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ABSTRACT

In many cultures of the world, traditional percussion music
uses mnemonic syllables that are representative of the tim-
bres of instruments. These syllables are orally transmitted
and often provide a language for percussion in those music
cultures. Percussion patterns in these cultures thus have
a well defined representation in the form of these sylla-
bles, which can be utilized in several computational percus-
sion pattern analysis tasks. We explore a connected word
speech recognition based framework that can effectively
utilize the syllabic representation for automatic transcrip-
tion and recognition of audio percussion patterns. In par-
ticular, we consider the case of Beijing opera and present
a syllable level hidden markov model (HMM) based sys-
tem for transcription and classification of percussion pat-
terns. The encouraging classification results on a represen-
tative dataset of Beijing opera percussion patterns supports
our approach and provides further insights on the utility of
these syllables for computational description of percussion
patterns.

1. INTRODUCTION

One common feature in traditional musics is the develop-
ment of sets of predefined, identifiable melodic and rhyth-
mic patterns. These patterns form a repository of structural
elements for the composition or performance of the tradi-
tional repertoire. Certain entities of traditional music the-
ory, like melodic modes, rhythmic cycles or musical forms,
are instantiated by means of these patterns. The patterns
function as key elements for the coordination of different
musical elements, like instrumental and vocal sections, and
the relationship with other art forms, like dance, theatrical
acting, story-telling, etc. For the transmission of such pat-
terns in these mostly oral traditions, particular systems of
oral mnemonics have been developed. These systems of-
ten share common features across different cultures, so that
general principles can be established. Computational anal-
ysis of these patterns is an important aspect in Music Infor-
mation Research (MIR) for such music cultures. Further,
their own traditional systems of transmission can offer a
solid basis for their modeling.
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1.1 Syllable based Percussion

Many music traditions around the world have developed
particular systems of oral mnemonics for transmission of
the repertoire and the technique. David Hughes [7] coined
the term acoustic-iconic mnemonic systems for these phe-
nomena, and described their use in different genres of tradi-
tional Japanese music. As he points out, the core aspect of
these systems is that the syllables are chosen for the simi-
larity of their phonetic features with the acoustic properties
of the sounds they are representing, establishing an iconic
relationship with them. Therefore, these systems are es-
sentially different from those of solmization [6], like for
instance the syllables of solfége, of the Indian svaras or the
Chinese gongche notation, which are nonsensical in rela-
tion to the acoustic phenomena they represent. In this pa-
per, we focus on the oral syllabic systems of mnemonics
developed for percussion traditions.

The use of the aforementioned systems for the trans-
mission of percussion is wide extended among traditional
musics. David Hughes mentions in his paper, the shoga
used for the set of drums of Noh theatre. In Korea, the
young genre of samul nori, a percussion quartet of drums
and gongs, draws on traditional syllabic mnemonics for the
transmission of the repertoire. In the Indian subcontinent,
both Hindustani and Carnatic music cultures have devel-
oped such oral syllabic systems of mnemonics for the per-
cussion instruments, respectively the bols in the Hindustani
tradition, employed mainly by tabla players, and the solka-
ftu in the Carnatic tradition, where the main percussion in-
strument is the mridangam. The degree of sophistication
that these systems have reached in India is such that the
rhythmic recitation of the syllables, which requires high
skills, are commonly inserted in concerts for musical ap-
preciation. In Carnatic music, this practice has even been
consolidated into a specific music form, called konnakol.
Furthermore, these systems are also known to be used in
Turkish traditional music and Javanese music. In this pa-
per, we explore the use of oral syllabic system developed
in the Beijing opera tradition for the computational analysis
of its percussion patterns.

