INFORMATION RETRIEVAL SYSTEMS (23CS511)

UNIT-V

Text Search Algorithms: Introduction, Software text searches Algorithms, Hardware text search
systems. Multimedia Information Retrieval: Spoken Language Audio Retrieval, Non-Speech Audio

Retrieval, Graph Retrieval, Imagery Retrieval, Video Retrieval

Text Search Algorithms Three classical text retrieval techniques have been defined for
organizing items in a textual data base, for rapidly identifying the relevant items and for
eliminating items that do not satisfy the search.
The techniques are

1) Full text scanning (streaming)
2) Word inversion

3) Multi attributes retrieval

In addition to using the indexes as a mechanism for searching text in information systems, streaming
often was frequently found in the systems as an additional search mechanism. The basic concept
to a text scanning system is the ability for one or more users to enter queries, and the text to be
searched is accessed and compared to the query terms. When all of the text has been accessed,

the query is complete.
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Figure 9.1 Text Streaming Architecture

The data base contains the full text of the items. The term detector is the special
hardware/software that contains all of the terms being searched for and in some systems the logic
between the items. It will in put the text and detect the existence of the search terms. It will output
to the query resolver the detected terms to allow for final logical processing of a query against an item.
The query resolver performs two functions. It will accept search statements from the users,
extract the logic and search terms and pass the search terms to the detector. It also accepts
results from the detector and determines which queries are satisfied by the item and possibility
the weight associated with hit. The Query Resolver will pass information to the user interface

that will be continually updating search status to the user and request retrieve any items that
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Some of the original brute force methods could require O (n*m) symbol comparisons. More

improvements have reduced the time to O (n +m). In the case of hardware search
machines, multiple parallel search machines (term detectors) may work against the same data
stream allowing for more queries or against different data streams reducing the time to access the

complete database. In software systems, multiple detectors may execute at the same time.

There are two approaches to the data stream. In the first approach the complete data base is being
sent to the detector(s) functioning database. In the second approach random retrieved items are
being passed to the detectors. In this second case the idea is to perform an index search of the data
base and let the text streamer perform additional search logic that is not satisfied

the index search.

Examples of limits of index searches are: Search for stop words Search for exact matches when
stemming is performed Search for terms that contain both leading and trailing “don’t care” Search
for symbols that are on the inter-word symbol list (e.g., “,;) The full text search function does
not require any additional storage overhead. There is also the advantage where hits may be
returned to the user as soon as found. Typically, in an index system, the complete query must be
processed before any hits are determined or available. Streaming systems also provide a very
accurate estimate of current search status and time to complete the query. It is difficult to locate
all the possible index values short of searching the complete dictionary of possible terms. Many of
the hardware and software text searchers use finite state automata as a basis for their algorithms. A
finite state automaton is a logical machine that is composed of five elements:

I-a set of input symbols from the alphabet supported by the automata

S-a set of possible states

P-a set of productions that define the next state based up on the current state and input symbol
S0-a special state called the initial state, SF-a set of one or more final states from the sets

Software Text Search Algorithms In software streaming techniques, the item to be searched is
read into memory and then the algorithm is applied. There are four major algorithms associated
with software text search: the brute force approach Knuth-Morris-Pratt Boyer-Moore, Shift-OR
algorithm Rabin-Karp. Of all of the algorithms, Boyer-Moore has been the fastest requiring at most
O(n+m) comparisons, Knuth-Pratt-Morris and Boyer-Moore both require O(n) preprocessing of
search strings The Brute force approach is the simplest string-matching algorithm. The idea
history and match the search string against the input text. input text one position and start the
comparison process over. The expected number of comparisons when searching an input text

string of n characters for a pattern of m characters.
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Nc=c/c-1(1-1/cm) * (n-m+1) + O (1)

Where Nc is the expected number of comparisons and c is the size of the alphabet for the text.

