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Abstract—In this paper, we study the scalable discovery of
audio repetitive patterns/motifs in long broadcast streams, where
two segments are said to be repetitive if their audio fingerprints
are close to each other. In this task, as we are confined to handle
limited variability, we can adapt an audio hashing technique,
originally proposed for searching a given music clip in music
tracks, to successfully devise a linear complexity similarity
matching method with a new step of repeated interval formation.
This is the first contribution of this paper. As the similarity
matching is super fast and thus coarse, there are false alarms in
the large number of pairwise matches generated, which constitute
a major source of noise. We propose applying subset selection
to the original set of pairwise matches based on determinantal
point processes (DPPs), as a filtering step, to reduce the noise.
The selected subset of pairwise matches is then subjected to motif
clustering. We successfully apply DPP-based subset selection to
improve motif clustering, which has a nice property that favors
both quality and diversity. This is the second contribution of this
paper. The proposed method is thoroughly evaluated on a 9-hour
real-world audio stream and is compared with several reference
methods. The bootstrap technique is used for the significance
test. It is shown that the similarity matching is computationally
very efficient (above 100 times faster than real time), and the
filtering step with DPPs can significantly improve the precision
of motif discovery, without sacrificing the recall performance.
Index Terms—Audio motif discovery, audio fingerprinting,
determinantal point process, motif clustering.

I. I NTRODUCTION
MONG the rich information types in audio, various
pattern repetitions are of particular importance because
they reveal some structural properties of the audio data. For
different sources of audio data, the definition of what constitute
repetitive patterns, often called motifs1 , varies significantly
with different targeted applications. A variety of research
efforts have targeted discovering such repetitive patterns. Related studies include extracting repeating objects from long
multimedia streams [1], discovering near-duplicates/motifs in
human speech and animal sounds [2], finding the repetitive
structure of a music recording [3][4], or extracting repeated
spoken terms in speech without automatic speech recognition
(ASR) [5].
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Although there are differences between the definitions of
audio motifs, the technical methods for discovering audio
motifs could be conceptually summarized to consist of three
main modules - feature extraction, similarity matching and
motif clustering. Feature extraction transforms the raw audio
into some low-dimensional features. Similarity matching refers
to performing comparisons based on the extracted features and
generating pairwise matches of segments. The two segments
in a pairwise match are hypothesized to be two instances of
a motif. We hope that all instances belonging to a common
motif could be grouped into one cluster corresponding to one
motif, which is the aim of motif clustering.
In this paper, we are interested in discovering repeated segments in broadcast radio and television streams in a scalable
and unsupervised fashion, where two segments are said to be
repetitive if their audio fingerprints 2 are close to each other.
In other words, the repetitions defined by audio fingerprints,
which we call audio fingerprint motifs, are our targets. This
task of fingerprint motif discovery from broadcast streams was
studied in the pioneering work of [1]. As noted in [1], a
difficulty of this task is the large diversity of the repeated
segments appearing in the broadcast streams, with respect to
their types, durations and occurring frequencies. The repeated
segments could be of various types, e.g., commercials, station
call-signs, signature tunes of particular television programs,
and even entire programs. Their durations can vary from a few
seconds or minutes to hours, and the gaps between successive
copies can be as short as seconds or minutes or as long as
hours. Considering such diversity, we can hardly make any
particular assumptions about the nature of repetitions as they
appear in the stream.
In terms of scalability, we successfully devise a hashingbased similarity matching method that has linear complexity
and is scalable for processing long broadcast streams (hours
or days), which is in contrast to the quadratic complexity
of most existing similarity matching methods. This is the
first contribution of this paper. As we are confined to handle limited variability (because we target fingerprint motifs),
we can use fingerprint hashing for similarity matching. The
hashing technique, which is originally proposed in [8] to
search a given music clip in music tracks, is adapted (to our
knowledge, the first ever reported and thoroughly validated
2 An audio fingerprint is a compact signature that summarizes a piece of
audio and is currently often used in near-duplicate detection and mainly
designed to be consistent under limited distortions such as compression,
transmission, play-and-record, equalization and so on [6][7][8][9][10][11].

II. R ELATED W ORK
A variety of research efforts have investigated unsupervised
audio motif discovery. The studies most closely related to our
contribution are the methods of similarity matching to generate
pairwise matches and motif clustering to derive clusters of mutually similar segments, which will be briefly reviewed below.
Although we are interested in methods useful for discovering
audio fingerprint motifs from long broadcast streams, we
also discuss those matching and clustering methods that were
successfully used in other motif discovery or similar tasks,
e.g., repetition-based music structure analysis [3][13][14] and
spoken term discovery [5][15][16].
A. Similarity Matching
In similarity matching, a self-similarity matrix (SSM) is a
widely used data structure in many studies, e.g., [13] in music
tasks (see [3] for more survey), [16] in spoken term discovery,
and [10] in near-duplicate/motif discovery. A crucial observation is that repeating patterns in the feature sequence appear as
diagonal stripes parallel to the main diagonal in a SSM. These
stripes manifest the high similarity of a pair of segments. One
possible approach is computing a SSM and searching for the
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attempt) to discover fingerprint motifs from long streams in
an unsupervised fashion.
Because similarity matching is super fast and thus coarse,
the large number of pairwise matches generated is noisy and
redundant, which is shown in Fig. 1. First, there are false
alarm pairwise matches that mostly are short in length (often
several seconds) - a major source of noise. Second, for every
ground-truth motif interval, there are a number of hypothesized
matched intervals produced from similarity matching (being
redundant), and they rarely agree on starting and ending times
- another source of noise. This presents some difficulty for
motif clustering. We propose applying subset selection to the
original set of pairwise matches based on determinantal point
processes (DPPs) [12] as a filtering step to reduce the noise and
redundancy. The selected subset of pairwise matches is then
subjected to motif clustering. DPP-based subset selection has
a nice property that favors both quality and diversity [12]. In
this paper, we successfully apply DPP-based subset selection
to improve motif clustering and demonstrate its effectiveness.
This is the second contribution of this paper.
The remainder of this paper is organized as follows. In
Section II, we discuss related work. Our audio motif discovery
system follows the conceptual decomposition of three modules
- feature extraction, similarity matching and motif clustering.
Section III describes the first two modules together, as hash
extraction and hashing-based similarity matching are closely
related in our system. Section IV describes motif clustering
with DPP-based subset selection. Section V describes our
experimental evaluation. Section VI concludes the paper with
a discussion of potential future directions. Along with this
paper, a continuous 9-hour real-world audio stream recorded
from a public broadcast radio in Beijing is manually annotated
with motif labels and will be made publicly available for motif
discovery research purposes.
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Fig. 1. It is shown that an audio example contains a motif with four occurrences, which are marked in black in the spectrograms. Through similarity
matching, a total of seven hypothesized matched pairs of intervals are detected,
as shown by the seven diagonal stripes. The selected subset of matched pairs
based on DPP is shown with the three blue stripes. The false alarm match is
shown by the red stripe.

