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Abstract

How to deal with speech recognition errors and out-of-
vocabulary (OOV) words, which are referred to as false neg-
ative errors, are common challenges in spoken document pro-
cessing. To deal with them in spoken content retrieval (SCR),
the SCR method that incorporated spoken term detection (STD)
as the pre-process stage (referred to as STD-SCR) has been pro-
posed. However, the STD-SCR tends to increase false positive
errors in compensation for reducing false negative errors. In
this work, we propose robust retrieval models for false positive
errors by using word co-occurrences. The words that co-occur
in a given query are semantically related, so that they are likely
to co-occur also in the document to be retrieved. On the other
hand, if a word in a given query appears alone in a document, it
is more like a false positive. We incorporate this idea into two
retrieval models commonly used in the literature, i.e. the vector
space model and the query likelihood model. Our experimental
result showed our proposed extensions on the retrieval models
successfully improved the retrieval performance not only for the
STD-SCR but also for the conventional SCR method.

Index Terms: spoken document retrieval, spoken content re-
trieval, spoken term detection

1. Introduction

As multimedia contents are increasing more and more in the
Web, development of effective search methods for them be-
comes crucial. The search method that targets spoken language
information included in them is called spoken document re-
trieval (SDR). SDR enables to search such contents even though
they are not associated with metadata, with the help of large vo-
cabulary continuous speech recognition (LVCSR). Unlike text
retrieval, dealing with speech recognition errors and out-of-
vocabulary (OOV) words are challenging problems in SDR.

Among retrieval tasks involving spoken documents, the
task of finding the occurrences of a given term of interest within
the speech data is called spoken term detection (STD)[1]'.
Many studies of STD have focused on dealing with OOV
and misrecognized words. Such methods include, for exam-
ple, using subword units as the recognition result or search
unit[5, 6, 7], using the multiple recognition candidates [5, 6],
using the results of multiple recognition systems[8], and using
soft matching to detect the occurrences[9, 10].

Another retrieval task targeting spoken documents is called

'Note that the SDR task that aims to find a longer segment, e.g.
a document, that includes given terms can be considered rather as a
variation of an STD task than as an SCR task, because the success of the
search task depends only on the occurrences of the terms in a document.
The works on such a task include [2],[3], [4], etc. It was called “known-
item retrieval” in the TREC SDR track.
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spoken content retrieval (SCR). The task aims to find a doc-
ument that is relevant to a given query topic, where the rele-
vancy is judged by a human assessor®. The conventional SCR
approach simply applies text-based retrieval to the recognition
results obtained by LVCSR. As most text-based retrieval meth-
ods relies on the bag-of-words representation of a document,
SCR system is usually based on the word-based recognition re-
sults, which are then converted into word indices for time effi-
ciency. While the effect of misrecognition can be relaxed by
using the multiple recognition candidates of speech recogni-
tion results [11], OOV words can never be handled if we rely
only on word-based recognition results of spoken documents
and their word indices obtained from them. For dealing with
OOV words, subword-based recognition results and their sub-
word n-gram indices have been often used in spoken document
retrieval [12, 13, 14]. However, as the discriminative power of
these subword n-grams is much weaker than that of the whole
words, the performance of the SCR system based on such sub-
word n-grams is limited.

In order to make better use of word clues for SCR, Takigami
and Akiba [15] proposed the SCR method (STD-SCR) that in-
corporated STD into the SCR process to deal with OOV and
misrecognized words. In the first step of the STD-SCR, an
STD method is applied to the spoken documents, where each
term in the given query topic is searched for in the subword se-
quence obtained by speech recognition. From the detection re-
sults, the statistics for term frequencies in each document can be
obtained, to which any conventional document retrieval method
can be applied. The advantage of the STD-SCR is that it is not
affected by the OOV terms in the query topics even though it
still makes use of the whole word clues. The proposed method
resembles the early approach in SCR [16, 17], which applies
word-spotting for spoken documents instead of LVCSR. As the
word-spotting had to be applied after a query topic was given,
it was not a tractable approach for targeting a large amount of
spoken documents. Thanks to the recent development of the
fast STD methods, the approach now become tractable even for
targeting a large amount of spoken documents.

