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1 Introduction

Open-domain question answering (ODQA) is a critical technology for the next generation of Internet appli-
cations. Text-based Q&A technology has been making vast inroads into the public consciousness through
web sites such as www.askjeeves.com. It is clear the next step is to integrate voice input (and output) to
alleviate the keyboard bottleneck. Because the amount of information on the Internet is growing exponen-
tially, standard word statistic-based search engines are rapidly becoming obsolete due to the large number
of irrelevant matches returned. Further, the explosion of web-based portable computing devices with lim-
ited display capabilities (e.g., cellular phones) has created a serious need for advanced information access
technologies that interact with the Internet using voice and other modalities.
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Figure 1: Global view of a Voice Activated Question Answering System

Voice-Activated Question Answering (VAQA) systems represent the next generation capability for uni-
versal access by integrating state-of-the-art in question answering and automatic speech recognition (ASR)
in such a way that the performance of the combined system is better than the individual components. An
overview of our approach is given in Figure 1. The system attempts to answer correctly a spoken question by
first filtering the many possible ill-formed questions from the word lattice, and if this fails it performs lexical
and semantic alternations to the remaining questions in the reduced word lattice. If the answer is not found
by using alternations of the keywords, then finally, the question will be answered through an interactive
Q&A module. By allowing the Q&A and ASR systems to interact and pass information back and forth, and
by allowing each system to reprocess the data based on iterative feedback from the other, we can converge
on a better hypothesis that is something neither system could have achieved in isolation. We refer to this
process as iterative refinement, and it is a technical cornerstone of this research.

2 Interative Refinement of Voice and Question Processing

Our Open-Domain Voice-Activated Question-Answering System uses first the ASR to generate a transcribed
question along with a lattice of words that are recognized with various probabilities. A special filtering
mechanism then uses both the question transcription and the word lattice to filter out words that cannot be
processed by a typical Q&A system due to syntactic, semantic or pragmatic inconsistencies. The result is a
word lattice of smaller dimensions, useful for generating an enhanced language model, employed by the ASR.



This language model is used to re-process the spoken question before presenting it to a high-performance
Q&A system capable of using lexical and semantic alternations of the question keywords when searching
for the answer. However, there are cases when none of the syntactic, semantic or pragmatic information
can improve the interpretation of the question because either all the words are incorrectly recognized or
the question was very short, asking about a single concept that is misunderstood. Allowing a follow-up
and engaging in a dialog with the user enables the system to negotiate the meaning of the question and
therefore provide with the expected answer. In this latter case, the transcription of the original question can
be recovered and the language model may be further enhanced to capture the missing linguistic information.
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Figure 2: Architecture of the Filtering component of a Voice-Activated Question/Answering System

Filtering for VAQA

The architecture of the filtering component of the Voice-Activated Question-Answering (VAQA) system is
illustrated in Figure 2. The transcribed question, generated by the ASR module has usually a multitude
of errors, either determined by the presence of words that were not in the vocabulary of the ASR or due
to the simple language model it encodes. The spoken question signal is processed before it is used by the
acoustic models that create the search space for the question words. Initially the language model from the
ASR is used to produce the question transcription as well as a lattice of words recognized with different
probabilities. Overall, the role of the filters is to significantly reduce the large number of outputs produced
by the word lattice search module. For example, for the TREC-8 question “Who was President Cleveland’s
wife?” out of 105 outputs in the word lattice, only 18 passed all the filters described below.

The filter illustrated in Figure 2 improves the speech-recognition probabilistic model by using information
acquired from several sources. First, dictionaries from the named entity recognizer included in the Q&A
system enhance the limited dictionaries currently used in ASR. Many paths that are currently unexplored
because of the lack of dictionaries become available when larger dictionaries are considered. Second, question
templates are useful for re-considering other possible alternatives rather than those selected. For example,
most TREC questions start with a question stem like What, Who or When. While this does not always
apply, it does indicate that the input from the user is more likely to start with a question stem. The
enhanced language model incorporates this form of knowledge. However, the new language model cannot
be trained entirely on the lattice, and the filtering component will retain only the sequences of words
from the lattice that comply with most of the syntactic, semantic and pragmatic requirements of general
question templates. For example, when considering the question “Who is President Cleveland’s wife?” many
incorrect alternatives like ”As President Cleveland wife” or "For as president Cleveland wife” are assigned



lower probabilities than those alternatives starting with a question stem, e.g. ”Who was President Cleveland
wife?”. To further reduce the word latice on which the enhance language model is trained, three additional
forms of filtering take place: (1) question processing filtering; (2) passage retrieval filtering; and (3) answer
processing filtering. The question filtering uses three forms of information: syntactic, semantic (answer-type
based) and pragmatic (pattern based). The syntactic filter is based on the information provided by the
probabilistic parser encoded employed by the Q&A system. Spurious alternatives like ”The was President
Cleveland wife” are easily rejected because the probability of a global parse is close to zero. The absence of
a verb is also detected by the syntactic filter. For example the questions ”Whose President Cleveland life?”,
?When President Cleveland life?” and ”What President Cleveland Zweig?” will are discarded at this level.
The semantic filter identifies questions whose question stem is not recognized successfully or does not match
the answer type. For example, the alternative "It was President Cleveland lawyer” for the question ”Who
is President Cleveland’s wife?” does not have a question stem, so it will be discarded. When the question
stem is recognized but it does not fit into the semantic class of the expected answers, the alternative is also
rejected. For instance, ”Who’s President Cleveland life?” is rejected because there is a mismatch between
the question stem ”Who” (expecting a person or an organization’s name as answer) and the question term
?life”. The pragmatic filter further checks the semantics of the question, restricting the set of alternative
questions to those that make sense semantically against a set of question patterns. The question "How far
is Yaroslavl from Moscow?” constitutes an example. Even if the city names are not recognized, question
patterns can identify that the first concept after the question stem should be a location, as long as the second
concept (Moscow) is identified as a location name.