diagonal stripes. This approach has been studied and improved
extensively to meet different requirements in various tasks. We
briefly describe two improvement directions, representing two
extremes of balancing between allowing more variations and
achieving fast matching.
On the one hand, in order to accommodate more variations (e.g., time warping, tempo) between repetitions, dynamic time warping (DTW) or variants [5][14] have been
developed for similarity matching to tolerate more variability.
This tolerance is crucial for music structure analysis and
spoken term discovery, but is not necessary for detecting
near-duplicates/fingerprint motifs, as pursued in this work.
Moreover, the drawback is that the scalability is limited by
the quadratic computational complexity.
On the other hand, a major concern in some tasks is speedup
matching. For this efficiency purpose, hashing techniques are
particularly attractive. One approach, as used in [11], first
builds a similarity trellis based on hash collisions and then
uses a Viterbi-like algorithm to find the continuous paths in the
trellis (much like finding diagonal stripes in a SSM). The other
approach, as used in [10], builds a histogram of differences
of time offsets of every pair of hash collisions. Then, the
pair-wise match detection is implemented by detecting local
maximums in the hashing histogram, which is even more
efficient than the Viterbi-like algorithm. Both works [10][11]
use Haitsma and Kalker hashing [7].
Finally, it is worthwhile to comment on some similarity
matching methods that do not rely on the use of SSMs. The
work in [1] proposes a sequential searching and buffering
strategy, which is adapted to spoken term discovery in [15].
This strategy is of linear complexity but makes assumptions
on the motifs’ durations and occurring frequencies. In [2],
the top-K closest pairs are found by using probabilistic early
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Fig. 2.

The architecture of our fingerprint motif discovery system

abandoning. However, these methods operate only around
real-time, whereas we aim for processing large volumes of
broadcast streams in super real-time.
B. Motif Clustering
Compared to similarity matching, motif clustering is less
studied in the existing literature. Most near-duplicate detection
systems do not produce clustered results [11][17] or simply
use transitive closure to combine matched pairs into clusters
in [10].
In music structure analysis [3], the task of thumbnailing is mainly concerned with finding the one segment that
best represents a music recording. In the case that a more
comprehensive structural description is required, the spectral
clustering method [13] and transitive closure reasoning [18]
are used to group similar segments. An interesting work with
similar motivation for studying motif clustering is [14], with
two steps, stripe extraction from a SSM of a music recording and grouping pairwise matched segments into musically
meaningful parts. The problem addressed in [14] is that the
stripe structures in a SSM are noisy and fragmented, which
makes both steps prone to error. This problem is similar to
what we discuss in the Introduction: the pairwise match results
are noisy and redundant. The proposed method of jointly
performing the stripe extraction and grouping step for a given
segment is good for analyzing a music recording, but may
not be appropriate for processing long broadcast streams to
find all motifs with a large diversity in types, durations and
occurring frequencies.
In spoken term discovery, the spectral clustering of hypothesized intervals is studied in [19] and shown to work
better than graph clustering in [5]. Noting that it is hard to
determine the number of clusters, [19] proposes producing
only a fixed number of the biggest clusters. This somewhat
meets the task requirement of discovering word motifs with
high recurrence. However, it is not good for the task of
discovering all fingerprint motifs that do not necessarily have
high recurrence as long as there are repeats, which is our
primary concern in this paper.
III. H ASHING - BASED S IMILARITY M ATCHING
The architecture of our fingerprint motif discovery system
is presented in Fig. 2. It follows the general decomposition of

having three modules: feature extraction, similarity matching
and motif clustering. In our system, the first two modules
together are responsible for producing pairwise match results
and will be introduced together in this section. Motif clustering is further decomposed into two submodules, which are
described in Section IV.
For the purpose of scalable similarity matching, hashing
techniques are particularly attractive. Haitsma and Kalker
hashing [7] extracts the signs of the energy band differences
along both the time and frequency axes as a 32-bit hash and is
used in [10][11] for commercial extraction. The Wang hashing
[8] examines only spectrogram peaks and also generates 32bit hashing. It is originally proposed for the task of searching
a given music clip in song databases and shows superior
performance in benchmarking evaluations of this task [20]
when compared to Haitsma and Kalker hashing. However,
to our knowledge, it has not yet been applied or thoroughly
validated for the task of unsupervised motif discovery from
long streams, although it is a well-known hashing technique
in itself and mostly used in query-and-searching/retrieval tasks
[17][21]. In this paper, the Wang hashing technique is adapted
to our task. The resulting hashing-based similarity matching
includes three steps: hash extraction, histogram-based repetition detection and formation of repeated intervals. While
the first two steps may seem as a direct adaptation of Wang
hashing and the histogram technique, the third step is new (see
Section III-D for a discussion with related work).
A. Hashing Extraction
We review the main steps of the Wang hashing algorithm as
follows. First, the magnitude spectrogram X = {x1 , . . . , xT }
of the audio is created, with a frame length of 64 ms and
50% frame overlap. Then, we detect time-frequency peaks in
the spectrogram X, which are more likely to survive ambient
noise. Finally, hashing is conducted for the pairs of peaks,
called landmarks. Specifically, a fixed number of peaks (up
to 5) is chosen for each frame. Each peak (as an anchor) is
combinatorially paired with other following peaks (up to 3)
within its target zone (32 frequency bins by 64 frames) to
form landmarks, as shown in Fig. 3. For each landmark, i.e.,
a pair of associated peaks in the time-frequency plane, L ,
{(t1 , f1 ), (t2 , f2 )}, 1 6 t1 < t2 6 T , the numbers in the triplet
of (f1 ; (t2 − t1 ); (f2 − f1 )) are quantized. The concatenated
bit-string is used as the hash value for this landmark. The
absolute time offset of the anchor peak from the beginning of
the audio, t1 , is called the anchor time of the landmark and is
not a part of the hash itself. The details can be found in [8].
B. Histogram-based Repetition Detection
After hash extraction, we are ready to find pairwise repeated
intervals within the long audio X = {x1 , . . . , xT }. An important data structure is the T × T sized self-similarity matrix
(SSM). Pairwise repeated intervals in X manifest themselves
as diagonal stripes in the visualization of this matrix. To
detect diagonal stripes, a histogram of the time differences
resulting from all hash collisions is constructed, as shown
in Fig. 4a. At the same time, we can imagine a scatterplot
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Fig. 4. (a) The histogram of the time differences resulting from hash collisions. There are 9 local peaks that are higher than the threshold δheight = 4 (b)
The scatterplot that displays hash collisions. The 9 diagonal line segments that correspond to the 9 local peaks in the left histogram are indicated by arrows,
where the numbers at the end of the rows are the corresponding bin heights.
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Fig. 3. An illustration of the hashing extraction technique [8]. The detected
peaks in the spectrogram are denoted using the stars. The red circled star is
the anchor peak, which is paired with other following peaks within its target
zone to form landmarks.

