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ABSTRACT classification results in genre and artist classification tasks.

Within the field of Computational Ethnomusicology (CE)

In this paper, we compare two approaches for automatic[19], the automatic detection of the playing styles of the
classification of bass playing styles, one based on high-participating instruments such as the bass constitutes a
level features and another one based on similarity mea-meaningful approach to unravel the fusion of different mu-
sures between bass patterns. For both approaches, we congical influences of a song. This holds true for many con-
pare two different strategies: classification of patterns as atemporary music genres and especially for those of a global
whole and classification of all measures of a pattern with a music background.

subsequent accumulation of the classification results. Fur-  The remainder of this paper is organized as follows. Af-

thermore, we investigate the influence of potential tran- ter outlining the goals and challenges in Sec. 2 and Sec. 3,
scription errors on the classification accuracy, which tend e provide a brief overview over related work in Sec. 4.
to occur when real audio data is analyzed. We achieve besin sec. 5, we introduce novel high-level features for the
classification accuracy values of 60.8% for the analysis of transcribed bass lines. Furthermore, we pro-
feature-based classification and 68.5% for the classifica-pose different classification strategies, which we apply and
tion based on pattern similarity based on a taxonomy con-compare later in this paper. We introduce the used data set
sisting of 8 different bass playing styles. and describe the performed experiments in Sec. 6. After
the results are discussed, we conclude this paper in Sec. 7.

1. MOTIVATION

Melodic and harmonic structures were often studied in the 2. GOALS
field of Music Information Retrieval. In genre discrimi-
nation tasks, however, mainly timbre-related features areThe goal of this publication is to compare different ap-
somewhat satisfying to the present day. The authors asproaches for automatic playing style classification. For
sume, that bass patterns and playing styles are missinghis purpose, we aim at comparing different classification
complementaries. Bass provides central acoustic feature@pproaches based on common statistical pattern recogni-
of music as a social phenomenon, namely its territorial tion algorithms as well as on the similarity between bass
range and simultaneous bodily grasp. These qualities comedatterns. In both scenarios, we want to investigate the ap-
in different forms, which are what defines musical genres plicability of a aggregation classification based on the sub-
to a large degree. Western popular music with its world- patterns of an unknown pattern.
wide influence on other styles is based upon compositional
principles of its classical roots, harmonically structured
around the deepest note. African styles also often use tonal 3. CHALLENGES
bass patterns as ground structure, while Asian and Latin_l_h . .

! - . e extraction of score parameters such as note pitch and
American styles traditionally prefer percussive bass sounds,

: : : onset from real audio recordings requires reliable auto-
In contrast to the melody (which can easily be interpreted . - ) .
o L d matic transcription methods, which nowadays are still error-
in “cover versions” of different styles), the bass pattern

. ) - ; prone when it comes to analyzing multi-timbral and poly-
most often carries the main harmonic information as well ; N : :
. ) . phonic audio mixtures [4, 13]. This drawback impedes a
as a central part of the rhythmic and structural information. = _. : . .
. o o ~ " reliable extraction of high-level features that are designed
A more detailed stylistic characterization of the bass in-

rument within music recordings will inevitably improv to capture important rhythmic and tonal properties for a
strume usic recordings evitably Improve description of an instrumental track. This is one problem

addressed in our experiments. Another general challenge
Permission to make digital or hard copies of all or part of this work for s the translation of musical high-level terms such as syn-
personal or classroom use is granted without fee provided that copies arecopations, scale, or pattern periodicity into parameters that
not made or distributed for profit or commercial advantage and that copies are automatically retrievable by algorithms. Information
bear this notice and the full citation on the first page. regarding micro-timing, which is by the nature of things
(© 2010 International Society for Music Information Retrieval. impossible to encompass in a score [9], is left out.
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4. PREVIOUS APPROACHES Features related to tonality

We derive features to measure if a certagaleis applied

in a bass pattern. Therefore, we take different binary scale
?emplates for natural minor (which includes the major scale),

Within the last years, the use of score-based high-level
features became more popular for tasks such as automati

genre classification. To derive a score-based representatioHarmoniC minor, melodic minor, pentatonic minor (subset

f_rom real .aUd'O recordings, various automatic transcrip- of natural minor which also includes the pentatonic major
tion algorithms have been proposed so far. The authors

