, without loss of generalit y w e require that o1 = 1 and oK = N (if this is

not the case, extend O b y inserting o0 = 1 and oK +1 = N ). This ensures prop er windo w
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alignmen t in the b oundary cases (and also implies that K = L ). Similar to the extended

w arping path, w e de�ne an extended onset list Oext
for all k 2 Z as follo ws:

oext
k :=

8
<

:

ok if k 2 [1 : K ]
k if k < 1
N � K + k if k > K

Simply put, this pads O with ev enly-spaced onsets on b oth sides, whic h again enables us to

extend our a v eraging windo w b ey ond the b oundaries of 1 and N , ev en when it m ust b e aligned

to note onsets. W e are no w ready to de�ne ho w the windo w edges are computed in the A W

case.

Let wioi 2 N> 0 b e the size of a windo w indicating the n um b er of in teronset in terv als that

should b e included in an a v eraging step. W e �rst examine the case where wioi = 1 , i.e. w e are

a v eraging b et w een t w o consecutiv e onsets. Then, for k 2 [1 : K � 1], w e ha v e

� wioi (ok ) :=
(b+ 1) � a

(mlb + 1) � mla

In this case, the follo wing de�nitions are used for the windo w edges:

a := ok

b := ok+1

la := max f l 2 Z j n l = ag

lb := max f l 2 Z j n l = bg

Hence, this case is analogous to the FW approac h�the only di�erences are in the lo cation

of the windo w edges, and the �placemen t� of the computed v alue in the temp o curv e. Where

the computed gradien t b et w een t w o lo cations a and b w as formerly placed in their arithmetic

middle n = a + bb� a
2 c due to the cen tered windo w, it is no w placed simply at ok = a, the

lo cation of the �rst onset.

This only de�nes the temp o for lo cations where onsets are presen t, so w e ha v e to in terp olate

the temp o at places where this is not the case. T o do this, �rst of all set � (K ) := 1 . No w w e

can p erform simple linear in terp olation b et w een all kno wn onset lo cations: Let n 2 [1 : N ] n O
b e an arbitrary but �xed lo cation where the temp o curv e is not y et de�ned, and k 2 [1 : K � 1]
the index of the onset whic h immediately precedes it, i.e. ok < n < o k+1 . Then,

� wioi (n) := � (ok ) +
� (ok+1 ) � � (ok )

ok+1 � ok
� (n � ok )

Let us no w examine the case where wioi > 1. A ctually , w e shall see that the de�nition is

general enough to accommo date wioi = 1 as w ell, so let wioi 2 N> 0 in the follo wing. The

indices of the windo w edges are then giv en b y this de�nition:

c := k �
j wioi

2

k

d := k +
l wioi

2

m

a := oc

b := od
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Figure 3.8: W arping path (blue) for P athBeg in cost matrix con text and with in teronset in terp olation

(onsets red, in terp olation blac k), time in seconds
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Figure 3.9: High-resolution view of the results of in teronset in terp olation, legend as ab o v e

Here, c and d index in to the list of onsets O . All other de�nitions remain as ab o v e; notice

that in case wioi = 1 , w e ha v e in fact a = ok and b = ok+1 . This de�nition can also b e used

to describ e the FW case b y setting O := [1 : N ]. F or suc h an O , this de�nition of � b ecomes

equiv alen t to the old de�nition of the FW case for w = wioi .

Figure 3.9 depicts an example of the com bination of w arping path (blue), onset information

(v ertical red lines) and the idealized w arping path (blac k) that is used b y the A W approac h

for the computation of the temp o curv e (i.e., an in teronset in terp olation of the actual w arping

path). Figure 3.8 sho ws ho w the original w arping path w as obtained from its resp ectiv e cost

matrix, demonstrating clearly the corresp ondence b et w een artifacts in the w arping path that

need to b e smo othed out and regions of harmonic stagnancy in the original piece.

34



3.2 W arping P ath Based T emp o Curv es

Algorithm 3.2 : T emp o curv e computation based on the adapting windo w tec hnique

Input : w arping path pl = ( n l ; ml )( l 2 L ) , onsets O = f o1; :::; oK g, windo w size wioi 2 N> 0

Output : temp o curv e �
p  ExtendW arpingp a th ( p, wioi );1

O  ExtendOnsets ( O , wioi );2

for k  1 to K do3

c  k �
� wioi

2

�
;4

d  k +
� wioi

2

�
;5

a  oc ;6

b  od ;7

la  maxf l 2 Z j n l = ag;8

lb  maxf l 2 Z j n l = bg;9

� onsets( oc )  (b+1) � a
(m l b

+1) � m l a
;

10

end11

�  Interpola te ( � onsets , O );12

The structure of the algorithmic implemen tation (Alg. 3.2) is not largely di�eren t from the

theoretic outline. The main w ork is done in lines 3�11: W e iterate o v er all onsets and compute

the gradien ts b et w een them, pa ying resp ect to the a v eraging windo w de�ned b y wioi . After

this step, the temp o curv e � is de�ned exactly at the places where an onset o ccurred, hence

w e call the in termediate result � onsets. F or a de�nition on the full domain, w e still ha v e to

in terp olate the v alues in b et w een onsets. This is done in line 17 b y calling the auxiliary

function Interpola te . This function computes a linear in terp olation as describ ed, but of

course other in terp olation metho ds could b e used here as w ell.

In the case of the FW algorithm, smo othing of the temp o curv e w as done b y c ho osing a

windo w of larger size. This is the case here as w ell, but the windo w size can no longer b e

con trolled directly: it is computed implicitly from the n um b er of IOIs that are included in the

a v eraging step (lines 4�5). This has direct implications for the impact of the a v eraging: Areas

of the piece with high onset densit y are a�ected less than areas where only a small n um b er

of note onsets o ccur. As in the case of the FW algorithm, the windo w for this computation

is cen tered around one sp eci�c lo cation of the temp o curv e ok . The computed v alue is just

the a v erage gradien t b et w een the t w o onsets oc and od . Keep in mind that due to di�eren t

IOI lengths, the cen tering ma y b e biased to one side: If wioi = 3 , the IOI to the left of ok (of

length ok � ok� 1 ) ma y b e signi�can tly shorter or longer than the IOI to the righ t of ok (whic h

has length ok+2 � ok+1 ).

As a result of this, the absolute size of the a v eraging windo w w dep ends a lot on the temp o

c haracteristics of the m usical passage encompassed b y oc and od . Generally sp eaking, fast

and complex passages with small note lengths will cause it to shrink, while slo w and simple

passages will yield a m uc h larger windo w. This is the case as e.g. three half-notes will normally

tak e a longer time to pla y than three sixteen th-notes, ev en though the n um b er wioi = 3 sta ys

�xed. The results of this unpredictabilit y can b e observ ed in Figures 3.10 and 3.11 whic h sho w

t w o sample outputs of the A W algorithm. Here, in the region from t = 30 to t = 70 there are

relativ ely few but longer notes (an a v erage of appro ximately 3.4

onsets

/ s ), while in the region

from t = 70 to t = 85 , there are relativ ely more shorter notes (appro x. 9.5

onsets

/ s on a v erage).
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Figure 3.10: Results of the A W algorithm for wioi = 3 , time in seconds
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Figure 3.11: Results of the A W algorithm for wioi = 9 , time in seconds

As a result, the smo othing is noticeably stronger in the �rst region than in the second one.

This is esp ecially apparen t in the region of temp o c hange at t = 62 �here, only one note onset

o ccurs in a region o v er four seconds long, resulting in an extremely broad a v eraging windo w.

Notice ho w in con trast, the c hange-o v er to a new temp o at t = 41 is pro cessed remark ably

fast.

F rom the di�erence b et w een Figures 3.10 and 3.11 , one can see the imp ortance of the smo oth-

ing step for the A W algorithm. Jitter from alignmen t artifacts dominates the picture from

t = 70 on w ards in Figure 3.10 . Though still far from p erfect, the results b ecome m uc h b etter

for a larger wioi (Fig. 3.11 ).

3.2.4 Fixed Windo w Size Evaluation on Co rrected W a rping P aths

W e ha v e no w seen t w o di�eren t approac hes: The basic FW algorithm just sampled the w arping

path at ev enly spaced in terv als, the A W algorithm in tro duced sampling at onset lo cations and

IOI smo othing. This section presen ts a third approac h that tries to com bine the t w o previously

discussed algorithms. The main idea of this h ybrid approac h (whic h will b e referred to as FW C
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3.2 W arping P ath Based T emp o Curv es

Algorithm 3.3 : SmoothW arpingp a th , smo othing of w arping path en tries b y onsets

Input : w arping path pl = ( n l ; ml )( l 2 L ) , onsets O = f o1; :::; oK g
Output : smo othed w arping path p
for k  1 to K do1

a  ok ;2

b  ok+1 ;3

la  maxf l 2 Z j n l = ag;4

lb  maxf l 2 Z j n l = bg;5

x  
m l b

� m l a
n l b

� n l a
;

6

for i  0 to n lb � n la do7

pla + i  (n la + i; m la + round( x � i ))8

end9

end10

p  FillGaps ( p);11

in the follo wing, for �xe d window c orr e cte d ) is to p erform FW sampling on a smo othed (or

c orr e cte d ) w arping path, where smo othing is done b y computing gradien ts b et w een consecutiv e

onset lo cations, similar to the A W approac h. The implemen tation is quite straigh tforw ard:

The w arping path is re-computed analogously to the metho d presen ted in the A W approac h

(with wioi = 1 �xed since smo othing is only done inside IOI regions), and the results are

exp orted as a new w arping path (Alg. 3.3). This corrected w arping path is then used as input

for the FW algorithm (Alg. 3.1 ).

The FillGaps function called in line 11 of Algorithm 3.3 merely ensures that the step-size

condition of the w arping path is alw a ys met. Up to that line, this ma y not ha v e b een the

case due to rounding in the computation of the in terp olated v alues (line 8)�e.g., for x = 1 :4,

in step i = 1 the resp ectiv e v alue in the in terp olated w arping path w ould b e computed as

mla + round(1 :4 � 1) = mla + 1 , but in the subsequen t step i = 2 it w ould b ecome mla +
round(1:4 � 2) = mla + 3 . Hence, the v alue mla + 2 w ould b e skipp ed, violating the step-size

condition. FillGaps detects suc h violations and �lls in the missing v alues.

The results pro duced b y this algorithm are a mark ed impro v emen t o v er b oth of the previous

approac hes: Fig. 3.12 no longer exhibits an y sections dominated b y alignmen t errors. Due to

the relativ ely broad time windo w w = 5 , the transition to a new temp o is not as quic k as e.g.

in the A W case. Ho w ev er, suc h sudden and sev ere transitions are rather un usual in the m usic

domain w e are in terested in, so this e�ect is in fact appropriate.

3.2.5 Interp retation-scaled T emp o Curves

Un til no w, the time axis of a plot w as alw a ys scaled with regard to the reference. This is

imp ortan t for the conceptual understanding of temp o curv es and for the comparison of curv es

generated from di�eren t p erformances, but incon v enien t when w orking in a real-w orld p erfor-

mance analysis con text. Here, one w ould lik e to determine the temp o of a giv en in terpretation

at a sp eci�c p oin t in time t b y consulting this in terpretation's temp o curv e at t and using

the resp ectiv e v alue. A naïv e (but w orking) approac h w ould b e to recompute the desired
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Figure 3.12: Results of the FW C algorithm for w = 5 , time in seconds

temp o curv e with reference and in terpretation �ipp ed, resulting in an �in v erted� temp o curv e.

Main taining the horizon tal scale, this curv e could then b e in v erted again along the v ertical

axis to arriv e at the desired in terpretation-scaled temp o curv e. Ho w ev er, there are certain

disadv an tages to this approac h: Onset information is guaran teed to b e a v ailable and accurate

for the reference, but this is not necessarily the case for the in terpretation. Consequen tly , the

A W and FW C approac hes ma y not b e used for the recomputation.

F urthermore, the computational e�ort required for a fresh computation of the in v erted temp o

curv e from scratc h are not strictly sp eaking necessary , since the existing data already con tains

all necessary information to construct rescaled temp o curv es. The idea with this rescaling

approac h is simply to �w arp� the temp o curv e using the established w arping path.

Algorithm 3.4 describ es ho w this is done: Basically , one just has to establish ev aluation p oin ts

in the temp o curv e and then in terp olate b et w een the v alues of these p oin ts according to the

in terpretation data stream instead of the reference data stream. Ev aluation p oin ts can b e

c hosen according to note onsets, or just b e set to [1 : N ] for the case of FW temp o curv es.

In the algorithm, the searc h for the relev an t ev aluation p oin ts of the original temp o curv e is

p erformed in line 3. The v alues at these p oin ts are then en tered in to a new curv e (line 4).

W e k eep trac k of the in terpretation-scaled onsets b y up dating a set Orescaled that stores this

Algorithm 3.4 : Rescale , rescaling of temp o curv es to p erformance temp o

Input : temp o curv e � , onsets O = f o1; :::; oK g, w arping path pl = ( n l ; ml ) ( l 2 L )
Output : rescaled temp o curv e � rescaled

Orescaled  fg ;1

for k  1 to K do2

lk  maxf l 2 [1 : L ] j n l = okg;3

� rescaled(mlk )  � (ok ) ;4

Orescaled  Orescaled [ f mlk g;5

end6

� rescaled  Interpola te ( � rescaled , Orescaled);7
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3.2 W arping P ath Based T emp o Curv es

information (line 5). The algorithm as presen ted relies on the assumption that in terpretation-

scaled onsets are unique; if w e de�ne l i := max f l 2 [1 : L ] j n l = oi g, w e can state this

requiremen t as 8i; j 2 [1 : K ] : oi 6= oj ) ml i 6= ml j . Ho w ev er, this assumption is not

necessarily met b y the w arping path. T o implemen t line 4 correctly , one w ould therefore need

to compute � (mlk ) b y taking the a v erage o v er all � (oi ) where (oi ; mlk ) 2 p. F or didactic

purp oses, w e ha v e c hosen to retain the simple presen tation of the algorithm that is easier to

digest.

Figure 3.13 sho ws the result of a rescaling transformation: the time scale is c hanged according

to the length of the piece, but the temp o v alues are main tained. Notice that regions of the

in terpretation where the temp o is comparativ ely slo w tak e �longer� in the rescaled temp o curv e

than in the original curv e (e.g. at t = 35 s in the in terpretation-scaled curv e), and vice v ersa

for faster passages.

0 10 20 30 40 50 60 70

1/2

1

2

 

 

0 10 20 30 40 50 60 70 80

1/2

1

2

Figure 3.13: Comparing a regular temp o curv e (top) against a rescaled temp o curv e (b ottom),

time in seconds
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3.3 Dynamics Curves

As men tioned b efore, a useful w a y of lo oking at the alignmen t pro cess b et w een reference

and in terpretation is to regard it as an automated annotation of the in terpretation b y the

data pro vided in the reference. Suc h annotations facilitate extraction of m ultiple kinds of

p erformance c haracteristics, not just the temp o. In particular, targeting lev els other than the

b eat lev el for suc h extractions b ecomes feasible with the in tro duction of note-lev el annotations.

Since automated annotations directly b ene�t from an y impro v emen ts to the accuracy of the

DTW alignmen t algorithm, algorithms build on this basis are lik ely to yield b etter results o v er

time.

One example for ho w automatically generated annotations can b e exploited in the computation

of dynamics curv es is sho wn in Figure 3.14. Here, the dynamics of t w o di�eren t in terpretations

of the same piece are plotted according to the time axis of the reference instead of the time axis

of the p erformances. This is made p ossible b y using the annotations of the p erformances to

compute a kind of in v erse rescaling of a regular dynamics curv e: Where the original rescaling

pro cedure presen ted in the previous section translated from a reference-scaled temp o curv e to

an in terpretation-scaled curv e, the rescaling used in this case translates from in terpretation

time to reference time instead. The resulting reference-scaled dynamics curv es are useful in

comparing m ultiple p erformances with eac h other, since their time axes can th us b e normalized

to the reference. The example sho wn in Figure 3.14 demonstrates that clear correlations can

b e seen in suc h a direct comparison; Section 4.2.2 giv es a closer lo ok at ho w suc h dynamics

curv es relate to the p erformance analysis pro cess.

Information ab out the dynamics of a recording is computed in the follo wing w a y: The STMSP

features for all pitc h subbands of the input signal at a sp eci�c p oin t in time t are summed

up, with the result energyt b eing the energy of the whole signal at this p oin t. The dynamics

curv e at p oin t t is then de�ned b y log2(energyt + 1) .
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Figure 3.14: Dynamics curv es for t w o in terpretations of P athExp , time in measures
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3.4 Chapter Summary

3.4 Chapter Summa ry

The presen t c hapter in tro duced the main con tribution of this w ork: Three algorithmic metho ds

to automatically compute the temp o attributes of an expressiv e m usical recording, under a

w ell-grounded de�nition of �temp o�. The remainder of this w ork is concerned with establishing

data on the p erformance of these algorithms: Ho w reliable they can b e exp ected to b e, whic h

tec hnique deliv ers the b est results, ho w temp o information generated b y these algorithms lo oks

lik e and ho w it can b e used for p erformance analysis.

W e con tin ue b y presen ting an ev aluation on the tec hniques that incorp orates b oth quan titativ e

and qualitativ e asp ects.
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Chapter 4

Evaluation

The ple asur e we obtain fr om music c omes fr om c ounting, but c ounting unc onsciously.

Music is nothing but unc onscious arithmetic.

