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ABSTRACT

Accessing information in multimedia databases encompgaase
wide range of applications in which spoken document redtiev
(SDR) plays an important role.
increasingly focused on the development of heuristic arab-pr
abilistic retrieval metrics that are suitable for retriegi spoken

documents. So far, many heuristic retrieval metrics, ehg. t

SMART-2 metric, have been proven to be more efficient than most Q := {qi,. ..

advanced statistical approaches to SDR. In this paper, op®pe a
new probabilistic approach that is based on interpolatimie/een
document representationsThis approach can be interpreted as
a sort of nearest neighbor concept between documents, vehere

query is treated as a document. Experiments performed on th

TREC-7 and TREC-8 SDR task show comparable or even better
results than the SART-2 metric.

1. INTRODUCTION

Retrieving information in large, unstructured databasesrie of
the most important tasks computers are used for today. Vifhile
the past, information retrieval focused on searching emittexts
only, the field of applications has since then extended tdimet

dia data, such as audio and video documents which are growing (t.d) {
git,a) =

every day in broadcast and media. A particular application i
the domain of information retrieval is the content basedeasc

2. BASELINE RETRIEVAL METRIC

The SWART-2 metric is an enhanced version of thew&RT
metric and was published in [1] the first time. Due to its good

In the recent past, research performance on text and SDR tasks, we utiliz&lART-2 as

baseline metric. In this section, we give a brief introdotto
the SWART-2 metric in order to introduce the terminology used in
this paper. LeD := {du,... ,dK} be a set ofK documents and

,qL} denote a set of queries. Then, documents and
gueries are given as sequences of index termg

dp € D
q € Q9

dip =tk1,..
q =t,..

)
)
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®The term frequencyi.e. the number of occurrences of an index

termt in a documentl;, is denoted by:

n(t,dy) = 6(t ;) ©)

According to [2], each index termof a documentl is associated
with a weightg(t, d) that depends on the ratio of the logarithm
of the term frequency.(t, d) to the logarithm of the average term
frequencyn(d)
[1+logn(t,d)]/[1+]logn(d)] ifted

0 ift ¢d

to audio data in which spoken document retrieval (SDR) plays with

an important role. SDR extends the techniques developeekin t
retrieval to audio documents containing speech. To thipqae,
the audio documents are automatically transcribed by acbpee
recognizer and the resulting transcriptions are indexedstored

in large databases, thus constituting the files for rettjegavhich

a user may address a request in natural language. Howewee, si
speech recognizers are error prone, SDR requires retmnestlcs
that are robust towards recognition errors. In the pastqdistic
approaches often turned out to be less effective than teeiistic
counterparts, although they are usually better motivateerims of

a mathematically well-founded theory. In this paper, weppse a
new statistical approach to SDR that is based on an interpola
betweerdocument representationExperiments performed on the
TREC-7 and TREC-8 SDR task show comparable or even better
results than the (heuristic)M3\RT-2 retrieval metric. In Section 2
we give a brief introduction to the MSART-2 metric. Section 3

is about the new statistical approach. Section 4 preserts th
datasets used for the experiments and gives detailedsesiitie
experiments conducted. We conclude the paper with a sumimary
Section 5.

ZteT n(t,d)

log0:=0 and 7m(d):= T

ZtET:O<n(t,d)

(4)

The logarithms in Eq. (4) prevent documents with high term
frequencies from dominating those with low term frequescie
In order to obtain the final term weights(, d) is divided by a
linear combination between a pivot elemerand the number of
singletonsn, (d) in documentd:

. g(t,d)
w(t,d) = (1—/\)C+/\n1(d) (5)
with A = 0.2 and
1 X
c:= EZm(dk) and ni(d) := Z 1 ©)
=1 teT:n(t,d)=1

Unlike document terms, query terms are weighted withitlrerse
document frequenawf ()

w(t,q) = [1 + log n(t, q)} - idf(¢) @)



Here, idf(t) is defined by
idf() := log {%J ®)

The SVART-2 retrieval function is defined as the product over the
document and query specific index term weights:

f(qad) Zw(tvq) 'w(tvd)
teT

Note that due to the floor operation in Eq. (8) a term weight wil
be zero if it occurs in more than half of the documents.

9)

3. ANEW STATISTICAL APPROACH TO SPOKEN
DOCUMENT RETRIEVAL

Even though many probabilistic retrieval metrics (e.g., [Bl])

are able to outperform basic retrieval metrics as for exantipé
term-frequency/inverse-document-frequergtfyidf) metric, they
usually do not achieve the effectiveness of advanced hieuris
retrieval metrics such asM®\RT-2 or OKAPI [5]. In particular

for SDR tasks, probabilistic metrics often turned out to éssl
robust towards recognition errors than their heuristicntetparts.

To compensate for this shortcoming, we propose a new stafist
approach to information retrieval that is based on document
similarities [6].

