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Abstract We propose a new scheme for searching keywords in a speech document. A hierarchical language model is
introduced for the recognition and indexing phases. This language model comprises two independently trained layers, an upper
layer comprising a conventional class-based n-gram for recognizing in-vocabulary (IV) words, and a lower layer comprising a
sub-word n-gram for recognizing two types of out-of-vocabulary words (OOV), Japanese personal names and locations. The
recognized sub-word sequences in a lattice are pruned with a finite state automata (FSA). By using the recognized subwords
and their position information within the OOV words, the subwords are linked to form potential OOV words. A confusion
network is adopted for the indexing phase; the network is built by using the IV words and the pruned OOV words in the
lattices. Evaluations on the keyword search, including IV words and OOV words (both personal and location names), are
conducted. The experimental results show that the hierarchical language model has a considerable high ability to identify the
above proper names that are not registered in recognition lexicon, whereas that for IV words is not significantly improved.
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1. Introduction Almost all automatic speech recognition (ASR)
systems have a closed vocabulary system. Words that

In content-based speech retrievals, large vocabulary are not included in the closed vocabulary system will

continuous speech recognition (LVCSR) is generally

not be recognized by the ASR system, thereby

necessary to build speech transcription which is used Personal names and

causing recognition errors.

for indexing and retrieving. Although significant resources of

locations are the two main
out-of-vocabulary (OOV) words,

add all such names into the recognition lexicon. On

improvement has being achieved in LVCSR in recent since we cannot

decades, two factors continue to limit its application

in spoken document retrieval (SDR). One is the the other hand, however, for information retrieval,

problem of out-of-vocabulary (OOV) words, even for personal names and locations are often the most

clean speech, and another is the problem of speech interesting targets of retrieval tasks. Speech

recognition errors during the transcription of words,
particularly in the case of spontaneous speech.

recognition error is a fatal weakness in spoken
document retrieval. In contrast to text retrieval, the



occurrence of errors in spoken document retrieval
can be regarded as a peculiar characteristic with it.
When a word is misrecognized as another word
(referring to substitution) or when it disappears from
the recognized text (referring to deletion), it cannot
be retrieved.

of OOV words, the
introduce

To resolve the problem

representative method is to smaller
processing unit than word into the indexing and
retrieval phases, such as phoneme, syllable, or
morpheme-like unit [1, 2, 3, 4]. To overcome the
problem of recognition error, there are also several
methods being proposed. In [5], multiple LVCSR
models are employed to improve the recognition and
retrieval performance. However, at the present stage,
the lattice-based approaches may be the most
attractive ones for avoiding speech recognition
errors [6], such as the position specific posterior
lattices (PSPL) [7], and confusion network [8, 9].
This study aims at applying the keyword search
paradigm of text documents to speech documents,
particularly with focus on spontaneous speech. The
process of keyword search is an indispensible
procedure for any text oriented information retrieval
(IR) system. For example, in Questions and Answers
(QA), a query is generally analyzed and keywords
are extracted from it. Then, on the basis of the
extracted keywords, the final answer is retrieved.
Hence, it is important to obtain stable and reliable
keyword searches.

Here, we will be engaged in studying keyword

search for in-vocabulary (IV) words and OOV words.

Two types of proper nouns including Japanese
(JPL) are
regarded as OOV words. Furthermore, the personal

personal names and location names

names are divided into Japanese family name (JSE),
Japanese given name (JNA).

The rest of this paper is organized as follows. In
section 2, we introduce the hierarchical language
model that is used for speech recognition, including
training  and speech
we present

evaluating
performance. Further,
pruning lattices and combining subword strings

recognition
methods for

within lattices to form logical units of names; these
logical units are formed by using the syntactical
structure of the three OOV classes — JSE, JNA, and
JPL. In section 3, we explain the method of applying
the vector space model to the confusion network that

is obtained from the recognition lattice where both
IV words and logical OOV units are contained. In
section 4, we will provide a description on the
selection of keywords that are wused for the
experiments. The experimental setup and results are
provided in section 5. Finally, we present our

conclusions in section 6.

