WD 2011/ 034502PCT/ SG2010/ 000343 1 Textual query based nultinedia retrieval
system Field of the Invention 5The present invention relates to nethods
and apparwousifodusogearching a first database of nulti me@®cCa/sSGéw®oisased on
at | east one textual term (word) specified by a user. Background of the
invention 10Wth the rapid popul arization of digital canmeras and nobile
phone caneras, retrieving selected i mages from enornous col | ecti ons of
personal photos or vi dggsudld8e RO EmARint dIROfRNE] §8&RAT Ch topic and
practical problem |In Tecent decades, nmany Conient Based | nage Retrieval
(CBIR) systens [18, 20, 21, 34] have been proposed. These systens usually

require g.yser..tao provide imges as queries to retrieve personal photos or
vi deos. %%éﬁ@éﬂﬁgggﬂgﬁgo-called "query- by- exanpl e* framework, which
identifies itens in the database which resenble the exanple itens provided
by the users. The paranmount challenge in CBIRis the so-called semantic gap
bet weén |Themreseat inyenfipa|refates tumethodeand pnasaias fop s¢reching afirsidptabaserpil e to
identify ¢ ut.at t.onal | and_hi gh:l ev semant.i ¢ _con ts. To bridge the
semanti c %%SB‘CP@I IS%n%SEX%’%EQg%%I?g% xﬁ%aggerﬁ’aweor esgﬁmg‘r:"(?)g §8d“20t 0 learn the
user's intentions. For consunmer applications, it is nore natural for the
user to retrieve the desirabl e personal photos using textual queries. For
exanple,Iﬁmkm@uﬂd@ﬁﬁﬁ“?”@é&ﬂch the interne for relevant inmages using the
Googl e i mage search service. However, a Google i mage 75search cannot be
directly used to performa textual query within a user's own photo

col | aot i oWjtheh@rapgepuputireatidiyoftdigitdl semems dhdmioblle phorercamerfds| settisvilecause a
Googl e i mtage search can only retrieve b i mages whi ch ar igentifiable by
rich semaisctedimeesrsrom saemiays catectionyehpeagonahphqtos ¢r) idenas Breottean

sur roundifhof @t 2scalth thffk hnd LA 0Serk BATUEL HahdlC AfiFR BAS 0 nOt
contain such semantic textual descriptions. 30 result can be used for

t ext ual Jueagy Reased] (CRIRe sysems ENSaR0,0H¢ ddiskeavt beerspropoted cThesasgpess ar e

anal ogous to.the textual terns describing docunent cont?nés. I n general,
the i mage S4ANOISHIEA UHEIABEY LN A8ES 29 HETET OJGTISKE B RaPR§ 8F V@S‘?S'

| ear nisng-pgs RAhABE AN ‘}neVRNeRagsREk FRhOOSK, [vhfth iddmtifeditBds Aaged met hods
bui I d robust classifiers based on a 5fixed corpus of |abeled training data,
and t hen daabashwhichaesemblethgssampleritemsproddedthy thisasgrs cBeapasampurthe

predefined, fiaNgeR IR s bk%o! Ghta 880 Aitic3ab B ebn 1GNINR Fhsudl feathitl PFOPOSEd

(which tend to be relatively simple to identify computationally) and high-level semantic

concepts. To bridge the semantic gap, relevance feedback methods have been proposed

20  to learn the user's intentions.

For consumer applications, it is more natural for the user to retrieve the desirable
personal photos using textual queries. For example, users commonly search the internet
for relevant images using the Google image search service. However, a Google image
25  search cannot be directly used to perform a textual query within a user’s own photo
collection, e.g. generated by the user’s digital camera. This is because a Google image
search can only retrieve web images which are identifiable by rich semantic textual
descriptions (such as their filename, or the surrounding texts, or URL). Raw target
photos from digital cameras do not contain such semantic textual descriptions.
30
In order to make textual searching of a photo database easier, image annotation is

commonly used to classify images with respect to high-level semantic concepts. This



a system for consunmer video annotation. Their system can automatically
detect 25 predefined semantic concepts, including occasions, scenes,

obj ect s, WOL20UW/BEWE and sounds. Cbserving that the pers®@0RISGRONOI00E343r e
usual |y organi zed into collections by 10tine, |ocation and events, Cao et
al. [1] proposed a | abel propagation nethod to propagate concept | abels
fromcertain personal inages in a given albumto the other photos in the

same al by an GRRAGERRE texiRld qQ&%Qﬂséﬁq gg %etn@\;a‘? b%u@gﬁ{egkﬁga@@é&géﬁm These

nmet hods | everage 15mllions of web inmages and the associated ric ext ual
descri pt iasaisndlegous hathe taﬂmﬂittmnscdfescrﬂalmglgom@at cdsmms Ain gposeldtie imepé es of
wor ks [16, 25, 2 e im

es associ at ed h quality
descri pt i RS} Q%E‘r‘?the?gé §2U’r9$ oﬂﬁﬁﬁe& lezttP”é’ 4 OESﬁ ?j’G‘i“W%a 6‘36‘%"‘5‘%% to
annot at e Q&ﬂ@és@h i RS $14] Weadnitl b \ALedHH Eh¥dd mmembaii%larssﬁxl%tb%ﬁ@dfdr{ St
searches for simlar inmges anong those downl oaded i mages fromthe 20 photo

forumd, didtdenrusef lnbsled éfmfé%&mta,t 4nd dhemesedonivamed sbssifiptsito dste¢tabaicept s)

BELUC AT B T e s S

at | east @s’}@te&f:wwﬁs@ﬂeeyi&% dniiatse Fleid Bydidift cae aitomattdliCdepRe s
Subsequent '%@ an approxi mate yet efficient indexing technique was proposed,

such t hatPre n@éé@nwcwn@@ts Asderlng 9cqepigns. éeeu@éw}mc@% aftre]les @YAn
annot at | alh&f REHERG UL bl b ds SERLA B il CAIRLAGARL N0 wer e
ur ther a r r alba et al .

al so propose rove e 1 nmage a Ion [ 22]

col | dét echraadmanaﬁ)and b'l/dnm;l Cab rey ali [ﬂqmo(sed)h Qibel preg&stioh nfetliddeosi ze of 32 by
32 pixels), each one gfﬁJ Y\hsé‘(:h is |abeled wth one noun froma | eX| con
cal | ed 30RABP2E% congit e seraipearsPrel ipagesde pat Yenpdbuo thr

demonst r ahipghdifate Whidhsihfici ent sanples, a sinple kNN classifier can
achi eve reasonabl e performance for several tasks such as imge annotati on,

scene recognition, and person defection 3 and |ocalization. Subsequently,
Torral ba gt al.. 23 and, \\éj et al al so devel o |ndeX| ng
net hods t% ’ ;‘f’Lt 93859 g 83§é‘éeracnne”f5$ Jargglier. eéggfﬁ‘q? Ky Ivsrasei nage
Wi th 1|SeSSm'ilh§1|ib @f&&Wnﬁg@s%ﬂdh@hisgmaéhmchléﬂmameécr&moﬂé forRm@posed a

web- based annotation nmethod to obtain conceptual l'abels only for clusters

of i magesanmotation. Zhapaet o @anmpoﬁﬂammﬁyw@dﬂ@pﬁa B6.S3d 28 biutidiaper vi sed
| earning et hogncf ncept ual bels to est,of the photo

t h
al bum To' oBtain %Sﬁ(pm@g‘??l ?%e qagr}(r?ltgtasm %Onst(ﬁlé asses}lgrog?émg SHEF?% to
descri be easdorphnaiphotalfbrumsusianfoth@denéral inigs® Onb e aherytilape, Sk tted to

a web image server (such as
System first searches for similar images among those downloaded i images from the
20  photo forums, and then mines representative and common descriptions (concepts) from
the surrounding descriptions of these similar images as the annotation for the query
image. The initial system [28] requires the user to provide at least one accurate keyword
to speed up the search efficiency. Subsequently, an approximate yet efficient indexing
technique was proposed, such that the user no longer needs to provide keywords [16].

25  An annotation refinement algorithm and a distance metric learning method were also

proposed to further improve the image annotation.

Torralba et al. [22] collected about 80 million tiny images (color images with the size of
32 by 32 pixels), each one of which is labeled with one noun from a lexicon called

30 WordNet (which is described in more detail below). They demonstrated that with
sufficient samples, a simple kNN classifier can achieve reasonable performance for

several tasks such as image annotation, scene recognition, and person detection



10Fl i ckr.com) to search for thousands of inmages related by the keywords.
Therefore, the annotation perfornmance depends heavily on the textual terns
provi ded WO 20hé3¢®2rs, and the search quality of the weBCT{$6&3e1086¢343r .
Al though it is possible to performtextual queries of imge databases by
first annotating 15the imges using orke of the above techniques, the inmge
annot ati on process would need to be perfornmed whenever new textual terns
are choseRd 16BQizhes SubsRubslyt MefabakealC PIR) hatw a6aétlay (Ot £asdev@lopad cannot
be performed in real tinme. Sunmary of the invention 20 The present
i nvent i ortwaiindexing rpfttbod&j@ siesd emibie imegauicarabtitoenss by depsessniengsedcbimege ri evi ng
”U't'”Ed'a}ht'e&aﬁg %un&fégudatabase of such files, based on at |east one
t ext ual i a Wor specl red by a user. 25In general terns, the
invention proposes that, after the user specifies at |east one textual

erm it is used to search a second dat abase of nmultinedia files, each of
V\/m chSi s ladtded lateted miopRsed Aiwel-Passd arnatatign mythed te blgroastrigp dabely s

usually o Fgg vers
connect ea&%\ﬂ&Eé e n er ngﬁgﬁﬁﬁvﬁqogo ésﬁg{]1¥1 k ?y;hrc%ldfg;sy%sl%g S(é)@[er t he
i nterne capedised idaeningnetiterte prapagat dxaapeptidldatyald toi thethiseof3Be photes
identified in the search are ones for which the co respondln text is

rel evant PR pke pRigin he migal gpngtafions,theysers pre reguirediedesgiveieac BRAMg t he
text ual aﬁ{? 591 nﬁwmlbér}ﬁsalvﬁfeh'a&ﬁla?s@cﬁ'ﬁh&%d@éawasllﬂq%@&r@er%wﬁ@xmthereof

The i dent I'timedia files areused enerate a first nmultinedi a
file 1O asklidkr. eombtmgaea@h fahtbofisands ofnlagesmetited lby the kehwesisf Tarefergyitee i s t hen

applied to the fir dat ahase .0 | tinedia es, the dentifying ("
FEPr evi gD prReaer frads et opheieRival epRs arRIDRY AP ESTER aflng o
the text Udk stRENQuatit\of Be tBlimAgeEevdred enbodi ments of the invention do not
require the user to performany annotation of his or her personal

multimedia itens. Furthernore, since, unlike sone of the known nethods
descri bed 0 not.,. nvo ess. of annot t.he nul.ti medi a
fores of auhofahiER mstinls I BertSrufeRARTERTIsSH £ RN Blebiifks By b Slih o0

| npl erent @d imBgdsainglone®f theubolaieehtiy ey, the iffape uaioesliddyprodtes azdumm‘ee& in Wb
2.0 and 10 the recent advances of web-based i mage annotation techni ques

[14, 16, thempgforpel whenevegnew taxtuakigamy aegchoper: Hh irshpigueisereliral nedi a
d d h b. Wb
ata (texfenpls il SRAER- uﬁgﬁgls’éandveagﬁ@%e sRlfrmedinGepdhed 10 the web. Ve

i mages are acconpani e i nformation, such as
t ags, categorles titles, and comments. 15The term "nul ti nedi a file" is

used to nean any file containing any of graphics, aninmation, inages or

vi deo. It§H§¥@Sé9é$%ﬂ§EE%@bther than a text file. However, preferably each
mul tiggdia file includes or consists of one or nore images and/or items of
video. In one exanple, each nmultinmedia file is a respective image file. In
the rest ®he preserpatvention wns talpeovidenrys aebuwfulencthpdsandisysteresfodi nent s of
the | nvemeltr%]v1r(1:g:le muﬁlmedla files from a first database of such files, based on at least one

textual term (a word) specified by a user.

25  In general terms, the invention proposes that, after the user specifies at least one textual
term, it is used to search a second database of multimedia files, each of which is
associated with a portion of text. The “second database” is usually obtained from
databases of a very large plurality of servers connected via the internet (the whole set of
files accessible over the internet can also be considered a database). The multimedia

30 files identified in the search are ones for which the corresponding text is relevant to the
textual term, for example in the sense of including the textual term, or possibly also in

the sense of including a synonym thereof. The identified multimedia files are'used to



20 readily used for other types of multinedia files such as graphics,

ani mati on or videos. For exanple, a video sequence can be represented as
one i nagewQi20a/034ne key-franme) such that enbodi ments ofPCrise2010e08u3 on can
be directly enployed. Preferably, the first multinedia file classification
engine is able to generate rel evance 2bscores, each indicating the

rel evance of the textual termto a corresponding multinedia file in the
first datghasR.a fﬁr@t@nﬁiﬁ%e%bayﬁlfé%m&sﬁl%ﬁerfg#ﬁé R dirgt chilligdiaik h@silﬁélst dat abase
according to the rel evance score. This is not possible in nmany of the known
t echni quesgide scthebappledde the Bt datdmm%mmbunerdemﬁbs,dhemme1denuénmg oh, the

process of .sear econ |Ies relevant to
Phe” toxt qaFrREmipORicaf MRS AR E% BaRBRe Mhigh e it falid ERubs e
second dat abase which are not relevant to the textual tern1 and both sets
of 5 nmultinedia files are used in deriving the first nultinedia file

cl assPf i ¥oteHyt preferimeamhadiments pf theliexeakion s net Feguiratheiusetstopesfors épyl  f or
this dep aﬂﬂ?tap h X\ﬁlug r0]r flé{'gﬁ%rs%tlal%l?lﬁﬁ{eldia fferhs Fdrth ?e snl%e ﬁ(te ngle If medi a
file classifier en . nmany app |ca I'ons o |nve Ion, Chere will

be far rmhekm(meinem@m démhbédmcﬁyaiofﬂdtemvdmztb@ce@@@aﬁhcdairﬁgbasmet han
relevant nultinmedia files. In this case, enbodinents may select (e.g.

random y)mggmedia fipy @f tééﬁgstéﬁtab% sertad) ephedimentsiof thednyentiopgan Pach set of
irrel e"arlfngi%én'téﬂﬁfl réalt églee%PP &PQ% t‘iJh?e @f@ 396 & %@95? ald? number
to the re o

vant multine ron1t e se gener.at e
t he flOr sttherdcentraddarsced 6f wlebbasiedsmlagc: mnananqmged:}hmq\mm{albmmi’r @3s24,260f '

irrel evant medj a files, The enbodi nent, ma for each of t sets of
11 ol ovams. Al UEARRlaR, £ G minty oo LR et e, Vigeos

correspongi, Qr 1ddl tBQﬁ’é wEBINGLcb G a sy aﬁ‘g rﬁk’i‘&ll;ﬁé‘&o Paﬁxédﬁ 8| BéRRbntEMubI Medi a
files and a he rel evant nultlnedla hen generate the first

mul ti nediiafdnnlaeorclsaslsa#tagﬁn Catsgwgumlf(sealgi C(B:nmntght ed sum) of the non-Iinear
functions. 15 In one form the systemperform ng the nethod of the
invention includes a feature extraction nodule (e.g. a sub-routine) for

obt ai 3 NgThd Fm amaittRetia ARYLS MBedté FREN an¥ il CconfiifiBE laﬁy'ibf siaphidg.e val ues
i ndi cating the corresponding degrees to which the Input nu timedia file

i ncl udes @WBRIQT, imagssor yldepylt sraydwsrans Spe atienthap pderdide. Havearepul ti nmedi a
20file fe &%fétra%% 8ac%erfu§1 Jn%%l uﬂcn@d%%%r {S&Fs%s%é {)f&{e o?rﬁ%rg'ﬁn?% aﬁ%P(t}eﬁ? a sum

over the nu ures 0 east one respecttve non-T1 near

function efviide If emd Wamp\l'a,leuﬂl mihietedinfile ibe respectdiedmagofile imearredtvfict i on

for every set of irrelevant multi g % files and every 25nu|t|n§d|a file
e O

feat ure. WepatcAq e aksimagshps yre bFmpedimgntsof thetipysdio

20  readily used for other types of multimedia files such as graphics, animation or videos.
For example, a video sequence can be represented as one image (i.e., one key-frame)

such that embodiments of the invention can be directly employed.

Preferably, the first multimedia file classification engine is able to generate relevance
25  scores, each indicating the relevance of the textual term to a corresponding multimedia

file in the first database, and thereby rank the multimedia files in the first database

according to the relevance score. This is not possible in many of the known techniques

described above.

