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ABSTRACT

Video information retrieval requires a system to find infor-
mation relevant to a query which may be represented si-
multaneously in different ways through a text description,
audio, still images and/or video sequences. We present a
novel approach that uses pseudo-relevance feedback from
retrieved items that are NOT similar to the query items
without further inquiring user feedback. We provide insight
into this approach using a statistical model and suggest a
score combination scheme via posterior probability estima-
tion. An evaluation on the 2002 TREC Video Track queries
shows that this technique can improve video retrieval per-
formance on a real collection. We believe that negative
pseudo-relevance feedback shows great promise for very dif-
ficult multimedia retrieval tasks, especially when combined
with other different retrieval algorithms.

1. INTRODUCTION

Pattern recognition techniques have been widely applied
in video information retrieval systems. In these systems,
there are two fundamental problems to be addressed. One
is the representation of multi-modal features and the other
the design of a similarity metric which determines the “dis-
tance” between two examples. However, CBVR systems
that simply rely on a pre-defined generic similarity metric
cannot achieve good performance. Therefore, we would like
to make the similarity metric adaptive with respect to dif-
ferent queries. This requires approaches that are able to
automatically discover the discriminating feature subspace
once the queries are provided. A possible solution is to
cast this formulation of retrieval as a classification problem,
where relevant examples are the positive instances and non-
relevant examples are the negative instances of a class. Re-
cent work [9, 8] has suggested that margin-based classifiers
such as support vector machines (SVMs) and Adaboosting
can yield high generalization performance and automatically
emphasize the useful features by learning the maximal mar-
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gin hyperplane in the embedding space.

However, it is generally a characteristic of information re-
trieval that the user’s query only provides a small amount
of positive data and no explicit negative training data at all.
Thus, if we want to make use of margin-based learning algo-
rithms for multimedia information retrieval, methods have
to be devised which can provide more training data, espe-
cially some negative examples. Standard relevance feedback
addresses this issue in an interactive fashion, in which the
system iteratively asks users to label more training exam-
ples as relevant /non-relevant for the learning algorithms [4,
9]. However, it is tedious to hand pick negative examples
and subjectively quite difficult to provide a good negative
sample[14] that clearly shows the distinction to the positive
examples, since negative instances are less well-defined as a
coherent subset.

Instead of relying on the relevance feedback judgments of
real users, it is worthwhile to consider the idea of obtain-
ing additional relevant/non-relevant training examples via
automatic relevance feedback based on a generic similarity
metric, which is not tailored to the specific queries. How-
ever, it quickly becomes apparent that it is inappropriate to
consider the top-ranked examples from the generic similar-
ity metric for positive feedback due to the poor performance
of current video retrieval algorithms in general applications.
We found that it is more reasonable to sample the bottom-
ranked examples for negative feedback. From the viewpoint
of machine learning, our approach is closely related to a
learning framework called positive example based learning
or partially supervised learning [14].

In this paper, we present a novel automatic retrieval tech-
nique for multimedia data called negative pseudo-relevance
feedback (NPRF). It attempts to learn an adaptive similar-
ity space by automatically feeding back the training data
which are identified based on a generic similarity metric.
An early version of this technique is given in [12]. Based
on this work, we provide an in-depth discussion based on
a statistical model of average precision. We also discuss
the combination strategy for different retrieval algorithms,
which is essential in the face of unreliability in the NPRF
approach. The experimental results discussed later in the
chapter confirm the effectiveness of the proposed approach.

2. NEGATIVEPSEUDO-REL EVANCE FEED-
BACK

In the task of content-based video retrieval, a query typ-



Input:

e Query examples ¢1, ..., qn

e Video shots in the video collection vy, ..., Um
Output:

e Final retrieval score s/ for each shot v;
Algorithm:

1. For every i, 1 < i < m, compute base similarity
score S? = fb(v’i7 q1y -+ q’ﬂ)

2. Iteratively, k from 0 to mazx

(a) Given the retrieval scores s¥, sample the
positive examples pos® and negative exam-
ples neg¥ using some sampling strategy p

(b) Compute the NPRF score s = fi(v;)
where the learning algorithm f; is trained
by pos® and neg’.