The benefits of using oral syllabic systems from an MIR
perspective are both the cultural specificity of the approach
and the accuracy of the representation of timbre, articula-
tion and dynamics. The characterization of these percus-
sion traditions need to consider elements that are essential
to them such as the richness of their palettes of timbres,
subtleties of articulation, and the different degrees and tran-
sitions of dynamics, all of which is accurately transmitted
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Figure 1: The percussion pattern shanchui. The score for each percussion instrument is shown. Shown at the bottom of the
score is the syllable sequence for the score (top) and the transcription with the reduced group of syllables used in this paper
(bottom). The part of the pattern enclosed between | || can be repeated many times. The music score is only indicative, with

significant variations allowed.
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by the oral syllables.

We explore the use of oral syllables as a means of repre-
sentation in the MIR tasks of percussion pattern transcrip-
tion and classification in syllabic percussion systems, con-
sidering Beijing opera percussion patterns as a study case.
The well defined oral syllabic system and the limited set of
percussion patterns make it an ideal choice for a first explo-
ration. Since these syllables have a clear analogy to speech
and language, we present a speech recognition based ap-
proach to transcribe a percussion pattern into a sequence
of syllables. We then use this transcription to classify the
sequence into one of the predefined set of patterns that oc-
cur in Beijing Opera. We first provide an introduction to
percussion patterns in Beijing Opera.

1.2 Percussion patterns in Beijing opera

Beijing opera (Jingju, % /i), also called Peking Opera, is
one of the most representative genres of Chinese traditional
performing arts, integrating theatrical acting with singing
and instrumental accompaniment. It is an active art form
and exists in the current social and cultural contexts, with
a large audience and significant musicological literature.
One of the main characteristics of Beijing opera aesthetics
is the remarkable rhythmicity that governs the acting over-
all. From the stylized recitatives to the performers’ move-
ments on stage and the sequence of scenes, every element
presented is integrated into an overall rthythmic flow. The
main element that keeps this rhythmicity is the percussion
ensemble, and the main means to fulfill this task is a set
of predefined and labeled percussion patterns. Along with
the main purpose of keeping the overall rhythmicity of the
performance, these patterns have different functions. They
signal important structural points in the play. A perfor-
mance starts and ends with percussion patterns, they gen-
erally introduce and conclude arias, and mark transition
points within them. They accompany the actors’ move-
ments on stage and set the mood of the play, the scene,
the aria or a section of the aria. Therefore, the detection
and characterization of percussion patterns is a fundamen-
tal task for the description of the music dimension in Bei-

Time(s
Figure 2: An audio example of the pattern shanchui. The toi)

spectrogram. The vertical lines (in red) mark the onsets of the syllables. The onsets are labeled to indicate the specific
syllable group: DA-1, TAI-2, QI-3, QIE-4, and CANG-5 (QI is not present in this pattern).
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)
panel shows the waveform and the bottom panel is the

jing opera.

The percussion patterns in Beijing Opera music can be
defined as sequences of strokes played by different com-
binations of the percussion instruments, and the resulting
variety of timbres are transmitted using oral syllables as
mnemonics. The percussion ensemble is formed mainly
by five instruments played by four musicians. The ban
clappers and the danpigu drum are played by one single
performer, and are therefore known by a conjoint name,
bangu. The other three instruments are the xiaoluo (small
gong), the daluo (big gong) and the naobo (cymbals). Bangu
has a high pitched drum-like sound while the rest of three
instruments are metallophones with distinct timbres ! . Each
of the different sounds that these instruments can produce
individually, either through different playing techniques or
through different dynamics, as well as the sounds that are
produced by a combination of different instruments have an
associated syllable that represent them [9]. The syllables
and their associated instrument combinations are shown in
Table 1. Thus, each percussion pattern is a sequence of syl-
lables in their pre-established order, along with their spe-
cific rhythmic structure and dynamic features. A particular
feature of the oral syllabic system for Beijing opera percus-
sion that makes it especially interesting is that the syllables
that form a pattern refer to the ensemble as a whole, and
not to particular instruments. Each particular pattern thus
has a single unique syllabic representation shared by all the
performers.