Knuth-Pratt-Morris (KPM)algorithm

Pattern:
abcdabCl12
34567

Now find out sub strings as prefix, suffix by taking any number of characters from left right and
right to left.

Prefix:a,ab,abc,abcdetc. S Suffix: cbc,abc,dabc etc.

From above prefix, suffix sub strings we can observe a sub string “abc” is there in both and also

that is repeated twice in given pattern.

VI
)

Example: Given string and pattern is Now constructing table with repeated characters of pattern like
following

CSE,NRCM Page 65 R.Manoj Kumar Asst Prof




INFORMATION RETRIEVAL SYSTEMS (23CS511)

arid

Here ,,a" is repeated so keep index1 below it, ,,b* is Repeated so keep index 2 below it and re
install ,,0° s. Now start search process.

Step-1: Initialize string index as I, pattern index as start j from adding,, 0°

index.

Step 2: Compare string[i] and pattern [j+1] ie, ,,a“ and,, a* both are

matching so move both I and j to next position.

Step3: Now compare string[i] and pattern [j+1] i.e, band b matching so move both i, j to next
position When i=5 and j=4 string [i] = cand pattern [j+1] = d. here not matching then move it to
its index location. i.e,2. So now j position is pattern [2].

Now compare string[i]=cand pattern [j+1] = a. Here not matching then move its index location
i.e.,0. So now j position is pattern [0]. J is now on 0 positions 0 we cannot move therefore move
now It o next location i.e.6.

Note: Here we can observe only is moving back but not is moving only in the forward direction

Step-4: Repeat the process till find a match

Boyer Moore Algorithm:

Step-1 : Construct 'Bad MatchTable'

Step-2 : Comparerightmostcharacterofpatternwithgivenstringbasedonthe'value'ofbadmatchtable
Step-3 :If mismatch then shift the pattern to the right position corresponding to the 'value' of
bad match table While constructing bad match table use following formula for value. value=

length of pattern-index-1and 1 as t value= length of pattern
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Constructing Bad Match Table
I

TEAMMAST Length = 8
Index: 0123 45 67
m___n-__
Value 7
A=8-2-1
Heretheletter' A'isoccurringtwicesoreplacethelatestvaluebyoldone.Inthes
amewayforMalso.

Tisthelastcharacterinpatternsoitsvalue=8(lengthofpattern)

Constructing Bad Match Table
I

TEAMMAST Length = 8
Index: 0123 45 67

Value 7

M=8-3-1
Constructing Bad Match Table

!

TEAMMAST Length =8
Index: 0123 45 67
__E-__

Value 7
k
M=8-4-1
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Constructing Bad Match Table

TEAMMAST Length =8
Index: 0123 45 67
(Lotter [T € JA _Im |s _|°
Value 8 6 2 3 1
T=8 Last letter = length, if not already
defined.

Boyer Moore Example
totter |7l JA Im [s [+ |
2 < 1 8

value (8) 6

WELCOM/EETOTEAMMAST

I

TEAMMA\ST

Mismatchheresomove8charactersrighthandside

Boyer Moore Example

e N Y
Value 8 6 2 3 8

WELCOMETOTEAMMAfSIT

TEAMMAS

Mismatchsomovelcharactertotherighthandside
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Boyer Moore Example
tettr [T Je A Im Js [* |

Value 8 6 2 3 1 8

WELCOMET®O

or v o C ]

Value @ 2 5 5

TRUSMTHARDTOOTHBRUSHES

1.0 QT

Boyer Moore Example
_F_
1 2 5

Value

TRUSSTHARDTOOTHBRUSHES

I
TO\QTH
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Boyer Moore Example
letter [T R e —

