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Abstract. Extraction and utilization of high-level semantic features are
critical for more effective video retrieval. However, the performance of
video retrieval hasn’t benefited much despite of the advances in high-level
feature extraction. To make good use of high-level semantic features in
video retrieval, we present a method called pointwise mutual informa-
tion weighted scheme(PMIWS). The method makes a good judgment
of the relevance of all the semantic features to the queries, taking the
characteristics of semantic features into account. The method can also
be extended for the fusion of multi-modalities. Experiment results based
on TRECVID2005 corpus demonstrate the effectiveness of the method.

1 Introduction

The wide availability of digital sensors, the high bandwidth Internet, and the
falling price of storage devices have resulted in the increasing growth of unstruc-
tured digital media content. Therefore, developing effective information man-
agement technologies is a matter of great urgency. Since the last decade, the
problem of content-based video retrieval has been actively researched by many
communities.

Early research emphasizes on low-level image features such as color, texture
and shape. However, ”the lack of coincidence between the information that one
can extract from the visual data and the interpretation that the same data have
for a user in a given situation” [I], which is well known as semantic gap, makes
the early retrieval systems disappointing. Moreover, the computation of high
dimensional low-level features can lead to poor efficiency. On the other hand,
using high-level semantic features for video retrieval allows people to perform
search in the semantic level, which is more intuitive. Also, high-level semantic
features can integrate additional knowledge of a specific domain as well as low-
level features. What’s more, they are compact enough so that the retrieval can
be performed fast. Though the extraction of high-level semantic features is time
consuming, it can be performed offline [11].

To take full advantage of the virtues of high-level semantic features for video
retrieval, there are two issues to be addressed: 1) How to extract reliable high-
level semantic features. 2) How to use high-level semantic features to describe
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dataset and queries with relevant retrieval method. The advances in machine
learning, and the availability of large annotated information sources, e.g., the
TRECVID benchmark, have brought great advances in high-level feature ex-
traction. The lexicon size of semantic features is believed to reach to 1000 in a
few years, and the performances of high-level feature extraction in TRECVID
2005 are generally higher than before [5]. However, the performance of video re-
trieval hasn’t benefited much from using high-level semantic features currently.
High-level semantic features are considered not useful except a few topics which
have well-performing correlated semantic features in [I4], and semantic feature
sets are used for only 5% of the interactions of interactive retrieval and contribute
to negligible improvement [3].

One of the most important causes to the unsatisfying utilization of semantic
features is that the issue of interaction between the semantic feature extrac-
tion and the search tasks has not been explored enough. Semantic features are
mostly treated as complementary elements of other modalities. In most methods
only the highly relevant semantic features are chosen, and then fused with other
modalities based on complicated analysis of the whole retrieval system. In prac-
tice, it is hard to find highly relevant semantic features for most queries, and it is
too rude to neglect any semantic feature which is not highly relevant since it may
be also helpful for multi-modal fusion. Therefore, we present a method called
pointwise mutual information weighted scheme (PMIWS). The method makes
a good judgment of the relevance of all the semantic features to the queries,
taking the characteristics of semantic features into account. The method can
also be extended for the fusion of multi-modalities. Experiment results based on
TRECVID2005 corpus demonstrate the effectiveness of the method.

The remainder of this paper is organized as follows. Section 2 gives a brief
review of the related work. Then in Section 3, we present details of our approach.
Experiments are presented in Section 4. And finally come the conclusions.

2 Related Work

High-level semantic features have been applied in different ways to improve the
performance of video retrieval systems. Once semantic features are extracted,
shots of dataset can be described by the relevance of them to semantic features,
called feature scores. So are queries. With this representation, some machine
learning approaches such as SVM are used to classify shots of dataset into two
classes: related to the query, not related to the query [6]. The main challenge
of this method is that there are a very small number of distinct positive exam-
ples and no negative examples. Currently the most popular method is simply
the weighted-sum of shot feature scores. In this method, semantic features are
assigned with proper weights, which represent the relevance of semantic features
to queries. Thus the similarity measurement of shots and a query can be finished
by the weighted-sum of shot feature scores.

The techniques for determining weights of features can be divided into three
main categories:
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1. Manual methods. For manual or interactive retrieval, the weights of se-
mantic features can be assigned by human. But as pointed out in [3], it is too
ambiguous for people to express a clear, consistent opinion about the relevance
of the features to the queries. And it is not realistic while using a large set of
semantic features.