) . scale), blues minor, whole tone, whole tone half tone, ara-
of [18]_, [13], and_ [4] p_resented algorithms to transcribe bian, minor gypsy and hungarian gypsy [21] into account.
bf’iSS lines. MU.S'(:aI hlgh-le\{el feature_s allow to capiure Each scale template consists of 12 values representing all
different properties from musical domains such as melody,

h d rhvthm 1. 3. 10.111. B lated audio f semitones of an octave. The value 1 is set for all semi-
armony, and rhythm [1, 3, ]'. ass-re ated audio fea-, o that are part of the scale, the value 0 for those that
tures we used for genre classification in [18], [1], and [17].

I ) o hes for th are not. All notes within a given pattern, which are related
Aln e_xcefent overview over_eX|st|nfg approac ez orthe 4 a certain scale, are accumulated by adding their normal-
analysis of expressive music performance and artist-i,oq note loudness ValUu@By /Oy mas With Oy.,mes be-

specific playing styles is provided in [23] and [24]. In [7], ing the maximum note loudness in a pattern. The same is
different melodic and rhythmic high-level features are ex- yone for all notes, which are not contained in the scale.
tracted before the performed melody is modeled with an g 1atio of hoth sums is calculated over all investigated
evolutionary regression tree model. The authors of [15] scales and over all 12 possible cyclic shifts of the scale

also used features derived from the onset, inter-onsetenhiate This cyclic shift is performed to cope with each
interval and loudness values of note progression to quan'possible root note position. The maximum ratio value over
tify the performance style of piano players in terms of their all shifts is determined for each scale template and used as
timing, articulation and dynamics. To compare different ; ¢oatre value, which measures the presence of each con-
performances in terms of rhythmic anq dynamic similarity, sidered scale. We obtain the relative frequenpiesf all

the authors of [14] proposed a numerical method based Orlpossible values in the vector that contains the interval di-

the correlation at different timescales. rections @@%D)) as well as the vector that contains the

functional interval typesz(;@EDF)) and use them as fea-
5. NOVEL APPROACH tures to characterize the variety of different pitch transi-
51 Feature extraction tions between adjacent notes.
In this paper, we use 23 multi-dimensional high-level fea- Features related to rhythm
tures that capture various musical properties for the tonal Syncopatiorembodies an important stylistic means in dif-
and rhythmic description of bass lines. The feature vec- ferent music genres. It represents the accentuation on weak
tor consists of 136 dimensions in total. Thasic note  beats of a measure instead of an accentuation on a neigh-
parameters which we investigate in this paper, are the bored strong beat that usually would be emphasized. To
absolute pitch® p, the loudnes®y, the onse’@B]and detect syncopated note sequences within a bass-line, we

eg\ﬂ, and the duratiorﬁ-)g]and@%w]of each note. The mvesUga_tg d_lfferent_temporal grids in ter_ms of equidis-
tant partitioning of single measures. For instance, for an

indices [s] and [M] indicate that both the onset and the du- X e
ration of a note can be measured in seconds as well as irf!9Nt-note grid, we map all notes inside a measure towards
nts according to their onset position in-

lengths of measures. All these parameters are extracted®"® of eight segme

from symbolic MIDI files by using the MIDI-Toolbox for side the measure. In ? time signature, these segmgnts
MATLAB [5]. correspond to all 4 quarter notes (on-beats) and their off-

beats in between. If at least one note is mapped to a seg-
ment, it is associated with the value 1, otherwise with O.
; ; : For each grid, we count the presence of the following seg-
ferencesA® p between adjacent notes in semitones, we '
. ol . ) . L (D) ment sequences - (1001), (0110), (0001), or (0111). These
obtain vectors containing the interval directioAsd .
sequences correspond to sequences of alternating on-beat

(t_)emg (_a|ther ascer_1d|ng, constant, or descgndmg), and th%md off-beat accentuations that are labeled as syncopations.
pitch differences in terms of functional interval types

(F) , , _ The ratios between the number of syncopation sequences
A®3} ’. To derive the functional type of an interval, we