Value 1

TRUSTHARDTOOTHBRUSHES

TOOT

TRUSTHARD BRUSHES

HLILRUIL
OfT\H

HardwareTextSearchSystems
Softwaretextsearchisapplicabletomanycircumstancesbuthasencounteredrestrictionsontheabi
lity to handle many search terms simultaneously against the same text and limits due to
I/Ospeeds. One approach that off loaded the resource intensive searching from the main
processorswas to have a specialized hardware machine to perform the searches and pass the
results to themain computer which supported the user interface and retrieval of hits. Since
the searcher
ishardwarebased,scalabilityisachievedbyincreasingthenumberothardwaresearchdevices.
Anothermajoradvantageofusingahardwaretextsearchunitisintheeliminationofthe
indexthatrepresentsthedocumentdatabase. Typicallytheindexesare70%thesizeoftheactual
items.Otheradvantagesarethatnewitemscanbesearchedassoonasreceivedbythesystemratherthanwaitingfor
theindextobecreatedandthesearchspeed isdeterministic.

Thearithmeticpartofthesystemisfocusedonthetermdetector. Thereha

sbeenthreeapproachestoimplementingtermdetectors:

1. parallelcomparatorsorassociativememory,
2. acellularstructure,and
3. auniversalfinitestateautomata.

Whenthetermcomparatorisimplementedwithparallelcomparators,eachterminthe
queryisassignedtoanindividualcomparisonelementandinputdataareseriallystreamedintothedetector.

Whenamatchoccurs,thetermcomparatorinformstheexternalqueryresolver(usuallyinthemaincomput
er)by setting statusflags.
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Specialized hardware that interfaces with computers and is used to search secondary
storagedeviceswasdeveloped

fromtheearly 1970swiththemostrecentproductbeingtheParallelSearcher(previouslythe
FastData Finder).

ThetypicalhardwareconfigurationisshowninFigure9.9inthedashedbox. Thespeedofsearchisthenbased
onthespeed ofthel/O.

Query
Resolver

Term Detector - » User Interface

3Svalvd

Hardware Text Search Unit

. Figure 99 Hardware Text Search Unit .
Oneoftheearliesthardwaretextstringsearchunitswasthe RapidSearchMachinedevelopedbyGeneralElectric. The

machine consistedof aspecialpurpose search unitwhere asingle querywas passedagainst amagnetic tape
containing the documents. A more sophisticated search unit was developed by
OperatingSystemslInc.calledtheAssociativeFileProcessor(AFP).

Itiscapableofsearchingagainstmultiplequeriesatthesametime.Followingthatinitialdevelopment,OSI,using
adifferentapproach,developedthe High SpeedTextSearch(HSTS)
machine.ltusesanalgorithmsimilartothe Aho-Corasick softwarefinitestatemachinealgorithmexceptthat
it runs three parallel state machines. One state machine is dedicated to contiguous word
phrases,anotherforimbeddedtermmatchandthefinalforexactwordmatch.

Inparallel with that development effort, GE redesigned their Rapid Search Machine into
theGESCAN unit. The GESCAN system uses a text array processor (TAP) that
simultaneouslymatches many terms and conditions against a given text stream the TAP
receives the
queryinformationfromtheuser“scomputeranddirectlyaccessthetextualdatafromsecondarystorage.

The TAP consists of alarge cachememory and an array of four to 128 query processors. The text is
loadedintothecacheandsearchedbythequeryprocessors(Figure9.10).Eachqueryprocessorisindependenta
ndcanbeloadedatanytime. Acompletequeryishandledbyeachqueryprocessor.
Aqueryprocessorworkstwooperationsinparallel;matchingquerytermstoinputtextandBool

Query Term matchers

resolvers
Query 1 m D—Q—g— ¢ o o o ﬂ
processors E]

[ CHLILF-- - 4]

Q. CCHGp---- ]

Figure 9.10 GESCAN Text Array Processor

(]

Z e e

eanlogicresolution.
Termmatchingisperformedbya seriesofcharactercellseachcontainingone characterofthequery.
AstringofcharactercellsisimplementedonthesameL SIchipandthechipscanbeconnectedinseriesforlongerstr
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ings. Whenawordorphraseofthequeryismatched,

asignalis senttotheresolutionsub-

processonthel.SIchip. TheresolutionchipisresponsibleforresolvingtheBoolean
logicbetweentermsandproximity requirements.
Iftheitemsatisfiesthequery,theinformationistransmittedtotheuserscomputer.

