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ABSTRACT

This paper proposes a robust and fast lyric search method
for music information retrieval. Current lyric search sys-
tems by normal text retrieval techniques are severely dete-
riorated in the case that the queries of lyric phrases contain
incorrect parts due to mishearing and misremembering. To
solve this problem, the authors apply acoustic distance,
which is computed based on a confusion matrix of an ASR
experiment, into DP-based phonetic string matching. The
experimental results show that the search accuracy is in-
creased by more than 40% compared with the normal text
retrieval method; and by 2% ~4% compared with the con-
ventional phonetic string matching method. Considering
the high computation complexity of DP matching, the au-
thors propose a novel two-pass search strategy to shorten
the processing time. By pre-selecting the probable candi-
dates by a rapid index-based search for the first pass and
executing a DP-based search among these candidates dur-
ing the second pass, the proposed method reduces process-
ing time by 85.8% and keeps search accuracy at the same
level as that of a complete search by DP matching with all
lyrics.

1. INTRODUCTION

An easy-to-use music information retrieval (MIR) system
plays an essential role in realizing satisfactory music distri-
bution services. Current commercial MIR systems accept
diverse queries by text, humming, singing, and acoustic
music signals. Among these types of queries, text queries
of lyric phrases are commonly used (lyric search) [1]. As
many MIR systems apply full-text search engines to search
lyric, the issue of lyric search has been widely accepted
as a solved issue by state-of-art text retrieval techniques.
However, the authors’ preliminary investigations on real
world queries suggested that, users are likely to input in-
correct lyric phrases (incorrect queries in this paper) into
MIR systems resulting in a failed lyric search. The incor-
rect lyric phrases are due to unreliable human memory or
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mishearing, as users remember the lyric phrases when they
are impressed by hearing a part of a song without a lyric
sheet. The analysis found that incorrect queries which re-
places a word with another word of a similar pronunciation
reaches 19%. This phenomenon is called “acoustic confu-
sion” here.

In text retrieval field, some fuzzy algorithms, such as
Latent Semantic Indexing (LSI) and partial matching, were
used by major commercial Web search engines [2] to im-
prove the robustness against incorrect queries. However,
Xu’s research verified that these algorithms were not help-
ful for acoustic confusion [3].

To solve this problem peculiar to lyric search, a search
method is expected to be able to identify a lyric contain-
ing a part that is most similar in acoustic respect to the
query. Phonetic string matching, which is used in such ap-
plications as name retrieval [4], was considered to be clos-
est to the expected method. It uses edit distance between
phoneme strings to search words with similar sound. How-
ever, edit distance is the minimum number of operations
needed to transform one string into the other [5]. It does
not present the degree of acoustic confusability between
phonemes. For example, /aki/ is easily misheard as /agi/
as opposed to /aoi/, though the edit distances are identi-
cal. This is because the phonemes, “k” and “g”, tend to be
confused mutually, compared with “k” and “0”.

In order to take the degree of acoustic confusability be-
tween phonemes into account for string matching, the au-
thors apply a new distance, called acoustic distance, to
phonetic string matching. Acoustic distance is obtained by
DP matching with the costs derived from phonetic confu-
sion probabilities between the phoneme strings of a query
and a lyric. It is motivated by the ideas in Spoken Doc-
ument Retrieval (SDR) and Spoken Utterance Retrieval
(SUR) [6,7]. Phonetic confusion probabilities are derived
from a phonetic confusion matrix that is obtained from a
preliminary automatic speech recognition (ASR) experi-
ment.

As it is found by authors’ preliminary investigations
that queries of lyric phrases are not segmented by word or
sentence boundary, edge-free DP matching between two
phoneme strings of a query and a lyric is used to calcu-
late acoustic distance. The computation complexity of DP
matching O{DP} cannot be ignored here because lyrics
always contain long phoneme strings. Conventional pho-
netic string matching applied a complete search by DP
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matching with all lyrics, so the computation complexity is
regarded as O{ D P} « I;, where I, is the number of lyrics
to search. Since commercial MIR systems usually provide
hundreds of thousands of lyrics, the computation complex-
ity is too high to realize a real time search.