3.1. Probabilistic Retrieval Using Document Representations

A fundamental difficulty in statistical approaches to imf@tion
retrieval is the fact that typically a rare term is well sditéo
filter out a document. On the other hand, a reliable estimatio
of distribution parameters requires that the underlyingnes,
i.e. index terms are observed as frequently as possiblaefdre,

it is necessary to properly smooth the distributions. In our
case, document specific term probabilitjgg | d) are smoothed
with term probabilities of documents that are similardo The
similarity measure is based a@locument representatiomnghich in
the simplest case are document specific histograms of thexind
terms. The starting point of our approach is the joint prolitgb
p(q, d) of a queryg and a document:

lq]

p(a;d) = [Trladla™) (10)

lq]

Hp(qia d)

i=1

= 11)
The conditional probabilitieg(g:,d|qi™") in Eg. (10) are as-
sumed to be independent of the predecessor tgffrls Document
representations are now introduced via a hidden variable

lq]

pla.d) =TT > plaid.r) (12)
la]
=TI plai ) -pld|r) - p(r) (13)
lal |d|
=TI wlacln) - T et Indi ) o) (14)
lal l\d\
=TI vlaln)-[TpdiIr)-p(r) (15)

Here, two model assumptions have been made: first the condi-
tional probabilitiesp(q|d,r) are assumed to be independent of
d (cf. EQ.(13)) and secondly(d; | r, d-{*l) shall not depend on
the predecessor termﬁ*1 (cf. Eq.(15)). Finally, it remains to
specify models for the document representations R as well

as the distributiong (¢ | r), pa(t|r), andp(r). Since we want

to distinguish between the event that a query terim predicted

by a representation and the event that the term to be predicted is
part of a documenty, (¢ | ) andpq(t | ) are modeled differently.

In our approach we identify the set of document representati

R with the histograms over the index terms of the document
collectionD:

n (t) = n(t, d) () = |d] (16)
n(t) =Y n(t,d) n()=>"|d| (17)
deD deD

Thus, we can define the following interpolations:

1w O )
palt]r) = (=) S5 e s (19)

M o=(1_p). = 5 )
paltlr):=(1=9)- T8+ 505 (19)

Since we do not make any assumptions about the a-prioriaetey
of a document representation, we set up a uniform distobuti
for p(r). Note that Eg. (19) is an interpolation between the
relative countsu, (t)/n.(-) andn(t)/n(-). Instead of interpolat-
ing between the relative frequencies as in Eq. (19), we csm al
interpolate between the absolute frequencies:

(1=8) -n(t) + B-n(t)
(1=8) () + B-n()

Both interpolation variants will be considered in the feliag
section.

pa(t|r) = (20)

4. TASKSAND EXPERIMENTAL RESULTS

Experiments were performed on th&&c-7 and the REC-8 SDR
task. The REC-7 task comprises 2866 spoken documents and 23
test queries. The AEC-8 task comprises 21745 spoken documents
and 27 test queries. Table 1 summarizes some corpus statisti
All speech recognition outputs were produced using the RWTH
large vocabulary continuous speech recognizer (LVCSR) T¢f

for the TREC-7 corpus and the Byblos “Rough 'N Ready” [8]
and Dragon LVCSR system [9], respectively, for theelc-8 SDR
corpus. Due to the small number of test queries for bothewti
tasks, we made use of a leaving-one-out (L-1-O) approach [10
p. 220] in order to estimate the interpolation parameteend 3.
Additionally, we carried out a cheating experiment by ating

the parameters: and 8 to maximize the MAP on the complete
set of test queries. This yields an optimistically upper rmbof

Table 1. Corpus statistics for th& REC-7 and theT REC-8 spoken
document retrieval task.

TREC-7 TREC-8
all rel. | irr. all rel. irr.
# documents || 2866| 348 | 2518|21745 1679 20066
# queries 23| — — 27 — —
avg. doc. length} 267.4{ 580.1| 265.5 169.6| 283.9| 169.4
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Fig. 1. Mean average precision (MAP) as a function of the

interpolation parametex with fixed 3 = 0.300 on the reference
transcriptions of the Rec-7 spoken document retrieval tasks.

the possible retrieval effectiveness. All experimentsdtared are
based on the document representations according to Eqaitb)
Eq. (17), i.e. each document is smoothed with all other dasum
in the database.

In a first experiment, the interpolation parameterwas
estimated. Fig. 1 shows the MAP as a function of the intetola
parametern with fixed 8 on the reference transcriptions of the
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Fig. 22 Mean average precision (MAP) as a function of the
interpolation parametef according to Eq. (19) (left plot) and
Eqg. (20) (right plot) with fixedaw = 0.875 on the reference
transcriptions of the RECG-7 spoken document retrieval task.