ThetextarrayprocessorusesthesechipsinamatrixarrangementasshowninFigure9.10.

Each row of the matrix is aquery processorinwhich thefirstchip performsthe query
resolutionwhiletheremainingchipsmatchqueryterms. Themaximumnumberofcharactersinaqu

eryis
restrictedbythelengthofarowwhilethenumberofrowslimitthenumberofsimultaneousqueriesthatcanbeproce
ssed.

Another approach for hardware searchers is to augment disc storage. The augmentation is
ageneralizedassociativesearch

elementplacedbetweenthereadandwriteheadsonthedisk. Thecontentaddressablesegment
sequentialmemory(CASSM)systemusesthesesearchelementsinparalleltoobtainstructureddatafroma
database. TheCASSMsystem wasdevelopedatthe

UniversityofFloridaasa
generalpurposesearchdevice.ltcanbeusedtoperformstringsearchingacrossthedatabase.

Anotherspecialsearchmachineistherelationalassociativeprocessor(RAP)developedattheUniversityof
Toronto. Like CASSM performs search across a secondary storage device using a series of
cellscomparingdatain parallel.

TheFastData Finder(FDF)isthemostrecentspecializedhardwaretextsearchunitstillin
useinmanyorganizations.ItwasdevelopedtosearchtextandhasbeenusedtosearchEnglishandforeignlanguag
es.

TheearlyFastDataFindersconsistedofanarrayofprogrammabletextprocessingcellsconnectedinseriesformingapi
pelinehardwaresearchprocessor.

ThecellsareimplementedusingaVSLIchip.IntheTRECtestseachchipcontained24processorcellswitha
typical system containing 3600 cells. Each cell will be a comparator for a single character limiting
thetotalnumberofcharactersinaquerytothenumberofcells.

Thecellsareinterconnectedwithan8-bitdata pathandapproximately20-bitcontrolpath.
Thetexttobesearchedpassesthrougheachcellina pipeline fashionuntilthe completedatabasehas
been searched. As data is analyzed at each cell, the 20 control lines states are
modifieddependingupontheircurrent stateandtheresultsfromthecomparator.
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Ficure 9 11 Fast Data Finder Asrchitecture

Acelliscomposedofbotharegister cell(Rs)andacomparator (Cs).Theinputfromthe

Document database is controlled and buffered by the micro process/memory and feed through
thecomparators. Thesearchcharacters are stored inthe registers. Theconnectionbetweenthe registers
reflectsthecontrol
linesthatarealsopassingstateinformation.Groupsofcellsareusedtodetectqueryterms,alongwithlogicbetwe
entheterms,byappropriateprogrammingofthecontrollines.

Whena
patternmatchisdetected,ahitispassedtotheinternalmicroprocessorthatpassesitbacktothehostprocessor,
allowingimmediateaccessby theusertotheHititem.
ThefunctionssupportedbytheFastdataFinderare:

—  BooleanLogicincludingnegation
— C Proximity on an arbitrary
— [ patternVariable lengthex:“don"t
C C cares”Term counting and
C [ thresholdsFuzzymatching
L L Term
L [ weightsNumericrang
es

Multimediainformationretrieval(MMIRorMIR)

Datasourcesincludedirectlyperceivablemediasuchasaudio,imageandvideo,indirectlyperceivablesources
such as text, semantic descriptions, bio signals as well as not perceivable sources such as
bioinformation,stock prices,etc.

ThemethodologyofMMIR canbeorganizedinthreegroups:

1. Methodsforthesummarizationofmediacontent(featureextraction). Theresultoffeatureextractionisa
description.
2. Methodsforthefilteringofmediadescriptions(forexample,eliminationofredundancy)
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3. Methodsforthecategorizationofmediadescriptionsintoclasses.