30 In some embodiments of the invention, the process of searching the second database for
multimedia files relevant to the textual term further includes identifying multimedia

files in the second database which are not relevant to the textual term, and both sets of



di scarded fromthe first nultinmedia classifier, so that there is only one
such non-linear function for each of a plurality (but not all) of the sets
of irrel evarrpiwnikioznedi a fil es and/ or each of a plurali PgTSoao1owoes4al | ) of
the multinmedia file features. 30Alternatively, the first nultinedia
classifier engine may conprise, for eagh of one or nore of the sets of
irrelevant multinedia files, a linear or non-linear function of a product
of a wei ghiiiMeatadleCRTRASEH dofivi@itBh s nﬁm@n@dié{%@éaassiﬁe?reﬁgﬁeiw'ﬂ&hwe i nput
6 multinedia file. This vector nmay be fornmed by applying the I nput

mul t i meditle frielevaniomulyenedesfilgs areassefub forithis depehds en wittieh typk glitlavsieros i s
generated usin he rel.evant | ti.pedia files and the correspondi ng set of
irrel evaﬁltsecfrﬁ tﬁf:@ésgi"huei{lﬁnls@g.ﬁlgﬁgss daeEHENt may generate the first

mul ti media classifier engine as a sum (e.g. a weighted sun) of the
Snon-linear functions for a plurality of the corresponding sets of

i rrel @vadt manlytappkestians ¢f the invpRdomyhére will b farmeorkjimrelevanimultimddia fi¢s| e

classifi engi.ne; i ' ' v i.n ltimedia.files which are
ol 1 ci 1 AR B AR AR vk FRIGHES T8 N G TR er e o e
search t aelst (e randoingy)tdny ot Riose bas dbthe ifréledarit arlddacdkia Bl@qesh, sebyf usi ng the
nmet hod expl ai ned above to identify nmultinmedia files of the first database

whi ch ar dTgley e padtipgdig dilesdicangaahout Bretspmet bQOPArabis i DWRBCTAK t he user
suppl yi ng.r. > i di i { Sord ct, e.g.
by | abel ?ﬁlgegérﬁ\é%prﬁﬁ%teg ra?etfg?éa g ﬁl@iée’\%ﬁ@é"?&éﬂr’%@,%&d ?dee?arggtﬁ%eﬁjrs\tl g@@{e{de evant to
t he t1éxt ddeé classifier ubing the bew anmeredetsoofiigelgsad nwdtimeindiles. Tht bmbodiment

classificatiqn engipe, a process known here as "rel ev e feedback”, and
the mul t MBS R BETE SBisio el anh B imedia Al i fecSgcorduiaihisk CPRTREH . One
opt i on WoldireBSorfdth PRI AR RflcaYRNGRe iR dhas kdlStMInAIAAEHS AR LIsOT Web
images and a limted amount of feedback files, generating a conpletely new
cl assi f i g¢he gd¢vaprmuhignediofiles.sand thén genstpts theHiostewrdtimediadfilsictassfisr 4sraai ned
fromboth the web i s an eedback files may perform poorly because the
feature cﬁ“&@r%&ﬂ%ﬁg‘f?@%ﬁﬁgm" ead(fﬂ%‘i%r?gs‘can be drastically different.
We hgrke propose several nethods to address this problem Qur first proposed
method is 25that the first nmultinedia file classifier engine is nodified by
t r ai ni ng lapngder.ithesysiest eerfarsiing theecthed efthe invenueminglvdes iéeatusedback

files. A%g'-'e | pedj I.d: Lfier i.ne .("nodif.ied. classifier
engi ne") 1s %é}%nnrqggarﬁ%kég’g %lg'légllge)gégﬁ%ni (f:qr%g&%eglrlgf’%gm%l%mggfaﬁf > when it
oper at es mumdricakbfebmirdvaludstihdiestirg the kerredpyndinpaegreesg whiah theuhpitnedi a file
to the first multjinmedia file classifjer engine, and to the adaptive system
and conbiRiritigresiin Rlsinclpdessach PP WiAlSY pEcorfsspanding predetgamiped U’é‘R%”ém i s
trai ngd oml%efrce COnparatively small anmpbunt of data, the training process
can be fast-enough to be performed in real tine.

The first multimedia classifier engine may comprise a sum over the multimedia file
features of at least one respective non-linear function of the feature value. There may be
one such non-linear function for every set of irrelevant multimedia files and every

25  multimedia file feature. Alternatively, some of these non-linear functions may be
discarded from the first multimedia classifier, so that there is only one such non-linear
function for each of a plurality (but not all) of the sets of irrelevant multimedia files

and/or each of a plurality (but not all) of the multimedia file features.

30  Alternatively, the first multimedia classifier engine may comprise, for each of one or
more of the sets of irrelevant multimedia files, a linear or non-linear function of a

product of a weight vector composed of weights, and a vector representing thé input



7 Qur second proposed nmethod is to generate a set of weight val ues defining
the nodified classifier engine, by perform ng regression based on a cost
functi on.wOhe110Bg302f unction typically includes (i) a regursGea®ooeasm (ii)
a termindicating disparity between the 5results of the nodified classifier
engi ne and the relevance data in respegt of the feedback files, and (iii) a
termindicating disparity between the outputs of the nodified classifier
engi ne a ; Ut 01 J i i of ) j ctively
oper at i na A HIE thiovectianby BEorkl By apPaRie B gl M MBI ERRET | et
in the fdeabeckiactiansmodwe. Theawgightf\ectoeds ganerataf uding the oglevamnmultieedier s of
the cost functjon are such that..the i ght val yes nb xpressed in

ol osed 1 diift ks cingrepide sft of indevapy miilimede i, SReempodieeBrE=%nal or

mat ri ces)genélatd B &k YnulfiRe&ia cHBéifeSingiid dlShnf{cly. URMALIRE) Saffoftha® new

rel evance data is obtained, e.g. using only the images described by the

r el evancenapdinear fmgtiensifens pRsdity of thesiogkspondingestsaf errelbemt galtoutdiaed. The
inventionﬁggn be expressed as a conputer-inplenmented nmethod. Alternatively,
it can be eXpressed as a progranmed conputer arranged to inplenent the
steps of the nethod, for exanple a conputer systemincluding a processor
and a nenopry device storing. programinstructions which, when inplenmented by

t he procekioualipefdhe firre mtyaedia fie ¢lassiar eagine isrptiopalhotmprayedaysing i vel y,

t he i nvent i@ r : r ed.in a recording
medi um %P@%’éré?yﬁlggwﬁ %ﬁgﬁ?%ﬁygﬂlrcg plggeﬁg@%hgiuﬁgﬁr%g{eg{g rgﬂ'g%ﬁioééﬁrag o age

devi dé ( etoghe &Bychaernes. Cagvetiéntlyshisiadeneda vifealbaek procassdbhatd e or the
storage device of a server)), or._an electronic _signal (e.g. a signal

75t 1 ansmi PEBES GRRIFNER BDqveR 14 ify mah@q%ﬁ(%apﬁ@egir peghichiatq ons whi ch,

when i mpl gaROLEE RfelelhtRb BASSRA tefRYRE tﬁéathﬁ&?gmgiagg?&%@%gh;he

net hod. The tangi bl e recording mediumor electronic's
conput er ipdwgrirgwhetbetutbis 1§ astualbt airtect, 0. gubpiabeling theenulampdiadiled which bundl ed

wi th another rel ated commercial product, such as a canera. I.n fact, the

recor di ngfredidimi ey f%@ rﬁlemg? ﬁd&’%@ée‘m-ﬁleé frEARLC 436 AY P%éﬁ%tmvr@!ve, t he
Progriam iy chesifitAlof dniteda SREYBknbRABER dsralbddige HeabstkBUnddgcessi bl e to
users (e.g. over the internet) and which perforns the steps of the nethod,

aft er usemyltimgdea files abelgg bydbwser pesitermadedessiback fiiefeos, and transmits data
i ndicating the WD 2011/034502PCT/ SG2010/ 000343 8 results of the nethods to
the users' conputers. Optionally, the server transmts advertising materi al
to the usensoptim wbuld®ses p@iforanreldvaidecfeedtaokl using b Sargh EiRBEH ofanbs of the

invention will not be described, d%ur ely for the sake of exanple,
images and a limited amount of feedback files, generating a compietely new classifier
20 from the whole set of images. However, classifiers trained from both the web images
and feedback files may perform poorly because the feature distributions from these two

domains can be drastically different.

We here propose several methods to address this problem. Our first proposed method is
25 that the first multimedia file classifier engine is modified by training an adaptive system
using the relevance data and the feedback files. A modified multimedia file classifier
engine (“modified classifier engine”) is then constructed as a system which generates an
output, when it operates on a certain multimedia file, by submitting that multimedia file
to the first multimedia file classifier engine, and to the adaptive system, and combining
30  their respective outputs. Because the adaptive system is trained only on a comparatively
small amount of data, the training process can be fast-enough to be performed in real

time.



with reference to the follow ng draw ngs, in which: Fig. 1is a flow
di agram showi ng the steps of a nethod which is an enbodi nent of the

i nvent i orvO 2011/034502 Fig. 2 is a diagram show ng the sPCHSGAIB/060345 syst em
whi ch perfornms the nmethod 10of Fig. 1; Fig. 3 illustrates how t he Wr dNet
dat abase forns associ ati ons between téxtual terns; Fig. 4 shows the
sub-steps of a first possible inplenentation of one of the steps of the

met hod of Fig. 1; 15Fig. 5 is nunerical data obtained using the nethod of
Fig. 1, illustrating for each of six fornms of classifier engine, the

ret ri evalOupseaonsd ipsapoatr mhthadds iolreasraeh serebyaishtivilaes defiaingdpe pwdifiedp 30,

top 40, t .50, t . 70 L. ; | 4, LI ust t he
top-10 i ﬁ?ag?lg?f erngf i gggg@%géu? fegp CTS(E)1 rBR%g%eﬁieornya (ﬁoss|I ’rledgn%P%Ig T’thg rc'ré?t"f{i/l\gétgoﬁl" on the
Kodak datgsedly iacldded((Dlreguladzdr SeréQ (oS @em dhdiatihe di{payitybet@ber fheust r at es
the top 10 initial results froman engl oynent of the enbodi nent using the

search t éeswits ghibganedified ¢lpsifiqusgnprnditheslsvancgdatapn gespogtiof théhi ch
illustra r ~af : : r : iled
R L L S R e
shows t helstifpsenginecsandahboatpawrfithofirst e ¢lasseidriengint ovhkmedspedtaely t ext ual
query based retrieval of inages in a user's rsonal collection. Such
per sonal 9PRBIBE Oof E&S‘P‘@B&é @Iln"ég% %het %Fb‘&ébﬁﬁ%f”égﬁ% re 'neb’ﬁglb‘ﬂﬁ(f"‘ptﬁ& os") are
usual Iy qrgmpiizgdsin fol ders without any indexing to facilitate textual

queries. 9 Fig. 1 illustrates the steps of a nethod which is an enbodi nent
of tH@ invention. Fig. 2 illustrates the architecture of a system which

performs .t he t hod, and, shows the flow.of information n.the method is
per f or med? a‘Pﬁ‘gfg'ér?g floém ?qﬂhﬂseaﬁgn’éh? fepas 0&%?58%5@“%“\/%‘? %r?,ﬁi%%atéhec‘glﬂighgt i on of
the user'\mLRELHOPALxREREOH APRA for1ds @ faRGRAGIdatediait: skiictures (vectors

and/or matrices). Optionally, these data structures are updated each time new relevance

data is obtained, e.g. using only the images described by the relevance data, and a new

15  set of weight values are then calculated.

The invention can be expressed as a computer-implemented method. Alternatively, it
can be expressed as a programmed computer arranged to implement the steps of the
method, for example a computer system includirig a processor and a memory device

20  storing program instructions which, when implemented by the processor, cause the
processor to perform the method. Alternatively, the invention may be expressed as a
computer program encoded in a recording medium, which may be tangible recording
medium (e.g. a optical storage device (e.g. CD) or a magnetic storage device (e.g. a
diskette, or the storage device of a server)) or an electronic signal (e.g. a signalj

25  transmitted over the internet), and including program instructions which, when
implemented by the processor, cause the processor to perform the method. The tangible
recording medium or electronic signal may be a computer program product for retail to
users, either separately or bundled with another related commercial product, such as a
camera. In fact, the recording medium may be a memory device of a camera.

30  Alternatively, the program may be stored on a server remote from the users but
accessible to users (e.g. over the internet) and which performs the steps of the method,

after users have first uploaded their images or videos, and transmits data indicating the



S5which is a large collection of inmges with surrounding texts. The content
of the database 12 can be obtained from Photosig.com which is a database

descri bedwPror3¢s0det ai | bel ow, and nade up of images oPCHISGAV10P0¢HS ai ned

fromthe internet, so they are terned "web i mages”. The nunber of itens is
so large that alnpst all daily real-l1i$e semantic concepts are represented.
We represent these concepts as Ca,. 10 The database 12 is organi zed so as

to make amsiltyedehespethads tpabsussts compngra®ptionaby, tieckefidr eran@hiod” [ 31] .

First, stﬁg-\/\ord rerm%al is used to renmove from C', high-frequency words
that are MSEUTREAAGHEUC NEUSFS st 11 very large, and we assume that the set
of all concepts Cr characterizing a user's personal collection of inages is
a subset of Cs,. In 15other words, alnmost all the possible concepts in a

phion ©4 thetpmapdimmernted to be present in the web i mage dat abase

per sonal Bmildesd theln
12. Then, r gani t.he database 12 .as .an inverted file, .such that it has
an en!tg ry lf,%foﬁglgﬂts\}%%l Vefnglowl, nph ?89%5‘%% p&“ﬁf &’F%befs%? of exRlfages in

dat abase vith tdfaen&ap it PlloiengMawirks] @ Wwikieh:surroundi ng texts. The processor
whi ch perforns_the nethod consists of several nachine | earning nodules. The

first nmodul e dfigthiss flovadiagenk shoyviag thedigns of 3 meshodawhishas aembbdimenye
retrieval e 13 receives fromthe user a query in the formof at

| east oneOfttgé;?ngﬁ%t%ér m(step 1 of the nmethod of Fig. 1). In the follow ng
description i tFigs? aesdiagdmtshawirothe straGuRIfy sstsinReHieh peXsrad thé ietodef i ni ng
a si ngl e concept, but the nethod can be 25generalized straightforwardly to
the d¥se gkt ple textual terms. The nodule 13 uses the textual termto
extract rel evank 3 MRGRSe] LM ANARARSakolR! &R0 AhrorcMen@lly d-GXLLA! term
g, the nodule 13 efficiently retrieves a i web 1 mages ose surroundi ng
texts coneeny) the word q by using the pre-constructed inverted file. These
web i mages are_de d to be relevant images.. 10 In step 3 of the nethod,

t he nodul e 13e1f1‘§e‘§$% tgﬁﬁ@t’?tﬁﬁ’? ‘W'a?r%"ﬁki’os@g’?q i@plementetignefne Athe {epsengl i sh

| anguage sahoiRIHAG Y ¥ inceton University, and accessible at the website
VW wo_rdnet.pri.nceton.edﬁ) to interpret [11, 22] the semantic concept of

t he tléxtual t erig(&is.nuaserichl data okttipdd usingitlge. m&hod\of Bidet, ijesteatimpdsr eacket Cs

of "descendant' texts o Sbhased an speci fied nunmber of levels in the
ot abase. SN Toms 8l bt dneb e el o7 EESon wRRp RET PR aife, pppured
descendanfos tift6p 28 tkp 38/%dp 40a6F S0, top BAHE tof AG ik dRs second- | evel

descendants: "dredger" and "housebqat"._ In step 4, the nethod
retrieves all Tiga@dhisirptes the tep-d B iritidaeaisasloendtstfoma quroy noing tlontesrnn  10any of
t he wor ds b0, _thetr Lhg texts. These are designated "irrel evant”
web inageggﬁ?hg“#@?é@%ﬁgééﬁﬁﬂgbgeIevant web i mages are denoted by D = (x',"
, Yy L300, whBigeT i compsédef Figt k) whitheNusbfatds BRO©H 10MnitiAEres@6:0msm dat abase
12, x',1'" is the i-th web inmage, and 15e {1} according to whether the i-th
i mage is ¢mplaymaRt o(f);he__qrslbqﬂlmieptrlgp@vtgﬁﬁearch term “animal” on the NUS-WIDE

dataset, and Fig. 7(b) which illustrates the results after one round of relevance feedback.

Detailed description of the embodiments

1. Explanation of the embodiment

Figure 1 shows the steps of an embodiment of the invention to facilitate textual query
based retrieval of images in a user’s personal collection. Such personal photos (called
30  here “target photos” or “consumer photos”) are usually organized in folders without any

indexing to facilitate textual queries.



(y," =-1). In step 5, a second nodul e 14 of the system uses these

annot ated web images as the training set for building a first nultinmedia
file cl as@DR20BEV03¢393i ne (here called sinply a classifier PCTISG28108p0383 t he
classifier is used for classifying inmages in the first database 11 (the
target photos). Any classifiers (such @s a k-Nearest-Neighbor classifier, a
Deci sion Stunp classifier, a support vector machine (SVM or a boosting

classifi @ﬂ% 1qﬂﬁst¥h@esli§l@§tgﬂ)snofsattﬂ9th5d wﬂ@mg%mﬁo]gﬁﬁen& betRUARS iR Figeb | mages

in D can be up to mllions, direct training of conplex classifiérs (such

as non- | iikesmateS\sarchitegie o mgystdna wdidh paroymathe methodeand showbihe ffooy

real -time,t et. phato gyetrjeval . The le 14 of. Rig. -2 .therefare

oo cal 1t ReE AR R et perkSteodts S st s BEPEEI N1 ghbor
cl assi fi efifich {9eCdoHEQIbNIfURPuEr'S peRRbeS phbtderdpBalan@WMecondldatdiRbe Us first take
the case that step 5 constructs a k- Nearest-Neighbors classifier. In step

6, thé clvehieh isjadprggicotlersionwd images avitosusionadingteyts. ddetsontent picthe datgeasephot os
inthe d : [ Stance Ey et o and its
near est 208 ShSmnel ) RABRE <Ol bARNGs BERIBER denBlncdh AR BREH D
exanpl e, tklowyanbeadakipnf afagdeOrigihatin obtaiveedFednasisd ihictiiet gRNREVAre deriiedt he
modul e 14 ranks all target photos with respect to the average distances to

their k nd%Pawpgstei ghpBRRDeNGtiemsHa o taree thanNmasialbdrily redldefenemariifpl oy t he
| rrel evant, B! 88 r{flech@h Ot DA HEL béBhe oT € | MDY OVe the Tetr eval
ad instep truc

performance, "we can I nste cons & '10Deci sion Stunp Ensenbl e
clasgpfier. However, the nunber of the irrelevant inmages (which is
typically in the mllions) in D' may be nmuch | arger than the nunber of

rel evant Theabebassld sleganizd so db §& mabasn omgerse®th possiblbesivgny “nvbd¢danced.

