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ABSTRACT

More and more data is produced in the form of videos,
which are opaque to textual queries. To allow searching
in video data collections, two problems have to be solved:
The automatic generation of a searchable index, and the effective search in the automatically produced and therefore
imperfect index. The ISL View4You system is a prototype
of a video indexing and retrieval system which both generates the index and provides a search engine to access it.
An end to end evaluation was carried out using real-world
data and queries from naive subjects. From the results it
can be concluded, errors of the overall system are not due
to the index generation, but are introduced by the information retrieval engine (the search). Therefore, the focus
of this paper is a comparison of two di erent search algorithms, LSI (latent semantic indexing) and Okapi (a avor
of the traditional classic vector model approach). The evaluation is carried out on the automatically produced index
on a relatively small database, which allows for full manual
relevance judgement.
1.

INTRODUCTION

More and more data is produced in the form of videos,
which are opaque to textual queries. To allow searching in
video data collections, a searchable index of the data must
be created. This sort of processing is generally referred to
as metadata generation, and can be done by several methods, including image analysis and speech recognition of the
audio stream. If the metadata is generated automatically,
a variety of errors will usually be introduced due to the imperfections in the automatic generation process. Such errors might include segmentation errors (a story or scene cut
boundary has been missed, or accidentally inserted), classication errors (a commercial has been classi ed as relevant,
or relevant material has been classi ed e.g. as music), and
speech recognition transcription errors. Clearly, the information retrieval component of a video library system has
to be robust against errors in the underlying metadata.
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The paper is organized as follows. First, the ISL
View4You video indexing and retrieval system is described.
In the following section, two di erent information retrieval
algorithms are introduced. The main part of the paper describes the results of constrastive retrieval experiments using both perfect (hand-made) and automatically generated
metadata.
2.

THE ISL VIEW4YOU SYSTEM

The ISL View4You system [2] is a fully operational prototype of a video indexing system. German newscasts
recorded from public television are used as input. The newscasts are rst segmented into topic stories [1]. The audio
track of each story is then transcribed using a large vocabulary continuous speech recognition system. User queries
can be given in natural language, like e.g. 'Please tell me
everything you have about the visit of President Herzog in
Japan'. Using the transcriptions, the systems information
retrieval component searches through the database and returns the most relevant parts of the video data in a sorted
list. The user can select one item from the list, which is
then displayed on the screen. Figure 1 shows a screenshot
of the system.

Previous analysis [2] however has shown, that the majority of errors (not found or wrongly found items) in a
real-world scenario is not due to errors in the metadata but
due to the information retrieval component of the system:
even with perfect, manually constructed metadata, the system output is frequently not satisfying. This result has also
been con rmed by other researchers [4].

Figure 1. User interface

Following these results, this paper focuses on the information retrieval component of the ISL View4You video in-

In the last few years, several systems [5] [4] have been
introduced which are similar in scope.

3.

END TO END EVALUATION

As the View4You system is a fully operational prototype of
a video indexing and retrieval system, it is very interesting
to run an end to end evaluation to spot the weaknesses of
the parts that make up the system. Such an evaluation can
serve as a starting point to govern the direction of future
research.
For the evaluation, a database was automatically created
by the View4You system by processing a set of TV broadcasts. Both steps of the database creation process - segmentation, and speech recognition - were carried out without
human intervention.
A set of 10 queries in natural language was de ned as
follows (the original questions are in German):
1. Are there reports about Jerusalem?
2. Will Helmut Kohl run for chancellor again?
3. I want to know the winning numbers of the Lottery!
4. Is there anything about Benyamin Netanyahu?
5. I am interested in anything that recently happened in
Africa!
6. What is the situation in Albany?
7. What are the results of the National Soccer League?
8. Are there any reports about refugees?
9. I'd like to see reports about President Herzogs visit to
Japan!
10. Is there anything new in the Mykonos trial?
To generate the reference, the database was segmented
manually in two steps. In the rst step, the newscasts
were segmented into topic stories, where a segment boundary was inserted only if the (semantical) topic of the segment changed. In the second step, the so de ned segments
were further segmented with respect to their acoustic background. A segment boundary was introduced whenever the
acoustic background changed signi cantly, e.g. from anchor
speaker to eld speech, or from conference noise to battleeld noise.
Each of the segments was then manually judged relevant
or irrelevant with respect to each of the test queries. This
constitutes a major di erence to the (much larger) TREC
spoken document retrieval track [3], where the list of relevant segments is obtained by a re nement of the joint search
result from di erent engines - an approach which masks errors that are common to all search engines.
During the evaluation, each of the queries was presented
to the system and the segments that were returned were
compared with the list of the segments that were judged
relevant for this query. However, the interpretation of the
results is not trivial. Most information retrieval algorithms
assign a relevance score to each of the segments, and return
a list of segments sorted by this relevance score. This list
can sometimes comprise the whole database. The evaluation result therefore depends on the number of resulting
segments which are taken into account during the evaluation. This number, however, cannot be chosen a priori, but
depends on the - generally unknown - number of 'true hits'
in the database.
Due to this problem, there is no generally accepted single way to represent the results of an information retrieval

