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EXECUTIVE SUMMARY

This report describes the activities carried out in the scope of Task 5.2 of the SAPIR project.
The aim of SAPIR is to develop novel and scalable methods for querying audio-visual
content using complex queries combining text, meta-data and audio-visual content.
Scalability is achieved by using P2P network with Semantic Overlay Networks for the media
involved. In the P2P setting, a query can be initiated at any peer and this report describes
the processing done by the peer where the query is initiated. It involves query parsing;
mapping to the appropriate overlays and then merging the results into a single result list.
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1 INTRODUCTION

The aim of the SAPIR project is to develop novel and scalable methods for querying audio-
visual content using complex queries combining text, meta-data and audio-visual content.
Query input is supplied by the user following the “query by example” paradigm using several
audio-visual sources for querying. A query in SAPIR is represented by XML fragments [9]
and can include combinations of audio-visual content with optional text. The user can define
through the query syntax how to weight and aggregate the different query parts.

Scalability is achieved by using P2P overlay network with Semantic Overlay Networks
(SON) for the different media involved. Example Overlays can be an image overlay that
index and search images in a P2P overlay using metric space for Visual descriptors
similarity. Another overlay can deal with text and metadata.

The SAPIR architecture [10, 11] defines how a peer joins the SAPIR network and how it
connects to the participating overlays. The architecture is extensible by dynamically adding
new overlays and then updating all participating peers through a distributed P2P registry
ring on the new overlays.

In the SAPIR architecture each participating peer has a local Query Analyzer component
that can be used to run complex queries and thus a query can be initiated at any peer. We
refer to the peer that initiates the query as the initiating peer. Query processing is done at
the initiating peer by first parsing the XML query and mapping each sub query to the
appropriate overlay using a dynamic configuration. Then the initiating peer sends the query
parts to each involved overlay which internally routes the query to the appropriate peers and
then returns a list of sorted results to the initiating peer. Finally the initiating peer needs to
merge the results from the overlays to obtain the best top-k results for the user query. The
merging is based on Fagin’s TA family of algorithm [1] with several optimizations that were
done in the scope of Task 5.2 to run it efficiently in the P2P setup.

In this report we describe the processing done at the initiating peer to process a query. The
report is organized as follows. In Section 2 we give an overview of the SAPIR peer
architecture and the query analyzer. In Section 3 we present the query syntax. In Section 4
we describe the query decomposition. In Section 5 we describe the mapping of queries onto
overlays. In Section 6 we describe the merging algorithms we use to merge the results of
sub-queries into which complex queries are decomposed. In Section 7 we describe a web
user interface that we have implemented to run the complex queries. We conclude with a
summary and a discussion of future work in Section 8.

2 PEER AND QUERY ANALYZER OVERVIEW

The architecture of a SAPIR peer is depicted in Figure 1 below. The peer can participate in
several overlays where each overlay is responsible to index and search in one or more
media types, that are identified by feature groups [10, 11].
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In a P2P setting a query can be initiated at each peer, so each SAPIR peer has a Query
Analyzer component that handles the queries. Since we deal with “Query-by-example”, a
guery can include audio-visual content combined with text. The query can be entered by a
Ul and the Ul is responsible to convert the query into the XML query syntax as described in
SAPIR D5.1 [9]. In this report we describe the query processing assuming that the query is
already given in the XML syntax. The translation into the XML query syntax is outside the
scope of this report and will be described in other SAPIR deliverables.

Universal Ring

= Query
@ ¢ HTTP analyzer bl an_aly_zer_
o < Visual features Overlay
—————
T e
<J[_swb - Text overlay
< JIstbiT e Music overlay
< g Content overlay e )
I :17 Feature
s Extraction
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Figure 1 - SAPIR Peer components

In this report we therefore focus on the Query Analyzer component that is responsible for the
guery processing at the peer.

2.1 The Query analyzer

The Query Analyzer is responsible for the entire life cycle of a single query in a SAPIR node.
This includes

1. Query Decomposition- parsing the query and instantiating a query object for the query
and decomposing the query object to sub queries (see section 3)

2. Map to Overlays- sending sub queries to the available overlays in the peer (see section
4)

3. Merge Algorithms- receiving results from each overlay and merging the results into a
coherent result object that satisfies all query constraints. (see section 5)

Figure 2 depicts the three steps of query processing inside the query analyzer. The process
starts with the XML query object which then is decomposed into the SAPIR query objects. Each
guery object is assigned to overlay that can handle such queries. Finally, each overlay executes
its query object and generates results list object. Eventually, all the results lists are combined
into one final results list object.