> ) : and the number of segments are applied as features for the
map its size to a maximum absolute value of 12 Sem'tonesrhythmical grids 4, 8, 16, and 32.

or one octave by using the modulo 12 operation in case it

is larger than one octave upwards or downwards (12 semi- We calculate the rati@%m(k:)/A@(OM) (k) betweenthe

tones). Then each interval is assigned to a function intervalduration value of the k-th note in measure lengths and the

type (prime, second, third etc.) according to well known inter-onset-interval between the k-th note and its succeed-

music principles. In addition to the high-level features pre- ing note. Then we derive the mean and the variance of

sented in [1], we use various additional features related tothis value over all notes as features. A high or low mean

tonality and rhythm in this paper, which are explained in value indicates whether notes are playegato or stac-

the following subsections. cato. The variance over all ratios captures the variation
between these two types dfythmic articulationwithin a

Afterwards, furtheradvanced note parametesse de-
rived before features are extracted. From the pitch dif-
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given bass pattern. To measure if notes are mostly playedderived from the Levenshtein distance between the onset
on on-beatsor off-beats we investigate the distribution of Gg\/”and the pitch®p as explained in the previous sec-
notes towards the segments in the rhythmical grids as ex-ion. Furthermore, we investigate

plained above for the syncopation feature. For example,

the segments 1, 3, 5, and 7 are associated to on-beat posi- g _JSLr ,SLrZ=SLT 5

tions for an eight-note grid andtime signature. Again, L,RT,Mazx Ser . Spr>Sir (2)

this ratio is calculated over all notes and mean and vari-

ance are taken as feature values. As additional rhythmicand

properties, we derive the frequencies of occurrence of all SI RT Mean = E(SL r+SLT) (3)
commonly used note lengths from half notes to 64th notes, - 20 ’

each in its normal, dotted, and triplet version. In addition, by using the maximum and the arithmetic mean between
the relative frequencies from all note-note, note-break andof Sy, r andSy, r as aggregated similarity measures.
break-note sequences over the complete pattern are takeg 32 Pairwi imilari

as features. .3.2 Pairwise similarity measures

In general, we derive a pairwise similarity measure
5.2 Classification based on statistical pattern

recognition Sp = % <N]G;lm N ]\]]\;nmn> 4

We investigate the applicability of the well-established Sup-

port Vector Machines (SVM) using the Radial Basis Func- N,..., denotes the number of notes in patterrfor which

tion (RBF) as kernel combined with a preceding feature at least one note in pattern exists that have the same
selection using the Inertia Ratio Maximization using Fea- absolute pitch value (for the similarity measiw§e 1) or

ture Space Projection (IRMFSP) as a baseline experimentonset value (for the similarity measup r). Ny p iS

The feature selection is applied to choose the most discrim-defined vice versa. By applying the constraint that both
inative features and thus to reduce the dimensionality of onset and absolute pitch need to be equal in Eq. 4, we
the feature space prior to the classification. Therefore, wegbtain the measurgp zr. Furthermore, we derive the ag-
calculate the high-level features introduced in 5.1 for each gregated similarity measuré% zr rrax andSp rr arean
bass pattern, which results in an 136 dimensional featureanalogous to Eq. 2 and Eq. 3.

space. Details on both the SVM and the IRMFSP can be
found for instance in [1]. 6. EVALUATION
5.3 Classification based on pattern similarity 6.1 Data-set

In this paper, we apply 2 different kinds of pattern similar- We assembled a novel dataset from instructional bass lit-
ity measurespairwise similarity measureandsimilarity erature [12, 21], which consists of bass patterns from the
measures based on the Levenshtein distaoecompute 8 genresSwing(SWI), Funk(FUN), Blues(BLU), Reggae
similarity values between patterns, the values of the on- (REG), Salsa & MambdSAL), Rock(ROC),Soul & Mo-

set vecto®and the absolute pitch vect@rp are sim-  town(SOU) andAfrica (AFR), a rather general term which

ply converted into character strings. In the latter case, wehere signifies Sub-Saharan Popular Music Styles [16]. For
initially subtract the minimum value o® p for each pat- ~ €ach genre, 40 bass-lines of 4 measure length have been
tern separately to remain independent from pitch transposi-stored as symbolic audio data as MIDI files. Initial listen-
tions. This approach can of course be affected by potentialing tests revealed that in this data set, which was assem-

outliers, which do not belong to the pattern. bled and categorized by professional bass players, a certain
amount of stylistic overlap and misclassification between

