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ABSTRACT

This paper' is concerned with the problem of multimodal fusion in
video search. First, we employ an object-sensitive approach to
query analysis to improve the baseline result of text-based video
search. Then, we propose a PageRank-like graph-based approach
to text-based search result re-ranking. To better exploit the
underlying relationship between video shots, the proposed re-
ranking scheme simultaneously leverages textual relevancy,
semantic concept relevancy, and low-level-feature-based visual
similarity. In this PageRank-like scheme, we construct a set of
graphs with the video shots as vertexes, and the conceptual and
visual similarity between video shots as “hyperlinks.” A modified
topic-sensitive PageRank algorithm is then applied on these
graphs to propagate the relevance scores through all related video
shots. Experimental results verify the effectiveness of the graph-
based propagation approach combined with the object-sensitive
query analysis approach, which brings significant improvement to
the baseline of text-based video search. Our experimental analysis
also indicates that the proposed re-ranking method is highly
generic and independent of different query classes, training data,
and human interference.
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1. INTRODUCTION

There is a rapid growth of online video data as well as personal
video recordings in our daily life. In order to successfully manage
and use such enormous multimedia resources, users need to be
able to conduct semantic searches over the multimodal corpora
efficiently and effectively. This leads to a continuingly growing
interest in video retrieval in the research community recently.

Video search is an active and challenging task. It is defined as
searching for the relevant video or video segments/clips with
issued textual queries (keywords, phrases, or sentences) and/or
provided video clips or image examples (or some combination of
the two). Many approaches have been tested in recent years,
ranging from plainly associating video shots with text search
scores to sophisticated fusion of multiple modalities
[11[9][14][17][19][21]. It has been proved that the additional use
of other available modalities such as image content, audio, face
detection, and high-level semantic concept detection can
effectively improve pure text-based video search.

A generic hierarchical framework of video search system is
illustrated in Fig. 1. A typical video search system consists of
several main components: query analysis, uni-modal search, and
re-ranking through multimodal fusion. By analyzing the given
query with multiple types of information, different forms of the
query (text, image, video, etc.) are input to individual search
models, such as text-based search model, query by example
(QBE) model and concept detection model. Then a fusion model
is applied to aggregate the search results of the multimodalities.

Such video retrieval systems tend to get the most improvement in
a multimodal fusion fashion by leveraging text search engines,
multiple query example images, and specific semantic concept
detectors. However, applying a wuniversal fusion model
independent of queries (e.g. the weight for each uni-modal is fixed
for all queries in the fusion system) will lead to much noise and
inaccuracy. Since this kind of retrieval by leveraging
multimodalities across various textual and visual information
sources, though promising, strongly depends on the characteristics
of the specified queries. Therefore, in most multimodal fusion
systems for video search, different fusion models are constructed
for different query classes [4][5][6][12][13], with the involvement



of human knowledge. However, this laboratory-style fusion
method is dependent on the quantity of human interference as well
as the quality of employed human intelligence, which lacks in the
adaptability to generic types of queries.

Many researchers have studied on how to better fuse the
multimodalities in video search [7][18][19][21][23]. Kennedy et
al. [23] proposed a query classification method to automatically
discover the classes of query for a query-class-dependent
multimodal fusion. By training a query classification model, the
proposed framework learns the best linear fusion weights of uni-
modals for each specific query class. Although this approach
automatically discovers query classes, it is difficult to develop
highly fine-tuned models for every class of queries; and the
system cannot be easily ported to new domains or data sets which
contain unknown classes of query. Moreover, the supervised
learning process of query clusters is a data-driven method and
requires much training data; therefore, it is not practical for large-
scale video retrieval systems. It is clear that we need to explore
automatic fusion approaches which can automatically adapt to and
leverage the available textual and multimedia cues for video
search, independent of specific queries, training data, and human
knowledge.

Hsu et al. [19] proposed an IB-based (information bottleneck) re-
ranking scheme for video/image search, which reorders results
from text-only searches by discovering the salient visual patterns
of relevant and irrelevant shots from the approximate relevance
provided by text results. This approach, although leverages the
low-level visual features of video shots with text search baseline,
lacks the consideration of high-level conceptual relation between
the video shots. Video shots with much visual similarity in low-
level features may have no resemblance in high level features
(conceptual level) due to the “semantic gap” between visual
features and conceptual features. To by-pass the semantic gap, we
need a finer way to smoothly leverage both conceptual and visual
information into video search re-ranking.

Enlightened by this observation, in this paper we investigate on
automatic multimodal fusion for video search, by employing not
only textual and visual features, but also semantic and conceptual
similarity between video shots to re-rank the search results. We
aim to develop an approach to video search which not only can
avoid the dependency on specific query characteristics, training
data and human interference, but also can leverage textual
relevancy, semantic concept relevancy, and visual similarity in a
novel fashion. It would smooth the multimodal information
sources in an implicit yet “soft” graph-based propagation way
instead of an explicit and “hard” linear aggregation.

