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ABSTRACT

This paper describes our attempt to combine the relative merits of
different indexing units (scales) and different retrieval models to
improve performance in Chinese spoken document retrieval. Our
study includes indexing units from three scales: words, character
bigrams and syllable bigrams. We also include two different re-
trieval models: the HMM-based model and the vector space model
(VSM). Our retrieval task is based on the TDT-2 Mandarin collec-
tion - news text is used to retrieve relevant Mandarin audio. We ex-
perimented with different scales and retrieval models. The HMM-
based model retrieves better at the word scale (mAP=0.566). For
the VSM, better performance is obtained at the character bigram
scale (mAP=0.562). We proceeded with a series of integration
experiments where the ranked retrieval lists from different runs
are combined by rank-based re-scoring. The best retrieval per-
formance (mAP=0.591) is achieved when we integrate the HMM-
word and VSM-character configurations. These results suggest
that retrieval based on different scales and different models capture
different kinds of knowledge, which can be integrated to improve
retrieval performance.

1. INTRODUCTION

Spoken document retrieval is an essential technology for access-
ing large archives of audio or audio-visual materials. Spoken doc-
ument retrieval enables users to search for personally relevant in-
formation from a diversity of multimedia information sources. A
popular approach towards spoken document retrieval is to apply
automatic speech recognition to the audio and then to perform in-
formation retrieval on the recognizer’s transcriptions. Much previ-
ous work has been conducted in efforts like TREC1 and TDT2.

Indexing units at different scales capture different kind of knowl-
edge. Common scales of indexing units for Chinese spoken doc-
ument retrieval include words and subwords, where subwords in-
clude both characters and syllables. While words are meaningful
and contain lexical knowledge, characters and syllables can pro-
vide full textual and phonological coverage for Chinese textual and
spoken documents. Therefore, retrieval at word scale gives better
precision while retrieval using characters and syllables are robust
to word segmentation and recognition errors.

Furthermore, different retrieval models have different strengths
and characteristics. For instance, HMM-based [1, 2, 3, 4, 5] re-
trieval models are formulated as finding the probability of gener-

1Text Retrieval Conference, http://trec.nist.gov
2Topic Detection and Tracking, http://www.itl.nist.gov/iad/894.01/tests/tdt

ating the given query by a document. This probability is estimated
using the statistics from document as well as the language in gen-
eral. The vector space model (VSM) [6] represent queries and
documents as vectors, the retrieval problem is formulated as find-
ing the similarity between the document and query vectors. In this
work, the cosine measure is used as the similarity measure.

Different indexing scales and different retrieval models cap-
ture different knowledge sources for retrieval. In this work, we
propose to use multi-scale and multi-model integration for Chi-
nese spoken document retrieval in order to improve retrieval per-
formance.

2. MULTI-SCALE INDEXING UNITS

Multi-scale retrieval refers to the use of words and subwords as
indexing units [7]. As mentioned above, the various scales of in-
dexing units can capture different kinds of linguistics information
as well as robustness to errors.

2.1. Words

The word unit contains lexical information that can help improve
precision during retrieval. The word unit is commonly used in
information retrieval systems for most European languages. How-
ever, there is no explicit word delimiter in Chinese, automatic word
segmentation is required to identify words from the character se-
quences. Much ambiguity exists in segmenting a sequence of Chi-
nese character into words. This ambiguity can affect retrieval per-
formance. In our retrieval task, the textual queries are segmented

This banquet will be held as usual

Tonight an event will be held as usual

If this banquet is held very often

Character sequence

Different meaningsDifferent segmentations

for words. While for the spoken documents, words are obtained
from the output of LVCSR and errors may be introduced during
recognition.

2.2. Subwords

Subword indexing units include the character and the syllable.
Usually, overlapping n-grams of these units are used. They can
improve the robustness of retrieval (to be explained later). Sub-
word bigrams are commonly used in Chinese information retrieval.
They can also capture certain degree of lexical information too. It



is because in the Chinese language, most of the words are two
characters in length.

