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ABSTRACT
Performing similarity search in large databases is a problem of
particular interest in many communities, such as music, database,
and data mining. Although several solutions have been proposed
in the literature that perform well in many application domains,
there is no best method to solve this kind of problem in a QueryBy-Humming (QBH) application. In QBH the goal is to find the
song(s) most similar to a hummed query in an efficient manner. In
this paper, we focus on providing a brief overview of the representations to encode music pieces, and also on the methods that have
been proposed for QBH or other similarly defined problems.

Categories and Subject Descriptors
H.2.8 [Database Applications]: Data Mining; H.2.4 [Systems]:
Multimedia Databases

General Terms
Algorithms

Keywords
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1. INTRODUCTION
A problem of particular interest that has attracted the attention of
music, database and data mining communities is that of searching a
large database to find the most similar objects to a query object. Depending on the application domain this problem can be addressed
in different ways. The application domain that we focus on in this
paper is that of Query-By-Humming (QBH).
Suppose you hear a song but cannot recall its name. A straightforward solution is to hum a part of this song and then perform a
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search on a large music repository to find this song, or songs similar to it. In a QBH system, the goal is to search a music database
for the K most similar songs to a hummed query.
Due to the fact that QBH is a very noisy application domain, to
perform meaningful matching the methods that address this problem have to a) consider slight or more serious errors occurring due
to instant or temporary key or tempo loss, or else be error-tolerant,
and b) choose a representation for music pieces that best fits their
needs, without sacrificing efficiency and accuracy. In this paper, we
present a brief overview of the methods that have been proposed,
either for addressing QBH specifically or for other application domains that could be also of interest in QBH. The discrimination
of the different categories is done based on whether the methods
perform sequence, model, or n-gram based similarity search.
Next, we provide some basic terms used in QBH. Every piece of
music (as shown in Figure 1) is a sequence of notes characterized
by a key, that defines the standard pattern of allowed intervals that
the sequence of notes should conform with, and a tempo, regulating the speed of the music piece. Each note consists of two parts,
the pitch and the duration. A pitch interval is the distance between
two pitches, and the interval of 12 semitones is called octave. Another important term is transposition, i.e., shifting a melody of a
piece written in a specific key to another key. Finally, there is a discrimination between monophonic and polyphonic music, where the
latter allows two or more notes sound simultaneously, in contrast
to monophonic music as is QBH. The interested reader can look at
[7, 27, 43, 47, 49, 50] for approaches in polyphonic music.
Figure 1: A part of the "Happy Birthday" music score.
It is important to understand the pros and cons of the different
categories of methods (and certainly of the methods in particular),
since music pieces are essentially sequences of values evolving in
time, and thus the QBH problem is just an application accentuating
the problematic aspects of methods that deal with time. With this
in mind, improvements over existing methods can be introduced
so that they can be used in other areas of interest, such as finding
specific patterns in financial, weather, and sensor data observing
the movements of humans. In the latter case assistive actions can
be taken when particular patterns are observed.
Next, we present different ways of representing music pieces,
along with the variety of methods that may be of interest in QBH
categorized in sequence, model, and n-gram based methods.

2. REPRESENTING MUSIC PIECES
Although many approaches represent notes by encoding only
pitch, it has been shown that the use of both pitch and duration information improves music retrieval [20] and the melody sequences
are made more unique [30, 45].
Expressing pitch can be done in three ways. First, by using absolute pitch, which is the frequency of the note [13, 15, 30, 44].
Secondly, the note number in the key of the piece [32] can be used.
However, the key does not usually remain the same throughout the
whole music piece, which makes this encoding very hard to use.
Third, pitch can be expressed as pitch interval, that is the difference
in the frequencies of two consecutive notes. Also, pitch intervals
can be quantized in [-11,11] by applying modulo 12 [45], leading
to two octaves, a reasonable range in which human pitch can fluctuate while singing. Regarding the encoding of duration there are
three options [33]. Inter-Onset-Interval (IOI) is the difference in
time onsets of two adjacent notes, IOI Ratio (IOIR), which is the
ratio of IOIs of two adjacent notes, and Log IOI Ratio (LogIOIR),
i.e., the logarithm of IOIR. A variation of LogIOIR is to quantize
the LogIOIR values of the notes to the closest integer or the closest value in [−2, 2] [33]. Considering all possible combinations of
pitch and duration encoding, we can easily conclude that pitch interval and IOIR (or variations of them) leads to transposition and
time invariance when comparing melodies.