Accordingly, follow ng the nethod proposed .in [20], the c|lassifier

gener at eoélﬁywtﬂh%i Totiul sty5t0p 2eg ﬁﬁff@%@f%&ﬁ% toaregwére e BB TEaBEnCY

i rrel evant gegl mages (deno ?d here. fs t he 15"Ee ative" sarwl es and

conbi nes WS ajateiof meamapiitl ohy 1R YoR:dge. @ph &voasims thabthessifials) to
construct a snal|er traini ng set. The ]zr(r)glgler training sef is gse to train
a deci si oiPNSERISG »Eharadezipg & user spersogalqolleghonef imaeey 5 aspset Pt Soplbys an
ensemhl e of deci,sion st s, indexed .d. 20Each deci sion stu relates to
Sactn  etbereoin et ol WonosieGeentt i adeat fuliehur edtos bl P fu 0o
= h(sd (Xt prefe) in th¥RRb PmbEL dRathsé ¢RI THMINRE brodiMh8gdtSo 38 12 at Bk eshol d, xd
denotes the magnitude of the d-th feature within an i mage x, and sd e {1}.

h(x) may ibeeredsfilgrsuththat itdas i ewtry forepetl wofd xin>Q,, , fodldwed (by)a. list of dt ther wi se) ,
in which case the decision stunp gives a discrete output. Alternatively,
h(x) nay iRagseinedatabgsak? thabcontay tieetenidy withedirepuadingyexton function h(x)=
(1- exp(-x)) / (1+ exp(-x)), so that the decision stunp has a conti nuous
output. This is the selection which is used in the rest of

20  The processor which performs the method consists of several machine learning

modules. The first module of this framework is a module 13 for automatic web image
retrieval. The module 13 receives from the user a query in the form of at least Qné
textual term (step 1 of the method of Fig. 1). In the following description it is assumed
that there is only a single textual term defining a single concept, but the method can be
25  generalized straightforwardly to the case of multiple textual terms. The module 13 uses
the textual term to extract relevant images from the database 12 (step 2). For any textual
term g, the module 13 efficiently retrieves all web images whose surrounding texts
contain the word g by using the pre-constructed inverted file. These web images are

deemed to be relevant images.

30



this docunment. For each d, the values Od and sd are chosen so as to
separate the positive and negative sanples with a mninmumtraining error 8d
Qd can bevOedwyaITed by sorting all the sanpl es a®€CoHSG20y/00e348 he d-th
feature, and scanning the sorted feature 30values. 12 Next, a weighted sum
of the decision stunps is calculated: 10-f(x) = Erdh(sd(xd -61d)) (1) 5The
correspondi ng wei ght yd for each stunp is set to be proportional to 0.5 - ,
wher e Ed th$tep B fith@ineindd, @k ndul@f Lult fd@intidWaRaUS (8 exidal ARababd of S
further norﬁ%lized such that ggd :1? To reﬁn@e t he poés?ﬁ?é g?ae g?¥ect of
random sdhpEnglgshdénguhge maimédinemby Princegas Univiessitwhaldeagpessibdelatrtbe ivgbsiepeat ed
ns tinmes, such as no, = 100 tines L ifferent. random y sanpl ed

irrel eva%%g—ﬁ%%é@%t%g&pl tﬂé‘,“e%é{gll‘ ggi?géhease&ﬁw‘&smﬁei ‘?fsltg? fqr’r‘g'}a?f s which
is the aEmA9E AVBhsti&d BSFige ,WB?dNE?%@ﬁéré{t%s b Sl }%f «dRE dEﬂatteﬂ{‘Sfaq?}"er age

value is not Just 1, but is’instead a value which’can take any o | ar ge

nunbes ofpavél sies sgeeifiedirfubifyee bt lek BB GEtheatabaid) én BRERBMpRAIIDASE 1L, SO that
a ranking of those |Q§$es i s possible based on the correspondi hg average

val ue. Thibeatathpfirsideel descepdantssarg nerki 2ad “argeivéBeigs” Bagiorgcimblevell5 Aft er
asynmet ri&spe%g%tgg‘dyg D-degi-fhQ si-nps, the first multinedia file

classifier engine i néir%udes nsndsrégecrsi on stunp classifiers, where nd is the
feature dinension (i.e. the nunber of features). W nay inprove the first

multinedia file classifier engine by renoving a certain proportion (e.g.
2099 of tRet@tthsBethed ripev syt imess indhgesonddatabasail Ahat Ap opt ¢antais . Thi s

r enoval ral ]y t t_discrimnant decision stunps,
and AP« RO PRI it Bt SRR B O T A e liF ST 680 1
t he deciqhg%eétunp ensenbl e classifier can effectively exploit both

rel evant and irrel evant web photos in D , this classifier is not optimally
efficient for a | arge 25consuner photo dataset in database 11 because al

t he decision stunps need to be applied on every test phpto in step 6

(expl ai nethayeleyapt andimpplevant webtimapes ane denagedthys ildn= f o

x,y" |'m where n is the
total number of images in the second database 12, x"is the i-th web image, and

15 y'e {£1} according to whether the i-th image is relevant ( vy =1) orirrelevant

(yiw =-1).

In step 5, a second module 14 of the system uses these annotated web images as the
training set for building a first multimedia file classifier engine (here called simply a
20  classifier). In step 6, the classifier is used for classifying images in the first database 11

(the target photos).

Any classifiers (such as a k-Nearest-Neighbor classifier, a Decision Stump classifier, a
support vector machine (SVM) or a boosting classifier) can be used in step 5. However,

25 since the number of web images in D" can be up to millions, direct training of complex
classifiers (such as non-linear SVMs or boosting classifiers) may not be suitable for
real-time target photo retrieval. The module 14 of Fig. 2 therefore typically uses simple
but effective classifiers, such a k-Nearest-Neighbor classifiers, Decision Stump

Ensembles or linear SVMs.

30



stunp classifiers, where nd is the feature dinension (i.e. the nunber of
features). Then, for each test inage, all the decision stunps need to be
appl i ed iWO20u38302whi ch neans that even if 20% of the ®ETISS2OM0/084343m
classifiers with the largest training rate errors are 13 renoved, the
floating val ue conparison and the cal ¢ul ati on of exponential function in
the symetric signoid activation function will be perforned 08nsnd ti nes.

Mor eover [ et uOfift ARE ki QBe BlablétBp § kastiubisel k-NehdsRRERHIS L Nifi N6 sitMT! €
di rension of the whol e feature space. Thus. each individual classifier may

have ver \, thetclassifief ¢ftbe mndulehkst dompatess fassath of the tdrgetiphptoatim thealatpbascal e
consuner .pheoto retri.eval et further. possi.bl e i npl enent at i f step 5,
i's asymnglt? ring BWEG8Y ?illétaﬁﬁ Plgtge?n?tﬁgta?r%gm&?ﬁ@d 1P %é‘a?gl%g\ﬂﬁgg‘ltbg’éss(?&?\ﬁr i s based
on | 00selaydngled RekvERDNE s inDC CFBPEk dinpli ﬁla?ﬁe EREF LY 3160, ﬁ.egﬁﬁbef of

smal ler 10training sets, each o I ch conbi nes e positive web 1 mages

w th & celasg§pogaiicraged bynthe modubalvfplaskis slbtargdt phbes magatspeet toahe aveagges. As
suggestegl'. itn glé]thf.e?ture tvecgri\o?rs are normalized into unit hyper-spheres in
the ker néfS'EFEEE. ELF NI "EIM® nor mal i zation in kernel space is

equi valent to normalization in input space. For each of the sets of

negati ve web i mages, which are | abel ed by respective values of the integer
15var i ablNotefhat the k¥ibeppreesh dags aet anpley teecineleyantabiotisdor terggsphdtber in t he
formof a lin function fs., .., =wx +Db re X LS a.presentation
of the i&%tggv?q%f? hnépﬁoé’%@l uerrg%se'pv)%tl & C %I?%r.lcef Yveﬁﬁginﬁgggghﬁ%gﬁ?gs, §§%h equal to

t he dpourbecifiordS iy Bxspmbil digssitet. [Hdveater the hiimbéadele inelevhitdinabbe | i near
SWM cl assifier operates in feature space too, though it does not, like the

deci si on (whishps oipacadliyfin gre mihens) i Pacinay bamuck ldgerghai e numdepehdent | y. .
20The linear SYMcl assifier is trained Ry m nim zing the foll ow ng
obj ect i vaClyRttmagest SO th f\fﬂ?ﬁdl-s YR ULt Fafy Dy very paRalanced Aepprdipglgr e {4 '

. 11 I gh- Th
} are a sfsno@fngsth@ﬁl%mv)agr@ﬁuse& ﬁ@d],ﬁﬁevahgbgnﬁ@ gﬁgé%g@&rgﬁn{]a&m& 4. The

mnimzation IS over the variables vvm I's a predefined
par amet errandumigiselects aspegipedntmbaf ihdedait sucbtimagdsdenbtédrherdias thiebLi near

t ool kQx 0].. ‘ . . . .
q% [“]ﬁeéatlve” samples), and combines these with the relevant web images (the “positive”
samples) to construct a smaller training set. The smaller training set is used to train a

decision stump classifier.

The decision stump classifier employs an ensemble of decision stumps, indexed by d.

20  Each decision stump relates to a d-th feature in one of the images, and uses a respective
function f,(x)=h(s,(x, —0,)), where 8, is a real number which acts as a threshold, x4
denotes the magnitude of the d-th feature within an image x, and s, < {i— 1}. h(x) may be
a sign function (i.e. A(x)=1if x>0, and A(x) = -1 otherwise), in which case the
decision stump gives a discrete output. Alternatively, 4(x) may be selected as the

25  symmetric sigmoid activation function A(x) = (1-exp(—x))/ (1 +exp(—x)), so that the
decision stump has a continuous output. This is the selection which is used in the rest of
this document. For each 4, the values 6, and s, are chosen so as to separate the positive
and negative samples with a minimum training error &,. €, can be determined by

sorting all the samples according to the d-th feature, and scanning the sorted feature

30  wvalues.



We al so repeat the whole procedure ns tinmes, each tine using a different
randomy sel ected set of irrelevant web i mages. W then construct the

wei ght ed WO@PHES402(x) = Ey,,,h(w', x+ b.)(3) WD PCT/SG2010/000343

2011/ 034502PCT/ SG2010/ 000343 14 where v,,, cc 0.5 - es , and es is the
training error rate of the s-th lineal2SVWM cl assifier, and h(x) is the
symmetric sigrnoid activation function defined above. vy,,, is normalized
such that E y", = 1. 5Let us now conpare the |ast two ways of inplenenting
step 5 (i.e. using the ensenble of n snd decjsion stunps, or using the

li near SWaxbfa ijghted sym of thedegisionsipppsigicalsulgtedn” it takes nmore time to
train the |inear SVM cl assi fif{ﬁgt deci si on stunp ensenabje
classifier. However, the inplkefentdulfadis«df:step) 6 bel ow is fich faster with
linear SVM since for itemin database 11, the cal cul ati on of the
exponential function in (3) 10only has to be perfornmed n, tines and it is
unnecessary to performa floating val ue conpari son. Mreover, in the

exper bmerfile cdesspontiag voeglow, fwe cathsstump ist deato hemgoportienal tS\M usuavheye

achi eves conparable or even better retrieval performances, possibly because
it sinmultgnsdstrainingresiodeate ohthe ditldeciwatstimep. di, msdsitigrnioriplégedsuete, | i near
SVM may be preferred for | arge-scal e consuner photo retrieval. 15 The
resul t~ ofthatep, & lofotrtreovrethh pdssitde sidateffetteofirmugassaniplingefitie stelayantabase 1
are classified based on the textual term Optionally, the nethod m ght stop
t here. Hawever

t | 5o has_t tion,of i i.ng_th
cl'ase 11 oifeten g R PRseles tBout R B Fiodsdh 710 KRS cp 8 (e

user provy. i i Rl in th j ase 11 to
i cat o GEEREAb SN Sl IRk YD iRACEh Ruleh b prblifics SERARTCZ 12,

Rel evgnce.| iRBRP3CKyHiEfh thelhRPagedvel BB /2 se® oTRER e I&uieNes@es R updat ed
classifier engine, and step 6 1s then repeated. This | oop may be perforned

as of ten pgradeshlueds nothist I+ It bat lsdasteadieciAdeswhith she aké ahhaf alegé ur t her
refinement is needed. 25 Note that nodule 15 may use both the | abel ed web
i mages crivartes of Maluesehos dftergng images Fdn thesacanbiaabased e thifct@akingeht ed in
step 8. e : 1 i . by D(xi, vy
Jr ), V\h\e/{ﬁg&nllpr%?gs 1tE gssﬁagnggs%hSWng%gf%gBﬁ? g\%@%%%f}{a})‘g% %IS(Q: ?)g{r?% i ndexed by
i ndex j . shaeegynt hiveless Aginmemgdnageogd?her constitute a dataset

15

After asymmetric bagging with decision stumps, the first multimedia file classifier

engine includes n_n, decision stump classifiers, where n, is the feature dimension (i.e.
the number of features). We may improve the first multimedia file classifier engine by
‘removing a certain proportion (e.g. 20%) of the decision stumps with the largest
20  training error rates. This removal process generally preserves the most discriminant

decision stumps, and at the same time accelerates the initial photo retrieval process.

While the decision stump ensemble classifier can effectively exploit both relevant and
irrelevant web photos in D", this classifier is not optimally efficient for a large

25  consumer photo dataset in database 11 because all the decision stumps need to be
applied on every test i)hoto in step 6 (explained below). Suppose we train n_n, decision

stump classifiers, where n, is the feature dimension (i.e. the number of features). Then,

for each test image, all the decision stumps need to be applied in step 6, which means

that even if 20% of the decision stump classifiers with the largest training rate errors are



WO 2011/ 034502PCT/ SG2010/ 000343 15 Dur = (x" , y, Twhere nu is the nunber of
unl abel ed i mages. We denote the total dataset fromthe source domain (i.e.
dat abase WOR20Lyo3ER02 | and we denote the total dataset fPEFISGREI0{08¢3d2t
domain by Dr =L.) AT, with nT = nl + n" being the total nunber of inages in
the target domain. 5 Note that the fedbure distributions of photos fromthe
two different domains (web images and target photos respectively) may

di ffer tregendope!toaandviliesompaesor ahy il dal @iRivh Terpdrchiifidind@iopngr ties in
ternms of mean, intra-class and inter-class variance. To utilize all

trai ni ng tikagyanrhetamsigotoid actngeon plnstios will &e getfordmdad. B, nartingwe bldreeges
(source 10 dommin) for inmage retrieval, one can apply known cross-donmain
| ear ni ng omedhasion SEmp dassifer ogly apsounts fogpne sinEleidimensemptthe #40ih t he rest

f thi h. Y t. al . L}
oo o TERERSERY YRS BaodkP B AR D SLARSE kBl L B
adapt ed freqip an exi sting auxiliary SVMcl assier fs (x) trained with

the data fromthe source domain. Specifically, the new decision function is
15fornul ated as: .f T (X) =f s (x) + 4f (x)(4) where the perturbation

function A’é&%ﬁ%ﬁ%é}%@?@#%ﬁ% J{—hp&) eARELE %tdaaifu%g pdskiBie i%eﬁ%ﬁ(&gt

domai n. urbation’function can be | earned by
sol vi ng afgtepdy, &t dsgmpreaty bapwimpgw (R )ingard MnThdlindar S/ M ichissifier isdbasddat used
to produce an SVM Besigdes A-SYM nmany existing works qQn crLoss;domain
| ear ni ng q\[lpgqﬁbxggelﬁgwe amasss Hags reHh dEAlAE9 H“?ti‘?‘a&““%%fﬁo YPYYE the source

domaiyp anghi; [ ARh RombiRE thePosftve iebinaBEORAB &ofesondimi! | €F
cal Ie1 aqgaéltr“ggss%tg’o%g[i; (r)lfj‘gS)VM' ?CD SVMe?ﬁovs\hivgh usesaEkWZSnegr g?to nelgghbors

from t he randayelty-sdopiidrset of tHehegativa webiighgest 41 seggeistedfin { 17d feasbreiveeigess in t he
dat abase, and then,the SVYMclassifier.is trained Wit.h resweighted sanpl es.
Daune. 11T PG G vk BV BRE e AN e e FRE BBV Sugment
features fqmadoitihiin REABT PhtOR-eqUivalcALD TRAN EzaBA M St §Hfale. Foedadhtof

construct a kernel function for kernel nethods. Note that nost cross-donain
| ear ni ng thesttodEngzrive ¥8b igagessyhgh arpolebdehby srspeaealugs ef Be ifag&Ebel ed

data jn the. LA 9%he SR084iRenRGE At dpectRi M RlonTassHePROHE Forth S Pisar

function f,,, (x) = w_ x+b, , where x is a presentation of the image in the feature space

(i.e. it has ny components, each equal to the amount of a corresponding d-th feature in
image), so that the linear SVM classifier operates in feature space too, though it does
not, like the decision stump classifier, handle each feature dimension independently..

20  The linear SVM classifier is trained by minimizing the following objective functional:

%uwmn2 +Cgyy O & such that y (wm'x,.“' + bm) 21-&r (2)
where {45,’"} are a set of slack variables and Csvy is a tradeoff parameter. The

1

minimization is over the variables wp,, bn,, and {cf."'} . Csvm, 1s a predefined

parameter, which for example takes the default value 1 in the LibLinear toolbox [10].