SpokenDocumentRetrieval:

A textual representation of the audio content from a video can be obtained through automatic
speechrecognition. Informationretrievalfromspeechrecognitiontranscriptshasreceivedquiteabitofattentioninrec
ent yearsinthespokendocumentretrieval trackatTREC7, TREC8andTREC9.

The current ,,consensus® from a number of published experiments in this area is that as long as
speechrecognitionhasaword errorratebetterthan35%
worderror,theninformationretrievalfromthetranscriptsof spoken documents is only 3-10% worse than
information retrieval on perfect text transcriptions of thesamedocuments.

ImageSimilarityMatching.

Example-

basedimageretrievaltaskhasbeenstudiedformanyyears. Thetaskrequirestheimagesearchenginetofindtheset
ofimagesfromagivenimagecollectionthatis similartothegivenqueryimage.
Traditionalmethodsforcontent-basedimageretrievalarebasedonavector model.

These methods represent an image as a set of features and the difference between two images is
measuredthrougha(usuallyEuclidean)distancebetweentheirfeaturevectors. Whiletherehavebeennolarge-
scale,standardizedevaluations of imageretrievalsystems,mostimage retrievalsystems
arebasedonfeaturessuchascolor,texture,andshapethatareextractedfromtheimagepixels.

OCRdocumentretrieval:

A different, textual, representation is derived by reading the text that present in the video images
usingoptical character recognition (OCR). At TREC 5, experiments have shown that information
retrieval ondocumentsrecognizedthroughOCRwitha
charactererrorrateof5%and20%degradesIReffectivenessby 10%to50%dependingonthemetric,
whencomparedtoperfect textretrieval

Incontrast,videoinformationretrieval
muchmorecomplexandcombineselementsofspokendocuments, OCRdocuments,imagesimilarityaswellaso
theraudioandimagefeatures.

Inthispaperwewillexaminetheeffectsofmultimodalinformationretrievalfromvideodocuments. Thereare
only area of audio analysis that we examined was automatic speech recognition. While analyzing
thevideo imagery, we considered the color similarity of images, and the presence of faces and text that
wasreadableonthescreen. Weexploredthesedimensionsofaudioanalysisandimageanalysisseparatelyandincom
binationinourvideoretrievalexperiments. Wewillpresentexperimentswitheachdifferenttypesofextracted
metadata performed separately and also combined together in the context of the TREC VideoRetrieval
evaluationperformedbytheNationalInstituteofStandardsandTechnology.

MethodsforExtractingTextualMetadata

SpeechRecognition
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TheaudioprocessingcomponentofourvideoretrievalsystemsplitstheaudiotrackfromtheMPEG-
lencodedvideofile, anddecodestheaudioanddownsamplesitto1 6kHz, 16bitsamples.

These samples are then passed to a speech recognizer. The speech recognition system we used for
theseexperiments is a state-of-the-art large vocabulary, speaker independent speech recognizer [9].
For thepurposesofthisevaluation,a64000-
wordlanguagemodelderivedfromalargecorpusofbroadcastnewstranscripts was used. Previous
experiments had shown the word error rate on this type of mixeddocumentary-styledatawithfrequent
overlapofmusicandspeechtobejust over30%.

Video OCR A different, textual, representation is derived by reading the text that present in the
videoimages using optical character recognition (OCR). OCR technology has been commercially
available formanyyears.However,readingthetextpresentinthevideostreamrequiresa
numberofprocessingstepsinaddition to the actual character recognition. Our video optical character
recognition system [5] uses
thefollowingapproachtoidentifyandrecognizecaptionedtextthatappearsonthevideo.Giventhenumberoffr
ames contained in typical broadcast news, it is not computationally feasible to process each and
everyvideoframefortext.

Forthisreasona roughorquicktextregiondetectionisperformedfirst. Thenthetextmustbeextractedfrom the
image, and converted into a binary black and white representation, since the
commerciallyavailableOCRenginesdonotrecognizecoloredtextonavariablycoloredbackground.