In the research area of web page retrieval, many studies have
considered the union of text and graph-based link analysis. Nie et
al. constructed a topical link analysis for web search [30]. Kurland
and Lee studied on structural web page re-ranking utilizing
cluster-based language models [24][25]. There have also been
some studies on transferring graph-based approaches from text
retrieval into multimedia processing in recent years. Shipman et
al. [36][37][38] developed the concept of “detail-on-demand”
video for “hypervideo” authoring where navigational links can be
created between any two video clips or composites. The
“hyperlinks” among video clips or composites construct a
hierarchical navigation structure of video segments, similar to that
of web pages with hyperlinks. Wang et al. [44] proposed to use
random walk with restarts to implement image annotation
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refinement. To re-rank the selected annotations of images, a
graph-based algorithm using Random Walk with Restarts (RWR)
is proposed to leverage both the corpus information and the
original confidence information of the annotations.

A typical random walk method for web page processing through
hyperlinks is the PageRank algorithm [31], which is widely used
in web page retrieval tasks. An assumption in the PageRank
algorithm is that: the hyperlinks between web pages indicate the
relative importance of web pages. The more hyperlinks point to a
web page, the more important this web page is. In the original
PageRank algorithm [31], a single PageRank vector is computed
to capture the relative importance of web pages, using the link
structure of the web independent of any particular search query. In
[15], Haveliwala proposed a topic-sensitive PageRank approach
biased towards a set of representative topics, to capture more
accurately the notion of importance with respect to a particular
topic. In the topic-sensitive PageRank, the more relevance to the
given topic a web page has, the more important the web page is.

Query
(text topic,
image/video
examples)

Query
Analysis

& »
Relevant Text Image/
Concepts Query video
Example
Search w w h 4
-
Concept-Based Text-Based Query by Exmaple
Video Corpus Search Model Search Model (QBE) Model
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Retrieved
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Fig. 1. Framework of the proposed video search system.

We observe that a similar relative relevance dependent on the
given topic also exists in the video search tasks. In video corpus,
each video clip is annotated with a set of semantic concepts,
which represent the semantic content of the video clip. Therefore,
given a query topic in text, the video clip whose concept labels are
similar to the given topic is more likely to be relevant to the
query. This is similar to the relevance of web pages to a given
topic in web search tasks. Moreover, video shots are not
independent of each other, but have mutual relations such as
conceptual and visual similarity. This can be taken as the
underlying “hyperlink” between video shots, similar to that
between web pages. Therefore, an intuition is that, by adopting a
topic-sensitive web page ranking algorithm into video search, the
relevance of video shots to a given query can be learned from
these “hyperlinks” indicating conceptual and visual relations



similarly, which will improve the ranking results from pure text-
based search model.

Based on this observation, we propose a PageRank-like approach
to video search re-ranking. In the proposed approach, we take the
text-based search results as the baseline for re-ranking. Then we
exploit the conceptual as well as visual similarity to build virtual
“hyperlinks” between video shots. By taking the video shots as
the vertexes and the hyperlinks as the edges, we can construct a
set of hierarchical graphs based on different semantic concepts.
Upon these graphs, we apply a modified topic-sensitive PageRank
algorithm to propagate the text-based relevance scores of video
shots through the “hyperlinks” in each graph. The aggregated
results of the propagated scores from the multiple graphs will be
taken as the final ranking results of the search task.

This approach can be adapted to generic types of query as it is
independent of query classes and requires no training data for
query categorization. Also, it requires no involvement of human
effort as the relevance of video shots to a given topic is
propagated through the multiple graphs automatically.
Furthermore, the fusion across textual, visual and semantic
conceptual information is implemented in a graph-based iterative
style, which combines the information from multimodalities in a
natural and sound way. Evaluation of the proposed approach on
TRECVID [40] dataset indicates that the graph-based propagation
method of video search re-ranking significantly improves the
performance of text-based search baseline.

On the other hand, as the baseline of the multimodal fusion, the
text-based video search dominates the performance of the re-
ranking approach. The existing IR (information retrieval) methods
on plain text have been studied for many years. However, when
applied to video search, these approaches are far from acceptable,
although they are much mature and effective on text search tasks.
The poor performance of text retrieval methods directly embedded
in video search is due to the difference between the typical queries
in video search and those in text search. For text search tasks, the
queries are mostly semantic concepts (such as “web ontology”
and “xml protocol”), the searching of which rely much upon their
surface strings’ relevance to the context of documents. Video
search, however, is a task more content-and-visual based yet
relatively less text-relevant. In video search tasks, queries are
often “object-centric,” inquiring for some visual objects, such as a
person, an event and a scene. We name such objects as “targeted
objects” in a query. Obviously, the query terms representing the
“targeted objects” should be considered differently from those
describing the background of the targeted objects.

