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Abstract—An N -gram modeling approach for unstructured
audio signals is introduced with applications to audio information
retrieval. The proposed N -gram approach aims to capture local
dynamic information in acoustic words within the acoustic topic
model framework which assumes an audio signal consists of
latent acoustic topics and each topic can be interpreted as a
distribution over acoustic words. Experimental results on classifying audio clips from BBC Sound Effects Library according to
both semantic and onomatopoeic labels indicate that the proposed
N -gram approach performs better than using only a bag-ofwords approach by providing complementary local dynamic
information.

I. I NTRODUCTION
Extracting useful information from unstructured data is receiving significant attention from both research and industrial
perspectives. Unstructured data can include various types of
media: text, video, and audio that are typically user generated
and poorly annotated in comparison to the rich information
contained in them. In this work, we focus on unstructured
audio data which can be present in various multimedia content,
such as broadcasting [1], consumer videos [2], and personal
sound logs [3]. The main challenge in retrieval of unstructured
audio is that the context and the individual acoustic sources
(for example human speech, laughter, or other environmental
sounds such as car horns) are not known a-priori. To avoid
making erroneously-biased a-priori assumptions, we index
audio clips using a ”bag-of-words” view of audio clips.
Researchers have been showing promising results by treating audio signals analogous to text documents [2], [4], [5], [6].
Many of them used mel-frequecy cepstral coefficients (MFCC)
to capture acoustic properties and transformed the coefficients
into discrete indices. Once the audio signals are represented
with a sequence of discrete indices like text documents, many
text modeling algorithms can be applied; Chechik et al. used
the passive-aggressive model for image retrieval (PAMIR) [4];
Sundaram et al. introduced a latent perceptual indexing (LPI)
method based on latent semantic analysis (LSA) [5], and Lee
et al. applied probabilistic latent semantic analysis (pLSA) [2].
Recently, we have proposed the acoustic topic models using
latent Dirichlet allocation (LDA) to characterize unstructured
audio signals [6]. Assuming that there exist latent acoustic
topics and each audio clip is a mixture of those latent topics,
we could demonstrate promising results in audio classification
tasks.

One of the drawbacks of these algorithms, including our
acoustic topic modeling scheme, is that the bag-of-words approach which does not consider temporal dynamics of features.
In this work, we introduce an N -gram approach to account for
temporal dynamic information of audio features. The closest
work to this idea has been done by Reed and Lee [7]. For
music information retrieval applications, they proposed a new
iterative segmentation method based on Viterbi decoding and
Baum-Welch estimation. With the proposed segments, they
apply the bi-gram approach to capture the temporal dynamic
information in an LSA framework.
The organization of this paper is as follows. In the next
section, we provide a brief review of acoustic topic models,
the main framework of this work. In Section III, the proposed
N -gram approach is described in detail. The experimental
setup and results are discussed in Section IV and Section V,
respectively, followed by the conclusions in Section VI.
II. R EVIEW - ACOUSTIC T OPIC M ODEL
The topic model was originally proposed for text processing
applications, and it assumes that text documents consist of hidden topics and each topic can be interpreted as a distribution
over words in a dictionary [8], [9]. This assumption enables
the use of a generative model like Latent Dirichlet allocation
(LDA). Our previous work had successfully adopted the topic
model ideas into audio information retrieval applications by
drawing analogies between audio signals and text documents
[6]. In the following subsections, a brief review of the acoustic
topic model is provided.
A. Latent topic model
Let V be the number of words in dictionary W and w
be a V -dimensional vector whose elements are zero except
the corresponding word index in the dictionary. A document consists of N words, and it is represented as d =
{w1 , w2 , · · · , wi , · · · , wN } where wi is the ith word in the
document. A data set consists of M documents and it is
represented as S = {d1 , d2 , · · · , dM }. In this work, we define
k latent topics and assume that each word wi is generated by
its corresponding topic.
Fig. 1(a) illustrates the basic concept of LDA in a graphical
representation, a three-level hierarchical Bayesian model, and
the generative process can be described as follows:
1) For each document d, choose θ ∼ Dir(α)

as depicted in Fig. 1(b). The joint probability of θ and t can
be simplified as
q (θ, t|γ, ϕ) = q(θ|γ)q(t|ϕ)
= q(θ|γ)
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and tries to minimize the difference between real and approximated joint probabilities using Kullback-Leibler (KL)
divergence, i.e.
arg min D(q(θ, t|γ, ϕ)||p(θ, t|w, α, β)) .
γ,ϕ

(b)
Fig. 1. Graphical representation of the topic model using Latent Dirichlet Allocation for (a) full representation and (b) approximated model for variational
inference.