evaluation. In the text retrieval literature (see, e.g., [8]), the
results are usually presented in one or more of the following
ways:





a plot of Precision (PRC) over Recall (RCL)
average Precision (AveP), and
R-Precision.

Average precision is de ned as the average of the
eleven values of PRC at Recall 0, 0.1, 0.2, ..., 1.0. If a
given Recall value cannot be accurately achieved, the corresponding precision is determined by interpolation. There
is some freedom of choice for the PRC at Recall zero, which
can be de ned in di erent ways. In our evaluation, we chose
the PRC value computed at the rst found item.
In our parameterization of the Okapi algorithm, many segments are assigned a relevance score of zero. The maximum possible value RC Lmax , therefore, is obtained if all
segments that have a nonzero relevance score are included
into the evaluation. When computing average precision,
the values for PRC are set to zero for all RCL values higher
than RC Lmax .
R-Precision is de ned as the PRC value which is obtained
when the number of segments evaluated is set to the number
of 'true hits' in the database (with respect to the current
query). At this operating point, PRC equals RCL.
3.1.

Evaluation data

Three di erent segmentation strategies were chosen for the
end to end evaluations: manual segmentation, a slow, highperformance segmentation engine and a fast segmenter.
The test set contains 65 newscasts (roughly 16.5 hours of
speech) dating between April 03, 1997 to January 16, 1999.
The stop word list contained the 595 most frequent German words. A stemming algorithm was applied both to the
query and the document in the database. Table 1 summarizes the structure of the test database.
Segmentation
documents terms
manual
3165
13830
automatic (good)
2122
13895
automatic (fast)
3207
13567
Table 1. Structure of the test data
On average, 27.7 documents per query were judged relevant.
3.2.

Results

The result of an end to end evaluation of the View4You
system is summarized in table 2. To evaluate the in uence
of the speech recognition errors, both manually generated
transcriptions and speech recognizer output were used to
generate the metadata.
Segmentation
WER IR algorithm R-prec.
manual (topic)
0%
manual
1.0
manual (acoustic)
0%
Okapi
0.45
manual (acoustic) 22.7%
Okapi
0.43
automatic
22.7%
Okapi
0.39
Table 2. End to end evaluation results (R-precision)
From these results it can be concluded, that 90% of
the total performance loss (as compared to perfect performance) is due to the information retrieval engine and the
segmentation strategy (acoustically homogeneous segments
rather than topic stories). From earlier experiments [2] it

is known, that the in uence of the segmentation strategy
is signi cantly smaller than the in uence of the information retrieval component. Hence it can be concluded that
the information retrieval component is responsible for the
majority of the total errors in the View4You system.
4.

THE INFORMATION RETRIEVAL ENGINE

4.1.

The classic vector model approach

We chose the Okapi similarity measure [11] for our experiments. This measure has been evaluated thoroughly in the
context of NIST's TREC information retrieval contests [8],
and has been found to be very powerful. The Okapi measure can be parameterized to meet the special requirements
of a given task. We use a parameterization that has been
found to be very good for short queries [12]:

(

0
X B
@

)=

d q; d

t

2Q^t2d

p
pd

fd;t
fd;t

+

f

E(

1

C
A log

N



ft
ft

d)

5.