Driven by this observation, we employ an approach to query
analysis for improving the text-based search baseline as detailed
in our work [26]. In this approach, we identify the “targeted
objects” in a video search query and take special treatment to the
query terms that represent the targeted objects. Specifically, we
modify an object-centric BM25 algorithm, which emphasizes the
contribution of specific query terms that represent the “targeted
objects.” In this way, we convert the text string query into an
“object query.” We name the proposed approach as “object-
sensitive query analysis” for video search. In our proposed
framework of video search system, a systematic yet minute query
analysis process is placed before the text search stage to improve
the search results. The improved text search results will be taken
as the baseline of the multi-graph based multimodal fusion.
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The rest of this paper is organized as follows. In Section 2, we
present the object-sensitive query analysis approach to improve
the text-based video search baseline. Section 3 details the
proposed multi-graph based propagation method for video search
re-ranking upon text-based search baseline results. Section 4 gives
the experimental results of the proposed approaches on TRECVID
dataset. In Section 5 we discuss the future work and conclude this

paper.
2. TEXT-BASED SEARCH BASELINE

As aforementioned, text-based search result is an important
baseline for video search. The graph-based propagation process is
to update the states of the graphs in an iterative style, thus the
performance of the propagation process relies much upon the
initialization of the graphs, i.e. the search results from text-based
search model.

To raise the bar of text-based search baseline, we employ an
approach, namely “object-sensitive query analysis,” [26] which
significantly improves the text-based search results. Three steps,
namely N-gram query segmentation, name entity generalization,
and object-sensitive query term re-weighting, are applied to a
query as a preprocessing stage. Specifically, in the step of object-
sensitive query term re-weighting, we investigate four methods to
identify the “targeted objects,” namely visual content-based
semantic concept detection, part-of-speech (POS) identification,
adverb refinement, and name entity reference highlight.

The details of the object-sensitive query analysis approach to text-
based search can be found in our work [26]. For the completion of
the description of the proposed video search approach, we briefly
review the query analysis approach in this section.

2.1 N-gram Query Segmentation

Before inputting the query topic string into the search engine, we
first segment the query into term sequences based on N-gram
method [3].

Given a query like “find shots of one or more people reading a
newspaper” (a typical query in TRECVID search tasks), the key
terms (“people,” “read,” and “newspaper” in this example) are
retained after stemming (such as converting “reading” to “read”)
and stopwords (such as “a” and “of”’) removing. We apply the N-
gram segmentation to the remained keywords. This particular
example has three levels of N-gram (i.e., N is from 1 to 3).
Therefore, seven query segments will be generalized as:

Unigram: people®, read®, newspaper®;

Bigram: people read™, read newspaper®), people

newspaper®;

Trigram: people read newspaper ).
These segments will be input to the search engine as different
forms of the query, and the relevance scores of video shots
retrieved by different query segments will be aggregated with
different weights which can be set empirically. The higher gram a
query segment has, the more relevant to the given query the
corresponding video shots retrieved by this segment should be,
and therefore the higher weight should be assigned. In this
example, the video shots retrieved by “people read newspaper”
will be given a higher aggregation weight than those retrieved by
“people read.”



2.2 Name Entity Generalization

Most queries for video search tasks contain the terms representing
a name entity, such as a person, a place and a vehicle. In this
paper, we employ a query expansion method for the refinement of
queries with name entities. We name the method as “name entity
generalization.” In our approach, we classify the name entities
into several predefined categories, and give each name entity a
label of its corresponding category. The extraction of name
entities and the application of the generalization method to query
expansion are detailed as follows.

First, using an automatic name entity recognition tool [2], we
identify the name entities occurring in both queries and text
corpus associated with the video data. Then, a label of “name
entity category” (such as “<person name>") is given to each
identified name entity. For example, given a query “find shots
with one or more people leaving or entering a vehicle,” it will be
tagged as: “find shots with one or more people<person name>
leaving or entering a vehicle<vehicle name>.” Similarly, we tag
the name entities appearing in the text corpus of video data as
well, e.g. “Peter<person name> walks out of the car<vehicle
name>.”

With this generalization method, name entities in both query and
text corpus are tagged with the same set of category labels.
Therefore, the relevant text segments which have no “direct”
match to the original query will now be retrieved with these
shared labels. As shown in the example above, the sentence which
contains no query term before name entity generalization now can
be retrieved by the labels which also occur in the expanded query.

2.3 Object-Sensitive Query Term Re-
Weighting
2.3.1 Query Term Frequency

In general text search methods, all the query terms are treated
equally, except that the term frequency in query (gtf) is taken into
consideration, e.g. in BM25 [32] :

(ki +1)tf (k3 +1)qtf
(K+tf) (k3 +qtf)

relevance = Yreq @ (€))
where Q is a query consisting of term T; #f is the occurrence
frequency of the term 7 within the text segment, gtf is the
frequency of the term 7 within the topic from which Q was
derived, and w is the Robertson/Sparck Jones weight [34] of T in
Q. Kis calculated by:

K=l ((1—b)+b=

dl
avdl) @

where dl and avdl denote the document length and the average
document length, respectively. k;, k, and b are empirically set
parameters.