Therefore, a lyric search method with a two-pass search
strategy is proposed to speed up the search process. In
the first pass, the proposed method pre-selects the proba-
ble lyric candidates by a rapid approximate search based
on the accumulation of pre-computed and indexed partial
acoustic distances. Then, a complete search by DP match-
ing with the remaining lyrics is carried out during the sec-
ond pass, which decreases the value of I; contributing to
the computation complexity.

The experimental results show that the application of
phonetic confusion probability improves search accuracy
in lyric search. Moreover, the processing time is greatly
reduced by using two-pass search strategy.

The remainder of this paper is organized as follows: the
analysis of real world queries is described in Section 2.
The definition of acoustic distance and the proposed method
are introduced in Section 3. The experiments are carried
out to evaluate the proposed method in Section 4. The pa-
per is summarized in Section 5.

2. ANALYSIS OF REAL WORLD LYRIC QUERIES

To analyze the queries of lyric phrases for MIR in the real
world, the authors investigated some question & answer
community web sites, where many questions were found
that used lyric phrases to request the names of songs and
singers. As 1140 queries of lyric phrases were collected,
the authors compared each query with its corresponding
lyric to distinguish whether lyric phrases in the query are
correct or not (correct query or incorrect query) and how
they were mistaken. The lyrics and queries are written in
Japanese or English, or a mixture of both.

Figure 1 shows the distribution of incorrect queries in
the different types and correct queries within the collected
data. The incorrect queries, which occupy around 79%, are
classified into the following types:

e Confusion of notations: Chinese characters in the
queries are substituted for syllabary characters (Hi-
ragana or Katakana in Japanese), or vice versa.

Function-word-error: Only the function words, which
have little lexical meaning, such as prepositions, pro-
nouns, auxiliary verbs, are mistaken in the queries.

Content-word-error: The content words such as a
noun, verb, or adjective, that have a stable lexical
meaning, are mistaken in the queries.

In the current full-text search methods, function-word-
error and confusion of notations can be handled using a
stop word list to filter out the function words [8], and a
hybrid index of words and syllables [9].
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Figure 1. The distribution of incorrect queries in the differ-
ent types and correct queries within the collected queries

On the other hand, as the content words play more im-
portant roles in determining the search intension [8], content-
word-error queries were further categorized into three sub-
types by the authors, viz., namely “acoustic confusion”,
“meaning confusion” and “others”. The percentages and
examples are listed in Table 1. The mistaken parts are
marked in bold.

Acoustic confusion is defined as a replacement of a word
with that of a similar pronunciation; or a replacement of the
unknown-spelling words with syllable strings of a similar
pronunciation. For the first example of acoustic confusion
queries in Table 1, “/kotoganai/” and “/kotobawanani/”” have
similar pronunciations while the text strings have no com-
mon parts. In the second example, the Japanese syllable
string is used as a query whose pronunciation is similar to
the English phrase, “You’ve been out riding fences for so
long now” in the target lyric. It was supposed to happen
when users were not able to spell the foreign words that
they heard in a song.

Meaning confusion is defined as a replacement of a word
with its synonym or near-synonym. As shown in Table 1
the first example of meaning confusion queries, “/anata/”
is mistaken for ‘“/kimi/”. Both of the terms refer to the
same meaning “you” in Japanese. For the second example,
“/tsuki/”” and “/hoshi/”, which mean “moon” and “star”, are
confused.

The type of “others” contains word insertion, word dele-
tion and other errors in the queries. From the analysis of
collected examples, it is known that mistakes in “others”
type are derived from arbitrary reasons, which include in-
dividual experiences or memories, special environments,
and other reasons. The analysis did not find a relationship
between the mistakes and the lyrics.