% # " $%& Cw &



DAPIR

Search in Audio-Visual

Merge Algorithm

3 QUERY SYNTAX AND DECOMPOSITION
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Figure 2 - Flow inside the query analyzer

The query syntax we use in SAPIR is expressed in MPEG-7 and it supports complex
gueries combining audio-visual descriptors and text and metadata. An example query is

given below while the full query syntax is defined in [9].

<Mpeg7Query myWeight="2">
<title>Twilight</Title>
pisa
</Mpeg7Query>
<Mpeg7Query myWeight="1.5">
<VisualDescriptor type="ScalableColorType" numOfCoeff="64">
<Coeff>11 92 -3 87 ... -3 -6</Coeff>
</VisualDescriptor>
<VisualDescriptor type="EdgeHistogramType">
<BinCounts>2 2 6 7 ... </BinCounts>
</VisualDescriptor>
</Mpeg7Query>
<Mpeg7Query myWeight="2">
<title>Twilight</Title>
pisa
</Mpeg7Query>
<SocialDescriptor>useridl</SocialDescriptor>
</Mpeg7Query>
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The above query contains three CompoundQueries: text, VisualDescriptors and Social
Networking parts.

The first step in Query processing is to parse a query and decompose it to simple queries
and to compound queries. The query decomposition is described in detail in Deliverable
D5.1 [9].

In general each query is decomposed into Compound Queries and Simple Queries where a
Simple Query is a query on a single feature while a CompoundQuery can be further
decomposed into Compound and Simple Queries.

4 MAPPING OF QUERIES ONTO OVERLAYS

In general, overlays are components that provide means for peers to communicate among
themselves. In this document, we do not discuss the issues of constructing the overlay but
rather, the semantics of the overlay. By semantics we imply the characteristic of the overlay,
i.e., what features it supports what access mode it supports, etc. The purpose of mapping is
to match the existing overlays with the corresponding query parts. Figure 3(a) shows an
example of a Compound Query (CQ) that includes a text part (“cake”) and an image part.
Further assume two overlays, image and text overlay (Figure 3(b)). The visual descriptor
overlay can handle the image query (i.e. similarity between visual descriptors) and the text
overlay supports text-based queries. Then a correct mapping should send the text query to
the text-overlay and the image to the visual descriptor overlay.

(ILVisual Descriptors Overlay I

\> . .
Metric index

Similar to

and... (T Text Overlay i
Fulltext search | _—»

—— .
[cakd Text index

@) (b)

Figure 3 - Mapping of Image and text query

4.1 Simple Query mapping

Mapping of a simple query is done via the featureGroup attribute [10,11]. To recall [9], a
simple query is a tuple Q(FeatureGroup, MyWeight, Range, Content). The featureGroups
are pre-defined in an enumeration list, some examples are text, social, DRM, visual
descriptors, video etc. In addition, each overlay declares which features it supports by
implementing the interface Overlay.isSupported(FeatureGroup). Thus, when a simple query
is initiated, we consider all the overlays that support this feature as candidate overlays, and
then chose the most suitable one. In the current implementation, we randomly chose one of
the eligible overlays; however, more sophisticated approaches could be utilized.
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4.2 Compound Query mapping

A compound query can comprise other compound queries or simple queries; thus, it could
support several feature groups. In order to decide on the suitable overlays, the first step is
to partition the compound query into its descendants. Generally speaking, if the descendant
is a compound query, it should be also partitioned into its descendants in a recursive
manner, where the base case is when the descendant is simple query. For simplicity, we
assume that the compound queries depth is no more than two.

Having found all the simple queries in the compound query, we now need to group them (if
possible) onto the appropriate overlays and create the corresponding queries. The main
idea is that if there are several query fragments that belong to the same overlay, they
should be grouped together into one compound query and this should be sent to the
corresponding overlay. It is worth noting that this grouping is not always possible; for
example, assume the query tree in Figure 4. The orange ovals belong to “text” feature
(author and title) and the green ovals belong to the “visual descriptor” features. However, we
can not group the “author” and the “title” to one query since there should be some
aggregation to be done before combining the right side of the query tree with the left side.
Thus, in this case, two different queries will be generated to the text overlay and one for the
image overlay (for the visual descriptors). This will require a hierarchical invocation of the
merging algorithm according to the query tree.

For simplicity, in the current implementation we keep the original query tree structure,
namely we assume that all queries of an overlay are already grouped together in the query
tree. As a result, the merging algorithm needs to be invoked only once.

