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ABSTRACT
The choice of indexing features is critical to
the performance of a retrieval system. Prede-
fined, overlapping, fixed-length term sequences
arewidely used in many retrieval systems. How-
ever, predefined feature sets are often riddled
with meaningless and non-informative terms,
which unavoidably degrades retrieval perfor-
In this
paper we present a statistical approach to de-

mance, and explodes the feature set.

rive data-driven term segments as features. We
let the data to tell which features are important
and which are not. The results show that very
satisfactory performance can be achieved with
these data-driven indexing features while retain-
ing very compact feature set size. Thisapproach
also hasthe potential to identify domain-specific
terminologies or newly-generated phrases.

1. INTRODUCTION

With the exponential accumulation of multime-
diainformation over the Internet, large reposito-

ries of documents include some information in
speech form. Intelligent and efficient retrieval
techniques have been developed to provide the
users with easy access to all kinds of spoken
documents [1]. Despite these developments,
spoken document retrieval remains a very chal-

lenging research topic.

Retrieval systems construct representations
of documents and queries based onindexing fea-
tures. Word- and subword-based indexing fea-
tures have been explored extensively for spoken
document retrieval. Experiments have shown
that word-based features are more important
in English [2], while subword-based informa-
tion is highly discriminative for Chinese due to
the monosyllabic structure of the language[3,
4]. In Chinese language, words carry seman-
tically complete meaning, therefore, is suit-
able for indexing. However, important key-
words might not be included in the system lex-

icon, which is known as “Out-of-Vocabulary”



problem. Syllable-level (subword-based) in-
formation is more robust to recognition error.
The use of syllable-level indexing features lim-
its the size of vocabulary needed for retrieval,
but may bring more ambiguity. Character-level
(subword-based) features can cope with out-of-
vocabulary problem well ,but may be more sus-
ceptible to imperfections of lexicons and lan-
guage models during recognition stage.
Currently most indexing features adopted are
predefined fixed-length term segments. They
performed well at moderate length, but the to-
tal number of possible segments is huge, mak-
ing it difficult for real-world applications. This
iswhy in this paper we developed a data-driven
term segments as features. We verified this in-
dexing scheme on both syllable- and character-
level. It was found that the features derived in
this way are very often semantically meaning-
ful and therefore can capture moreintrinsic con-
cepts during retrieval. Very encouraging results

were obtained and reported.

2. EXPERIMENTAL CORPORA

We used two Topic Detection and Tracking
(TDT) collections for this work, TDT-2 as the
development set while TDT-3 as the evaluation
set. In both cases the Chinese news stories (in
text form) from XinhuaNews Agency were used

asqueries, and the Mandarin news stories (in au-

dio form) from Voice of America news broad-
cast as the spoken documents. All the experi-
mentsreported in this paper involvethe use of an
entire Chinese newswire story (text) as a query,
to retrieve relevant Chinese broadcast news sto-
ries (audio) in the document collection, or the
so-called query-by-example. The Chinese word
transcriptions were given by the Dragon large-
vocabulary continuous speech recognizer [5] for
Mandarin audio collections (TDT-2 and TDT-
3). We spot-checked afraction of the TDT-2 (46
hours) and the TDT-3 (76 hours), and obtained
word error rates of 35.38% and 36.97% respec-
tively [6].

3. RETRIEVAL MODELS

In the following, the two retrieval models used
in this paper are briefly reviewed.

3.1. Vector Space Model(VSM)

In this approach, every document D and query
Q isrepresented as a feature vector. Each com-
ponent in the vector, g(t) , is associated with the
statistics of a specific indexing term ¢,

) = (14 n(elt)) - In(p) @
where ¢(t) is the occurrence count of the term ¢
within the document D or query @ , and In( )
is the inverse document frequency (IDF). The
popular cosine measure is used to estimate the

guery-document relevance.



3.2. Hidden Markov Model(HM M)

Inthismodel, adocument D isranked according
to the probability that D isrelevant, conditioned
on the fact that the query @ is produced, which
can befurther transformed asin the following by

Bayes theoremG

P(Q|Dis R)P(D is R)
@)

PQ)

Because P(Q) is identical for all documents,

and it is difficult to estimate the probability of

P(D is R) , theremaining term P(Q|D is R)

is used to rank the documents [7]. The query @

P(Dis R|Q) =

istreated as a sequence of input observations (or
indexing terms), Q = ¢1¢2...¢, ...qn , While
each document D is modeled as a single-state
discrete HMM. We adopted the same HMM
structure as in the previous work [6] in this pa-
per, where the document-specific and genera
distributions of unigram and/or bigram proba
bilities were used. The weights for combin-
ing these probabilities were estimated using the
expectation-maximization (EM) agorithm. [6].

4. DRAWBACKSOF PREDEFINED
FIXED-LENGTH INDEXING FEATURES

Predefined fixed-length indexing features are
widely used in many retrieval systems. How-
ever, they have some defects. First, the dimen-
sion of feature space grows prohibitively large
even at small N, which often increase computa-
tion cost and/or total number of parameters to

be estimated. Second, many of such features are
meaningless and ambiguous. Third, the number
of N islimited below 3 considering computa
tion and storage cost, which makesit difficult to
capture longer context information. Fourth, such
features are often hard to follow rapid emerging
vocabulary. New words are easily generated ev-
eryday, and there exists many domain-specific
terminologies. Based on these observations, we
presented an precious indexing scheme that can
derive data-driven term sequences from corpus
statistics.

