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A b s t r a c t  

We present an information retrieval system that simul- 
taneously allows to search for text and speech docu- 
ments. The retrieval system accepts vague queries and 
performs a best-match search to find those documents 
that  are relevant to the query. The output  of the re- 
trieval system is a list of ranked documents where the  
documents on the top of the list satisfy best the user's 
information need. The relevance of the documents is 
estimated by means of metadata  (document descrip- 
tion vectors). The metada ta  is automatically gener- 
ated and it is organized such that  queries can be pro- 
cessed efficiently. We introduce a controlled indexing 
vocabulary for both speech and text documents. The 
size of the new indexing vocabulary is small (1000 fea- 
tures) compared with the sizes of indexing vocabular- 
ies of conventional text retrieval (10000 - 100000 fea- 
tures). We show that  the retrieval effectiveness based 
on such a small indexing vocabulary is similar to the 
retrieval effectiveness of a Boolean retrieval system. 

1 I n t r o d u c t i o n  

We present a multimedia retrieval system that per- 
forms content-based retrieval from a document collec- 
tion consisting of both text and speech documents. 
Whereas content-based retrieval is the retrieval strat- 
egy for many text retrieval systems, the idea of apply- 
ing it to speech documents is very new [1], [5]. Our 
retrieval system accepts vague queries and adopts the 
best-match retrievalparadigm. A vague query asks for 
information about a given topic or a combination of 
topics. An example of a vague query may be "I am 
interested in documents about  peace negotiations in 
the Far East". If the best-match retrieval paradigm 
is applied the documents are presented to the user in 
decreasing order of the degree by which they satisfy 
the search criteria. 

The reason for using the best-match retrieval 
paradigm in our multimedia retrieval system is three- 

fold. First, it can be shown mathematical ly that  such 
a best-match retrieval approach maximizes the prob- 
ability that a user finds the desired information [9]. 
Second, text retrieval systems having adopted a best- 
match retrieval strategy have achieved a high retrieval 
effectiveness in many retrieval experiments [6], [18]. 
Third, exact-match retrieval of non-textual objects is 
inappropriate because of recognition errors as shown 
in the following. 

Database management systems traditionally sup- 
port exact-match retrieval which is perfect for cases 
where, for instance, we want to retrieve the employees 
whose salaries are greater than a given threshold. In 
multimedia database management  systems an exact- 
match retrieval may not be feasible because words can- 
not be identified uniquely in speech documents. Simi- 
larly, objects in images are not recognized perfectly 
as well. In the following, we will discuss in more 
detail why a perfect recognition of words in speech 
documents is not possible with state-of-the-art speech 
recognition technology. We will not discuss the recog- 
nition of objects in images since it is not relevant to 
this paper. 

A speech document consisting of a sequence of con- 
tinuously spoken words is a digitized waveform. The 
waveform is influenced by the gender of the speaker, 
its pitch, the loudness of speech, and the prosody. 
Current signal processing technology tries to extract 
features of the speech signal that  are independent of 
the aforementioned influences. These features are en- 
coded into coefficient vectors that  are derived from 
equidistant intervals. Of course, not all of the influ- 
ences mentioned above can be eliminated by the signal 
processing stage. 

The word modelling stage identifies sequences of 
coefficient vectors as a single word. Words are pre- 
dominantly modelled by hidden Markov models [7]. 
Hidden Markov models are stochastic models whose 
parameters are trained by means of special training 
algorithms. In addition, there exist well-evaluated 
recognition algorithms for both recognizing isolated 
words and continuous speech. The recognition algo- 
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r i thms return a probabil i ty for each detected isolated 
word and for a recognized sequence of continuously 
spoken words. 

Extensions of these algori thms (wordspotting algo- 
r i thms [10], [11], [19]) allow to compute the probabil- 
ity that  a given word is spoken at a given position 
in a speech document .  Current  wordspotting algo- 
r i thms only return positions where the probability is 
above a given threshold. If we a t t empt  to search for 
all speech documents  where a given word is spoken at 
least once, we will select all those documents where 
the wordspotter  has detected at least one occurrence 
of the given word. We will add the probabilities of 
detection of each identified word in the same speech 
document  resulting in a global probabili ty of detection 
for each document .  We then rank the documents in 
decreasing order of these global probabilities. Hence, 
the bes t -match  retrieval paradigm is also important  
for mul t imedia  databases  because current speech and 
image recognition systems are not able to recognize 
words and images perfectly. 

