Tsinghua Science and Technology
Volume 20

Issue 6

Article 8

2015

Audio Retrieval Based on Manifold Ranking and Relevance
Feedback
Jing Qin
School of Computer Science and Technology, Dalian University of Technology, Dalian 116024, China and
College of Information Engineering, Dalian University, Dalian 116622, China.

Xinyue Liu
School of Computer Science and Technology, Dalian University of Technology, Dalian 116024, China.

Hongfei Lin
School of Computer Science and Technology, Dalian University of Technology, Dalian 116024, China.

Follow this and additional works at: https://tsinghuauniversitypress.researchcommons.org/tsinghuascience-and-technology
Part of the Computer Sciences Commons, and the Electrical and Computer Engineering Commons

Recommended Citation
Jing Qin, Xinyue Liu, Hongfei Lin. Audio Retrieval Based on Manifold Ranking and Relevance Feedback.
Tsinghua Science and Technology 2015, 20(6): 613-619.

This Research Article is brought to you for free and open access by Tsinghua University Press: Journals Publishing.
It has been accepted for inclusion in Tsinghua Science and Technology by an authorized editor of Tsinghua
University Press: Journals Publishing.

TSINGHUA SCIENCE AND TECHNOLOGY
ISSNll1007-0214ll08/13llpp613-619
Volume 20, Number 6, December 2015

Audio Retrieval Based on Manifold Ranking and Relevance Feedback
Jing Qin, Xinyue Liu, and Hongfei Lin
Abstract: An audio information retrieval model based on Manifold Ranking (MR) is proposed, and ranking results
are improved using a Relevance Feedback (RF) algorithm. Timbre components are employed as the model’s main
feature. To compute timbre similarity, extracting the spectrum features for each frame is necessary; the large set
of frames is clustered using a Gaussian Mixture Model (GMM) and expectation maximization. The typical spectra
frame from GMM is drawn as data points, and MR assigns each data point a relative ranking score, which is
treated as a distance instead of as traditional similarity metrics based on pair-wise distance. Furthermore, the MR
algorithm can be easily generalized by adding positive and negative examples from the RF algorithm and improves
the final result. Experimental results show that the proposed approach effectively improves the ranking capabilities
of existing distance functions.
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1

Introduction

As the size of the audio and music collection available
online dramatically increases, content-based Music
Information Retrieval (MIR) is gaining widespread
attention and can be very helpful as it makes text
keywords unnecessary. Often, MIR is a form of queryby-example, in which singing, humming, or playing a
sample of the piece is performed as a database query.
From the mid-1990s until now, there has been
a lot of different field researches based on MIR.
In 1995, Ghias et al.[1] first proposed a method
based on query-by-humming, which focuses on the
rising and falling trends of the melody. Since then,
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most approaches have used pitch sequence as the
query, and dynamic programming[2] , Dynamic Time
Warping (DTW)[3] , and hidden Markov models have
been used for retrieval[4] . Recently, Locality-Sensitive
Hashing (LSH)[5, 6] approaches have also been used
with impressive results. Since 2005, a number of MIR
systems have been evaluated in the MIR Evaluation
Exchange (MIREX)[7, 8] .
There are three types of musical features: physical,
acoustic, and perceptual. Physical features express
audio content on the flow media format. Acoustic
features mainly include time and frequency domain
features, such as pitch frequency (or fundamental
frequency, F0), short-time energy, zero crossing rate,
LPC and MFCC coefficients, etc. Acoustics are the
most expressive audio feature and are usually used
for different phases of speech recognition. Perceptual
features reflect people’s feelings and include pitch,
rhythm, intensity, timbre, etc.; they can usually be
extracted from physical features and are used to
recognize and judge the musical content such as the
emotion that a song wants to express.
The low-level features used in MIR systems are
often visually characterized, with no direct connection
between the semantic concepts of the audio. How to
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narrow this semantic gap has been the main challenge
for MIR. Manifold Ranking (MR)[9, 10] , a ranking
algorithm based on semi-supervised graphs, has been
widely applied in information retrieval and has shown
excellent performance and feasibility on a variety of
data types such as text[11] , image[12] , and video[13] .
Many datasets have an underlying cluster or manifold
structure, which means that nearby data points (or
points belonging to the same cluster or manifold) are
very likely to share the same semantic label.
In this study, we employ an audio information
retrieval model based on MR. The approach consists of
clustering the frames and computing cluster similarity
and Relevance Feedback (RF). First, the spectra
features (frames represented by MFCCs, etc.) in the
audio are summarized using a Gaussian Mixture Model
(GMM), thereby finding typical spectra frames (cluster
centers). Second, the typical spectra frames are treated
as data points, the MR algorithm constructs a weighted
graph using each data point as a vertex, and the positive
ranking score of the query is iteratively propagated
to nearby points via the graph. Then, all data points
are ranked according to their ranking scores, which
represent their relevance. Finally, an RF algorithm adds
more positive and negative examples to the MR, thus
improving the final result. The system’s framework is
shown in Fig. 1.