However, in the query of a video search task, gtf of all the terms is
usually equal to “l1,” since there are rare terms occurring more
than once in the query topic. Furthermore, merely using the query
term frequency fails to consider the evidence of the semantic
importance of different query terms. Therefore, to exploit the
specific semantic characteristics of video queries and to better
assess the importance of different query terms, we employ an
object-sensitive query term re-weighting approach, which aims to
distinguish the query terms representing the “targeted objects”
from others representing the background of the targeted objects.
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2.3.2 Identification of Targeted Object

To detect the “targeted objects” in a video search query, we define
four identification methods which we name as: visual content-
based semantic concept detection, POS (part-of-speech)
identification, adverb refinement and name entity reference
highlight, respectively.

Visual Content-Based Semantic Concept Detection

Content-based semantic concept detection is a widely used
method for video annotation and retrieval. A semantic concept is
an abstract description of the content of a video shot, for example,
“person,” “sports,” etc. There are many public concept
dictionaries, such as LSCOM [28] concept list which has become
a general standard of concept detection and evaluation in the
research community. It consists of more than 800 generic
concepts, which represent the most important semantic concepts
of video content. In our approach, we take LSCOM as the concept
dictionary and compare each query term with the list. When there
is a direct match between a query term and a concept of the list,
the corresponding term is identified as a concept tag of the
targeted video shots. Thus, it should be taken as the “targeted
object” in the query.

Part-of-Speech Identification

In order to assess the syntactic characteristics of query terms, we
construct POS (part-of-speech) tagging on the query with an
automatic POS tagging tool [8]. Part-of-speech represents the
syntactic property of a term, e.g. noun, verb, adjective, etc.

By labeling the query topic with POS tags, we can extract the
terms with noun or noun phrase tags as the “targeted objects,” as
the noun and noun phrases often describe the centric objects that
the query is inquiring for. For example, given a query “find shots
of one or more people reading a newspaper,” “people” and
“newspaper” will be tagged as noun and extracted as the “targeted
objects” in the query.

Adverb Refinement

Although extracted as “targeted objects,” the noun and noun
phrases at different positions of a sentence should be treated
unequally due to their different importance. For example, the
noun or noun phrases following an adverb with refinement
meanings (such as “with” and “at least”) represent the objects that
must appear in the targeted video shots. We identify the adverbs
with refinement meanings and take the noun or noun phrases
following these adverbs as “targeted objects,” e.g. the “boats” or
“ships” in the query “find shots of water with one or more boats
or ships.”

Name Entity Reference Highlight

As aforementioned, name entities in the query can be identified
with an automatic entity recognition tool. We observe that the
different terms of a name entity do not always share the same
occurrence rate. For example, in the reference of a publication, the
author is more often referred by the last name rather than the first
name. Based on such observation, we extract the underlying
“targeted object” in name entities by identifying the part which is
more often used as the reference of the name entity.

Take “George Bush” as an example. “Bush” occurs more often
than “George” in the speech transcripts of broadcasted news when
referring to “George Bush.” And at most time, “Bush” refers to
“George Bush” while “George” often refers to someone else. We
calculate the frequency of different parts of a name entity from



external data corpus, such as web search results, and select the
most frequent part as the “targeted object” in the query.

2.3.3 Modified BM25 Algorithm

To emphasize the contribution of the terms representing “targeted
objects” in the query, we define a modified gtf,,, for BM25
equation (1):

Qtfnew = 2iw; * 0;(t) + qtfoa 3)
y _ (1 if tisantargeted object;
0:(t) = {O otherwise. )

where gtf,; represents the original query term frequency within
the query topic as defined in (1). Oy (t) represents the indicator
function which predicts whether a term ¢ represents a targeted
object or not; w; represents the weight assigned to the targeted
object term detected by a specific identification method
aforementioned (i = 1, 2, 3, 4). In special cases where a term is
detected as the targeted object by more than one method, the
scores from multiple methods will be aggregated and assigned to
the term as a combined score. Specifically, in the case where the
term is not detected as a targeted object by any method, the ¢tf,.,,
will remain the same as the original query term frequency (gtf,q ).

To combine the object-sensitive approach to query analysis with
the text retrieval baseline in video search, we modify the original
BM25 algorithm to an object-centric BM25 algorithm with the
modification of gi#f in equation (3) and (4):

(ki +D)tf (k3 +1) Ew*0()+qtfo1a)
(K+tf)(ks+X w0 ()+qtfoia)

relevance = Yreq @ ()
In the modified object-centric BM25 algorithm, not only the query
term frequency is counted in, but also the object-based semantic
importance of the query terms is taken into consideration.

With the object-sensitive query analysis approach, we enhance the
performance of pure text-based methods employed in video
search. Evaluation of the object-sensitive query analysis approach
on TRECVID dataset shows significant improvement over the text
search baseline [26].