�Gottfrie d Wilhelm L eibniz (1712), quote d in Oliver Sacks,

The Man who Mistook his Wife f or a Ha t (1985)

An y discussion of a new approac h for the computation of temp o curv es for expressiv e m usic

recordings w ould of course b e incomplete without a prop er ev aluation of its e�ectiv eness. W e

divide this ev aluation of our approac h in to t w o distinct parts: The �rst part tries to quantify

the p erformance of the three tec hniques using measuremen ts aiming for maxim um ob jectivit y .

The second part is a delib erately sub jectiv e qualitative analysis that uses individual examples

to illustrate some asp ects of the v arious tec hniques. The t w o parts of the ev aluation are com-

plemen tary to eac h other�tak en together, they should con v ey a fairly complete p ersp ectiv e

of the adv an tages and shortcomings of the approac h presen ted in this w ork.

4.1 Evaluating Against Ground T ruth Data

In order to b e able to de�ne an ob jectiv e w a y of measuring the e�ectiv eness of our tec hniques,

w e �rst need to kno w exactly what output w e are trying to ac hiev e. Computing the mag-

nitude of deviations from that �ideal� goal is then a go o d w a y of establishing a quan ti�able

p erformance measure. Figure 4.1 outlines the pro cess that realizes this idea: Basically , w e

create a n um b er of arti�cial in terpretations for whic h an �ideal� ground truth

14

temp o curv e

is kno wn, compute a regular temp o curv e for eac h of these in terpretations, and compare these

computed curv es against the ground truth. The detailed steps are as follo ws:

Step 1. Generate a n um b er of reference MIDIs from a represen tativ e set of scores co v ering

sev eral di�eren t m usic genres. Syn thesize one or more temp o curv es for eac h of these

references according to a certain parameter set, and use the syn thetic curv es to w arp (or

distort ) the reference MIDIs. Create an audio represen tation from these w arp ed MIDIs

using a high-qualit y syn thesizer. This results in a n um b er of arti�cial interpr etations

that ha v e the temp o c haracteristics of the syn thetic curv es, i.e. the syn thetic temp o

curv es act as gr ound truth temp o curv es for the resp ectiv e arti�cial in terpretations.

These arti�cial in terpretations are stored as w a v e �les.

14

The term �ground truth� is deriv ed from remote sensing applications suc h as cartograph y and satellite

imagery and describ es data of a kno wn go o d qualit y that can b e used for measuremen t/calibration purp oses.
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Chapter 4 Ev aluation

Figure 4.1: Sc hematic outline of the ground truth ev aluation pro cess

Step 2. Using the reference/arti�cial in terpretation pairings from the �rst step, compute

temp o curv es for these in terpretations with all three tec hniques presen ted in this w ork

(for n umerous settings of w and wioi ). The only di�erence b et w een a regular use case of

our algorithms and this run is that the input data used here is syn thetic.

Step 3. Compare the temp o curv es computed in the second step with the syn thetic temp o

curv es generated in the �rst step. Ideally , these w ould b e iden tical, but in realit y there

will of course b e di�erences. Using some kind of distance metric, measure the resp ectiv e

deviations of the computed curv e from the desired ground truth.

F rom this pro cess, a set of measuremen ts is obtained that describ e the p erformance of the

three algorithms o v er a range of sev eral p ossible parameter settings. W e will no w sho w the

settings used for the generation of the ev aluation data presen ted in this w ork, then pro ceed

to in tro duce a suitable distance metric and presen t the actual obtained results.

4.1.1 Evaluation Scena rios

F or our ev aluation, w e pro duced data on a selection of 15 pieces from the R W C database

b y Goto et. al [GHNO02]. These pieces w ere c hosen with the in ten tion of represen ting three

di�eren t ma jor m usical �elds: Fiv e pieces w ere tak en from the class of W estern classical piano

m usic, �v e pieces con tained classical m usic not fo cused on the piano (mainly orc hestral), and

�v e pieces serv ed as exemplary p op/jazz w orks. The individual c hoices are listed in T able 4.1 ,

along with their resp ectiv e R W C ID for ease of reference. Since the sync hronization algorithm

at the foundation of our approac h dep ends on the a v ailabilit y of reliable onset information for

precise alignmen ts, w e exp ected the accuracy of computed temp o curv es to b e higher for the

data where this w as the case, whic h concerns the piano pieces in particular.

T o get a broad sp ectrum of analysis data, w e form ulated �v e di�eren t scenarios that presen ted

c hallenges of v arying degree of di�cult y to our tec hniques. W e delib erately included scenarios

that incorp orated somewhat realistic assumptions ab out the temp o attributes of a giv en piece

as w ell as scenarios represen ting unrealistic stress tests designed to exp ose the limits of our

approac h.
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R W C ID Comp./In terp. Piece Instrumen tation

C025 Bac h F uge, C-Ma jor, BWV 846 Piano

C028 Beetho v en Op. 57, 1st Mo v. (Appassionata) Piano

C031 Chopin Etude Op. 10, No. 3 (T ristesse) Piano

C032 Chopin Etude Op. 25, No. 2 (The Bees) Piano

C029 Sc h umann Rev erie (T räumerei) Piano

C003 Beetho v en Op. 67, 1st Mo v. (Fifth Symphon y) Orc hestra

C015 Boro din String Quartett No. 2, 3rd Mo v. Strings

C022 Brahms Hungarian Dance No. 5 Orc hestra

C044 Rimski-K orsak o v Fligh t of the Bum bleb ee Flute/Piano

C044 Sc h ub ert Op. 89, No. 5 (Der Linden baum) V oice/Piano

J001 Nak am ura Jiv e Piano

J038 HH Band The En tertainer Big Band

J041 Umitsuki Quartet F riction Sax/Bass/P erc.

P031 Naga y ama Mo ving Round and Round Electronic

P093 Burk e Sw eet Dreams V oice/Guitar

T able 4.1: Pieces used for quan titativ e tec hnique ev aluations

In a general sense, a scenario w as c haracterized b y three attributes whic h describ ed strength

and frequency of the temp o v ariations allo w ed in that scenario. In a more sp eci�c sense, eac h

scenario consisted of a n um b er of arti�cial in terpretations whic h w ere pro duced according to

these attributes. The syn thetic temp o curv es necessary for the pro duction of these in terpre-

tations w ere generated in the follo wing w a y: A ccording to the range of allo w ed v ariation, a

random n um b er generator pic k ed sev eral temp o indicators that prescrib ed a piece's temp o at

distinct p oin ts in time. The temp o w as then in terp olated b et w een these p oin ts to arriv e at

a relativ ely smo oth temp o curv e. T o accoun t for the inheren t v ariation of the randomized

pro cess, three di�eren t syn thetic temp o curv es w ere pro duced for eac h piece in this w a y�the

subsequen t ev aluation then computed data p oin ts for eac h of the curv es individually , and

returned an a v eraged result. Eac h scenario included all 15 �les, making the total n um b er of

arti�cial in terpretations and asso ciated temp o curv es of a single scenario 45, resp ectiv ely .

The three parameters that guided syn thesis of a scenario's temp o curv e w ere as follo ws:

Interp olation metho d. T w o di�eren t in terp olation mo dels w ere used. Line ar interp olation

p erformed a gradual c hange b et w een t w o tempi to mimic ritardandi and accelerandi,

while the step-function interp olation metho d main tained constan t temp o o v er a certain

amoun t of time, but then p erformed a sudden jump to another region of constan t temp o.

This situation arises in regular scores e.g. in the case of fermatas that register as sudden

slo w-do wns in the span of a single note in the temp o curv e.

Interp olation interval length. This in terv al describ es the duration of one segmen t of the ref-

erence that w ould b e w arp ed according to a constan t temp o in the case of step-function

in terp olation, or to a constan t acceleration/deceleration in the case of linear in terp ola-

tion. T w o di�eren t durations w ere used for this, one of 5 s and one of 10 s.

Interp olation range. The range of acceptable tempi concerns the output b oundaries of the

randomization algorithm, whic h w ere giv en in terms of the original temp o. Again, t w o
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Figure 4.2: Linearly in terp olated ground truth temp o curv e (blac k) appro ximated b y FW

(green), A W (blue) and FW C (red) tec hniques, time in seconds ( w = 3 s, wioi = 10 )

p ossible sp eci�cations w ere used: half to double the original temp o, and quarter to four

times the original temp o (allo wing temp o c hanges of up to a factor of 16).

The �v e scenarios used for the actual ev aluation w ere generated according to the follo wing

parameter settings:

Scenario In terp olation metho d In terp olation in terv al In terp olation range

1 Linear 10 s 1/2 to 2

2 Linear 5 s 1/2 to 2

3 Linear 10 s 1/4 to 4

4 Step-function 10 s 1/2 to 2

5 Step-function 10 s 1/4 to 4

The scenarios w ere ordered according to exp ected qualit y of p erformance, with Scenario 1 b eing

the easiest and Scenario 5 the hardest for the algorithms to pro cess. Figure 4.2 illustrates ho w

a sp eci�c ground truth temp o curv e (plotted in blac k) migh t lo ok lik e for the �rst scenario.

15

T o giv e a feeling for the relativ e p erformance that can b e exp ected for suc h a scenario, the

output of all tec hniques is plotted against this ground truth temp o curv e as w ell. In this

rather b enev olen t example, the appro ximation of all three algorithms sta ys mostly true to the

exp ected output. In comparison, output for the �fth scenario (Fig. 4.3) seems less accurate,

ev en though this particular example is still essen tially w ell-b eha v ed. Note the di�eren t temp o

scaling for the t w o �gures.

4.1.2 Evaluation Metric

The metric used to measure the �distance� of computed curv e deviations from the ground

truth temp o is motiv ated b y the idea of relating suc h a distance to the reference temp o

15

The curv e displa ys a small distortion compared to a fully linear curv e. This is due to the sp eci�c pro cess used

to generate the image and has no b earing on the fact that the p erformed in terp olation w as indeed linear.

46



4.1 Ev aluating Against Ground T ruth Data

0 20 40 60 80 100 120

1/4

1/2

1

2

4

Figure 4.3: Step-function in terp olated ground truth curv e (blac k) appro ximated b y FW

(green), A W (blue) and FW C (red) tec hniques, time in seconds ( w = 4 s, wioi = 10 )

laid do wn b y the ground truth. The goal is to group deviations b y sc ale rather than b y

absolute value . F or example, assume that the ground truth temp o curv e w as a simple constan t

distortion of the original temp o b y the factor t w o, i.e. the arti�cial in terpretation has double the

temp o of the reference. F urther assume that di�eren tly computed temp o curv es yield di�eren t

appro ximations of the ground truth: In one case, the temp o is estimated to b e constan tly 1,

in the other case the result comes out as a constan t 4. This means that the t w o computations

estimate the temp o of the arti�cial in terpretation to b e equiv alen t to the original temp o or four

times the original temp o, resp ectiv ely . Ho w ev er, in relation to the actual (ground truth temp o)

of 2, b oth appro ximations ha v e the same error ratio: The �rst computation underestimates

this actual temp o b y a factor of t w o, the second one o v erestimates it b y the same factor. Since

neither of these estimations has a qualitativ e di�erence o v er the other, the distance measure

should assign the same error v alue to b oth of these �a w ed appro ximations.

T o ful�ll this requiremen t, w e de�ne a distance measure � as follo ws: Let N 2 N b e the length

of a feature sequence describing a giv en m usical piece, n 2 [1 : N ] an arbitrary but �xed

index in to this sequence, g : [1 : N ] ! R� 0 a ground truth temp o curv e of an (arti�cial)

in terpretation of this piece and � : [1 : N ] ! R� 0 a temp o curv e computed for the same

in terpretation of the piece. Then, the distance measure � : [1 : N ] ! R� 0 b et w een g and � is

a function de�ned b y

� �
g (n) :=

�
�
�
� log2

�
� (n)
g(n)

� �
�
�
� � 100

Here, dividing the computed temp o curv e v alue b y the ground truth v alue ac hiev es the desired

e�ect of measuring error scale rather than error v alue. T aking the logarithm of the resulting

v alue has t w o di�eren t purp oses: The �rst is to emphasize small-scale deviations from the

ground truth temp o and lessen the impact of outliers, the second is to adjust the computed

v alues to the graphical plots of the temp o curv es that use a logarithmic temp o scale as w ell.

Since deviations of the computed curv e from the ground truth temp o curv e turn out to b e

seldom larger than b y a factor of t w o (i.e. half or double the ground truth temp o), and the

binary logarithm tak es on an almost linear shap e in the in terv al [0:5; 2], this do es not a�ect
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the computed v alues to o m uc h. The sign of the computed v alue is discarded since w e are

not in terested in the resp ectiv e nature of the deviation. Lastly , the computed v alue is scaled

up sligh tly since most measuremen ts fell in to the range b et w een 0.01 and 0.20. This b ecame

incon v enien t to displa y , so the v alues w ere translated to 1 and 20, resp ectiv ely . The result

appro ximates a measure of deviation in p ercen t of the original temp o,

16

so a v alue of � �
g (n) = 2

can b e tak en to mean that � deviates from g in the order of 2% at p oin t n �for a sample temp o

of 120BPM, a deviation in the order of 2:4 BPM.

The result of ev aluating � �
g at all p oin ts n 2 [1 : N ] is a data sequence describing p oin t wise

deviations of the computed temp o curv e from the giv en ground truth temp o. Three c har-

acteristics of this result sequence are of particular in terest: The mean v alue, the maxim um

v alue and the standard deviation of the complete data set. Of these, the mean represen ts

�o v erall p erformance qualit y� of the ev aluated tec hnique, the maxim um indicates outlier v al-

ues that ma y b e the result of sync hronization errors resulting in a fault y w arping path, and

the standard deviation can b e tak en as a reliabilit y measure of the tec hnique�the higher

the standard deviation, the less con�dence can b e placed in the tec hnique's temp o estimate

for a giv en p oin t in time. Result tables are giv en in terms of these three indicators. Here,

results for individual �les are repro duced in full in the app endix (T ables A.1�A.16), but will

b e sho wn in an abridged v ersion for the discussion of this c hapter. In particular, the abridged

table con tains only a v erage v alues for the di�eren t instrumen tal classes and an o v erall a v erage.

Maxim um v alues are left out in the abridged table, since they are indicativ e of exceptional

outliers rather than the more in teresting regular b eha vior of the tec hniques.

4.1.3 Evaluation Results

In the follo wing, w e presen t and discuss the ev aluation results for eac h of the �v e scenarios

individually . F or eac h scenario, abridged result tables will sho w t ypical ev aluation data, with

the full tables repro duced in the app endix. In all tables, the quoted v alue for the parameter w
designates the input for b oth the FW and the FW C tec hnique, so that their individual results

are directly comparable (i.e., impro v emen ts from FW to FW C tec hnique inside the con text of

one table are alw a ys due to IOI correction of the w arping path).

Scena rio 1

The �rst scenario uses a conserv ativ e con�guration for temp o v ariations and can th us b e said

to b e somewhat b enev olen t. This do es not mean that it's not represen tativ e of �real-w orld�

settings�in fact, the assumption that temp o c hanges o ccur ev ery ten seconds and ma y range

within a factor of up to 4 in relation to a previous temp o is v alid for a large n um b er of cases.

The only thing that is excluded here are sudden c hanges of the temp o, as in the case of e.g.

fermatas.

T ables A.1�A.4 sho w the complete ev aluation results of this scenario for ev er larger settings of

w and wioi . While the settings of T able A.1 represen t a v ery mo derate smo othing con�guration,

16

The result w ould b e precisely equiv alen t to suc h a p ercen tage if w e set � �
g (n) :=

�
�
� � ( n )

g( n ) � 1
�
�
� �100 for � (n) � g(n)

and � �
g (n) :=

�
�
� g( n )

� ( n ) � 1
�
�
� � 100 otherwise. This is ob viously not as elegan t as the logarithmic solution.
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FW A W FW C

Results b y instrumen tal class

mean std mean std mean std

A v erage o v er piano 5.66 10.42 5.50 9.07 3.25 6.24

A v erage o v er non-piano 4.17 5.20 5.91 8.48 3.22 4.17

A v erage o v er jazz/p op 3.67 5.10 6.80 10.78 3.20 4.70

A v erage o v er all 4.50 6.90 6.07 9.44 3.22 5.04

T able 4.2: Results for Scenario 1, w = 3 s, wioi = 10

FW A W FW C

Results b y instrumen tal class

mean std mean std mean std

A v erage o v er piano 4.90 8.33 6.19 9.11 3.19 5.98

A v erage o v er non-piano 3.55 4.39 4.65 5.70 2.89 3.78

A v erage o v er jazz/p op 3.15 4.31 4.53 6.29 2.81 4.10

A v erage o v er all 3.87 5.68 5.12 7.03 2.96 4.62

T able 4.3: Results for Scenario 1, w = 4 s, wioi = 20

T able A.4 sho ws the e�ects of emplo ying m uc h stronger adjustmen ts. Here and in the other

scenarios, the v alues of w and wioi are c hosen in suc h a w a y that one table sho ws optimal

results for the scenario, and the other tables sho w results resulting from sub optimal settings

of w and wioi . This is done in order to giv e a feeling for the dimension of c hange that can

b e exp ected when exp erimen ting with di�eren t parameter settings in di�eren t scenarios. F or

the sub optimal results, the parameters w ere c hosen b y mo difying the �optimal� parameters

un til a clear trend could b e iden ti�ed in the new result table. In general, this mean t larger

v ariations in the case of wioi than for w .