5.3.1 Similarity measures based on the Levenshtein genres as for instance Blues and Swing or Soul & Motown

distance and Funk occurs. The overlap is partly inherent to the ap-

The Levenshtein distande; offers a metric for the com-  Proach of the data sets, which treat all example_s of a style
putation of the similarity of strings [6]. It measures the (€-9- Rock) as homogenous although the sets include typ-
minimum number of edits in terms of insertions, deletions, i@l patterns of several decades. In some features, early
and substitutions, which are necessary, to convertone stringt0cK patterns might resemble early Blues patterns more
into the other. We use the Wagner-Fischer algorithm [20] than they resemble late patterns of their own style [22].

to computeD; and derive a similarity measurg;, be- Thus, the data set will be extended further and revised by
tween two strings of length andl, from educated musicologists for future experiments.
S, =1—D1/Dpmas - (1) 6.2 Experiments & Results

The lengths, andi, correspond to the number of notes 6.2.1 Experiment 1 - Feature-based classification

in both patterns.Dy, 4, €quals the maximum value of As described in Sec. 5.2, we performed a baseline experi-
l; andls. In the experiments, we use the rhythmic simi- ment that consists of IRMFSP for chosing the bEst 80
larity measureSy, r and the tonal similarity measufg, features and the SVM as classifier. The paramatdras
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AFRr |57.412.1 |64 |17 |64 |0 (85 [2.1
BLUF |42 |50 (4.2 |18.8|2.1 [6.3 [4.2 |10.4
FUNF |44 |67 |62.2(11.1122 |67 [4.4 [2.2
MOTF 1o |o o 0 |0 |24 |24
REGF |47 |0 |7 [11.6]654(7 [2.3 [2.3
ROCr lo |47 |0 |14 |0 |69.8(2.3 |9.3
SALf |6.8 |45 |45 (6.8 |45 |0 [68.2|4.5
SWIF o [125]0 |75 Jo [0 [o [80

AFR BLU FUN MOT REG ROC SAL Swi
AFR BLU FUN MOT REG ROC SAL SWwiI Bass Playing Style (classified)

Bass Playing Style (classified)

AFR" [66.2(59 |2 |88 |10.8|0 (6.4 |0
BLUF |o |464]0 [224]0 [11.8|39 |157
FUNF |74 |42 |72.8(1.4 |106|36 |0 |0
MOTF |2 |29 |69 |51.6(4.6 |21.8]10.3|0
REGF 121 |0 |42 [10.6|49.4|83 |65 |0

0

0

ROCI 126 |0 |0 |10.7]0 [70.4]16.2
SALF |25 |0 |12 |56 |67 |14 |475
SWIF o [176]0 Jo Jo Jo |o |82.4

Bass Playing Style (correct)

Bass Playing Style (correct)

Figure 1. Exp. 1 - Confusion matrix for the feature-based Figure 2. Exp. 2 - Confusion matrix for the best similarity-
pattern-wise classification (all values given in %). Mean based configuration (measure-wise classification using the

classification accuracy is 60.8% with a standard deviation 5P.R7.Maz Similarity measure - all values given in %).
of 2.4%. Mean classification accuracy is 68.5% with a standard de-

viation of 3.1%.