3. VIDEO SEARCH RE-RANKING

Up to now, we have reviewed the object-sensitive query analysis
approach to improving the text-based search baseline. The
traditional multimodal fusion method in video search is typically a
simple linear aggregation of search results from multimodalities,
which does not exploit the underlying relationship between
multimodalities. Furthermore, although the linear fusion method
is easy to implement, much training data and human intelligence
are required. Therefore, an optimized combining strategy is
desired for a finer fusion of the information from multiple sources
including textual, audio, semantic conceptual and visual features.

As aforementioned, we observed that there is an analogy between
video shots and web pages: with the virtual “hyperlinks”
indicating semantic relationships, video shots can construct a
hierarchical structure similar to the hyperlinked web page
structure. A straightforward intuition is that: by adopting a similar
method to web page ranking utilizing hyperlinks, the video search
problem can be addressed in a graph-based ranking fashion
utilizing the hyperlinks of video shots as well.

Recently, the most widely used web page ranking algorithm is
PageRank, which was proposed by Sergey Brin and Lawrence
Page in 1998 [31]. In this paper, we propose a modified PageRank
algorithm for video search re-ranking. To give a better
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explanation of the proposed algorithm, we first give a brief
introduction of the PageRank algorithm and its modifications.

3.1 PageRank Algorithm

In [30], Nie et al. gave a detailed survey on the recent studies of
PageRank algorithm, including the static PageRank, the dynamic
PageRank, and the relevance-based intelligent surfer PageRank.

3.1.1 Static PageRank Algorithm
Brin and Page [31] proposed an alternative model of page
importance, called the random surfer model. In that model, a
surfer on a given page i, with probability (/-d) chooses to select
uniformly one of its out-links O(i), and with probability d jumps
to a random page from the entire web W. The PageRank score for
vertex (page) i is defined as the stationary probability of ending
the random surfer at vertex i. One formulation of PageRank is
given by:

1

PR®) = (1= d) Bjyyi 52+ d

©)

The static PageRank algorithm is a query-independent measure of
the importance of web pages. It is only related to hyperlink
structure of the entire web and has no bias to specific topics.

3.1.2 Dynamic PageRank Algorithm

In Haveliwala’s Topic-Sensitive PageRank (TSPR) [15], a set of
topics consisting of the top level categories of the ODP [15] are
selected, with ; as the set of URLs within topic ¢; . Multiple
PageRank calculations are performed on each topic, respectively.
When computing the PageRank vector for topic c¢;, the random
surfer will jump to a page in 7; at random rather than just to any
page in the whole web. This has the effect of biasing the
PageRank to that topic. Thus, page k’s score on topic ¢; can be
defined as:

TSPR() = (1 = ) i o + d 2 ™
To rank results for a particular query g, let r(g, ¢; ) be ¢’s
relevance to topic ¢; . For web page k, the query sensitive

importance score is given by:

Sq(k) = X;TSPR;(k) *1(q, c}) )

The relevance results of web pages to a given query are ranked
according to this composite score.

3.1.3 The Intelligent Surfer
Richardson and Domingos [33] proposed an intelligent surfer
PageRank algorithm (ISPR), in which the surfer is prescient,
selecting links (or jumps) based on the relevance of the target to
the query of interest. In such a query-specific version of
PageRank, the surfer still has two choices: follow a link, with
probability (I — d), or jump with probability d. However, instead
of selecting among the possible destinations equally, the surfer
chooses the target using a probability distribution generated from
the relevance of the target to the surfer’s query. Thus, for a
specific query g, page j’s query-dependent score can be calculated
by:

CB))

r(q.j)
Yri->17(@l)

15,() = d— 2+ (1= d) Biin 14 (D) )
3.2 Multi-Graph Construction

In this paper, we will formulate the video search problem in a
graph-based fashion, by exploiting the analogy between video



shots and web pages in a “PageRank-like” way. Based on this
viewpoint, we will construct hyperlinked graphs of video shots
similar to those of web pages. Then we will apply a modified
topic-sensitive PageRank algorithm to propagate the relevance
scores of video shots through these graphs. The video shots will
then be re-ranked according to the aggregation scores of the multi-
graph based propagation.

In the following paragraphs, we will demonstrate the process of
video search in the “PageRank-like” way by constructing the
hyperlinked graphs of video shots.

3.2.1 Text-Based Search Model

Text-based search model is the baseline of most multimodal
fusion methods currently studied. We also take the text-based
search results as the baseline of our multi-graph re-ranking model.

A more formal definition of text retrieval in video search problem
is: given a query in text, we are to estimate the relevance R(x) of
each video shot x in the search set X (x€X) to the query, and order
them by their relevance scores. The relevance of a shot is given by
the relevance score between the associated text of the shot and the
given text query.

With the text-based search model presented in Section 2, each
video shot is assigned with a relevance score on the given text
query. The higher relevance score, the higher likelihood that the
shot is related to the given query.

