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Abstract
An approach to diarize taniavartanam segments of a Carnatic
music concert is proposed in this paper. Information bottleneck
(IB) based approach used for speaker diarization is applied for
this task. IB system initializes the segments to be clustered
uniformly with fixed duration. The issue with diarization of
percussion instruments in taniavartanam is that the stroke rate
varies highly across the segments. It can double or even quadru-
ple within a short duration, thus leading to variable information
rate in different segments. To address this issue, the IB sys-
tem is modified to use the stroke rate information to divide the
audio into segments of varying durations. These varying dura-
tion segments are then clustered using the IB approach which is
then followed by Kullback-Leibler hidden Markov model (KL-
HMM) based realignment of the instrument boundaries. Perfor-
mance of the conventional IB system and the proposed system
is evaluated on standard Carnatic music dataset. The proposed
technique shows a best case absolute improvement of 8.2% over
the conventional IB based system in terms of diarization error
rate.
Index Terms: Music Diarization, Information Bottleneck (IB),
Carnatic Music, Taniavartanam, Percussion instruments

1. Introduction
Carnatic music is a classical music form popular in the southern
part of India. Carnatic music attributes its origin to Samaveda
[1] and is one of the oldest music forms in the world. This music
form follows gayaki style where the emphasis is given to the vo-
cal form of the music. A Carnatic music concert generally con-
sists of a lead artist (typically a vocalist) who is accompanied
by a violinist, and percussion instrument artists. The lead per-
cussion instrument is usually the mridangam. A concert is made
up of a sequence of items called compositions. The melody of
these compositions are set to different rhythm patterns. Every
concert is like a story that the artist wishes to convey, where
audience continuously engages with the artist [2]. Every con-
cert consists of a main item where the artist gives his/her best
in terms of manodharma (improvisation) [3, 4]. This item also
includes a solo performance by the percussion artists referred to
as taniavartanam. Generally, a prime time concert will consist
of at least two percussion artists. During the solo percussion
performance, the percussion artists indulge in a “call and re-
sponse” section where the lead percussion artist challenges the
other artists with certain phrases, and the challenged artists give
a fitting response.

The objective of this paper is to diarize the taniavartanam
portion of the concert into the components corresponding to
each of the instruments. The timbre of the instruments (for
example, ghatam+mridangam or kanjira+mridangam or mors-
ing+mridangam etc.) are quite different. This is similar to
voice differences in speaker diarization. We therefore borrow

ideas from the speaker diarization literature, to diarize percus-
sion instruments in taniavartanam. Similar to speech produc-
tion, where an utterance is made up of a sequence of syllables,
here the segments are made up of a sequence of strokes. The
length of the sequence is dependent upon the rhythm that is as-
sociated with the item. These segments can be as short as a
few milliseconds. The stroke rate also varies quite significantly
as one progresses from the beginning to the end of the tani-
avartanam. This makes the diarization of percussion solo a dif-
ficult task. Previous music information retrival (MIR) tasks on
taniavartanam [5,6] have therefore only used mridangam solos,
constraining the usage of available concert data for these tasks.
Diarization of taniavartanam has a number of applications in
music information retrival (MIR). Analysis of taniavartanam
segments is crucial, as it can give insights into rhythm (or tala)
that is used in the main item of the concert.

In the context of speaker diarization, a number of differ-
ent efforts can be found in the literature [7, 8], where some fo-
cus on the model [9–11], the others focus on features [12–17].
In [18], authors use time delay of arrival as a secondary infor-
mation that complements spectral features which helps to better
discriminate between the speakers. These efforts do suggest the
importance of domain information in diarization. Speaker di-
arization is a task of clustering and hence the segments to be
clustered must have enough speaker-specific information for a
better clustering solution. This is challenging in taniavartanam
as the information is spread unevenly owing to the extempora-
neousness of the performance.