We also repeat the whole procedure n, times, each time using a different randomly

selected set of irrelevant web images. We then construct the weighted average

£ @) = Yy h(w,, x+b,) 3)



16 domai n kernel -l earning nethod, referred to as a "Domain Transfer SVM
(DTSVM [7], and a nultipl e-source donai n adaptation nethod, referred to as
a " Donmai 'wagapyetiodn Machi ne" (DAM [8]. However, thesePR#ESGA/0803d3 eit her
variants of SVYM or are used in tandemw th SVM or other kernel nethods.
Therefore, these nethods 5may not be é#ficient enough for |arge-scale
retrieval applications. Reverting back to the description of the

enbodi MeRfherdly DG 6=f0r 681 Lag Y Bifink RribPRIOYLHRRGK GinkAIIVIOVAMssitRE f OF Mance
woul d be to cofbine the web’ i nages and the annotated target photos in step

9 to retnahnndid@WsehaRiid dighoidRWeMRIn fufbiiGEddiied hegdine AQdhsilidedut i ons
of photos fromdifferent domains are drastically different, such

classifig{lﬁ.‘m?/ ef fofm poorly. Moreover, it is also inefficient to
re-train the c ;fsi”‘fier using the data from both domains. To significantly

reduce the training time, the classifier f (x) (i.e. the decision stunp
15ensenbl e classifier given by Egn. (1), or the linear SVM cl assifier given

by Eqn. (3 ted i t : : pLi
ol asebii i by BV FRRRGE ioFt hoak W APIRAREY BB SLOE o eflame e

si mpl e CryFssn dRRRidh dn@Apd)ioRdsiABtatheat SVRI bEHqh. Q3))EF6r RS sdeh¥Nal@é oDS
S+tSVM T. Thi's nethod sinply conbines the wei ghted ensenbl es of the decision

stunps | ear nedkésméieaindto kAMid it danbehedlasatier thih 4 heciSon smpdashbleD'
20(referred to as DS_S), and a SVMclassifier |earned fromthe nmuch smaller

anmount ofcldsailfiet. ébvwaatn thenimiplentmatiet o fthoepab belbWw i€ enuch Hadterneidt ludM Wi t h an
RBF (radi al basis_function). kerne

, |, ferred t SVWMT)L. S ifically,

the out put Vs simeporitem ig dagbass eﬂ’t‘“‘é&r&}ﬁi“rf{t’(r?%torféﬁer%tsi’ﬁée‘[t‘:ai}‘mﬂ‘g‘ggpl {}éfﬁg %/he
. . . . >0 ° . | S and

S0 105, LB b Bt £kl B wRediTho bpRofi s ARb I3 S

step 9 gy, séh. MSTBONHUR thed §efiRnisUNGI K daR10vWRASSosERIEBA AT tIREGMaaT | Zed
Regression” (CDRR). In the sequel, the transpose of a vector or matrix is

denot ed BVi¥heuslipahsoes pempaEabletohevgn- bettes agmpeenl perfornvancess pofsibiyt o denot e f
N ) e M et aRt el cisidors milt8 anded dméRicnleri@LAR el e WO
may be preferred for large-scale consumer photo retrieval..
15
The result of step 6 of the method is that the images of the first database 1 are classified
based on the textual term. Optionally, the method might stop there.

However, the user also has the option of improving the classification. If he takes this
20  option in step 7, then in step 8 the user provides data annotating certain images in the
first database 11 to indicate whether they are relevant to the textual term. This is called
Relevance Feedback (RF). Then in step 9, a module 15 generates an updated clasvsiﬁer
engine, and step 6 is then repeated. This loop may be:performed as often as deéiréd,

until the user decides in step 7 that no further refinement is needed.

Note that module 15 may use both the labeled web images created in steps 2 and 4, and

the labeled target photos created in step 8. We denote the dataset which is the labeled

"

target photos by D/ = (xf,y}")‘ ", where #,is the number of labeled target photos,

which are indexed by index ;. The unlabeled web images together constitute a dataset



17 produced in step 9, and f (x ) is the pre-learnt auxiliary classifier.

Let us define fir as {firfnTil , and define y T as [yl7-Then we can wite
t he enpi rwveaP11a34302f unct i onal of the target decision fuRCTISGAVIOMN043HS
| abel ed data in the target domain as: For the unl abel ed target patterns

DT, in the target domain, |let us definé the decision val ues fromthe target
classifier and the auxiliary classifier as fur [LT +1 ,f] and fus =, ..

fnsrrespect iyetyr W, further as hat t ar get |f|e Of (x)
shoul d hZZ?,e-X me, md*e?c‘?’%?r%nu\}% ué’é““t e?te\‘L EB&‘T' ]‘9
cl assifi er . The nopdul e 15 uses regul ari zat lon ter m to enforce

that the P‘&H’élﬁoﬁfl‘ g@ls(‘?t“fcﬁﬁé’n@f“ ¢ ﬁedatt%haé%ll b@bl%l»@ﬁdf‘i?rfj@??féﬁhff ?0“{ x) on the

unl abel e dat tar et fo hou d be simlar to | abel
predicti %ﬁ@ % teheatg]r cr. anrusl}chas& p?i k}k)"’f {iﬁrtbe’“égtth éOtiFI T12 E( fr

o 11 ko, 15 sl ansouly v e e
does bhis by m n| m zi ng: n(fr)+c("4 1ff-YT 2 +11f:),(7) z 2n"
Note that the feature distributions of photos from the two different domains (web
images and target photos respectively) may differ tremendously and thus have very
different statistical properties in terms of mean, intra-class and inter-class variance. To
utilize all training data from both target photos (target domain) and web images (source
10 domain) for irﬁage retrieval, one can apply known cross-domain learning methods [32,

33,6, 4, 15, 7, 8], which we summarize in the rest of this paragraph. Yang et al. [33]
proposed a classifier called an “Adaptive Support Vector Machine” (A-SVM). The A-

SVM classifier f7(x) is adapted from an existing auxiliary SVM classier f*(x)

trained with the data from the source domain. Specifically, the new decision function is

15  formulated as:
fhx)=f(x)+ Af(X) 4)

where the perturbation function Af(x) is learned using the labeled data D] from the

20  target domain. As shown in [33], the perturbation function can be learned by solving a
quadratic programming (QP) problem which is similar to that used to produce an SVM.
Besides A-SVM, many existing works on cross-domain learning attempted to learn a
new representation that can bridge the source domain and the target domain. J 1ang etal.
[15] proposed a classifier called a “cross-domain SVM” (CD-SVM), which uses k-

25  nearest neighbors from the target domain to define a Wei ght for each of the web images
in the database, and then the SVM classifier is trained with re-weighted samples. Dauné
I11 [6] proposed the “Feature Augmentation method” to augment features for domain
adaptation. The augmented features are used to construct a kernel function for kernel
methods. Note that most cross-domain learning methods [32, 33, 6, 15] do not consider

30 theuse of unlabeled data in the target domain. Recently, Duan et al. proposed a cross-



Wi th respect a set of tunable weight paraneters which define the function
fr (X). Here S-(f ) denotes a function of the weight paraneters which acts
as a reguweardrés4id control the conplexity of the targePCEIS&28I000ESH3IT T (x)
The second termis the prediction error of the target classifier fT (x)
on the target |abeled patterns, and the |ast term 18 controls the
agreenent between the target classifier and the auxiliary classifier on the
unl abel edi3afPk&Rel Bartidz m&h6d %fege@'fﬁjaﬁ?“@oﬂﬁg ’ﬁ*rgﬁsféﬂfs’j&dﬁpf (bTRamgyEt ers for
t he above three terns. f I'n one exanple, the no 15 uses 'a target
deci sion { ﬂhmodlaomulmpheeshuncs damlaurmhptatlegn@ﬁmdoreférmdctblaera“DonmmfT (X) =X

which is cti.qn . of ar ane s 1. W The | zer
(et on Asstion \igergne 2pAsn (4 MEwAE PR ITEhGI st it yamens REEVRE) “San be
sol ved eerlaqsé @&thtme@ vlqtmwM w&h&rﬁenkar mfehods Nohr B rL it hRthod&A C \ CAr

C(+-XIX +X'Xu VWW=+-X"f" , nun" \ 10where X, I and xxnr, are data
mat ri es iy heithsl eflicienicnowghafos fasge- §@|1<gmqb’hb@mﬁélcate®pect i vel y and | is the
identify matrix. This has the closed-formsolution: \-1 w = |+-CAXI X,"'

+-CX"Xu' CATCXyi +X'f") n"n"
Reverting back to the description of the embodiment, a brute-force technique to

improve photo retrieval performance would be to combine the web images and the
annotated target photos in step 9 to retrain a new classifier. However, since the feature
10 distributions of photos from different domains are drastically different, such classifiers

may perform poorly. Moreover, it is also inefficient to re-train the classifier using the

data from both domains.

To significantly reduce the training time, the classifier f°(x) (i.e. the decision stump
15  ensemble classifier given by Eqn. (1), or the linear SVM classifier given by Eqn. (3))
generated in step 5 can be reused as the “auxiliary classifier” for relevance feedback. In
a first possibility, step 9 uses a simple cross-domain learning method, referred to here as
CDCC or DS_S+SVM_T. This method simply combines the weighted ensembles of the
decision stumps learned in step 5 from the labeled data in the source domain D*

20  (referred to as DS_S), and a SVM classifier learned from the much smaller amount of
labeled data in the target domain D/ (a non-linear SVM with an RBF (radial basis

function) kernel, referred to as SVM_T). Specifically, the output of SVM T is also

converted into the range [-1, 1] by using the symmetric sigmoid activation function, and

then the outputs of DS_S and SVM_T are combined with equal weights.

As an alternative to DS_S+SVM_T, step 9 may use a technique referred to here as
“Cross-Domain Regularized Regression” (CDRR). In the sequel, the transpose of a

!

vector or matrix is denoted by the superscript . For the j-th sample x ,, we use ij to

denote fT(xj) ,and use fto denote f’(x,), where fT(x )is the target classifier



15 A further alternative to the DS S+tSVM T and CDRR t echni ques di scussed
above is that in step 9 the nodule 15 perforns a hybrid nethod to take the
advant age¥0ap11I38392DS S+SVM T and CDRR. After the user RETIS201080093d3 get
photos in step 8, the nodule 7 neasures the average distance d between the
| abel ed positive inmages and their p 2@7nearest nei ghbor target photos ( p
is set as 30 in the nunerical experinents explained below. W have
observed t hat en d.is . larger than a threshold,6,..DS S+SV i Sr generally
ot ter ¢ RERCHH e herth/ab T bR Ruhr R Oy HRbiFgr Aot e CEs & T
nodul e 15 therefore uses a Hybrid apprgach to performstep 9 as illustrated
n Fig. 4l pub- sheRee ythe[sodube] 15Thal Guloal SRiuPinel ot Hap 90 the
modul e 1587d&t'&r'm nes 25if p'is-above”"or below e, and accordingly it
perforns rel evance feedback to construct the target classifier either using
DS _S+SVMfiundtipubl- sf @ 9c) or CDRR (sub-step 9d). 19 A yet further
alternative is to performa formo Cg)RR_Wnich enpl. oys an increnent al

updat i ng '®Eet Aecigeh JHREIoBaeh the rl@“leﬁle fta dBHhE KATEShPOPHNGES: steps 7 to 9) s
perfogmed. This possibility is referred to here as ICORR In our |ICDRR we
incremental |y update the two matrices A, = VO and A, = X'X'" , and two
vectors 5b, = X/y/T1ar§u-i:Kb,r = X0f"T jn Eqm. (9). Let us nunber the rounds of
rel evance feedback é i‘n‘fjégér?v ri‘eﬁque r, where r=0 cor®&sponds to the
situation before ref8vance feedbalk. The realizations of Al, A2, b, and b,

inthe r-th rou f,.rel evance feedback are denqgted AGLry .. A(;), b(ir)
and b, o) P Sithels G EERRRE PERLOR T Rutil Rt it by 2!
A(2) = XX, b(1) =0 and b(2) = Xfs , where X_is‘th? Odat a Ttrix of all
consuner ‘phissdoni thettdrgetddasaldes end the apxiligryt dassifier paif, Gf][f,f+he--ffn,r tandul ti nedi a
file classifier on all consuner photos. In the r-th round of rel evance
f eedback, wethen ipj:\r,ement ally update A" A2, b, and b, bﬁri Ar)= Ari)
(AX) (AX) (1,03 [fA 1) +» F N PREDERX €LY W el BatBeN)2s e (hasheAgrpetichyssifier) =- _
(AX) (Af (13) These equations give exactly the same results as CDRR, not just
a very good apprgxinmation. Ln.the above _equations, AX Egr' E 91" and
Af s I‘:1)693'2 éﬁég?‘ﬂéhﬁﬁoﬁé’f’g R veﬁl'éeﬁé? “{ng!’?’&f’{npa??f} Wﬁ@gweéﬁ%%é vect or
fromfirst multimedia file classifier |

f°(x) [8]. The module 15 uses a regularization term to enforce that the label pre-

dictions of the target decision function f’ (x)on the unlabeled data D/ in the target

domain should be similar to the label predictions by the auxiliary classifier f*(x). That

18,
15 _anr(ff_ff)z_L
2 / 77Ty

‘-’nu Jj=n+1 N

2

£, ~f.

)

The module 15 simultaneously minimizes the empirical nsk of labeled patterns in (3)

and the penalty term in (4). It does this by minimizing:

2

) )

4

A : ] s
QU7+ c<2—nl\lff = +52“f'r ~f;

20  with respect a set of tunable weight parameters which define the function f7(x). Here
Q(f7)denotes a function of the weight parameters which acts as a regularizer to
control the complexity of the target classifier /7 (x). The second term is the prediction

error of the target classifier 7 (x) on the target labeled patterns D/ , and the last term



fromthe current round, of the newy | abel ed consuner photos in the current
round, where n, is the nunber of user-I|abel ed consuner photos in this
round, arMOrdil/es43iode feature di nension. The total conpl @TSG2010/0d03d&Ct |y
calculate Al and A, in CORRis 0O(n;21n7.) , while the total conplexity to
incremental ly update Al and A, in ICORRis only O(n Simlarly, the total
conplexity to directly calculate b, and b, in CORRis O(n d nr) while the
total conglgdstne atgpeeln%t emt@tﬂexmgadaaelfhx afd thebuxiifar) GERRidronant Yy 10
O(nenc) . The user only labels a very Iimted nunber of consunmer photos in
each rounmilabelet shplanae I eemldaTk O(ande? >10l are tife tradebff paRuhledrs fdtahe NT), so the
conput ational cost for updating Ar , A(.,r) , blr) and b(,2) becones

negl i gi blabovathreeDBiMs. Mor eover, = XX can be conputed of fline because it does
not depend on the first nultinedia 5file classifier, and b(,) = Xf s can be
conput ed when the user inspects the initial retrieval result (it costs |ess
than @. 1%%%6 CRASpIW thb rrfb@ﬁlesllsrlﬁkﬁa {argétldaEisRd BY@n WhidlR aWdeaW DE dat aset
described below wi th about 270K i mages). Therefore in our experiments, we
do not caugtesstidrefunition, f.er /€al)eiw at whigh.i®a B)ncroX¥f asd ofwerzhKparameldre
experinmental results show that ICDRR significantly accel erates the

h
Exper | nent e cpeinier SigaR g it BB 89 Gabd LB el S P gl

enbodi nent 15 We have evaluated the perfornance of the enbodi nent for
textual cusby sblaséfficiangetbysitear syster, dyablvim thsequatienconpar ed t he
retrieval performances using in step elther the | cNN cl assi er based

nmet hod, the decisio od,~ gngs |i ne SWM cl assi fier
wi t hout using rel ev ncenfee%baek §8c nd,nme vahuaﬂed theag?fect of 20

rel evance feedback u5|ng met hods DS_ +SVM'T and CORR The second dat abase

12 wag foppgd X'SiL? abgukanh § wifltion phgtas:édattaemrtéeeophgtledfa%um Phot osi g
as the trainind d aset’ Most “ of- f'ie T Mages are acconpani ed by rich

surroundi fg.gees _&sf leiecB0Gy (fdT-is t 13%] ify HRAbHd AhYs ﬁ@%gaﬁg{dﬁt ion).

After renoving 15 I gh-frequency wor at”are not neaningful (e.g.,

"t he", "phuhmomubplcture") our dlctlonary contains 21,377 words, and each
imge is associated with about five words on the average. Simlarly to
[29], we also observed that the inmages in Photosig generally are high

resolution with t Eﬁles var |ng f\riom,300x200Q, to 800x600 pixels. In
addition, the guirpu Kgﬁtlohgknp qu§ describe the(genantics
of the 30correspopdi ng |nage . e
15
A further alternative to the DS _S+SVM_T and CDRR techniques discussed above is
that in step 9 the module 15 performs a hybrid method to take the advantages of both
DS _S+SVM T and CDRR. After the user marks the target photos in step 8, the module

7 measures the average distance d between the labeled positive images and their p

20  nearest neighbor target photos ( o is set as 30 in the numerical experiments explained
below). We have observed that when d is larger than a threshold ¢, DS S+SVM _Tis
generally better than CDRR; otherwise, CDRR generally outperforms DS_S+SVM_T.

The module 15 therefore uses a Hybrid approach to perform step 9 as illustrated in Fig.

4. In sub-step 9a, the module 15 calculates p, in sub-step 9b the module 15 determines
25 if p is above or below ¢, and accordingly it performs relevance feedback to construct

the target classifier either using DS_S+SVM T (sub-step 9¢) or CDRR (sub-step 9d).



21 W tested the performance of the enbodi nent using two successive

dat abases as the first database 11. The first test dataset ("the Kodak

dat aset) wao0ddsiswed from the Kodak Consuner Vi deo Bencircask2Oatoasas [ 17],

whi ch was col | ected by East man Kodak Conpany from about 100 real users over

the period of one year. In this datasetg 5,166 5key-franes (the inmage sizes

vary from 320x240 to 640x480 pixels) were extracted from 1,358 consumer

VI deo cli 2 : j the st ts at
i & o Sk 2R 2R pRRRh b oL DI bR A FeRbidel .,

eac hvi sualpdatimcefthe whightdeachaate thé feedbadinionb €0gstept Nits 9)jﬁtpa5f6im¢d$ Tthtbe

| ar gest annog ated d ta et from persopal collections. Note that this

annot at i JIPSHaLLY Wefg 5o peregs i(IE)IDRﬁ‘l Lo gyl DRR e insreroensaliyiendate the

performance of the enbodiment; it was . not used by the enbodi ment to

retrieve (Heon@ECcey dm=t ReX KOBAIA dathSas eandrivenysetdrs ve semantic concepts were

defined, including 22 visyal concepts and three audio-related concepts

(i.e. 5"S|thr¥g’V1 and bysi ¥.f, amdEdne Bekef us nnbar she mondﬁqfedlevwecfmmts

"group of tvvo and "group of three or nore" into a single concept

(" peopl e"by theinteges vemh)e i e of ceresPeRin th@ﬁlmaélpe\bafgﬂre EgheVaRee i rrel evant

i mages fr mage datas S t he keyfranes

f%ndbagﬁ ?Eg %e%f%glo\ﬁ@gf ATROC and é% gﬁ%rt Tou gdoﬁﬁgeevsance/\e sel ect

fromthe sane Vi are genérally ne
only the yeaah yi-d ta} rde conpar e
differ entffeeﬁﬁ%tcc)lr( Eﬁéerné{é? 91't %°WéY)’ﬂ eg‘?d ﬁ ogerS Cruaveldv\gF & re?%ange sual

concepts isna A0 Theysgcond ofat@se Cor el
st ock pho o aseglmég% "W recéSgnlh’g)e(del?hat0 (ﬂ) i_s)efrs;dtWher ar%gtPephoto

coll eff | Oflya &%&ﬂ@@ﬂ&qs&rﬂeﬂ %kdgqﬁmetdmafagéwe}s é%@&&%&mé fps used in
ot her stu and al so represents a cross-donal n case e sane
subset asmuhini&ia filerclaskifichod ald 8nsumeg photos.He thevegeroahd efrefevandd2x128 or
128x192 pi xel S?i are manual | y annot at ed in ternms of over 370 concepts. Since
many concEptachave hrargeroneiplly Hedies A wet oyandhbsy: 43 concept s t hat
contain at |east 100 |mages The thl,rd test dat abase was the NUS-W DE

dat abase [5], whichAjds Adfle(:AIé){AK)) t he National Universityl®f Singapore
(NUS). In total, this dataset has 269, 648 i mages and ground-truth
annotations for 81 ggncegts:._ 'g )(h ges in the NUS-W DE date t are

30downl oaded fromthée online consunér photo sharing website Fl’i ckr.com W
choosgs NUS- W DE dat Q,Sret_lpecq QQA?))I s the | argest annot at ed( nsumer photo
dat aset available to reséarcher day, and is suitable for sting the
performances of our pfi a.rgamJe(Afx Afs 2 | ar ge-scal e photo ret r(i val .