2. Hierarchical Language Model for Lattice
Building and Alignment Processes

2.1 Hierarchical language model for constructing
the recognition lattice

The hierarchical language model used for speech
recognition is a class-based n-gram model [10], as
shown in Figure 1; the upper layer generates IV
words and classes of OOV words. The lower layer
generates the mora, a morpheme-like sequence of
subwords of the corresponding classes of OOV

words.
Inter-word constraints !
B won B won

Intra-word constraints

Figure.l Configuration of the Hierarchical
Language Model.

The upper and lower layers are trained independently
by using different language corpora. The upper layer
of the model comprises an interclass n-gram, it is
trained in the same manner as that used in a
conventional class-based model; however, classes
for the target proper names should be defined in this
step. For comparison with the proposed hierarchical
language model, we take the upper layer model alone
as a baseline model, in which no subword model is
combined, and all proper nouns in lexicon are
remained as they were.

The lower layer consists of a set of intra-class
models. All these subword models are trained
independently by using their corresponding name
lists. For each class, “B,” “I,” “E,” and “BE,” which
denote the beginning syllables, intermediate
syllables, ending syllables, and a single word,
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respectively, are used to tag the position of the
subword inside its name class. When all subword’s
model are trained, hey are combined to the upper
layer where corresponding OOV classes are found.
During the combination, all personal and location
names are removed from the original upper layer
model.

The output of the speech recognition carried out by
using this hierarchical language model is of the form
“wl w2 pl_JSE_B p2_JSE I p3_JSE_E w3 w4...”
Here, wl, w2, etc., refer to the recognized IV words,
and pl, p2, p3, etc., refer to the mora ( phonemes )of
the recognized subwords; JSE_B, JSE_I, and JSE_E
refer to the beginning, intermediate, and ending
syllables, respectively, of a Japanese family name.
For the training data, the baseline language model is
trained by using the manual transcript of the corpus
of spontaneous Japanese (CSJ) [11]. It contains
approximately seven million words. During language
model training and lexicon construction, the fillers
and hesitations among the transcripts are not taken
into account. Finally, a lexicon with a vocabulary of
6.2K words is obtained. The subword models are
bigram models, whose family name, given name, and
location are trained by using corpora of 300K, 295K,
and 80K words, respectively.

30 test sets of speech data provided by the CSJ
corpus are evaluated for the recognition performance
with the above language models. The average word
accuracy rate using the hierarchical language model
is 60.37%, meanwhile, the average accuracy using
the baseline model is 61.90%. Here, the acoustic
model is in the travel domain.

2.2 Pruning the lattice and combining the

subwords

Since a common word is generally composed of
several subwords, the length of subwords is smaller
than that of IV words. So the number of nodes in the
lattice will increase when the subwords are output.
Therefore, the total number of paths of possible
recognized candidates will expand rapidly. We will
employ the confusion network for retrieving
information. The confusion network is a compact
lattice that

subwords ) at a given time. If the confusion network

aligns confusion sets (words or
containing both words and subwords is simply

converted from the original lattice of the recognizer,

the alignment of the confusion set will be disturbed,
a long IV word will be aligned with an individual
subword, and many subwords will be aligned by an
interval of subwords; this means that subwords are
aligned with other subwords and even a long IV
word will be aligned to a short subword. Figure 2
shows an example of a confusion network that is
obtained from the recognition lattice for the word
“Hiroshima.” The network shown in Figure 2(a) is
obtained directly from the original lattice of the
recognizer. In such structures, a considerable amount
of noise is added to the post-processing stage.

In order to construct a confusion network in which
confusion sets having similar pronunciations are
aligned together, the lattice of the recognizer is
combined before

pruned and subwords are

constructing the confusion network. The steps
involved in this procedure are as follows:
(1) Use finite state automata (FSA) to prune

unreasonable subword’s candidate transitions in
the result lattice.

(2) Combine subwords having the same class (JFN,
JNA, and JPL). Since the positions of the
subwords (corresponding to “B”, “I”, “E”, or
“BE” tags mention before ) of these classes are
tagged inside the classes, it is reasonable to
combine them into a pseudo-word.

Finally, a pruned and combined graph like in Figure

2 (b) is obtained for the Figure 2(a).