Given the retrieved video shots and their relevance scores, we
could treat the video shots in a similar way to the retrieved web
pages in a web search task. We take the video shots as vertexes,
and construct a vertex-weighted graph with these video shots. The
text-relevance score of each shot is considered as the weight of
each vertex, similar to the relevance score of each web page to the
given topic in a web search task. The video shots that are
irrelevant to the query (identified by text-based search model)
have a default relevance score equal to zero. An exemplary graph
of a set of video shots is shown in Fig. 2.

0.634

DD

0.743 0.584

Fig. 2. A graph with video shots as vertexes.

3.2.2 Concept Detection Model

Semantic concept detection is a widely studied topic in
multimedia research areas [4][5][29][39][43]. A concept detection
model predicts the likelihood of a video shot being related to a
given concept, and classifies the video shots into positive category
(relevant) and negative category (irrelevant) on a given concept.
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In our approach, we employ the concept detection model to assess
the virtual semantic relations between video shots. We use several
models to implement concept detection, such as SVM (Support
Vector Machines) [20][42], manifold ranking [45] and
transductive graph [10]. The details of these models for concept
detection can be found in [16]. Briefly speaking, these models
detect the relevance of each video shot to a specific concept, and
rank the video shots according to their “confidence scores” of
being relevant to the concept.

With the concept detection model, we can get a set of relevant
video shots to each concept respectively. The set of relevant video
shots to a specific concept are not independent of each other, but
share some semantic relationship. This relationship is similar to
the case of web pages. A pair of web pages which have a
“hyperlink” between each other share some semantic relationship,
which is indicated by the anchor texts of the hyperlink. Similarly,
the concept to which a set of video shots are related indicates the
semantic meanings of the contents of these video shots. Therefore,
the semantic meaning which is shared by a pair of video shots can
be taken as the “hyperlink” between each other as well, with the
corresponding concept as the “anchor text.”

Given a query, we can select a set of concepts that are highly
relevant to the query from a concept dictionary. The relevant
concepts to a given query can be retrieved through typical text
processing methods, such as surface-string similarity computation
[27][41], context similarity comparison [35], ontology and
dictionary matching (such as using WordNet [11]). For each
concept mapped to the query, we can obtain from the concept
detection model a set of video shots which are relevant to the
concept. Then we build a virtual “hyperlink” between each pair of
these video shots indicating that the two shots have a semantic
concept similarity.

Thus, for the set of concepts mapped to the given query, there will
be a set of graphs constructed based on individual concepts. Each
graph consists of all the video shots that are relevant to the
corresponding concept. Fig. 3 illustrates an exemplary graph
constructed on a specific concept “car.” The vertexes of the graph
are video shots that are relevant to the concept “car.” Each vertex
contains a text-relevance score generated from the text-based
search model, as well as a confidence score of being relevant to
the concept “car” generated from the concept detection model.
This graph indicates that there is a semantic concept similarity
between each pair of the “hyperlinked” video shots, and the
similarity refers to the concept “car.”

Fig. 3. A graph based on a specific concept “car.”



3.2.3 Visual Similarity Model

The assumption we adopt in the graph construction procedure is
that, if two video shots are predicted as positive instances by
concept detection model, they probably share a semantic
conceptual similarity between each other. However, due to the
limited performance of concept detection methods, two shots
which are both predicted as relevant to a concept may have no
similarity actually. Therefore, to better reinforce the relationship
between video shots by tightening the constraint of “hyperlinks”
generated from wrong prediction, we have to exploit other
information besides semantic concept similarity into the graph
construction.

A widely used similarity measure of video shots is the content-
based visual similarity, which can be obtained from low-level
features of video shots. In our approach, we employ a visual
similarity comparison model of these low-level features to refine
the hyperlinks in the “PageRank-like” graphs of video shots.

The comparison model of visual similarity is implemented as
follows: we build a vector for each video shot with low-level
visual features (where visual features on color moment are mainly
used) as the vector elements. Then for each pair of video shots, we
compare the distance of the corresponding pair of vectors
(Distance (X l-,X]-)), and take it as the measure of visual similarity
of video shots. One form of the distance equation is aggregating
the divergence of feature values on each dimension:

Distance(X;, X;) = Xq |xig — Xjal (10)

where x;; is the value of the d-th element of the feature vector of
video shot i, i.e. the d-th low-level feature of shot i.

Then we give a threshold of distance to filter the video shot pairs
which have low visual similarity. Only those with a distance
smaller than the threshold are taken as similar pairs. And the
hyperlink between a pair of video shots which share a distance
larger than the threshold will be taken as pseudo-pairs and then
pruned from the “PageRank-like” graph.

Fig. 4 gives an illustration of the graph pruned from the
aforementioned exemplary graph constructed based on the
concept ‘“car” (Fig. 3). After pruning, the complete graph
constructed by the concept detection model is now modified to an
incomplete graph, with only the hyperlinks connecting highly
relevant pairs of video shots retained.