Subword bigram can circumvent the errors due to ambiguity
in automatic word segmentation. For a given Chinese character
sequence with multiple segmentations (as illustrated above), re-
trieval using word units may result in reduction of performance. If
subword bigram is used, the retrieval will not be affected by this
ambiguity in segmentation.

In spoken document retrieval, subword bigram are also use-
ful because it is robust to errors due to recognition. For a given
4-character word{C1 C2 C3 C4}, supposed that a single error is
made and turnsC4 intoE4, the word will become{C1 C2 C3 E4}.
Therefore, matching at word level will fail. However, if overlap-
ping subword bigram is used, there are two correct bigrams pre-
served(C1C2, C2C3) to offer match for retrieval.

Moreover, every Chinese character is pronounced as a single
syllable. The mapping between Chinese characters and syllables
is many-to-many. There are also a large number of Chinese homo-
phones. These homophones can cause character confusions dur-
ing automatic transcription of the spoken documents by LVCSR.
Incorrect homophonic characters may be returned. By indexing
based on syllable scales, this problem can be circumvented.

3. RETRIEVAL MODELS

In this work, the HMM-based model and the VSM are used in
the retrieval experiments. Their configurations are given in the
following sections.

3.1. HMM-based model

For the HMM-based retrieval experiments, the HMM are augmented
by a general language model [1, 2, 3, 4, 5]. The equation for this
model is shown in Eq. (1).

p(Q|Di) =
Y

qj∈Q

[wdoc · p(qj |Di) + wglm · pglm(qj)] (1)

wherewdoc andwglm are the weights for the document model and
the general language model respectively; andpglm(qj) is the prob-
ability for the termqj generated by the general language model.

In this model, the probability estimates are obtained using
maximum likelihood estimation. The formula for the document
modelp(qj |Di) and general language modelpglm(qj) are shown
in Eq. (2) and (3) respectively.

p(qj |Di) =
Count(qj in Di)

Count(all terms in Di)
(2)

pglm(qj) =
Count(qj in collection)

Count(all terms in collection)
(3)

3.2. Vector space model

For the VSM experiments, the queries and documents are trans-
formed into vector representations by indexing.

−→q = [q1 q2 · · · qn] (4)
−→
d = [d1 d2 · · · dn] (5)

whereqi anddi are the weights for theith term andn is the di-
mension of the vector representations.

In this work, the term weighting equations for query and doc-
ument are defined as shown in Eq. (6) and (7) respectively.

qi = (log(TFqi) + 1) · log

�
N + 1

ni

�
(6)

di = log(TFdi) + 1 (7)

whereTF is the term frequency,N is the total number of docu-
ments in the collection andni is the number of documents con-
taining theith term.

When retrieval is performed, the document vectors are com-
pared to the query vector using the cosine similarity measure as
defined in Eq. (8).

Score
�−→q ,

−→
d
�

=
−→q · −→d

‖−→q ‖ · ‖−→d ‖
(8)

4. RANK-BASED INTEGRATION

Integration of multiple scales of units has been demonstrated to
be beneficial to retrieval performance [8, 9, 10, 11]. In [8], the
retrieval scores from different subword n-grams are integrated for
a monolingual English task. In [9], this integration is applied to a
cross-language English-Mandarin spoken document retrieval task.
In [11], similar approach was applied to a monolingual Mandarin
retrieval task.

Rank-based re-scoring is a simple and efficient integration ap-
proach. Ranked retrieval lists are integrated together as defined in
Eq. (9).

Score(Qi, Dj) =
1P

k∈K Rankk(Qi, Dj)
(9)

whereScore(Qi, Dj) is the integrated similarity score between
queryQi and documentDj ; K are the set of retrieval runs to be
integrated;Rankk(Qi, Dj) is the rank of documentDj from the
kth runs when retrieving with queryQi.