been determined to perform best in previous tests on the N
data-set. A 20-fold cross validation was applied to de- Pk from the class label of the best-fitting patter® as
termine the mean and standard deviation of the classifi- A .
cation accuracy. For a feature extraction and classification Gp=c e l=arg max Skl ()
based on complete patterns, we achieved 60.8% of accu-
racy with a standard deviation of 2.4%. The correspond- With S ., representing the similarity measure betwétn
ing confusion matrix is shown in Fig. 1. It can be seen, andP,, in the given case. As in Sec. 6.2.1, if multiple
that best classification results were achieved for the stylespatterns have the same (highest) similarity, we perform
Funk, Rock, and Swing. Strong confusions between Bluesa random decision among these candidates. This experi-
and Motown respectively Swing, Motown and Rock, Reg- ment is performed for all similarity measures introduced
gae and Africa as well as between Salsa and Africa canin Sec. 6.2.2.
be identified. These confusions support the musicological ~Exp. 2a: Pattern-wise classificatiofhe basic approach
assessment of the data-set given in Sec. 6.1. In additionfor a pattern-based classification is to use each pattern of 4
they coincide with historical relations between the styles in measures length as one item to be classified.
Africa, the Caribbean, and Latin America, as well as rela-  Exp. 2b: Accumulated measure-wise classificati®ass
tions within North America as it is common musicological patterns are often structured in a way, that the measure or
knowledge [8]. a part of the measure, which precedes the pattern repeti-
As a second classification strategy, we performed thetion, is often altered rhythmically or tonally and thus often
feature extraction and classification based on sub-patternsvaries greatly from the pattern. These figures separating or
Therefore, we divided each pattern within the test set into introducing pattern repetition are commonly referred to as
N = 4 sub-patterns of one measure length. It was en- pickupsor upbeatsmeaning that they do not vary or over-
sured, that no sub-patterns of patterns in the test set werdap the following pattern repetition which starts on the first
used as training data. After all sub-patterns were classi-beat of the new measure. A pattern-wise classification as
fied, the estimated playing style for the corresponding testdescribed above thus might overemphasize the difference
set pattern was derived from a majority decision over all between the last measure because the patterns are com-
sub-pattern classifications. In case of multiple winning pared over their complete length. Hence, we investigate
classes, a random decision was applied between the winanother decision aggregation strategy in this experiment.
ning classes. For the accumulated measure-wise classifi- As described in Sec. 6.2.1, we divide each bass pattern
cation, we achieved only 56.4% of accuracy. Thus, this into sub-patterns of one measure length each. Within each
approach did not improve the classification accuracy. We fold &, we classify each sub-patte§®;,; of the current
assume that the majority of the applied high-level featurestest patterriP,, separately. At the same time, we ensure
that are based on different statistical descriptors (see Sec. &Hat only sub-patterns of the other pattefswith ¢ # &
for details), can not provide a appropriate characterizationare used as training set for the current fold. To accumulate
of the sub-patterns, which themselves only consist of 6 to the classification results in each fold, we add all similarity
9 notes in average. valuesSy, ; between each sub-patteftP;, ; towards their
assigned winning pattern($«i,win- The summation is
done for each of the 6 genres separately. The genre that
This experiment is based on a leave-one-out cross-achieve the highestsumis considered as the winning genre.
validation scheme and thus consists/éf= 320 evalu- As depicted in Fig. 3, the proposed accumulated
ation steps according to the 320 patterns in the data-setmeasure-wise classification strategy led to higher classifi-
Within each evaluation step, the current pattBgnis used cation accuracy values (blue bars) in comparison to a
as test data while all remaining pattefRswith [ # k are pattern-wise classification (red bars). This approach can
used as training data. We derive the class estifaiaf be generalized and adopted to patterns of arbitrary length.

6.2.2 Experiment 2 - Pattern Similarity
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1=}
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nipulation of a single note consists of either a modifica-
tion of the onseegw] by a randomly chosen difference

—0.25 < A®Y" < 0.25 (which corresponds to a maxi-
mum shift distance of one beat forf‘;atime signature), a
modification of the absolute pitd® p by a randomly cho-
sen difference-2 < AB©p < 2 (which corresponds to a
maximum distance of 2 semitones), or a simple deletion of
the current note from the pattern. Octave pitch errors that
often appear in automatic transcription algorithms were not
considered because of the mapping of each interval to a
maximum size of one octave as described in Sec. 5.1. In-
sertions in terms of additional notes, which are not part of
the pattern will be taken into account in future experiments.
As depicted in Fig. 4, the accuracy curve of the three
different pair-wise similarity measureSp r, Spr and
Sp.rr,Maez Talls until about 40% for a transcription er-
ror rate of 50% Interestingly, the pattern-wise classifica-
tion based ortp r seems to be more robust to transcrip-
tion errors above 15% in comparison to the accumulated
measure-wise classification even though it has a lower ac-
curacy rate for the assumption of a perfect transcription.