for all hash collisions (i.e., a binarized SSM), as shown in
Fig. 4b. If there are n landmarks with the same hash
(n) value
and thus hashed into the same bucket,
there
are
2 hash
( )
collisions for that hash bucket and n2 points in the scatterplot.
For two matched landmarks resulting from a hash collision,
La , {(ta1 , f1a ), (ta2 , f2b )} and Lb , {(tb1 , f1b ), (tb2 , f2b )}, the
time difference between the two landmarks is defined as
|ta1 −tb1 |, the absolute difference of the anchor times for the two
landmarks. Accordingly, there is a point located at (ta1 , tb1 ) in
the scatterplot, and the height of the histogram bin at |ta1 − tb1 |
is incremented by one. Due to symmetry, we only need to
consider points at the lower right half-plane of the scatterplot.
All time differences resulting from all hash collisions are put
into bins to form a histogram of time differences. For time
difference △ = 0, 1, . . . , T − 1, the height of the histogram
bin at △ is exactly the number of points in the diagonal
line with x-intercept △. An example of the histogram and
scatterplot for a 200-second audio is shown in Fig. 4.
To search for pairwise repeated intervals, we exploit the
so-called temporal consistency, which means that the time d-

ifferences between the matched landmarks within two matched
intervals should be consistent. If an interval is matched with
another interval △ frames later, there should be a number
of hash collisions between the landmarks within these two
intervals, and the time differences resulting from these hash
collisions are most likely to be △. Consequently, the height of
the histogram bin at △ is most likely to be a (local) maximum.
Therefore, the pairwise repeated intervals could be detected
by first searching for local maximums in the hashing histogram. It is important to note that for the simple task of
identifying a short clip of music out of a song, it is enough to
search for the global maximum in the histogram to declare if
the clip appears in the song or not. To find all pairs of repeated
intervals, we need to not only search for local maximums in the
histogram but also conduct some further steps to link matched
landmarks to form pairwise repeated intervals, described in
the following.
C. Formation of Pairwise Repeated Intervals
Searching for local maximums in the histogram is a good
starting point for searching for pairwise repeated intervals,
but not adequate, especially for determining the boundaries
of the repeated intervals. There are two main reasons. First,
the matched pairs of landmarks with the same time difference
are collapsed into the same bin, so the bin height carries no
boundary information. There may be more than one repeated
interval in a diagonal line. Second, accidental landmark matches usually co-exist together with expected matches, and the
generation of landmarks does not guarantee that the landmarks
from two matched intervals are continuously matched one after
another. Therefore, there might be outliers and holes along the
diagonal line corresponding to the selected local peaks in the
histogram.
For efficiency, the following three steps are used in this
paper to link matched landmarks to form pairwise repeated
intervals. For easy reference, Table I lists the parameters and
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Fig. 5. Different cases for clustering the points over the diagonal lines in the
scatterplot. (a) The desired case - hash collisions from two matched interval
are consistently aligned. (b) Uninteresting hash collisions that are near the
main diagonal of the scatterplot, to be filtered by δbin . (c) Outliers and holes
along a diagonal due to accidental landmark matches. (d) The sporadic hash
collisions should be discarded.

their values used in this paper for the experiments described
in Section III. Fig. 5 shows the motivating cases that lead to
the three-step method.
1) Pre-Filtering: In this step, first, the prominent local
peaks where the corresponding bin heights are above a given
threshold δheight are selected from the histogram, which can
be seen in Fig. 4a. Second, note that a landmark is highly
probable to have the same hash value with some nearby
landmark, which is generated only several frames away. There
are a large number of points near the main diagonal of the
scatterplot, as shown in Fig. 5b, implying that a large number
of intervals are “repeated” only several frames away. Such
overlapped repetitions are not of interest. Therefore, the bins
corresponding to time differences less than δbin are excluded
to avoid the overlapped repetitions. The above two steps
remove the minor bins from the histogram, which are either of
low height or for which the corresponding time differences are
small. The resulting scatterplot is actually a filtered version of
the original scatterplot, where all minor diagonal lines, mainly
consisting of accidental matches, are eliminated. The remained
diagonal lines are called major diagonal lines.
2) Clustering: For each major diagonal line in the lower
right half-plane of the scatterplot, the points lying on the
diagonal line are clustered to form intervals. Following the uphill direction along the diagonal line with x-intercept △ > 0,
we denote the points as a sequence {pi , i = 1, . . . , K}, where
pi = (pi,x , pi,y ) are the horizontal and vertical coordinates of
point i in the scatterplot and pi,x −pi,y = △. Then, a cluster of
points, A, over the diagonal line with x-intercept △ essentially
represents a pair of repeated intervals with lag △, which could
be denoted as
α(A) , [pl(A),y , pr(A),y ],
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Fig. 6. An illustration of the math symbols used in this paper to denote
the cluster of points A within a diagonal line, which essentially represents a
matched pair of intervals α(A) and β(A).

where
l(A) = argmin pi,x ,

(3)

i∈A

r(A) = argmax pi,x ,

(4)

i∈A

are the left-most and right-most points in the cluster A. An
illustration of these math symbols is shown in Fig. 6.
To cluster the points over a diagonal line, we first sort the
points in ascending order based on the frame number. Two
adjacent points, pi and pi+1 , are connected if the distance
between them is below a given threshold,
∥ pi − pi+1 ∥≤ δgap , i = 1, . . . , K − 1

(5)

Then, the groups of connected points are used as clusters.
3) Post-Filtering: After the clustering, we obtain a few
pairwise repeated intervals corresponding to the clusters of
points along each major diagonal line. These pairwise repeated
intervals are subject to the following filtering to produce the
final pairwise repeated intervals.
• The width of the interval should be larger than a given
threshold δwidth .
• The size of the cluster, i.e., the number of points in the
cluster, should be larger than a given threshold δnum .
In summary, the formation of repeated intervals consists of
three steps: pre-filtering using δheight and δbin , the clustering
using δgap , and the post-filtering using δwidth and δnum . It is
designed mainly to address the problem that there might be
outliers and holes along the diagonal lines. Filtering removes
unwanted outliers, and clustering enables us to link points to
form intervals, although there are holes due to the fingerprints.
The pairwise repeated intervals, which are formed from applying the three-step method to Fig. 4b, are shown in Fig. 7.