Optimal settings for the �rst scenario are found in T ables A.2 and A.3. Abridged v ersions

of these are giv en in T ables 4.2 and 4.3 . Ov erall, the FW/FW C tec hniques pro duce their

b est results for w = 4 , with single �les (lik e the second Chopin Etude C032 ) p erforming

b etter for w = 3 . The A W tec hnique pro�ts from the high settings of wioi in T able 4.3, but is

generally outp erformed b y the other t w o tec hniques. Of the three tec hniques, FW C do es b est,

whic h w as to b e exp ected since it is the most sophisticated. The somewhat disapp oin ting

p erformance of the A W tec hnique is most probably due to the fact that in regions of high note

densit y , the smo othing is not strong enough; ho w ev er, setting the wioi parameter to a higher

v alue in tro duces to o m uc h blur in other regions. Here, the ev aluation sho ws that the curren t

approac h of using a �xed parameter for wioi is not �exible enough.

One surprising �nding is that this scenario do es not exhibit the exp ected adv an tage of piano

m usic o v er other st yles. This seems to b e due to t w o factors: On one hand, there is a v ery

go o d alignmen t qualit y for the non-piano and jazz/p op pieces that k eeps temp o curv e errors

quite lo w. F or suc h �harmless� distortions as used in this scenario, the harmonic progressions

in these pieces seem to b e su�cien t for the alignmen t algorithm to pro duce v ery accurate

results. On the other hand, the C-Ma jor F ugue from the W ell-T emp ered Cla vier ( C025 )

su�ers from a comparativ ely bad p erformance o v er all tec hniques. This raises the suspicion

that the fault lies with the sync hronization, whic h is con�rmed b y the temp o curv e generated
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Figure 4.4: A sync hronization error a�ecting temp o curv e computation, time in seconds

for the �rst of the three syn thetic distortions used for this piece in this scenario (Fig. 4.4 ):

Here, a sync hronization error b ecomes clearly visible in the region from t = 88 s to t = 97 s.

The probable cause of this negativ e e�ect seems to b e the rapid temp o c hange in this region

that switc hes from a nearly maximal temp o to the lo w est p ossible v alue.

The go o d p erformance of single �les for a windo w size of w = 3 for the FW C case is lik ely due

to an in v erse e�ect: Here, exceptionally go o d alignmen ts allo w the obtaining of high-qualit y

results (e.g. Rimski-K orsak o v, C044 , mean error 1:39 for w = 3 and 1:66 for w = 4 ), for

whic h a smaller windo w size is b etter suited as it preserv es the accuracy of the sync hronization

without blurring the regions of temp o c hanges.

Ov erall, the results seem v ery go o d in this scenario, with T able 4.3 represen ting a kind of ideal

case. The e�ect of broader windo w size in the FW/FW C cases seems to b e adv an tageous up to

a size of ab out w = 4 , after whic h the detrimen tal e�ects of slo w er adaptabilit y to new tempi

seem to dominate the result. A windo w size of w = 3 pro duces b etter results only for sp ecial

cases. The A W tec hnique exhibits an o v erall p o orer p erformance, while still main taining a

comparativ ely high qualit y lev el. Outliers are most pronounced in the A W case, indicating a

certain brittleness of the design that is also re�ected in a sligh tly higher standard deviation.

The FW C tec hnique seems most robust in the face of the comparativ ely easy c hallenges p osed

b y this scenario, and clearly b ene�ts from the IOI in terp olation as can b e seen b y the di�erence

to the �plain-v anilla� FW tec hnique.

The temp o v ariations con tained in this setting are represen tativ e of man y real-w orld scenarios,

hence the go o d p erformance of the tec hniques serv e as v alidation that usage of the FW C

tec hnique is appropriate to deriv e temp o estimations of fair accuracy in these cases.

Scena rio 2

The second scenario in tro duces more frequen t temp o c hanges in to an otherwise still b enev olen t

setting: The distance b et w een regions of di�eren t acceleration is no w 5 s instead of 10 s. The

result data (T ables A.5�A.7) con�rms the exp ected e�ects of this: Ov erall qualit y is still

v ery high, with a sligh tly lo w er baseline due to a greater n um b er of temp o c hange lo cations.

50



4.1 Ev aluating Against Ground T ruth Data

FW A W FW C

Results b y instrumen tal class

mean std mean std mean std

A v erage o v er piano 6.85 10.24 7.36 9.99 4.55 6.84

A v erage o v er non-piano 5.81 7.72 7.22 9.25 4.95 6.91

A v erage o v er jazz/p op 4.98 6.96 6.98 9.96 4.48 6.36

A v erage o v er all 5.88 8.31 7.19 9.73 4.66 6.70

T able 4.4: Results for Scenario 2, w = 3 s, wioi = 12

Best results are obtained b y smaller windo w sizes than in the previous example, with optimal

p erformance at w = 3 and wioi = 12 (T able 4.4). This is an ob vious and exp ected result of

shortening the in terp olation in terv al length, since the new setting demands higher adaptabilit y

of the algorithms to a new temp o that can only b e gained b y smaller windo w sizes. F or the

FW C tec hnique, results for the piano pieces are comparativ ely b etter than in the �rst scenario,

as the Bac h F ugue C025 is no w pro cessed correctly�this is esp ecially pronounced for w = 2 ,

where the algorithm can pro�t from the high qualit y of a v ailable onset information. Still,

sync hronization results are go o d enough for the other st yles (jazz/p op in particular) that

there is no clear adv an tage for an y of the three classes in the general case.

Scena rio 3

The third scenario p oses the �rst great c hallenge to the three tec hniques. Ev en though the

in terp olation in terv al is scaled bac k to 10 s, the in terp olation range of 1/4 to 4 allo ws for

accelerations/decelerations of up to factor 16. This pro v es to o m uc h for a prop er alignmen t:

The results of T ables A.8�A.11 sho w that most pieces are a�ected b y more or less serious

sync hronization errors. Only three pieces are exempt, with the piano pieces �nally pro�ting

from b etter a v ailabilit y of onset information�t w o of the three pieces are of this class (Bac h

C025 and Chopin C032 ), with the third piece (Rimski-K orsak o v C044 ) also b eing partly

arranged for the piano. This last piece also had consisten tly excellen t p erformance in Scenarios

1 and 2, whic h implies that it is esp ecially w ell suited for the emplo y ed alignmen t pro cedure.

P erformance impro v es in all instrumen tal classes for relativ ely strong smo othing con�gurations

(T able 4.5 ). Ho w ev er, this impro v emen t is relativ e: Sync hronization errors dominate the

o v erall result, whic h has a lo w baseline that cannot b e m uc h p olished, ev en using extreme

a v eraging parameters (T able A.11).

Figure 4.5 illustrates ho w these n um b ers translate in to �real-life� p erformance. Aside from

sync hronization errors ranging from negligible to catastrophic (e.g. for the FW tec hnique,

whic h sho ws a maxim um deviation of 721:95 at t = 120 s), there are a n um b er of other

in teresting phenomena to b e observ ed. W e can iden tify t w o lo cations of high acceleration

follo w ed b y abrupt deceleration ( t = 74 s and t = 103 s), whic h the A W tec hnique a v erages

out in b oth cases to pro duce results signi�can tly b elo w the temp o p eak. The same happ ens to

the FW/FW C tec hniques in the second case, but in the �rst one, the temp o c hange pro v ok es

a greater confusion. In this instance, the c hange seems to b e registered at a sligh tly earlier

place in time than when it actually happ ens.
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Figure 4.5: Sample result for Scenario 3, Sc h umann C029 , w = 3 , wioi = 12 , time in seconds

FW A W FW C

Results b y instrumen tal class

mean std mean std mean std

A v erage o v er piano 19.12 32.14 21.94 31.73 16.44 28.38

A v erage o v er non-piano 21.92 35.03 23.93 35.84 20.88 34.58

A v erage o v er jazz/p op 27.45 40.26 29.57 42.48 26.95 40.25

A v erage o v er all 22.83 35.81 25.15 36.68 21.42 34.40

T able 4.5: Results for Scenario 3, w = 4 s, wioi = 20

Another �strange� o ccurrence tak es place at t = 30 s: Here, it seems that the FW/FW C temp o

curv es o v ersho ot the actual temp o, but then correct this error b y underestimating the temp o of

the follo wing t w o seconds un til the appro ximations con v erge at the actual ground truth curv e

again. Suc h a pattern o ccurs when an imp ortan t sync hronization ev en t (e.g. a note onset or

a harmonic c hange) is aligned to an earlier place in time than when it actually o ccurs, while

the information in the surrounding con text is pro cessed accurately . F or example, in a setting

where a note onset o ccurs ev ery three b eats, the region [1 : 9] migh t b e ev aluated in suc h a w a y

that onsets are not placed at times 1, 4 and 7 (as w ould b e accurate), but at times 1, 3 and

7 instead. The distance b et w een �rst and second onset is then shortened (with resp ect to the

actual distance), and the distance b et w een second and third onset is lengthened. This w ould

cause the temp o in the �rst region to b e o v erestimated b y a factor of 1/3, and the temp o in

the second region to b e underestimated b y the same factor. The resulting temp o curv e w ould

then resem ble the temp o curv e gained for the Sc h umann piece at t = 30 s. Similar scenarios

are of course p ossible for the rev erse case as w ell.

A relativ ely consisten t phenomenon is the mangling of b eginning and end of a piece b y all

three algorithms. This is due to three factors: First of all, lac k of data in these regions,

17

secondly the inadequacy of the assumption that temp o is constan tly 1 at regions not de�ned b y

17

Whic h is a problem since temp o is alw a ys dep enden t on con text�after all, what is the temp o of a single

note? A t the b eginning and the end, this con text information is simply absen t.
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the w arping path (indeed, results seem to b e more con vincing for ground truth temp o curv es

where b eginning and end happ en to coincide with a temp o of 1), and thirdly the b eha vior of

the DTW sync hronization algorithm in these b oundary cases, whic h sometimes lea v es a little

ro om for impro v emen t.

Scena rio 4

The fourth scenario again limits the maximal factor of temp o c hange to 4, but instead allo ws

v ery rapid p erio ds of c hange follo w ed b y regions of constan t temp o. Con trary to our exp ecta-

tions, this scenario actually pro duced b etter results than the previous setting since it did not

pro v ok e suc h a great n um b er of sync hronization errors. The limiting factor here w as again the

size of the a v eraging windo w, with the algorithms needing to adapt to c hanges quic k er than

in the otherwise comparable �rst scenario. The nature of these c hanges in this scenario leads

to an o v erestimation of the o v erall error: Figure 4.6 sho ws the error curv e for a sp eci�c �le of

the scenario together with the corresp onding mean error. T emp o curv e results for this �le are

sho wn in �gure 4.7 . It can b e seen that ev en though the error baseline is m uc h smaller than

the mean error, the great deviations caused b y the rapid temp o c hanges inhibit b etter results

in this case.

T ables A.12�A.15 sho w results that lie somewhere b et w een Scenarios 2 and 3 in terms of o v erall

qualit y . Windo w sizes of w = 2 and w = 3 pro v e optimal for the FW/FW C algorithms, and
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Figure 4.6: Mean error (red) vs. actual error curv e � �
g (blue) for Scenario 4, Bac h C025 , � computed

using the FW C tec hnique ( w = 3 ), time in seconds
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Figure 4.7: Ground truth temp o curv e (blac k) and FW C temp o curv e (red) for Scenario 4, Bac h

C025 , w = 3 , time in seconds

53



Chapter 4 Ev aluation

FW A W FW C

Results b y instrumen tal class

mean std mean std mean std

A v erage o v er piano 13.55 22.57 10.17 18.46 9.26 17.13

A v erage o v er non-piano 10.29 15.16 9.31 14.59 8.95 14.37

A v erage o v er jazz/p op 10.39 16.24 11.42 18.99 9.67 15.99

A v erage o v er all 11.41 17.99 10.30 17.35 9.29 15.83

T able 4.6: Results for Scenario 4, w = 3 s, wioi = 12

FW A W FW C

Results b y instrumen tal class

mean std mean std mean std

A v erage o v er piano 54.49 71.30 51.70 62.05 46.60 62.39

A v erage o v er non-piano 49.97 62.91 50.31 62.37 47.85 61.37

A v erage o v er jazz/p op 55.72 64.93 55.71 66.00 54.69 64.91

A v erage o v er all 53.39 66.38 52.57 63.47 49.71 62.89

T able 4.7: Results for Scenario 5, w = 3 s, wioi = 20

the A W tec hnique pro duces b est results for wioi = 12 (T able 4.6). The other visible trends

are rep etitions of phenomena rep orted in earlier scenarios: The FW C tec hnique con tin ues to

outp erform the other tec hniques, larger windo w sizes impro v e p erformance in cases of bad

sync hronization and impair p erformance in cases of go o d sync hronization, and p erformance

on piano pieces is (non-signi�can tly) b etter than for other st yles.

Scena rio 5

In the �nal scenario, the p erformance �nally breaks do wn in full. No piece can b e sync hronized

without errors; Figure 4.8 illustrates wh y this is the case. As can b e seen there, the extreme

temp o v ariations on a v ery small time range do not p ermit satisfactory sync hronization results.

W e only repro duce one result table (T able 4.7 ) to demonstrate the output range that is to

b e exp ected in suc h a scenario. Not m uc h can b e said here, other than that an y amoun t

of smo othing is of course w asted on a fault y sync hronization�results of the temp o curv e

estimation will b e b etter once these errors can b e remo v ed.

4.1.4 Evaluation Summa ry

The �v e scenarios that w ere ev aluated demonstrate that in general, the presen ted tec hniques

(and the FW C approac h in particular) w ork w ell for the extraction of temp o c haracteristics

of a piece of m usic. The three most realistic Scenarios 1, 2 and 4 feature mean error rates

a v eraging b et w een 2�10, whic h is accurate enough for MIR applications concerned with phrase-

lev el temp o attributes. Using the FW C tec hnique with a windo w size of w = 3 seems to b e the

b est compromise b et w een result precision and robustness against sync hronization artifacts�if

the alignmen t is kno wn to b e unreliable, a c hoice of w = 4 ma y b e b etter suited, and if high

alignmen t qualities can b e exp ected, w = 2 enables obtaining of higher-precision results.
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0 20 40 60 80 100 120

1/4

1/2

1

2

4

Figure 4.8: Sample result for Scenario 5, Bac h C025 , w = 3 , wioi = 20 , time in seconds

In case of signi�can t sync hronization errors, the tec hniques do not estimate the temp o reliably .

In our settings, suc h errors w ere pro v ok ed mostly b y drastic temp o distortions that do not

o ccur in practice, but ev en for simple cases suc h as in the �rst scenario, the DTW pro cedure

o ccasionally computed fault y w arping paths that resulted in a deteriorated p erformance. F or

the practical usage of the presen ted approac h, it will b e necessary to compute estimations of

the alignmen t qualit y at the time of m usic sync hronization in order to b e able to judge during

whic h passages of a piece the temp o estimations migh t b ecome unreliable.

Of the three tec hniques, the FW C tec hnique is an easy c hoice as the b est candidate for practical

emplo ymen t: In all �v e scenarios, it pro duced the b est results b oth in terms of precision and

robustness. The A W tec hnique ma y ha v e merit as a basis for further dev elopmen ts that

op erate on note-lev el structures; the FW tec hnique is primarily useful as a didactic device for

the subsequen t in tro duction of the FW C approac h.

4.2 Evaluating Selected Musical Examples

Although the quan titativ e ev aluation of the presen ted tec hniques indicated that they w ere

w ell suited to b e used for p erformance analysis purp oses, their practical b ene�t has not y et

b een demonstrated. This section sho w cases sev eral di�eren t examples whic h illustrate that

the approac h can indeed b e used to deriv e m usically in teresting statemen ts ab out sp eci�c

p erformances. F or this, w e compute p erformance curv es for v arious in terpretations of W estern

classical piano pieces that w ere either tak en from o�-the-shelf recordings or pro duced for our

in ternal database, and discuss ho w they relate to m usical prop erties of the resp ectiv e pieces.

Since the FW C tec hnique has b een sho wn to yield the b est results during the quan titativ e

ev aluation phase, all qualitativ e ev aluations will b e done using this tec hnique.

P erformance analysis tec hniques can often b e classi�ed as either b eing concerned with simi-

larities or c ommonalities of pla ying st yle in the in terpretations of di�eren t artists (or ev en in
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di�eren t p erformances b y the same artist), or fo cusing on systematic di�er enc es b et w een v ar-

ious in terpretations of the same piece (usually done b y di�eren t artists). In the �rst case, the

main researc h goal is to disco v er univ ersal rules that go v ern pla ying st yle and m usical in ter-

pretation of a comp oser's in ten tions; in the second case, the goal lies in iden tifying the unique

traits of an artist's pla ying st yle that distinguish his p erformances from those b y di�eren t

artists. Examples of b oth kinds of researc h will b e discussed in Chapter 5.

Our qualitativ e ev aluation is divided in a similar manner. W e b egin b y sho wing similarities

across di�eren t in terpretations of the same piece that ha v e straigh tforw ard m usical explana-

tions, in order to demonstrate that our approac h yields the exp ected results in suc h a case.

4.2.1 Evaluation F o cusing on Common Interp retational T raits

Although eac h artist has his o wn idiosyncratic pla ying st yle that can b e instan tly recognizable

in the case of an established p erformer who has had the time and exp erience to dev elop a unique

artistic iden tit y , they all sp eak the same m usical language. An y score written in a sp eci�c

st yle calls for an in terpretation that do es justice to the m usical demands and exp ectations of

that st yle, and this will b e re�ected in the resp ectiv e p erformer's pla ying st yle. The range

of this m usical exp ectations extends from fundamen tals lik e phrasing and shaping of m usical

dev elopmen ts to agogical asp ects lik e the in terpretation of indicators suc h as �staccato�. In

this section, w e will fo cus on the more basic asp ects that ha v e clear groundings in the m usical

score whic h will b e repro duced alongside the resp ectiv e temp o curv e.