In what  follows, we outline the retrieval method 
we are using in our text and speech retrieval system. 
The m e t a d a t a  consists of description vectors where for 
every document  dj there exists a corresponding docu- 

ment  description vector 4 "  A component  of the doc- 
ument  description vector represents the weight for a 
particular indexing feature. In the case of conventional 
text retrieval, the indexing features are the terms used 
to describe the content of a document.  In our case, the 
indexing features consist of subword units as described 
in the next section. The generation of lnetadata  is 
called the indexing method. 

When a user submits  a query q to the retrieval sys- 
tem, tile query description vector ( i s  computed in the 
first step. The query description vectors are most of- 
ten derived from queries in the same way as the docu- 
ment  description vectors are derived from documents. 
To est imate the relevance of a document with respect 
to the query, a retrieval function p is applied to the 
document  description vector as well as to the query de- 
scription vector. The  output  of the retrieval function 
is called retrieval status value, RSV(q, dj) = p(~, 4)" 
A retrieval function which was shown to perform well 
in many  cases is the cosine measure [8]: 

:= 0 %  

The RSV is high if the angle between the document 
description vector and the query description vector is 
small and the RSV is low if the angle between the 
two vectors is large. A small angle between the doc- 
ument  description vector and the query description 

vector means that  the document  and the query have 
a lot of indexing features in common.  The  retrieval 
system presents a list of ranked documents  to the user 
in accordance with the probabil i ty ranking principle 
as mentioned above. 

The main contribution of this paper  is the descrip- 
tion of the me t ada t a  specifically designed for speech 
documents. We will show tha t  the presented type of 
me tada t a  can also be used for texts such tha t  the pro- 
posed mult imedia  retrieval system is capable to simul- 
taneously retrieve text  and speech documents.  

The paper is structured as follows. In Section 2, we 
present the me t ada t a  for speech documents.  In Sec- 
tion 3, we elaborate on the m e t a d a t a  organization and 
the processing of queries. In Section 4, we assess the 
performance of the m e t a d a t a  used in the retrieval sys- 
tem. Finally, we draw some conclusions in Section 5. 

2 G e n e r a t i n g  M e t a d a t a  f o r  S p e e c h  

D o c u m e n t s  

In this section, we show how m e t a d a t a  for speech doc- 
uments is created. We will show tha t  the me tada t a  
for speech documents  are document  description vec- 
tors similar to the m e t a d a t a  generated for texts. This 
form of me tada ta  has the advantage tha t  a retrieval 
function of conventional text retrieval can be applied 
and is expected to perform well. However, we defined 
a new indexing vocabulary that. is suited to describe a 
collection of speech documents.  We will see later that  
the same indexing vocabulary is also appropriate  to 
index texts. 

Indexing vocabularies of conventional text retrieval 
are not appropriate  for the description of speech doc- 
uments.  Indexing vocabularies to describe texts are 
usually derived from the documents  in a given collec- 
tion during the process of generating the metadata ,  
i.e., the indexing terms and the effective number  of 
indexing features are not known in advance. If we are 
to describe speech documents,  a speech recognition 
component  is used to detect occurrences of indexing 
features in the speech documents.  In this case, the 
indexing vocabulary must  be controlled, i.e., the in- 
dexing features are fixed, since the speech recognition 
component  requires speech models prepared for each 
indexing feature. The  preparat ion of speech models is 
expensive since sufficient training da ta  for each speech 
model is needed. The number  of detected occurrences 
of each indexing features in a speech documents  is a 
major  parameter  in the computa t ion  of the me tada t a  
of the speech document.  

Both the speech recognition component  and the re- 
trieval process impose restrictions on the selection of 
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appropr ia te  indexing features. We formulated the re- 
quirements for an indexing vocabulary for speech doc- 
uments as follows: 

• The indexing vocabulary must be small, since the 
(manual)  preparat ion of training data  is expen- 
sive. 

• The document  frequency df(~oi) of an indexing 
feature ~ol, i.e., the number of documents in which 
~Pi occurs, must  be below an upper bound dfma,~. 
A feature with a very high document frequency 
occurs in a lmost  all the documents and it is there- 
fore less likely to be a suitable indexing feature. 

• At the same time, the document frequency df(~oi) 
of an indexing feature Ti must be above a lower 
bound dfmin in order to ensure that  there exists 
sufficiently many  training samples. 