(1)
D. Related Work on Repeated Interval Formation

β(A) , [pl(A),x , pr(A),x ],

(2)

It is worthwhile discussing two other methods related to
repeated interval formation and commenting on the novelty of
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Algorithm 1 Greedy DPP-MODE Algorithm
Inilization: L
Output: Ĉ
1: Set Ĉ ← ∅, U ← Y;
2: while U is not empty do
([
] )−1
3:
Compute L∗ = (L + IĈ¯ )−1 ¯
− I;
Ĉ
∗
4:
L←L
5:
U ← {i|i ∈
/ Ĉ, Lii > 1}
6: end while
7: Return: Ĉ
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Fig. 7. The set of pairwise repeated intervals, Y, which is formed by applying
the three-step method to Fig. 4b. The DPP-based selection result Y is also
shown, where the numbers at the end of the rows indicate the selected orders.
The matched pairs from a common motif have the same color.

our method. These two methods are also based on the temporal
consistency of repetitions and thus have some resemblance
with our method.
The study by Duong et al. [22] is close to our method in
spirit in that it also uses the Wang hashing [8], the scatterplot
and the histogram to synchronize multiple versions of the same
movie. Additional steps are introduced to refine the match
and eliminate outliers. In particular, a hierarchical clusteringbased approach is proposed, where the Euclidean distance
between every pair of clusters is computed and the clusters for
which the distance is smaller than a pre-defined threshold are
merged. This implementation of clustering is computationally
more expensive than our clustering implementation described
above, although theoretically, the clustering results may not
differ much.
Wu et al. [10] propose temporal recurrence hashing for
detecting duplicate commercials. First, a scatterplot resulting
from all hash collisions is constructed, similar to our method,
but using the Haitsma and Kalker hashing technique with a
fixed frame rate of 30. Then, a two-dimensional histogram
is further built from the scatterplot, and repeated intervals
are directly determined by detecting local peaks in the histogram and applying a fixed threshold. Specifically, for a
hash collision
the fingerprints
at times ta and tb ,
( a between
)
b
a b
the bin at | t − t |, min(t , t ) within the two-dimensional
histogram is incremented by 1. The first dimension, | ta − tb |,
is the time difference of the hash collision and represents the
first dimension of the histogram, and the second dimension,
min(ta , tb ), is the first occurrence time of the matched fingerprint and represents the second dimension of the histogram. A
remarkable treatment is that the resolutions of | ta − tb | and
min(ta , tb ) are set to be 1 second and 1 minute, respectively.
Therefore, an equivalent view of their method is imagining
a partition of the scatterplot into diagonal strips, each with
width 1 second and height 1 minute. The number of points
within each diagonal strip is then used as the bin height for the
two-dimensional histogram, which is subjected to local peak

selection and thresholding. Setting the width resolution to be
1 second is mainly done to accommodate the time resolution
of the fingerprint used in their method. In [10], fingerprint
hashing is conducted for a fragment formed by combining
continuous frames with the same fingerprint. Temporal consistency is more likely to be satisfied at the resolution of 1
second. Setting the height resolution to be 1 minute mainly
suits the specific application scenario studied in [10]. The
duplicate audio/video to be detected is a TV commercial, the
duration of which is assumed to be no more than 30 seconds.
This special treatment is not necessary for our method. As the
Wang hashing technique we used is more robust to distortions
and accurate in timing, there is no need to sacrifice the time
resolution. Additionally, there is no need to limit the length
of a motif.
IV. DPP

BASED

M OTIF C LUSTERING

After the hashing-based similarity matching introduced in
Section III, we obtain a number of pairwise repeated intervals,
which could be represented as a set
Y = {A1 , · · · , AN }.

(6)

As defined as in Eq. (1) and Eq. (2), Ai , (α (Ai ) , β (Ai ))
denotes a matched pair of intervals, i = 1, . . . , N , indicating
that the interval α (Ai ) is hypothesized to repeat at a later
time along the interval β (Ai ). This also means that the two
intervals, α (Ai ) and β (Ai ), are two hypothesized instances
of a motif. Taking Y as the input, motif clustering is used
to build clusters of intervals so that all hypothesized intervals
belonging to a common motif are grouped together in one
cluster. Moreover, we need to generate only one hypothesized
interval for each instance of a motif.
As pointed out in the Introduction, the pairwise match
results in Y are noisy and redundant. We propose applying
subset selection to Y before clustering, which could be understood as a filtering step to filter out the noise and redundancy in
Y. As shown in our experiments, this filtering step with DPPs
can significantly improve the precision of motif discovery,
without sacrificing the recall performance.
A. DPP Background
The determinantal point processes (DPPs) [12] are elegant
probabilistic models for subset selection problems where both
quality and diversity are considered. Formally, given a set of

7

items Y = {1, · · · , N }, a DPP defines a probability measure
P on 2Y , the set of all subsets of Y. For every subset Y ⊆ Y,
we have
P(Y ) ∝ det(LY ),
(7)
where L, called the L-ensemble kernel, is an N by N positive
semidefinite matrix and can be written as a Gram matrix
L = ΓT Γ. Intuitively, det(LY ) could be viewed as the squared
volume spanned by Γi , i ∈ Y, the column vectors of Γ,
representing items in Y.
A popular decomposition of the kernel is to define Bi =
qi ϕi , where qi ∈ R+ measures the quality (magnitude) of
item i in Y, and ϕi ∈ Rk , ∥ϕi ∥ = 1, can be viewed as the
angle vector of diversity features so that ϕTi ϕj measures the
similarity between items i and j, 1 ≤ i, j ≤ N . It can be
shown that the probability of including i and j increases with
the quality of i and j and diversity between i and j. As a result,
a DPP assigns a high probability to subsets that are both of
good quality and diverse. For subset selection, the inference
of the mode (referred to as DPP-MODE)
argmax det(LY )
Y ⊆Y