Rob ert Schumann: Kinderszenen op. 15 no. 7, �T räumerei�

In the �rst example, w e will discuss the �rst eigh t measures of the p opular �T räumerei� from

Sc h umann's �Kinderszenen�. Here, three di�eren t in terpretations w ere analyzed with resp ect

to their relation to the score (Fig. 4.9 ). T w o of the in terpretations w ere tak en from regular

CD recordings, while a third one w as pro duced b y a mem b er of our w orkgroup with a strong

m usical grounding (V erena K onz). First of all, notice that the basic shap es of the temp o curv e

ha v e a surprisingly high degree of correlation. Ev en though their temp o baseline di�ers, the

di�eren t artists ha v e c hosen similar w a ys of illustrating the structure of the score. The �rst

m usical p oin t of rest reac hed b y the p erformers is the sub dominan t B c hord of the second mea-

sure, whic h coincides with a temp orary melo dic climax (the soprano v oice's f

00
). A ccordingly ,

the temp o curv e sho ws a deceleration in the second measure for all three in terpretations.

T o underline the stronger sense of action con v ey ed b y the eigh th mo v emen ts of measure three,

all pianists c ho ose a faster pace that reac hes or exceeds their previous maxim um temp o. This

heigh tened sense of mo v emen t comes to a rest on the dominan t C c hord of measure 4, whic h is

in turn resolv ed in the next measure b y the tonic F. T w o of the three in terpretations emphasize

this striving to w ards the resolution b y giving the bass mo v emen t leading to the tonic ro ot note

a distinct accelerando/ritardando shap e.

The harmonic and melo dic climax of this excerpt of the piece is reac hed in measure 6, where

all three p erformers tak e some time to let the listener appreciate the susp ense created b y the

A

7
c hord that leads in to the d c hord of measure 7. T o create an adequate feeling of closure

at the end of the completed m usical though t, all in terpretations follo w the giv en phrasing

56



4.2 Ev aluating Selected Musical Examples

��

��

���������

���������	
��



��

��

� �

�
� �

� �� ��
�
�

�� � � � �� � � � �
� �
� �

� �
�

� �
� �� ��

� �
��� ��

� � �
� � �

� �
� �

�
� �

�
�
� �

� � �
� �

� � � � � �
� � � �� � � � � �

�

��

��

� �
�
� �� ��

�
�

�� � � �� ���
� � � � � � � � �

� � � � � ���
�
� �
� � �� �

� � �
�������

���� ���
� � ��

� � � � �
� �
� �

�
� ��

�
� �
� � � ��� ��

�����
�

�� �� ������
� ��

�
� � �

� � �� �

�

� �

� �

1 2 3 4 5 6 7 8
40

60

80

100

120

140

160

180

 

 

Figure 4.9: Three in terpretations of Rob ert Sc h umann: Kinderszenen op. 15, �T räumerei�, time in

measures, temp o in BPM, w = 2

direction that implies a somewhat uniform temp o from the middle of measure 6 un til the �nal

target of the tonic F in measure 8 is reac hed. The ritardando of measure 8 is approac hed b y

all p erformers a bit earlier than indicated, b eginning at the end of measure 7. This ma y b e

a result of prolonging the sense of unresolv ed tension on the diminished sev en th c hord that

precedes the �nal measure.

The last measure sho ws one di�erence b et w een the t w o CD recordings and our �custom-made�

recording: Both regular recordings gather sp eed again to launc h in to a new rendition of the

rep eat section, while the third in terpretation did not p erform the rep etition and so comes to

a full stop on measure 8.

Ov erall, this example demonstrates that the shap e of the temp o curv es results from the p er-

former's in terpretation of the m usical meaning of the score, as should b e exp ected. The
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phenomena visible in all three in terpretations ha v e clear explanations that in the ma jorit y

of all cases can b e deduced from the score, and do not app ear to b e the result of arbitrary

pro cesses of c hance. Moreo v er, the three temp o curv es b ear a strong resem blance to eac h

other, giving credence to the claim that the harmonic and structural demands of this piece

dominate individual artistic pla ying st yle in this example.

Ludwig van Beethoven: Sonata No. 8 op. 13 �P athétique�

An example whic h illustrates that our approac h is capable of unco v ering unexp ected similar-

ities b et w een di�eren t p erformances of a piece is giv en in Figure 4.10 . Here, the in terpre-

tations w ere p erformed b y t w o studen ts of a common piano class at the Saar A cadem y of

Music. Their actual temp o shaping is not relev an t in this con text, hence the accompan ying

score is not sho wn here (it is, ho w ev er, repro duced in Figure 4.17 ). Striking ab out the t w o

in terpretations is their c hoice of nearly iden tical absolute temp o for measures 5�10. W e can

only sp eculate ab out the reason for this�they ma y ha v e practiced together, or they ma y ha v e

receiv ed similar instructions b y a common teac her. Ho w ev er, their temp o phrasing seems to o

m uc h alik e to dismiss this result as a mere coincidence.

18

Disco v ering suc h similarities could

p oten tially b e automated b y using the distance measure � on pairwise com binations of suc h

in terpretations and searc hing for regions where the results fall b elo w a certain threshold.
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Figure 4.10: Iden tical phrasing b y t w o pianists: P athBeg , time in measures, temp o in BPM, w = 3

A second example from the same score illustrates ho w p erformers handle the transition from

one region of thematic material to the next. Suc h a c hange o ccurs in the Beetho v en sonata

e.g. in measures 49/50 (Fig. 4.11 ). Here, the second theme of the sonata's �rst mo v emen t

is in tro duced for the �rst time. Beetho v en mo dulates from the �rst theme in c minor to the

second theme in e [ minor b y mo ving from A [ ma jor (measure 39) to B [ ma jor (measure 42),

18

Another case that turned up during our analysis seemed to o p erfect to b e true: Here, the t w o temp o curv es

where almost exactly iden tical o v er the whole course of the piece. Exploration of this quic kly rev ealed that

the same recording had found its w a y in to our database t wice b y acciden t, the t w o only di�ering b y sample

rate. Of course, this explanation can b e ruled out for the in terpretations of Figure 4.10 .
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Figure 4.11: Thematic c hange in P athExp (M. 42�55) re�ected in temp o curv es of v arious in terpre-

tations (M. 25�75), time in measures, temp o in BPM

the dominan t of the new k ey of the second theme. In measure 51, the dominan t resolv es in to

the temp orary new tonic for the �rst time, and the second theme is stated.

The temp o curv es whic h w ere computed from sev eral in terpretations p erformed b y studen ts

of the piano class men tioned earlier on clearly sho w that all p erformers recognized this as an

imp ortan t structural ev en t. Dep ending on their initial temp o, they approac hed the passage

di�eren tly: Those who had p erformed the preceding section in a fast temp o had a general

tendency to slo w do wn, in three cases ev en resting for a short while on the �rst b eat of measure

49 b efore con tin uing in a sligh tly slo w er temp o than b efore. On the other hand, p erformers

who displa y ed a slo w initial temp o used this transition to sp eed up their in terpretation, in

some cases ev en arriving at a higher temp o rate than reac hed b y their fello w studen ts who

had a faster initial temp o.

The commonalit y across the di�eren t in terpretations here do es not lie in a similar temp o

structure that w as c hosen b y all, but rather in the fact that this structural ev en t w as tak en

b y all p erformers as a reason to c hange their initial temp o. This indicates a similar m usical

understanding of the structure of the score, ev en if the individual in terpretation of ho w this

structure could b est b e con v ey ed to the listener di�ered from artist to artist.
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Chapter 4 Ev aluation

F ranz Schub ert: Winterreise D911 No. 5, �Der Lindenbaum�

A ric h source of examples b oth for similarities and systematic di�erences among in terpretations

can b e found in the large v ariet y of recordings a v ailable of Sc h ub ert's Win terreise (for v oice

and piano), e.g. in the Lied �Der Linden baum�. One case in p oin t can b e made for the

ending of this piece that sho ws nearly uniform shaping among man y commercially a v ailable

in terpretations (Fig. 4.12 ). Here, the emotional a�ect of the song seems to call for a sp eci�c

m usical in terpretation that is univ ersally understo o d and answ ered. The calmness suggested

b y the lyrics of measures 72�76 is re�ected b y a ritardando that comes to a resting p oin t at the

end of the phrase in measure 76. After the sung part of the piece has ended, the pianist pla ys
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Figure 4.12: Consisten t ending forms for F ranz Sc h ub ert: Win terreise D911, �Der Linden baum�

(M. 72�82), time in measures, temp o in BPM
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a few measures of what could b e called m usical afterthough ts that recall the agitation felt b y

the song's protagonist as he is thinking of the lime tree's rustling branc hes, sym b olized b y

the c haracteristic triplet �gures. In accordance with this in terpretation, all pianists accelerate

the temp o un til they come to a temp orary rest on measure 78, then dra w a wider phrase that

climaxes at an ev en higher temp o till the �nal fermata is reac hed.

4.2.2 Evaluation F o cusing on Systematic Di�erences in Interp retation

As w as already partly illustrated b y the �P athétique� example of the preceding section, the

individual understanding of a piece's m usical la y out or a sp eci�c m usical notion can di�er

v astly b et w een di�eren t artists. Ho w ev er, the most in teresting cases are not found in the

lone exception to an otherwise unquestioned rule of p erformance (although these are of course

relev an t in their o wn righ t), but rather in systematic di�erences b et w een t w o or more classes

of in terpretational though t. Simply put, in suc h a case there is one group of artists who decide

on one course of action, and another group of artists that c ho oses a di�eren t approac h. Both

of these c hoices ma y b e v alid in terpretations of the m usical source material, but they highligh t

the p ersonal preferences and sensibilities of the p erformer.

F ranz Schub ert: Winterreise D911 No. 5, �Der Lindenbaum�

The same recordings that w ere already used to demonstrate commonalities among m ultiple

in terpretations of Sc h ub ert's �Linden baum� of course also exhibit sections where di�eren t

in terpretations mak e use of di�eren t approac hes. One suc h section can b e found directly

at the b eginning of the piece: Figure 4.13 sho ws ho w the phrase shaping of the �rst sev en

measures is p erformed in these recordings. Beginning in measure 4, t w o classes of p erformers

can b e distinguished: The �rst class pain ts measures 4�6 as a big phrase with a roughly

uniform temp o that ends with a caden tial mo v e to f ] minor in measures 6�7.

19

In con trast,

p erformers of the second class in tro duce a relativ ely early temp o relaxation in measures 4�5

and main tain the slo w er temp o throughout measures 6 and 7. There is no clearly discernible

m usical reason for this pattern, other than that the four artists who implemen t it ob viously

feel di�eren tly ab out the implications of this part of the comp osition than the �rst class of

p erformers.

Another section of this song that exhibits a similar pattern of di�ering phrase shapings can b e

explained more directly b y the lyrics and m usical images used in the score. Figure 4.14 sho ws

the relev an t temp o curv e, as w ell as the score pro viding con text information. The lyrics of this

passage c hange from a melanc holy �Hier �nd'st du deine Ruh� (M. 42-44) to an aggressiv e �Die

k alten Winde bliesen mir grad ins Angesic h t� (M. 45�49).

20

Sc h ub ert has pain ted the �cold

winds� of this image b y using triplets that mo v e up and do wn in a c hromatic fashion. Most

p erformers emphasize the protagonist's anguish and bitterness b y c ho osing a faster temp o for

the whole passage that comes to an end in measures 57�58. Ho w ev er, t w o artists instead seem

to fo cus on the sw elling and subsiding of the blo wing wind, whic h they realize b y pla ying in

a similarly �uctuating manner. Since this giv es the passage a comparativ ely quieter feel, the

19

A harmonically rather un usual ending. F or E ma jor, f ] is the sup ertonic c hord, i.e. the sub dominan t parallel.

20

T ranslations: �Here y ou'll �nd y our rest� and �The cold winds w ere blo wing straigh t in to m y face.�
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Figure 4.13: Systematic in terpretation di�erences for F ranz Sc h ub ert: Win terreise D911, �Der Lin-

den baum� (M. 1�7), time in measures, temp o in BPM

need for a grand gesture of returning calm is ob viated for these in terpretations. Instead of

resting on the fermata of measure 58 as the other p erformers do, they con tin ue in their regular

temp o, only to b e joined b y the other artists again in measure 60.

Ludwig van Beethoven: Sonata No. 8 op. 13 �P athétique�

A di�eren t kind of deviation from the exp ected paths of phrase shaping emerged from the

recordings tak en of Beetho v en's �P athétique� sonata, p erformed b y art studen ts from the lo cal

Saar A cadem y of Music. Here, w e found some temp o c hanges in p erformances b y single

studen ts that did not �t in to their general temp o forms. Exploration of these deviations

quic kly sho w ed that these w ere in v olun tary: P erhaps due to a lac k of preparation time, single

studen ts did not pro duce �ideal� recordings, but made mistak es during their pla y that w ere

re�ected in the temp o curv e.

Figure 4.15 sho ws t w o examples of this for the complete P athExp . In one in terpretation,
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Figure 4.14: T w o p erformances deviating from common in terpretatoric consensus for F ranz Sc h ub ert:

Win terreise D911, �Der Linden baum� (M. 44�60), time in measures, temp o in BPM

errors o ccur at measures 40, 50, 70 and 90; the other p erformance displa ys one suc h error near

measure 80. These errors sho w in the temp o curv e as sudden drops in temp o that last for a

short p erio d of time b efore the p erformance returns to its initial temp o.

Indeed, the t ypical error episo de audible in the actual recordings con�rms this pattern: The

p erformer pla ys a wrong note or c hord, halts for a short time, then pla ys a correct v ersion

of the passage and con tin ues as normal. While this example of course do es not fall in to the

usual realm of p erformance analysis concerns, the abilit y to quic kly lo cate suc h acciden ts ma y

nev ertheless b e v ery useful in a didactic con text, e.g. in a piano lesson p erformed on a pla y er
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Figure 4.15: Iden tifying problematic passages in studen t in terpretations of P athExp , time in mea-

sures, temp o in BPM

piano that automatically monitors the studen t's pla ying.

Of course, other examples from the Sonata P athétique ma y displa y more �con v en tional� devi-

ations. Figure 4.17 sho ws the temp o of four in terpretations of the �rst ten measures of this

w ork (selected from the p erformances of art studen ts men tioned in the previous example), and
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Figure 4.16: T emp o curv e (top) and dynamics curv e (b ottom) for p erformances of P athExp

(M. 1�10), time in measures, temp o in BPM, dynamics as in Section 3.3
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4.2 Ev aluating Selected Musical Examples
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Figure 4.17: Score for P athExp , measures 1�10)

also giv es dynamics for t w o of these in terpretations (red and blue, colors are consisten t across

temp o and dynamics curv es). Here, the dynamics curv es are computed as log2(energyt + 1)
and then scaled to the reference time axis as describ ed in Section 3.3 .

The corresp onding score of the segmen t is sho wn in Figure 4.17 . As can b e exp ected, the

dynamic directiv es giv en b y the score are implemen ted b y b oth artists, alb eit in sligh tly

di�eren t shap es. Both p erformances exhibit a gradual crescendo that climaxes in the m ultiple

subito forte directiv es of measure 4. This measure marks the end of the in tro duction of the

�rst theme of this mo v emen t, whic h is re�ected in the score b y the textural c hange in the

left-hand accompanimen t starting in measure 5 as w ell as the caden tial mo v e to E [ ma jor

(the �rst app earance of a �pure� ma jor c hord in the piece). Appropriately enough, the temp o

curv es of almost all p erformances exhibit a slo w-do wn at this juncture.

The next goal for the artists seems to b e the subito forte piano of measure 9, whic h is preceded

b y a cr esc endo in the eigh th measure that is clearly visible in the t w o dynamics curv es. Again,

the temp o curv es con�rm the structural imp ortance of this measure (whic h, not coinciden tally ,

con tains the highest note of the whole segmen t as w ell as a deceptiv e cadence) for the artists, all

of whom rest on the �rst b eat of the measure for a short time b efore con tin uing. The p erformers
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Chapter 4 Ev aluation

c ho ose di�eren t w a ys of approac hing this goal: Beginning from measure 5, one artist displa ys a

mark ed sp eed-up with resp ect to the other p erformances. The same p erformance di�ers from

the other p erformances in its c hoice of dynamics as w ell. In measure 5, it starts out softer than

the other p erformance sho wn, but quic kly builds up in energy and reac hes a signi�can tly louder

fortissimo than the other p erformance in measures 6 and 7, whic h is then only in tensi�ed in

measure 8. Here, it is in teresting to note that b oth p erformances displa y a quieter fortissimo

in measure 7 than in measure 6, although their reasons for this are not en tirely clear.

In measure 9, b oth p erformances ha v e reac hed their climax and return to the piano dynamics

of the b eginning of the piece. The temp o is quic k ened a bit for the last measure, but m ust

of course slo w do wn for the �nal fermata b efore the b eginning of the dev elopmen t section

(measure 10). Ev en though the �fast� p erformance again reac hes a higher temp o in the middle

of measure 9 than all other p erformances (trying to matc h this measure to its former high

temp o, in all lik eliho o d), the fermata is p erformed in the same temp o c hosen b y the other

artists. This suggests that the artist's div ergence from the path c hosen b y the other p erformers

w as of a temp orary nature, and that the follo wing section ma y b e p erformed in a manner

similar to the one c hosen b y di�eren t in terpretations.