However, since the interpolation according to Eq. (19) rtines
risk of becoming numerically unstable (especially for véayge
document collections), we investigated an alternative athro
ing scheme that interpolates between absolute countsathsie
relative counts (cf. Eq. (20)). Fig. 2 depicts the MAP as a

TREG-7 corpus. Using the L-1-0 estimation scheme, the best value fynction of the interpolation parametg for both interpolation

for a was found to be).742 which has to be compared with

a globally optimal value 00.875, i.e. the cheating experiment
without L-1-O. The interpolation paramet8rwas adjusted in a
similar way. Using the interpolation scheme according to(&8§),

the retrieval effectiveness on both tasks is maximum fonesilof

B that are very close to 1. This effect is caused by singletons,
i.e. index terms that occur once only in the whole document
collection. Since the magnitude of the ratio of both denaturs

in Eq. (19) is approximately

ne()

n()
the optimal value fog3 should be found in the range of— 1/D,
assuming that singletons are the most important featuresdier
to filter out a relevant document. In fact, usifg= 1 — 1/D
exactly meets the optimal value 09965 on the TREC-7 corpus
and0.99995 on the TREC-8 retrieval task.

1

~D

Table 2. Comparison of retrieval effectiveness measured in terms approach PROB).

methods on the reference transcriptions of tlReT-7 SDR task.
Since the interpolation scheme according to Eq. (20) prdeed
be numerically stable and achieved slightly better resititwas
used for all further experiments. Table 2 shows the obtained
retrieval effectiveness for the new probabilistic apploan the
TREC-7 SDR task. Using L-1-O, the retrieval performance of the
new proposed method lies within the magnitude of thea8T-2
metric, i.e. we obtained a MAP df.8% on manually transcribed
data, which must be compared with 46.6% using theaST-2
retrieval metric. Using automatically generated transawns we
achieved a MAP 0£0.4% which is quite close to the performance
of the SMART-2 metric. Fig. 3 shows the recall-precision graphs
for both MART-2 and the new probabilistic approach.

Table 3. Comparison of retrieval effectiveness measured in terms
of mean average precision (MAP) on fhReC-8 spoken document
retrieval task for theSMART-2 metric and the new probabilistic
Interpolation was performed according to

of mean average precision (MAP) on fheec-7 spoken document  Eq. (20).
retrieval task for theSMART-2 metric and the new probabilis- | TREG-8 metric | o [ B | MAP[Y%] |
tic approachPrROB. Interpolation was performed according to SMART-2 — — 29.6
Eq. (20). . text Pros | cheating™ | 0.950 | 0.650 52.7
| TREG-7 metric | a | B [ MAP[] | [-1-0 0.947| 0646 || 51.3
SMART-2 — — 46.6 SMART-2 — — 43.1
text “cheating” | 0.875 | 0.300 47.3 speech “cheating” | 0.875 | 0.300 47.3
PROB 15 0.742| 0270 458 (Byblos) | PROB =75 0.801] 0.287| 444
SMART-2 — — 42.0 SMART-2 — — 42.1
speech “cheating” | 0.825 | 0.300 42.0 speech “cheating” | 0.875| 0.300 45.6
(RWTH) | PROB (g 0.607 | 0.257| 404 (Bragon) | PROB |75 0.875] 0307 441
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Fig. 3. Interpolated recall-precision graphs for thea&RT-2

metric and the new probabilistic approach determined orh bot
the manually transcribed documents (text) and the autcaibti
generated transcriptions (speech) of theeT-7 spoken document
retrieval task.

The same applies to the results obtained on thke 8 SDR
task. Here, the new probabilistic approach even outpeddrm
the SVART-2 retrieval metric. Thus, we obtained a MAP of
51.3% on the manually transcribed data in comparison with
49.6% for the SMART-2 metric. This improvement ovemB\RT-2
is also obtained on recognized transcriptions even tholgh t
improvement is smaller. Thus, we achieved a MAP4df4%
on the automatically generated transcriptions produceti thie
Byblos speech recognizer, which is an improvementofrelative
compared to the BART-2 metric, and44.1% MAP using the
Dragon speech recognition outputs, which is an improveroént
5% relative. Fig. 4 shows the recall-precision graphs fo®&T-2
and the probabilistic approach.

5. CONCLUSION

In this paper, we presented a new probabilistic approachdken
document retrieval that is based on interpolations betwaen
document specific term histogram and a global term histogram
that is pooled over all documents. To this purpose, the set of

documents was mapped onto a set of document representations

These document representations were identified with dootime
specific histograms and can be interpreted as a kind of rteares

neighbor concept. Two smoothing schemes were discussed and

investigated. Experiments performed on theEE-7 and the
TREC-8 spoken document retrieval task showed comparable or
even better results for the new probabilistic approach than
enhanced version of theM3RT-2 retrieval metric. In addition,
the new probabilistic approach turned out to be robust tdge/ar
recognition errors.
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