Among the possible candidates for indexing fea- 
tures there are phonemes, biphones, words and 
phrases. Words seem to be too large a unit since 
the resulting vocabulary size would be too large. 
Phonemes,  however, are too small. They occur too 
frequently in all the speech documents, hance they 
are not a good unit for indexing. Thus, good index- 
ing features seem to lie between words and phonemes. 
We selected three special types of subword units to 
be used as indexing features: VCV-, CV-, and VC- 
features. The  letter V stands for a max imum sequence 
of vowels and C for a max imum sequence of consonants 
within the same word. CV-features and VC-features 
occur at the boundaries of a word. A CV-feature only 
occurs at the beginning of a. word that  starts with a 
consonant whereas a VC-feature only occurs at the 
end of a word that  ends with a consonant. 

Our choice of indexing features was motivated by 
Teufel 's work on tr igrams [16]. Since vowels and con- 
sonants are defined for text and speech, the presented 
features can be detected in both media types. For ex- 
ample,  all possible VCV-, CV-, and VC-features of the 
written word I N T E R N A T I O N A L  are INTE, ERNA, 
ATIO, IONA, and AL. The features of the spoken 
word I N T E R N A T I O N A L  are the speech units corre- 
sponding to INTE,  ERNA, ATIO, IONA, and AL. 

In the following, we present an algorithm to com- 
pute an indexing vocabulary for a particular domain: 

• I N P U T  

1. speech documents (i.e., audio recordings) 

2. text documents  of the same domain 

• O U T P U T  

1. 1000 VCV-, CV-, and VC-features for index- 
ing 

2. pronunciations of these features to train the 
speech models 

* A L G O R I T H M  

1. Parse the text  documents  to determine all 
VCV-, CV- and VC-features occurring in the 
texts. 

2. Determine the indexing vocabulary by se- 
lecting those 1000 VCV-, CV-, and VC- 
features ~i with document  frequencies 
df(~pi) between dfmin and dfma~ and with 
a small probabil i ty of being confused with 
any other of the selected features. Pairs of 
VCV-, CV, or CV-features are likely to be 
confused if they are similarly pronounced. 

3. Extract  different pronunciations of each in- 
dexing features from the speech documents 
by segmenting manual ly the speech docu- 
ments. 

As soon as an indexing vocabulary for speech docu- 
ments has been defined and as soon as the speech mod- 
els for each indexing feature are trained, the speech 
recognition component  can s tar t  by detecting occur- 
rences of each indexing feature in the speech docu- 
ments. The number  of identified occurrences of each 
indexing feature ~i in a speech document  dj is called 
the feature frequency f f ( T i , d j ) .  The document  de- 
scription vector 

~" = (ao,j , . . . ,  am-a,j) 

consists of m weights ai,j where m denotes the number 
of indexing features. Each component  of the me tada t a  
dj represents a weight ai,j for the indexing feature 
~oi. The weight for an indexing feature should be high 
if the feature characterizes the document  well and it 
should be low if the feature is not impor tan t  for that  
document.  A weighting scheme fulfilling this require- 
ment  is the following [13]. 

ai,j = f f ( ~ i ,  dj) * idf(~i) 

The inverse document  frequency idf(~Pi) of an in- 
dexing feature ~i is an est imate of the specificity of a 
feature. The inverse document  frequency is high if the 
feature occurs in a small number  of documents and it 
is low if the feature is contained in almost all the doc- 
uments. The inverse document  frequency is  defined 
by: 

ia/(~,i) := log a/(~,i)  + 1 
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where n denotes the number of documents in the col- 
lection. The document frequency df(Ti) is the number 
of documents containing ~i. It is formally defined as 

df(~oi) := I{dj E Dlf f (~i ,d j )  > 0}1 

where the symbol D denotes the set of all documents. 
As mentioned above, the indexing features can be 

identified in both text and speech documents. Occur- 
rences of VCV-, VC-, and CV-features are identified 
in texts by means of simple pattern matching. Thus, 
the s a m e  type of description vector is generated for 
documents of both media types. As a consequence, 
the retrieval system can simultaneously retrieve text 
and speech documents. 

To summarize, the lnetadata for a collection of text 
and speech documents is generated as follows. First 
of all, an indexing vocabulary has to be computed ac- 
cording to the algorithm presented above. Secondly, 
we train the speech models for each indexing feature. 
Then, the speech recognition component detects oc- 
currences of all the indexing features in the speech doc- 
uments and computes the resulting feature frequen- 
cies. In case of text documents, the frequencies of in- 
dexing features in documents are easily determined by 
parsing the texts. Finally, we generate a document de- 
scription vector for each document. The components 
of the document description vectors are computed ac- 
cording to a conventional weighting scheme. 