2. Text based methods. Commonly, the text based methods calculate the fea-
ture weights by measuring the similarity between the query text and the con-
cepts’ description [14, 15, 16, 18], or using a preprocessed word-concept index
[6, 7, 17]. In [15,16], only relevant concepts were utilized. Negative features were
also considered in [I7] while frequently-used features were added in [I8]. More
generally, all the semantic features are used in [6, 7, 14].

3. Semantic feature based methods. With semantic features already extracted
from query as well as shots of dataset, it is natural to make use of them for
determining weights of features, yet less work has been done this way [2, 7,
15]. In [2] it is said that the query feature scores are used to construct model
vectors followed by appropriate normalization to remove bias and optionally by
validity weighting to capture relative concept. But the detail of the normalization
is not available. As this kind of methods can benefit more with the improved
performances of high-level feature extraction, it needs to be further explored.

To distinguish expected results among hundreds of thousands of different
shots, high-level features need to be integrated with other modalities. Though
many methods are based on complicated analysis of the whole retrieval system,
there are also some valuable works. Iyengar proposed a joint probability model
for both the text and the visual components of multimedia documents [§]. Yan
proposed to utilize query-class dependent weights within a hierarchical mixture-
of-expert framework to combine multiple retrieval results in [10].

3 Owur Approach

The task of video retrieval can be modelled as follows. Let D be a specific
dataset of video shots, @ be the collection of queries which represent the user’s
information needs. For a given query ¢ € @, let Y be the random variable which
represents whether a shot d € D meets the information needs described by q.
There are two possible results: meet and not meet, which we can label as y; and
yo. It is hard, if possible, to determine the value of Y for shots of D. Actually, the
objective of video retrieval is to estimate the probability p(Y'(d) = y1), d € D.

To realize this objective, features which describe different attributes of shots
are firstly extracted, and then p(Y(d) = y1) is estimated using the information
provided by the features. In our approach, we model and extract 33 high-level
features firstly, and then we present a method called pointwise mutual infor-
mation weighted scheme (PMIWS) to utilize the information provided by these
features. Text retrieval is also performed and the result is fused with seman-
tic features by PMIWS, taking text of the query as another feature Qc,¢. The
overview of our video retrieval system is illustrated in Figure 1.
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Fig. 1. Overview of the video retrieval system

3.1 High-Level Semantic Feature Extraction

Let C = {C4,Cy, ..., Cy,} be the semantic feature set. For a given feature C; € C,
let X; be the random variable which represents the existence of C; in a shot in D
or a query ¢, where ¢ € {1,2,...,n}. In this case, there are two possible results:
exist and not exist, which we can label as x;; and x;9. Generally, in the semantic
feature extraction, a detector for the semantic feature C; is modelled and used
to produce confidence scores, which represent the probability p(X;(d) = x;1),
Where d € D,i € {1,2,...,n}.

In our approach, we model and extract 33 high-level features which have
support of more than 100 positive samples in the training set of TRECVID2005.
The lexicon can refer to [12]. We use SVM as the base classifiers, and propose
a Relay Boost approach to fuse the confidence scores produced by the base
classifiers. The output of feature C; for shot d € D is

Confidence;(d) = Zaé X conf;(d)d €{1,2,...,m}
J

where m is the number of base classifiers of Cj, a; is the weight of j* base clas-
sifier of C;, and con f; (d) is the confidence score produced by ;" base classifier
of C;, which are mapped from SVM outputs by Platt’s conversion method to
represent the probabilities of C; existing in d [I3]. Details can be seen in [7].
Divided by the weights of base classifiers of C;, Con fidence;(d) can be normal-
ized to give an estimation of p(X;(d) = z;1), which we refer to as Feature Score

for C;:
i i(d
Con fidence;(d) %:a] conf;(d)

p(Xi(d) = xi1) = Sai = Sai

,j€4{1,2,...,m}
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The semantic feature extraction is also done for ¢ € @, which gives an esti-
mation of p(X;(¢) = ;1) by the same formula.

3.2 Pointwise Mutual Information Weighted Scheme (PMIWS)

With semantic features extracted, p(Y(d) = yi) can be estimated using the
information provided by semantic features. We use pointwise mutual information
to fulfill this work.