In practice, there is a library of limited set of named pat-
terns (called ludgii jing, & §%4%) that are played in a per-
formance, with each of these having a specific role in the
arias. These named patterns in the library can be referred
to as “pattern classes” for the purpose of classification, and
classifying an instance of a pattern occurring in the audio
recording of an aria into one of these pattern classes is thus
a primary task. Although a definite agreed number for the
total number of these patterns is lacking, some estimations,

' A few annotated audio examples of these instruments can be found
athttp://compmusic.upf.edu/examples-percussion-bo



15th International Society for Music Information Retrieval Conference (ISMIR 2014)

like in [9], suggest the existence of around ninety of them.

Figure 1 shows the score for an example pattern shanchui.

It also shows how a possible transcription in staff nota-
tion (adapted from [9]) can be simplified in a single line
by the oral syllabic system. Hence, the use of these oral
syllabic sequences simplify and unify the representation of
these patterns played by an ensemble, making them op-
timal for the transcription and automatic classification of
the patterns. Further, Figure 2 shows an audio example,
along with time aligned markers to indicate the syllable on-
sets. The spectrogram shows the timbral characteristics of
the percussion instruments xiaoluo (increasing pitch) and
daluo (decreasing pitch). Some variation to the notated
score can also be seen, such as expressive timing and addi-
tional insertion of syllables.

Though the patterns are limited in number and prede-
fined, there are several challenges to the problem of per-
cussion pattern transcription and classification. Being an
oral tradition, the syllables used for the representation of
the patterns lacks full consistency and general agreement.
The result being that one particular timbre might be rep-
resented by more than one syllable. Furthermore, the syl-
labic representation conveys information for the conjoint
timbre of the ensemble, so only the main structural sounds
are represented. In an actual performance, a particular syl-
lable might be performed by different combinations of in-
struments - e.g. in Figure 1, the first occurrence of the syl-
lable tai is played just by the xiaoluo, but in the rest of
the pattern is played by xiaoluo and the bangu together.
In fact, generally speaking, the strokes of the bangu are
seldom conveyed in the syllabic sequence (as can be seen
in the third measure in Figure 1 for the second sixteenth-
note of the bangu), except for the introductions and other
structural points played by the drum alone. As indicated in
Table 1, cang is mostly a combination of all the three met-
allophones, but in some cases, cang can be played with just
the daluo, or just the daluo+naobo combination. A detailed
description and scores for various patterns is available at
http://compmusic.upf.edu/bo-perc-patterns

Since one of the main functions of the patterns is to
accompany the movements of actors on stage, the overall
length and the relative duration of each stroke can vary no-
tably, which makes it difficult to set a stable pulse or a defi-
nite meter. The time signature and the measure bars used in
Figure 1, as suggested in [9], are only indicative and fail to
convey the rhythmic flexibility of the pattern. Furthermore,
many patterns (such as shanchui) accompany scenic move-
ments of undefined duration. In these cases, certain sylla-
ble sub-sequences in the pattern are repeated indefinitely,
e.g. the audio example in Figure 2 has two additional rep-
etitions of the sub-sequence cang-tai-qic-tai in the pattern.
This causes the same pattern in different performances to
have variable lengths, and these repetitions need to be ex-
plicitly handled. Finally, although the patterns are usually
played in isolation, in many cases the string instruments or
even the vocals can start playing before the patterns end,
presenting challenges in identification and classification.