(8)

is used to find the most probable subset. Although DPPMODE inference is generally an NP-hard problem [23], the
greedy DPP-MODE algorithm in Algorithm 1 is shown to
perform well [24] and is used in our experiments.
In summary, the L-ensemble kernel L could be defined as
L = diag(q) ∗ S ∗ diag(q),

(9)

where q is the quality vector consisting of qi , diag(q) denotes
the diagonal matrix that uses the vector q as its main diagonal,
and S is the similarity matrix consisting of Sij = ϕTi ϕj . The
quality-diversity decomposition allows us to construct q and
S separately to address different concerns, which is utilized
below to construct the DPP kernel for filtering the candidate
matched pairs.
Finally, note that in practice, instead of explicitly designing
normalized feature vectors ϕi , it is sometimes more convenient to directly build the positive semidefinite matrix S, which
implies the feature vectors. The diversity behavior of DPPs is
encoded in the functional form of the similarity matrix S.
This is analogous to the fact that the behavior of a function
drawn from a Gaussian process with zero mean is encoded
in its covariance kernel function. Many classes of positive
semidefinite kernel functions have been proposed [25]. A
common choice is the squared exponential kernel, also known
as the Gaussian kernel, which is used in our work as described
below.
B. Quality-Diversity Decomposition of the DPP Kernel
1) Quality: To measure the quality of a matched pair
Ai , without loss of generality, we use the duration of its
first interval α(Ai ). The longer the duration, the higher the
confidence we retain in the matched pair in the subset, rather
than filtering it out. Specifically, we define
qi = pr(Ai ),y − pl(Ai ),y

(10)

2) Diversity: The similarity matrix S is defined to reflect
the diversity among the candidate matched pairs, so that we
can reduce redundancy and noise by subset selection.
With no loss of generality, we check the first intervals of
each candidate matched pair. Due to the imprecise nature of
hashing-based similarity matching, there are overlaps between
the first intervals. The overlapping can happen when the two
first intervals are detected with only slightly different beginning and ending locations, or when there are false alarm short
intervals. Therefore, the overlap between the first intervals
from two candidate matched pairs indicates some redundancy
or noise. In order to encourage the model not to choose
overlapping first intervals, our diversity model is designed to
reflect the difference between the first interval locations.
Specifically, we build the similarity matrix as an addition
kernel:
b
e
Sij
+ Sij
Sij =
,
(11)
2
where

(
)
)2
1 (
b
Sij
= exp − 2 pl(Ai ),y − pl(Aj ),y
2σloc

(12)

)
(
)2
1 (
e
Sij
= exp − 2 pr(Ai ),y − pr(Aj ),y
2σloc

(13)

where σloc is the variance parameter representing the location
diversity level and is set to 3 second in our experiment. Fig.
8 shows an example of the similarity matrix S constructed
according to Eq. (11). As a result, candidate match pairs with
close beginning or end locations of the first intervals appear
similar, and the model prefers to select non-overlapping first
intervals.
3) Balance: Note that from the above definition, the quality
qi is the duration of the first interval from the candidate
matched pair, which takes values ranging from tens of seconds
to hundreds of seconds, while the similarity Sij takes much
smaller values (< 1). The resulting DPP model will thus
show a biased preference to quality, regardless of the diversity. Therefore, to balance quality and diversity, we use the
logarithm and square root function to compress the dynamic
range of the durations and re-define
√ (
)
qi = log pr(Ai ),y − pl(Ai ),y
(14)
Fig. 7 shows an example result of DPP-based subset selection, where the selection order of the items (i.e., matched
pairs) are labeled. The selection result is as desired to filter
out the redundancy and noise. Longer items (i.e., high quality)
are preferentially selected first, while avoiding selection of
overlapping items (i.e., being diverse).
C. From Pairwise Matched Intervals to Clusters of Repeated
Intervals via Graph Clustering
After DPP-based subset selection, we obtain a selected
subset of pairwise matched intervals Y ⊆ Y, denoted as
Y = {B1 , · · · , BM }.

(15)
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Fig. 8. The similarity matrix S of size 920 × 920 constructed from the
9-hour real-world audio according to Equ. (11).

Starting from these filtered pairwise matched intervals, this
stage involves building clusters of repeated intervals. Each
cluster will be summarized as a motif with a number of motif
instances. Graph clustering is an approach used to address this
problem.
A wide range of graph clustering techniques can be applied
at this stage. We use a classic technique. Consider the matched
pairs as the nodes, and link two nodes with an edge if the
similarity between the two nodes exceeds a threshold δedge .
Subsequently, we find connected components to generate the
clusters of the nodes, which then translate into clusters of
intervals.
An important question at this stage is the definition of
the similarity measure (i.e., the edge weight) between two
matched pairs of intervals. Specifically, we propose defining
the similarity between two matched pairs Bk and Bm in Y ,
1 ≤ k, m ≤ M , as a product of two terms:
W (k, m) = W1 (Bk , Bm )W2 (Bk , Bm )
where
W1 (Bk , Bm ) = max

{

(16)

|α(Bk )∩α(Bm )|
,
min (|α(Bk )|, |α(Bm )|)

|α(Bk )∩β(Bm )|
,
min (|α(Bk )|, |β(Bm )|)
|β(Bk )∩α(Bm )|
,
min (|β(Bk )|, |α(Bm )|)
}
|β(Bk )∩β(Bm )|
min (|β(Bk )|, |β(Bm )|)

(17)

W2 (Bk , Bm ) =
( [(
) (
)]2 )
pr(Bk ),y − pl(Bk ),y − pr(Bm ),y − pl(Bm ),y
exp −
2
2σdur
(18)

where |.| denotes the length of an interval and ∩ the intersection of two intervals. W1 (Bk , Bm ) calculates the overlapping
ratios between either interval from the first matched pair Bk
and either interval from the second matched pair Bm , and the
maximum is chosen. Therefore, it measures how much the two
matched pairs overlap. W2 (Bk , Bm ) calculates the difference
between the durations of the first intervals (without loss in generality) from the two matched pairs and measures how similar
the two matched pairs are in terms of durations. σdur is the
variance parameter representing the duration difference level
and is set to 3 second in our experiments. The combination
of W1 (Bk , Bm ) and W2 (Bk , Bm ) yields a good similarity
measure. This is in contrast to the previously used similarity
measures in other motif clustering studies, e.g., [5][10][18],
most of which only measure the degree of overlap.
With the above definition of edge weights and a weight
threshold δedge , a depth-first-search algorithm is used in our
experiments to find the connected components. All the intervals appearing in a connected component are assigned to a
cluster, corresponding to a motif. If any two candidate intervals
in a cluster overlap in time, they are merged and replaced by
their union. Finally, the discovered motifs are
{D1 , D2 , . . . , DD },