3 M e t a d a t a  O r g a n i z a t i o n  a n d  Q u e r y  

P r o c e s s i n g  

The problem of evaluating best-match queries is the 
following. Given are the query description vector (, 
the document descriptions d 0 , . . . , d n - 1 ,  the retrieval 
function p, and a number k, find those k documents dj 
having the highest function values P(q', ~ ) .  Because 
the response time should be less than one second, a 
naive comparison of the query description with every 
document description is inadequate when the docu- 
ment collection contains a few thousand documents 
or more. The standard approach to the evaluation of 
best-match queries takes advantage of 

1. the fact that  most documents have no indexing 
features in common with any query, 

2. the fact tha t  the retrieval status value RSV(q, dj) 
is minimum if the query q and the document dj do 
not have any indexing features in common, and 

3. possibly certain stopping conditions considering 
the maximum similarity that the query can have 
with documents not yet examined [2]. 

In the simplest form, the metadata  is organized a.s 
an inverted file, i.e., as an array of lists of postings. 
The i ¢h entry in such an array corresponds to the in- 
dexing feature Ti and this entry contains the following 
list of postings. 

((j, aij) l ai,j V£ 0} 

Given such an inverted file, the query processing looks 
as follows. 

F0E EACH query feature ~oi DO 
lookup the corresponding list of postings; 
FOR, EACH posting (j, aij) in this list DO 

increment RSV(q, dj) by alibi; 
END; 

END; 
/_ ~T ~ 

divide positive RSV(q, dj)'s by ~/(r(.dj dj; 
sort the RSV's and return the top k documents; 

Conventional database systems do not support  well 
the represention of the posting lists because they as- 
sume that  the accesses are equally distributed which is 
absolutely not the case. In [3], a sophisticated buffer- 
ing scheme is proposed which takes into account the 
access distribution. 

In the case of frequent updates, inverted lists are 
usually inadequate because the search for postings in 
long lists is t ime consuming. For this case, an alterna- 
tive access structure is proposed which is based on sig- 
natures and non-inverted document descriptions [8]. 
In [17], an approach is presented for the special case 
where updates mainly consist of insertions and not of 
modifications nor deletions. Considering this variety 
of different access structures, it seems that  extensi- 
ble systems wilt play an important  role in supporting 
best-match retrieval [12]. See also descriptions of the 
"document  blade" of the commercial product Illustra 
which is based on the Berkeley University Postgres 
DBMS. 

4 R e t r i e v a l  E f f e c t i v e n e s s  A f f e c t e d  b y  

R e c o g n i t i o n  E r r o r s  

In Section 2, we presented how the metada ta  for 
speech documents is generated. However, the com- 
putation of the metadata  is error-prone since the fea- 
ture frequencies computed by the speech recognition 
component are not likely to be correct. The speech 
recognition component may not detect an indexing 
feature or it may locate one at a position Where it 
is not present. These two types of error are called 
misses and false alarms. In this section, we show how 
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much an error-prone recognition of indexing features 
affects the retrieval effectiveness, i.e., the performance 
of the me t ada t a  for retrieving both text and speech 
documents.  

Before we computed the effectiveness for retrieving 
speech documents  we were interested in the retrieval 
accuracy in the searching for texts. This case is equiv- 
alent to the retrieval of speech documents where the 
indexing features are recognized perfectly. In [5], we 
were able to show that  the retrieval effectiveness of 
the retrieval method for texts is comparable to a con- 
ventional retrieval method even though an extremely 
small indexing vocabulary is used. 

The retrieval effectiveness of retrieving speech doc- 
uments  is computed as follows. We sinmlated the pro- 
cess of generating me tada t a  for speech documents on 
s tandard information retrieval text collections. The 
simulations were carried out on the CRANFIELD col- 
lection. We computed an indexing vocabulary accord- 
ing to the algorithm presented in Section 2. We in- 
corporated two types of recognition errors into the 
simulations: misses and false alarms. A more com- 
plete description of the simulation of recognition er- 
rors can be found in [14]. The retrieval effectiveness 
is measured in terms of the mean precision [13]. In 
Table 1, we present the mean precisions for differ- 
ent detection rates and false alarms per keyword per 
hour ( f a /kw/hr )  achieved on the CRANFIELD text 
collection. The detection rate represents the percent- 
age of correctly recognized indexing features whereas 
the number  of false alarms per keyword per hour is 
self-explanatory. 

