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Abstract

Speech interfaces using LVCSR system have promise for im-
proving the utility of Open-domain Question Answering, in
which natural language questions about diversified topics are
used as inputs. In this paper, we propose a method to improve
both speech recognition and question answering performance
by incorporating the passage retrieval, which is a component
common to many QA systems, with respect to the target docu-
ments that the input question asked about. In the QA process,
the passage that has the high similarity to the question has the
high possibility to have the correct answer in it. Conversely, this
similarity can be used to select the appropriate candidate from
N-best list of speech recognition results. From language model-
ing perspective, this process can be seen to capture the semantic
consistency of spoken question in sentence level as compared
with conventional n-gram language models. We show the effec-
tiveness of our method by means of experiments.

1. Introduction
Open-domain Question Answering (QA) was first evaluated ex-
tensively at TREC-8 [9]. The goal in the QA task is to extract
words or phrases as the answer to a question from an unorga-
nized document collection, rather than the document lists ob-
tained by traditional information retrieval (IR) systems. Speech
interfaces have promise for improving the utility of QA systems,
in which natural language questions are used as inputs.

One of the most common problems faced with when we
enhance the text-based QA system to accept spoken questions,
arises from the uncertainty of speech recognition results. The
information loss caused by it gives a serious degradation to the
total performance of question answering. The task specific lan-
guage modeling can improve the accuracy of speech recognition
and, consequently, the total performance of question answering
[2]. However, as the n-gram language model can only model
the short-term constraint of word sequence, it fails to capture
the semantic consistency of sentence level.

In the process of the conventional question answering sys-
tem, an input question sentence is compared and calculated the
similarity with the text fragment in the target document collec-
tion that consists of one or more neighboring sentences, which
is called passage. The passage that has higher similarity to the
input question has more possibility to have the correct answer in
it. For this reason, passage retrieval is an important component
common to many question answering systems [8].

Suppose an input question has at least one correct answer
in the target document collection, there must be at least one
similar passage in it. Thus the similarity with some passage in
the target documents can be used to reduce the uncertainty in

speech recognition process. For example, suppose two candi-
date sentences “What was the name of the spacecraft landed
safely on March in 1976?” and “What was the name of the
spacecraft landed safely on Mars in 1976?” are obtained by
the speech recognition process and there found a passage “The
first U.S. spacecraft to land on Mars was a spacecraft called
Viking 1 which occurred on July 20, 1976.” in the target doc-
uments. Because the latter candidate has more common words
and therefore is more similar to the passage, it is more likely to
be the correct question sentence.

The similarity to a passage appeared in an actual document
expresses that the candidate word sequence is more or less se-
mantically consistent as a whole. As a N-best list of candidates
obtained by an existing LVCSR decoder often includes a lot of
meaningless sentences in practice, the similarity, or the passage
retrieval score in other words, can be used to filter out such sen-
tences. From language modeling perspective, this process can
be seen to capture the semantic consistency of the candidate in
sentence level, which conventional n-gram language model fails
to capture.

In this paper, we propose a method to improve both speech
recognition and question answering performance by taking ad-
vantage of the passage retrieval with respect to the target docu-
ments that the input question asked about. Section 2 describes
passage retrieval algorithm used in our proposed method. Sec-
tion 3 describes how to incorporate the retrieval results with the
speech recognition results. Section 4 describes the experimental
results.

2. Passage Retrieval and Similarity
Measure

Passage retrieval is an important component common to many
question answering systems. Many passage retrieval algorithms
have been proposed for question answering. They can be clas-
sified according to two aspects, which are the window size and
the similarity measure.

With respect to the window size, a language unit, like ad-
jacent sentences or a paragraph, or a word window with some
length can be used as a paragraph. The size can be either fixed
or dynamically selected. We chose the sentence window with
fixed size [6] , which was reported to have better performance
among passage retrieval algorithms in [8].

The similarity measure is another option for implement-
ing passage retrieval. The density-based measure, which favors
matching terms that appear close together, is reported to per-
form better for question answering. However for our evaluation,
we used SMART [7] as a baseline measure, which represents
the state of the art in document retrieval.
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Given a query sentence q, the passage retrieval selects
a most similar passage sq from the target documents that
maximize the similarity measure or passage retrieval score
Spassage(q, sq). The N-best candidates qi(1 ≤ i ≤ N) ob-
tained by the speech recognition can be rescored according to
the score:

Srescore(qi) = Spassage(qi, sqi) (1)

3. Combining Speech Recognition and
Passage Retrieval Results

Using the passage retrieval score solely for rescoring does not
take the plausibility of the candidate itself, measured by the
speech recognition process, into consideration. We will intro-
duce two models for considering the plausibility in the follow-
ing subsections, each of which will be interpolated with the pas-
sage retrieval score to rescore the recognized sentences.