5. DATA-DRIVEN INDEXING
APPROACH

Since many predefined indexing features are
meaningless and ambiguous, why not let data
“tell” which indexing features are useful and
which are not? This is the basic idea behind
data-driven indexing approach. The measure we
used for feature selection is the geometrical av-
erage of the forward and backward bigram [8] of

adjacent terms (w;, w;)

FB(wi,w)) = \[Prlwjlw) Pwilr) (3

where
PWi =w; W = w;)
Prleslon) = =g S 4
P — . .
Pb(wz|wj) — (WtJrl w] 7Wt wl) (5)

P(Wi = Wj)



Predefined Data-Driven

(167281) (3800-5600)
VSM HMM VSM  HMM
TDT-2 TD | 0538 0.572 0.577 0.588
SD | 0518 0.531 0.531 0.567
TDT-3 TD | 0.668 0.656 0.662 0.677
SD | 0.652 0.643 0.651 0.651

Table 1. Retrieval results using syllable-level, both predefined and data-driven, indexing features

Predefined Data-Driven
(4.9 x 107) (14000-20000)
VSM  HMM VSM  HMM
TD | 0.549 0.584 0.582 0.616
TDT-2
SD | 0511 0.543 0.510 0.558
TDT.3 TD | 0.668 0.653 0.667 0.672
SD | 0.642 0.609 0.644 0.641

Table 2. Retrieval results using character-level, both predefined and data-driven, indexing features

For clarity, we take syllable-level as an ex-
ample. We started with a feature set consist-
ing of al single syllables only, and applied the
above measure iteratively to find all useful syl-
lable segments. In each iteration, the syllable
pairs scored above a threshold became a new
feature and al instances of these pairs in the
corpus were replaced by the new features. The
procedures above applies to character-level as
well. We empirically chose an optimal thresh-
old based on TDT-2 collection, and evaluated on
TDT-3 collection using this optimal threshold.

Both indexing schemes were explored with both
syllable- and character-level.

In this paper, the completely correct man-
ual transcriptions of the spoken documents (de-
noted as TD, text documents) were also used in
the retrieval experiments for reference, as com-
pared to the erroneous transcriptions obtained
from speech recognition (denoted as SD, spoken
documents). Two retrieval models, the vector
space model (VSM) and hidden Markov model
(HMM), were explored with both predefined and
data-driven indexing approaches.



Experimental results are listed in Tables 1
and 2 respectively. All retrieval resultswere pre-
sented in terms of non-inter polated average pre-
cision [1]. For syllable-level indexing features,
as shownin Table 1, the numbersin parentheses
indicate the size of lexicon (i.e. total number of
unigue indexing features) under each indexing
scheme. For the VSM model, predefined col-
umn use base syllable pairs (N=2) asfeatures. It
is clear that using the very compact data-driven
indexing features produced results at least com-
parable to those produced by predefined index-
ing features, but with much smaller size of lex-
icon (the size of lexicon of data-driven index-
ing scheme is only 3% of that of predefined in-
For the HMM model, data-
driven indexing approach also offers similar ad-

dexing scheme).

vantages. In this paper, we adopted the Uni+Bi*
as in previous work [6]. In fact, in dmost all
cases the data-driven features outperformed the
predefined features. For character-level index-
ing features, we use base character pairs (N=2)
as features for the VSM model. It can be found
in Table 2 that data-driven indexing features can
achieved equal performance as predefined in-
dexing features, but with much smaller lexicon
size. For the HMM model, data-driven features
are still superior to predefined features. Take the
first row of Table 2 as example, for the VSM
model, the size of the data-driven feature set is
only 20,705 (including character sequences with

length ranging from 1 to 4), whichisfar lessthan
that of predefined character pairs, on the order of
107, but giving better performance. Thisis quite

amazing.

It is interesting to mention that we found
many of the data-driven indexing features can be
directly transated to important keywords for re-
trieval including proper nouns, such as personal
names and organization names, or a part of such
keywords or proper nouns. This implies that
this automatic feature selection method can aso
detect newly generated phrases and domain-
specific terminologies. The data-driven index-
ing features include terms composed of three
to five single syllables/ characters. It is well
known that for Chinese words with three or
more syllables/characters, thereis almost a one-
to-one correspondence between the words and
the syllable/character segments [9]. Predefined
fixed-length indexing mechanism can capture
this kind of higher order information only by
increasing the length of segments, which un-
avoidably explodes the size of lexicon. There-
fore, the data-driven approach here can derive
information-abundant indexing features very ef-
ficiently while discarding non-informative fea-

tures.



6. CONCLUSIONS

In this paper, we present a statistical approach
to derive data-driven indexing features and com-
pare this mechanism to the widely-used prede-
fined indexing scheme. Experimental results
strongly supported the concept of this indexing
approach. Altogether, this data-driven index-
ing mechanism featured some advantages: First,
feature sets derived in this way are very com-
pact, thus reducing the load of computation and
storage. Second, documents/queries indexed
with data-driven feature sets can provide more
preci se representations, thus achieving better re-
trieval performance. Third, they can capture
longer distance of context information while re-
taining compact feature set. Fourth, their poten-
tial use lies in detecting newly-generated key-
words. Fifth, this statistical approach may fil-
ter out non-informative or meaningless index-
ing features. Further investigations are under

progress.
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