While the STD-SCR appropriately can handle misrecogni-
tion and OOV words, which are also referred to as false negative
errors, it tends to increase false positive errors in the spoken
documents as the front-end STD often returns more detections
than that obtained by exact word matching from LVCSR re-
sults. As the false positive errors also degrade the final retrieval
performance, we need to reduce their effects on the retrieval
step. In this work, we propose robust retrieval models for false
positive errors by using word co-occurrences. The words that
co-occur in a given query are semantically related, so that they
are likely to co-occur also in the document to be retrieved. On

2The task was called “Ad-hoc retrieval” in the TREC SDR track.
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the other hand, if a word in a given query appears alone in a
document, it is more like a false positive. We incorporate this
idea into two retrieval models commonly used in the literature,
i.e. the vector space model and the query likelihood model. Our
experimental result showed our proposed extensions on the re-
trieval models successfully improved the retrieval performance
not only for the STD-SCR but also for the conventional SCR
method.

This paper is organized as follows. The next section de-
scribes SCR methods considered in this paper. In Section 3, our
proposed retrieval models is explained. In Section 4, we eval-
uate the proposed models experimentally by comparison with
conventional ones. Finally, we conclude and give future some
future directions in Section 5.

2. Spoken Content Retrieval
2.1. Conventional SCR method

The conventional SCR methods works as follows. Firstly, each
spoken document is transcribed into text by applying LVCSR to
its speech data, and then converted into its bag-of-words (BOW)
representation by applying the word segmenter, the lemmatizer,
and stop-word removal. Furthermore, It is also converted into
word indices for efficient retrieval. At the search time, a given
query topic is also converted into a bag-of-words. Then, the
similarity between the query and each document is calculated
according to a retrieval model, e.g. vector space model (VSM),
query likelihood model (QLM), etc. For example, according to
VSM, the bag-of-words representation of both the query topic
and the document is converted into a vector representation, then
the inner product between the vectors is calculated. In VSM, the
vectors are often normalized by the length of the document (re-
ferred to as VSM-D) or by applying the pivoted normalization
[18] (referred to as VSM-P).

The conventional SCR methods use word-based speech
recognition to obtain the transcription of the spoken docu-
ments, and then text-based document retrieval is applied to the
transcription. However, the OOV words from the word-based
speech recognition and misrecognized words (false negative er-
rors) can never be used as the clues for the document retrieval,
which results in the degradation of the retrieval performance.
To deal with these problems, both document and query expan-
sion methods have been proposed [19, 20, 21]. These methods
ignores the false negative errors, but, in order to compensate
them, makes use of the words related to the other true positives.

2.2. STD-based SCR method

In order to deal with the problem of the false negative errors,
Takigami and Akiba [15] proposed the STD-based approach for
SCR (referred to as STD-SCR). Figure 1 shows the configura-
tion of STD-SCR system.

Firstly, each spoken document is transcribed into subword
sequence by applying subword-based speech recognition or by
applying text-to-phoneme (T2P) conversion on the text tran-
scription obtained by LVCSR. At the search time, the keywords
are extracted from a given query topic and they are converted
into their subword sequences. Then, by applying spoken term
detection (STD), each subword sequence is searched against the
subword sequences of the spoken documents. From the STD
results, the keyword frequency for each document is calculated.
The process is repeated for all keywords, and then the bag-of-
words representation for each document is obtained. Finally,
any retrieval model can be applied to calculate the similarity
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Figure 1: The configuration of the STD-SCR system.

between the query topic and the document, as same as the con-
ventional SCR method.

Note that the STD-SCR is different from the previous works
that use the subword n-grams [12, 13, 14]. While they also
use the subword-based recognition results, their document and
query representations are created based on the subword n-
grams. Or rather, our proposed method resembles the early
approach in SCR [16, 17], which applies word-spotting for spo-
ken documents instead of LVCSR. As the word-spotting had to
be applied after a query topic was given, it was not a tractable
approach for targeting a large amount of spoken documents.
Thanks to the recent development of the fast STD methods,
the approach now become tractable even for targeting a large
amount of spoken documents.