Moreover, it is al so nmeani ngful use this dataset to test the retrieval
preci sions of our cross-domain reI evance feedback net hods CDCC and CDRR
because the data distributions of photos downl oaded from different

websi t es, heseeqwnéﬁ‘@%?HYaWSSWPa%Plt&MQB& &Pt Jupt wmep%t It is also

wort h not|n t.ha in.5 NUSW DE.ar usdas pto |n ot her
wor ds, we?R5RGt? E183%&5 Vﬁgq%astlsog R'tiag formatibh g?h?g I'n
our ez«perummm Weodi S€Gor. BAE felr¥ ﬁ@ R fle Gol or
Monent (GCM), wexextract(ed thee St\t/1erceer mnens?s lgt?ﬁtgﬁ??e%%l%%%erl s in the

LAB col or friopetbe c&ﬂérltaqmreboﬁtlmfnewﬂbelaﬁxlﬁd fcomchag phatopar thi tuneas rownt)

aggregated,the feature
99reg where 7. is the num ero user-la% leg consumer photos in this round, and n, is the

feature dimension.

25  The total complexity to directly calculate A, and A, in CDRR is O(n;n, ), while the
total complexity to incrementally update A, and A, in ICDRR is only O(n;n,).
Similarly, the total complexity to directly calculate b, and b,in CDRR is O(n,n,),

while the total complexity to incrementally update b, and b,in ICDRR is only



di rensi onal feature vector. The Edge Direction H stogram (EDH) feature

i ncludes 73 dinensions with 72 bins corresponding to edge directions
guant i zedwpreofi/osesoangul ar bi ns and one bin for non-edgePpirsekeLo/o®83as | arly
to [5], we also extracted 128-di nensi onal Wavel et Texture (W) features by
perform ng a Pyram d-structured Wavel efy Transform 15(PW) and a
Tree-structured Wavel et Transform (TW). Finally, each inage was

repr esent as si ngl e . 426- di nensj.onal vector_ by concatenating three types
of gl obal Bg@ath?%?.w%eqn@f Fagsls[as‘]ew limited nlimies of SOBSUBE RofGsen Fedh igRRs v Uso
t he above gl.obal f.eatures because the n be efficiently extracted over
the ©ar gt rsgRee EARATRe oy v TadRtRoute s EE R e iba
consuner ‘ nmotyab i g J 5) ¥ Rk RO t photosig, we
cal cul ate ?ﬁe g?iQ?ﬁafBhﬁ%ﬁ{%ﬁlﬁggﬁfgséﬁgﬂggga ;?%Rdggﬁgﬁﬁgn cd for each
di mensi onath _apd i B0 cBARHEY bR Bdandl ROS RIS e FRR Ryl

variance. Ve also nornalized the three test datasets (i.e. the Kodak, Corel
and NYS- Wijde|databases)” Lyxtichige AbHlpaid widn tteduslPfsfeReMhE TRALSs are
performed on a server nmachine with dual Intel Xeon 3. 0GHz Quad- Core CPUs
(ei ght t heersa) reanditloels 1843 mimny0. 1 DscofgsSE RIS singlel G tHresll éven Ghthe Mat ri x
and vectaqr_operations are perforned usin% the Intel Math Kernel Library

f
10. 0. 30 BUb-WIBE datassidgserioed Gelow with about RdOkadmagesanbherefee In g4t abases 23

Ve describe a fi f exper i _perf, usi . Kodak and
ve o SeaS e L1 o o e RS IR RuRE AR 4R . L85, ek and
first peré@%ﬁ@@nﬁrfe%tmbw%ﬁn@m siggiﬁcﬁmﬁa&a%ﬁk Rhe@nke FifbdcHROES iNn

t he photosig dataset. W observed th efirst n 103 princl pa
conpadrfent proegse falbrfge scadaphato rgnesadr ve 90% energy. Therefore, all the inmages
in the training and test datasets were projected into the 103- di manesi onal
space after dinension reduction. 10 2.2.1 Retrieval w thout Rel evance
Feedback £angleHflhiApRiM@t the queries in known CBIR nethods and our
framework aré different 1n nature, we cannot conpare our work with the

exi sting CBIR nmet hods before

2.1 Setting up the databases 11 and 12 of the embodiment

15
We have evaluated the performance of the embodiment for textual query based target
photo retrieval. First, we compared the retrieval performances using in step 5 either the
kNN classier based method, the decision stump classier based method, and linear SVM

classifier without using relevance feedback. Second, we evaluated the effect of

20  relevance feedback using methods DS_S+SVM T and CDRR.

The second database 12 was formed using about 1.3 million photos from the photo
forum Photosig as the training dataset. Most of the images are accompanied by rich
surrounding textual descriptions (e.g., title, category and description). After removing

25  the high-frequency words that are not meaningful (e.g., “the", “photo", “pictur‘c")‘, our
dictionary contains 21,377 words, and each image is associated with about five words
on the average. Similarly to [29], we also observed that the images in Photosig
generally are high resolution with the sizes varying from 300x200 to 800x600 pixels. In
addition, the surrounding descriptions more or less describe the semantics of the

30  corresponding images.



15rel evance feedback. We al so cannot conpare the retrieval performance of
our framework with web-based annotati on nmethods, because of the follow ng
two aspecwe:20lfyo3qdee prior works [16, 22, 23, 25, 28, 29pcomsicpoowdgsds bi nary
deci sions (presence or absence) w thout providing a netric to rank the
personal photos; 2) An initial textuabkitermis required before inage
annotation in [14, 28, 29] and their annotation 20perfornmances depend

heavily gge &E&&ﬁﬁﬁ%&ﬁ&@ She Eﬁw&ip{%ﬂkﬁ{i&gg to QicbedsiMldarab@sch al filey compare

their netho our automatic tec gue.” However, we notice that the
pr evi ous fissthlatabased li. Thgdranesotiahsed (f‘tineKhdaksddtdsst) 2R, de?iBed Bbm tR8Kodsg al |

used a k classifier fqr i e an at.i.qn, possi bl ing to its

si nplicit nawaeer'fi_s%_ ev&%asrg.b(gﬁ?@?gg Lr"@}‘a?/\)é{aggi%ﬂqdé’y%?‘b@ Oéalafe retrieval
per for m@ﬁnﬁ%ﬂxy%‘?ﬂ AP 160 HAP RNV & AR pRRAT oht Bear! MG Rgstd 5866 Suppose
a user wants to0 use the textual query g to retriéve the rel evant personal

i mge§. Key-fiaotds (fmetimogissizesey arnrdmm2Px240 wct40nA8 ppisielts) werd axtrgetsd fioat i s,
i mges faqr ich the. . surroundi ng textual. descriptio contai.ng termq)
fr ot he ISP dideeing R T B Bial S35 PERo 0oy BRYSHME: | wher o
ng is thet t@t@hbimwmsi@ftpiagagesinhlf?ﬂﬁbeswgﬁ@deﬂcé b¥eabsaifeeyRr Gaéh vibudl he

a

surroundi ng textual descriptions. e Kodak and Corel datasets contain 61
di stinct ceperpepkosthp hestof ahr kndvdedgsn thipdajasehisdbh largeshennotatedhdptasgebpine”
appear in th d S . e | ect ed. i tiy anpl es
of all tH& S%Tgccgﬂégbot%é’s%gtel%éﬁ gsﬁxﬁﬁf(ﬁaﬂgaa%%so {”Hit% S?‘ﬁ%qglﬁ%gﬁ?r}n%%rﬁ t(?Jses
deci 900N ShluaRshe p&fdaihmace antie snpodiirng et wis megstd VetheamYodindit hat i s,

i mges for which the surroundi ng textual descriptions do not contain the
term q). IefieEe phaloyBpm the Kodal fdaabase; Tiyendy-dive sepantic copeenss Wais dedigedi ve
SalTp| ES, 3 1 i = j 5 i“ al 13 "

enbodi rrer{tHCItﬁ(rhggzé ngi&r?%l%:{s %@%g%&d@??gf%ﬁgd;%%nﬁgg&?% %@ t ohelg&g%ove, the
20% of t hmddehéesi)oWe also constinedosvodvincepth dgreup hetwdrapd Seraupaif thiragower r or

rates are repoved before conputing the 10wei ghted ensenbl e output. There
e 21" c RECHMAANEE 4 TR ROLEAEP Tal S BIE RIC IS CaH SERE R e ST aneand|
dat aget, FREREMLMYSLNron tE'l%‘é/Pl‘é’ldtﬁsig'5&%9 ifiagd &%ﬁiéégbtﬁb&%'iﬂgetﬁatttﬁe Refien | Mage

retrieval. A paraneter calle pr eci si on' defined as the percentage of
rel evant fromglessame viden ¢ligpare gerarallenead duglicategiomgessver sslact oy ghe finst eger. The

precisio rameter is used.as th er.f.or mance sure.to. evaluate the
Petri oval KBRG I eeh Gt Toniont 6k SRpess R Py SeufiS Bl R (he top
ranked i rpgestedthy fram® otk SR 1 MRAAIToHERE £ﬁ,wi$101,349im5%s. 60 and 70 as the
value of |, simlarly to [20]. For any query g, we rank the consuner photos

i n Kodak and Corel databases using the enbodiment. W then conpare the

rankegh r Z’??{&e%o@gst%ﬁ%gp\%gs' fht ﬁopells?%glggot%%@é@@g7?ﬁhégférl§§ﬁz&ﬂﬂ tation to

cal cul at e precision. crsion's ase Ing data from
t he sour c€odbizaiona (drgétghoedcdiectim, D& dBridgd neirelddy iondveahdlessvetabblit This is
possi bly because DS S enpl oyds both positive %nd )

was used in other studies and also represents a cross-domain case. We use the same

subset as in [9], in which 4,999 images (the image sizes are 192x128 or 128x192 pixels)

are manually annotated in terms of over 370 concepts. Since many concepts have very

25  few images, we only chose 43 concepts that contain at least 100 images.

The third test database was the NUS-WIDE database [5], which was collected By'the
National University of Singapore (NUS). In total, this dataset has 269,648 images and
ground-truth annotations for 81 concepts. The images in the NUS-WIDE dataset are

30 downloaded from the online consumer photo sharing website Flickr.com. We choose
NUS-WIDE dataset because it is the largest annotated consumer photo dataset available

to researchers today, and is suitable for testing the performances of our framework for



negative sanples to train the robust classifier while KNN only utilizes the
positive sanples. 25 A first experinment was perfornmed in which the textual
term g us¥O 288/@4¥aery was "pool". Note that this queryPC3/S63010/0p0}Mhe
concept | exicon of the Kodak dataset. 2.2.2 Retrieval with Rel evance
Feedback (RF) 25 In this subsection, 23« evaluate the performance of the
enbodi nent when incorporating the feedback steps 7-9. For fair conparison,

the embogj g@g'éal b R Al viefbadrit i 8sd metnha fumﬁgeemeha{agé%%e%t fner al |
t he met hoé except for t he baseline | cNN based RF net hod kNN RF and A- SVM

[ 33], whirgthews prdcidnand oSivossedomain rélayance feadback mctbsqlﬂe@DCEemyd CBRBr CDRR,
the value of C emi.ricall hos t to 0.02 for the
first feg’aﬁ‘é’éﬁtﬁwﬁhwl?% %pgﬁtof ﬁég?deﬁﬁ‘?]rﬂlﬁge’? 1€ was observed

that CDRBLERRR R mdPriikerss abéeétnpdlfﬂéﬁarnt Qf {¥BNSwbrh mmroqwezﬁé inY&ey irset VT
=1 for positive imges, and yT = -0.1 for negative inma jes, rather than

settihg MJS_{W?)E:arefuscd proRgit thpgosi, ineqfber veprds,1ye do ngt dops WégaﬁSOélath}ages as
descri beq f ot bettker to set yir =-0.1 for the negative inages
because, % 1?‘%“ i've i mges marked by the user are mainly

t op-ranked i mages, the negatl ve images narked by the user-in the rel evance
feed-back are typically not extrenely negative images. |In our Hybrid

met hod, \/Leoemnenwnqsywmﬁ@dhfﬁettweé@fztpbahﬁanwt Fgr Grg GolorMomenind 10. 8 f or

15Kodak T
classifi 26%@%&%%&@?2{5:{? tletg{r%%glt}\d%{ &ké’of_&\ﬁﬁ tﬁ%C}BWI @hﬁsﬁel%;é% oW ng
met hads: fildd pachNY thFS)ZEﬁﬁxedrgﬁd prtiti@tsy am/aggre@mall the feaneesotona sieglel®?25usi ng

| cNN. I n each feedback roun perfaormed a nt ar,

trai ni ng HBENSIQRA LR FGitle Fﬁég? ESY '85&%%2%@%3@&5& l?%ﬁm ked by
the user dlaeﬁ{&ls%m %\Bm@@% bn@hBYd QB diRUAGS: qlﬁﬁué@allh fi?€ ahQaBihgi nal r

positive sanples fromthe photosi g dataset obtaihed
and one bin for non-edge pixels. Similarly to [5], we also extracted 128-dimensional

Wavelet Texture (WT) features by performing a Pyramid-structured Wavelet Transform
15  (PWT) and a Tree-structured Wavelet Transform (TWT). Finally, each image was
represented as a single 426-dimensional vector by concatenating three types of global
features. Refer to [5] for more details about the features.We use the above global
features because they can be efficiently extracted over the large image corpus and they

have been shown to be effective for consumer photo annotation in [5].

For the training dataset photosig, we calculated the original mean value x, and
standard deviation o, for each dimension d, and also normalized all dimensions to zero

mean and unit variance. We also normalized the three test datasets (i.e. the Kodak,

Corel and NUS-Wide databases) by using u,and o, .

The experiments are performed on a server machine with dual Intel Xeon 3.0GH2
Quad-Core CPUs (eight threads) and 16GB Memor‘y.EOur system is implemenf‘edv in
C++. Matrix and vector operatiohs are performed using the Intel Math Kernel Library
10.0.

30

2.2.  Experimental results using the Kodak and Corel databases



before rel evance feedback. The rank of each test inmage is determ ned based
on the 15average distance to the top-300 nearest neighbors fromthe
enl arged WP201/03¢508et . 2) SVM T: A SVM has been used for RETISG2800003d5
exi sting CBIR nmethods [20, 21, 34]. W trained a SVYM based on the | abel ed
images in the target domain, which are3marked by the user in the current
and all previous rounds. W set 30 C=1 and y in the RBF kernel to be X03
?6 3) A-SVM Adaptive SVM (A-SVM is a recently proposed nmethod [33] for
cross-domain | earning as descri bed above. A SVYM based on RBF kernel is used
t 0 obt ai NWehewi destrita] a first set ef/elperiesutstwrfofined panathetieodakent iCogeli s t he sane
as that MT. 5 4) MR Manifold Ranking (MR) is a sem -supervised RF
met hod pr({;’ffggﬁﬁ in [12]. The parameters a and y for this method are set
according to [12]. In real circunstances, the users typically would be
reluctant to perform many rounds of 10 reI evance feedback or annotate many
i mage$ f ofo wawhve ternpeedTnd reduse the memoryt ost, eysofirst penformed Brinsiphl om t he first

f f f h edback th
el evant G arg@ent RHASES o RSl BRIRRES hbbRiowst s R SHREE orerer
to mark tigm thé ahest < ﬂfﬁ(}ﬁ'ﬂldﬂmg@rﬁi)o&%s £E stingichPR [ﬂg’semﬁ ehier ]gfi positive

f eedback sanpl e. Si'nil arl y, one or nore negative sanples ou the top 40

i mages arthet&ons, KB the 1hfagmrhtth:eﬁaxﬂuigmrnu&adt ders ey weRPrsjctied W5 theotuzd that:

1) When t he enbodi ment uses the CDRR and DS S+SVM T net hods f or RF, it 20
out per f ordiapgrtonafsppce ABRFIIMRRSIQETedBeMATT and MR as wel | as the existing
crosspdomai n | earning method A-SVMin nost cases, because they successfully
utilize the images from both donmai ns. By taking the advant ages of
DS_S+SVM Z2 AndRE0RRI witheuhRéevahca®eddbdcigener al | y achi eves the best results.
When conparing the Hybrid approach wwth SYMT after the first round of

rel evance feedback, the relative 25i nprovenents are no | ess than 18. 2% and

19. 2% on
19 2% o1 EhRIERER AN SRARLBASRLOIR FRARAE LAY St RN ik

i ncrease innmwtro,rwmdnhyt wintfareourevdrilyatiedie |emgm§CBﬂlbmmilﬁdisbr¢fdrhe user in
e S s L T TR A TN R
non-tri V| ﬁ&mé@&lk With web-based annotation methods, because of the following two aspects:

1) The prior works [16, 22, 23, 25, 28, 29] only output binary decisions (presence or

absence) without providing a metric to rank the personal photos; 2) An initial textual

term is required before image annotation in [14, 28, 29] and their annotation

20  performances depend heavily on the correct textual term, making it difficult to fairly

compare their methods with our automatic technique. However, we notice that the

previous web-based image annotation methods [16, 22, 23, 25, 28, 29] all used a kNN

classifier for image annotation, possibly owing to its simplicity and effectiveness.