2

Related Work

The core idea of MR[10] is to rank data with respect
to their intrinsic structure as collectively revealed by
a large number of data. By taking the underlying

Fig. 1 The framework of the proposed audio retrieval
system.

structure into account, MR assigns each data point a
relative ranking score, instead of the absolute pairwise
similarity used in traditional methods. This ranking
score is treated as a distance metric defined on the
manifold, which is more meaningful for capturing the
semantic relevance degree.
Peng et al.[14] proposed a segment-based MR
algorithm; they first employed MR in audio information
retrieval and audio was then represented as a 13dimensional feature vector, which is the mean value of
all frames in the audio.
However, audio signals are time series data—the
mean value of all frames cannot exactly represent the
situation—and should be chopped into thousands of
very short frames to compute spectral similarity. This
is known as the Bag-Of-Frames (BOF)[15] approach,
which has widely been used in MIREX Audio Music
Similarity and Retrieval tasks[16] in recent years and
which obtains good results.

3
3.1

Manifold Ranking for Audio
Similarity measure approaches

The signal is cut into frames with a window size of
512 samples (about 23 ms) and a hop size of 512
samples. Tumbrel features, such as time zero crossings,
spectral centroid, flux and roll off, and Mel-Frequency
Cepstral Coefficients (MFCCs), are extracted per frame
as feature vectors.
A lot of frames could be available in one piece of
audio signal. We propose three approaches to measure
audio similarity: two are distance-based and the third is
a probabilistic model.
(1) Distance from the mean frame. Euclidean distance
is the most widely used similarity measure for time
series similarity research. We summarize the audio
across individual frames to a single point in the
similarity space. As such, we compute the mean point
for whole audio frames. We then rank the audio
according to the mean point and return the nearest audio
results.
(2) Distance from all frames. Alternatively, we
consider all individual frames of one audio track. Thus,
we calculate each distance between two frames,
searching for the most similar audio by the minimum
similarity between the query frames and the frame
set of each audio. We rank the audio according to
that minimum similarity. This may be the most timeconsuming method because of the large number of
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frames involved.
(3) Frame cluster by GMM. Instead of obtaining the
mean value of all frames, we obtain typical spectra
frames using GMM. This approach was originally
presented in Ref. [17]. The frames are clustered using
GMM and EM; GMMs are a standard technique
for clustering with soft assignments or modeling
probability density distributions. Typical frames are
selected as the cluster centers.
3.2

Manifold ranking algorithm

The data points for the MR algorithm[18, 19] are
typical frame feature vectors X D fx1 ;    ; xq ;
x.qC1/ ;    ; xn g 2 Rm , where the first q points
are typical feature vectors from query, and the rest are
to be ranked according to their relevance to the query.
Let d : X  X denote a metric on X that assigns each
pair of points xi and xj a distance d.xi ; xj /, and let
f W X ! R denote a ranking function that assigns to
each point xi a ranking score fi . Finally, we define
a vector Y D Œy1 ;    ; yn T , in which yi D 1 if xi is
in a query; otherwise yi D 0. The procedure of this
algorithm is shown in Algorithm 1.
In Algorithm 1, a weighted graph is first formed from
data points as feature vectors along their relationships
in Euclidean space. Typical feature vectors in a
query assign positive ranking scores and zero for the
remaining points. Then, all points spread their scores
to the nearby points in the weighted graph until a
global stable state is achieved. All points (except the
typical points) in a query get final scores reflecting their
relevance to that query. In the audio set, where only

Algorithm 1 Manifold ranking algorithm for audio
Input: Set of audio feature vectors AF;
Output: Ranking score vector f  ;
Description:
1. Calculate the nearest neighbors for each point; connect two
points with an edge if they are neighbors.
2. Form the affinity matrix W defined by
d 2 .xi ; xj /
Wij D expŒ