Originally, if we draw one sample of D at random, the entropy or uncertainty
of Y is defined in terms of prior probabilities using Shannon’s definition:

Zp ) - Log(p(y)), y € {y1, v}

After having observed X, the uncertainty of Y is the conditional entropy:

HY|X:) ==Y ply, ) - log(p(yla:), y € {y1, 90}, @i € {mir, wio}

Zi Y

Then the reduction in uncertainty of Y due to knowing about X; is called mutual
information:

p(zi,y
Y, X) = H(Y)-H(Y1X)= Y plesu) - log B0 %) yetun. o}, s, o)

Ziy

Furthermore, mutual information between two particular points is defined as
pointwise mutual information [4]:

z;, T;
p(i,y) _ Pl 1‘3;)73! € {y1, Y0}, i € {zi1,wio}

T.mi) =log ) oyoty) =19 p(a,

The pointwise mutual information can be regarded as the amount of infor-
mation z; contains about y. The magnitude of I(y,z;) indicates the power of
influence of event {X = z;} to event {Y = y}, while the sign of I(y, z;) indicates
the direction of influence of event {X = x;} to event {Y = y}, i.e., increasing or
decreasing the confidence of event {Y = y} happening. It equals to zero when
{X = z;} and {Y = y} are independent. Thus, we can use I(y;,z;1) as the
weight of semantic feature C; with linear normalization:

p(wily1)
P(l“il)
The normalization coefficient « is the same for all the semantic features.And

then we can estimate p(Y (d) = y1) by the weight sum of p(X;(d) = z;1), where
ie{1,2,...,33}

weightc, = Normalize(I(y1,x1)) = a - log

. 3321\111
Y(d) =y)=Y o p(Xi(d) = § p(Xi(d) =
p(Y(d) = y1) i weightc, - p( =x;)=a lo p(zi1) p(Xi(d)=m;1)
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Here, p(X;(d) = x;1) has been estimated by semantic feature extraction. p(z;1) =
Meangep(p(Xi(d) = xi1)). And p(zi|yr) = p(Xi(d) = 1]V (d) = y1) can be
approximated by p(X;(q) = x;1), since ¢ certainly satisfies Y (q) = ;1.

The pointwise mutual information weight has grasped two principal issues
of high-level semantic features in its expression, i.e., importance and reliability.
Firstly, it brings in a term of p(z;1), which expresses the underlying importance
of different features compared with p(z;1]y1). It is biased towards infrequent
semantic features existing in g. For example, if there is a person and a ship
shown in the example of ¢, then the feature of "ship” is believed to be more
important as it is less frequent. However, if the person is George Bush, then
the feature of ”George Bush”, if modelled, is believed to be more important.
That is consistent with common usage. But there is also a risk that unreliable
detectors of features with less frequency maybe mislead the retrieval. So sec-
ondly, it brings in the log factor, which makes it more robust to the unreliable
detectors.

3.3 Fusion with Text Retrieval Result

The PMIWS method can not only handle the fusion of multiple semantic fea-
tures, but also be easy to extend to the fusion of multi-modalities by treating
other modalities as one or several kinds of high-level features. We will describe
the fusion of high-level semantic features and text retrieval result below.

Our text retrieval system is based on an OKAPI-TF formula using the tran-
scripts from the ASR/MT output provided by NIST. Pseudo feedback is also
performed. For shot d the text retrieval system will give a score T'(d). Details
can be seen in [7]. We treat text of the query as a high-level feature Qeyt. Let
Xiext be the random variable which represents the existence of Qe in a shot
of D. There are two possible results: exist and not exist, which we can label as
t1 and to. Similar to aforementioned analysis, we can use I(y1,t1) as the weight
of Qtezt by linear normalization:

p(tily1)
p(t1)

The normalization coefficient § is the same for all the semantic features in
place of a. Then p(Y(d) = y1) can be refined by adding one term of ¢; (i €
{1,2,...,33)}):

weightg,.., = Normalize(I(y1,t1)) = 3 - log

p(tilyr)

zl|y1 o
p(Y(d) {Zz p(Xi(d)=xi1)+1og pltr)

P(Xtext(d) =11 )}

Here, p(Xteqt(d) = t1) is estimated by normalizing the text retrieval result T'(d)
to 0-1, according to the minimum and maximum value of T'(d) in the dataset.
And p(t1) = Meangep(p(Xtext(d) =t1)),d € D. While p(t1]y1) is assumed to
be 1. B can be omitted as it doesn’t affect the result for final ranking.
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4 Experiments

4.1 Dataset and Evaluation

The experiments are performed on TRECVID2005 dataset provided by NIST.
The total amount of news video for the evaluated tasks is about 169 hours, in
MPEG-1 format: 43 in Arabic, 52 in Chinese, 74 in English [5]. About 160 hours
of them is used for Search Benchmark, the earlier half as development data, and
the later half as test data. The data is divided into shots, which are the basic
units of video retrieval. For each shot, more than one keyframe is extracted
for performing the high-level feature extraction. NIST also provides the English
ASR output and machine-translated transcripts for those non English video
materials, which are used for text retrieval. We use the 24 multimedia search
topics developed by NIST for our experiments. Details of the topics can be seen
in [5].