As the acoustic confusion queries occupy about 45% of
content-word-error queries (19% of the collected queries),
it remains an important issue for lyric search. Based on
the description above, identifying a lyric containing a part
that is most similar in the acoustic aspect of the query is a
better solution for acoustic confusion than focusing on the
textual or semantic aspects.
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Types of Examples
X Percentage
queries Correct lyric Mistaken queries
Text (Japanese): | 4 & 2 HEAZ2 VY & 7 E AT
Ex.1 | Pronunciation: | /sukinakotoganai/ Jsukinakotobawanani /
Meaning: There is nothing I like. What are you favorite words?
reouti Text: You've been out riding fences | =—~_—F U STy Ky o—r
coustic
) 45% for so long now IR =R TFY
confusion
Ex.2 Pronunciation: | /yuubiibiiNNautoraidiNNgufeNNs | /yuubeenaupurauduNNshiiNNkusu
hizufoosooroNNgunau / sooseNNgunaw/
Meaning: Yowve been out riding fences for so
* no actual meaning
long now
Text (Japanese): | FICIHTHaAE 5 k& BRI MTbimEs ke
Ex.1 Pronunciation: /kiminiwanaNNdemohanaseruyoto/ /anataniwanaNNdemohanaseruyoto/
Meaning Meaning: I can say anything to you I can say anything to you
17%
confusion Text (Japanese): | H (ZFEV % Bz
Ex.2 Pronunciation: | /tsukininegaio/ /hoshininegaio/
Meaning: pray to the moon pray to the star
Text (Japanese): | 25 RIZ T DR HE REOFF a VORI
Pronunciation: fhoshikarakitakonomiruyumewa / /hoshinokochobiNNnomiruyumewa /
Others 38% Ex.1
Meaning: The dream that the child who came | The dream that child Chobin of the
from the star has star has

Table 1. The distribution of mistaken types within content-word-error cases

3. AN EFFICIENT SEARCH METHOD BASED ON
ACOUSTIC DISTANCE

3.1 Introduction of Acoustic Distance

The authors introduce acoustic distance to quantify the de-
gree of acoustic confusion. Acoustic distance is calculated
by DP matching with cost values derived from phonetic
confusion probabilities, instead of the constant cost values
used for edit distance.

First, a phonetic confusion matrix is obtained by run-
ning a phoneme speech recognizer over training data and
by aligning the recognition results of phoneme strings with
reference phoneme strings.

For the elements of the confusion matrix, n(p, ¢) means
the number of phoneme ¢ obtained as recognition results
by the actual utterances of phoneme p. As “¢” represents
a null, n(¢,p) means the number of the misrecognized
phoneme p (insertion) and n(p, ¢) means the number of
the deleted phoneme p (deletion). M represents the set of
phonemes including null.

For each phoneme p, the phonetic confusion probabili-
ties of an insertion P;,,5(p), deletion Py (p) and substitu-
tion for phoneme g Ps,,(p, q) are calculated on the basis
of the confusion matrix elements, by Eq.1~3.

} ___ n(e,p)
Pl = 5 (kD) "
Pyer(p) = Zk:if;jgo,/ﬂ )
Psub(pa Q) = Zk:]f/][j;f(;ak) (3)

As a large value of P;,s(p) represents a high confus-
ability for an insertion of p, it corresponds to a low cost
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of an insertion operation for p in string matching based on
DP. Therefore the value of insertion cost C,,5(p), is cal-
culated by Eq.4. In the same way, the value of deletion
cost Cyer(p) and substitution cost Cyyup(p, q), are calcu-
lated from the corresponding phonetic confusion probabil-
ities by Eq.5 and Eq.6.

Cins (p) =1— Py (p) (4)
Caet(p) =1 — Pyer(p) (5)
Csub(pa Q) =1- Psub(p7 q) (6)

Second, with the calculated cost values, edge-free DP
matching between the phoneme strings S, S5 is carried
out by Eq.7~9. Here, S[z] is ath phoneme of phoneme
string S and len(.S) means the length of S (51,52 € 95).
D(i,7) designates the minimum distance from the start-
ing point to the lattice point (¢, j). Dsg, s, is the accumu-
lated cost of DP matching between S; and Sy, which is
defined as the acoustic distance. It reflects acoustic confu-
sion probability for each phoneme.

1. Initialization:

D(0,7) =0(0 < j < len(S2)); (M

2. Transition:

Dgi,j — 1) + Cins(Sa2[4])
D(i, j) = min Ez‘—l,j—l),(sﬂﬂ = Sa[3])

D
D
D(i —1,7) + Caar(S1li])

®)

i—1,5 — 1) 4+ Coup(S1[i], S2[4])
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3. Determination

Dg, s, = min{D(len(S1),j)}(0 < j < len(S2));
©)

3.2 Searching Method based on Acoustic Distance by
DP matching

Based on the criterion that a lyric containing a part that has
the minimum acoustic distance from the query should be
the user’s target, a method with a complete search by DP
matching with all lyrics is described as follows:

1. The lyrics Ly, are converted into syllable strings us-
ing a morphological analysis tool such as Mecab [10].

The syllable strings are converted into phoneme strings

by referring to a syllable-to-phoneme translation ta-
ble. Consequently, a phoneme string Sp,(x) repre-
sents a lyric L(k) (L(k) € Ly,).