2 2
if there is an edge linking xi and xj . Let Wi i D 0.
3. Symmetrically normalize W by S D D 1=2 WD 1=2 in which
D is the diagonal matrix with .i; i /-element equal to the sum
of the i-th row of W.
4. Iterate f.t C1/ D ˛Sf .t /C.1 ˛/Y until convergence, where
is a parameter in [0,1).
5. Let fi denote the limit of the sequence ffi .t /g. Rank each
point xi according to its ranking scores fi .
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one audio is the query, a list should be available that is
ranked by score. Let RS .i /; i D 1;    ; m, denote the
score by which the i-th audio would be ranked, m is the
number of audio tracks, and Nt is the number of typical
frames in each track.
Nt
X
A.i /
(1)
RS .i / D
j D1

3.3

Relevance feedback algorithm

RF is a powerful interactive technique used for
improving the performance of the retrieval algorithm.
In some systems for content-based image retrieval[20] ,
the semantic concept of the query is captured and
gradually improves retrieval precision. RF can be
easily applied to MR[12, 13] , thus achieving greater
improvement. With user-provided relevant/irrelevant
information on the ranking list, the goal of this
algorithm is to spread relevance by MR, and then
to more correctly and gradually improve retrieval
precision.
(1) RF with only positive examples. We employ a
positive RF algorithm, whose procedure is shown in
Algorithm 2.
We choose the top n as the positive examples in the
query set and rerun the MR algorithm to refine the
retrieval result. The vector Y will have more nonzero
components that will spread their ranking scores. Thus,
the sequence ff .t /g converges to
rC1
X

1
1
f D ˇ.I ˛S/ Y D ˇ.I ˛S/
yj (2)
j D1

where yj D 1 if xj is a typical frame in the positive
example set (otherwise, it is 0) and r is the number of
positive examples. In this way, an RF procedure without
Algorithm 2 Relevance feedback algorithm with positive
examples
Require: Top n relevant audio set Ar ;
X D fx1 ;    ; xq ; x.qC1/ ;    ; xn g 2 Rm ;
Y D Œy1 ;    ; yn T ;
Ensure: The best similarity song list L;
Description:
1. For i D 1;    ; n do.
2. If xj is a typical feature in Ar ;
yj D 1;
End for
3. Re-ranking by MR;
4. Compute the score by which i-th audio would be ranked RS ,
according to Eq. (1)
5. Let L be a list of top x candidate songs with the highest RS ;
6. Return L.
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manual operation is more convenient for users.
(2) RF with positive and negative examples.
Irrelevant result are also meaningful to the final result.
Furthermore, MR could spread the ranking score by
using negative examples[12] . Thus, we employ another
RF algorithm with the user’s choice of positive and
negative examples; the procedure for this algorithm is
shown in Algorithm 3.
Relevant audio set Ar and irrelevant audio set Air
would be easily got by user choice. We define YC as the
relative vector in a positive example set, and the element
in Y C is 1, if xj is a typical frame in that example set;
otherwise it is 0. Contrarily Y as the relative vector in
a negative example set, and the element in Y is 1 if
xj is a typical frame in that example set; otherwise it is
0. Then using MR to re-rank, we could get two ranking
scores of positive and negative examples, as f C and
f  . The final ranking score can be propagated as
f  D f C C f 
(3)
Users should be involved in
considering irrelative influences and
choices, thus improving retrieval
experimental results of these RF
compared in Section 4.

4

this algorithm,
more subjective
precision. The
algorithms are

Experiments and Analysis

To evaluate the performance of the proposed approach,
Algorithm 3 Relevance feedback algorithm with positive
and negative examples
Require: relevant audio set Ar and irrelevant audio set Air ;
X D fx1 ;    ; xq ; x.qC1/ ;    ; xn g 2 Rm ;
Y C D Œy1 ;    ; yn T ;
Y D Œy1 ;    ; yn T ;
Ensure: The best similarity song list L;
Description:
1. For i D 1;    ; n do.
2. If xj is a typical feature in Ar ;
yjC D 1;
Else if xj is a typical feature in Air
yj D 1;
Else
yjC D 0;
yj D 0;
End if
End for
3. Re-ranking by MR;
4. Compute the score by which i-th audio would be ranked RS ,
according to Eq. (3)
5. Let L be a list of top n candidate songs with the highest RS ;
6. Return L.