[l Accumulated measure-wise classification|
[ Pattern-wise classification
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Figure 3. Mean classification accuracy results for experi-
ment 2

10 20 30 40 50
Percentage ¢ of transcription errors

Figure 4. Exp. 3 - Mean classification accuracy vs. per-
centages of pattern variation (dotted line - pattern-wise
similarity, solid line - accumulated measure-wise similar-

ity).

6.2.4 Comparison to the related work

The comparison of the achieved results to the related work
is not directly feasible. On one side, it is caused by the
fact, that different data sets have been utilized. Tsunoo
et al. [18] reported an accuracy of 44.8% for the GZTAN

her similari , p data set while using only bass-line features. On the other
other similarity measures by over 10 percent points of ac- side, the performance of only bass-line features was not

curacy. The corresponding confusion matrix is Shown in g ery time stated. The work of Tsuchihashi et al. [17]
Fig. 2. We therefore assume that it is beneficial to use sim-gp, 64 an improvement of classification accuracy from
ilarity information both based on plt(?h and onset §|m|I§1r|ty 53.6% to 62.7% while applying bass-line features compli-
of bass patterns. For the pattern-wise classification, it Canmentary to other timbre and rhythmical features, but the

be seen that similarity measures based on tonal similar- e, ts of genre classification with only bass features were
ity generally achieve lower accuracy results in comparison not reported

to measures based on the rhythmic similarity. This might
be explained by the frequently occurring tonal variation of
patterns according to the given harmonic context such as a
certain chord of a changed key in different parts of a song.
The most remarkable result in confusion matrix is the very
high accuracy of 95.1% for the Motown genre.

The similarity measur8p, rr, aqq Clearly outperforms the

7. CONCLUSIONS & OUTLOOK

In this paper, different approaches for the automatic de-
tection of playing styles from score parameters were com-
pared. These parameters can be extracted from symbolic
audio data (e.g. MIDI) or from real audio data by means of
automatic transcription. For the feature-based appraoch,
For the extraction of bass-patterns from audio recordings,a best result of 60.8% of accuracy was achieved using a
two potential sources of error exist. In most music gen- combination of feature selection (IRMFSP) and classifier
res, the dominant bass patterns are object of small vari-(SVM) and a pattern-wise classification. Regarding the
ations throughout a music piece. An automatic system classification based on pattern similarity, we achieved
might recognize the basic pattern or a variation of the basic68.5% of accuracy using the combined similarity measure
pattern. Furthermore, automatic music transcription sys- Sp,rT,ma- @Nd @ Measure-wise aggregation strategy based
tems are prone to errors in terms of incorrect pitch, onset,on the classification of sub-patterns. The random baseline
and duration values of the notes. Both phenomena directlyis 12.5%. This approach outperformed the common ap-
have a negative effect on the computed high-level features proach to classify the complete pattern as once.

We therefore investigate the achievable classification accu-  For analyzing real-world audio recordings, further mu-
racy dependent on the percentage of notes with erroneousical aspects such as micro-timing, tempo range, applied
note parameters. plucking & expression styles [2], as well as the interac-

We simulate the mentioned scenarios by manipulating

6.2.3 Experiment 3 - Influence of pattern variations

1G. Tzanetakis and P. Cook. Musical genre classification of audio

a random selection of percents of all notes from each
unknown pattern and vary from 0% to 50%. The ma-
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tion with other participating instruments need to be incor- [9] Gerhard Kubik.Zum Verstehen afrikanischer Musik

porated into a all-embracing style description of a specific Lit Verlag, Wien, 2004.

instrument in a music recording. The results of experiment . i .

4 emphasize the need for a well-performing transcriptiorLlo] C. McKay and |. Fujinaga. Automatic genre classifi-

system for a high-level classification task such as playing cation using large h|gh-|_evel musm_al feature §ets. In
style detection. Proc. of the Int. Symposium of Music Information Re-

trieval (ISMIR) 2004.
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