There is a huge repository of Carnatic music concerts [19].
Authors in [20] showed that continuous recordings of Carnatic
music concerts can be segmented into items for archival. They
also showed that the main item of a concert can be identified
by finding the segment corresponding to taniavartanam. Nev-
ertheless, no attempts have been made to diarize the taniavar-
tanam in the literature. This paper is an attempt to include ad-
ditional meta information to the taniavartanam segment of a
concert, where the audio is further diarized based on the instru-
ment. Given a taniavartanam audio, the system finds the sec-
tions where each instrument is played. Information bottleneck
(IB) [11] based method for speaker diarization is popular owing
to its low runtime and error rates. In the first part of the paper,
we directly use IB based speaker diarization system to diarize
taniavartanam. The taniavartanam is divided uniformly into
short segments and IB based clustering is performed. This is
then followed by Kullback-Leibler hidden Markov model (KL-
HMM) based realignment [21]. In the second part of the paper,
we modify the IB based system for music diarization to make
use of stroke rate as a secondary information to carefully initial-
ize the segments to be clustered. This is important as the clus-
tering solution depends on the information about the instrument
present in the segments to be clustered. We refer to this system
as VarIB. After VarIB clustering is done the instrument bound-
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aries are further refined using KL-HMM realignment. Both the
systems are completely unsupervised.

The rest of the paper is organized as follows. Section 2
describes the IB based approach used to diarize percussion so-
los. In Section 3 we briefly describe the method used for onset
detection. Section 4 presents the VarIB system that uses vari-
able length segments for intialization. In Section 5 we show the
performance of the proposed systems on Charsur datasets [22].
This section also discusses how the variable segmentation helps
distribute the information uniformly among the segments. Fi-
nally, Section 6 concludes the paper.

2. Information bottleneck based diarization
of Taniavartanam

Information bottleneck (IB) is an approach where the set of vari-
ables X are arranged into the set of clusters C such that the rel-
evant information Y needed for clustering is preserved [11,23].
The IB approach is popular in diarizing human speech conversa-
tions to answer the question of “who spoke when?” In the con-
text of the percussion instruments this idea translates to “what
instrument was played when?”

In modeling Gaussian mixture model (GMM), the
instrument-specific information is present in the components of
the GMM. Hence, the GMM components become the relevant
variable denoted as Y. In agglomerative IB algorithm, a set of
the fixed length audio segments X = {x1, . . . ,xn} are clus-
tered iteratively in a bottom-up manner. These segments are
arranged into a set of clusters C = {c1, . . . , cm} preserving
the relevant information Y = {y1, . . . ,yk}. The initial au-
dio segments used in the IB algorithm come from dividing the
whole taniavartanam into short equal sized segments xi. Here,
the primary assumption is that each short audio segment xi con-
tains only one instrument.

The IB objective function given in Equation 1 is minimized
such that it preserves the information about the relevance vari-
able while producing a compact solution.

F = I(Y,C)− 1

β
I(C,X) (1)

where I(A,B) denotes the mutual information between the ran-
dom variables A and B, and β is a Lagrange multiplier.

After every iteration of bottom-up clustering, the change in
the objective function can be calculated as,

∆F(ci, cj) = (P (ci) + P (cj)).dij (2)

where P (.) denotes the probability, and dij denotes the distance
between the clusters ci and cj which is given by

dij = JS[P (y|ci), P (y|cj)]− 1

β
JS[P (x|ci), P (x|cj)] (3)

The Jensen-Shannon divergence for JS[P (y|ci), P (y|cj)] is
given by

πiDKL[P (y|ci)||qY (y)] + πjDKL[P (y|cj)||qY (y)] (4)

where DKL denotes the Kullback-Leibler divergence, qY (y) =
πi P (y|ci) + πj P (y|cj) and πi = P (ci)/(P (ci) + P (cj)).

After every iteration, two clusters with minimum ∆F are
considered for merging. The merged cluster cr made from ci
and cj is characterized as,

P (cr) = P (ci) + P (cj) (5)

P (y|cr) =
P (y|ci)P (ci) + P (y|cj)P (cj)

P (cr)
(6)

The normalized mutual information after every iteration is
calculate by NMI = I(Y,C)

I(Y,X)
. The bottom-up clustering is re-

peated until the NMI based stopping criterion is reached. After
the clustering process is completed, the boundaries are refined
using KL-HMM based realignment [21].