we use GTZAN genre collection, as described in
Ref. [21]. The dataset consists of a thousand 30second audio tracks: It contains 10 genres, such as
blue, classical, jazz, and so on, each genre contained
100 tracks. This means that audio tracks in the same
category and belonging to the same semantic concept
could be judged relevant or irrelevant. The tracks are all
22 050 Hz Mono 16-bit audio files in .wav format. The
audio signals are segmented by a window size of 512
samples (23 ms) and a hop size of 512 samples. The
frame number of each audio file is approximately 1300.
We use 62-dimensional lower-level features, including
zero-crossings, centroids, rolloffs, and MFCC. All
features are extracted using the Marsyas system[22] .
To show the effectiveness of our approach, three
distance measurement methods are compared:
Euclidean distance from the mean frame (used as
the baseline), Euclidean distance from all frames, and
Euclidean distance from the typical features. For the
global feature, we use the feature vector average of
all frames. Therefore, there is one feature vector per
audio file. The number of typical features after GMM
depends on the number of cluster centers; we choose 5
per audio track.
Each audio track is used as a query, and the retrieval
performance is averaged. We adopt the precision
vs. scope curve to evaluate the retrieval performance
of the algorithms. Audio tracks in the same genre
are considered relevant, whereas others are considered
irrelevant.
The experimental results in Fig. 2 show that Etypical (Euclidean distance from the typical features)
outperforms E-mean (Euclidean distance from the mean
frame), which shows that our GMM approach is better

Fig. 2 Precision vs. scope curve on three Euclidean distance
methods.
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than an approach based simply on the mean value of all
frames. E-all has the best precision because every single
frame in an audio track is compared with the query;
however, when the number of audio tracks increases,
the time cost is considerable.
Second, E-typical, MR-typical (MR by the typical
features), and MR-mean (MR by the mean frame) are
compared. The ranking scores, with typical features,
should be calculated according to Eq. (1). The
experimental results are shown in Fig. 3.
MR by all frames is not considered because the main
computational cost for MR is O.n3 /, which means that
the data size n cannot be too large. We select a typical
frame feature instead of all frames feature, as the major
way in Manifold ranking. The experimental results
show that MF-typical is better than the baseline (which
means that MR effectively improves the retrieval and
ranking capability of traditional Euclidean similarity)
and MF-typical is better than MF-mean (which means
that the audio content represented by typical features
is more exact than the mean value). We compare
performances with/without RF.
Using RF, MR-PN (RF on MR with positive and
negative examples) and MR-P (MR with positive
examples) receive greater improvement than does the
original MR method, as shown in Fig. 4. However,
the difference between MR-PN and MR-P is not
very clear, meaning that the influence of positive and
negative examples is uncertain. RF is not applied on
other methods since it cannot be designed easily for
traditional similarity matching.
As reported in Ref. [23], MR performance is sensitive
to the bandwidth parameter. We compare MR with
Local Regression and Global Alignment (LRGA)[24]

Fig. 3 Precision vs. scope curve on manifold ranking
methods.
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Fig. 4 Average precision-scope curves for MR after
relevance feedbacks.

because LRGA and MR can be unified into the
same formulation, but Laplacian matrices are different.
The Laplacian matrix in LRGA is learned by local
regression and global alignment and is relatively robust
to parameter . The experimental results are shown in
Fig. 5.
We observe that the performance of LRGA is better
than MR when the scope is less than 40; as the scope
increases, MR performance becomes better than that of
LRGA. These results show that MR in audio retrieval is
effective but could be improved for better performance.

5

Conclusions

This study proposes an audio retrieval model based
on an MR algorithm that has the capability to spread
semantic similarities to other audio tracks in the data
set. We apply the algorithm to audio genre collection
and improve retrieval results by using a typical frames
clustering method that is based on GMM and an RF
algorithm. Experimental results show the effectiveness
of this approach. In future work, we will test more audio

Fig. 5 A comparison of our MR algorithm with LRGA for
typical features.
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features and evaluate our method on other databases,
because we do not know what type of manifold
structure under the data sets would be more sensitive
to the ranking algorithm. Moreover, many other RF
approaches should be considered. Because MR has its
own drawbacks in handling large-scale data sets[25] ,
another future extension of our work will be to improve
its diversity at high ranks. In this study, genre is the
only musical topic considered and used to judge tracks
as relevant or irrelevant. However, in actuality, audio
content has multiple topics and many works[25–27] have
explored the problem of diversity in document and
image retrieval; we also should consider the problem
of high-ranking diversity in large-scale music retrieval.
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