Figure 4 - lllegal grouping of “Author” and "title”

4.3 Overlays implemented in SAPIR
In SAPIR we currently implemented the following overlays —

Overlay Supported FeatureGroups Overlay
description
Mufin VisualDescriptor_ScalableColorType, Overlay for
VisualDescriptor_ColorLayoutType, image search

VisualDescriptor_EdgeHistogramType,
VisualDescriptor_ HomogeneousTextureType,
VisualDescriptor_ColorStructureType

Minerva Text Overlay for text
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search
Lucene Text Overlay for text
search
SaND SocialDescriptor Overlay for
reranking of
results based on
Social
networking
DRM DRMDescriptor Overlay for
filtering results
based on DRM
Cache VisualDescriptor_ScalableColorType, Overlay for
VisualDescriptor_ColorLayoutType, performing
VisualDescriptor_EdgeHistogramType, cache over
VisualDescriptor_HomogeneousTextureType, image
VisualDescriptor ColorStructureType
Speech Text Overlay for
search in
speech data
Video Video Overlay for
search in Video
Music AudioDescriptor_MelodyDescriptionType, Overlay for
AudioDescriptor_RhythmDescriptionType, music search

Table 1 - implemented overlays

5 MERGE ALGORTIHMS

Top-k queries are common queries in domains such as the web, multimedia search, and
distributed systems. For example, consider a video database system where several visual
features are extracted from each video segment. Example features include color histograms,
color layout, texture, and edge histograms. Features are stored in separate, high dimensional
indices that support similarity queries.

Given a query it is possible to get from each index (source) a list of objects sorted by
descending order of relevance to the appropriate query. Top-k queries are usually done by
merging those lists into a single ranked result list using some aggregate function over the
objects’ scores from the different lists.

The state-of-the-art solution for merging several lists (also known as the top-k problem) is
the family of Fagin’s TA/NRA [1] algorithms. Although these algorithms have been proven to
be instance optimal [1], their running time can degrade into complete scans of the input lists.
Moreover, we show that their basic form is not appropriate to handle video search and
develop suitable extensions. In this section we describe briefly those algorithms and then
describe various optimizations and extensions we developed in SAPIR, in particular:

1. Optimizations to the TA/NRA needed for a P2P environment

2. Filtered algorithm
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3. Top-k aggregation for M:N mapping
4, Time (budget) aware algorithms

5.1 TA (Threshold Algorithm) optimizations

Inspired by the state-of-the-art algorithms, we implemented Fagin’s TA [1] algorithm with several
extensions and optimizations. The TA algorithm defines the notion of sorted and random
accesses. In sorted access, the next object in the descending order of scores is retrieved from
the list associated, whereas, random access retrieves the score of a random given object from
the list. A TA algorithm performs a mixture of sorted and random accesses to the lists. At any
time during the execution of such an algorithm, there is complete knowledge of the already seen
objects. Given m lists, the algorithm starts with sorted access to list i, “sees” object o, and then
performs random accesses to the remaining lists to fetch o’s score, thus having the complete
score for o. In addition, the TA maintains the score of the object at the current cursor position for
every list i (denoted as high;). An object whose aggregated score is within the best k already
seen objects becomes part of the top-k set. The TA terminates when the object with the lowest
score in the top-k set is higher than the threshold value defined as the aggregated score of the
highy’s.

We now discuss different optimizations and improvements that we applied on top of the TA
algorithm.

5.1.1 Sorted access in Batches

The TA as described above considers only costs for sorted and random accesses. However, in
a peer-to-peer (P2P) environment, one should not ignore the network and communication
overhead. Specifically, the overhead comprises the network latency incurred by message
rounds and the network bandwidth consumption incurred by the data exchange among the
peers. The abovementioned TA execution in a P2P environment will generate communication
message to get the next object as well as performing the random accesses, which can result in
high overheads. Thus, the first optimization we applied is to reduce the network overhead by a
“fetch in batches” execution. As suggested in [2], to reduce network communication, successive
Result Objects can be batched into one message; instead of getting only one object every time
that the peer contacts an overlay, it will receive B sorted ResultObjects. To support the batched
execution in the SAPIR implementation, one of the parameters for the query execution is the
batchSize, the size of the result list that a peer wants to fetch.

5.1.2 Random Access in batches

In the original TA, the random accesses are done immediately when a new object is seen,
means that a communication message is send to the overlays after each new object. As
discussed above, these communication overheads are expensive. Thus, in our
implementation, for each overlay, the random accesses requests are batched into one array
and only one communication message is sent.