3. Stroke onset detection
In this section, we briefly describe the algorithm for stroke on-
set detection [24]. The unsupervised group delay based onset
detection algorithm is shown to give a performance at par with
state-of-the-art supervised machine learning based onset detec-
tion algorithms on Carnatic percussion instruments [24]. As
shown in Figure 1, minimum phase group delay processing is
applied on the smoothed envelope of the derivative of the music
signal to emphasise the peaks at onset locations.

Figure 1: Onset detection algorithm.

Figure 2: Onset detection in Mridangam strokes. Onset points
are marked with red boundary.

The onsets detected by this algorithm as illustrated in Fig-
ure 2 give the stroke rate information in a concert. This infor-
mation is used in the next section to initialize the segments for
clustering.

4. Varying length segment for IB based
diarization of taniavartanam

The difference between speaker diarization and percussion di-
arization is that the instrument switch can happen within a 20-
30ms range, while it is of the order of a few seconds in speaker
diarization. Further, the rate of the strokes can vary significantly
across the concerts. In percussion instruments, the instrument-
specific information is available only in strokes. Hence, it is
important to capture this information properly to get a good
clustering solution. Given the information on the stroke rate
variation, we propose varying length segment initialization for
IB based clustering.

In IB based diarization explained in section 2, the segments
are uniformly divided in terms of duration. This can lead to dif-
ferent number strokes in different segments which affects the
GMM modeling step in IB framework. This can be avoided
by distributing the information evenly throughout the short seg-
ments. We initialize the segments in IB system using varying
length segments. These segments are derived with the help of
stroke detection algorithm as explained in section 3. Instead
of fixed duration segments, we allow segments to take vari-
able duration (length) within a meaningful range (this is defined
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based on the domain information), while keeping the number of
strokes constant in each segment.

Let maxDur be the maximum allowed duration for any
segment and minDur be the minimum allowed duration for
each segment. LetminStrokes be the minimum allowed num-
ber of strokes in a segment. The segmentation is done such that
the length of each segment is betweenminDur andmaxDur,
and the number of strokes is equal to minStrokes. This en-
sures that each segment has enough number of strokes. The next
segment is calculated from the time where the current segment
has ended which avoids the overlapping segment problem.

The hyper-parameter minStrokes controls the number of
varying duration segments. The number of segments in the
given concert is inversely proportional to minStrokes. How-
ever, the segment durations are bounded by maxDur and
minDur. This ensures that the number of segments is not too
small or too large for a given concert. This is important for
proper modeling of the GMM and also for estimating the pos-
teriors in IB system. We then perform IB clustering on these
varying duration segments. The clustering is stopped once the
NMI threshold is reached.

Similar to the IB system, the clusters obtained from VarIB
may have two kinds of errors. The first is that the initial segment
may not be instrument homogeneous as it may have multiple
instruments played in sequence. The second issue is that the
initial segment itself is in a wrong cluster. Similar to speaker
diarization, a KL-HMM realignment is performed after VarIB
clustering. This helps to refine the boundaries. The boundaries
obtained after realignment are the final output of the VarIB sys-
tem.

5. Dataset, experimental setup and results
In this section, we describe the dataset used, experimental setup
and the performance of both the systems.

5.1. Dataset

A subset of Charsur dataset is used in our experiments [22].
A subset of 50 concerts are chosen randomly from the whole
dataset. The taniavartanam part from each of the concerts is
obtained manually. The boundaries of the instruments for each
of these taniavartanams were also marked manually for evalu-
ation. The duration of the taniavartanams in all the 50 concerts
is between 5 minutes to 25 minutes. These recordings were di-
vided into 5 sets with 10 recordings in each set. One set (Tani-
Dev) was used as development set to tune the hyperparameters,
whereas the remaining four (Tani-1 to 4) were used for testing
purpose.