3 Enhanced Language Model for Question Processing

Typically, a language model (LM) provides constraints on the sequence of words that are allowed to be
recognized. In particular, it provides a mechanism to estimate the probability of some word wy, in q word
sequence W given the surrounding words. Ideally, the LM integrates linguistic knowledge, domain knowledge
and pragmatic knowledge. For most ASR applications, none of these forms of knowledge are easy to identify,
therefore N-gram models are used indirectly to encode syntax, semantics and pragmatics by concentrating
on the local dependencies semantics and pragmatics by concentrating on the local dependencies between
words. However, our preliminary experiments have shown that N-grams are insufficient for the recognition
of question words.

Possible alternatives are long-range dependencies as reported in [Chelba and Jelinek 1998] or [Kupiek 1989),
cache dependencies described in [Kuhn and de Mori 1992], link dependencies as introduced in [Lafferty et al.1992)
and trigger models reported in [Lau et al.1992], class grammars as in [Jardino 1996] and decision-tree clus-
tered language models described in [Bahl et al.1989]. All these language models emphasize syntactic de-
pendencies whereas experiments in open-domain textual Q&A have shown that semantic and pragmatic
dependencies are more important. For example, given the question: “How far is Yaroslavl from Moscow?”
and its transcription recognized by our ASR: “AFFAIR IS YES LEVEL FROM MOSCOW?” it is obvious
that the correction of “AFFAIR” into “How far” may be obtained easier if a DISTANCE semantic class is
associated with the bigram [from LOCATION] where Moscow is identified as a LOCATION by a Named En-
tity tagger. The DISTANCE semantic class imposes the identification of the associated question stem “How
far”. This is more straight-forward than trying to compute long-distance dependency probabilities between
AFFAIR and MOSCOW. In this way, semantic information characteristic for question processing takes prece-
dence over syntactic information. Additionally, Yaroslavl cannot be recognized simply because it is not in
the vocabulary. However, a back-off model that uses lists of LOCATION-words from the text collection can
be used to approximate its recognition. The list of all possible names of locations collocating with Moscow
in the same paragraphs is a new form of pragmatic knowledge, readily available when retrieval systems built
for Q&A are used.

4 Interactive Question Answering

The ability to interact with the user in real-world systems that seek information from large collections
of texts is an important challenge because it is the only way of obtaining clarifications, confirmations or
additional information from the user. In IR for example, the interaction is enabled by a mechanism called
relevance feedback. Relevance feedback allows the users to review preliminary search results and indicate



which text fragments they find particularly relevant. The search query is subsequently modified to reflect
these preferences (usually by adding or re-weighting some keywords) and the search is repeated. We note
that relevance feedback is a form of dialog, albeit a very primitive one where the user has to make all the
moves: ask the question, assess results, indicate how to reformulate the query. Because the dialog is so
one-sided, the entire process is an inefficient trial-and-error mechanism. However, relevance feedback is a
powerful mechanism for obtaining high-precision and high-recall results in IR.

In Q&A the user expectations of accuracy and quality are understandably higher than in document retrieval,
thus there is little tolerance for answers that are off-target, let alone irrelevant. Furthermore, due to the
errors generated in the ASR, the meaning of the question might be completely lost. The solution is to allow
the system to obtain clarifications from the user, and import the additional information in the processing of
the question. The following dialog illustrates such a clarification example:

Q: Where did the ukulele originate?

ASR output: WHERE DID YOU GO A LEADER IN GENERATE?

A: Are you interested in a specific leader?.

Q’: No, I am interested in ukulele, the musical instrument

ASR output: NO I’'M INTERESTED IN LEADER IN THE MUSICAL IN SUMMER

A’: The ukulele, introduced from Portugal into the Hawaiian Islands about 1879, was first used
in Canadian schools in the Maritime provinces about 20 years ago to teach music.

When the initial question is processed, only the question stem, where was recognized correctly, identifying
the correct expected answer type as LOCATION. The focus of the question was not recognized correctly, as
it was believed that the question asks about some leader. At this point hopefully the system generates a
clarification question, thus allowing for mixed initiative. To respond to this question, the user might first
state No, indicating that the system did not comprehend the topic of the question, recognized by the head of
the first NP syntactically dependent on the question stem. Additionally, the user provides a categorization of
ukulele, defining it as a musical instrument. Fortunately, the keyword musical is recognized correctly, and it
can be used to retrieve the paragraph containing the correct answer, even if ukulele was still not recognized.
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