In a contrastive experiment, the same set of 10 user queries
was evaluated on the same 65 news shows, where the metadata was computed fully automatically by the system. For
the information retrieval component, both the Okapi algorithm in the parameterization (1) and LSI with N=100 were
used. Several versions of metadata were evaluated. First,
the segmentation of the videos was done with three di erent segmentation strategies (manual segmentation, a slow
but high performance hybrid segmentation algorithm and a
fast model-based segmentation algorithm [1]).
The result of the evaluation is summarized below.
Segmentation
manual
manual
hybrid (good)
model-based (fast)

(1)
(2)

Segmentation
manual
manual
hybrid (good)
model-based (fast)

where E (:) denotes the expected value, N is the number
of documents in the collection, ft is the number of documents containing term t, fd;t is the frequency of term t in
document d, and fd is the number of terms in document d,
which is an approximation to the document length. A term
in this context is the same as a word, however, the 500 most
frequent words ('I', 'other' and the like) are excluded. Morphological stemming is applied to both the query and the
database records. The database engine computes the distance between a query and each article in the database and
returns the articles sorted in decreasing order of similarity
to the query.
Latent semantic indexing (LSI)

(termi; documentj) = log(1 + tfij )(1

X
j

pij

Okapi
0.45
0.43
0.39
0.30

SR error rate
0%
22.7%
22.7%
22.7%

LSI
0.60
0.59
0.51
0.49

Okapi
0.46
0.43
0.36
0.28

Okapi
1
manual (human transcriptions)
manual (hypotheses)
hybrid
model

0.9
0.8
0.7
0.6

A more recent approach which makes implicit use of cooccurrence statistics between words is latent semantic indexing (LSI). Here, a term-by-document matrix is constructed from the database. Each term is weighted in the
following way:
d

LSI
0.58
0.56
0.49
0.47

Table 4. End to end evaluation (average precision)

Precision

4.2.

SR error rate
0%
22.7%
22.7%
22.7%

Table 3. End to end evaluation (R-precision)

f

= Okapi(k1 = 1; k2 = 0; k3 = 0; b = 1; r = 0; R = 0)
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0.4
0.3
0.2

log(pij )
(3)
log(ndocs)

0.1

pij

=

P

tfij
j

tfij

(4)

is the frequency of term i in document j , and ndocs is
the number of documents in the collection.
tfij

The resulting term-by-document matrix is decomposed
using singular value decomposition (SVD). By discarding
all but N of the singular values, an approximation of the
original term-by-document matrix can be achieved, reducing its rank to N (in our experiments, we used both 100
and 200 for N). This dimensionality reduction results in a
(intentional) loss in precision: the crisp distinction between
di erent documents is weakened, and documents sharing
several terms are mapped to points close to each other in
the reduced space. The search itself is performed in the
reduced dimensional space. Latent semantic indexing is described in detail in [13]. In the experiments in this paper,
the original software as provided by [10] was used.
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Figure 2. Precision over Recall for Okapi
The results show that latent semantic indexing outperforms the classic vector model approach on this dataset.
The in uence of the speech recognition errors on the nal
result is low for both information retrieval algorithms. The
tf-idf based IR algorithm su ers less from a moderate deterioration of the segmentation quality than LSI, but shows
a higher performance loss if the segmentation quality drops
further.
5.1.

Database expansion

LSI makes implicit use of co-occurrence statistics, i.e.
whether a given keyword appears frequently together with
another. Since the size of the test database is limited and
contains speech recognition and segmentation errors, the
co-occurrence statistics that can be derived from the test
database's metadata is suboptimal. Therefore, we added
additional data to the database which could be used to

(Okapi) have been evaluated on automatically generated
metadata from a video indexing machine. On this kind of
data and the relatively small size of the database, LSI consistently outperformed Okapi both in terms of R-precision
and average Precision. LSI also showed less performance
loss if the quality of the underlying metadata was degraded.
By adding easily obtainable context information to the system, the end to end performance using LSI could be increased by another 10% relative to a maximum value of
0.53 R-precision.

Latent Semantic Indexing
1
manual (human transcriptions)
manual (hypotheses)
hybrid
model

0.9
0.8
0.7

Precision

0.6
0.5
0.4
0.3
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