Therefore, we directly compared the retrieval performance of decision stumps and the

25  base-line kNN classifier.

Suppose a user wants to use the textual query g to retrieve the relevant personal images.

For both methods, we randomly select », positive images (that is, images for which the
surrounding textual descriptions contains term g) from the Photosig dataset where 7, is

30  the lesser of 10000 and n,, where n_ is the total number of images that contain the



30achieve the real-tine retrieval performance with RBF kernel function. 27
2) The retrieval performances of kNN RF are al nost the sane, even after 4
rounds ofwbeedbseio2 possi bly because the |imted nunber Poff/Se2er/bedzl ed
images in the target domain cannot influence the average distance fromthe
near est nei ghbors, and because of the2¥NN nethod's inability to utilize
negative feedbacks; 5 3) For SVMT, the retrieval perfornmances sonetines

drop aft &forliqn ke S%Hﬁﬁﬁ)diﬁ'g tRtuaflescRplioh1GHhE "K%gaﬁ LRICLRE dﬁﬁgﬁg%ﬂtélﬁr ation.

The explanation i1s that since SYM T is trained using a I'rm nunber of

| abel ed tolalistinegcdnuemes, total (the comteptsé bieadhl" e bolatitanidt pemsief appraniadodan

i nprove n | abel ed i.mages .are, marked by the user in the 10subsequent
feedback?qnafaé?tg ;:Fgﬁg\_/era nul‘h@rggﬁlﬁ?%ﬂ‘&%“éﬁs Wfl@ tg? PYREISEPIS A oved

af ter usi3ng3 BFid the BRS kha AXESbIdimeMaITes 18ion Handps vt GRo MAHERRTy Ofods@bel ed
target images fromthe user are not sufficient to facilitate robust

adapt at i on, hegatite SwfiglesTitlmt inimagds foewbichshofurdusiiMgnextealhietdrationhidn 15DS _S
on the Kodak dataset because of the utilization of SVYMfor initialization.
However , mnot céretkie shentorne g). 1znis W8s doneut @sndspedchainme tiding SUMetmseti dfi @r, maki ng
it unsuitable for the practical image retrieval application. 5) The

sen - suparegatbetsampbesni Ngassdt ko HOMR thaexperii@it ETHRE N Btal tHR\eAbod3peitf or mance
only in sonme cases on Kodak dataset, possibly because the nmanifold

assunpt i areigkdes, xrgt=h63@ deeisionf sumpnonatiitiined dbews) haHY, bfithg@scisibhe
running tinmes of the enbodinent for the initial retrieval and RF are shown
Tabl e 1 astumfawhich Ravertbe pragest treinyng drrprirhties anoekovehbdfotamingiuting heunp

cl asibfi er g@gdbe ti’?i@-‘zg tand 25used i ndependently. Therefore, we al so use
the srnpl&” SPYECLS VP Par al 1 el i zati on schene, OpenMP, to take advant ages
of multiple threads. In Table 1 and 2, we do not consider the tine of

| oading the data fromthe hard di sk because the data can be | oaded once and
t hen usedllfese arg i senerphnargerchrom Koduk datasetmad ¢ \eencdph nathes ofaBirelsdagaset, aver age

e

called “precision” is defined as the percentage of relevant images in the top / retrieved

15 images, where / is an integer. The precision parameter is used as the performance
measure to evaluate the retrieval performance. Since online users are usually interested
in the top ranked images only, the experiments used 20, 30, 40, 50, 60 and 70 as the
value of /, similarly to [20]. For any query g, we rank the consumer photos in Kodak
and Corel databases using the embodiment. We then compare the ranked results and

20  ground-truth labels obtained by manual annotation to calculate the precision. Decision
stumps based on the training data from the source domain (referred to as DS_S)
generally outperform kNN. This is possibly because DS_S employs both positive and
negative samples to train the robust classifier while kNN only utilizes the positive
samples.

25
A first experiment was performed in which the textual term ¢ used as a query Waé

"pool". Note that this query is not in the concept lexicon of the Kodak dataset. i

2.2.2  Retrieval with Relevance Feedback (RF)
30



Method DS _S INN # Threads 1 8 1 8 Tine (in secs) 8.528 2.042 3.265 .913
Table 1 Method DS S+SVM T CDRR Hybrid Tine 0. 056

WO 2011/034502 PCT/SG2010/000343

25

In this subsection, we evaluate the performance of the embodiment when incorporating
the feedback steps 7-9. For fair comparison, the embodiment used DS_S to obtain the
initial retrieval results for all the methods except for the baseline kNN based RF method
kNN _RF and A-SVM [33}, which use kNN and SVM for initial retrieval respectively.

5  For CDRR, the value of C was empirically chosen to be 20.0. A was set to 0.02 for the

first feedback round, and to 0.04 for the remaining rounds.

It was observed that CDRR generally achieves better performance if we respectively set

y] =1 for positive images, and y] =~0.1 for negative images, rather than setting
10 yf =1 for positive images and yf = -1 for negative images as described above. It is

better to set yjr = —0.1 for the negative images because, whereas the positi\}e images
marked by the user are mainly top-ranked images, the negative images marked by the
user in the relevance feed-back are typically not extremely negative images. In our
Hybrid method, we erripirically fixed p to be 30, and set £ to be 14.0 and 10.8 for

15  Kodak and Corel datasets respectively.

We compared the DS_S+SVM_T classiﬁer, the CDRR classifier and the Hybrid method
with the following methods:

20 1) kNN_RF: The initial retrieval results are obtained by using kNN. In each
feedback round, kNN is performed again on the enlarged training set, which includes
the labeled positive feedback images marked by the user in the current and all previous
rounds, as well as the original n, positive samples from the photosig dataset obtained

before relevance feedback. The rank of each test image is determined based on the

25  average distance to the top-300 nearest neighbors from the enlarged training set.

2) SVM_T: A SVM has been used for RF in several existing CBIR methods
[20, 21, 34]). We trained a SVM based on the labeled images in the target domain, which

are marked by the user in the current and all previous rounds. We set

30 C=1and y in the RBF kemel to be %03.



0.052 0.097 Method MR SYMT A SVYM Tine 0.051 0.054 26.179 5Table 2 As
shown in Table 1, for the DS _S the average running tinme of the initial
retri evalwoap113#502he concepts i s about 8.5 seconds w t RCA/SG2oigl0e03khr ead
and 2 seconds with 8 threads. As can be seen from Table 2, the RF process
of DS S+SVWM T and CDRR i s very 10resp@ssi ve, because nodul e 15 only needs
totrain a SYMwith |less than 10 training sanples for DS S+SVM T, or sol ve
a linear systemfor CDRR (using Egn. (7)). In practice, DS S+SVM T, CDRR
and the Hybrid nethod all take less than 0.1 seconds per round. Therefore,
our systémis AalSVMto ackdaptiec BEM (AiS%éMDdﬁaﬁeemaly prépdsed neetlotd{88] foet hods,

except for A-SVM can.al so, ac | -1 r rly to [33]
TR 1 afe e et Al Bar o S B op mE ket ol e Tt 1 i
retri evalobtﬁmetlmftﬁrreﬁae%{MesM&l IrRe pA@michir sbtaihg iathé kaNahs Maf h@vmnge of
A-SVMis better than DS S on t he Kodak datase% it takes 610.9 s In the

rel evance feedback stage, the target classifi er S adapt ed fromthe initial
SVM cl aSSI fier.,,lts spe SO, ver l.ow ut on s ,per round),
maki ng it )i nt 48 bl e foﬁqf‘?ffeai{@flk’%( o7 H“é\%“se ﬂbogncl usi on, the
enbodi meyropdiedin/BRN I Heraz 41tk & dﬂ@l;ﬁf&ﬂh@hwmbd%é@éﬂaf:é&ﬂm@&oLfﬁ source
classifier achieved (quasi) real-tine response. The Hybrid net

particul ar requires an extrenely I i mted amount of feedback fromt he user

and 11 outpenfore. oLher,. OBl AE LAl SHGANFE. LS RIRRCk o R ROty SQNE. §f 11 el ent

10  relevance feedback or annotate many images for each round. Therefore, we only report
the results from the first four rounds of feedback. In each feedback round, the user
marks one or more relevant images (these can be any of the images, but typically user
prefer to mark the highest ranked images) out of the top 40 images as a positive

feedback sample. Similarly, one or more negative samples out of the top 40 images are

15  marked.
In further numerical experiments it was found that:

1) When the embodiment uses the CDRR and DS_S+SVM_T methods for RF, it

20  outperforms the RF methods kNN_RF, SVM_T and MR as well as the existing cross-
domain learning method A-SVM in most cases, because they succes‘sfully utilize the
images from both domains. By taking the advantages of DS_S+SVM_T and CDRR, the
hybrid method generally achieves the best results. When comparing the Hybrid
approach with SVM_T after the first round of relevance feedback, the relative

25  improvements are no less than 18.2% and 19.2% on the Corel and Kodak datasets,
respectively. Moreover, the retrieval performance of our CDRR, DS_S+SVM_T and the
Hybrid method increase monotonically with more labeled images provided by the user
in most cases. For CDRR, we believe that the retrieval performance.can be further
improved by using a non-linear function in CDRR. However, it is a non-trivial task to

30 achieve the real-time retrieval performance with RBF kemel function.



(e.g., LIB LINEAR) may be al so used in the enbodi ment. In addition,
non-1inear functions nay be also enployed in CDRR to further inprove the
per f or marO 20fV/BK®2enbodi nent. 5 2. 3. Experinental resBCTSGASI0MG0Mhe Kodak
and NUS- W DE dat abases 2.3.1 Retrieval w thout rel evance feedback In these
experinments we directly conpared the n&trieval performance of deci sion
stunp ensenble classifier and the Iinear SVMclassifier, using as a

basel i ne shhe kepuherk@ed1 Fefiofrh&tices AUIBUN, RS WRPARRsEhE$She, VRBH i Hﬁﬁdst he
textual query g to retrieve the relevant personal i|nmages. For each

classifief fec\déacrl@p@mmlyb@@natﬁle hingtedinuimber pfreggedabetedamapes, initikaigesst f or whi ch
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number  ofo fitReAIN nhdiiRdd'Ciaabiaitytotutigizvaeghtiqe ifedbR@ssur roundi ng t ext ual
descriptions. The Kodak 15and NUS—VV datasets contain 94 di stinct

concepts in t ot al (the concepts ' aninal "beach", "boat", "dancing",

"person” 5 Squotr VM, égpé%ﬁe@ erfo¥aad &%om%aﬁm%gflrdptahfpeﬁ?g% ﬁjr%r%ﬁp(ﬁ §18¢ The

aver age n nber o osi trve sanples conce

3088. 3. J0F, bat indpase/Rorlike &peﬁ@htanadom éﬂmceaptahencrmMar shos BVMWT per f or m
Pri nci pal Cbnponent Anal ysis (PCA) using all the inmges in the photosig
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concat en e three types o atures ore pe observe

t hat 10he s‘ubs@emdeedbﬁ&mmmspal conponents are sufficient to preserve 90%
of the energy. After dinmension reduction, all the inmages in training and
test datasets are projected into the 103-D space for further processing.

Late Fusign: Vﬁdjf%‘(fo%gﬁf%ﬁggvtl\hkeﬁlghﬂg%ﬁ%ﬂ%fveé SRdrULRS RINFEREAdeRE! Y. Ve

300bserve ‘that the first ncil = , na3_=5 princi pal conponents
are 30 syt thagtite ltlmtqdrrsslebev ef le%edﬁargttemga@gmfthﬁ usGChte reDbi finignIT

features, ve fe es t he

| mges 1 HeURanErP R et et ARSI dE il Rac SR VR SR bt hes D,
fl1 d3-1B sppses bﬁ‘m&dak@a}hséftie@iusgbﬂ'ﬁi&&itmﬂatﬂmmrfor Wi dlfzafigh. | ndependent
cl assifiers based on each type of 5feature. Finally, the classifiers from

di f f er entHpwayairietakes @ord tham § ynivgapiorteadn fietdV Mirdassidigbimmalin®it wei ght s
determ ne Sgﬁaﬁgquméﬁgﬁkﬁfhﬁgqu egggﬁ%ﬁkﬁ%n For each fusion nmethod, we

conpare t We only use the positive
i mges fromthe web-i mage database as the ‘
5) The semi-supervised learning method MR can improve the retrieval
20  performance only in some cases on Kodak dataset, possibly because the manifold

assumption does not hold well for unconstrained consumer images.

The running times of the embodiment for the initial retrieval and RF are shown Table 1
and Table 2, respectively. In this work, each decision stump classifier can be trained and
25  used independently. Therefore, we also use the simple but effective parallelization
scheme, OpenMP, to take advantages of multiple threads. In Table 1 and 2, we do not
consider the time of loading the data from the hard disk because the data can be loaded
once and then used for subsequent queries. The times given in the tables are average
CPU times in seconds. In table 2, the times are given for one round of RF with one

30  single thread.



10trai ning data. For each consuner photo fromthe testing dataset, we find
the top k nearest neighbors in the positive i mges, and use the average

di st ance WO 20484702 t he rel evance between the textual qRETHEGANG/0DIBI3t esting
consuner photo. In the experinment, we set k=200. W al so perform an
exhaustive exact k-NN search accel era28d by SIMD CPU instructions and

mul tiple threads. For the k- 15NN based nethod with |l ate fusion, we conbi ne
the out duismed all K-DiNglassifiers with equpknwel ght's because the trhaining
error rgte of the k-INN<Classifier on each type of feature is unknownjin
this case#.TlhmadShe seqluel e deno%e k- NN S wih earl y fusiBon and | ate
fusi on by—k-—NN-SE-at "'N St j,ti vet y DS S—We—+a "%m y—ehoeose nr
negati ve E‘H‘r‘ﬁ;}”e%ecﬂs m%%gs and i P2V al AP8Ed nsnd dedisi on stunps for
early fusion (referred to as DS_SE) or I’lAdj +ndz+ndd) for Tate Tusion
(referred to as DS _SL). After renoving the 20% of the decision stunps with
the largest training error rates, Tablapply 08nsnd or 0. 8n, (ndi +nd2+nd3)
deci sion stunps for the testing stage in DS SE and DS _SL, 25respectively.
LinSVM S: W al so randomy choose nr negative sanples ns tines. In total,
we trai Negdeped! I Near] PYM-cdwssit | epRE or ear[yvbHgi on (réferred to as
LinSVYM SE) or 3n, cllassifiersfor late fusioh (referred o as LinSVM SL).
In this wbme, we use 8.6 s from [0BE2 near [1)P 09R our i npl enent ations and
use t he defautt—vratue—1for30theparareter—Csvin3+—Thetie are 21 and 81
concept ?Mﬁ 9df r om ﬂﬁ odak dat 3§W;{l d NUSMat aset|, respectively.
They arel pgfd as texfgak; queries| posperforminggegretrieval . Precision
(defined_Las the percentage of relevant images in the topll retrieved

i mges) is used as the perfornmance neasure to evaluate the retrieval

per foryjrance. Since online users ar b? gually interested in the top ranked

i mges only, we set | as 20, 30, 40%%'§ 60 and 70. W tested all the

met hods above for initial retrieval without usi ng rel evance feedback. For

t he Kodak dataset, we set the nunber n, of sets of random sanples of
negative Msalpen ingTable t.der the DSE Sthelapssagtunaing tinge ¢fdhe initrdvarisr] é@rd

Li nSVM_SL order . 10t the, ru f i.tial process
oo st B oA S BTHE s D ANk Bk fiRafnd Tkl b foeghs

observe tAataDse $ken ﬁla& ) Fhble Ri h&WH e df DSNSYBVBL Tadrel ODRR 1be&rtyer t han
k-NN SE and k-NN SL. This_is_possibly because_ k- NN SE and k-NN SL only
utili¥b tFePgRsHie b%umw%éggnmep%s tpﬁ’é‘"b% R&M withewdhamldbtraiangnt age of
bot h the n t m%g ust
classifier kﬁoﬁ(’gé}{%g’@ Téég?%gga!} ue S-t%)l? f%igbl%%&ggl %%50 60 and
70 preci spmnﬁcef DS 8 WS/, SIDRIOSndGthe Hybnid\ivetBad ah thkidIesSEandl. E scodnd) %

14.47% 14. 39% 21% res ectl vel ncI uded t he |1 near SVM
classifi ePerdHH“‘gg-g’F??‘Hﬁ’ Y Sy ﬁ%%%F%X@I‘%’ﬁF? itgne %?EW@C%JI '&‘Sﬁﬂ'ﬁf abl e
retrieval ppgflioraRgn es: A% Mecdod@iadirl 8$&18-time retrieval. Similarly to [33], we

15  train an SVM classifier based on an RBF kernel to obtain the initial retrieval result for

A-SVM. While the initial retrieval performance of A-SVM is better than DS S on the

Kodak dataset, it takes 610.9 s. In the relevance feedback stage, the target classifier is
adapted from the initial SVM classifier. Its speed is also very slow (about 26 seconds

per round), making it infeasible for interactive photo retrieval.