Rank-based integration is useful in many situations. While
score-based approach is popular [8, 9, 10, 11], rank-based integra-
tion has its own merit. In case the integration is among different re-
trieval engines, the dynamic ranges of the retrieval scores from the
engines may vary greatly. It would be difficult to choose appropri-
ate weighting for the compositional scores. Even worse, retrieval
scores are not always available from the retrieval engines. Rank-
based retrieval on the other hand offers an alternative to circumvent
these problems. In this work, we use rank-based integration to in-
tegrate ranked retrieval lists produced by different retrieval models
using different indexing scales.

5. EXPERIMENTAL CORPORA

In the Mandarin spoken document retrieval experiments, we used
the transcribed Mandarin news data in the TDT-2 collection ob-
tained from LDC.3 This includes Mandarin radio broadcast from
Voice of America. There are a total of 48 hours of audio from
2,265 stories. The data spans the period from March 1998 to June
1998.

The textual queries are Chinese articles from the TDT-2 col-
lection of the XinHua news articles. In the TDT-2 collection, both
the Chinese textual queries and the Mandarin broadcast news are

3Linguistic Data Consortium, http://www.ldc.upenn.edu.



annotated with relevance judgements based on 17 predefined top-
ics. For our experiments, we focus on the 15 topics that have more
than two relevant Mandarin audio documents per topic. For each
of these 15 topics, 3 textual news articles are randomly sampled
for use as our textual queries.

The Mandarin spoken document retrieval task involves a query-
by-example setup. News articles are used as queries for retrieving
relevant spoken documents. The task is identical to that in [9].
The textual news articles are first segmented into words. The seg-
mented words are also converted to syllable bigrams and character
bigrams. Retrieval experiments are then performed on these scales
separately.

For evaluation, the non-interpolated mean average precision
(mAP) is used as defined in Eq. (10).

mAPnon−int =
1

L

LX
i=1

8<: 1

M

MiX
j=1

8<: 1

Nj

NjX
k=1

precNQj (k)

9=;
9=;
(10)

wheremAPnon−int is the non-interpolated mean average preci-
sion,Nj is the total number of relevant documents for topicj, Mi

is the total number of queries in batchi, L is the total number of
batches of queries,precNQj (k) is the precision forQj whenk
retrieved documents are relevant.

6. RESULTS

6.1. Retrieval performance without integration

Retrieval with the HMM-based model at the word scale gave the
best performance (mAP=0.566). While the HMM-based model
fared better with words than subwords, the VSM preferred sub-
words to words in term of retrieval performance. The retrieval
results for these two models are shown in Table 1.

Word Char2 Syl2
HMM 0.566 0.559 0.556
VSM 0.539 0.562 0.562

Table 1. Retrieval performance for the HMM-based model and the
VSM using different scales of indexing units. Syl2 refer to syllable
bigrams and Char2 means character bigrams.

6.2. Multi-scale integration for individual retrieval models

For the multi-scale retrieval experiments, we have fixed the re-
trieval models and then multi-scale integration is applied to the
different indexing scales. By applying Eqn. (9) to these ranked
lists, the different indexing scales are integrated.

First, results from integration across different indexing scales
for the HMM-based model are shown in Figure 1. We observed
the trends based on our results:

1. The performance is improved by integrating the word scale
with the subword scales (syllable bigrams or character bi-
grams). The best performance improvement (mAP=0.578)
is obtained from integrating the word and character bigram
scales.

2. Integration between subword scales shows no observable
improvement in retrieval performance.

Figure 2 shows multi-scale integration results for the VSM.
The following observations are made:
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Fig. 1. Retrieval results for rank-based multi-scale integration us-
ing the HMM-based model.

1. Integrating the word and character bigram scales gave mi-
nor improvement in performance over the individual scales
(mAP=0.563).

2. When integrating syllable bigrams with other scales, there
is no improvement in performance.

Hence, multi-scale integration for the HMM-based model showed
similar performance trends as the VSM. Integrating the word and
character bigram gave the best performance for both models.
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Fig. 2. Retrieval results for rank-based multi-scale integration us-
ing the VSM.