3. Combine all the retrieval scores into a combina-

i f_ 0 mazx+1
tion score s; = g(s;,..,s )
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Figure 1: The algorithm for negative pseudo-
relevance feedback

ically consists of a text description plus audio, images or
video. This query is posed against a video collection. The
job of the video retrieval algorithm is to retrieve a set of rel-
evant video shots from a given data collection. The retrieval
algorithm should provide a permutation of the video shots
v; in target video collection V, which is sorted by their sim-
ilarity to the user queries ¢; in queries (). When retrieval is
thought of as a classification problem, video data collection
can be separated into two parts for each query, where pos-
itive data VT are the relevant shots and negative data V'~
are non-relevant ones.

Figure 1 summarizes the algorithm, which is similar to
a relevance feedback process except that users’ judgement
is replaced by the output of a generic similarity metric.
This algorithm consists of four major components, that is, a
generic similarity metric fp, a sampling strategy p, a learn-
ing algorithm f; and a combination strategy g. It starts by
computing the retrieval scores using f;, for every video shot
v;. Next, it iteratively identifies new training examples and
computes an updated retrieval score. For each run k, the
sampling strategy p is used to extract positive and nega-
tive examples from the video collection. These positive and
negative data are combined to train a learning algorithm
fi. The output sf“ of f; can be interpreted as an updated
retrieval score for each shot v;. Finally, the retrieval scores
are fused into a final result via some combination strategy g.
In our implementation, the positive examples are the query
examples and the negative examples are sampled from the
strongest negative examples. Due to the computational is-
sues, the feedback process repeat for only one iteration. For
the sake of simplicity, we call s? the base similarity score, s;
the NPRF score and s,{ the combination score.

Although the NPRF approach can be applied to various
retrieval tasks such as text retrieval and audio retrieval, in
this initial work we have mainly applied it in image retrieval.

The base similarity score is chosen as the aggregate dissim-
ilarity model proposed by Wu et al[11], which is able to
learn disjunctive models within any metric space. In their
model, the aggregate dissimilarity for example = to the query
qi, ..., qn is expressed by

d(z)™ = {01 i if(a < 0) Ad(z,qi) =0

=y, d(x,q)" otherwise

(1)

where a is set to -1. The distance d(z, ¢;) is computed using
the Euclidean distance function.

In the feedback step, the query images are considered the
only positive examples and a subset of the images that are
most dissimilar to the queries will be considered as the neg-
ative examples. As a basic setting, the number of negative
examples is equivalent to the number of positive examples.
The training examples provided by sampling strategies are
fed back to train a margin-based classifier. In our experi-
ments, support vector machines (SVMs)[1] were used since
SVMs are known to yield good generalization performance
especially in high dimensional data. Finally, after the re-
trieval scores are calibrated to posterior probabilities, they
can be linearly combined into the final score s¥ = Zj A8’

3. ANALYSIS

In this section, we would like to provide in-depth discus-
sion on how the NPRF approach works when applied to an
actual video collection. Our analysis is based on a statis-
tical model of average precision. We also present several
score fusion paradigms by transforming different types of
similarity metrics into probabilistic outputs. Note that we
adopted average precision(AP) [10] as the performance mea-
sure, which corresponds to the area under an ideal recall /
precision curve. Mean average precision(MAP) is the aver-
age of these average precision over all topics.

Without loss of generality, we can define the positive dis-
tance dV as the distance between a relevant shot v € V'
and the queries. The negative distance d~ is similarly de-
fined. As suggested in previous studies[7], it is reasonable
to assume that d™ and d~ are both approximately Gaussian
distributed, although gaussian distribution might not be the
best model. Tarel et al [7] show that if a similarity metric
can be represented by the sum of the similarity metrics of its
components, the positive distance d* and negative distance
d~ will converge towards a Gaussian distribution when the
number of features goes to infinity and each dimension is
independent identical distributed(i.i.d).