3. Robust retrieval models for false positive
errors

There are two types of errors that affect the similarity calcu-
lation for SCR. One of them is false negative, which has been
considered in the previous section. The other is false positive,
which is such a error that does not exist actually in a document
but is considered accidentally.

While false negative errors have been well studied in the
context of SCR, there have been little about false positive er-
rors. Actually, the STD-SCR is also the one for false negative.
On the other hand, STD-SCR tends to have many false positive
as it is based on the STD detection results. In this work, we
propose the novel retrieval model designed for false positive er-
rors. Our experimental result reveals that the proposed retrieval
model is effective not only for the STD-SCR, but also for the
conventional SCR.

3.1. An extension for vector space model

Two keywords contained in a query topic are related to each
other, therefore, we can be considered these words are more
likely to appear at the same time in the document. We attempt
to make use of word co-occurrence as an additional feature that
is used in computing the similarity between the query and each




document.
For the document D, the document vector vp is obtained
as follows.

vp = [w(t1, D), w(tz, D), - ,w(t|r|, D)] e))
where T' = {t1,t2,--- ,tj7} is the vocabulary in the docu-
ment collection, w(t, D) is the weight of word ¢ in the docu-
ment D. For example, TF-IDF term weighting give it as the
product of the term frequency ¢f (¢, D) and the inverse docu-
ment frequency idf(¢). As well, the query vector vq is also
obtained, where the weight w(¢, Q) is often given only by the
term frequency.

Vector space model calculates the degree of similarity
sim(Q, D) by the inner product of the document vector vp
and vq.

(v, vp)
n(D)
where n(D) is the normalization factor. The normalization fac-
tor can be calculated by using the length of the document D as

follows.
nlen(D) == th(t7 D)

teT

sim(Q, D) = @

3

Or, it can also be calculated according to so-called pivoted nor-
malization [18] as follows.

nyivor(D) =(1 — o) 2=pec 2rer O D)

+0Y 4(t,D)
ter
_J1 (teD)
ot, D) = {0 (otherwise) ©)

where ¢ is a pre-defined constant and C' is the set of target doc-
uments.

Our proposed extension use also the word co-occurrence
vector cp.

Cp = [5(t15t27D)55(t17t37D)7'" 7w(ti7t]'aD)7"'} (6)
1 (tseDntjeD)

§(ti, t;, D) = J 7

(k45 D) {0 (otherwise) ™

where the delta function 6 (¢;, ¢, D) represents whether both ¢;
and ¢; appeared in the document D simultaneously. The degree
of similarity is calculated by the following equation from the
two vectors.

(VQ> VD)
n(D)

(chcD)

sim(@, D) =« (D)

+(1- ®

@)
The normalization factor nc (D) is always calculated by the
length of the word co-occurrence vector as like as the equation

(3), even if the pivoted normalization is applied in the original
n(D).?

3.2. An extension for query likelihood model

Our extended query likelihood model is expressed by the log-
linear interpolation of the conventional query likelihood model
and the factor that represents the reliability of the document, as

3We have experimentally confirmed that applying the pivot normal-
ization to word co-occurrence vector is not effective but also harmful.
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Table 2: Recognition Accuracy on the transcrip-
tions.

l H matched | unmatched
LVCSR (word) 741% 7| 59.5% T
syllable recognition || 80.5% T|  75.5% 17

T word accuracy 1 syllable accuracy

follows.
11—«
P(Q|D) = H P(q:|D)TF @@

2, €Q ©

1- T s(alD)

q,€Q

_[Pc)y  (teD)

dp(t|D) = {1 _PUC) (t¢ D) (10)

where P(¢|C) is the probability that the term ¢ appears in the
document randomly drawn from the document collection C,
which can be estimated as the maximum likelihood estimator
of ¢t given C, and 1 — P(t|C) is the probability of the com-
plementary event, i.e. the probability that ¢ does not appear in
the document randomly drawn from C. Given a document D,
each term in @ is either also included in D or not included in
D. Therefore the probability of observing such a combination
of the subset of () in D accidentally (caused by recognition er-
rors) is calculated as follows.

[] (D)

teQ

an

We defined the probability of the complementary event of (3.2)
as the reliability of the document D, which is used as the addi-
tional factor of QLM as shown in (9).