In summary , the analysis of the the dynamics of a p erformance in conjunction with its re-

sp ectiv e temp o curv e ma y yield results that are not readily apparen t from either of the curv es

alone. In this example, the temp o and dynamics information suggest that the �fast� p erformer

had a heigh tened sense of susp ense and dev elopmen t to w ards measure 9 in mind, whic h is the

natural a�ectiv e result of a join t increase in temp o and loudness. Suc h a claim can b e stated

with a m uc h higher degree of con�dence when it is substan tiated b y m ultiple sources of infor-

mation than when only one suc h source is a v ailable.

4.3 Chapter Summa ry

The presen t c hapter has demonstrated the p oten tial and the limit b oth of theoretical and

practical abilit y of the prop osed tec hniques to capture the essence of a piece's temp oral struc-

ture. The results are indicativ e of a go o d o v erall p erformance, in particular when high-qualit y

alignmen t information b et w een reference and in terpretation is a v ailable.

The FW C tec hnique w as put to pragmatic use in the exemplary ev aluation of sev eral m usical

in terpretations of pieces of W estern classical m usic, and pro duced con vincing results that w ere

analyzed using standard m usicological criteria. Here, it w as sho wn that the generated temp o

curv es re�ected artistic in ten tions in the m usical shaping of phrases and the highligh ting of

structurally imp ortan t ev en ts of a piece. In one case, this w as substan tiated b y additional

ev aluation of dynamics curv es generated b y making use of the a v ailable alignmen t informa-

tion. This example in particular demonstrated that the annotation information automatically

created as a b ypro duct of the alignmen t pro cess can pro vide useful assistance in tac kling tasks

in v olving ev aluation or analysis of p erformance data.

The follo wing c hapter extends the results obtained in this c hapter b y presen ting v arious tec h-

niques from related literature dealing with the automated pro cessing of temp o and dynamics

information (i.e. data suc h as pro duced b y our tec hniques).
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P erfo rmance Analysis

I'l l play it �rst and tel l you what it is later.

�Miles Davis, 1963

As illustrated b y the examples giv en in Section 4.2 , the temp o curv es generated b y our tec h-

niques can b e used as a basis for deriving m usical statemen ts ab out sp eci�c p erformances.

The �eld of study concerned with the automation of suc h analysis pro cesses is appropriately

called p erformanc e analysis . In this c hapter, w e presen t some in teresting tec hniques of this

�eld that rely on temp o curv e information for the computation of a n um b er of related p erfor-

mance attributes. A ccording to the structural division already men tioned in Section 4.2, these

tec hniques are group ed according to the main fo cus of their studies, whic h la y either in the

commonalities or the di�erences among a n um b er of in terpretations of one or more pieces.

5.1 Resea rch F o cusing on Common Interp retational T raits

One in teresting approac h that falls in to the former category tries to deriv e elemen tary rules

of p erformanc e that capture basic principles ev ery p erformer adheres to [Wid02 ].

21

This is

done without falling bac k on domain kno wledge; instead, the rules are induced empirically

from a large data set of piano m usic using mac hine learning metho ds. The emplo y ed data set

is created sp eci�cally for this undertaking: A recording of 13 complete Mozart piano sonatas

(ab out four hours of m usic o v erall), p erformed on a pla y er piano. This enables using direct

onset annotation on the note lev el as input for the learning algorithm.

An example for a rule generated b y this algorithm migh t lo ok lik e this (in fact, this rule w as

one of 17 rules pro duced and accepted for the �nal result set):

Context:

Two consecutive notes

Precondition:

Second note has same pitch as first note

Action:

Play the first note 'staccato'

21

Ev en though this approac h uses data b y a single pianist only .
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Figure 5.1: Sample Dynascap e for Horo witz: Chopin Mazurk a 63/3, 1949 p erformance (repro-

duced from [Sap08 ])

The authors call this the �temp oral separation� rule, in that t w o notes of equal pitc h b ecome

easier to separate for the listener after application of the rule. An empirical ev aluation of this

approac h sho ws that the rules seem to capture basic p erformance principles v ery w ell. In fact,

they ev en p erform b etter on some test data than on the training data, although the test data

consists of Chopin pieces, while the training w as done on Mozart sonatas.

A di�eren t approac h fo cusing on the comparativ e analysis of m ultiple p erformances at once

uses an inno v ativ e visualization metho d enco ding similarit y asp ects of these p erformances

[Sap07 , Sap08 ]. This visualization is called sc ap e plot . The name deriv es from landscap e

pain tings, where, according to the author, �the in teresting parts lie somewhere in the middle-

ground�.

One example plot is depicted in Figure 5.1 . It sho ws the corresp ondence of loudness features

of one particular recording of a piece to other recordings of the same piece (of course, di�eren t

features suc h as temp o can b e plotted as w ell). F or this so-called dynasc ap e , the reference

recording w as done b y Horo witz in 1949. The plot sho ws the closest matc hes for Horo witz's

dynamic c hoices in di�eren t segmen tations of the original�e.g., the top p oin t corresp onds

to the o v erall b est matc h, while p oin ts in the middle of the plot corresp ond to matc hes of

segmen ts that ha v e half the length of the complete piece.

While the reader is referred to the original pap er for a detailed explanation of the segmen tation

pro cedure and results, one can in tuitiv ely conclude from Figure 5.1 that the �rst half of the

reference recording is b est matc hed b y a Rac hmanino� recording of this piece, while the second

half is b etter matc hed b y Zak (1951).

The information used for scap e plot generation is also ev aluated to yield a non-visual, compu-

tational similarit y metric for di�eren t p erformances of a giv en piece. Empirical testing of this

metric sho ws that it successfully ranks di�eren t in terpretations of one piece b y the same artist

as v ery similar. In the same w ork, the author in tro duces an in teresting concept: R esidual

temp o , the result of subtracting a smo othed temp o curv e from a high-resolution temp o curv e.
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5.2 Researc h F o cusing on Systematic Di�erences Bet w een In terpretations

Th us, the residual temp o describ es the lo cal, small-scale v ariations of a pla y er without the

in�uences of larger-scale phrasing concerns.

5.2 Resea rch F o cusing on Systematic Di�erences Bet w een

Interp retations

One tec hnique that concen trates on systematic di�erences b et w een artists (ev en across dif-

feren t pieces) w as dev elop ed in an attempt to formally sp ecify the basic music al gestur es

individual artists are prone to use [WDG

+
03, Wid05]. Musical gestures here are de�ned in a

three-dimensional space of temp o-loudness v ariations o v er time. This mo v emen t is visualized

in the so-called p erformanc e worm (Fig. 5.2 ), where v ariations along the horizon tal axis in-

dicate temp o c hanges and v ariations on the v ertical axis indicate c hanges in loudness [LG03 ].

Progress along the p erformance's time dimension is indicated b y including depth information:

Recen t information is displa y ed v ery clearly , while older data p oin ts b egin to blur and b ecome

smaller as if fading in to the distance. Th us, the �w orm� seems to mo v e to w ards the view er.

In order to get the necessary data for a successful classi�cation of salien t asp ects whic h de�ne

an artist's pla ying st yle, a large collection of o v er 500 professional CD recordings w as annotated

at the b eat lev el using a semi-automatic approac h. This data w as then analyzed to deriv e

p erformance w orms for the individual pieces, and the w orms w ere divided in to small segmen ts

of ab out t w o bars length. After normalization of these segmen ts, they w ere clustered according

to their shap e, suc h that 24 pr ototyp e shap es emerged. The concluding stage consisted of rating

all artists according to their frequency of use of eac h of these shap es.

Figure 5.2: P erformance W orm for Horo witz: Rob ert Sc h umann, Kinderszenen op. 15, �V on

fremden Ländern und Mensc hen�, measures 1�8 (repro duced from [WDG

+
03 ])

The results sho w that this metho d is useful for computing a m usically meaningful clustering

of artists b y using their resp ectiv e rating. Another idea, the deriv ation of �t ypical gestures�

of individual p erformers b y means of searc hing for esp ecially discriminating com binations of
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protot yp e shap es,

22

do es not seem to pro duce con vincing results: The outcomes are a�ected

hea vily b y artifacts stemming from the c hosen pro cessing approac h. Here, single m usical

shap es are co di�ed as short strings of letters, where eac h letter designates a sp eci�c protot yp e

shap e. F requency analysis of these strings is p erformed on a purely lexical basis. Ho w ev er,

this neglects similarit y relations b et w een single shap es, and so the results do not lead to an y

disco v ery of m usically meaningful gestures.

22

Meaning shap e com binations that are emplo y ed particularly often b y a single artist, but neglected b y other

artists.
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Chapter 6

Summa ry

I like talking ab out ide as. I �nd them terribly inter esting.

�Brian Eno

This c hapter brie�y summarizes the main p oin ts of the w ork, sho wing what has b een ac hiev ed

and ho w it relates to the �eld of p erformance analysis as a whole. W e then discuss some

opp ortunities for future w ork that migh t build on the results established here.

6.1 Contributions

In this w ork, w e w ere concerned with the automatic extraction of temp o information from

expressiv e m usic recordings. Our goal in particular w as to explore the p oten tial of automatic

p erformance annotations gained b y an alignmen t of sym b olic MIDI data with concrete audio

recordings. In the course of this in v estigation, w e ha v e in tro duced three di�eren t tec hniques

for the automatic computation of temp o curv es whic h describ e the temp o structure of suc h a

recording. F or this, w e ha v e sho wn ho w to sync hronize t w o pieces of m usic using the DTW

algorithm, and explained ho w the alignmen t information obtained in this w a y can b e used as a

basis for further algorithmic pro cessing. The algorithms w e presen ted built up on three ideas:

The �rst tec hnique (FW) uses a �xed windo w size to compute a v erage slop es of the w arping

path. The second tec hnique (A W) computes suc h slop es of the w arping path b et w een onset

lo cations. Finally , the third tec hnique (FW C) uses onset lo cations to correct the w arping

path and remo v e sync hronization artifacts, and then apply the FW approac h on the corrected

w arping path to compute the temp o curv e.

W e ha v e giv en an ev aluation of the di�eren t tec hniques whic h strongly suggested that of

the presen ted approac hes, the third approac h deliv ers the b est results; b est in terms b oth

of accuracy and robustness. Ho w ev er, all three algorithms are vulnerable to sync hronization

errors that ma y distort the w arping path. W e ha v e sho wn the conditions under whic h suc h

errors are lik ely to o ccur, and the conditions under whic h the tec hniques w ork w ell. F or

the latter case, w e ha v e giv en an explicit recommendation for practical deplo ymen t of the

approac h: FW C with a setting of w = 3 . Using suc h a con�guration, w e explored some

m usical examples and found that the tec hnique pro duced results that w ere in accordance with

our m usical in tuition.

The curren t state of the art in p erformance analysis researc h is to generate temp o and dy-

namics data on an in terpretation using semi-automatic annotation for feature extraction. This
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data can b e pro cessed in a v ariet y of w a ys, some of whic h w e presen ted in an o v erview of re-

lated w ork. This w ork has in tro duced and discussed an attempt to extract temp o data from

an in terpretation in a fully automatic fashion, using only the p erformance and a digital rep-

resen tation of the score as a reference. Ev aluation results indicate go o d p erformance, whic h

mak es this tec hnique a v alid and w orth while target of further studies.

6.2 F uture W o rk

While the p erformance of the FW C tec hnique w as satisfactory for b enign cases, sync hroniza-

tion errors dominated results in the quan titativ e analysis of scenarios that put harder strains

on the alignmen t pro cedure. The researc h opp ortunities arising from this are t w ofold: The

ob vious approac h w ould b e to try to increase sync hronization qualit y , or barring that, at least

to giv e an estimation of sync hronization accuracy . This estimate could b e used to regulate the

windo w size of the temp o curv e computation tec hnique dynamically , increasing it in regions of

lo w sync hronization accuracy and decreasing it for results of higher precision. This w a y , qual-

it y of the computed temp o curv e could b e impro v ed due to feedbac k from the sync hronization

algorithm.

Ho w ev er, feedbac k can b e giv en in the in v erse direction as w ell: Since w e kno w that extreme

temp o v ariations are quite unrealistic and th us improbable, sync hronization can lik ely b e

impro v ed b y incorp orating information ab out the lo cations of the temp o curv e where suc h

extreme v ariations o ccur. This giv es the algorithm an opp ortunit y to reconsider the computed

w arping path and p ossibly correct the sync hronization error. On the tec hnical side, this

could b e implemen ted in the DTW computation phase b y using a mo di�ed cost measure that

p enalized high v ariabilit y in the temp o curv e, or ev en earlier during feature computation.

Since extraction and pro cessing of features is computationally costly , it w ould b e reasonable

to recompute features for single segmen ts only where one susp ected a sync hronization failure.

F or this recomputation step, b oth higher and lo w er feature resolutions ma y pro duce b etter

results, dep ending on the sp eci�c setting: Higher resolutions ma y incorp orate information

that w as previously blurred out, while lo w er resolutions ma y discard artifacts that hindered

prop er sync hronization.

A di�eren t p oten tially w orth while approac h migh t lie in further exp erimen tation with the A W

algorithm. While p erformance of this algorithm has not b een on par with the FW C approac h,

it to o migh t pro�t from a dynamic windo w size. As in the case discussed ab o v e, the resp ec-

tiv e windo w size migh t b e determined b y sync hronization error estimations�ho w ev er, if suc h

information should not b e a v ailable, an in teresting p ossibilit y w ould b e to design a heuristic

based on note frequency in a sp eci�c time in terv al. F or example, if t w o notes are pla y ed

within the time in terv al of one second, sync hronization for this in terv al ma y b e b etter than

if ten notes w ere pla y ed in the same in terv al. Observ ation of p oten tial correlations b et w een

error rate and temp o curv e accuracy could help to con�rm or reject this h yp othesis. Another

related p oin t is the in tegration of a greater v ariet y of features in to the curren t approac hes

(in particular note o�sets and p edalling) that could b e used to yield results of ev en higher

precision.

In the curren t approac h, linear in terp olation has b een used exclusiv ely for the computation

of temp o curv es. A di�eren t v en ue to explore migh t lie in the c hoice of di�eren t in terp olation
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sc hemes, suc h as with p olynomial or spline in terp olation. One could also try to smo oth the

w arping path using tec hniques other than in teronset correction, e.g. Gaussian smo othing or

F ourier smo othing. Ho w ev er, this w ould neglect the v aluable information gained b y deter-

mining note onset lo cations, so a com bination of these approac hes migh t b e w orth lo oking

in to.

As has already b een men tioned, temp o curv es are not the only information that can b e ex-

tracted from a p erformance using a reference score alignmen t as a basis. Dynamics curv es

ha v e b een brie�y men tioned but should b e in v estigated in greater detail. Making use e.g. of

note o�set features, one could try to determine the agogics of an in terpretation.

Chapter 5 already discussed some p ossible applications where temp o curv es are pro cessed in

analysis steps of higher m usical abstraction. Of course, there is great p oten tial here, and

not all p ossible applications can b e listed. One exciting prosp ect is the abilit y to automat-

ically correlate temp o data with seman tic ev en ts of the score�melo dic highligh ts, harmonic

surprises, ev en phrase structures. Seman tically motiv ated recommender systems are another

option: �P eople who lik ed the pla ying st yle of artist X ma y also enjo y artist Y�. This can b e

a great adv an tage when the meta-data used for suc h applications to da y is not a v ailable, e.g.

in the case of an artist who is not y et established on the mark et. Ev en recognizing individual

artists b y their pla ying st yle ma y b ecome feasible in the future, although m uc h w ork will ha v e

to b e in v ested to let this vision b e implemen ted in a real-w orld system.
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App endix A

Result T ables

This c hapter presen ts the full tables of the ground truth ev aluation results discussed in Section

4.1 . As men tioned there, the quoted v alue for parameter w in eac h table designates the input

for b oth the FW and the FW C tec hnique, so that one can directly read o� the resp ectiv e

impact of in teronset correction of the w arping path for the resp ectiv e scenario.