Unliketextprintedonwhitepaper,thebackgroundoftheimagetendstobecomplex,withthecharacterhueandbri
ghtnessverynearthebackgroundvalues.

InformationSystemEvaluation

The creation of the annual Text Retrieval Evaluation Conference (TREC) sponsored by the
DefenseAdvancedResearchProjectsAgency(DARPA )andtheNationalInstituteofStandardsand Technology(NI

ST)changedthestandardprocessofevaluatinginformationsystems.

Theconferenceprovidesastandarddatabaseconsistingofgigabytesoftestdata,searchstatementsandtheexpect
ed results from the searches to academic researchers and commercial companies for testing of

theirsystems. Thishasplacedastandardbaselineintocomparisonsofalgorithms.

InrecentyearstheevaluationofInformationRetrievalSystemsandtechniquesforindexing,
sorting,searchingandretrievinginformationhavebecomeincreasinglyimportant.
E‘l%erearemanyreasonstoevaluatetheeffectivenessofanInformationRetrievalSystem:

LL
Toaidintheselectionofasystemtoprocure

Tomonitorandevaluatesystemeffectiveness
Toevaluatequerygenerationprocessforimprovements

Toprovideinputstocost-benefitanalysisofaninformationsystem
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» Todeterminetheeffectsofchangesmadetoanexistinginformationsystem.
MeasuresUsedinSystemEvaluations

Measurementscanbemadefromtwoperspectives:userperspectiveandsystemperspective. Techn
iquesforcollectingmeasurementscanalsobeobjectiveorsubjective.
Anobjectivemeasureisonethatiswell-
definedandbaseduponnumericvaluesderivedfromthesystemoperation.

Asubjectivemeasurecanproduceanumber,butisbaseduponanindividual user*sjudgment

Measurementswithautomaticindexingofitemsarrivingatasystemarederivedfrom
standardperformancemonitoringassociatedwithanyprogramina
computer(e.g.,resourcesusedsuchasmemoryandprocessingcycles)andtimetoprocessanitemfromarriva
Itoa vailabilitytoa searchprocess. Whenmanual indexingisrequired,

themeasuresarethenassociatedwiththeindexingprocess.

Response time is a metric frequently collected to determine the efficiency of the search
execution.Responsetimeisdefinedasthetimeittakestoexecutethesearch.Inadditiontoefficiencyofthesea

rc hprocess, thequalityofthesearchresultsarealsomeasuredbyprecisionandrecall.

ITEMS ARE INDEXED |

INTO SYSTEM | [
/J USER CREATES
a ' SEARCH
P STATEMENT
QUERY HITS RETURNED 5 o L 1
Search =
A . Statement
‘l L

SYSTEM EXECUTES |
QUERY AGAINST ¥
INDEX 1 TTHit File_ !‘
T USER REVIEWS HITS
FROM QUERY

Figure 11.1 Identifyving Relevant Items
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Number Retrieved Nomvelpvant
Number Total” Nowrelevant

Fallout =

whete Nnber Toal Nonvelevt 15 the total sumber ofnon-elevant s 1t
database. Fallout can be viewed s the tavese of recall and will ever encounter the
aimation of (/0 mnless all the ttems m the datahase are relevant to the search. Tt can

Anothermeasurethatisdirectlyrelatedtoretrievingnon-
relevantitemscanbeusedindefininghoweffectivean informationsystemisoperating.
ThismeasureiscalledFalloutanddefinedas:

There are other measures of search capabilities that have been proposed. A new measure
thatprovidesadditionalinsightincomparingsystemsoralgorithmsisthe“UniqueRelevanceRecall”(U

RR)metric. URRisusedtocomparemoretwoormorealgorithmsorsystems.