(Hiroshima)

(Hiroshima) r_© shsh_im a

hiroshima

irazhima

irozhim

(a) (b)

Figure. 2 Examples of confusion networks with
different units of a confusion set for the recognition
of the word “Hiroshima.”

3. Appling the Vector Space Model to the
Confusion Network

The retrieving process is based on confusion network,
to which the vector space model is applied. Follows
brief the calculations of parameters of the retrieval
model.



3.1 Indexing and ranking of confusion networks

Let D represent a document modeled by a confusion
network. We define Pr(w|o,D) as the posterior
probability of a term w at position o in D in order to
refer to the occurrence of w in the network. The term
frequency ¢f is the number of times a term occurs in
a document. In the proposed method, #f is evaluated
by summing the posterior probabilities of all the
occurrences of the term in the confusion network. It
is calculated by the following equation:
loce(w,D)|

fwD)= 3 Pw|o,,D) 1)

Here, the frequency of a term w is the number of
times w occurs in D. |occ(w,D)| denotes the segment
number of the confusion network in D, which
contains w.

The inverse document frequency idf indicates the
relative importance of a term in the corpus. We also
calculate it on the basis of the posterior probability
of w, as shown in the following equation:

idf (w) =log(N /Y. O(w,D)) @)
DeC
Here,
occ(w, D)
if > Pwl|o,D)=20.5
O(W,D): i=1 3)

0  otherwise

implies that if the summation of w’s posterior
probability is greater than a threshold (0.5), it is
considered to have occurred in this document. N
denotes the total number of documents contained in
all the corpora. C denotes the number of documents
in a single corpus.

4. Keyword Selection

2 types of test sets are used for the evaluation of the
retrieval. The first set is the IV word set (denoted as
IV), which is extracted from the manual transcript of
target speech documents. Because the transcripts are
of the
recognizer, all the words are contained in the

used to construct the language model
recognition lexicon when the baseline model is used.
The second set (denoted as OOV) is a name list
containing personal names and locations, which is
used for evaluating the OOV word retrieval. The
names are extracted from the same documents, but

the hierarchical language model is built after all
personal names and location name are removed;
hence, these names do not appear in the speech
recognition lexicon when the hierarchical language
model is used. Following semi-automatic procedure
is used for selecting these keywords.

4.1 TF/IDF-based method for selecting keywords

The keywords for retrieval are selected on the basis
of the term frequency (TF) and inverted document
frequency (IDF).

(1) For each word within a document, compute its
TF.

(2) Compute IDF of a word among the whole
corpus.

(3) Compute TF x IDF of a word within a
document, select the highest 100 words as the
keywords of the document.

(4) Obtain the keyword collection of the whole
corpus, and define it as the keyword database.

4.2 IV Queries and OOV Queries

After the keyword database is obtained, we then
build queries of IV keywords and OOV keywords.
For building IV queries, keyword groups containing
1, 2, 3, 4 words are picked up. The keyword groups
that appear in less than 4 documents are removed
from the query candidates. Then, 40 queries
containing different keyword counts are manually
selected as the IV queries.
The building of the OOV queries is similar to that of
the IV queries, but only the proper nouns are
extracted from the keyword database. 40 OOV
queries, including 18 single names (family name,
location),
+ given name),

given name, 17 full personal names
and 5 other

combinations, are finally built. Examples of these 2

(family name

types of keyword queries are shown in appendix A.1l
and A.2.

5. Experiments and Result

5.1 Experimental setups

For the retrieval experiments, 3244 files of the
CSJ speech data [11] are used. Each file contains
speech data worth approximately 10-15 min. Three
types of
simulated

speeches—academic presentations,

public  speeches, and read-aloud



speeches—are presented in these data sets. The

manual of the documents are also
provided with the corpus.

We use standard information retrieval (IR) measures

transcripts

provided by the trec_eval
average precision (MAP) and precision after R (R-P),
where R denotes the number of relevant documents.

[12] program: mean

5.2 Results

There are two objectives of the experiments on
keyword retrievals.

The first objective is to investigate the effectiveness
of the hierarchical model. It is desirable to improve
the searching of OOV words while ensuring that the
IV words are not significantly influenced. These two
desirable outcomes often conflict with each other.
The second objective is to investigate the
effectiveness of the confusion network. For this
purpose, the retrieval effectiveness of the following
indexes are compared: (1) manual transcript text
(Trans.), and (3)
confusion network (CN) output.