The results show that  a 80% or 90% detection rate 
in the absence of false alarms has only small effects 
on the retrieval effectiveness. This is in accordance 
with results achieved on OCR output  [15]. With a 
growing number  of false alarms per keyword per hour 
the retrieval effectiveness decreases significantly. How- 
ever, at an operating point of 50% detection rate and 
110 f a / k w / h r  we achieve a retrieval effectiveness of 
boolean retrieval [4]. This is not a very exciting re- 
trieval effectiveness but it is one where users still find 
useful information. 

Current  speech recognition technology is far from 
identifying speech units as small as the proposed in- 
dexing features reliably. As a result, the computed 
(noisy) feature frequencies differ largely from the cor- 
rect feature frequencies. The question arises whether 
it is possible to correct the noisy feature frequen- 
cies such that  a better retrieval effectiveness can be 
achieved. Based on the observation that  the false 
alarms are more or less equally distributed over all the 
documents,  we developed an analytical model to com- 
pute the expected noisy feature frequency of a feature 

in a document  given tile correct feature frequency, tile 
detection rate and the false alarms per keyword per 
hour. In a first step, we calculate the probabil i ty that  
the noisy feature frequency noisy_ffij  of a feature ~oi 
in the document  dj equals z given that  f f i j  is the 
correct feature frequency: 

P(noisy_f f i j  = z l f f i  j) = (1) 

x l  

A(dr, f f i j ,  x )A( f r ,  lj - f f i j ,  max(O, z - x)) 
xO 

where 

x0 := m a x ( O , z - l j  + f f i j )  
x l  := min(z,  f f i j )  

A(p ,u ,v)  := p ~ ( 1 -  
V 

denotes the binomial distribution, dr denotes the de- 
tection rate, f r  is the probabili ty that  a false a larm 
occurs per average duration of a feature (false a larm 
rate), and lj refers to the length of the document  dj 
measured in average duration of a feature. By means 
of the probabilities (1) we can compute the expecta- 
tion value of the noisy feature frequency given that  
the correct feature frequency has a certain value. 

A table containing quadruples of expected noisy 
feature frequency, correct feature frequency, detection 
rate and false alarms per keyword per hour is built. 
The noisy feature frequencies encountered in the pro- 
cess of me tada t a  generation can then be corrected by 
looking up the corresponding correct feature frequen- 
cies in the table. Whether  such a compensation for 
recognition errors improves the retrieval effectiveness 
or not is subject to current investigation. 

5 Conc lus ions  

We have shown that  integrating speech documents  in 
an information retrieval system is feasible. For the 
retrieval of speech documents the development of a 
new controlled indexing vocabulary was necessary in 
order to generate the required metadata .  The size of 
the indexing vocabulary is small (1000 features) com- 
pared with vocabulary sizes of conventional text re- 
trieval (10000 - 100000 features). Yet, the retrieval 
effectiveness of searching speech documents  is accept- 
able even if recognition errors occur in the process of 
me tada t a  generation. 

Future work will concentrate on improving the 
recognition performance of the speech recognizer and 
the incorporation of relevance feedback into the speech 
retrieval system. Relevance feedback is an effective 
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CRANFIELD: average precision of the reference method: 0.408 (100%) 

dr, f a 
90% 
80% 
70% 
60% 
50% 
40% 

10 

0.305 (75%) 

20 

0.283 (69%) 

0.304 (75%) 
50 

0.288 (71%) 

0.267 (65%) 

80 
0.279 (68%) 

110 
0.264 (65%) 0.330 (81%) 0.315 (77%) 

0.324 (79%) 0.299 (73%) 0.291 (71%) 0.276 (68%) 0.265 (65%) 0.253 (62%) 
0.265 (65%) 0.242 (59%) 0.249 ((51%) 

0.234 (57%) 0.249 (61%) 0.245 (60%) 0.253 (62%) 0.224 (55%) 0.297 (73%) 
0.277 (68%) 0.236 (58%) 0.224 (55%) 0.226 (55%) 0.211 (52%) 0.206 (50%) 
0.259 (63%) 0.216 (53%) 0.191 (47%) 0.185 (45%) 0.191 (47%) 0.175 (43%) 

Table 1: Average precision values for detection rates within the range of 40% and 90% and false alarms per 
indexing feature (key word) per hour within the range of 0 and 110. The numbers in brackets represent the 
percentage of the average precision of the reference method, i.e., a standard text retrieval method with a large 
indexing vocabulary. 

technique to derive automatically a new query from 
the old query and from the user's relevance judge- 
ments. The new query is likely to retrieve more rele- 
vant documents. 
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