0.985 L

0.892

0.743 = 0.584

Fig. 4. A graph pruned based on visual similarity.
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3.2.4 Edge Direction Assignment

In the web space, a pair of web pages which are connected by a
hyperlink do not always have the same importance, especially on
a specific topic. The kernel assumption in PageRank algorithm is
that, the web page “in-linked” by a hyperlink has a higher
importance than the web page “out-linked” by the hyperlink, as a
more important web page is theoretically cited more frequently
than other less important ones. Similarly, although sharing a
mutual relationship of conceptual and visual similarity, two video
shots connected by a “hyperlink” in the “PageRank-like” graph do
not always have the same importance in the video shot space as
well.

“Random walk” is another assumption in PageRank algorithm. It
is assumed that Internet surfers will “random walk” to a web page
following the hyperlinks within the current web page, or randomly
“jump” to a web page out of the linked set. Although the walking
or jumping behavior is random, the web pages which are in-linked
by more hyperlinks will have a larger probability to be visited
than others which have less in-links.

This “random walk” idea can be ported into video search as well.
We assume the video shots retrieved by search models as a set of
web pages in a web space. Therefore, when a user “surfs” among
the video shots for a given query, he will “random walk” to
another video shot which is in-linked by this video shot, or jump
to a video shot which has no hyperlinks with the current shot.
However, the probability of “walking” to an in-linked video shot
is much larger, as a video shot that is more relevant to the query
(in-linked by the current video shot) has a larger chance to be
visited rather than other unlinked video shots. The reason is that
the user has a query in mind, and is searching for relevant video
shots. Thus, when he finds a relevant video shot to the query, he
will prefer to follow the out-link of this video shot to a more
relevant shot, in order to reach the targeted video shots.

As a concept related to the given query is a bridge between the
video shots and the query, the video shot which contains a higher
confidence score of concept detection on this specific concept is
more relevant to the query than a shot that has a lower confidence
score. Therefore, we can assign a direction between each pair of
video shots by comparing the confidence scores of these video
shots from concept detection models. The direction is assigned as:
the hyperlink will be “out-linked” from the video shot with lower
confidence score to the one with higher confidence score, so that a
surfer following the out-link of a video shot will reach to a more
relevant shot.

Fig. 5. A graph re-constructed with directed hyperlinks.



Fig. 5 shows an illustration of a directed graph. For each edge in
the pruned graph in Fig 4, a direction is assigned from the shot
with lower concept confidence score to that with higher score, i.e.,
the vertex that is more relevant to the given topic is “in-linked” by
the hyperlink and that the one less relevant is “out-linked” by the
hyperlink.

3.3 Video-PageRank Algorithm

Up to now, we have exploited the underlying conceptual and
visual similarity relationships between video shots, and simulate
the video search problem in a “PageRank fashion.” In summary,
we construct a uni-graph based on a specific concept in the
following procedure: vertex weighting by text-based search
model, hyperlink construction by concept detection model, graph
pruning by visual similarity comparison model, and hyperlink
direction assignment with confidence score from concept
detection model.

Moreover, given a set of concepts related to a given query, we can
construct a set of graphs based on each individual concept. Upon
the multiple graphs, we apply a modified “intelligent surfer”
PageRank (ISPR) algorithm for video search and propose a graph-
based propagation approach to re-ranking the text-based search
results. In this paper, we name the proposed “Intelligent Surfer”
PageRank algorithm for Video Search as ISPR-VS algorithm.

The ISPR-VS algorithm is explained as follows. We assume that a
surfer (similar to a surfer in the web space) is browsing among a
graph of video shots and searching for relevant video shots to a
given query g. At a specific video shot j, the surfer will choose to
select one of the out-links of the current shot uniformly, or jump
to a video shot in the entire video corpus randomly. For the next
step of browsing, the surfer has two choices: follow a link, with
probability (I — d), or jump, with probability d. However, the
surfer in a video search task is prescient rather than random
walking, as the text-relevance score of each video shot to the
query is provided as priori-knowledge. Therefore, the surfer will
select the links (or jump) based on his/her interest of query.
Instead of selecting among the possible destinations uniformly,
. ST ASR(q,J)
the surfer chooses using a probability distribution (Zkec SR (q'k)),
where ASR(q,j) refers to the ASR-based text relevance score of
the targeted video shot to the surfer’s query. ASR refers to
automatic speech recognition, which is widely employed to
generate text corpus associated with video data from embedded
audio speech.