(19)

where each discovered motif Dd , 1 ≤ d ≤ D, is a set of nonoverlapping intervals, and each element in Dd is a discovered
motif instance.
D. Discussion of the Clustering Methods
One can roughly distinguish between two different classes
of clustering methods in motif discovery or similar tasks.
Connectivity-based clustering, also known as hierarchical
clustering, connects objects to form clusters based on their
distances. Loosely speaking, the graph clustering used in this
paper and in [5] and clustering by transitive closure [10][18]
are connectivity-based clustering methods. In a centroid-based
clustering method, clusters are represented by a central vector in the original or transformed feature space. K-means
clustering and extensions (kernel k-means, mixture models)
and spectral clustering [13][19] are centroid-based clustering
methods.
Motif clustering has not received much attention in the
existing literature. This is partly because in most previous
studies, the pairwise match results are easy for grouping, after
an expensive and elaborate similarity matching step. However,
in our task of processing long broadcast streams, the similarity
matching is super fast and thus coarse, and false alarms are
generated in the large number of pairwise matches, as illustrated in Fig. 1. Direct clustering, no matter what clustering
method is used (connectivity based or centroid based), cannot
filter the false alarms. The main point here is the necessity
of applying subset selection before clustering in our case, not
the superiority of a particular clustering method. Theoretically,
after DPP-based subset selection, any clustering method can be
applied to the selected subset of pairwise matched intervals Y .
The graph clustering technique designed in Section IV-C is one
choice (with some novelty), which is found to perform well in
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the experiments. Therefore, in the following experiments, we
are more interested in comparing the performances obtained
with and without DPP-based filtering.
For clustering without DPP-based filtering, the tested methods include graph clustering, agglomerative clustering and
kernel k-means clustering. The first two are connectivity based,
and the third is centroid based. It is important to note that
the different clustering methods appearing in other motif
discovery or similar studies are covered as much as possible
with reference to the adaptation to our task in this paper.
Please refer to Section V-B for more details on the comparison
experiments.

V. E XPERIMENTS
As shown in Fig. 2, our fingerprint motif discovery system
consists of two stages, hashing-based similarity matching and
DPP-based motif clustering, which also correspond to the two
contributions of this paper and are introduced in Sections III
and IV, respectively. For evaluation, we conduct two parts of
the experiments. We list in Table I the parameters and their
values, which are empirically optimized and fixed for the two
stages in the following experiments.
In the first part, we use synthetic data to evaluate the
second stage (motif clustering with DPP-based subset selection), based on the following two considerations. First, note
that given a synthetic Y = {A1 , · · · , AN }, the second stage
can be evaluated in isolation using the same metric (recall
and precision) as described below. Second, motif occurrences
in real-world audio are rather sparse, and we can generate
synthetic data with more dense occurrences of more motifs.
Therefore, the synthetic data can be used for a more intense
test of the second stage.
In the second part, we evaluate the whole motif discovery
system on 9-hour real-world audio, which is continuously
recorded from a public broadcast radio in Beijing and manually annotated with motif labels. A motif instance is a labeled
interval that repeats in the audio. A motif has at least two
motif instances. There are a total of 398 motif instances from
139 motifs. In manual annotation, repetitive segments that are
meaningful (e.g., commercials, signature tunes and even entire
programs and songs) and of longer durations are identified as
motifs with priority.
The evaluation metrics used in both parts of the experiments
are the recall and precision. The recall is the percentage of
the labeled motif instances that are correctly discovered. The
precision is the percentage of hypothesized intervals that correctly correspond to the labeled motif instances. Specifically,
the motif discovery result is denoted using {D1 , D2 , . . . , DD }
as defined in Eq. (19). The ground truth is denoted using
{G1 , G2 , . . . , GG },

(20)

where each labeled motif Gg , 1 ≤ g ≤ G, is a set of nonoverlapping intervals, and each element of Gg is a labeled
motif instance. Then, the recall and precision are defined as

follows:
∑G
g=1

(

∑

u∈Gg I

R=

(

max
d=1,...,D,v∈Dd
∑G ∑
g=1

|u∩v|
min(|u|,|v|)

u∈Gg

)

)
> δeval

1
(21)

∑D ∑
d=1

P =

(
v∈Dd I

(

max
g=1,...,G,u∈Gg
∑D ∑
d=1

|u∩v|
min(|u|,|v|)

v∈Dd

)

)
> δeval

1
(22)

where |.| denotes the length of an interval and |u ∩ v| is the
overlap time between the two intervals u and v. I(.) is the
indicator function, which is one when its argument is satisfied
and is zero otherwise. δeval is the threshold parameter for
correctness judgment and is set to 50% in our experiments.
The above evaluation metrics are similar to the Occurrence
Recall/Precision metrics defined in the recent MIREX campaign 3 , which also uses intersection and thresholding.
A. Evaluation of Motif Clustering with DPP-based Subset
Selection
1) Synthetic Data Generation: Similar to [26], we use
Markov chains to generate synthetic label sequences. The
Markov chain state space consists of the 193 labeled names
from the 9-hour real-world audio4 . Both the initial state probability distribution and the state transition matrix (193 × 193)
are uniform. The Markov chain is simulated to randomly
generate a number of label sequences.
For each synthetic label sequence, we treat the generated
labels as pseudo labeled intervals. A motif instance is a labeled
interval that repeats (i.e., has the same label as that of other
labeled intervals). From these motif instances, we construct a
synthetic set of matched pairs Y = {A1 , · · · , AN } for each
synthetic label sequence.
2) Tests over Synthetic Data: For each synthetic set Y, we
run the second stage to obtain the discovered motifs as defined
in Eq. (19) and calculate the recall and precision metrics. The
statistics of the synthetic data and the results from the second
stage are shown in Table II. Specifically, we randomly generate
four synthetic data sets (i.e., four synthetic label sequences).
Nlen denotes the length of a synthetic label sequence (i.e., total
number of labels), among which there are Ninstance motif
instances from Nmotif motifs. Nmotif is denoted by G, as
defined in Eq. (20) . Duration is the total time duration of
the labeled intervals. N denotes the size of the synthetic set Y
constructed from the synthetic data. M is the selected matched
pairs, as defined in Eq. (15). D is the number of discovered
motifs, as defined in Eq. (19).
Based on Table II, we make several observations. First, we
note that if a motif has n motif instances, then the minimum
3 http://www.music-ir.org/mirex/wiki/2015:Discovery of Repeated
Themes %26 Sections
4 In addition to the 139 labeled names, each of which occurs at least two
times in the 9-hour audio and hence is called a motif, there are 54 other
named labels in our annotation, each of which appears only once in the audio.
Therefore, the total number of labeled names is 193.
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TABLE I
S YSTEM

PARAMETERS AND THE VALUES USED IN OUR EXPERIMENTS .