The statistics of the retrieval performance of the
above indexes are shown in Table 1 for the IV

queries, in Table 2 for the OOV queries.

(2) 1-best recognition result,

Table 1 Mean average precision (MAP) and recall
precision (R-P) for IV Queries.

LM 1-best | CN Trans.

Base MAP |0.6181 | 0.6552 | 0.7775

" | R-P 0.5648 | 0.5800 | 0.7121
Hierar | MAP | 0.6498 | 0.6524 -
chical. [R-P | 0.5814 [0.5863 -

Table 2 Mean average precision (MAP) and recall
precision (R-P) for the OOV Queries.

LM 1-best | CN Trans.
Ba MAP [0 0 -
¢ [R-P_ |0 0 -
Hierar | MAP | 0.2803 | 0.3455 -
chical. | R-P 0.3069 | 0.3345 -

6. Conclusion and Discussion

We have presented a method for searching OOV
words in SDR by using a hierarchical language
model. The subword models corresponding to OOV
words are trained independent of the baseline model,

and they can be trained by using a group of corpora

when necessary. For example, if we require to

process organization names, we can train a new
subword model when an organization name list is
prepared, and combine it with the baseline model.

Therefore, this implementation method is convenient

for expanding new type of OOV words.

In this study, we have successfully retrieved 2 types

of proper names—Japanese names (including family

and given names), and locations. The conclusions of
this study can be summarized as follows:

(1) As shown in table 1, for IV keywords retrieval,
there is no big difference between the baseline
model and the proposed hierarchical model. That
means the performance for IV words is not
influenced by this hierarchical model so much.

(2) The use of a confusion network for searching
OOV words yields a better performance as
compared to the 1-best method. As shown in
Table 2, the improvements in the MAP and R-P
due to the use of the confusion network as
compared to 1-best are 23.26% and 8.90%,
respectively.

The above results reveal that the hierarchical model

is effective for searching OOV words, and

lattice-based processing such as that using a
confusion network is useful for searching subwords.
the overall

However, performance of the SDR

remains low. One reason for the low performance

is the poor speech recognition. Especially for
subword words, their recognition accuracy is much
more influenced by the performance of recognizer
than common words. We have conducted recognition
experiments on different test sets, and found large
difference exists among these data. The OOV word
recognition accuracy of a test set belonging to travel
domain is as high as 80%, but it is only 40% for the
test set which is extracted from the CSJ corpus,
although the IV word’s accuracy is in the same scale.
So it is important to improve recognition accuracy
for subword’s retrieval. Another reason is that the
OOV keyword character sequences, which are used
as the query keywords, are only selected by the first
candidate of a pronunciation lexicon. In fact, many
OOV words have several pronunciations or have
different behaves in different context. For example, a
given name “Souseki” can be expressed as either
“s_ 0 o s e k i”

“s ous ek i’ or



In the future, in addition to the personal name and
location, the organization name will also be added to
the group of OOV words for retrieving, and multiple
pronunciation of a subword’s mora will be taken into
consideration to expand OOV’s queries.
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Appendix
A.1 Examples of Query Keywords (IV)
#Query Keywords #Relevant
ID Document
IVQOl |#|% 74 =Tx M 4
K =—xx
IVQO06 agEy) ¥Y—x 7 2
77 BER
IVQ12 | &F#H/ E£F T
IVQI3 | %74 HEA
WEE
IVQ20 | B®hEA EhF 3
by p i
IVQ26 | &F BF
IVQ27 | /28 J@
IVQ35 EEF 10
IVQ36 | &Z&ED 3
IVQ39 |#HERER 1

A.2 Examples of Query Keywords (OOV)

#Query Keywords #Relevant
ID Document
oovVQOl |EB WA 11
oovQo2 | f8)Il FHEE 10
O0VQo3 | RIE i 8
O0VQ09 | R e 6
OOVQl9 | =®HEE ZFEJI 2
0o0VQ20 | ik BE A 2
O0VQ30 | BHA 20
O0VQ3l |iITn & 8
Oo0VvVQ38 | m# 13
O0VQ40 | BER 12