The performances are evaluated by non-interpolated average precision (AP)
and mean average precision (MAP) criteria. Non-interpolated average preci-
sion is calculated by computing the precision after every retrieved relevant shot
and then averaging these precisions over the total number of retrieved rele-
vant/correct shots in the collection for that topic/feature or the maximum al-
lowed result set (whichever is smaller). Average precision favors highly ranked
relevant documents. It allows comparison of result sets of different sizes. The
topic averages are averaged across all topics to create the non-interpolated mean
average precision (MAP). See the TREC-10 Proceedings appendix on common
evaluation measures for more information [9].

4.2 Experiment Results

We present four runs of automatic retrieval. The descriptions of the four runs
are as follows and the evaluation results are shown in Figure 2, compared with
the median effect of automatic retrievals in TRECVID2005.

Runl: This run uses only text retrieval on ASR/MT.

Run2: This run uses high-level feature score weighted sum method, using
the feature scores of queries as weights directly.

Run3: This run uses high-level feature score weighted sum method, using
PMIWS to calculate weights.

Run4: This run integrates high-level features and text retrieval result
with PMIWS.

Observed from Figure 2, using point mutual information as weights of high-
level features (Run3) is obviously better than using the feature scores of queries
as weights (Run2). We can also find that high-level features are usable for
topics which have correlated specific concepts. If the correlation is tight and
the correlated specific concepts are well-performing, the results of using high-
level features (Run3) can be even better than results of text retrieval (Runl)
like 0155(map), 0165(basketball), 0168(road, car), 0170(building), 0171(goal).
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Fig. 2. Performance evaluation results

This validates the effectiveness of PMIWS for judging the relevance of high-level
features to queries.

The comparison of individual retrieval runs (Runl and Run3) and fusion runs
(Run4) are also clear in Figure 2. For almost all of the topics, the result of fusion
(Run4) is better than the results of using text only (Runl) and using high-level
features only (Run3). Note for some topics like the named topics, high-level fea-
tures are useless by themselves but useful for fusion. This can be explained by
regarding high-level features as revisers, which correct the temporal mismatch
of the text and the visual content of shots. The MAP of fusion (Run4) is 41.5%
higher than using text only (Runl) and 236.3% higher than using high-level
features only (Run3). And it is much better than the median effect of auto-
matic retrievals in TRECVID2005 for all topics. This exhibits the effectiveness
of PMIWS for multi-modal fusion.

5 Conclusions and Future Works

In this paper, we investigate the issue of how to make good use of high-level
semantic features in video retrieval. We focus on determining the relevance of
all the semantic features to the query. To achieve this, a method called point-
wise mutual information weighted scheme(PMIWS) is presented, which has the
following advantages:

1) The method can reflect the exact relevance of semantic features to queries
and assigned reasonable weights, by considering the prior distributions of high-
level features and referring to information theory.
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2) The method gives an integrated view of fusing semantic features and text.
Experiments demonstrate that the fusion retrieval has great improvements on
individual retrievals. The idea can be extended for other modalities.

3) The weights of semantic features are calculated automatically based on the
semantic feature extraction. It is scalable with the advances of high-level feature
extraction.

In the future, we will focus our work on the following aspects to make this
method a more effective and practical one:

1) The performance of our high-level feature extraction is not adequately well,
which greatly restricts the search performance. Even for the positive samples and
a correlated high-level feature of the same query, the feature extraction results
are not always consistent. So we have to further improve the performance of
high-level feature extraction. Meanwhile we should consider the radiabilities of
semantic feature detectors more carefully.

2) Taking text of the query as another feature Qe+ is somewhat crude. We
will go further to analyze text of the query and then get more meaningful text
features. We will also use PMIWS to fuse the other modalities.

3) Lack of positive examples remains a big problem. Interactive retrieval can
be a great help to this with human interaction, and we will investigate the
application of PMIWS in an interactive setting to achieve better results.
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