The ISPR-VS score calculated from the graph constructed on a
specific concept ¢ is given by:

ASR(q.J) _ o N _ ASR(q.j)
. d Seeoo ASR@R) A= D) Xiiinj 0 IS0, TLio1ASR(@D)
ISq,c(/) = ASR(q,)) X i , (l l)
d W, if shot j doesn't map to the concept

where ASR(q,j) represents the ASR-relevance score of shot j to the
given query g, generated from the text-based search model. G(c)
represents all the video shots in the graph generated on concept c.
d is a parameter similar to that in the static PageRank algorithm,
which can be set empirically. / represents the shots that out-link to
the shot j in the graph constructed based on concept c, i.e., /
represents the shots that have lower concept confidence score than
shot j on the concept c¢. For the shot that has no relevance to the
concept ¢, an initial text-relevance-based score is given to the shot
ASR(4.))
YkeG(c) ASR(q.k)"
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Thus, for a specific query g, video shot j’s query-dependent score
within the graph based on a specific concept ¢ can be calculated as
IS, .(j). This re-ranked relevance score will be propagated on each
video shot iteratively until convergence, as the ISPR-VS
algorithm is recursive.

Based on the propagation, we further define an aggregation
algorithm upon multiple graphs. The aggregated score of multi-
graph propagation is given by:

ISq() = e 1Sq.c ()

where IS, (j) represents the relevance score of video shot j to the
query within the graph based on concept c. IS,(j) denotes a linear
combination of all the IS, (j) scores on the set of query-related
concepts. With this combination, the aggregated relevance scores
of video shots will be taken as the final re-ranking results.

4. EXPERIMENTS
To verify the effectiveness of the proposed approaches, we apply
them to the data set of TRECVID 2006 [40], which consists of
259 videos with 79,846 shots in a size of 87.7G. 24 queries are
provided for the search task.

(12)

In the experiments that evaluate text-based search model, we take
the original BM25 algorithm as the baseline, and incrementally
add the proposed object-sensitive query analysis methods to the
baseline algorithm. Table 1 shows the experimental results of
average MAP on all search tasks.

From Table 1 we could see that the object-sensitive query term re-
weighting method improves the performance of text-based search
baseline significantly. The N-gram query segmentation and the
name entity generalization methods, although have relatively
smaller contribution, also improve the performance. More detailed
experimental results can be found in our work [26].

Table 1. Performance of object-sensitive query analysis.

Approach Average MAP
Pure text search baseline (BM25) 0.0328
+ N-gram query segmentation 0.0345
+ Name entity generalization 0.0367
+ Obj‘ect-‘sensitive.query term re- 0.0424
weighting (modified BM25)

Then we take the text-based search results as the baseline for re-
ranking and implement the graph-based propagation. For the
mapping of query and concept, we use the concept list of the
LSCOM [28] as the concept dictionary. When there is a direct
match between a query term and a concept of the list, or when the
query belongs to a general category represented by a concept (e.g.
“person,” “sports”), the corresponding concept is identified as
relevant to the query and a graph of video shots is constructed
based on this concept.

Table 2. Performance of graph-based propagation approach.

Approach Average MAP Gain
Pure text search baseline (BM25) 0.0328 -
Our Text search baseline
(modified BM25) 0.0424 29.3%
+ Multi-graph based re-ranking 0.0651 53.6%




As the performance of propagation relies much upon the results
from the concept detection model, to get a stable performance of
propagation as well as to speed up the efficiency of iteration, we
only choose the concepts which have high accuracy in concept
detection. Therefore, we evaluate the concept detection results
with the ground truth provided by TRECVID2006 high-level
feature extraction task, and filter the concepts that get low
precision. The experimental results of the multi-graph based
propagation approach are shown in Table 2.

For the PageRank-like algorithm, we set the parameter d equal to
0.85, which is taken as the empirical setting in the classic
PageRank algorithm. Experimental results show that the multi-
graph based re-ranking approach gets an average MAP of 0.0651,
which significantly outperforms the text-based search baseline
(0.0424) by 53.6%.

Fig. 6 shows the comparison of the proposed re-ranking approach
and the text-based search baseline on each query of
TRECVID2006 dataset. The experimental results indicate that
with graph-based re-ranking, the performance of video search is
improved upon the text-based search baseline on most queries,
although suffers slight loss on several queries, such as query
“177” and “194.”
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Fig. 6. Performance of graph-based propagation.

5. CONCLUSIONS & FUTURE WORK

In this paper we addressed the problem of multimodal re-ranking
in video search. We proposed a graph-based propagation method
to re-rank the relevance score of video shots. In the proposed
approach, we investigated the video search problem in a
“PageRank fashion,” by taking the video shots as web pages and
the conceptual as well as visual similarity as hyperlinks. Then we
proposed a modified topic-sensitive PageRank algorithm to
propagate the relevance score of video shots through these
hyperlinks. We also employed an object-sensitive approach to
query analysis with a modified BM25 algorithm to improve the
performance of text-based search baseline. Through experiments,
we verified the effectiveness of the proposed graph-based re-
ranking approach combining with the object-sensitive approach
on the dataset of TRECVID2006. Experimental results indicated
that the proposed video search approaches significantly improve
the performance of pure text-based video search results.

For future work, we will focus on the study of applying other
graph-based propagation methods to video search, such as HITS
algorithm, to better implement video search re-ranking task. We
are also to tackle the problem of identifying the targeted objects
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from multimedia data rather than only plain text, to improve the
object-sensitive query analysis method.
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