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Abstract

Givenanimage, howdo we automaticallyassignkeywords
to it? In this paper we proposea novel, graph-based
appmoacd (GCap) which outperformspreviously reported
methodsfor automaticimage captioning Moreover, it is
fastand scaleswell, with its training and testingtime lin-
ear to the data setsize We report auto-captioningex-
perimentson the “standard” Corel image databaseof 680
MBytes,whele GCapoutperformsrecent,successfuauto-
captioningmethodsby up to 10 percentaye pointsin cap-
tioning accuracy (50% relativeimprovement).

1. Intr oduction and relatedwork

Given a hugeimagedatabasehow do we assigncontent-
descriptie keywordsto eachimage,automatically?in this
paper we proposea novel, graph-base@pproach(GCap)
which, whenappliedfor the taskof imagecaptioning,out-
performspreviously reportedmethods.

Problem 1 (Auto-captioning) Givena set of color im-
ages,ead with captionwords; andgivenonemore, uncap-
tionedimage (“query image”), nd thebest (say =5)

captionwordsto assignto it.

Maronetal. [17] usemultiple instancdearningto train
classi ersto identify particularkeywordsfrom imagedata
usinglabeledbagsof examples.In their approachanim-
ageis an “positive” exampleif it containsa particularob-
ject (e.g. tiger) in the image,but “negative” if it doesnt.
Weryin et al. [26] proposea semi-automaticstrateyy for
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annotatingmagesusingthe users feedbaclof theretrieval
system. The query keywordswhich receve positive feed-
back are collectedas possibleannotationto the retrieved
images. Li andWang[15] modelimageconceptshy 2-D
multiresolutionHiddenMarkov Modelsandlabelanimage
with theconceptdestt thecontent.

Recently probabilisticmodelsare proposedo capture
thejoint statisticshetweenmageregionsandcaptionterms,
for example,the co-occurrencenodel [19], latentseman-
tic analysis(LSA) basedmodels[18], machinetranslation
model[3, 9], andtherelevance-basethnguagemodel[12].
Thesemethodsquantizeor clusterthe imagefeaturesinto
discretetokensand nd correlationshetweenthesetokens
andcaptioningterms. The quality of tokenizationcould ef-
fectthe captioningaccurag.

Other work models directly the associationbetween
words and the numericalfeaturesof the regions, for ex-
ample, the generatre hierarchicalaspectmodel [3, 4],
the correspondencé.atent Dirichlet Allocation [5], the
continuous-spaceelevance model (CRM) [14], and the
contextual model which models spatial consisteng by
Markov random eld [7]. Thesemethodstry to nd the
actualassociatiorbetweenmageregionsandtermsfor im-
ageannotatiorandfor a greatergoal of objectrecognition.
In contrast,our proposedmnethodGCapcaptionsan entire
image ratherthancaptioningby namingthe constituente-
gions.

The focusof this paperis on auto-captioningHowever,
our proposedGCapmethodis in fact more general,capa-
ble of attackingthe generalproblemof nding correlations
betweerarbitrarymodalitiesof arbitrarymultimediacollec-
tions. In auto-captioningit nds correlationsbetweentwo
modalities,imagefeaturesandtext. In a moregeneralset-
ting, say of video clips, GCapcan be easily extendedto
nd correlationsbetweersomeothermodalities like, e.g.,
the audio partsand the imageparts. We elaborateon the
generalityof GCaplater(subsectior?.4).

Section2 describesour proposedmethodandits algo-
rithms. In section3 we give experimentson real data. We
discussour obsenationsin section4. Section5 givesthe



conclusions.

2. ProposedMethod

Themainideais to turn theimagecaptioningprobleminto
agraphproblem.Next we describga) how to generatéhis
graph,(b) how to captiona new imagewith this graph,and
(c) how to dothatef ciently.