FW A W FW C

R W C ID (Comp./In terp., Instr.)

mean max std mean max std mean max std

C025 (Bac h, piano) 12.11 320.59 23.83 9.04 254.69 18.09 6.80 117.72 13.32

C028 (Beetho v en, piano) 10.54 308.48 18.53 17.39 320.53 25.23 6.74 234.49 13.46

C031 (Chopin, piano) 11.80 400.39 29.22 9.05 210.47 13.86 5.17 104.78 8.19

C032 (Chopin, piano) 5.86 132.06 12.85 9.76 134.19 10.73 2.72 28.97 3.34

C029 (Sc h umann, piano) 21.28 512.58 47.80 6.16 72.17 8.50 5.22 54.57 7.88

A v erage o v er piano 12.32 334.82 26.45 10.28 198.41 15.28 5.33 108.10 9.24

C003 (Beetho v en, orc hestra) 18.67 406.22 24.80 31.40 354.81 38.17 14.19 253.67 18.49

C015 (Boro din, strings) 11.95 227.24 15.43 17.91 337.82 26.63 10.00 227.08 13.32

C022 (Brahms, orc hestra) 6.48 55.75 6.97 12.79 164.61 16.35 4.26 51.15 5.34

C044 (Rimski-K orsak o v, �ute/piano) 2.66 25.92 2.62 11.78 131.70 12.29 2.43 22.44 2.42

C048 (Sc h ub ert, v oice/piano) 13.58 485.63 26.82 10.70 262.11 16.09 6.00 125.89 9.31

A v erage o v er non-piano 10.67 240.15 15.33 16.92 250.21 21.91 7.37 136.05 9.77

J001 (Nak am ura, piano) 5.90 74.73 7.58 6.82 122.30 8.47 3.04 33.42 3.31

J038 (HH Band, big band) 8.75 150.97 12.35 15.61 280.38 23.09 6.85 134.11 10.07

J041 (Umitsuki Quart., sax/bass/p erc.) 7.10 124.40 9.73 19.02 268.37 24.15 6.27 110.09 8.77

P031 (Naga y ama, electronic) 9.74 197.52 14.13 30.86 340.32 36.15 9.26 190.17 13.70

P093 (Burk e, v oice/guitar) 13.56 465.04 26.72 26.70 398.93 42.19 12.09 353.76 23.37

A v erage o v er jazz/p op 9.01 202.53 14.10 19.80 282.06 26.81 7.50 164.31 11.84

A v erage o v er all 10.66 259.17 18.63 15.67 243.56 21.33 6.74 136.15 10.29

T able A.1: Results for Scenario 1, w = 1 s, wioi = 2
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App endix A Result T ables

FW A W FW C

R W C ID (Comp./In terp., Instr.)

mean max std mean max std mean max std

C025 (Bac h, piano) 7.11 79.98 13.74 6.14 69.69 12.13 4.82 54.07 10.41

C028 (Beetho v en, piano) 4.32 115.06 8.14 6.98 261.04 13.29 3.28 113.09 7.48

C031 (Chopin, piano) 5.07 127.01 10.81 4.24 59.41 7.06 2.84 37.30 4.94

C032 (Chopin, piano) 2.84 35.19 5.01 3.92 32.37 5.44 1.83 20.95 2.73

C029 (Sc h umann, piano) 8.97 120.66 14.42 6.20 46.40 7.44 3.49 36.08 5.64

A v erage o v er piano 5.66 95.58 10.42 5.50 93.78 9.07 3.25 52.30 6.24

C003 (Beetho v en, orc hestra) 7.24 75.18 8.83 11.84 222.06 15.91 5.91 71.31 7.36

C015 (Boro din, strings) 4.63 64.59 5.84 6.77 207.45 12.45 4.05 56.03 5.28

C022 (Brahms, orc hestra) 2.58 19.78 2.69 3.44 39.59 4.10 1.85 16.58 2.15

C044 (Rimski-K orsak o v, �ute/piano) 1.42 17.38 1.93 3.09 56.64 3.70 1.39 17.12 1.90

C048 (Sc h ub ert, v oice/piano) 4.97 56.53 6.70 4.43 78.37 6.24 2.88 41.87 4.19

A v erage o v er non-piano 4.17 46.69 5.20 5.91 120.82 8.48 3.22 40.58 4.17

J001 (Nak am ura, piano) 2.41 28.90 3.15 2.26 43.09 2.67 1.52 18.31 2.01

J038 (HH Band, big band) 3.51 35.53 4.36 4.53 74.97 6.80 2.94 30.41 3.98

J041 (Umitsuki Quart., sax/bass/p erc.) 2.99 40.93 4.23 5.33 132.45 8.01 2.70 34.89 4.00

P031 (Naga y ama, electronic) 4.29 58.85 6.47 12.89 339.23 20.04 4.12 58.01 6.43

P093 (Burk e, v oice/guitar) 5.15 56.39 7.27 9.01 276.67 16.38 4.71 56.38 7.07

A v erage o v er jazz/p op 3.67 44.12 5.10 6.80 173.28 10.78 3.20 39.60 4.70

A v erage o v er all 4.50 62.13 6.90 6.07 129.30 9.44 3.22 44.16 5.04

T able A.2: Results for Scenario 1, w = 3 s, wioi = 10

FW A W FW C

R W C ID (Comp./In terp., Instr.)

mean max std mean max std mean max std

C025 (Bac h, piano) 6.37 69.25 12.43 7.33 70.99 12.76 4.71 54.65 10.02

C028 (Beetho v en, piano) 3.75 77.14 6.78 5.60 135.54 9.69 3.01 75.89 6.43

C031 (Chopin, piano) 4.24 62.80 7.65 5.02 45.98 7.04 2.70 32.77 4.67

C032 (Chopin, piano) 2.91 28.97 4.62 3.67 39.63 6.34 2.14 25.01 3.30

C029 (Sc h umann, piano) 7.24 72.14 10.18 9.30 55.69 9.71 3.37 34.30 5.46

A v erage o v er piano 4.90 62.06 8.33 6.19 69.56 9.11 3.19 44.53 5.98

C003 (Beetho v en, orc hestra) 5.80 67.07 6.96 7.60 84.79 9.36 4.81 64.72 5.86

C015 (Boro din, strings) 3.94 38.37 4.69 5.52 106.46 7.24 3.53 37.57 4.31

C022 (Brahms, orc hestra) 2.35 19.52 2.64 3.07 21.20 3.20 1.86 18.09 2.40

C044 (Rimski-K orsak o v, �ute/piano) 1.67 20.98 2.62 1.79 20.27 1.89 1.66 20.71 2.61

C048 (Sc h ub ert, v oice/piano) 4.01 39.78 5.04 5.24 46.66 6.80 2.61 31.64 3.73

A v erage o v er non-piano 3.55 37.14 4.39 4.65 55.88 5.70 2.89 34.55 3.78

J001 (Nak am ura, piano) 2.25 23.94 2.89 2.65 34.76 3.69 1.60 21.67 2.38

J038 (HH Band, big band) 3.16 31.51 3.87 3.46 31.67 4.00 2.73 27.93 3.67

J041 (Umitsuki Quart., sax/bass/p erc.) 2.72 38.06 3.99 3.46 57.82 5.13 2.49 34.32 3.84

P031 (Naga y ama, electronic) 3.73 46.75 5.75 7.83 111.68 10.60 3.61 46.15 5.73

P093 (Burk e, v oice/guitar) 3.87 35.88 5.04 5.23 81.89 8.00 3.62 33.62 4.87

A v erage o v er jazz/p op 3.15 35.23 4.31 4.53 63.56 6.29 2.81 32.74 4.10

A v erage o v er all 3.87 44.81 5.68 5.12 63.00 7.03 2.96 37.27 4.62

T able A.3: Results for Scenario 1, w = 4 s, wioi = 20
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FW A W FW C

R W C ID (Comp./In terp., Instr.)

mean max std mean max std mean max std

C025 (Bac h, piano) 6.22 64.41 11.36 9.21 72.73 13.05 5.17 58.92 10.29

C028 (Beetho v en, piano) 3.79 53.99 5.99 5.76 114.58 9.55 3.38 54.90 5.94

C031 (Chopin, piano) 3.98 48.91 5.89 6.63 56.82 8.72 3.15 32.71 4.98

C032 (Chopin, piano) 3.82 34.99 5.38 3.82 41.12 6.75 3.44 34.87 5.13

C029 (Sc h umann, piano) 5.82 36.90 6.72 13.59 72.32 12.59 3.88 39.43 5.92

A v erage o v er piano 4.73 47.84 7.07 7.80 71.52 10.13 3.80 44.17 6.45

C003 (Beetho v en, orc hestra) 5.02 49.87 5.84 6.77 74.23 8.01 4.29 47.97 5.13

C015 (Boro din, strings) 3.83 41.08 4.73 6.53 73.35 7.62 3.62 40.68 4.64

C022 (Brahms, orc hestra) 2.87 26.65 3.87 3.69 25.61 3.98 2.59 26.35 3.80

C044 (Rimski-K orsak o v, �ute/piano) 2.73 30.27 4.37 1.50 16.28 1.71 2.74 30.21 4.36

C048 (Sc h ub ert, v oice/piano) 3.81 32.47 4.56 6.62 54.61 8.35 3.13 34.99 4.36

A v erage o v er non-piano 3.65 36.07 4.67 5.02 48.82 5.93 3.27 36.04 4.46

J001 (Nak am ura, piano) 2.80 31.03 3.85 3.60 33.52 4.63 2.37 30.86 3.77

J038 (HH Band, big band) 3.52 33.68 4.55 3.85 31.92 4.33 3.29 33.64 4.50

J041 (Umitsuki Quart., sax/bass/p erc.) 3.12 39.28 4.76 3.27 45.36 4.67 2.97 38.20 4.69

P031 (Naga y ama, electronic) 4.14 44.81 6.18 5.63 76.86 7.53 4.08 45.03 6.17

P093 (Burk e, v oice/guitar) 3.79 35.06 4.79 4.23 36.71 5.12 3.67 35.06 4.73

A v erage o v er jazz/p op 3.47 36.77 4.83 4.12 44.87 5.26 3.28 36.56 4.77

A v erage o v er all 3.95 40.23 5.52 5.65 55.07 7.11 3.45 38.92 5.23

T able A.4: Results for Scenario 1, w = 6 s, wioi = 30

FW A W FW C

R W C ID (Comp./In terp., Instr.)

mean max std mean max std mean max std

C025 (Bac h, piano) 7.19 98.00 12.94 5.36 51.19 7.04 3.69 37.85 5.27

C028 (Beetho v en, piano) 6.10 93.07 8.82 8.44 239.31 14.04 4.47 77.37 7.11

C031 (Chopin, piano) 7.84 269.76 18.18 6.05 73.06 8.69 4.37 62.36 7.03

C032 (Chopin, piano) 4.83 82.38 9.86 5.40 54.86 7.67 3.73 47.72 7.00

C029 (Sc h umann, piano) 13.10 116.40 18.49 8.24 74.16 9.98 5.38 61.58 8.38

A v erage o v er piano 7.81 131.92 13.66 6.70 98.52 9.48 4.33 57.38 6.96

C003 (Beetho v en, orc hestra) 11.09 156.97 14.30 14.61 278.33 19.32 9.22 105.67 11.59

C015 (Boro din, strings) 7.85 164.92 11.35 10.27 342.02 16.49 7.08 170.75 10.79

C022 (Brahms, orc hestra) 4.50 41.84 5.42 5.39 83.34 7.14 3.26 39.09 4.31

C044 (Rimski-K orsak o v, �ute/piano) 2.47 22.01 2.98 4.28 45.60 4.97 2.33 22.42 2.90

C048 (Sc h ub ert, v oice/piano) 8.09 129.00 13.26 6.47 96.21 8.72 4.74 97.01 9.53

A v erage o v er non-piano 6.80 102.95 9.46 8.20 169.10 11.33 5.33 86.99 7.82

J001 (Nak am ura, piano) 4.07 56.37 6.51 3.70 73.22 4.83 2.58 25.22 3.48

J038 (HH Band, big band) 5.70 65.89 7.36 7.08 107.01 10.65 4.66 54.38 6.60

J041 (Umitsuki Quart., sax/bass/p erc.) 5.80 146.29 11.83 7.97 242.86 13.57 5.19 107.81 10.40

P031 (Naga y ama, electronic) 5.16 41.76 5.47 14.89 278.75 20.44 4.86 40.86 5.34

P093 (Burk e, v oice/guitar) 7.05 65.28 9.29 9.87 273.43 16.38 6.58 63.89 8.99

A v erage o v er jazz/p op 5.56 75.12 8.09 8.70 195.05 13.18 4.77 58.44 6.96

A v erage o v er all 6.72 103.33 10.40 7.87 154.22 11.33 4.81 67.60 7.25

T able A.5: Results for Scenario 2, w = 2 s, wioi = 8
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App endix A Result T ables

FW A W FW C

R W C ID (Comp./In terp., Instr.)

mean max std mean max std mean max std

C025 (Bac h, piano) 6.52 62.70 10.27 6.60 57.38 8.44 4.08 43.12 5.71

C028 (Beetho v en, piano) 5.37 66.42 7.16 7.65 181.11 12.39 4.41 58.60 6.41

C031 (Chopin, piano) 6.51 101.66 10.77 6.98 76.37 9.86 4.47 55.32 6.82

C032 (Chopin, piano) 5.09 65.54 8.50 4.83 54.76 7.76 4.48 46.67 7.41

C029 (Sc h umann, piano) 10.75 81.94 14.51 10.74 77.95 11.49 5.32 58.35 7.86

A v erage o v er piano 6.85 75.65 10.24 7.36 89.51 9.99 4.55 52.41 6.84

C003 (Beetho v en, orc hestra) 8.64 101.04 10.63 11.42 199.13 13.82 7.57 84.91 9.36

C015 (Boro din, strings) 6.49 89.18 8.64 9.47 241.75 13.33 6.16 90.20 8.50

C022 (Brahms, orc hestra) 4.01 32.45 4.66 4.57 66.58 5.55 3.23 31.71 4.08

C044 (Rimski-K orsak o v, �ute/piano) 3.11 30.24 4.20 3.20 26.77 3.41 3.04 30.08 4.18

C048 (Sc h ub ert, v oice/piano) 6.78 94.62 10.49 7.45 96.35 10.11 4.76 76.31 8.41

A v erage o v er non-piano 5.81 69.50 7.72 7.22 126.12 9.25 4.95 62.64 6.91

J001 (Nak am ura, piano) 4.01 51.63 5.72 4.19 58.96 5.43 3.10 33.90 4.44

J038 (HH Band, big band) 4.93 45.60 6.08 5.97 76.97 8.11 4.29 40.38 5.71

J041 (Umitsuki Quart., sax/bass/p erc.) 5.44 113.62 10.72 6.33 164.15 11.71 4.99 89.07 9.56

P031 (Naga y ama, electronic) 4.80 43.58 5.35 10.60 189.51 13.78 4.63 43.99 5.31

P093 (Burk e, v oice/guitar) 5.72 54.28 6.91 7.82 94.00 10.79 5.39 51.42 6.77

A v erage o v er jazz/p op 4.98 61.74 6.96 6.98 116.72 9.96 4.48 51.75 6.36

A v erage o v er all 5.88 68.97 8.31 7.19 110.78 9.73 4.66 55.60 6.70

T able A.6: Results for Scenario 2, w = 3 s, wioi = 12

FW A W FW C

R W C ID (Comp./In terp., Instr.)

mean max std mean max std mean max std

C025 (Bac h, piano) 6.89 60.35 9.59 8.48 68.25 10.41 5.26 51.85 6.88

C028 (Beetho v en, piano) 5.91 57.66 7.38 7.47 184.30 11.85 5.25 56.90 7.16

C031 (Chopin, piano) 6.71 70.03 9.07 8.14 76.90 10.89 5.35 59.37 7.39

C032 (Chopin, piano) 6.12 56.27 8.52 5.10 54.75 8.63 5.81 52.50 8.28

C029 (Sc h umann, piano) 9.75 72.76 12.61 12.99 86.69 13.16 5.94 59.49 8.08

A v erage o v er piano 7.08 63.41 9.43 8.44 94.18 10.99 5.52 56.02 7.56

C003 (Beetho v en, orc hestra) 8.05 80.52 9.39 10.24 114.43 11.52 7.38 72.09 8.68

C015 (Boro din, strings) 6.78 84.94 8.51 9.88 159.13 12.17 6.56 85.69 8.67

C022 (Brahms, orc hestra) 4.56 35.73 5.35 4.63 52.65 4.89 4.08 35.57 5.12

C044 (Rimski-K orsak o v, �ute/piano) 4.45 38.49 5.86 2.74 23.21 2.95 4.41 37.94 5.86

C048 (Sc h ub ert, v oice/piano) 6.74 81.17 9.63 8.63 95.47 11.18 5.47 70.99 8.53

A v erage o v er non-piano 6.11 64.17 7.75 7.23 88.98 8.54 5.58 60.46 7.37

J001 (Nak am ura, piano) 4.88 47.69 6.44 4.90 57.49 6.22 4.28 43.26 5.92

J038 (HH Band, big band) 5.43 47.48 6.41 5.92 59.16 7.28 4.99 47.10 6.33

J041 (Umitsuki Quart., sax/bass/p erc.) 6.08 93.69 10.28 5.82 142.64 10.75 5.74 74.32 9.44

P031 (Naga y ama, electronic) 5.38 52.30 6.39 8.68 101.83 9.80 5.27 52.30 6.39

P093 (Burk e, v oice/guitar) 5.86 44.86 6.80 6.86 61.83 8.55 5.64 45.92 6.67

A v erage o v er jazz/p op 5.53 57.20 7.27 6.44 84.59 8.52 5.19 52.58 6.95

A v erage o v er all 6.24 61.60 8.15 7.37 89.25 9.35 5.43 56.35 7.29

T able A.7: Results for Scenario 2, w = 4 s, wioi = 16
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FW A W FW C

R W C ID (Comp./In terp., Instr.)

mean max std mean max std mean max std

C025 (Bac h, piano) 9.32 129.97 15.17 6.66 80.98 10.09 4.90 74.42 8.26

C028 (Beetho v en, piano) 17.20 542.30 39.63 21.58 475.24 47.11 13.61 517.29 36.30

C031 (Chopin, piano) 24.92 313.20 46.98 20.32 236.52 36.62 20.09 303.86 41.87

C032 (Chopin, piano) 7.73 119.86 16.50 10.41 117.44 17.06 5.13 72.36 10.09

C029 (Sc h umann, piano) 62.71 672.71 103.29 47.90 304.08 61.59 46.67 396.93 70.33

A v erage o v er piano 24.38 355.61 44.32 21.37 242.85 34.49 18.08 272.97 33.37

C003 (Beetho v en, orc hestra) 32.61 455.72 48.42 38.55 478.94 58.05 28.77 435.07 46.11

C015 (Boro din, strings) 22.93 533.19 45.46 23.15 388.05 39.26 19.85 334.75 34.88

C022 (Brahms, orc hestra) 19.30 123.60 27.78 22.14 229.22 35.12 17.67 121.30 27.25

C044 (Rimski-K orsak o v, �ute/piano) 2.60 31.20 3.20 6.44 63.96 8.24 2.30 30.28 3.01

C048 (Sc h ub ert, v oice/piano) 53.15 640.39 86.62 49.25 431.62 80.49 48.59 603.79 82.80