For hashing-based similarity matching
Minimum histogram bin height δheight
Minimum temporal difference in the repetition δbin
Minimum distance for two adjacent points to be clustered δgap
Minimum interval width δwidth
Minimum number of points in a cluster δnum
For DPP-based motif clustering
The variance parameter used in defining the DPP similarity matrix σloc
The variance parameter used for graph clustering σdur
Edge weight threshold in graph clustering δedge

4
1s
5s
1s
4
3s
3s
0.75

TABLE II
T HE STATISTICS OF THE SYNTHETIC
Data
1
2
3
4

Nlen
31
501
601
1001

Ninstance
20
475
572
993

DATA AND THE RESULTS OF THE SECOND STAGE .

Nmotif , i.e. G
7
154
155
184

Duration
285s
5734s
6625s
10919s

number of matched pairs of intervals that can fully represent
the motif is n − 1. Thus, Ninstance − Nmotif gives the
minimum size of the subset from Y that can be used to
discover all motifs. It can be seen from Table II that the size
of the DPP-based selected subset Y , which is automatically
determined through the DPP-MODE algorithm, is very close
to Ninstance − Nmotif . With DPP-based subset selection as
a filtering step, we can reduce the original set to a compact
subset as much as possible while not losing any necessary
information. Second, the final number of discovered motifs,
D, nearly equals to the ground truth number of motifs G.
The recall and precision are nearly perfect. This demonstrates
the effectiveness of the second stage of our motif discovery
method. Finally, noting that the synthetic set Y constructed
above is redundant but noise-free, we will evaluate the whole
motif discovery system on real-world audios.
B. Evaluation of the Whole Motif Discovery System
1) Reference methods: For comparison, we test several
alternative methods for motif clustering to determine the effect
of using DPP-based subset selection as a filtering step in our
scheme.
First, we can apply the graph clustering technique described
in Section IV-C directly to the pairwise matched intervals Y,
without DPP-based subset selection, to obtain the discovered
motifs as defined in Eq. (19). The difference is that the graph
clustering operates on Y in our method (denoted as ”DPP+GC”) but directly on Y in this reference method (denoted as
”direct GC”). This compares the effects of using or not using
DPP-based filtering.
Second, note that the positive semidefinite matrix L as
defined by Eq. (9)(11)(14) can be used not only as the DPP
kernel in our method (”DPP+GC”) but also as the similarity
matrix for other kinds of clustering methods, for example, the
kernel k-means [27] and the agglomerative clustering methods
[28]. This enable us to compare the effects of using the
same kernel information but with different manners in motif
clustering.

N , i.e. |Y|
19
600
957
2628

S EE S ECTION V-A

M , i.e. |Y |
13
320
417
804

D
7
154
155
185

FOR DETAILS .

P
100%
100%
100%
100%

R
100%
99.8%
100%
99.5%

By using L as the similarity matrix, two matched pairs, Ai
and Aj , are similar if their first intervals differ only slightly
from each other. Thus, the kernel k-means or agglomerative
clustering of the items in Y with respect to L could be viewed
as obtaining ”equivalent classes of matched pairs”. Matched
pairs in an equivalent class have slightly different first intervals
and thus are aligned horizontally in the scatterplot. In contrast,
the DPP-based subset selection with respect to L could be
viewed as obtaining representative matched pairs. A representative matched pair is good in quality (longer duration) and
represents other matched pairs that are aligned horizontally
with the representative matched pair in the scatterplot.
Third, as indicated above, after we apply the kernel k-means
and agglomerative clustering to Y, we obtain ”equivalent
classes of matched pairs”. Then, the same graph clustering
technique described in Section IV-C can be adapted for the
”equivalent classes of matched pairs” to obtain the discovered
motifs as defined in Eq. (19). The modification is that the
similarity value between two ”equivalent classes of matched
pairs” is calculated as the maximum of the pairwise similarity
values between the matched pairs from the two equivalent
classes.
In summary, in addition to the reference method ”direct
GC”, there are three more reference methods, all based on L.
The reference method of applying kernel k-means followed
by graph clustering is denoted by ”kmeans+GC”5 . Note that
the agglomerative clustering could be maximum linkage or
minimum linkage6 . Accordingly, the reference methods for
applying agglomerative clustering with different linkage criteria followed by graph clustering are denoted using ”maxAgglo+GC” and ”minAgglo+GC”, respectively.
5 For running kernel k-means, the initial centroids are randomly selected
from Y, and the number of the centroids is set to be equal to the size of
the DPP-based selected subset Y . Kernel k-means [27] then runs exactly the
same as regular k-means except that the inner-products are substituted with
the positive semi-definite kernel L.
6 In both cases, the stopping criterion for merging clusters is that the clusterto-cluster distance is below the threshold 1.0, which is tuned by some pilot
experiments.
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TABLE III
T HE RESULTS OF VARIOUS METHODS ON THE 9- HOUR REAL - WORLD AUDIO . M REPRESENTS THE SIZE OF THE ORIGINAL SET OF MATCHED PAIRS FOR
” DIRECT GC” ( I . E ., |Y|), THE SIZE OF THE SELECTED SUBSET FOR ”DPP+GC” ( I . E ., |Y |), OR THE SIZE OF THE SET OF ” EQUIVALENT CLASSES OF
MATCHED PAIRS ” RESULTING FROM KERNEL K - MEANS OR AGGLOMERATIVE CLUSTERING . S EE S ECTION V-B FOR DETAILS .
Method
DPP+GC
direct GC
maxAgglo+GC
minAgglo+GC
kmeans+GC