1.3 Previous work

There is significant MIR literature on percussion transcrip-
tion [4]. Nakano et al. [10] explored drum pattern retrieval
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’ Syllables \ Instruments \ Symbol ‘
ba (2, /\),bén (4), da (%), | bangu DA

da (K), dong (%, %), dud

(%), long (), y1 ()

1ai CGK), tai (&), ling (57) | xiaoluo TAI
q1 (B), pa (1) naobo QI
qgie (V) naobo+xiaoluo QIE
cang (), kuang (I£), kong | daluo+<naobo> | CANG
(%) +<xiaoluo>

Table 1: Syllables used in Beijing opera percussion and
their grouping used in this paper. Column 2 shows the in-
strument combination used to produce the syllable, instru-
ment shown between <> is optional. Column 3 shows the
symbol we use for the syllable group in this paper.

using vocal percussion, using an HMM based approach.
They used onomatopoeia as the internal representation for
drum patterns, with a focus on retrieving known fixed se-
quences from a library of drum patterns with snare and bass
drums. Kapur et al. explored query by BeatBoxing [8],
aiming to map the BeatBoxing sounds into the correspond-
ing drum sounds. A distinction to be noted here is that in
vocal percussion systems such as BeatBoxing, the vocal-
izations form the music itself, and not a means for transmis-
sion as in the case of oral syllables. More recently, Paulus
et al. proposed the use of connected HMMs for drum tran-
scription in polyphonic music [12]. This approach is differ-
ent from what we present in the sense that it aimed to tran-
scribe individual drums (bass, snare, hi-hat) and not overall
timbres due to combinations, and no reference to syllabic
percussion was made. However all these approaches have
indirectly and implicitly used some form of syllabic repre-
sentations for drum patterns.

Chordia [2] explored the use of tabla bols in transcrip-
tion of solo tabla sequences. Recently, tabla syllables were
used for a predictive model for tabla stroke sequences [3].
Anantapadmanabhan et al. [ 1] used the syllables of the mri-
dangam in a stroke transcription task. Unlike these works,
we address a syllabic system that conveys information for
a whole ensemble instead of individual instruments.

Despite the rich musical heritage and the size of audi-
ence, little work has been done for computational analysis
of Beijing opera from an MIR perspective. It has been stud-
ied as a target in a some genre classification works [17] and
the acoustical properties of Beijing opera singing has been
studied [14]. Apart from a recent study [15] that explored
the use of Non-negative matrix factorization for onset de-
tection and onset classification into the different percussion
instrument classes, no significant work has studied Beijing
opera percussion from a computational perspective.

Similar to Nakano et al. [10], we explore a speech recog-
nition based framework in this study. This approach is dif-
ferent to ours in the sense that these onomatopoeic repre-
sentations were created by the authors, while we are rely-
ing on already existing oral traditions. Speech recognition
is a well explored research area with many state of the art
algorithms and systems [5]. Hence we can apply several
available tools and knowledge for computational analysis
of syllabic percussion patterns. To the best of our knowl-
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edge, this is the first work to explore transcription and clas-
sification of syllable based percussion patterns, as applied
to Beijing opera.

2. PROBLEM FORMULATION

In Beijing opera, several syllables can be mapped to a sin-
gle timbre. This many-syllable to one-timbre mapping is
useful to reduce the syllable space for computational anal-
ysis of percussion patterns. We first mapped each syllable
to one or several of the instrument categories considered for
analysis, as explained in [15], without considering differ-
ences in playing technique or dynamics. Based on inputs
from expert musicologists, we then grouped the syllables
with similar timbres into five syllable groups - DA, TAI,
QI, QIE, and CANG, as shown in Table 1. Every individ-
ual stroke of the bangu, both drum and clappers, have been
grouped as DA. In the rest of the syllable groups, the bangu
can be played simultaneously or not. The single strokes of
the xiaoluo and the naobo are called TAI and QI respec-
tively, and the combined stroke of these two instruments to-
gether is the syllable QIE. Finally, any stroke of the daluo
or any combination that includes daluo has been notated as
CANG. This mapping to a reduced set of syllable groups is
only for the purpose of computational analysis. For the re-
mainder of the paper, we limit ourselves to the reduced set
of syllable groups and use them to represent the patterns.
For convenience, when it is clear from the context, we call
the syllable groups as just syllables, and denote them by the
common symbol in column 3 of Table 1. Hence, in the cur-
rent task, there are five syllable groups. Further, in Beijing
opera, the recognition of the pattern as a whole is more im-
portant that an accurate syllabic transcription of the pattern.
Due to the limited set of pattern classes and owing to all the
variations possible in a pattern, we are primarily interested
in classifying an audio pattern into one of the possible pat-
tern classes. Syllabic transcription is only considered as an
intermediate step towards pattern classification.