In conclusion, the embodiment when using the simple decision stump classifier as the
source classifier achieved (quasi) real-time response. The Hybrid method in parti¢u1ar
requires an extremely limited amount of feedback from the user and it outperforms

other popular relevance feedback methods. Some efficient linear SVM implementations



20 To better conpare the performances of different algorithnms, we al so
tested themon the | arge NUS-W DE dataset, and found precision variations
of the diwbepami34mkgorithns with respect to different vaCuss2ei/000383 in
which ns is set to 1, 3, 5, 7 and 10. W nmade the foll ow ng observations:
-)5 1) Again, k-NN_SE and k-NN_SL achi2éve much wor se performances, when
conpared with the other four algorithns. LinSVM SL generally achieves the
best resytks  MOMNEARPmAY bERILYsERIIRE hitRRikRitSh ddbitRStorcRs&S- 32 3) It
is interesting to observe that LinSVM SE is the worst anong the four

al gor i t hifengtiohaimayl be alsoiemgaeyedVCARR de furthas nimproyaphepesfomphececdfabsi f i er s.
W enpl oyeq}thre types of features (color, edge and texture), and it is
wel | knoWf Oﬂ%{?e 'one of them can work well for all concepts. LinSVM SL,

DS SL and DS _SE achi eve better 5performance, possibly because they can fuse
and select different type of features or even feature dinensions based on

t he tPai - AgExnarigrentad resylts uging thedepstakiand NURNVEDE sletabpses based al gori t hns,
we al so observed that the |ate fusion based nethods are generally better
than the correspondi ng early fusion based nethods 10 for photo retrieval on
t he NUS- Y. DE Réeicdabwvithdut MeGince $eadbicke t han k- NN_SE. However, in k-NN_SL,
all types of features are conbined with equal weights, nanely, feature
selection is not perforned. in k-NN SL. The enbodi pent used the keyword

n
“wat er " t18 heSE FRRATEIGIRYE SITFTBIAHEIGEb e et A Rer fomBRe Rg dESINGYRUSEP wi t h 10
SYM ¢l asSlbLREIS clNAfer dfdthe fifkat UM Icfask e ARTS Aehabdlirdllfie £ANEEPT | exicon

of the Kodak dataset. Fig. 6 shows the top I mages: is, the 10

i magd$ r ankssifienosgaimisgppose aAlsér warits toheseZhel texnichl Gudrh grte settitee theecleednevant
i mages. These jrrel evant images. are highlighted in the figure. 70 In
anot her GPRhiEIAges. FRBe htwmaomﬂié#wmrQPSi-tavmlwag@s 5t 1t r i eve

i mages fromthe NUS-W DE dat abase usi LinSVM SL wth 10 SVM cl assifiers
(" ani nal "iMagey Nt Sy reclepal AsorEBRonsieoRaEsEBES) FeRdhenbodi ment

produces '&osfiﬁhﬁ%(saemvhlewefs tﬂﬁes&{r o?'i_@o?]@Qnde ,rﬁﬂérk%vqgtﬂemﬁﬁumééw al so
a a ach

conpared the running tine gorithnms on’the twh datasets.

deci si on @ftir}{/ggesghﬁ%am{hewdé\{Mﬂfé SRl EfflalRRddAoRe R b diked

i ndependent austive K-NN search | SO easy to par ize. W
t her elfSor eandseUS-WilDPIdetakess caftiie Odiditingacaideptsiiz aitaldthesohespes “aBoealVP, to

t ake advapt ages..of .ei.ght.threads of, our ,server,,for ea net hod.. Th

aver age. AT riRshd FEKITRARNR| HaP e THRSEh G 5" P28 APRRRE P Pagh
process Ofathdaf) Kaftak emBE niieBe¥ k1Rl F281tivals8mpRP Y Alfthei9a cbabs &. For DS
SE and DS SL, 1is=50 is used on the Kodak dataset and ns=10 is used on the

NUS- W DE 3@88aket. For LinSVM SE and LinSVM SL, ris=10 is used on both
dat aset s.

20  To improve the speed and reduce the memory cost, we perform Principal Component
Analysis (PCA) using all the images in the photosig dataset. We also compare the
performances of two possible fusion methods to fuse three types of global features in
this application.

e Early Fusion: We concatenate the three types of features before performing

25 | PCA. We observe that the first n;,= 103 principal components are sufficient to

preserve 90% of the energy. After dimension reduction, all the images in
training and test datasets are projected into the 103-D space for further
processing. L
e Late Fusion: We perform PCA on three types of features independently. We
30 observe that the first ny; = 91, ngy =24, ng3_=5 principal components are
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sufficient to preserve 90% of the energy for GCM, EDH and WT features,
respectively. Then, these three types of features of all the images in the training
and test datasets are projected to ng;-D, ng-D, ng3-D space respectively after
dimension reduction. We train independent classifiers based on each type of
feature. Finally, the classifiers from different features are linearly combined with

the combination weights determined based on the training error rates.

For each fusion method, we compare the following three methods:

k-NN_S: We only use the positive images from the web-image database as the
training data. For each consumer photo from the testing dataset, we find the top
k nearest neighbors in the positive images, and use the average distance to
measure the relevance between the textual query and the testing consumer photo.
In the experiment, we set k=200. We also perform an exhaustive exact &-NN
search accelerated by SIMD CPU instructions and multiple threads. For the -
NN based method with late fusion, we combine the outputs of all k-NN
classifiers with equal weights because the training error rate of the k-NN -
classifier on each type of feature is unknown in this case. In the sequel, we
denote k-NN_S with early fusion and late fusion by ~-NN_SE and A-NN_SL,
respectively. |

DS_S: We randomly choose n, negative samples n; times, and in total we
trained »;n, decision stumps for early fusion (referred to as DS_SE) or
ns(ng;+ngatngs) for late fusion (referred to as DS_SL). After removing the 20%
of the decision stumps with the largest training error rates, we apply 0.8x;1, or
0.8n4(nq;+nq42tny3) decision stumps for the testing stage in DS_SE and DS_SL,
respectively.

LinSVM_S: We also randomly choose n, negative samples 7, times. In total, we
trained »; linear SVM classifiers for early fusion (referred to as LinSVM‘_SE) or
3n; classifiers for late fusion (referred to as LinSVM_SL). In this work, we use
tools from LibLinear [10] in our implementations and use the default value 1 for

the parameter Cgypm.



1.841 2.209 2.328 Dataset: NUS-WDE Method DS SE DS SL Li nSVM SE Li nSVI VI

SL TfilleAvg 1.373 1.575 0.782 0.878 Tinenm n 1.141 1.344 0.125 0.235
Ti memax WO 2011/034502 PCT/SG2010/000343

31

There are 21 and 81 concept names from the Kodak dataset and NUS-WIDE dataset,
respectively. They are used as textual queries to perform image retrieval. Precision
(defined as the percentage of relevant images in the top / retrieved images) is used as
the performance measure to evaluate the retrieval performance. Since online users are

5 usually interested in the top ranked images only, we set [ as 20, 30, 40, 50, 60 and 70.

We tested all the methods above for initial retrieval without using relevance feedback.
For the Kodak dataset, we set the number #; of sets of random samples of negative
images to 50 for DS_SE and DS_SL, and 10 for LinSVM_SE and LinSVM_SL in order
10 to make the running time of initial retrieval process under 1 second. The precisions of
all methods are shown in Fig. 5. We observe that DS_SE, DS _SL, LinSVM_SE and
LinSVM_SL are much better than /~-NN_SE and #-NN_SL. This is possibly because -
NN_SE and A-NN_SL only utilize the positive web images while the other methods take
advantage of both the positive and negative web images to train the more |
15  robust classifiers. Moréover, the average values of the top 20, 30, 40, 50, 60 and 70
precisions from LinSVM_SL, DS_SL, LinSVM_SE and DS_SE, are 14.50%, 14.47%,
14.39% and 14.21%, respectively. We concluded that the linear SVM classifier and

decision stump ensemble classifier achieved comparable retrieval performances on the

Kodak dataset.

To better compare the performances of different algorithms, we also tested them on the
large NUS-WIDE dataset, and found precision variations of the different algorithms
with respect to different values of n;, in which ngis set to 1, 3, 5, 7 and 10. We made the

following observations:

1) Again, ~-NN_SE and A-NN_SL achieve much worse performances, when compared
with the other four algorithms. LinSVM_SL generally achieves the best results and it is
slightly better than DS_SL in most cases.

30  2) When n;, increases, DS_SE, DS _SL, LinSVM_SE, and LinSVM_SL improve in most |

cases, which is consistent with the recent work [20].



1.812 2.281 2.640 2.735 Table 1 50n the average, k-NN_SE spends 0.872
seconds for the initial retrieval process on the Kodak dataset. On the
aver age, WORNIBB4¥pends 1.033 seconds for the initial r@CTiSE2eH0/0p¢dEess on
t he Kodak dataset. On the average, DS SE and DS _SL wi th n5=50, and

Li nSVM_SE and Li nSVM SL 10w t h ns=10, 3gpent 0.912, 0.969, 0.830, and 0.852
seconds, respectively. Al nethods can achieve real-tine retrieval

per f or m’ﬂgggt r}gnﬁ%;%%gggge 2138 Eins VAR m%@?stwé’%owt%oﬁgmév@t,{ %?ME and

k- NN_SL 25. 73 seco respective ement a k-NN
based on relstedustiheae S3BAAROH de¢ihius siumpt alsersblrlctdssifisrarbveemplogedthese conpar ed

w th decision stunp ensenbl e classifier and |jnear SVM classifier. When ns
s 10,  LitvRsomr &mfurts (calp e and TR, AL s well KA1 TEENGRRORCRED 1 or

of the My muGBLhll oRepENEIn8 VRN 318 BPISA add DS SiadnidiR Wfteli NSYM_SE,
Li nSVYM SL, DS SE and DSe%L are 0.782, 0.878, 1.373 and 1.575 seconds,

r espe6t i \retfprmaiee spossibbisanse théjatan|fuseSuid ssiechdidiferdnt SypRioSfeagseesraivey 20cost

nore ti than,.,DS SE and PS SL .in.the trajning stage. However, the testing
st age Wfl@‘@éﬁ%‘ﬁ?%&ﬁ@&@f&%%%”ﬁ{eéf Li nSVM SE and LinSVM SL is

much faster, making the average total running tine of initial retrieval
process much shorter than DS SE and DS _SL. From the experinents on the
Kodak datddeceptier bbdbelassifierdesedeal graibmbakealse absenged that the late fusion

based methods are generally better than the corresponding early fusion based methods
10 for photo retrieval on the NUS-WIDE dataset. &-NN_SL is worse than A~-NN_SE.
However, in k-NN_SL, all types of features are combined with equal weights, namely,

feature selection is not performed in A/-NN_SL.

The embodiment used the keyword “water” to retrieve images from the Kodak dataset

15 using LinSVM_SL with 10 SVM classifiers. Note that this query is undefined in the
concept lexicon of the Kodak dataset. Fig. 6 shows the top 10 images: that is, the 10
images ranked most highly. All but the 2nd and 6-th results are relevant images. These
irrelevant images are highlighted in the figure.

20  In another experiment, the embodiment used the keyword “animal” to retrieve images
from the NUS-WIDE database using LinSVM_SL with 10 SVM classifiers (“animal” is
defined in the concept lexicon of NUS-WIDE). The embodiment produces six relevant

images out of the top 10 retrieved images.

25  We also compared the running time of all algorithms on the two datasets. Each decision
stump classifier and SVM classifier can be trained and used independently, and
exhaustive £-NN search is also easy to parallelize. We therefore use a simple
but effective parallelization scheme, OpenMP, to take advantages of eight threads of our
server for each method. The average, minimum and maximum running time in the

30 initial retrieval process on the Kodak and NUS-WIDE dataset are reported in Table 1.
For DS_SE and DS_SL, n,=50 is used on the Kodak dataset and ny=10 is used on the
NUS-WIDE dataset. For LinSVM_SE and LinSVM_SL, n=10 is used on both datasets.



5linear SVM cl assifier and the decision stunp ensenble classifier are
generally conparable in terns of initial retrieval precision and speed.

Si nce al IWORe11AI3¢WRI t hns can achi eve real -tine speed, aR¢THG20HONNMGAN be
used for initial retrieval on a small dataset. However, for |arge-scale
photo retrieval, LinSYM SL is preferréd for the initial retrieval process
because of its effectiveness and real-tine response. 10 2.3.2 Retrieval

wi th Rel evance Feedback (RF) In this section we evaluate the performance of
a few rel evance feedback nethods. For fair conparison, we choose Li nSVM SL
with 10 SVNIcIa55|f|ers whi ch as 15denonstrated above was the best

algorltkﬁgfﬂ—gf#fﬁr 0 atH—perforrances—for—ret+eval—beftere—+eleyance
f eedback. “T#¥8vM SL |§ éﬁ%o accordingly chosen as the source classifijer in
our net hodemEPOC and BPREE FT oM NBEESON, e ALyl §E [0 [HEGASL
LinSVM SL+SVM T, in mhich the responses fromLinSYMSL and SVM T are
equal | y 6Bnbh@ed I n @912LinSVNLSQQSWM'T CDRR.83Ad two 2¢@dﬁaentiona

mani f ol anRkthg—=at Ad—SyM-based—+ "”"nce feethack—al gor R [12, 3—”, we
al so ado'pnFNé | at e ﬂﬁé?%n schemeld6d in Lih WWESL to |mpégﬁate the [t hree
types of'ggggal featlur ggs namely, | Rhg Three Typg of fealygrey are used

i ndependent |y at firlst and the decisions or tesponses ar¢ finally fused.

The ear | yDitasst:on apprNhEHWHEEused for the prlor cross-donai n | earning
met hOd QAMA 221 Khalhoria Nt Ay opare our—L | r\Q\Il\/I (& .I.CVM T

met hod an¥SBeRR wi t h ﬁﬁegﬁollomnng n%?hoLu "i}iﬁb@ﬁI E vV ¥esh uged for

RF in seVeEggal, exi stingz&Pl R met Npgs7§ 20, 21, [g4lgy 30Ve T g dhga non-TTnear
[
[

h

SYM wi t h_an RBE kernel ~based on abel ed ilmages in the farget dondin,

whi ch arieTimegdeed by thé4liser in fhé4éurrent aﬂdZéII previj@B35r ounds. |\ use
Li bSVM placekaee rz] H oy ol nt At i use—its default setti ng for

II’JI AR B | I\JII Mlu LI~
RBF WO P2 qﬁf?me45ozpc#ﬁ§%2010/ ooo%ng 35 kernel“(‘P e. Cis%B as L ad y in
the RBF Kernel 15 set as 1791, g 11775 for GCM— EDH and~ WF features,
respectively). 2) MR Nhnlfold Ran ing (MR is a sem -supervised RF

met hod proposed in [12]. The 5two paraneters a and y for this nethod are

set accor 12 A- SV A-SVN@ is arecently

pr oposed ﬂ%g%c?d' e{%ﬁ]"]-m glér%s%dsmo%é g‘i"@é fﬂf ‘f‘ﬁl IRite Al %W%ag@zf on an
RBF ker nekodak dheA6t. @ th gyl GeNrl gﬁ%béﬂaﬂsrl 68 s‘é@&ﬂs rforithsldlﬂmtrh@ﬂevélet rieval
results. The paraneter setting is The sane as that in 10 SYM T. Consi dering

t he runniprgeass ee tisf Keda®\datasst. ruch hi gher than ot her net hods

On the average, DS_SE and DS_SL with n=50, and LinSVM_SE and LinSVM_SL
10 with n=10, spent 0.912, 0.969, 0.830, and 0.852 seconds, respectively. All methods can

achieve real-time retrieval performance on this small dataset.

On the NUS-WIDE dataset, k-NN_SE and A-NN_SL spent 213.35 and 225.73 seconds,
respectively. We implement a k-NN based on exhaustive search, thus it takes much

15  more time when compared with decision stump ensemble classifier and linear SVM
classifier. When n; is 10, LinSVM_SE, LinSVM_SL are much faster than DS_SE and
DS_SL in terms of the minimum CPU time. The average total running time of
LinSVM_SE, LinSVM_SL, DS SE and DS_SL are 0.782, 0.878, 1.373 and 1.575
seconds, respectively. We also observe that LinSVM_SE and LinSVM_SL generally

20 cost more time than DS_SE and DS_SL in the training stage. However, the testing stage



even on the small Kodak dataset, we do not test it on the |arge NUS-W DE
dat aset because it cannot achieve real tine response. As in other nethods
[12, 33, BO201148¥WReal paraneters needed to be deci ded b@&CHSSAGIP00325 | n
LinSVM SL+SVM T, we need to determine the paraneters in SYM T and we use
the sanme paraneters setting as that in4SYM T. For CDRR, we empirically fix
C=70.0 and set .1=0.05 on the Kodak dataset and =0.02 on the NUS-W DE

dat aset . HSEMVA I ' Pt j id
over - errpt?asilzi ng“tS Erem {iégl{esl\?g—ggtligﬁﬁyﬁy\{ ar geg %ﬁ%rdégtt%gﬁb%% tf<'?il¥di tion,
as in t hefexpelictrentlproepomuchl sikeathandd$ SEamd BS _Sbserve t hat CDRR
general ly achi eves better performance, if we respectively set y, T =1 and
y, T = -0.1 for positive and negative consuner photos, when conpared with
the settipgmithd expeiaitfltdonlthe Kodak 8Radk, wEbbseWd that m&hddd @Jse@ggﬁ{é ve | mages.
25As in the earlier experinment, we only report the results fromthe first
four Pourdwan$VMedaisifisk and theaglgeisionstuhp cisenblindassifite ansgeneralivks t he t op

ranked rel evant . image ouyt. of the t 40. i mages gs.a positive feedback
ool e. | SO M R i SRR AR Sy phales Peb AR ehe eSSt ked.
36 of runRhizge tALBTEIPEATERY ofhERQAh beSisODTor PhiBMFBRRVAICSIDSRKI datgieng the
concept "aninmal", Qut of the 10 top images, four are incorrect (the 2nd,

5th, 7t h BeweverHor lasgsesscple phptp, retriaypl, & RE is prsfertedrfor thiednitidl | mages af t er
one roun e r e uery. Only the 7-th inmage is
now | nco# g{:etv .51%8@9%%&%\/%9@%?{&;{3 eéltegse@snzlﬁrggl 'tgrrl%r%ﬂ%r%sg\/ed consi derably

af terlousi ng the CDRR rel evance feedback algorithm Fromthese results, we
have t he foll ow.ng observations: %) The CDRR and LinSVM SL+SVM T al gorit hmns
out perfor%-@t@%ﬁﬁbé’ﬁgiﬂfyﬁ’ﬁnweﬁ 4kt(Rdds SVM T and MR because of the
successful utilization of the imges from both domai ns. Wien conparing CDRR
wth SYMT and MR, the relative precision inprovenents after RF are nore

t han 14. 7othindedBn5% onltaethKpddirmaande NUS{W Rievdatafetisackmeathedst Foel y. CDRR

is generally better than or coumpa | e. Wi i NSVM_SL+SVM T, and the
retri eval ABEPPBARNe &8 BPO DTN %g‘n‘ﬁ‘ﬂiﬁb El\}r%(?’l%% FOWhIFT @3 cr ease

MoNoti@Ni Ciidnl Shsithel aBBVeBvdsARELQH algBRARS il SE5L P ﬁé?ﬁorl%%ﬁéesifﬂr most  cases.
2) For SYM T, the retrieval performance drops after  the first round of RF,

but i ncr eteyakbdenctrblevanse derdbacke FatS\W, ST healex picartinglpchosntahgie SVM T
e Ruret TP i AT R IS M R IR or Rerl B, LBl AR P 10
CDCC as LinSVM_SL+SVM_T, in which the responses from LinSVM_SL and

SVM_T are equally combined. In our LinSVM_SL+SVM_T, CDRR and two

20 conventional manifold ranking and SVM based relevance feedback algorithms [12, 34],
we also adopt the late fusion scheme used in LinSVM_SL to integrate the three types of
global features, namely, the three types of features are used independently at first and
the decisions or responses are finally fused. The early fusion approach is used for the

prior cross-domain learning method A-SVM [33] because it is faster.