Ninstance

Nmotif , i.e. G

N , i.e. |Y|

398

139

920

2) Tests on Real-world Audio: The results of various methods on the 9-hour real-world audio are shown in Table III.
Comparing ”DPP+GC” with ”direct GC”, we can see that
adding a filtering step using DPP-based subset selection is
crucial, significantly improving the precision performance of
motif discovery, without sacrificing the recall performance.
For comparing different ways of using the same kernel
information, the ”DPP+GC” method (i.e., the clustering with
DPP approach) performs better than ”kmeans+GC”, ”maxAgglo+GC” and ”minAgglo+GC” (i.e., the direct clustering without DPP approach). Remarkably, the number of discovered
motifs D by using the ”DPP+GC” method is the closest to
the number of the labeled motifs G. In reducing the noise in
Y, the clustering with the DPP approach has a clear advantage
over the direct clustering without DPP approach. In fact, the
direct clustering approach is not helpful for reducing the false
alarm noise in Y, as the false alarm pairwise matches are still
retained in the ”equivalent classes of matched pairs”.
From Table III, careful readers may find that (i)7 the recall
metrics are close in value for different methods, and (ii) the
”DPP+GC” method is mainly superior in terms of precision.
For (i), this presumably occurs because true motifs are highly
likely to be covered in the pairwise match results generated
from similarity matching. Therefore, the performances of
different methods in recall do not differ much. The challenge
is to discard false alarm motifs, which also explains (ii).
Direct clustering, no matter what clustering method is used
(agglomerative or kernel kmeans clustering), cannot filter the
false alarm pairwise matches. The main benefit of applying
subset selection before clustering is to reduce the false alarm
pairwise matches, thus improving the precision.
For more tests of different methods, we use the bootstrap
technique to create more data sets from the 9-hour real-world
audio. The idea behind bootstrapping is to create replications of a statistic (e.g., the recall and precision) by random
sampling from the data set with replacement. It has been
used in [29] for significance analysis in evaluating speech
recognition performance. In this way, a number of bootstrap
data sets are created. Specifically, from the 9-hour real-world
audio, we create 200 different audios by randomly remove
about 100 labels. Each resulting bootstrap audio is about
7 hours. Then, we repeat running the ”DPP+GC”, ”direct
GC”, ”kmeans+GC”, ”maxAgglo+GC” and ”minAgglo+GC”
methods separately on each bootstrap audio and obtain the
Monte Carlo mean and standard deviation of the recall and
precision for each method. The results are shown in Fig. 9,
7 We

thank one of the reviewers for pointing this out.

M
364
920
314
228
364

D
153
158
117
92
95

P
92.3%
88.2%
88.3%
88.2%
88.3%

R
98.2%
98.7%
98.7%
98.7%
98.7%

F
95.21%
93.16%
93.16%
93.16%
93.16%

TABLE IV
T HE RUNTIME STATISTICS OF THE TWO STAGES FOR PROCESSING THE
9- HOUR REAL - WORLD AUDIO .
First Stage
Hash extraction
Histogram-based repetition detection
Formation of repeated intervals
Second Stage
DPP+GC
direct GC
kmeans+GC
maxAgglo+GC
minAgglo+GC

191s
1s
2s
586s
4s
570s
7s
6s

from which we can observe similar differences between the
five methods as in Table III. These results further confirm
the performance superiority of our fingerprint motif discovery
method (”DPP+GC”).
The runtime statistics of the different methods are shown
in Table IV. All the methods are run in a single thread on a
computer with a 3 GHz core and 48 GB of memory. First,
it is remarkable that the first stage (hashing-based similarity
matching) is computationally very efficient (above 100 times
faster than real time), as it has linear complexity. Second, it can
be seen that the total runtime of our system is dominated by the
second stage (”DPP+GC”) because the greedy DPP-MODE
algorithm needs to calculate matrix inversions iteratively. Our
current implementation does not consider the sparsity of the
kernel L and uses naive matrix inversions. As future work, one
could speed up the DPP-MODE inference by applying some
special algorithm, e.g., [30], to take advantage of the sparsity
of the kernel L. Third, the total time for processing the 9hour audio by ”DPP+GC” takes around 10 minutes. This is a
rough estimate of processing efficiency, as the computational
time cost of ”DPP+GC” depends on how frequently the motif
instances occur in the audio.
For efficiency comparison with other motif discovery methods, referring to evaluations in related studies already provides
a clear contrast. Most previous schemes operate around real
time, e.g., [1][2]. It is reported in [16] that it takes 6 minutes
to process 1-hour audio, and the run-time grows quadratically
with the length of the input audio. The efficiency of the scheme
in [10] is close to ours, as both use hashing and histogram
techniques. The advantage of our scheme compared to [10]
lies in repeated interval formation and motif clustering, as we
explain in detail in Section III-D and IV-D.
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to take advantage of the sparsity of the kernel. Using GPU to
accelerate the computation of matrix inversions should also be
of great benefit.

0.98
0.96
0.94
Recall
Precision
Fscore

0.92
0.9
0.88
0.86
0.84
0.82
0.8
0.78

DPP+GC

direct+GC

maxAglo+GC minAgglo+GC

keamns+GC

Fig. 9.
The Monte Carlo means and standard deviations of the recall,
precision and F-score for different methods, computed over the 200 bootstrap
audio.

VI. C ONCLUSION AND F UTURE W ORK
In this paper, we investigated scalable discovery of audio
fingerprint motifs in long broadcast streams, and we make
two contributions. First, as we are confined to handle limited
variability in this task, we can adapt the Wang hashing
technique [8], originally proposed for searching a given music
clip in music tracks, to successfully devise a linear complexity
similarity matching method with a new step of repeated interval formation. Second, as the similarity matching is super fast
and thus coarse, there are false alarms in the large number of
pairwise matches generated, which are a major source of noise.
Regarding this, we propose applying a DPP-based subset
selection to the original set of pairwise matches to reduce
the noise and successfully design the DPP kernel according to
the quality-diversity decomposition. The proposed method is
thoroughly evaluated on 9-hour real-world audio. It is shown
that the similarity matching is computationally very efficient,
and the filtering step with DPPs can significantly improve
the precision of motif discovery, without sacrificing the recall
performance.
We believe that there are some worthwhile future directions.
First, we notice the recall and precision performance gap
between testing with the synthetic set Y and testing over realworld audio. This gap informs us that a significant source
of errors is due to the inaccuracy of audio hashing. The
design of hashing that can be tolerant to more variability
is an important future exploration. If we had sufficiently
good hashing, we can apply the method presented in this
paper to discover a wider range of motifs in audio, e.g.,
spoken terms and music parts. Second, the potential utility
of DPPs has not been fully explored. It is interesting to
explore new DPP kernel constructions using new definitions
of quality and diversity features. Moreover, it is convenient to
combine several kernels to jointly exploit various features, as
attempted in [31]. Third, we could speed up the DPP-MODE
inference by applying some advanced algorithms, e.g., [30],
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