We now present a formulation for transcription and recog-
nition of syllable based audio percussion patterns. There is
a significant analogy of this task to connected word speech
recognition using word models. Syllables are analogous to
words and a percussion pattern to a sentence - a sequence of
words. There are language rules to form a sentence using a
vocabulary, just as each percussion pattern is formed with a
defined sequence of syllables from a vocabulary. However
unlike in the case of speech recognition where infinitely
many sentences are possible, in our case we have a small
number of percussion patterns to be recognized.

Considerasetof N patternclasses P = { Py, Py, - Py},
each of which is a sequence of syllables from the set of M
syllables S = {S1, 52, - Sam}. So, P, = [s1, 82, ,SL,]
where s; € S and Ly, is the length of Pj,. Given a test audio
pattern x[n], the transcription task aims to obtain a sylla-
ble sequence P* = [s1, 89, - - , 51, ] and the classification
task aims to assign P* into one of the patterns in the set P.

3. DATASET

Since there was no available dataset of Beijing opera per-
cussion patterns, we built a representative dataset of pat-
terns from the audio recordings of arias in the CompMusic
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]Pattern Class \I
daobantou [5Hz3k]

man changchui [T2K4E]
duotou [ZF3k]

\Instances\ LEN (o) ‘
66 [8.70 (1.73)
33 [13.99 (4.47)
19 [ 7.18(1.49)
xiaoluo duotou [/NFZF3k] 11 8.16 (2.15)
shanchui [[A%E] 8 10.31 (3.26)
Total 133 [ 9.85(3.69)

Table 2: The Beijing Opera Percussion Pattern (BOPP)
dataset. The last column is the mean pattern length and
standard deviation in seconds.

N[ B W~

Beijing opera research corpus [13], which is a curated col-
lection of arias from commercially available releases span-
ning many different artists and recording conditions. For
this study, we chose only the patterns at the beginning of
the aria, which are characteristic and important. From all
the pattern classes existing in the corpus, we chose five
(N = 5) most frequently used ones. These five patterns
are also the most widely used and hence hold a high degree
of representativeness. The patterns were extracted from the
audio recording and assigned to a pattern class by a musi-
cologist. The dataset is described in Table 2 and comprises
about 22 minutes of audio with over 2200 syllables in to-
tal. The audio samples are stereo recordings sampled at
44.1kHz. The syllabic transcription of each audio pattern
is obtained directly from the score of the pattern class it be-
longed to. Hence the ground truth transcriptions available
in the dataset are not time aligned. Since it is a signifi-
cant effort to obtain time aligned transcriptions, we aim to
develop algorithms which do not require the use of time-
aligned transcriptions for training. This also ensures that
the approaches scale when we add more pattern classes to
the dataset. In case of patterns where a sub-sequence of the
pattern can be repeated (e.g. man changchui and shanchui),
the additional syllables that occur due to repetitions were
manually added by listening to the pattern. Though most
of the dataset consists of isolated percussion patterns, there
are many audio examples that contain a melodic background
apart from the percussion pattern. The dataset is available
for research purposes through a central online repository 2 .

4. THE APPROACH

The syllables are non-stationary signals and to model their
timbral dynamics, we build an HMM for each syllable (anal-
ogous to a word-HMM). Using these syllable HMMs and a
language model, an input audio pattern is transcribed into
a sequence of syllables using Viterbi decoding, and then
classified to a pattern class in the library using a measure
of distance.