3. SEQUENCE MATCHING
There are two broad categories of matching between sequences,
the whole sequence matching and the subsequence matching. Next,
we give a brief overview of methods of these categories. It should
be mentioned that some of them have already been applied to music
retrieval, while others not. It is of particular importance to identify
the pros and cons of such methods, so that we can further decide
if some of these methods can be improved to apply to QBH where
the music pieces are represented as sequences of notes.
Referring to the first category of whole sequence matching, one
well known dynamic programming (DP) method [2] is Dynamic
Time Warping (DTW) [23]. DTW is a distance measure allowing
to compare two sequences that may vary in time or speed. There
are also several variants of DTW, among which cDTW [37], EDR
[6], and ERP [5]) widely used in many application domains. These
methods are robust to misalignments and time warps, and some
(e.g., DTW, cDTW) can achieve high retrieval accuracy in applications such as time series mining and classification [21]. cDTW constrains the difference of the sequences’ indices that can be matched,
so as to avoid matching elements of the two sequences that are
far away from each other. EDR[6] and ERP[5] are DP-based distance measures for time series similarity search and use the triangle inequality for pruning purposes; the latter is also a metric. It
should be noted that ERP is more robust to noisy data, and that
since both methods are designed for full sequence matching they
are not directly applicable to a subsequence matching framework
such as QBH. The method proposed in [1] operates using DTW
and has been applied to music retrieval. It takes into account absolute pitches and deals with the problems of invariance by applying occasionally normalizations, depending on the proposed representation. Another approach that incorporates tempo variations
was introduced in [32], while in [11] it was modified to deal with
various representations as well. To deal with tempo variation the
method presented in [29] scales the target sequences before applying DTW. Moreover, some approaches embed transposition invariance as a cost function in their DP computation [8, 25], though,
with not very attractive runtime complexity. In addition, in [25]

and [12] they aim at matching the whole query and no duration is
incorporated. Transposition invariance can also be encoded by a
proper representation [28].
Apart from these DTW-based whole sequence matching methods, the similarity between two sequences can be measured by finding their Longest Common SubSequence (LCSS) [3, 4, 45], i.e., the
greatest number of elements that are common in both of them, and
this can be done again using a DP approach. Thus, LCSS-based
approaches can tolerate noise introduced by the user in the QBH
application, while they allow for gaps in the alignment. However,
since no bounds are imposed to the allowed gaps this may result
in a large number of false positives when |Q| << |X|. Since errors in QBH systems are imposed by the users, tolerance in pitch
and duration is highly eligible. Though, we should not be tolerant
to skip too many elements in the target sequence, as in that case
there is small possibility of finding a good match. With this direction in mind, in [18] an algorithm which accounts for a bounded
number of gaps in the target sequence only is proposed. The algorithm also handles errors by using constant values as tolerances
for each query element. Variations regarding the sum, differences,
and length of consecutive gaps are proposed in [9] when matching
two sequences, but as in [18] they are allowed to exist in the target
sequence only. Notice that both approaches deal with whole query
matching and absolute pitches, while none of them accounts for
note duration, i.e., they are proposed for 1-dimensional sequences.
To efficiently address the QBH application, where it is more
suitable to use subsequence matching methods, the aforementioned
whole sequence matching methods could be retrofitted by performing a sliding window search over the database. The issue with such
an approach is that it would be computationally expensive requiring one DP computation per window. The approach of Han et al.
[16] is based on uniform segmentation and sliding windows, which
requires the user to manually select the length of the segments and
is therefore not sensitive to the actual behavior of the data and can
efficiently handle only near exact matching.
Some DP methods reduce subsequence matching to full sequence
matching, by cutting database sequences into small pieces, and requiring each query to correspond to an entire such piece. Such
approaches though fail when the query corresponds to a database
subsequence that is not stored as a single piece. One example is the
Query-By-Humming system described by Zhu et al. [51], where
each database song is cut into smaller, disjoint pieces, and they developed an efficient lower-bound for DTW. As a result, this method
is not directly applicable to subsequence matching.
Regarding the second category, two similar methods for subsequence matching are presented in [17, 19], which implicitly account for tempo scaling. However, they are not transposition invariant, as absolute pitches are used. Furthermore, the Edit distance [26] has been used for music retrieval with several variations
[8, 24, 25, 35]. Its most recent version used in QBH is presented in
[48], where the cost function has been properly modified so that this
distance measure uses both pitch and duration information. This
variation of edit distance has been further evaluated in [22], where
the authors tested several time series representations. Another DPbased method for finding the subsequences of evolving numerical
streams that are closest to a query is presented in [38]. SPRING,
is based on DTW and does not sacrifice accuracy, in spite of the
fact that DTW is not a metric distance function. Another reason for
making this method attractive is that it operates in constant space,
and time linear to the database size (for short queries). Thus, it is a
promising method to be applied to the problem of QBH [22].
Similarity methods can be also applied to the subsequence matching category as well. One such method is Smith-Waterman [42],