5.2 NRA (No Random Access) optimizations

We now discuss the NRA algorithm [1]. The main assumption in this algorithm is that no random
accesses to the overlays are allowed; thus, with sorted only access it needs to determine the k
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best results. The algorithm assumes that each overlay generates a sorted, non-increasing,
result list that is relevant to the appropriate queried overlay. Each list consists of a ResultObject,
which consists of a TargetObject (object id) and its relevance score. The NRA starts with sorted
access to the different lists, in each step it sees the next object. Thus, at any time during the
execution some objects may have been only partially seen in a subset of lists, so there is some
uncertainty about the final score of the object. The algorithm therefore keeps, for each seen
TargetObject d, two values to bound its final score: worstScore(d) and bestScore(d).
worstScore(d) is computed as the sum of the seen scores of d, assuming a score of 0 for the
remaining dimensions, and serves as a lower bound for d@ final score. bestScore(d) is
computed as the sum of worstScore(d) and the high; values of lists where d has not yet been
seen, where high; is the value at the current scan position of list i, bestScore(d) is therefore an
upper bound for d® final score. Objects are then kept in two sets: The k objects with the
currently highest worstScores form the current top-k answers, and the remaining objects reside
in the candidates set. The algorithm can safely stop when the object with the highest bestScore
of the candidates set has a bestScore that is smaller than the worstScore of the object with the
min worstScore from the top-k set. Figure 5 shows the second round of an NRA execution for
getting the top-2 results with the corresponding top-k and candidates sets.

R, R,
al 0.9 dl 0.9 211091 /o=
= 0.8 2]0.85 d] 09,1 7]
cl0.72 0.7
[0.8,1.65]
dl 04 cl 0.2

Figure 5 - second round of NRA execution for top-2 results

Similar to the TA case, we applied the “Sorted access in Batch” optimization to the NRA. In
addition we applied two more optimizations: Bounded Candidate List and Update Upper Bound
Once which are described in the following subsections.

5.2.1 Bounded Candidates List

As described above, every object o that does not qualify for the top-k set (worstScore(o) <
worstScore(d) where d is the object with the min score from the top-k set ) and could not be
eliminated (bestScore(o) > worstScore(d)), is inserted into the candidates set. However,
many of these objects have a very low probability to be qualified for the top-k. Keeping all
the objects in the candidates set means maintaining a very large set. The cost of
maintaining such a set is O(n) which is not suitable for an online algorithm [3]. Thus, as
suggested in [3] we can limit the size of the set and keep only the r (typical r could be 200)
best candidates.
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5.2.2 Update Upper Bound Once

The bestScore(d) value is based on the scores for the unseen lists at the current position
(high)). When the NRA algorithm scans the next row, the bestScore of all the relevant
objects need to be updated. Again, such updates could impose very high overheads on an
online algorithm. It is worth noting, that when the query analyzer gets the results lists in
batches from the overlays, it can exploit this situation as follows. Whenever an object is
seen in one of the lists, it is then immediately probed in the other lists with negligible cost.
To update the bestScore efficiently, if the object appears in the remaining lists, the
worstScore and bestScore are updated. However, if not, then the worstScore is set to 0,
and the bestScore is set to the lowest score of the list.

5.3 Filtered Algorithm

The main purpose of this merge algorithm is to improve the efficiency by considering only
the results that were returned by the important overlays and then re-rank or filter out the
results by the other overlays. The important overlays are defined by the user when
submitting the query. For example, assume three overlays, image, text and social. Further
assume that the user wants to get the results from the image and text overlays and filter
them using the social overlay. The query should be first sent to the image and text overlays,
and the aggregation algorithm should generate the result list. This result list should be sent
to the filter overlay (social) to check if the social overlay “agrees” with the results. This
algorithm does not allow the filter overlays to introduce results that did not already appear in
the important overlays.

The algorithm has two sub-algorithms. The first is the Split Query Algorithm that is
responsible to split the query into the important overlays (termed as baseOverlays) which
will participate in the TA/NRA algorithm and the filtered overlays (termed as
fiteredOverlays). The second algorithm is the Merge Filtered algorithm that considers only
the results returned from the base overlays and performs the random accesses to the
filtered overlays and the final aggregation. The algorithms are described below.