3.1. Recognition Likelihood

Simply, the likelihood of speech recognition P (qi|a), where qi
is the i-th best recognized sentence and a is the observed acous-
tic signal, can be used as representative of the plausibility. Its
log likelihood logP (qi|a) ∼ logP (a|qi) + βlogP (qi) + γ|qi|,
where P (a|qi), P (qi), β, and γ are the acoustic model, the
language model, the language model weight, and the insertion
penalty respectively, is also known as recognition score and is
used to guide the search in the recognition process. It is auto-
matically obtained with each recognized sentence as the result
of speech recognition.

The final rescoring measure Srescore is obtained by inter-
polating the likelihood P (qi|a) and the passage retrieval score
Spassage(qi),

Srescore(qi) = P (qi|a)α · Spassage(qi, sqi) (2)

where α is the interpolation weight.

3.2. Ranking Model

As another method for modeling the plausibility, we introduce
the ranking model Prank(i), which express the probability that
the i-th best candidate of speech recognition results becomes
the most plausible (with least word error rate) sentence in the
all N -best results. As a parametric model, we approximate it
by using the geometric distribution.

Prank(i) ≈ p(1− p)i−1 (3)

where p is a model parameter.
Themaximum likelihood estimate p̃ of the model parameter

p can be calculated from the training data as follows.

p̃ =
N

N +
�N

i=1(Ri − 1)
(4)

whereRi is the number of the i-th ranked sentences in the train-
ing data that are found to be most plausible in theN -best results.

The final rescoring measure Srescore is obtained by inter-
polating the ranking model Prank(i) and the passage retrieval
score Spassage(qi),

Srescore(qi) = Prank(i)
α · Spassage(qi, sqi) (5)

where α is the interpolation weight.

4. Experiments
4.1. Test Data

The test collection constructed in the first evaluation of Ques-
tion Answering Challenge (QAC-1) [4], which was carried out
as a task of NTCIR Workshop 3, was used to produce the test
data of spoken questions for our evaluation. The task definition
of QAC-1 (subtask 1 1) is as follows.

Target documents are two years of Japanese newspaper ar-
ticles, from which the answers of a given question must be ex-
tracted. The answer is a noun or a noun phrase, e.g., person
names, organization names, names of various artifacts, money,
size and date. System extracts at most five answers from the
documents for each question. The reciprocal number of the rank
is the score for the question. For example, if the second answer
candidate is correct, the score is 0.5.

This definition is almost equivalent to the factoid question
answering in TREC, where MRR was used as an evaluation
metric in TREC-8, 9, and 10, and the exact answer extraction
is evaluated since TREC-11. The 200 questions were used for
the formal evaluation, in which no answer was found for four
questions in the target documents that consisted of newspaper
articles in 2 years.

The 200 questions were read by four females (F001, F002,
F003 and F004) and four males (M001, M002, M003 and
M004) in order to produce the test speech data for our evalu-
ation.

An existing LVCSR system [5] was used for the purpose
of transcription. The language model is constructed from the
12 years newspaper articles and the vocabulary size is about
60,000 words. The resulting N-best candidates are rescored by
using our method mentioned in section 2 and 3, then the top
ranked sentence was selected to investigate its performance by
using the evaluation metric described below.

4.2. Evaluation Metrics

We used three evaluation metrics for our experiments. First of
all, the word error rate (WER) of the resulting sentence was
investigated in order to see how our method works as a language
model for speech recognition. The average WER for all 200
questions was used as the first evaluation metric

The top ranked sentence q after rescoring was submitted to
the document retrieval system, and the performance of the docu-
ment retrieval was investigated. We used a search engine called
GETA [1], which use the SMART [7] for retrieval method. The
relevance judgment was taken place automatically by consult-
ing the agreements of the retrieved documents Rq with the rel-
evant documents Cq, in which the correct answers about the
question q were included. Note that Cq is denoted in the QAC1
test collection. The R-precision was used for evaluating the re-
trieval performance for each question q.

R-precision =
|Cq ∩ Rq,|Cq||

|Cq | (6)

whereRq,n is the n-best documents retrieved from the question
q. The mean R-precision for 196 questions that have at least one
correct answer was used as the evaluation metric for retrieval
performance.

The top ranked sentence q is also submitted to our question
answering system [3]. The system outputs five answers a1..a5

for an input question q. The answers are ordered by the system

1Three subtasks were performed in QAC1. See [4].



Table 1: Experimental Result of Word error rate (WER) of
speech recognition, R-precision of document retrieval results,
and mean reciprocal rank (MRR), averaged over eight speakers.

method window size WER (%) R-Prec. (%)

BASELINE - 24.8 17.0
1 sentence 25.8 17.5

Retrieval only 3 sentences 25.9 17.4
document 26.9 17.1

Retrieval 1 sentence 23.9 17.2
& 3 sentences 23.6 17.7

Likelihood document 24.8 17.4
Retrieval 1 sentence 23.9 17.2

& 3 sentences 24.0 17.5
Ranking document 24.7 17.3
ORACLE - 20.3 18.0

from 1st to 5th positions according to their confidence about the
correctness. Each answer is scored on the inverse number of its
order, called Reciprocal Rank (RR). The score of the question
q, RR(q), is the highest score of its five answers.

rr(ai) =

�
1/i if ai is a correct answer
0 otherwise

(7)

RR(q) = max
ai

rr(ai) (8)

The mean RR (MRR) for all 196 questions that have at least
one correct answer was used as the evaluation metric for ques-
tion answering. Additionally, the number of the questions in
196 that the system correctly answered within five outputs per
question (# correct) was also used as the evaluation metric.