[N
W

We compare our LinSVM_SL+SVM_T method and CDRR with the following

methods:

1) SVM_T: SVM has been used for RF in several existing CBIR methods [20, 21, 34].
30  We train a non-linear SVM with an RBF kemel based on the labeled images in the
target domain, which are marked by the user in the current and all previous rounds. We

use LibSVM package [2] in our implementation and use its default setting for RBF



i mges are marked by the user in the subsequent feedback iterations. 3)
Sem -supervi sed | earning nethod MR can inprove the retrieval perfornmance
only in ssUASEN20Nn t he Kodak dataset, possibly becauf€TSGE01WHRMNMD| d
assunpti on does not 25hold well for unconstrained consuner inmages. 4) The
performance of A-SVMis slightly inprdyed after using RF in nost cases. It
seens that the limted nunber of |abeled target inages fromthe user are

not suffici . te: Ld radaptial i f \Y |senvobser ve
t hat i ni {kggﬁ%pﬁgsgll{%?%%lkﬁago{ggpﬂy?{? betteltr’ilg%eﬁgsnl/g{hgﬁa gdoir?lgtf ms on the

Kodak datmgsigtndecRistr&f rdspectively)i zati on of non-1inear SVM for
initialization. However, it takes 324.3 seconds with one thread for WO
2011/ 034502PCT/ SG2010/ 000343 37 the initial retrieval process even on the

h ndak Lo e ° ¢ . .
etri evar) SHSTRLAEREREhe (U5 R9 shbis AR AP i RlodhBELLER Lo i g
time of alb pathrvaneecaiEedbatls méod hlclhabadisithd 1 (02]. 5 experinent.

Considering that all the algorithns except A-SVM and MR on the NUS-W DE
dat aset are very responsive, we test all the algorithns by using only one

single threa r. rel.ev Psgqg ck._ The, conparison of .ti cost on the
Kodak da’gag\egvi&g ‘%4?8%6 ?gﬁggéﬂ e ?15@ rlec‘?PS]ty% 08%83?@?90&[3;1 %ﬂoéf'e able to
achi eve tdgaimfetndil iV@hieASRMMasddurSarSRBF kel RSREd ad theadglict cRBsifiehe
i ncremental cross-donain | earni ng_nethod | CORR is faster than CDRR Mt hod
| CDRR CDRRobiairgUumistial semxicvalsesults. MR paraygfer setting is the same as that in
10 SVM_T. Considering the running time of A-SVM is much higher than other methods
even on the small Kodak dataset, we do not test it on the large NUS-WIDE dataset

because it cannot achieve real time response.

As in other methods [12, 33, 34], several parameters needed to be decided beforehand.
15 InLinSVM_SL+SVM_T, we need to determine the parameters in SVM_T and we use

the same parameters setting as that in SVM_T. For CDRR; we empirically fix

C=70.0 and set A =0.05 on the Kodak dataset aﬁd A=0.02 on the NUS-WIDE dataset.

We use a smaller A on the NUS-WIDE dataset in order to avoid over-emphasizing the

labeled data in the large photo dataset. In addition, as in the experiments reported

20  earlier, we also observe that CDRR generally achieves better performance, if we

respectively set ¥/ =1 and y] =—0.1 for positive and negative consumer photos, when
compared with the setting ¥/ =1land y] =-1,so weset y/ =-0.1 for negative

images.

25  Asin the earlier experiment, we only report the results from the first four rounds of
feedback. In each feedback round, the user marks the top ranked relevant image out of
the top 40 images as a positive feedback sample. Similarly, one negative sample out of

the top 40 images is marked.

30 The embodiment was then used to perform one round of relevance feedback for the

query “animal” on the NUS-WIDE dataset. Fig. 7(a) shows the result of an experiment |
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of running the embodiment without using relevance feedback, using the concept
“animal". Out of the 10 top images, four are incorrect (the 2™, 5™, 7" and 8" images).
Fig. 7(b) shows the top-10 retrieved images after one round of relevance feedback for

the same query. Only the 7-th image is now incorrect.

We observe that the results are improved considerably after using the CDRR relevance

feedback algorithm. From these results, we have the following observations:

1) The CDRR and LinSVM_SL+SVM_T algorithms outperform the conventional RF
10 methods SVM_T and MR, because of the successful utilization of the images from both
domains. When comparing CDRR with SVM_T and MR, the relative precision
improvements after RF are more than 14.7% and 13.5% on the Kodak and NUS-WIDE
datasets, respectively. CDRR is generally better than or comparable with
LinSVM_SL+SVM T, and the retrieval performahces of our CDRR and
15 LinSVM_SL+SVM_T increase monotonically with more labeled images provided by

the user in most cases.

2) For SVM_T, the retrieval performance drops after the first round of RF, but increases
from the second iteration. The explanation is that SVM_T trained based on two labeled
20  training images is not reliable, but its performance can improve when more labeled

images are marked by the user in the subsequent feedback iterations.

3) Semi-supervised learning method MR can improve the retrieval performance only in
some cases on the Kodak dataset, possibly because the manifold assumption does not

25 hold well for unconstrained consumer images.

4) The performance of A-SVM is slightly improved after using RF in most cases. It
seems that the limited number of labeled target images from the user are not sufficient
to facilitate robust adaptation for A-SVM. We also observe that initial results of A-

30 SVM is better than other algorithms on the Kodak dataset because of the utilization of

non-linear SVM for initialization. However, it takes 324.3 seconds with one thread for
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We now compare the running time of all relevance feedback algorithms used in our

experiment. Considering that all the algorithms except A-SVM and MR on the NUS-

WIDE dataset are very responsive, we test all the algorithms by using only one single

thread for relevance feedback.

The comparison of time cost on the Kodak dataset is shown in Table 2. All methods

except A-SVM are able to achieve the interactive speed on this small dataset. In

addition, the incremental cross-domain learning method ICDRR is faster than

CDRR.

Method | ICDRR | CDRR | LimSVM_SL+SVM_T|SVM_T | MR A-SVM

Timeay, | 0.015 0.032 0.015 0.015 0.037 |9.921

Timemn | 0.014 0.031 0.015 0.010 0.026 | 0.010

Timemax | 0.017 0.034 0.016 0.016 0.052 | 29.532
Table 2

In Table 3, we report the running time of different algorithms on the NUS-WIDE

dataset. MR is no longer responsive in this case because the label propagation process

based on the graph with much more vertices becomes much slower. The RF

process of CDRR and LinSVM_SL+SVM_T (or SVM_T) is still responsive (on the

average 1.534 seconds and 1.277 seconds only), because we only need to train SVM

with less than 10 training samples for LinSVM_SL+SVM_T and SVM_T or solve a

linear system for CDRR.

Method ICDRR CDRR LimSVM_SIA+SVM_T | SVM_T MR

Timeayg 0.110 1.534 1.277 1.277 60.533
Timemin 0.108 1.439 0.641 0.640 56.410
Timemax 0.125 1.620 1.901 1.899 68.359

hod




0.641 0.640 56.410 Tinmemax 0.125 1.620 1.901 1.899 68.359 WO

2011/ 034502PCT/ SG2010/ 000343 38 Table 3 Mreover, |ICDRR only takes about
0.1 secorNi® 20n/mk®W2aver age per round after increnentall PClSGA0100g03he
corresponding matrices, which is nmuch faster than CDRR. 5 W al so observe
that the running tinme of LinSVM SL+SVBBT (or SVM T) increases when the
nunber of user-| abel ed consuner photos increases in the subsequent

iterations. Specifically, when the uysgred abels 1, 2, 3, 4 positive consuner
phot os and the sanme nunber of negative photos, LinSVM SL+SVM T (or SVMT)
costs about 0.7, 1.1, 1 5 and 1.9 seconds on aver age, respectively.

However ﬁﬁﬁ?R 0Osecon on,.t he average i t he
iterati Olll\g TPW s > a%ﬂutl(zgrs%copaseo%glﬁ@veraéj BEL 6N \%ecrt or w and

achi eve th@emanslly gsdahﬁg e QFREPpSHIAMESm AT cbIRRichbiy imich fhGerH&hCDRRE
efficient than Li nSVYM SL+SVM T for rel evance feedback in | arge
scal eSphoVealsepsavethat thg nEprpEREReeELINSVM_SL+SVM_T (or SVM_T) increases

when the number of user-labeled consumer photos increases in the subsequent
iterations. Specifically, when the user labels 1, 2,‘3, 4 positive consumer photos and the
same number of negative photos, LinSVM_SL+SVM_T (or SVM_T) costs about 0.7,
1.1, 1.5 and 1.9 seconds on average, respectively. However, ICDRR takes about 0.1

10  seconds on the average in all the iterations.

In short, ICDRR can learn the same projection vector w and achieve the same retrieval
precisions as CDRR, but it is much more efficient than CDRR and
LinSVM_SL+SVM T for relevance feedback in large scale photo retrieval.

15
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multinmedia files; and (iv) searching the first database of nmultinedia files
using the first nultinmedia file classifier engine, thereby identifying one
or nore MVPRPHEEEN2files in the first database rel ated POTHSGROHORMA] term
15 A met hod according to claim1, further including a step of using
the textual termto search the second4database of nultinmedia files to
identify at | east one second set of multinedia files, the second set of

mul ti medicg,fid es being nultinedia files for which the respective associated
text is unrefated to the textual term 20said second set of nultinmedi a
files being used in said step (iii) of constructing said first nultinedia
file classifier engi,ne. 3. A nethod according.to.clgim?2 in which said step
of usi ngslt he t‘%?’teﬂ’gfi Gsé?ar‘ffkllﬁg R da@@ﬁ?ﬁ‘?‘ﬁ@@@@o‘ﬂa&(ﬂ}&t‘%@% to identify
the secondnpgbingf nmultinedia files includes the 25sub-steps of:

consulting a | exical database using the textual termto obtain an enlarged
groupSof text UBlretesring fromnajuser data specafyuid #ideashensstesvalitednt abase for

multinedia files for,.which.the assocjated te does. nat. i ncl ude a of the
enl arged gr ouﬁ’li?sqge%ﬁ%ﬁ%u%le?%% SgﬁrCh\?\ée%b’ff;‘% ﬁ%@ﬁ@%’&%@l@%@@ 13 43
terns, thesam@dlatfilewiha sédoneHatabaddRimenondatd@iviiassebove toky sdid tddech

associ ated text includes the corresponding one of the predefined t ext ual

ternms. 5.idenwfyinga fiastcet ofimeltimsdimlepinctbe seongd drtabeacifar which tha isepectivest
nul timedica il L g ARS I 91 ne s arranged, upon operating on a
multinmedia file, to génerate a’ nunerical rel evance val ue indicative of the
rel etance of t(iie cobdthuctingb &rdtichwtitnedialfile tlaxdified enlgiiertsidghte ARk BOGff urt her
i ncl udi ng ranking.at |east sone of the multinmedia files in the first
databaee‘ﬁ@@BFﬂl_ % 3¢ he corresponding rel evance val ues. 10 6. A net hod
according to Ghgisiiehing theAibét @lratzb @b BulinRedtNE1ds dSRE AleAs Al 2.
further conprisi'ng:

file classifier engine, thereby identifying one or more multimedia files in the first

database related to the textual term.

15
2. A method according to claim 1, further including a step of using the textual term
to search the second database of multimedia files to identify at least one second set of
multimedia files, the second set of multimedia files being multimedia files for which the
respective associated text is unrelated to the textﬁal term,

20 said second set of multimedia files being used in said step (iii) of constructing

said first multimedia file classifier engine.

3. A method according to claim 2 in which said step of using the textual term to
search the second database to identify the second set of multimedia files includes the
25  sub-steps of:
consulting a lexical database using the textual term to obtain an enlarged group
of textual terms; and
searching the second database for multimedia files for which the associated text
does not include any of the enlarged group of textual terms.
30
4. A method according to any of claims 1 to 3 in which the second database

contains indexing data which indicates, for each of a plurality of predefined textual



selecting a plurality of said second sets of nultinedia files; for
each of the second sets of nultinedia files, constructing a correspondi ng
non- | i neaWof20NdB#®A usi ng that second set of nultinmedi aPCTIS€20140d0348 so t he
first set of 15nultinedia files; and generating the first nmultinedia
file classifier engine as a sumof the&3nonlinear functions. 7. A nethod
according to any preceding claimin which the first nultinedia file

20cl assi fibgts fI3GL AKIGRIRL HRSn AR COMAHAB S fofl $HiH RO asibUARA texaCh deci si on
stunp, when applied to a certain multinedia file, generating a non-I|inear
out put i rin¢luddsithecafesporaling emesfabe pledefinedspetmtl teenchar act eri stic in that
multinmedia file, the first multinmedia file classifier engine

conbi ning the outputs of the decision stunps to generate a nunerical val ue.
25 8. A et hods aeaRddicBerding 821y PrREAAE Bhirf iR WK dhth ¥Rt S hdifBedih F3d
multinmedia file classifier engine conprises a |inear and/or non-linear

f unct Pon ddssidicp engngets aghngedaBperhepeyaisizom conosedia ble, egaphtate a and a vect or
representing a i tinedia filke inp to,the first | ti ja file

Ci bssr 11 diotra Tl S hia U nd ad e 0B A Al o i nce ot
whi chspegkthalasm,fies memol fofthe ifdhdifly fdkin@fat 036t QindBNTtRe Altivhemalfikesf i 1 es in
the first database, an indication of whether the third set of nmultinedia
files ardnftshistdatahasgageerdipgtp the comesppading s¢levanepvalney (b) using
the relevance data to nodify the first nmultinedia file classifier engine
5to forma nodified classifier engine, and repeating said step (iv) using

t he rodi fé6.ed cAasshdd £comdngy toelaimld) or Anynef disichsdc § orh@h dgpdndestloai dtaith when
dependent7 gn claim5 which includes presenting to the user a plurality of
mul ti medi (FRESOPPEPEhe first database having a 10hi gh ranki ng accor di ng
to the Correspé%m{iﬂ%g?ﬁl’ﬁﬁ?ﬁﬁéﬂ??&ﬁ%&ﬁ]Bi?irlruﬁhﬁ&ﬁﬁ‘ﬁfesdata relating to one

or nore of said pl ity O I medi a es fromthe first database. 11.

A et hod accorfdr eaphtad thd seicom®saty ofchualiimed® filas, wongtuctihg a comredponding
classifier engine is nodified b t |east.on th ol | owi ng sub- st eps:
T(1 tr o Pepeh fnsabeitte el setnd b R e et als0 b Siishek e ¢ i d
set ofs muhhitediaakt:! es, the nodified classifier engine generating an

out put by conbi ning an output generated by the first nultinedia file

cl assi fi er engindezeprafinghedirstpuultigedier e sthspifier ¢engingspt suweofsthenens or (I11)

?ﬁger ati ng a. %%tctiggs.v\ei ght val ues defining the nodified classifier engine,

7. A method according to any preceding claim in which the first multimedia file
20  classifier engine comprises an ensemble of decision stumps, each decision stump, when
applied to a certain multimedia file, generating a non-linear output indicative of the
| presence of a respective characteristic in that multimedia file,
the first multimedia file classifier engine combining the outputs of the decision

stumps to generate a numerical value.

25
8. A method according to any preceding claim in which the first multimedia file
classifier engine comprises a linear and/or non-linear function of a product of a weight
vector composed of weights, and a vector representing a multimedia file input to the
first multimedia file classifier engine.

30

9. A method according to any preceding claim further including at least once

performing the steps of:



20 set of weights being generated to mnimze a cost function including a
termindicating disparity between the outputs of the nodified classifier
engi ne W0 20péB4&02ng on the third set of inmages and t h@CEEGRENHOFES ng
rel evance data. 12. A nethod according to claim1l1l in which, in sub-step
(I'l') the cost function 25further includes a termindicative of the
disparity between the outputs of the nodified classifier engine and the
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10 high ranking according to the corresponding relevance values, the relevance data

relating to one or more of said plurality of multimedia files from the first database.

11. A method according to claim 9 or claim 10 in which the first file classifier
engine is modified by at least one of the following sub-steps:

15 ~ (I) training an adaptive system using the relevance data and the third set of
multimedia files, the modified classifier engine generating an output by combining an
output generated by the first multimedia file classifier engine with an outﬁut generated
by the adaptive system; or

(II) generating a set of weight values defining the modified classifier engine, the

20  set of weights being generated to minimize a cost function including a term indicating

disparity between the outputs of the modified classifier engine when operating on the

third set of images and the corresponding relevance data.

12. A method according to claim 11 in which, in sub-step (II) the cost function

25  further includes a term indicative of the disparity between the outputs of the modified
classifier engine and the corresponding outputs of the first multimedia file classifier
engine when respectively operating on multimedia files in the first database which are

not included in the third set of files.

30 13. A method according to claim 11 or claim 12 in which the weight values are
generated using a closed form expression which is a function of a set of data structures,

steps (a) and (b) being performéd repeatedly,
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and, in each step (b), sub-step (II) comprising updating the data structures using

the third images described by the relevance data obtained in the preceding step ().

14. A computer apparatus having a processor and a memory, the memory storing
program instructions operative, when implemented by the processor, to cause the

processor to perform a method according to any preceding claim.

15. A recording medium, such as a tangible recording medium, storing program
instructions operative to cause a processor performing the instructions to carry out a

method according to any of claims 1 to 13.