Filter Algorithm — Split Query

. Input : Query, FilterFeatures Array

: Output: array of baseOverlays, arrays of filteredOverlays

: for all overlays Oi in the peer do

if (Oi.getFeature() appears in FilterFeatures array)
Add Oi to filteredOverlays

else
Add Oi to baseOverlays

: end for

Filter Algorithm — Merge Filtered

1: Input : baseOverlays array, filteredOverlays array

2: Output : MergedResultsList

3: set array baseResults = results of TA/NRA (baseOverlays)

4: for all overlays Oi in filteredOverlays do

5: set array filterResults; = RandomAccess(Oi, baseResults.ids)

6: end for

7. MergedResultsList=aggregate the results from the baseOveralys with the filteredOveralys
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5.4 Top-k aggregation for M:N mapping

We now describe the merge algorithms for the video query processing. Until now, the
assumption made by the different merge algorithms is that an object has a unique oid
(object id) across all overlays and that the oid is used to match results from the different
overlays. However, when dealing with video, the situation is more complicated since an
object in one overlay could match several objects in a different overlay, which implies M:N
mapping. In SAPIR [12], each video clip is split into a moving-image and a speech part and
then each one generates a different segmentation (shot segmentation and speech
segmentation) on the time axis. Figure 6 shows an example of a video clip segmented into
shots and to transcripts. It is easy to see that speech segmentation may be different than
the shot segmentation. For instance, the announcer seen in the first shot, may start narrate
about the earthquake long before the first shot of the earthquake appears. Thus, logically,
even though that transcript belongs to the first shot, it may also be relevant to several
subsequent shots.

)

e

120,000 need
.- urgent help

Figure 6 — Shot and Speech segmentations

We describe below a modification of the NRA algorithm that can deal with this kind of
situation.

5.4.1 Extended NRA Algorithm

To merge results lists with M:N mapping, we adopted the algorithm that was described in
[5]. The main idea behind this algorithm is that a “reference” overlay should be defined, and
there should be a mapping between the different overlays to the “reference” overlay. The
“reference” overlay includes virtual objects such that each object for the real overlays could
be mapped to the virtual object(s). Figures 7(a) and 7(b) show examples of mapping two
overlays (speech and image) to a reference overlay. For example, in 7(a) each object from
the image overlay is mapped into one object in the reference overlay (e.g. il is mapped to rl
and i2 is mapped to rl) and each object from the speech overlay is mapped to two different
objects in the reference overlay (e.g. s1 is mapped to rl and to r2). In 7(b), it can be easily
noticed, that the objects in the reference overlay are equivalent to the objects from the
image overlay (means that the mapping is 1:1). The latter mapping makes more sense in
the video scenario since the final results should have some meaningful semantics. In the
video case, we have realized that the image part is more important than the speech part.

% # " $%& Cw &



I
‘ll'l

DAPIR

é—v‘%

Ty TS

Speechoverlayi Sl I I I I I I s3 Is4|55I S6IS7|

() (b)

Figure 7 - example of image and speech mappings to reference overlay

Before describing the algorithm we give a high level idea of how it works. Like in the original
NRA, the algorithm gets a set of lists L,,...,L,. The main differences from the NRA are the
mapping that is done from each seen objects in each overlay to the reference overlay, and
the data structures for maintaining the top-k and candidates queues.

The mapping from each overlay to the reference overlay is supported by the following two
functions —

contributeFrom(obj, O;) - find all the objects in the reference overlay that gets a
contribution from the given object obj from overlay O;. For example, in Figure 7(b)
contributeFrom(s1,Speech) = {r1,r2,r3}

contributeTo(d, O)) — find all the objects from overlay O; that contributes to the object d.
For example, in Figure 7(b) contributeTo(r2,Speech) = {s0,s1,s2})

The number of objects that are returned by the contributeTo(d, O;) is called the cardinality
bound of object d in overlay O; and is denoted as Bg[i] and it represents the maximum
number of documents in overlay O; that can contribute to the score of reference object d.
For example, in figure 7(b), B;[image] =1 and B;[speech] =3.

The above mapping is supported by a Video overlay that is implemented by indexing the
object names in each overlay in Lucene[13] inverted index. We assume that objects names
in each overlay are of the form “filename_bt_et” where filename is the video filename and
bt/et denotes the begin time/end time of the segment. Each object is indexed using the
following 3 fields —

filename : the original filename of the video

0_bt: begin time of the segment in the overlay o

o_et: end time of the segment in the overlay o

Supporting the above contributeFrom(filename_bt_et, O;) is done by a simple range query

using Boolean constraints that returns all objects in the reference overlay that satisfy one of
the following 3 conditions (see Figure 8) —

% # " $%& Cw &

Search in Audio-Visual



DAPIR

Search in Audio-Visual

A
A
A———
A
R

&
I
i

.
P —

—t s

OL- A i

bl

Figure 8 - mapping between segmentations

1. Their (begin time [bt-x, bt+x]) or

2. Their (end time [bt-x, bt+x]) or

3. Their (begin time < bt-x) and their (end time > bt+x)

Where x is a threshold parameter denoting the overlapping between the segmentations.