A v erage o v er non-piano 26.12 356.82 42.29 27.91 318.36 44.23 23.43 305.04 38.81

J001 (Nak am ura, piano) 15.09 178.90 31.44 14.66 191.09 30.83 13.07 179.17 30.58

J038 (HH Band, big band) 14.89 139.19 22.87 17.31 279.79 28.54 13.45 139.05 22.69

J041 (Umitsuki Quart., sax/bass/p erc.) 44.50 397.81 58.57 48.27 419.48 60.86 43.84 397.71 58.25

P031 (Naga y ama, electronic) 52.81 346.64 65.48 61.84 392.52 67.47 52.42 346.10 65.58

P093 (Burk e, v oice/guitar) 23.18 493.03 44.29 28.60 541.15 52.45 22.29 419.56 43.87

A v erage o v er jazz/p op 30.09 311.11 44.53 34.14 364.80 48.03 29.01 296.32 44.19

A v erage o v er all 26.86 341.18 43.71 27.81 308.67 42.25 23.51 291.44 38.79

T able A.8: Results for Scenario 3, w = 2 s, wioi = 8

FW A W FW C

R W C ID (Comp./In terp., Instr.)

mean max std mean max std mean max std

C025 (Bac h, piano) 7.82 80.13 12.25 7.24 72.47 10.75 4.47 55.34 7.04

C028 (Beetho v en, piano) 13.72 402.44 31.13 18.50 477.71 41.88 11.74 374.75 30.38

C031 (Chopin, piano) 22.16 308.71 42.68 20.31 163.83 33.77 18.97 248.50 38.68

C032 (Chopin, piano) 6.36 105.20 13.23 8.95 111.15 16.35 4.88 63.17 9.88

C029 (Sc h umann, piano) 54.20 721.95 87.02 48.67 305.10 57.92 44.26 401.58 65.67

A v erage o v er piano 20.85 323.68 37.26 20.73 226.05 32.13 16.87 228.67 30.33

C003 (Beetho v en, orc hestra) 27.29 267.65 42.65 33.83 466.15 53.36 25.14 256.86 42.19

C015 (Boro din, strings) 18.30 467.90 35.56 20.39 379.35 34.58 16.44 240.85 29.78

C022 (Brahms, orc hestra) 17.59 116.29 26.18 19.73 213.11 31.25 16.61 115.08 25.83

C044 (Rimski-K orsak o v, �ute/piano) 2.36 26.72 3.42 4.64 46.91 5.74 2.25 27.06 3.39

C048 (Sc h ub ert, v oice/piano) 49.53 592.25 78.96 48.16 380.38 75.86 46.78 497.78 77.05

A v erage o v er non-piano 23.01 294.16 37.35 25.35 297.18 40.16 21.44 227.53 35.65

J001 (Nak am ura, piano) 14.11 181.14 30.54 14.78 181.85 30.65 12.91 180.27 30.33

J038 (HH Band, big band) 12.92 121.70 20.77 14.54 176.81 23.45 11.91 119.02 20.52

J041 (Umitsuki Quart., sax/bass/p erc.) 42.63 351.31 56.64 45.41 377.11 58.89 42.11 351.30 56.50

P031 (Naga y ama, electronic) 51.05 353.29 62.75 58.13 384.23 66.27 50.87 352.88 62.72

P093 (Burk e, v oice/guitar) 19.90 259.56 38.82 24.03 333.43 44.00 19.24 258.50 38.80

A v erage o v er jazz/p op 28.12 253.40 41.90 31.38 290.69 44.65 27.41 252.39 41.77

A v erage o v er all 24.00 290.41 38.84 25.82 271.31 38.98 21.91 236.19 35.92

T able A.9: Results for Scenario 3, w = 3 s, wioi = 12
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App endix A Result T ables

FW A W FW C

R W C ID (Comp./In terp., Instr.)

mean max std mean max std mean max std

C025 (Bac h, piano) 7.19 63.07 10.95 10.22 100.37 15.47 4.73 53.69 7.44

C028 (Beetho v en, piano) 12.36 321.83 27.47 16.44 462.16 35.83 10.93 321.04 27.10

C031 (Chopin, piano) 21.26 263.44 39.60 22.07 166.24 34.35 18.84 226.94 36.64

C032 (Chopin, piano) 6.42 88.68 12.64 8.46 98.99 16.65 5.33 76.60 10.57

C029 (Sc h umann, piano) 48.35 551.74 70.03 52.53 272.87 56.33 42.38 406.05 60.13

A v erage o v er piano 19.12 257.75 32.14 21.94 220.13 31.73 16.44 216.87 28.38

C003 (Beetho v en, orc hestra) 25.01 246.51 40.66 29.54 443.10 46.46 23.49 245.68 40.53

C015 (Boro din, strings) 16.70 250.94 30.76 19.77 249.28 30.76 15.48 198.76 28.53

C022 (Brahms, orc hestra) 17.37 109.90 25.78 18.32 150.66 26.52 16.61 109.77 25.63

C044 (Rimski-K orsak o v, �ute/piano) 2.77 37.98 4.80 3.28 29.65 4.05 2.71 38.16 4.82

C048 (Sc h ub ert, v oice/piano) 47.75 379.61 73.14 48.74 329.73 71.38 46.11 376.98 73.38

A v erage o v er non-piano 21.92 204.99 35.03 23.93 240.48 35.84 20.88 193.87 34.58

J001 (Nak am ura, piano) 14.28 178.94 30.38 15.67 172.10 30.62 13.46 176.90 30.41

J038 (HH Band, big band) 12.27 116.37 20.12 13.49 140.52 21.11 11.51 113.46 19.97

J041 (Umitsuki Quart., sax/bass/p erc.) 42.07 287.70 54.91 43.36 350.61 57.27 41.66 287.26 54.90

P031 (Naga y ama, electronic) 50.07 274.93 59.09 54.96 344.35 64.56 49.96 274.65 59.16

P093 (Burk e, v oice/guitar) 18.58 222.80 36.82 20.37 230.90 38.83 18.18 223.66 36.83

A v erage o v er jazz/p op 27.45 216.15 40.26 29.57 247.69 42.48 26.95 215.19 40.25

A v erage o v er all 22.83 226.30 35.81 25.15 236.10 36.68 21.42 208.64 34.40

T able A.10: Results for Scenario 3, w = 4 s, wioi = 20

FW A W FW C

R W C ID (Comp./In terp., Instr.)

mean max std mean max std mean max std

C025 (Bac h, piano) 9.13 83.08 13.49 15.03 113.30 19.91 7.96 83.92 13.00

C028 (Beetho v en, piano) 12.66 167.73 22.85 16.39 346.97 32.98 12.09 167.27 22.78

C031 (Chopin, piano) 22.24 175.85 34.90 25.55 177.70 36.34 21.15 171.42 34.78

C032 (Chopin, piano) 8.51 114.69 15.23 8.42 97.97 17.10 8.38 113.45 15.16

C029 (Sc h umann, piano) 44.16 297.26 52.33 59.91 293.09 57.41 42.23 285.68 52.40

A v erage o v er piano 19.34 167.72 27.76 25.06 205.81 32.75 18.36 164.35 27.62

C003 (Beetho v en, orc hestra) 24.68 224.28 39.79 28.47 266.32 42.67 23.88 224.42 39.80

C015 (Boro din, strings) 17.36 219.35 29.47 22.63 210.74 32.99 17.00 218.85 29.59

C022 (Brahms, orc hestra) 19.24 121.15 27.45 19.00 120.04 25.87 18.90 121.09 27.50

C044 (Rimski-K orsak o v, �ute/piano) 5.92 62.59 9.51 2.82 32.44 3.94 5.90 63.13 9.52

C048 (Sc h ub ert, v oice/piano) 47.31 314.58 67.02 49.74 310.09 67.71 46.77 311.05 67.28

A v erage o v er non-piano 22.90 188.39 34.65 24.53 187.93 34.64 22.49 187.71 34.74

J001 (Nak am ura, piano) 17.53 162.76 31.58 18.32 172.02 31.66 17.19 162.67 31.68

J038 (HH Band, big band) 14.04 133.04 21.87 14.51 126.23 21.38 13.76 133.73 21.85

J041 (Umitsuki Quart., sax/bass/p erc.) 42.62 249.58 52.73 42.65 298.61 55.28 42.36 249.65 52.79

P031 (Naga y ama, electronic) 50.56 196.71 55.17 53.23 334.47 63.49 50.54 196.58 55.21

P093 (Burk e, v oice/guitar) 19.62 206.72 35.75 19.38 214.48 36.36 19.41 206.33 35.78

A v erage o v er jazz/p op 28.87 189.76 39.42 29.62 229.16 41.63 28.65 189.79 39.46

A v erage o v er all 23.70 181.96 33.94 26.40 207.63 36.34 23.17 180.62 33.94

T able A.11: Results for Scenario 3, w = 7 s, wioi = 30
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FW A W FW C

R W C ID (Comp./In terp., Instr.)

mean max std mean max std mean max std

C025 (Bac h, piano) 26.02 543.55 57.16 13.16 153.34 25.38 13.51 258.37 24.84

C028 (Beetho v en, piano) 16.38 466.21 30.03 12.83 357.34 25.18 10.64 315.51 21.32

C031 (Chopin, piano) 18.32 518.24 43.32 7.66 151.73 14.47 7.70 241.97 14.89

C032 (Chopin, piano) 13.76 372.64 43.23 6.14 112.71 9.63 4.80 109.09 9.77

C029 (Sc h umann, piano) 29.36 376.35 53.78 9.78 116.77 18.65 8.01 103.24 14.03

A v erage o v er piano 20.77 455.40 45.50 9.92 178.38 18.66 8.93 205.63 16.97

C003 (Beetho v en, orc hestra) 25.58 501.63 34.71 22.35 358.00 29.87 19.85 320.51 25.39

C015 (Boro din, strings) 17.83 267.29 22.47 15.11 282.92 22.61 15.22 227.21 19.33

C022 (Brahms, orc hestra) 12.02 371.17 25.49 7.81 108.74 11.58 7.45 103.70 10.86

C044 (Rimski-K orsak o v, �ute/piano) 5.44 84.05 9.14 6.76 103.51 9.22 4.54 82.74 8.17

C048 (Sc h ub ert, v oice/piano) 21.40 485.06 40.91 7.98 185.51 15.21 8.99 183.20 15.26

A v erage o v er non-piano 16.46 341.84 26.55 12.00 207.74 17.70 11.21 183.47 15.80

J001 (Nak am ura, piano) 10.15 488.16 21.54 5.04 192.31 10.82 5.06 103.52 8.80

J038 (HH Band, big band) 15.66 464.87 31.79 12.06 171.43 18.49 11.98 151.62 18.12

J041 (Umitsuki Quart., sax/bass/p erc.) 11.63 262.42 20.07 12.34 237.20 19.70 10.42 248.34 17.96

P031 (Naga y ama, electronic) 18.85 418.99 28.87 29.40 422.94 40.77 17.96 384.71 28.36

P093 (Burk e, v oice/guitar) 19.94 472.18 35.28 19.12 369.89 32.62 17.04 304.40 28.29

A v erage o v er jazz/p op 15.24 421.32 27.51 15.59 278.75 24.48 12.49 238.52 20.31

A v erage o v er all 17.49 406.19 33.19 12.50 221.62 20.28 10.88 209.21 17.69

T able A.12: Results for Scenario 4, w = 1 s, wioi = 6

FW A W FW C

R W C ID (Comp./In terp., Instr.)

mean max std mean max std mean max std

C025 (Bac h, piano) 22.30 472.55 48.88 13.92 137.80 26.47 13.27 155.57 24.88

C028 (Beetho v en, piano) 11.45 280.50 19.31 10.08 326.10 20.24 8.84 211.44 17.62

C031 (Chopin, piano) 13.10 282.97 30.63 8.29 100.82 15.10 6.89 104.48 12.75

C032 (Chopin, piano) 11.45 436.25 34.16 5.29 114.77 10.23 5.66 110.45 12.80

C029 (Sc h umann, piano) 18.93 427.97 36.15 11.81 107.82 20.49 7.66 96.86 13.70

A v erage o v er piano 15.44 380.05 33.83 9.88 157.46 18.51 8.46 135.76 16.35

C003 (Beetho v en, orc hestra) 16.86 178.16 21.12 17.58 312.54 23.62 14.23 150.67 18.85

C015 (Boro din, strings) 12.14 126.83 16.39 12.76 282.60 19.61 11.06 121.85 15.47

C022 (Brahms, orc hestra) 8.16 109.91 13.25 5.95 99.00 10.35 6.13 94.62 10.68

C044 (Rimski-K orsak o v, �ute/piano) 5.37 82.36 10.78 4.82 85.31 7.92 5.00 82.36 10.65

C048 (Sc h ub ert, v oice/piano) 13.04 153.30 18.35 7.69 120.53 14.34 7.73 106.38 13.67

A v erage o v er non-piano 11.11 130.11 15.98 9.76 179.99 15.17 8.83 111.18 13.86

J001 (Nak am ura, piano) 7.17 101.52 12.53 5.13 151.52 11.64 5.21 103.41 10.82

J038 (HH Band, big band) 10.87 185.57 17.89 9.61 104.63 15.25 9.38 121.40 15.41

J041 (Umitsuki Quart., sax/bass/p erc.) 8.91 161.37 15.61 9.58 218.77 17.49 8.33 156.80 15.13

P031 (Naga y ama, electronic) 14.23 179.13 22.15 22.62 410.39 33.93 13.79 176.53 22.09

P093 (Burk e, v oice/guitar) 12.99 197.43 18.55 13.83 246.75 22.23 11.90 180.85 17.71

A v erage o v er jazz/p op 10.84 165.00 17.34 12.15 226.41 20.11 9.72 147.80 16.23

A v erage o v er all 12.46 225.05 22.38 10.60 187.96 17.93 9.01 131.58 15.48

T able A.13: Results for Scenario 4, w = 2 s, wioi = 10
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FW A W FW C

R W C ID (Comp./In terp., Instr.)

mean max std mean max std mean max std

C025 (Bac h, piano) 19.94 226.24 33.76 14.35 139.46 26.61 14.03 143.65 25.84

C028 (Beetho v en, piano) 10.61 249.83 17.55 9.66 316.82 19.17 9.16 221.23 16.93

C031 (Chopin, piano) 11.27 207.03 20.02 8.69 97.75 15.30 7.51 105.09 13.36

C032 (Chopin, piano) 10.78 150.33 20.74 5.36 114.22 10.69 7.36 109.39 15.10

C029 (Sc h umann, piano) 15.17 144.08 20.80 12.77 108.90 20.54 8.24 98.98 14.40

A v erage o v er piano 13.55 195.50 22.57 10.17 155.43 18.46 9.26 135.67 17.13

C003 (Beetho v en, orc hestra) 14.17 135.33 18.06 16.20 267.96 21.53 12.72 128.70 16.94

C015 (Boro din, strings) 11.23 121.94 15.98 12.42 232.36 18.73 10.60 120.05 15.50

C022 (Brahms, orc hestra) 7.97 94.72 12.92 5.81 95.26 10.35 6.90 93.00 12.37

C044 (Rimski-K orsak o v, �ute/piano) 6.59 81.93 12.69 4.34 80.79 7.96 6.37 81.47 12.70

C048 (Sc h ub ert, v oice/piano) 11.49 110.14 16.13 7.80 108.49 14.40 8.16 106.58 14.35

A v erage o v er non-piano 10.29 108.81 15.16 9.31 156.97 14.59 8.95 105.96 14.37

J001 (Nak am ura, piano) 7.60 101.23 13.17 5.50 122.36 12.25 6.34 104.67 12.71

J038 (HH Band, big band) 10.21 109.80 15.55 9.37 106.33 15.18 9.33 107.92 15.04

J041 (Umitsuki Quart., sax/bass/p erc.) 8.88 119.74 15.53 8.99 221.54 16.93 8.48 121.16 15.33

P031 (Naga y ama, electronic) 13.87 136.68 21.33 20.35 409.51 31.16 13.60 134.79 21.38

P093 (Burk e, v oice/guitar) 11.37 114.69 15.63 12.89 181.09 19.40 10.61 114.95 15.49

A v erage o v er jazz/p op 10.39 116.43 16.24 11.42 208.17 18.99 9.67 116.70 15.99

A v erage o v er all 11.41 140.25 17.99 10.30 173.52 17.35 9.29 119.44 15.83

T able A.14: Results for Scenario 4, w = 3 s, wioi = 12

FW A W FW C

R W C ID (Comp./In terp., Instr.)

mean max std mean max std mean max std

C025 (Bac h, piano) 19.06 135.59 29.72 15.44 127.43 26.93 15.08 135.25 26.71

C028 (Beetho v en, piano) 11.02 130.43 17.16 9.21 272.77 17.94 10.01 129.60 16.95

C031 (Chopin, piano) 11.04 96.26 16.90 9.80 94.30 16.13 8.60 102.22 14.25

C032 (Chopin, piano) 11.63 111.69 18.88 6.18 117.03 12.34 9.29 111.08 16.96

C029 (Sc h umann, piano) 14.18 112.33 18.11 15.67 101.49 22.03 9.31 98.53 15.27

A v erage o v er piano 13.39 117.26 20.16 11.26 142.60 19.08 10.46 115.34 18.03

C003 (Beetho v en, orc hestra) 13.38 124.89 17.52 14.97 149.04 19.33 12.47 124.37 16.73

C015 (Boro din, strings) 11.42 122.49 16.51 12.74 150.97 18.03 10.98 122.29 16.18