Note that the smaller value of WER shows better perfor-
mance for speech recognition, while the larger R-precision and
MRR shows better for document retrieval and question answer-
ing, respectively.

4.3. Results

The experimental evaluation was taken place by comparing the
results obtained by rescoring methods. The baseline method
(referred as BASELINE) simply selects a most likely candidate
(with largest likelihood score) from the results of speech recog-
nition.

The proposed methods select a candidate from 10-best list
by exploiting the passage retrieval score and by rescoring them.
Three rescoring methods were investigated. The first method
rescores the candidates by using their passage retrieval scores
solely according to the equation (1) (referred as Retrieval only).
The second method rescores by using the passage retrieval score
and the likelihood score of speech recognition according to the
equation (2) (referred as Retrieval & Likelihood). The third
rescores those by using the passage retrieval score and the prob-
ability by ranking model according to the equation (5) (referred
as Retrieval & Ranking). For each method, three windows size
were investigated as the static passage, which are 1 sentence, 3
sentences, and a full document.

As a reference, the oracle method selects the best result,
which has the smallest word errors, from 10-best recognition
candidates (referred as ORACLE).

For Retrieval & Likelihood and Retrieval & Ranking, the
weight of the interpolation α in the equations (2) and (5) were

Table 2: Average MRRs of question answering results for eight
speakers.

method window size #correct MRR

BASELINE - 55.6 0.240
Retrieval & 3 sentences 72.4 0.284
Likelihood document 69.1 0.279
ORACLE - 69.0 0.279
text input - 131 0.516

estimated by using 10-fold closs validation.
Table 1 shows the results of WER and R-precision averaged

over the eight speakers.
As for speech recognition performance (WER), the pro-

posed methods Retrieval & Likelihood and Retrieval & Ranking
with the passage of one sentence or three sentences improved
the baseline about 3.6-4.8 % relative, while the Retrieval only
did not. We used the paired t-test for statistical testing, which
investigates whether the improvements in performance is mean-
ingful or simply due to chance. We found that the WER values
for BASELINE and the proposed methods of both Retrieval &
Likelihood and Retrieval & Ranking with sentence-unit window
were significantly different (at the 0.005% level). This improve-
ment might be further increased in some way, because the ideal
method (ORACLE) achieved the better results (the relative im-
provement was about 18.1 %). The proposed methods with the
window size of full document did not improve the baseline.

As for document retrieval performance (R-Precision), the
use of passage retrieval also slightly improved the baseline,
while no difference in performance among the proposed meth-
ods could be observed. However, the improvements were not
statistically significant, except that Retrieve & Likelihood with
3 sentences windows showed statistically significant difference
only at the 1% level. The ideal method (ORACLE) could im-
prove further, but not importantly.

The notable results were obtained for question answering.
The Table 2 shows the results of question answering averaged
over the eight speakers. The baseline method BASELINE, the
proposed method using both passage retrieval score and likeli-
hood score of speech recognition Retrieval & Likelihood, and
the oracle method ORACLE were compared. The proposed
method showed a considerable improvement in the performance
compared with the baseline. The paired t-test revealed that the
MRR values for BASELINE and the other methods were signif-
icantly different (at 0.05% level) while those between Retrieval
& Likelihood and ORACLE were not.

The reason why the improvement in question answering
was more remarkable than in speech recognition and document
retrieval seems to be explained as follows: The semantic consis-
tency within a question is crucial for question answering, where
the question analysis plays an important role for collecting the
information about the correct answer and it requires more pre-
cise information about words and their ordering than bag of
words, while the WER metric and the document retrieval re-
quire less precise information about a question, e.g. appearance
of individual words or bag of words, no matter how they relate
each other.

Figure 1 shows the results by each speaker. The proposed
method shown in the figure was Retrieval & Likelihood with 3
sentences window. While the absolute performances were dif-
ferent among the speakers, there observed consistent improve-
ments by using the proposed method.
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Figure 1: WERs, R-precisions and MRRs by each speaker compared between baseline and proposed method.

5. Conclusion
Aiming at speech-driven question answering, we proposed a
method to exploit the passage retrieval score for rescoring N-
best candidates obtained by speech recognition. From language
modeling perspective, this process can be seen to capture the
semantic consistency of spoken question in sentence level as
compared with conventional n-gram language models. The ex-
perimental results showed that the proposed method improved
both speech recognition and question answering performance.
The future works include the examination of the performance
difference among passage retrieval techniques and seeking fur-
ther improvement of the performance by incorporating other
useful measures for rescoring, e.g. confidence measure, and
by the combination with the task adaptation techniques of the
language model [2] and acoustic model for spoken questions.
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