Once a query ( is provided, it is converted into a
phoneme string Sg in the same way as step 1. By
Eq.7~9, the acoustic distance Dsg 8.0 between
the query and all lyrics Ly, is calculated.

Lyrics Lj, are ranked in the order of the acoustic
distance Dg,, s, ) and then the lyrics with lower
distance values are provided as search results.

3.3 Searching Method based on Acoustic Distance by
Two-pass Searching

Considering that the complete search by DP matching with
all lyrics requires high computation complexity, a method
with two-pass search strategy is proposed and realized with
following steps:

e Preliminary indexing: An inverted index construc-
tion is preliminarily incorporated for the first pass
search. A list of linguistically existing units of N
successive syllables (syllable N-gram) A; --- A,
are collected from the text corpus. The units are
organized as index units for fast access, as shown
in Table 2. The acoustic distance Dg, s, be-
tween the phoneme strings of A,, and L(k) are pre-
computed by Eq.7~9 and stored in the index matrix.
It can be regarded as an index of acoustic confusion.

First pass search: By accessing the index described
above, a fast search is realized by using the four

steps below, and the flowchart is illustrated in Figure 2:

1. The input query @ is converted into a syllable

string v by Macab.

2. By Eq.10 the syllable string is converted into
syllable N-gram sets, V1, ... , Vin, ... , V.
Here, v[m)] is the mth syllable of v.

‘/m = {v[m},v[m + 1]7 e ,U[m—F N — 1]}5
(10)
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. Vi,... . Vin, ..., Vs are matched with the in-
dex units Ay,...,A,,.... By accumulating
the pre-computed and indexed distance values
Dg A SL(k) the approximate acoustic distance
R(k) is calculated by Eq.11.

R(k)

Z DSA,,,,SL(k)V (Vm = An)

m=1,--- , M
an

. To narrow the search space of lyrics, L(k) with
higher R(k) is pruned off, and a lyric set Ly,
containing /. (I. < I;) best lyric candidates is
preserved for the second pass.

e Second pass search: A complete search by DP match-
ing with the lyrics in L, is carried out.

Based on the processes above, the computing complex-
ity of the proposed method is reduced to O{ FPS}+O{ D P}x
I.. As O{FPS} is the computing complexity of the first
pass search which is much less than O{DP} and I, is
much less than I, it provides a faster response for a real-
time MIR system.

4. EVALUATION OF SEARCH ACCURACY AND
PROCESSING TIME

4.1 Experimental Set Up and Test Set

To evaluate the search performance of the proposed search
method, experiments were carried out. A database of 10000
lyrics was collected containing both Japanese and English
lyrics. The test set consisted of 220 incorrect queries that
were mistaken in acoustic confusion. They were from the
collected queries mentioned in Section 2. The lyrics corre-
sponding to the queries were included in the database. The
results of the experiment were obtained using a personal
computer (Intel Core2Duo CPU 3.0GHz, 4G RAM). Four
methods described as follows, were compared.

e “Baseline”: A normal partial matching method us-
ing full-text retrieval engine “Lucene”, which is based
on inverted index construction [11]. In this method,
as the query of lyric phrases is divided into IV suc-
cessive character substrings, the lyric containing more
substrings is regarded as a more suitable candidate.

“Method based on Edit Distance of Phoneme (EDP)”:

The search method based on the edit distance of phoneme

strings, which is described in [4].