We now give a brief description of the modified NRA -.

Extended NRA Algorithm

Input: Lists Ly,...,Ln, Feomb, Fagg

Output: Merged Result List L,

1: Scan the next row in each List L;

2: For each seen object, find the mapped “reference” objects

3: Compute lower and upper bounds for the reference objects

4: Check stopping condition. If satisfied, go to 5; else go back to 1

5: Identify the candidates among the seen target objects and generate L,

Step 1 is similar to the original NRA.

In step 2 we need to find for each newly seen object in list L; (from overlay O)), the reference
objects to which it is mapped in the reference overlay. To do so, we use the
contributeFrom(object obj, overlay O) that returns objects from the “reference” overlay that
are getting contributions from object obj from overlay O.. For each reference object d we keep
the following data —

d Bd[0]| 02 01 05 || Ba[p] | po p3 p4

— N _

Overlay o Overlay p

Figure 9 - data structure for aref object d

Where Bg[o[ is the cardinality (number of contributions) to the object and {obji} are the seen
objects that contribute to d in each overlay O (Figure 9 shows an example of two overlays O,P).
When a new reference object is found we create a new entry for it and fill the B values for each
of the participating overlays using the contributeTo(d, overlay). If an object is mapped to an
already existing reference object d, we only add its score to the appropriate overlay in the
reference object entry. The entries for the reference objects are kept in top-k and candidates
gueues like in the original NRA which are sorted as described in step 3 below.
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In step 3, we take objects from the reference list which was generated in step 2 and compute
the lower and upper bound scores of each target object t in the list. Let us now introduce the
notion of a combination function (denoted as F.m,). The combination function refers to the
aggregation of multiple scores for the object within a list (as opposed to aggregation function
(Fagg) that combines scores from different lists). We further assume that Fe,m, is monotonic.
Examples for combination function can be summation, weighted summation, etc.

Consistent with the original NRA algorithm, each object has a lower and upper bound. The
computation of lower bound score for d is done in two steps; first we find the combined lower
score per each overlay by applying the combination function Fomp

wsy[i] - Fooms (SEENI]))
Where seen[i] are the seen objects for object d in overlay i.

Then the aggregate function Fqq is applied on those per overlay lower scores

We now consider the computation of the upper bound score. The computation of the upper
bound scores depends on the cardinality Bq[i] - the maximum number of documents in overlay O;
that can contribute to the score of reference object d. We now need to calculate the combined
best score for a reference object from each overlay. Let us denote by d.numseen(i], the number
of seen objects related to d in overlay O;, then there can be at most (Bg[i] - d.numseenli])
objects in overlay i that can contribute to the aggregate score of d from overlay i. Furthermore,
the score of such unseen object is upper bounded by the object x; of the last document retrieved
from list i. The upper bound score of d for overlay i, denoted by bsg[i], is therefore an
aggregation of the current aggregate score of the seen scores from overlay i (i.e., d.aggScore[i])
and the upper bound of the remaining contribution. Formally:

bS[i]  Feoms (0-a9gScOrei], Fou (X))

where the length of the vector Z is (B4[i] - d.numseenli]).
Finally, we need to calculate the bestScore(d) by aggregating best score for d from each overlay

bestScore(d)  F,. (bs,[1]....bs,[N])

agg

For step 4, the stopping condition for the algorithm as detailed in [5] is when the K target objects
with the highest lower bound scores have lower bound scores greater than or equal to the upper
bound score of any target object outside those K target objects; these are guaranteed to be the
final K target objects.

We illustrate the algorithm with a simple example. Figure 10(a) shows an example of two
lists, L1 and L2 where L1 is taken to be the reference overlay.
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L1 L2 Mapping L1 L2
di| 1.0 s2| 1.0 sl| di di B=1 |{d1,1.0} |B=1
d3| 0.6 s3| 05 sl| d2 1 )
d2| 0.2 sl| 0.3 s2 d2 d1 B=1 ({d1,1.0} |B=1
s2| d3 d2 B=1 B=2 {s2,1.0}
d3 B=1 B=2 2,1.0
s3| d3 o210}
s3| d4 L1 L2
d1 B=1 |{d1,1.0} |B=1
d2 B=1 B=2 {s2,1.0}
d3 B=1 |{d3,06} |B=2 {s2,1.0}
(a)

(b)

Figure 10 —running example of the extended NRA algorithm

In addition, assume a mapping table from list L2 to the reference list; for example, object s1
is mapped to reference objects d1 and d2. It is worth noting that the mapping table
presented in Figure 10(a) is only for illustration reasons and it is generated dynamically
during the execution of the algorithm wusing the video overlay and the
contributeFrom/contributeTo functions as described above. The algorithm starts by sorted
access to L1 seeing d1; the top table in Figure 10(b) shows the “extended” candidates
gueue after the first step. A new record for object d1 is created, and for each overlay we
keep

“Bg1[0]” value that represents the maximum number of contribution to this object by

this list.