4. Experiments
4.1. Setting

We used the SCR test collection developed in the NTCIR-
9 Workshop [22] for our experiments. The target document
collection contains 2702 lectures selected from the Corpus of
Spontaneous Japanese (CSJ)[23]. This amounts to more than
600 hours of speech. The test collection contains two set of
queries, one contains 39 queries called dry-run set, another one
contains 86 queries called formal-run set. The total 125 query
topics are used in our experiments.

There are four kinds of the reference transcriptions of the
spoken documents released with the test collection. They are
obtained by the two types of ASR systems, an LVCSR (re-
ferred to as word-based) and a continuous syllable recognition
system (referred to as syllable-based), combined with the two
types of language models, those trained by CSJ itself but keep-
ing open condition (referred to as matched) and those trained by
the newspaper articles (referred to as unmatched). Their acous-
tic model is commonly trained by using the CSJ data by keeping
the open condition[24]. Their recognition accuracies is summa-
rized in Table 2. Their 1-best recognition results are searched
by the SCR systems.

We investigated our proposed retrieval models on the two
types of SCR approaches, which are the conventional SCR (re-



Table 1: MAP values obtained by compared retrieval models with and without the proposed extension.

SCR method | retrieval model .matched l.mmatChed
baseline [ proposed | baseline [ proposed

VSM-D 0.279 0.325 0.249 0.272
¢SCR VSM-P 0417 0.421 0.327 0.330
QLM 0.427 0.428 0.332 0.332
VSM-D 0.254 0.276 0.257 0.275
STD-SCR VSM-P 0.301 0.307 0.316 0.320
QLM 0.282 0.283 0.290 0.290

ferred to as ¢SCR) described in Sec. 2.1 and the STD-SCR
described in Sec. 2.2. While the cSCR works on the word-
based transcription, the STD-SCR does on the syllable-based
transcription. For the STD-SCR, the STD method with bi-gram
indexing [15] was applied.

4.2. Performance measure

We used the MAP (Mean Average Precision) as the measure of
retrieval performance. MAP is calculated by the mean value of
the average accuracy of each query in the query set S, and is
obtained as follows.

1

MAP = —
|5

> AveP(Q) (12)

QEeS

AveP(Q) represents the average accuracy of the ranked re-
trieval results Oq = {o1,02,--- ,0¢} for the query @, and
is obtained as follows.

> 5-1 (01, Rq)

122
AveP(Q) > " 6(0i, Re) - (13)
=1

"~ |Rq| &

where R is set of correct documents for the query Q. §(o, R)
is the binary value representing whether the output document is
correct.

4.3. Results

Table 1 shows the comparisons of the performances of before
and after the extension for each retrieval model, applying to the
two types of transcriptions, matched and unmatched, where we
use mean average precision (MAP) as the evaluation metric. We
found that the performance improvements were observed for
most of the cases. It indicates that the proposed extensions for
the conventional retrieval models are effective. We also found
that the proposed extension was effective not only for the STD-
SCR, which had been our primary target of the improvement,
but also the conventional SCR.

On the other hand, we found no improvement on the QLMs
using unmatched transcription. Furthermore, our extension on
the QLM was less effective than that on the VSM. Our exten-
sion on VSM makes use of word combination features directly,
while that on QLM does not but indirectly use them through
the reliability model. In our future work, another extension on
QLM that make use of them directly in its formulation should
be investigated.

5. Conclusions

In this work, we proposed robust retrieval models for false pos-
itive errors by using word co-occurrences. We incorporated this
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extension into two retrieval models commonly used in the litera-
ture, i.e. the vector space model and the query likelihood model.
We applied extended retrieval models to both conventional spo-
ken content retrieval method and STD-based SCR method. The
experimental results showed the improvement of the retrieval
performance in almost all the cases.

Takigami and Akiba [15] revealed that the conventional
SCR and the STD-SCR complemented each other and the hy-
brid system of them further improved their retrieval perfor-
mance. In our future work, we would like to apply our proposed
retrieval models to such a hybrid system in order to further im-
prove the performance. We believe that word co-occurrence
statistics are also effective when applied on multiple recognition
results, which are expected to contain more false positive errors.
We will investigate whether our method further improves the
performance when speech recognition lattices [14] is used.
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