C022 (Brahms, orc hestra) 8.78 93.75 14.05 5.94 89.46 10.98 8.08 92.48 13.87

C044 (Rimski-K orsak o v, �ute/piano) 8.13 81.98 14.14 4.21 81.36 8.56 7.96 81.80 14.17

C048 (Sc h ub ert, v oice/piano) 11.28 108.78 16.30 8.71 108.78 15.31 9.11 106.36 15.48

A v erage o v er non-piano 10.60 106.38 15.70 9.31 115.92 14.44 9.72 105.46 15.29

J001 (Nak am ura, piano) 8.69 103.80 14.52 6.43 116.12 13.50 7.76 103.87 14.36

J038 (HH Band, big band) 10.88 102.96 15.66 9.46 108.80 15.11 10.23 104.49 15.53

J041 (Umitsuki Quart., sax/bass/p erc.) 9.76 118.61 16.52 8.66 225.72 16.55 9.47 117.05 16.38

P031 (Naga y ama, electronic) 14.26 133.20 21.95 18.01 304.43 27.32 14.09 132.81 21.99

P093 (Burk e, v oice/guitar) 11.24 113.43 15.65 11.30 123.25 16.63 10.68 113.48 15.58

A v erage o v er jazz/p op 10.97 114.40 16.86 10.77 175.66 17.82 10.45 114.34 16.77

A v erage o v er all 11.65 112.68 17.57 10.45 144.73 17.11 10.21 111.71 16.69

T able A.15: Results for Scenario 4, w = 4 s, wioi = 16
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FW A W FW C

R W C ID (Comp./In terp., Instr.)

mean max std mean max std mean max std

C025 (Bac h, piano) 51.08 348.22 56.59 47.49 211.05 47.02 41.86 213.55 45.03

C028 (Beetho v en, piano) 37.08 392.19 58.52 37.77 439.19 62.00 35.05 390.64 58.60

C031 (Chopin, piano) 60.67 408.90 78.94 55.17 272.65 68.18 53.88 287.83 70.60

C032 (Chopin, piano) 35.41 500.49 69.95 29.66 271.07 57.14 27.55 274.42 52.95

C029 (Sc h umann, piano) 88.20 642.16 92.49 88.41 320.59 75.89 74.65 395.91 84.78

A v erage o v er piano 54.49 458.39 71.30 51.70 302.91 62.05 46.60 312.47 62.39

C003 (Beetho v en, orc hestra) 44.95 386.81 60.31 47.83 374.92 63.63 42.84 389.13 60.06

C015 (Boro din, strings) 56.19 515.18 75.43 59.66 473.41 71.78 52.18 392.47 68.08

C022 (Brahms, orc hestra) 48.80 273.32 52.54 47.57 378.17 55.99 47.64 273.54 52.83

C044 (Rimski-K orsak o v, �ute/piano) 30.71 173.44 35.65 29.45 192.95 35.00 30.34 172.91 35.74

C048 (Sc h ub ert, v oice/piano) 69.22 601.92 90.64 67.06 375.06 85.44 66.24 492.55 90.14

A v erage o v er non-piano 49.97 390.13 62.91 50.31 358.90 62.37 47.85 344.12 61.37

J001 (Nak am ura, piano) 28.10 262.31 49.39 28.92 267.13 50.89 26.30 259.86 49.66

J038 (HH Band, big band) 34.84 273.86 50.79 34.66 271.74 51.45 33.60 273.86 50.46

J041 (Umitsuki Quart., sax/bass/p erc.) 67.83 398.69 73.67 66.99 397.32 74.30 66.72 399.84 73.28

P031 (Naga y ama, electronic) 91.91 315.15 73.82 92.95 342.43 76.03 91.84 314.18 73.91

P093 (Burk e, v oice/guitar) 55.93 366.57 76.99 55.01 362.56 77.35 55.00 362.89 77.24

A v erage o v er jazz/p op 55.72 323.32 64.93 55.71 328.24 66.00 54.69 322.12 64.91

A v erage o v er all 53.39 390.61 66.38 52.57 330.02 63.47 49.71 326.24 62.89

T able A.16: Results for Scenario 5, w = 3 s, wioi = 20
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App endix B

Source Co de

In this c hapter, the headers of selected Matlab [Mat09] functions created during the writing

of this thesis are repro duced. The headers con tain information ab out the name of the de-

scrib ed function and its input/output b eha vior. The organization of the headers is according

to c hronological usage order of the resp ectiv e function in the temp o curv e computation pro-

cess, starting with feature extraction and con tin uing with curv e computation pro cedures and

auxiliary functions.

F eature Extraction

The file_to_feature function is used as a wrapp er for sev eral lo w-lev el functions that p er-

form feature extraction or loading of precomputed features. In the case of MIDI �les, dirname

and filename lo cate the sp eci�c �le; for w a v e �les, filename denotes the name of the �le in

question, but dirname indicates the directory where precomputed features are stored.

Sample usage:

[f_pitch, f_peaks] = file_to_feature('features', 'pathetique.wav');

%%%%%%%%%%%%%%%%% %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% Name: file_to_feature

% Version: 1.0

% Date: 10.10.2008

% Programmer: Meinard Mueller, Verena Konz

%

% Description:

% Load or compute features for audio and MIDI files

%

% Input:

% - dirname: Directory where the file or features are located

% - filename: Name of the file for which to load/compute features

% - parameter

% .win_len: Window length used for STMSP feature generation

% .win_res: Window resolution

%

% Output:
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% - f_pitch: Pitch features (STMSP)

% - f_peaks: Energy peaks for onset computation

% - f_onsets: Precise onsets (only generated in case of MIDI input data)

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

W a rping P ath Computation

The feature_to_warpingpath function uses metho ds suc h as describ ed in [Mül07] and [GME09 ]

to compute w arping paths from pitc h and onset features extracted in a previous step.

Sample usage:

warpingpath = feature_to_warpingpath(f_pitch_reference, f_peaks_reference,

f_pitch_interpretation, f_peaks_interpretation);

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% Name: feature_to_warpingpath

% Version: 1.0

% Date: 20.03.2009

% Programmer: Meinard Mueller, Sebastian Ewert

%

% Description:

% Compute a warping path from pitch and onset features using multiscale

% DTW with DLNCO features

%

% Input:

% - f_pitch_1: Pitch features (STMSP) of the reference audio stream

% - f_peaks_1: Onset features of the reference audio stream

% - f_pitch_2: Pitch features (STMSP) of the performance audio stream

% - f_peaks_2: Onset features of the performance audio stream

%

% Output:

% - warpingpath: A regular warping path between reference and

% interpretation

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

T emp o Curve Computation (FW App roach)

As the name suggests, warpingpath_to_tempocurve_SlidingWindow computes a temp o

curv e from a w arping path using a sliding windo w of �xed size. This size is determined b y

parameter.windowSize_sec . The resulting temp o curv e is scaled to the reference time axis

(i.e. it has length equal to warpingpath(end, 1) ).

Sample usage:

parameter.windowSize_sec = 3;
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tempocurveFW = warpingpath_to_tempocurve_SlidingWindow(warpingpath,

parameter);

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% Name: warpingpath_to_tempocurve_SlidingWindow

% Version: 1.0

% Date: 6.4.2009

% Programmer: Meinard Mueller, Verena Konz

%

% Description:

% Compute tempo curve from warping path using a fixed-width sliding

% window approach

%

% Input:

% - warpingpath: A regular warping path between reference and

% interpretation of some piece of music

% - parameter

% .vis_warpingpath: If true, visualize warping path together

% with generated tempo curve

% .vis_tempocurve: If true, plot the generated tempo curve

% .windowSize_sec: Determines the window size of the averaging

% window for curve computation

%

% Output:

% - tempocurve: A regular, reference-scaled tempo curve

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

T emp o Curve Computation (A W App roach)

Similar to the previous function, the warpingpath_to_tempocurve_onsets function computes

a temp o curv e from a w arping path, this time using onset information to adapt the windo w

size. Hence, the windo w size is here determined b y parameter.windowSizeIOI . Again, the

resulting temp o curv e is scaled to the reference time axis.

Sample usage:

[f_pitch, f_peaks, f_onsets] = file_to_feature('midi', 'pathetique.mid');

parameter.windowSizeIOI = 12;

tempocurveAW = warpingpath_to_tempocurve_onsets(warpingpath, f_onsets,

parameter);

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% Name: warpingpath_to_tempocurve_onsets

% Version: 1.0

% Date: 6.5.2009

% Programmer: Andi Scharfstein, Verena Konz
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%

% Description:

% Compute tempo curve from warping path using an adaptive window aligned

% to note onset timings

%

% Input:

% - warpingpath: A regular warping path between reference and

% interpretation of some piece of music

% - onsets: A vector of all unique frames of the warping path which contain

% at least one note onset event.

% - parameter

% .vis_warpingpath: If true, visualize warping path together

% with generated tempo curve

% .vis_tempocurve: If true, plot the generated tempo curve

% .windowSizeIOI: Determines how many interonset intervals

% should be included in the curve averaging

% Output:

% - tempocurve: A regular, reference-scaled tempo curve

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

T emp o Curve Computation (FW C App roach)

As describ ed in Section 3.2.4, the FW C approac h relies on p erforming the FW tec hnique on

a smo othed w arping path. The function smooth_warpingpath p erforms this smo othing on an

in teronset lev el.

Sample usage:

smoothedWarpingpath = smooth_warpingpath(warpingpath, f_onsets);

tempocurveFWC = warpingpath_to_tempocurve_SlidingWindow(smoothedWarpingpath,

parameter);

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% Name: smooth_warpingpath

% Version: 1.0

% Date: 16.01.2009

% Programmer: Andi Scharfstein, Verena Konz

%

% Description:

% Perform IOI smoothing of a given warping path by re-computing the path

% between onset locations as a straight line.

%

% Input:

% - warpingpath: A regular warping path between two pieces of music

% - onsets: A vector of all times (reference time axis) which contain at

% least one note onset event in the reference
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%

% Output:

% - smoothedWarpingpath: A warping path of the same dimension as the input

% warping path, but with linear slopes between onset locations

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

Onset Index T ransfo rmation

The con v ersion b et w een onset times that are giv en relativ e to the reference time axis and

indices in to the w arping path that lo cate the o ccurrences of these onsets if p erformed b y the

auxiliary function compute_warped_onsets . The function can b e c haracterized b y the equiv-

alence onsets == warpingpath(compute_warped_onsets(onsets, warpingpath), 1) . The

parameter invertWarping ma y b e set to true to indicate that the onsets relate to the inter-

pr etation instead of the reference. In this case, the onsets will o ccur at warpingpath(n, 2)

instead of at warpingpath(n, 1) .

Sample usage:

dtwOnsets = compute_warped_onsets(f_onsets, warpingpath);

dtwOnsetsInterpretation = compute_warped_onsets(f_onsets, warpingpath, 1);

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% Name: compute_warped_onsets

% Version: 1.0

% Date: 16.01.2009

% Programmer: Andi Scharfstein

%

% Description:

% Convert absolute onset information into a representation relative to a

% given warping path (i.e., determine indices of the onsets in this path)

%

% Input:

% - onsets: Onset information for the reference audio stream

% - warpingpath: The warping path of reference audio and comparison

% - invertWarping: If true, compute indices of onsets with respect to the

% interpretation column of the warping path instead of the reference

% column

%

% Output:

% - dtwOnsets: The indices of warping path entries where the reference

% column (or the interpretation column if invertWarping is true)

% corresponds to a note onset event

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
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Curve Interp olation

The in terp olation function simply connects the p oin ts de�ned b y the pairs (onsets(i),

values(i)) . The length of the resulting curv e is equiv alen t to onsets(end) . In case the

�rst onset is not lo cated at p osition 1, the v ectors are extended b y including (1; 1) b efore

in terp olation.

Sample usage:

interpolation = interpolate_between_onsets(values, f_onsets);

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% Name: interpolate_between_onsets

% Version: 1.0

% Date: 16.01.2009

% Programmer: Andi Scharfstein, Verena Konz

%

% Description:

% Simple linear interpolation between onsets using a set of given values.

%

% Input:

% - values: Vector of values used to interpolate between consecutive onsets

% - onsets: Onset times between which to interpolate (length of values and

% onsets vectors should be exactly equal)

%

% Output:

% - tempocurve: A tempocurve where intermediate values between onsets have

% been filled out according to 'values' parameter. Here, values(i) will

% be used as the value for onsets(i)

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

Curve Rescaling

The rescaling pro cedure translates from a reference-scaled temp o curv e to an in terpretation-

scaled temp o curv e. F or this, it �w arps� the original temp o curv e according to warpingpath .

Sample usage:

tempocurveInterpretation = rescale_tempocurve(tempocurve, f_onsets,

warpingpath);

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% Name: rescale_tempocurve

% Version: 1.0

% Date: 20.03.2009

% Programmer: Andi Scharfstein

%
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% Description:

% Rescales standard tempo curves on the time axis to fit the interpretation

% they are describing, i.e. rescaled_tempocurve(x) is the tempo of

% interpretation at interpretation time point x instead of reference time

% point x.

%

% Input:

% - tempocurve: A regular (reference-scaled) tempo curve

% - reference_onsets: The onsets of the reference. If these are unknown,

% just use (1:warpingpath(end,1))' to set onsets at every frame

% - warpingpath: A regular warping path

%

% Output:

% - rescaled_tempocurve: The rescaled tempo curve

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

T emp o Curve Visualization

Plotting of temp o curv es can b e done comfortably using the visualize_tempocurve function.

It is highly �exible: Calls of the form visualize_tempocurve(tempocurve) as w ell as calls

of the form visualize_tempocurve({tempocurve1 tempocurve2}) are supp orted, and there

is a great v ariet y of parameter settings a v ailable. Scaling of the temp oral axis is con trolled

b y the settings of parameter.plotInMeasures together with parameter.startMeasure and

parameter.endMeasure , while scaling of the temp o v alue axis dep ends on the settings of

parameter.plotInBPM and parameter.referenceBPM . If the temp o is plotted in BPM, the

v ertical axis is scaled linearly; otherwise, it is scaled logarithmically .

Sample usage:

% Linear curve plot

parameter.plotInBPM = 1;

parameter.referenceBPM = 33;

visualize_tempocurve(tempocurve, parameter);

% Multiple curves plot, time axis in measures

parameter.plotInMeasures = 1;

parameter.endMeasure = 55;

% parameter.startMeasure = 1; (this is the implicit default value)

visualize_tempocurve({tempocurve1 tempocurve2 tempocurve3}, parameter);

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% Name: visualize_tempocurve

% Version: 1.0

% Date: 04.02.2009

% Programmer: Andi Scharfstein, Verena Konz

%
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% Description:

% A function for visualizing one or more tempo curves. If you want to

% display more than one curve, wrap them in a cell array.

%

% Input:

% - tempocurve: One or more vectors containing tempo information

% (wrap in cell array to show multiple curves at once).

% - parameter

% .plotInBPM: If true, plot the curve in BPM instead of factors

% .referenceBPM: Needed to compute the curve (factor 1 becomes

% parameter.referenceBPM) if plotInBPM is true

% .plotInMeasures: If true, use measures for the time axis

% instead of seconds or frames

% .startMeasure: Optional, denotes the first measure if

% plotInMeasures is true

% .endMeasure: Needed to compute the measures if plotInMeasures

% is true

% .holdFigure: If true, use gcf instead of creating a new figure

% .scaleToSeconds: If true, plot time axis in seconds instead of

% frames

% .lineStyle: Sets the line style of the plot

% .lineWidth: Sets the line width of the plot

% .win_res: Used to scale the plot to seconds if scaleToSeconds

% is true

%

% Output:

% - figureHandle: The handle of the figure that was created for

% visualization of the tempo curve(s).

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

W a rping P ath Visualization

As for temp o curv es, there also exists a sp ecialized function for plotting w arping paths. Unsur-

prisingly , this is the visualize_warpingpath function. It supp orts calls similar in structure

to visualize_tempocurve , in particular b oth visualize_warpingpath(warpingpath) and

visualize_warpingpath({warpingpath1 warpingpath2}) are p ossible. Optional parame-

ters include parameter.dtwOnsets and parameter.tempocurve that can b e used to include

v ertical onset lines or a temp o curv e in the plot, resp ectiv ely . Onsets m ust b e giv en in their

�w arp ed� v ersion as indices to the resp ectiv e w arping path. If one of those parameters is set,

the warpingpath argumen t m ust b e a single path and ma y not con tain a cell arra y .

Sample usage:

visualize_warpingpath({warpingpath1 warpingpath2});

tempocurve = warpingpath_to_tempocurve_onsets(warpingpath, f_onsets,

parameter);
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parameter.tempocurve = tempocurve;

parameter.dtwOnsets = compute_warped_onsets(f_onsets, warpingpath);

visualize_warpingpath(warpingpath, parameter);

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% Name: visualize_warpingpath

% Version: 1.0

% Date: 15.01.2009

% Programmer: Andi Scharfstein, Verena Konz

%

% Description:

% A function for visualizing one or more warping paths. If you want to

% display more than one warping path, wrap your paths in a cell array.

%

% Input:

% - warpingpath: One or more regular warping paths (wrap in cell array to

% plot multiple warping paths).

% - parameter

% .dtwOnsets: Optional, plots vertical lines at onset positions.

% Must be given in terms of warping path indices,

% not in terms of a reference time axis as usual

% .tempocurve: Optional, but must be given if dtwOnsets is set.

% A regular tempo curve computed from the given

% warping path is plotted against this path

% .scaleToSeconds: If true, plot time axis in seconds instead of

% frames

% .win_res: Used to scale the plot to seconds if scaleToSeconds

% is true

%

% Output:

% - figureHandle: The handle of the figure that was created for

% visualization of the warping path(s).

%

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
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