The objects seen so far in the overlay that found to contribute to the object d1.

Thus, for d1, it sets Bg[L;] = 1 (since the mapping is 1:1 with the reference list), and it adds
in L; the tuple with its value {d1,1.0}. We then iterate over all other participating overlays (in
this case L) and find the B value using the method contributeTo(d1l, L,) and add it for
overlay L,. Next step is sorted access to L, where it sees s2. It calls contributeFrom(s2,L2)
and gets that s2 is mapped to d2 and d3. Thus, we add two entries to the candidates queue;
d2 and d3 both get contributions from L, ({s2,1}). The middle table in Figure 10(b) shows the
queue after the second step. We continue to scan L;, accessing d3. Object d3 already
exists in the queue, so we only update the contribution from L;. The bottom table in Figure
10(b) shows the queue after this step. In addition, after each step, the lower and upper
bounds are calculated as described in the algorithm above (not shown in the figure).

5.4.2 Extended Filtered Algorithm

Recall that the filter algorithm takes the merged results of the baseOveralys and filters on
the filterOverlays. The NRA on the base overlays is performed as described in sec 5.4.1
above. We describe now how to aggregate the scores from the filtered overlays. Recall that
objects in the merged result list are from the “reference” overlay; thus, the algorithm needs
to be extended by scores from objects in the filtered overlays that may contribute to this
object. Figure 11 shows merged results list for the baseOverlays and a single filtered
overlay with a mapping of its objects to each reference object. Assume the mapping that
appears in Figure 7(b). When the filter step starts, for rl, we need to perform random
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accesses to get the scores of objects s1 and s2 from the filtered overlay, whereas in the
regular filter algorithm, the random access was to r1 only.

Merged
results

rt| 0.9 [ «——|sl | s2

08 | —— |s2 | s3 |s4

r310.72 | —— |s3 | s4

r71 0.4

Figure 11 - extended filter list

We define a method: contributeTo(object ref_obj, overlay O) that returns list of objects
from the O overlay that contribute to reference object obj from the reference overlay. For
example, in figure 7(b) contributeTo(r2,0) = {s2,s3,s4}. It is worth noting that this mapping
is the reverse of the contributeFrom mapping.

After generating the extended filter list, the algorithm continues as the regular filter
algorithm.

5.5 Time (Budget) Aware Algorithm

We extended the query processing framework to support “timeout” constraints. The user can
specify the time that she wants to get the results. This could potentially increase the user
satisfaction by not letting her wait more than she allows. This, of course, implies approximate
results. Existing work on top-k processing has focused on achieving exact results or at least
approximate results with a certain quality with minimal costs. We consider a novel problem of
top-k query processing under budget constraints. Existing algorithms for top-k processing
are budget-oblivious, i.e., they do not take budget constraints into account when making
scheduling decisions, but focus on the performance to compute the final top-k results. Under
budget constraints, these algorithms therefore often return results that are significantly worse
than the results that can be achieved with a clever, budget-aware scheduling algorithm. We
provide a best-effort top-k query processing given a fixed limit for the execution cost. Such a
budget can be easily defined in terms of time, number of disk accesses, or number of network
messages, reflecting an essential limitation faced by contemporary applications. We show that
having a prior knowledge on the total available budget can be used to achieve a better top-k
precision than a budget-oblivious top-k algorithm that does not have such knowledge in
advance.

We develop a set of budget-aware algorithms that use only sorted accesses. [6] describes in
detail the different algorithms, including an adaptive budget-aware algorithm for interleaving
sorted and random accesses, and efficient algorithms for calculating the exact solution of the
offline problem to assess the relative goodness of the algorithms.

5.6 Aggregation Functions

The majority of top-k techniques assume monotonic aggregation functions. Using monotone
aggregation functions is common in many practical applications, especially in web settings [4].
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Thus, many top-k processing scenarios involve linear combinations of multiple scoring
predicates. Specifically, in SAPIR we have implemented the following functions:

Sum ni
X X;
i0
Weighted Sum ni
x (WX
i0
Fuzzy AND
« min(w; X; 0.n 1if x,x O
0 else
Fuzzy OR X max(W; X 0.n 1
Weighted AND ni _
wx if x,x O
X o
0 else

where n is the number of lists, x; and w; are the score and the weight of object x in list i
correspondingly. The main purpose of supporting different aggregation functions is to give
the user high flexibility and sometimes improve the effectiveness as follows.