2) For each word wi in document d,
a) Choose a topic ti ∼ M ultinomial(θ)
b) Choose a word wi with a probability p(wi |ti , β),
where β denotes a k × V matrix whose elements
represent the probability of a word with a given
topic, i.e. βij = p(wj = 1|ti = 1). The superscripts represent element indices of individual vectors, while the subscripts represent vector indices.

If we take a partial derivative with respect to γn and ϕin ,
we can obtain the following iterative process to minimize the
difference between real and approximated joint probability.
γn = αn +


ϕin

where
p(ti |θ)p(wi |ti , β)

(2)

i=1

and
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p(ti |θ)p(wi |ti , β) dθ . (3)
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Therefore, in the variational inference method, an iterative
procedure of (7) and (6) alternatively is required until it
converges.
III. N - GRAM APPROACH

Now, the question is how to estimate or infer the latent
parameters t and θ while the only variable we can observe is
w. With given values of α and β, the joint probability of θ
and t can be estimated as
p(θ, t, w|α, β)
p(θ, t|w, α, β) =
(1)
p(w|α, β)
N
∏

N
∑



k
∑
∝ βnτ exp Ψ(γn ) − Ψ 
γj  .

B. Variational Approximation Method

p(θ, t, w|α, β) = p(θ|α)

(5)

i=1

These steps, however, are computationally impossible because
computing p(w|α, β) includes intractable integral operations.
To solve this problem, various approaches such as Laplace
approximation and Gibbs sampling method, have been proposed. In this work, we utilize the variational inference method
introduced in [8]. Blei et al. have shown that this approximation works reasonably well in various applications, such as
document modeling and document classification.
The rationale behind the method is to minimize distance
between the real distribution and the simplified distribution
using Jensen’s inequality. The simplified version has γ and
ϕ which, resepectively, are the Dirichlet parameter that determines θ and the multinomial parameter that generates topics,

A. Acoustic word
To make text-like audio signals, we have introduced the
notion of acoustic words so that an audio signal can be
represented with word-like discrete indices. After extracting
feature vectors that describe acoustic properties of a given
segment, we assign acoustic words based on the closest word
in the pre-trained acoustic words dictionary.
1) Acoustic features: Using frame-based analysis, we calculate mel frequency cepstral coefficients (MFCC) to represent
the audio signal’s acoustic properties. The MFCCs provide
spectral information considering human auditory properties
and have been widely used in many sound related applications,
such as speech recognition and audio classification [10]. In this
work, we used 20 ms hamming windows with 50% overlap to
extract 12-dimensional feature vectors.
2) Acoustic Dictionary: With a given set of acoustic features, we derived an acoustic dictionary of codewords using the
Linde-Buzo-Gray Vector Quantization (LBG-VQ) algorithm
[11]. Similar ideas to create acoustic words can also be found
in [4], [6], [12]. The rationale is to cluster audio segments
which have similar acoustic characteristics and to represent
them as discrete code words (indexed appropriately).
B. Uni-gram approach
Once the dictionary is built, the extracted acoustic feature
vectors from the test sound clips can be mapped to acoustic
words by choosing the closest word in the dictionary so that
individual short time segments have their assigned indices,

acoustic word. In this work, we call this method uni-gram approach to contrast with the proposed N -gram approach. After
extracting uni-gram words, we generate a word-document cooccurrence matrix which describes a histogram of acoustic
words in individual audio clips. The word-document cooccurrence matrix is used with the LDA to model audio
clips as a distribution of latent acoustic topics. After the
LDA modeling, we use the Dirichlet parameter γ as the
representative feature vector of a single sound clip to be used
consequent classifiers.
C. N-gram approach
To model the dynamic information embedded in acoustic
words, we introduce the N -gram approach which describes
partial dynamics of acoustic words by considering consecutive
words. In this work, without the loss of conceptual generality,
we consider only one adjacent word to make bi-grams, since
N = 2 case is a good starting point to explore the usefulness of
local context and computational complexity (since dictionary
size increases exponentially).
f can be built based on the
A new acoustic dictionary W
bi-grams whose elements are from the original acoustic dictionary W. The i-th word in the new dictionary w
fi is defined
as follows:
w
fi = {(wn , wm ) |wn , wm ∈ W}