3.1 A statistical model for average precision

To provide more insights for NPRF approach, it will be
useful to study the relationship between retrieval score dis-
tribution and our performance criterion, i.e. average preci-
sion. In the following discussion, let the mean and variance
for the d™ be u*, o™, while the mean and variance for d~
be u~,0~. The video collection has a total of NT relevant
shots and N7 irrelevant shots. Under the assumption of
Gaussian distribution, the MAP can be simplified to

Nt T1 _ou—=ut + ot

o
AP—F 2+6 o Beta(Q—O—_,l—i—

- — 2
) @
where more details can be seen in [13].

Figure 2 plots the distributions of base similarity score
and NPRF score for two actual queries in TRECO02 search
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Figure 2: Probabilistic distribution of positive distance and negative distance for Query 75 and Query 89

in TRECO02 data.

Each red plus sign are the normalized number of positive examples in each bin in a

histogram, while blue cross sign are that of negative examples. The green dash line and magenta solid line
are the estimated Gaussian distribution for positive distance and negative distance respectively.

tasks. As expected, the negative distance can be perfectly fit
to the Gaussian model, however, the positive distance are
only approximately Gaussian distributed due to the small
sampling size. To take a closer look, we found that the ma-
jor performance improvement of the NPRF approach ii due
b —p

to the increase of the normalized mean distance . In
query 89, base similarity score produces a poor performance
since its positive mean p* is even larger than negative mean
©~ . In this case, NPRF can greatly reduce the normalized
positive mean distance put /o™, since it has the ability to
adapt similarity scores across queries. However, as a trade-
off, it will over score the ”false positives” which are far away
from the negative training examples. In query 75, base sim-
ilarity score does already achieve a high average precision
and leaves no room for NPRF to improve further. There-
fore, the normalized positive mean distance pu* /o~ does not
change too much itself. Unfortunately, figure 2 shows a con-
siderable reduction of u* /o™, which indicates that more
false positives has been assigned a lower retrieval score than
the positive examples. This ”false positive” problem greatly
degrade the performance of NPRF approach.

3.2 Praobabilistic Output and Combination

Fusion of different retrieval algorithms is an effective way
to address the ”false positive” problem in NPRF. As men-
tioned before, combining base score and NPRF score might
offer a reasonable trade-off. More interestingly, it has been
found that combination of NPRF score and retrieval scores
from different modalities can recover most of the perfor-
mance hurt since most false positives can be filtered out by
additional information. Also, these combinations can reduce
the prediction variance and offer more stable results. In this
section, we study how to combine different retrieval algo-
rithms into one and present our combination schemes via
the estimation of posterior probabilities.

Platt et al [2] suggest using a parametric sigmoid model
to fit the posterior directly,

1

1+ exp(At + B) (3)

p(+[t) =
However, we prefer an approximation which leads to reason-
able prediction effectiveness with less computational effort.
One solution is to set the parameters manually based on em-
pirical testing. Especially when the output of the retrieval
algorithm is bounded by some interval [min, max|, one can
always set the parameters to make p(+4|min) close to 0 and
p(+|max) close to 1. Experimental results show that this ad-
hoc parameter setting can lead to reasonable performance.

Another form of approximation can be derived from the rank
distribution,

Rank(e)
TN )

where N is the number of all the examples in the collection.
This approximation allows a simpler form of probability es-
timation which is also called ”weighted borda voting” in the
literature.

p(+[t =t0) =1

4. EXPERIMENTAL RESULTS

The video data came from the video collection provided by
the TREC Video Retrieval Track. The definitive informa-
tion about this collection can be found at the NIST TREC
Video Track web site [10]. On the image processing side,
two types of low-level image features including color fea-
tures and texture features were used in our system. The
color feature is the cumulative color histogram for the HSV
(Hue-Saturation-Value) color space [6] using 16 bins each
channel. The texture features are obtained from the con-
volution of the image pixels with various Gabor wavelet fil-
ters [5], which is quantized into 16 bins. Their central and
second-order moments are generated as the texture feature.