which compares segments of all possible lengths and optimizes the
similarity measure. One application of this algorithm in QBH is
presented at [45]. Finally, a recently proposed novel method for
subsequence matching is SMBGT [22] that incorporates many intrinsic properties of the QBH application. It bounds the number
of consecutive gaps allowed in both the query and target database
sequences, allows for variable tolerance levels in the matching, imposes a constraint in the maximum match range, and optionally
bounds the minimum number of matching elements. By allowing
gaps in the compared sequences several errors that may occur while
humming due to temporary key/tempo loss or significant instant
note loss can be efficiently treated.

no music database widely available that can be used as a testbed to
test the proposed methods on, and as a result the results reported are
most of the times subjective, or at least cannot be generalized since
the datasets are quite small and limited to a few genres of music or
to songs of Beatles. Moreover, to the best of our knowledge, automatic music genre classification which would help efficiency and
accuracy is not part of the proposed end-to-end systems. Last but
not least, since QBH is a very noisy application domain, a method
should allow for both slight and more serious key or tempo loss
errors at the same time without affecting accuracy.

4. MODEL-BASED MATCHING

In this paper we presented a brief overview of the ways to encode
music pieces, and also of the methods that have been proposed in
the literature for the QBH application or that would be of interest
to study in order to better understand the problematic aspects of
applying them to similar application domains.

Several probabilistic methods (HMM-based) have been developed for speech recognition and music retrieval [14, 31, 34, 36,
39, 48]. In [31], an extended HMM is used where the target and
query notes are associated through a series of hidden states, modeling the local and cumulative error in pitch and durations. HMMs
also appear in [34], where they are used to compute the match score
of the local alignment when both pitch and duration are used. An
extended HMM architecture Factorial HMM has been proposed to
model music, and more specifically Bach’s chorales [14]. Factorial
HMMs are based on a factored, distributed representation of the
hidden state variable. Due to its complicated structure, inference
and learning is intractable, and approximate learning is necessary.
Although the model may be effective in capturing the statistical
structure in the Bach’s chorales, it is not built for any query processing as QBH. In [48] HMMs are used for the segmentation of the
humming instances, followed by energy and pitch analysis to correct the segmentation errors. They use both pitch and duration and
the retrieval stage is done by using salient information in the transcribed symbolic sequences (FingerPrints), but their method does
not significantly outperform edit distance. Although the HMMbased methods incorporate the probabilistic behavior that is inherent in an application domain such as music retrieval, they are computationally expensive due to the required training, and creating
models to represent all styles of music in a large database is a very
tough task. Other approaches that exploit HMMs are presented in
[40, 41], though their focus is to use HMMs as their front end to
capture the location of notes in the input and not perform retrieval.

5. N-GRAMS
A method that has been successfully used in string matching is
n-grams, according to which the number of matching substrings of
a fixed length n is counted. Also, since it is more likely for long
sequences to have a match, this count should be normalized. An
efficient method for approximate string matching is proposed in
[46], but is not suitable for the case of QBH where we have to deal
with very noisy queries. n-gram-based methods proposed for music
retrieval [10, 45] fail to handle noisy queries efficiently leading to
poor performance as they are designed for near exact matching,
although they may keep pitch and duration information.

6. OPEN PROBLEMS
Having studied the aforementioned methods for solving the similarity search problem in QBH, we observed several problems that
need to be taken into account when trying to address this problem.
First, there is no standard and preferred music format to store music pieces. MIDI and MP3 are the mostly used formats for this
problem, and although MP3 is richer in information, it cannot be
easily extracted and exploited as opposed to MIDI. Second, there is
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