Itmeasuresthenumberofrelevantitemsthatareretrievedbyonealgorithmthatarenotretrievedbytheothers:
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Number _unique__relevant
Number _relevant

Unique_Relevance_ Recall =

Number unique relevant is the number of relevant items retrieved that were not
retrieved by other algorithms. When many algorithms are being compared. the
definition of uniquely found items for a particular system can be modified. allowing
a small number of other systems to also find the same item and still be considered
unique. This is accomplished by defining a percentage (P,) of the total number of
systems that can find an item and stll consider it unique. Number relevant can take
on two different values based upon the objective ofthe evaluation:

VAILUE INTERPRETATION
Total Number Retrieved the total number of relevant items found by all
Relevant (TNRR) algorithms
Total Unique Relevant the total number of unique items found by all
Retrieved (TURR) the algorithms
A B C D E F G H 1 J K L M
3 4 2 22 1 100 200 22 100 10 500 6 15

Figcure 11.2a Number Relevant Items
Algorithm [

Algorithm 11

Algorithm 111

Figure 11.2b Four Algorithms With Overlap of Relevant Retrieved
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actually found by the algonthm. Figure 11.2a and 11.2b provide an example of the
overlap of relevant items assuming there are four different algorithms. Figure 11.2a
gives the number of 1items in each area of the overlap diagram n Figure 11.2b. If a
relevant ifem is found by only one or two techniques as a “unique item.” then from
the diagram the following values URR values can be produced:

AlgorithmI - 6 unique items (areas A, C. E)
Algorthm IT - 16 unique items (areas B, C, J)
Algorithm IIT - 29 unique items (areas E, H, L)
Algorithm IV~ - 31 unique items (areas J, L, M)

TNRR=A+B+C+e o ¢+ M=985
TURR=A+B+C+E+H+J+L+M= 6]

.—\lgOl’iIllllll URRmrr URRtuRr
Algorithm I 6/985 = 0061 6/61= .098
Algorithm II 16985= 0162 16/61= .262
AlgorithmIII 29/985 = .0294 29/61 = 475
Algorithm IV 31/985=.0315 31/61 = 508

Othermeasureshavebeenproposed forjudgingtheresultsofsearches:
NoveltyRatio:ratioofrelevantandnotknowntotheusertototal
relevantretrievedCoverageRatio:ratioofrelevantitemsretrievedtototalrelevantbytheuserbeforet
hesearch
SoughtRecall:ratioofthetotalrelevantreviewedbytheuserafterthesearchtothetotalrelevanttheuserwo
uld havelikedto examine
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[nn some systemns, programs filter text streams, software categorizes data or
ntelligent agents alert users 1f mportant 1fems are found. In these systems, the
Information Refrieval System makes decisions without any human mput and their

decistons ate binary 1 nafure (an 1fem 15 acted upon or gnored). These systems are
called bmary classification systems for which effectrveness measurements are
created to determme how algonthms are working (Lewis-93). One measure 15 the
utthty measure that can be defined as (Cooper-73):

U= ax(Relevant Retrieved) + f#(Non-Relevant Not Retrieved) -
0#(Non-Relevant_Retrieved) - y#(Relevant Not Retrieved)

where o and b are positive weighting factors the user places on refrieving relevant
tfems and not retrieving non-felevant ttems while 8 and y are factors associated
with the negative weight of not retrieving relevant ttems or retrieving non-televant
ttems.  This formula can be simplified to account only for refrieved items with B

and y equal to zero (Lewis-96). Another fanuly of effectiveness measures called the
E-measure that combmes recall and precision mto a single score was proposed by

Van Rijsbergen (Rujsbergen-79).
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Questions:
1.  What is Text Search? Explain Text Streaming Architecture.
2. What is Brute Force Approach?
3. Discuss briefly about Boyer-Moore Algorithm?
4. Explain the KNUTH-MORRIS-PRATT algorithm?
5. Explain various Types of Multimedia Data? What is Spoken Document Retrieval?
6. Explain about Video Retrieval?
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