Apart from the image retrieval, we also extract informa-
tion from other modalities, especially the text information
like speech and video OCR transcripts, movie titles and ex-
ternal video summaries. The first type of textual informa-
tion is from speech and Video OCR transcripts. The re-
trieval of these transcripts is done using the OKAPI BM-25
formula[3]. Externally provided video summaries are an-
other source of textual information. For each query, the
posterior probability of a video shot is set to 1 if any key-
word of the query can be found in the video summaries for
the corresponding movie, otherwise the posterior probability
is set to 0.

We used the SV ML as the implementation of the SVM
algorithm. The setting for the feedback learning algorithm
is RBF kernel SVMs with parameter 0.05. For the prob-
abilistic output, the parameters (A, B) is manually set to
be (—10,—2). For the combination of retrieval scores, the
weight for speech transcriptAs, are set to 1 and the weight
for video summary information A\, was set to 0.2. Specifi-
cally, the combination rule becomes 5{ =(1- )\b)sﬁvaF +
M52 4 NgpsT? + Nps?

Next we presented the performance of the NPRF approach.
Table 1 lists the comparison between NPRF and the base
similarity score in terms of precision, recall and mean av-
erage precision. As can be seen from the figure, NPRF



| | Precision | Recall { MAP |

Base 0.1108 0.3000 | 0.1415
NPRF 0.1320 0.3318 | 0.1522

Table 1: Comparison between base similarity score
and NPRF score in terms of precision, recall and
mean average precision(MAP)

@Base
BPRF
O Combination
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Figure 3: Comparison between base metric, NPRF
score and their combination for individual queries.
The mean average precision is shown versus the
query IDs

achieves a performance improvement over the base retrieval
algorithm in all three performance measures. The NPRF
approach can achieve reasonable precision improvement, re-
call improvement and MAP improvement beyond the base
similarity score.

Our next experiment was designed to examine the ef-
fect of the NPRF approach for individual queries. Figure
3 compares the mean average precision per query of the
base similarity score, the NPRF approach and their com-
bination when A, = 0.5. Compared to the base similarity
score, the NPRF score results in a large increase for query
23, and query 19 but mostly loses in queries 1, and query
25. The combination of both achieves a fairly good trade-off
between them. As expected, only 11 of the 25 queries can
achieve a higher MAP with the NPRF approach over the
base retrieval algorithm and 10 has lower MAP, but their
combination seems to benefit most of the queries, which has
14 queries higher and only 3 lower than the base retrieval
algorithm. This again indicates the importance of the com-
bination strategies.

5. CONCLUSION

This paper presented a novel technique, negative pseudo-
relevance feedback(NPRF), to improve the performance of
content-based video retrieval. Different from the canonical
relevance feedback technique, our approach does not require
users to provide judgment within a retrieval process. In this
work, the task of video retrieval is framed as a concept clas-
sification problem. Specifically, the positive examples are
provided by users’ query and negative examples can be ob-
tained from the worst matching examples identified based
on a generic similarity metric. A margin-based learning al-
gorithm, support vector machine (SVM), is used to learn
the updated similarity scores. Theoretical analysis shows
that the benefit of the NPRF approach derives from the
ability to adapt similarity score across queries and thus sep-
arate the means of the negative/positive score distributions.
Since some extreme outliers might be misclassified as false

positives, we suggest that smoothing with either the ini-
tial similarity score or the score from different modalities
can safeguard against these egregious errors. Experiments
on the data from the 2002 TREC Video track evaluations
confirmed the effectiveness of the NPRF approach on a col-
lection of over 14000 shots in 40 hours of video.
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