The AND operations namely, fuzzy and weighted AND, are stricter in the sense that they
require that the object will appear in all the overlays. Objects that appear in all overlays
basically have more “evidence” so that the probability that it is a good object increases. This
is very important in the presence of merging content-based and metadata. Previous works
[7,8] suggested that only content-based image search is not effective enough because of
the gap between visual feature representations and metadata such as user tagging and
extracted semantic concepts. Thus a combination of content based search with associated
metadata is expected to yield the best results. This requires that the objects will appear in
both overlays. Figures 12(a) and 12(b) show an example of the same query with different
aggregation functions. The image query appears in the left upper side of the figure, marked
by the red rectangle, the text query is "cat”. The number of results for the WeightedAnd
aggregation is less but seem to be more relevant than the results with Weighted Sum.
Nevertheless, when the user has only a broad idea about the results that she wants and if
she can tolerate more fuzziness, then aggregation function such as Weighted Sum and
Sum might be more adequate.
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Figure 12 — (a) Weighted AND (b) Weighted sum

6 WEB USER INTERFACE

For both testing and demonstration, we developed a web user interface to search indexed
images. In Figure 13 we show a snapshot of the dynamic web page that is used as a start
point for searching.
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Figure 13 — SAPIR search home page

From that page it is possible to perform:
1. afulltext search

2. atext search inside specific fields

3. a similarity search starting from one of 4 random selected images

4. asimilarity search starting from an image uploaded by the user

5. acombined search

% # " $%$&



" # $$

From the Advanced Options link [ Jinthe top right of all pages it is possible to specify
advanced parameters. These parameters are useful for testing and comparing different
techniques.

In particular it is possible to specify:
1. the number of results requested (numResults)
the timeout for the search operation
the batchSize, i.e., the number of results (described in Section 5.1.1)
the overlay to be used for text searching
the collection to be used as dataset

the use of the filtered approach (described in Section 5.3)

N o o bk~ wbd

the aggregate function to be used (described in Section 5.6):
a. sum
b. Weighted Sum (wsum)
c. Weighted Fuzzy And (WAND)
d. Fuzzy And (fAND)
e. Fuzzy OR (fOR)
8. the merging algorithm
a. No Random Access (NRA) (described in Section 5.2)
b. Threshold Algorithm (TA) (described in Section 5.1)
9. the user id which will be used in the future for social querying

Now consider how the results are displayed. In Figure 14 we show a typical results page.
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Figure 14 — SAPIR results page
We describe now all the items displayed on the page

1. links on the top bar -

a. home : to go back to the home page
b. Advanced Options : to access the advanced options described above
c. Search : to open a window from which it is possible to start with a new query
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the query image is shown on the top left

a new text query can be lunched from just below the top of the page

the rank of the showed results together with the button to see the next ones, is
reported just before the results themselves

the following is a result example in which various information is reported:

a. on the top we can read the title of the image.
In this case “Sunrise Over Lake Pleasant”

b. just over the image two links are reported.

i. similar: can be used to perform a similarity search with the given
result as query

ii. adv search : can be used to access a pop-up window from which it is
possible to perform a combined search using both the result as query
for similarity and any given text combination

c. score : ared bar visually reports the score assigned to each result. The
tooltip of this object shows the score value
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d. I:l I:l are buttons used to link respectively to Flickr maps and
Googlemaps whenever the geographic position during the take is present in
the metadata

e. clicking on the result image itself it is possible to access the related Flickr
page

f. below these buttons we report the author’'s name. In this case “Daniel
Green”. Clicking on that name it is possible to search for the images made by
the same author

g. then the location name is reported. In this case “Phoenix AZ USA”

h. tags are reported as link. In fact, clicking on them a text query is
automatically generated to search for the clicked tag

i. the extended link below the result image can be used to see the metadata
information in a separate window

j- the comments can be also shown using the comments link
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k. finally if a description for the result is given, it is reported at the end of the box
as in the following example :

6. atthe bottom of the page there is button that can be used to see the next
results in order of relevance to the query

7 SUMMARY

We presented the SAPIR query analyzer, a robust framework that supports a complete
query flow for handling complex audio-visual queries in a P2P environment. The process
includes, decomposing the query into existing overlays, followed by merge step. The merge
step provides efficient algorithms for P2P networks. The framework supports a variety of
aggregation function to increase the effectiveness of the results. Finally, we presented a
rich, flexible web interface to enhance the user satisfaction.
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