(8)

where
n = ⌊i/V ⌋
m = mod(i/V ) ,

(9)

⌊·⌋ and mod(·) represent the maximum integer that does not
exceed the value of the division and the modulus of the
division, respectively. Note that the size of the new dictionary
is V 2 .
Once the new dictionary for bi-grams is built, the extracted
acoustic feature vectors from the test sound clips should be
first mapped to acoustic words by choosing the closest word
in the dictionary and then consider the adjacent acoustic words
to generate the bi-grams. After extracting bi-gram words, we
follow the same procedure as uni-gram approach; we generate
a word-document co-occurrence matrix and feed into the LDA
framework.
In this work, we set the number of words in the dictionary
200 for simplicity. Consequently, the size of bi-gram dictionary is 40,000.
D. Hybrid approach
We also introduce a way of combining both uni-gram and
bi-gram approaches. In this work, we propose to make a
super-vector of Dirichlet parameters after the LDA inference
process; γunigram and γbigram from using uni-gram and bi-gram
approaches, respectively. The dimension of the features which
are fed into classifiers is, therefore, 2 × k where k represents
the number of latent acoustic topics.

IV. E XPERIMENTS
A. Database
A selection of 2,140 audio clips from the BBC Sound
Effects Library [13] was used for the experiments. Each clip is
annotated in three different ways: single-word semantic labels,
onomatopoeic labels, and short multi-word descriptions. The
semantic labels and short descriptions are made available as
a part of the database and belong in one of 21 predetermined
categories. They include general categories such as transportation, military, ambiences, and human. There was no existing
annotation in terms of onomatopoeic words; therefore we
undertook this task through subjective annotation of all audio
clips. We asked subjects to label the audio clip by choosing
from among 22 onomatopoeia descriptions. For more details
on the annotation process, please refer to [5]. The audio clips
were available in two-channel format with 44.1kHz sampling
rate and were down-sampled to 16kHz (mono) for acoustic
feature extraction. The average audio clip length is about 13
seconds and generates about 1,300 acoustic words. A summary
of the database is given in Table I.
B. Audio classification
The average classification performance using support vector
machines (SVM) in terms of onomatopoeic and semantic
labels was estimated by 5-fold cross-validation. In each fold,
the LDA and the classifier parameters were estimated from the
train set and tested on the corresponding test set.
To evaluate the performance of the proposed framework, we
use the F-measure which is widely used for evaluating information retrieval systems. The metric considers both precision
and recall and can be written as
precision · recall
F =2·
(10)
precision + recall
and is evaluated for individual descriptive categories, i.e.,
onomatopoeic and semantic labels.
V. R ESULTS AND D ISCUSSION
Fig. 2 shows the performance of audio classification tasks
for both onomatopoeic labels and semantic labels. These two
types of labels are chosen based on our previous work in [14]
where the intermediate audio descriptive layer (iADL) was
proposed to provide interoperability between the annotation
and retrieval processes in an audio retrieval framework.
The 5-fold cross validation performance is shown as a
function of number of latent components on the figure. As
shown in the figure, the accuracy increases as the number
of latent acoustic topics increases across various types of
TABLE I
S UMMARY OF BBC S OUND E FFECTS L IBRARY.
Number of sound clips
Number of semantic categories
Number of onomatopoeic words
Average length of an audio clip

2,140
21
22
13 sec

VI. C ONCLUDING R EMARKS
We proposed the N -gram approach to model dynamic information within the text-like audio modeling scenario for information retrieval applications. Specifically, we have used the
bi-gram model to consider adjacent acoustic words and built a
new acoustic word dictionary for the bi-grams. Experimental
results showed that the proposed N -gram approach brought
significant improvements in the performance by providing
complementary local dynamic information.
In the future, we will explore various types of dynamic
modeling method to bring forth the dynamic information to
the bag-of-words strategies.
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