5.2. Experimental setup

All the hyper-parameters were tuned to get the best performance
on the development data. We used 19 dimensional MFCC fea-
tures. The threshold on NMI and the value of β for both IB
and VarIB systems were tuned to 0.4 and 10, respectively. The
maximum number of clusters for IB and VarIB is fixed to be 3.
The reason for this is that most concerts have two percussion in-
struments. The percussion instruments either play in tandem or
together, leading to three different timbres. However, the NMI
controls the clusters if the number of instruments is less than
3 and/or there is small/no overlapping segment in the taniavar-
tanam. The initial segment length for IB was set to 2.0 seconds.
However, for both the methods the minimum HMM duration
constraint for realignment was kept to 1 second. This constraint

Table 1: DER for all datasets are reported on forgiveness collar
of 0.15 seconds. Performance of VarIB system is compared with
that of the IB system for different initial segment duration. Impr-
I denotes the absolute improvement in DER of VarIB system on
each dataset with respect to the IB system with 2.0 seconds of
fixed segment duration. Impr-II denotes the absolute improve-
ment of VarIB system on each dataset with respect to the best
DER obtained on IB system with any three of the fixed segment
sizes. The corresponding relative improvements are given in the
parentheses.

Sys./Data. Dev. Set Test Set

Tani-Dev Tani-1 Tani-2 Tani-3 Tani-4

IB (1.5) 17.9 20.4 23.0 21.6 13.9
IB (2.0) 17.6 19.0 19.4 22.3 13.1
IB (2.5) 18.0 18.5 17.9 19.9 15.2

VarIB 13.0 11.9 15.6 11.7 9.4

Impr-I (%) 4.6 (26.1) 7.1 (37.4) 3.8 (19.6) 10.6 (47.5) 3.7 (28.2)
Impr-II (%) 4.6 (26.1) 6.6 (35.7) 2.3 (12.9) 8.2 (41.2) 3.7 (28.2)

was necessary to capture the fast switching of instruments that
occurs in the last section of the taniavartanam. Shorter min-
imum HMM duration than 1 second introduced false bound-
aries. The minDur and maxDur for VarIB were fixed to 1
and 6 seconds, respectively. Hence, the VarIB is flexible to take
segments between 1 and 6 seconds duration. We set the value
of the threshold on the minimum number of strokes in a seg-
ment minStrokes to 15 for VarIB. While implementing, we
relax1 the minStrokes such that the segment can have more
thanminStrokes strokes if and only if its duration is contained
within minDur.

Since the taniavartanam concerts are continuous without
considerable silence, voice activity detection (VAD) system is
not required. However, one can use VAD for other types of
concerts where there are considerably long pauses. Diarization
error rate (DER) is used as the evaluation metric. This is calcu-
lated as the sum of the missed instrument (MI), the false alarms
(FA) and the instrument error rate (IER). IER is the percentage
of time the hypothesised segments are assigned to the wrong
instrument. MI and FA are related to VAD errors. Since the
concerts have negligible silence part, MI and FA are close to
zero. Hence the values of DER and IER are similar. Neverthe-
less, we report the final performance in terms of DER.

We used the standard evaluation tool from NIST [25] to
evaluate the performance in terms of DER of the proposed sys-
tems. A forgiveness collar of 0.15 seconds was used to exclude
the errors at the boundaries within the 0.15 seconds range of the
reference boundaries. This is important as it not only excludes
the errors made by the system but also the errors made dur-
ing the preparation of the reference boundaries. It should also
be noted that the forgiveness collar of 0.15 seconds is stricter
than the usual 0.25 seconds used for the task of speaker diariza-
tion [26].