A block diagram of the approach is shown in Figure 3.
We first build syllable level HMMs {\,,,},1 < m < M (=
5), for each syllable S,,, using features extracted from the
training audio patterns. We use the MFCC features to model
the timbre of the syllables. To capture the temporal dy-
namics of syllables, we add the velocity and the acceler-
ation coefficients of the MFCC. The stereo audio is con-
verted to mono, since there is no additional information
in stereo channels. The 13 dimensional (including the 0

2 More details at http://compmusic.upf .edu/bopp-dataset
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Figure 3: The block diagram of the approach

coefficient) MFCC features are computed from audio pat-
terns with a frame size of 23.2 ms and a shift of 5.8 ms.
We also explore the use of energy (as measured by the 0™
MFCC coefficient) in classification performance. Hence
we have two sets of features, MFCC 0 D A, the 39 di-
mensional feature including the 0, delta and double-delta
coefficients, and MFCC D A, the 36 dimensional vector
without the 0™ coefficient.

We model each syllable using a 5-state left-to-right HMM
including an entry and an exit non-emitting states. The
emission densities for each state is modeled with a four
component Gaussian Mixture Model (GMM) to capture the
timbral variability in syllables. We experimented with eight
and sixteen component GMMs, but with little performance
improvement. Since we do not have time aligned tran-
scriptions, an isolated HMM training for each syllable is
not possible. Hence we use an embedded model Baum-
Welch re-estimation to train the HMMs using just the sylla-
ble sequence corresponding to each feature sequence. The
HMMs are initialized with a flat start using all of the train-
ing data. All the experiments were done using the HMM
Toolkit (HTK) [16].

For testing, since we only need a rough syllabic tran-
scription independent of the pattern class, we treat the test
pattern as a first order time-homogenous discrete Markov
chain, which can consist of any finite length sequence of
syllables, with uniform unigram and bi-gram (transition)
probabilities, i.e. p(sy = S;) = 1/M and p(sgy1 =
Si/sp=2S5;)=1/M,1<4i,j <M and with k being the
sequence index. This also forms the language model for
forming the percussion patterns using syllables. Given the
feature sequence extracted from test audio pattern, we use
the HMMs {\,,, } to do a Viterbi (forced) alignment, which
aims to provide the best sequence of syllables P*, given a
syllable network constructed from the language model.

Given the decoded syllable sequence P*, we compute
the string edit distance [11] between P* and elements in
the set P. The use of edit distance is motivated by two fac-
tors. First, due to errors in Viterbi alignment, P* can have
insertions (I), deletions (D), substitutions (B), and transpo-
sition (T) of syllables compared to the ground truth. Sec-
ondly, to handle the allowed variations in patterns, an edit
distance is preferred over an exact match to the sequences
in P. We explore the use of two different string edit dis-
tance measures, Levenshtein distance (d;) that considers
I, D, B errors and the Damerau—Levenshtein distance (ds)
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Syllable Pattern
Feature C ‘ A a ‘ &
MFCC D A | 78.14 | 26.32 || 93.23 | 89.47
MFCC 0 D A | 84.98 | 39.63 || 91.73 | 89.47

Table 3: Syllable transcription and Pattern classification
performance, with Correctness (C) and Accuracy (A) mea-
sures for syllable transcription. Pattern classification re-
sults are shown for both distance measures d; and d». All
values are in percentage.

that considers I, D, B, T errors.

As discussed earlier, there can be repetitions of a sub-
sequence in some patterns. Though the number of repeti-
tions is indefinite, we observed in the dataset that there are
at most two repetitions in a majority of pattern instances.
Hence for the pattern classes that allow repetition of a sub-
sequence, we compute the edit distance for the cases of
zero, one and two repetitions and then take the minimum
distance obtained among the three cases. This way, we can
handle repeated parts in a pattern. Finally, the P* is as-
signed to the pattern class P, € P for which the edit dis-
tance d (either d; or ds) is minimum, as in Eqn 1.