“Method based on Acoustic Distance by DP match-
ing (ADDP)”: The search method using a complete
search described in Section 3.2. The phonetic con-
fusion matrix for calculating acoustic distance is ob-
tained using the same speech recognition experiment
as in [12]. Although the confusion matrix should be
based on singing voice, a huge amount of singing
data is not available. In this research, telephone speech
data of Japanese phonetically balanced sentences were
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Lyric No.
syllable 3-gram L(1) e L (k)
Ay [a-i-ul 034 | - 053
A, [na-ko-to] 0.88 — Do oo

Table 2. A sample of index item by syllable 3-gram

‘ Query in Characters : [ {FE72 B AL \Japanese) | ‘

Character to Syllable ﬂ
conversion

INDEX

Lyric No. L(l) L(k)
Query in Syllables : [ su-ki-na-ko-to-ga-na-i | ‘ syllable 3-gra

Syllable 3-gram ﬂ A 034 | ... 0.23
composition

A set of syllable 3-gram

Vi su-ki-na /

An 0.88 Ds, i
Vm nakoto [ | b 2LH)
Vo ga»na-i | — Ao 1 045

Accumulating pre-computed
and indexed distances
Lyrics with approximate
acoustic distance R(k)

Pruning

‘ A lyric set L[c of Ic candidates ‘

Figure 2. Flowchart of the first pass search

used as the training data for the acoustic models of 4.3 Evaluation of Search Accuracy and Time
ASR. Complexity

The search accuracy and time complexity of four methods
are shown in Figure 4 and Table 3 respectively.

Note that, the value of I, for “ADTS” is determined by
a preliminary experiment based on the same test set. It
only uses the first pass search of “ADTS” for lyric search
to investigate the relationship between hit rates and T'-best
to chose the best threshold value for I.. Because the hit
rates almost saturated when 7T’ is larger than 800, I, is set
to 800 in this paper.

e “Method based on Acoustic Distance by Two-pass
Searching (ADTS)”: The proposed method using
the two-pass search strategy as described in Section 3.3.
Considering the balance of index size and search ac-
curacy, here N of syllable N-gram index is set to
3. The syllable 3-grams are collected from the lyric
and newspaper corpus. 100,000 entries of syllable
3-grams, which cover 90% of all syllable 3-grams in
the collected text corpus, are prepared in the index.

As all the syllable 3-grams which exist in the queries With a well-designed data structure, “Baseline” achieved
are prepared, no search errors come from out-of- the fastest response among four methods. However, since
vocabulary syllable 3-grams in the experiments. the normal text retrieval techniques cannot solve the acous-

tic confusion problem in lyric search, other three methods
based on phonetic string matching achieved higher search
accuracy than “Baseline” by more than 40%. On the other
hand, though “ADDP” and “EDP” provide high perfor-
mances of search accuracy, the processing times for one
The comparison of the results between “EDP” and “ADDP” query are over 9 seconds, which are not practical in real
are shown in Figure 3. The vertical axis means the hit rate, world search. By applying a fast search in the first pass to

while the horizontal axis shows the top 7' candidates of the narrow the search space, “ADTS” shortens the processing
. . . . 1 1 ] ] 0 ¢ i 1
ranked lyrics, which is called T-best. Here, the hit rate time into 1.85 seconds, which is 14.2% of “ADDP”, with

4.2 Improvements of Search Accuracy by Applying
Acoustic Distance

of T-best is defined as the rate of the total number of hits only 0.5% ~ 5% deterioration of search accuracy due to
within top T' candidates to the total number of search ac- the loss happened in the index-based pruning of “ADTS”.
cesses. “ADDP” improves the hit rates by 2% ~ 4%, as Attributing to the application of acoustic distance, “ADTS”
the T of T-best is ranged from 1 to 100. It indicates that keep almost the same hit rates as “EDP” and achieves 2%
the proposed acoustic distance gives better effects than edit improvement when 7 is larger than 20, by using only 19%
distance. time of “EDP”".
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5. CONCLUSION

This paper proposed a robust and fast lyric search method
based on the introduced acoustic distance and a two-pass
search strategy using an index-based approximate prese-
lection for the first pass and a DP-based string matching
in the second pass. In the case of incorrect queries caused
by acoustic confusion, the proposed method achieved sig-
nificantly higher search accuracy than the normal text re-
trieval method by more than 40%. An improvement by
2% ~4% is also achieved compared with the conventional
phonetic string matching method. Furthermore, the pro-
posed method realized a real time operation by reducing
85.8% processing time with a slight loss in search accuracy
compared with a complete search by DP matching with all
lyrics. It is proved to be the most practical solution for
acoustic confusion queries on the balance of high search
accuracy and light computation complexity.
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