5.3. Results

The results of the experiments are reported in Table 1 in terms
of DER. We report the DER for IB system with 3 different ini-
tial segment durations since all of them showed similar perfor-
mance on the development set. Since the DER for other initial
segment durations for IB system were poor we did not report

1The relaxation is kept to avoid the corner case on last segment and
also when VAD is used.
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them. The duration (in seconds) of the fixed length initial seg-
ments for IB system are given in parentheses. Since the IB
system with 2 seconds as the initial segment duration showed
the best performance on the development dataset, we compare
the performance of VarIB with this system. The Impr-I denotes
the performance improvement of VarIB system over IB system
with fixed segments of 2 seconds. The corresponding relative
improvements are given in parentheses. We also compared the
performance of VarIB with the best DER obtained among the
three IB systems. This is mentioned in Impr-II. It can be seen
from the Table 1 that the IB system showed reasonably good
performance with fixed duration segments. The VarIB system
showed significant improvement over all IB systems with dif-
ferent initial segment sizes. The best case relative improvement
of 47.5% (absolute 10.6%) was observed for Tani-3 dataset with
respect to the IB system with 2 seconds as the segment dura-
tion. The relative improvement of 41.2% (absolute 8.2%) was
observed on Tani-3 dataset when compared with the best per-
forming IB system (with 2.5 second) for that dataset. VarIB out-
performs the IB systems for different segment durations on all
the datasets. This shows the effectiveness of proper initializa-
tion of segments in VarIB system. If the taniavartanam contains
overlapping segments (where both instruments are played si-
multaneously), a separate cluster for such segments is obtained
in both the systems.

Figure 3: Number of strokes in each of the fixed duration seg-
ments used in IB system. The information about the instrument
is unevenly distributed. Its less in the starting part and more
concentrated in the end part of the taniavartanam.

Figure 4: Number of strokes in each of the varying duration
segments used in VarIB system. VarIB equally distributed the
information among different initial segments.

In Figures 3, 4 and 5 the segment IDs shown on the X-axis
are in the same order as the time. That is, the segment ID 1 de-
notes the segment from the start of the taniavartanam and the
last segment ID is for the part where the taniavartanam ends.

Figure 5: Duration of each of the varying length segments used
in VarIB system. The segment length reduces with the time. This
is due to the high stroke rate towards the end of the concert.

All the plots in all the figures were obtained from a sample con-
cert2 taken from the development set. Mridangam and ghatam
are played in this concert.

Figure 3 shows the stroke distribution throughout the tani-
avartanam in IB system across the segments of fixed duration
of 2 seconds. It can be seen that the strokes are unevenly dis-
tributed across the segments. Hence in the case of fixed dura-
tion segment in IB system, these segments have different levels
of information. It should be noted that the stroke rate goes on
increasing as the taniavartanam progresses. It is usually very
high in the last section of the taniavartanam. And hence in the
IB system uniformly divided segments have larger number of
strokes in the last section which eventually leads to a poor bal-
ance of information across segments.

Figure 4 shows uniformly distributed strokes across varying
duration segments in VarIB system. This is important as the ini-
tial segmentation affects the agglomerative clustering process.
A good initialization leads to a better final solution. The dip
near segment ID 75 shows the segments with few number of
strokes. It showed around 8 strokes in 6 seconds (maxDur)
duration. Also, in the latter part of the concert 18 strokes were
found in short duration of 1 second segment as both the instru-
ments were played fast and together. Figure 5 shows the dura-
tions of different segments in VarIB. It can be seen that as the
taniavartanam progresses, the VarIB adjusts segment lengths
such that the information in each segment remains similar. It
can also be noted that the VarIB reduces the segment duration in
the last section of the concert where the artists play fast strokes.
The green line in Figures 3 and 5 shows the overall trend of the
respective graphs.

6. Conclusion
In this work, the information bottleneck (IB) approach is used
for the first time to diarize the taniavartanam part of a Carnatic
music concert. We proposed a VarIB approach which initial-
izes the segments in IB system with varying durations based
on the stroke rate. Both the systems gave reasonable perfor-
mance. However, VarIB showed significant absolute improve-
ment of 8.2% over the IB system on the evaluation data.

The proposed technique opens up the possibility of research
in music diarization from an information theoretic perspective.
We plan to extend the technique further to instrument linking
where similar instruments across the concerts can be linked.

2https://musicbrainz.org/release/5b24d8ca-c530-4332-b2c1-
d42902169c99
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