P, = argmin d(P*, Py) @)
1<k<N

5. RESULTS AND DISCUSSION

We present the syllable transcription and pattern classifi-
cation results on the dataset described in Section 3. The
results shown in Table 3 are the mean values in a leave-
one-out cross validation. We report the syllable transcrip-
tion performance using the measures of Correctness (C')
and Accuracy (A). If L is the length of the ground truth se-
quence, C=(L—D—DB)/Land A=(L—D—B—1I)/L. The
Correctness measure penalizes deletions and substitutions,
while Accuracy measure additionally penalizes insertions
too. The pattern classification performance is shown for
both edit distance measures d; and do in Table 3. All the
results are reported for both the features, MFCC 0 D A
and MFCC_D_A. The difference in performance between
the two features was found to be statistically significant
for both Correctness and Accuracy measures in a Mann-
Whitney U test at p = 0.05, assuming an asymptotic nor-
mal distribution.

In general, we see a good pattern classification perfor-
mance while syllable transcription accuracy is poor. We
see that MFCC_0 D_A has a better performance with syl-
lable transcription, while both kinds of features provide a
comparable performance for pattern classification. Though
syllable transcription is not the primary task we focus on, an
analysis of its performance provides several insights. The
set of percussion instruments in Beijing Opera is fixed, but
there can be slight variations across different instruments of
the same kind. The training examples are varied and rep-
resentative, and models built can be presumed to be source
independent. Nevertheless, there can be unrepresented syl-
lable timbres in test data leading to a poorer transcription
performance. A bigger training dataset can improve the
performance in such a case. The energy co-efficient pro-
vides significant information about the kind of syllables
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] 1 [ 2] 3 4] 5 [Totall
1 || 100 62
2 93.9 6.1 33
3| 10.5 68.4 21.1 19
4 18.2 | 81.8 11
5 12.5 87.5 8

Table 4: The confusion matrix for pattern classification,
using the feature MFCC 0 D A with d; distance measure.
The rows and column headers represent the True Class and
Assigned Class, respectively. Class labels correspond to
the ID in Table 2. The last column shows the total examples
in each class. All other values are in percentage and the
empty blocks are zeros (omitted for clarity).

and hence gives a better syllable transcription performance.

We see that the Correctness is higher than Accuracy show-
ing that the exact sequence of syllables, as indicated in the
score was never achieved in a majority of the cases, with
several insertion errors. This is due to the combined effect
of errors in decoding and allowed variations in patterns.
An edit distance based distance measure for classification is
quite robust in the present five class problem and provides a
good classification performance, despite the low transcrip-
tion accuracy. Both distance measures provide comparable
performance, indicating that the number of transposition
errors are low. To see if there are any systematic classi-
fication errors, we build a confusion matrix (Table 4) with
one of the well performing configurations: MFCC 0 D A
with d; distance. We see that duotou has a low recall, and
gets confused with shanchui (ID=5) often. A close exami-
nation of the scores showed that a part of the pattern duo-
tou is contained within shanchui, which explains source of
confusion. Such confusions can be handled with better lan-
guage models, which need further exploration.

6. CONCLUSIONS AND SUMMARY

We presented a formulation based on connected-word speech
recognition for transcription and classification of syllabic
percussion patterns. On a representative collection of Bei-
jing opera percussion patterns, the presented approach pro-
vides a good classification performance, despite a simplis-
tic language model and inadequate syllabic transcription
accuracy. Though the approach is promising, the evalua-
tion using a small dataset necessitates a further assessment
of the generalization capabilities of the proposed approach.
We intend to explore better language models that use se-
quence and rhythmic information more effectively, and ex-
tend the task to a much larger dataset spanning more pattern
classes. We used isolated patterns in this study, but an auto-
matic segmentation of patterns from audio is a good direc-
tion for future work. We also plan to extend this formula-
tion for computational description of percussion patterns in
other music cultures such as Hindustani and Carnatic mu-
sic, which have more complex syllabic percussion systems.
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