6.3. Multi-scale and multi-model integration

VSM
Word Char2 Syl2 No inte-

gration

HMM-Word 0.563 0.591 0.580 0.566

HMM-Char2 0.565 0.565 0.560 0.559

HMM-Syl2 0.561 0.569 0.561 0.556
No integration 0.539 0.562 0.562

Table 2. Rank-based multi-scale multi-model integration between
HMM and VSM.

The multi-scale and multi-model retrieval results from inte-
grating HMM-based model with VSM are shown in Table 2. It
is observed from Table 2 that by integrating the ranked lists ob-
tained using words in HMM-based model with the list obtained
using character bigram in VSM, the best performance is achieved
(mAP=0.591). It corresponds to an improvement of 4.4% over the
best retrieval performance at the individual scales before integra-
tion.

From Table 2, it can also be seen that there are consistent per-
formance improvements by integrating the word scale with any
subword scale. By referring to Figure 1, the same observation is
also found for integrating among word and subword scale results
from HMM-based retrieval model. Moreover, it is also found that



the improvement obtained by integrating across models is greater
than that achieved from integration of different scales from the
same retrieval model.

7. DISCUSSIONS

The multi-scale integration results show that by integrating word
and subword scales (both within and across models), greater im-
provement can be achieved. This implies that these two indexing
scales are complementary. However, between the subword scales
of syllable bigrams and character bigrams, integration provides
less performance improvement.
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Fig. 3. Extraction of ranked retrieval list from a selected query
returned by retrieval at different scales using the VSM. Word
and subword scales demonstrate different behaviour at low recall.
While the two subwords scale (character bigram and syllable bi-
gram) show similar retrieval performance.

Figure 3 shows the ranked retrieval list for the three indexing
scales using the VSM: word, character bigram and syllable bigram.
From the ranked lists of character bigram and syllable bigram, it
can be seen that both scales have the relevant documents ranked
second. In fact, both runs placed the same irrelevant document
on the top of the lists. When we compare the ranked lists from
word scale to that from subword scales (character bigram or sylla-
ble bigram), it is found that relevant documents are ranked higher
in the list returned by word scale. These imply that both the char-
acter and the syllable scales demonstrate similar behaviour during
retrieval. On the other hand, retrieving at the word scale and the
subword scale demonstrate different performances.
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for retrieval using word in HMM-based model, character bigram
in VSM and the integrated results. The integrated results show
improvement in retrieval performance.

When multi-scale multi-model integration is applied, further
performance improvement is observed. The ranked lists for the
multi-model retrieval runs are shown in Figure 4. It can be seen
that by integrating the HMM-word and VSM-character configura-
tions, the re-scored retrieval list improves the document rankings.
This gain relies on the document rankings in the ranked lists of the

compositional runs. As illustrated in the figure, when documents
are ranked high by both models, they will preserve the high rank-
ings after the integration. In this example, the document ranked
first and second by the individual runs is boosted to be ranked first
after integration. Similar improvement in ranking is also observed
for the document ranked third in the integrated result. In general, if
relevant documents are ranked higher at low recall level, the over-
all average precision will improve. On the other hand, for those
documents determined irrelevant (low rankings) by both ranked
lists, they are also further suppressed. As a result, the overall effect
by integration is to amplify the mutual knowledge from different
sources.

8. CONCLUSIONS

We proposed the use of multi-scale and multi-model integration
for improving retrieval performance in Chinese spoken document
retrieval. Different knowledge sources from the multiple index-
ing scales and retrieval models can be leveraged to improve the
retrieval performance. The ranked retrieval lists from different ex-
perimental runs are integrated in a rank-based manner. Our ex-
periments show that by integrating different scales using different
retrieval models can improve the retrieval performance. The best
performance is obtained by integrating word scale results from
HMM-based model with character bigram scale results from VSM
(mAP=0.591).
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