Table1 shavs the symbolsandterminologywe usedin
thepaper

Symbol | Description
Images/Objects

: the -th captionedmage, : thequeryimage
setof captionedmages
thevertex of GCapgraphcorrespondingo image .
thevertex of GCapgraphcorrespondingo region
thevertex of GCapgraphcorrespondingo term
thenumberof neighborgo beconsidered
therestartprobability

Sizes

thetotal numberof captionedmages
the total numberof regions/termsrom the captionedim-
ages
thenumberof regionsin thequeryimage

= + + 41+ , the number of nodesin
GCapgraph
thenumberof edgesn GCapgraph

Matrix/vector

the (column-normalizedadjaceng matrix
the restartvector (all zeros,excepta single'l' atthe ele-
mentcorrespondingo thequeryimage )
the steadystateprobability vectorwith respecto the
theafnity of node? °with respecto node? °©

Tablel: Summaryof symbolsused

Theinformationabouthow imageregionsareassociated
with termsis establishedrom a captionedmageset. Each
imagein a captionedmagesetis annotatedwvith termsde-
scribing the image content. Captionedimagescan come
from mary sourcesfor example,news ageng [10] or mu-
seumwebsitesNews agenciesisuallypresenpictureswith
goodandconcisecaptions.Thesecaptionsusuallycontain
the namesof the major people,objects,and actwities in a
picture.Besidesimageswith high-qualitycaptionsarecon-
tinually generatedby humanefforts [25].

We are given a set of captionedimages , andan un-
captionedgueryimage . Eachcaptionedmagehasone
or more captionwords. For every image,we extract a set
of featurevectors,onefor eachhomogeneouregion (a.k.a.
“blob™) of theimage,to representhe contentof animage,
SeeFigure 1 for 3 sampleimages their captionsandtheir
regions.

Thus, every captionedmagehastwo attributes (a) the
caption(setvalued,with stringsasatomicvalues)and (b)
theimageregions(setvalued with featurevectorsasatomic
values).

We usea standardsegmentatioralgorithm[23] to break
animageinto regions (seeFigure 1(d,e,f)),andthen map
eachregion into a 30-d featurevector We usedfeatures
like themeanandstandardieviation of its RGB values av-
erageresponsefo varioustexture lters, its positionin the
entireimagelayout,andsomeshapelescriptorge.g.,major
orientationandthe arearatio of the boundingregion to the
realregion). All featuresarenormalizedto have zero-mean
andunit-variance Notethatthe exactfeatureextractionde-
tails areorthogonalto our approach all our GCapmethod
needss a black box thatwill mapeachcolorimageinto a
setof zeroor more featurevectorsto representhe image
content.

How dowe usethecaptionedmagego captionthequery
image ? The problemis to capturethe correlationbe-
tweenimage featuresand captionterms. Shouldwe use
clusteringor someclassi cationmethodgo “tokenize”the
numericalfeaturevectors,asit hasbeensuggestedefore?
And, if yes,how mary clustercentersshouldwe shootfor?
Or, if we chooseclassi cation, which classi er shouldwe
use?Next, we shav how to bypassall theseissuedy turn-
ing the taskinto agraphproblem.

2.1 Graph-basedcaptioning (GCap)

Themainideais to represenall theimagesaswell astheir
attributes (caption words and regions) as nodesand link

themaccordingo theirknown associatiornto agraph.For
thetaskof imagecaptioning,we needa graphwith 3 types
of nodes.Thegraphis a“3-layer” graph,with onelayer of

imagenodes,onelayer of captioningtermnodes,andone
layerfor theimageregions.SeeFigurel1 for anexample.

Graph construction We will denoteas the vertex
of animage , andas , to be the vertex for
theterm , andfor theregion |, respectiely. Thereis
one nodefor eachimage,one nodefor eachdistinct cap-
tion term, and one nodefor eachregion. Nodesare con-
nectedbasedon either(1) the co-occurrenceelationor (2)
the similarity relation.

To capturecross-attrilatecorrelation for eachcaptioned
image, we put edgesbetweenthe image-nodeand the
attribute-value nodesassociatedwvith the image. These
edgesare called the “image-attritute-value” links (IAV-
links).

For thefeaturevectorsof the regions,we needa way to
re ect thesimilarity betweerthem.For example we would
like to associatdhe orangeregions and  which are
both “tiger”, to accommodateariousappearancesf the
sameobject. Our approachis to add an edgeif andonly
if the two featurevectorsare “close enough”. In our set-
ting, we usethe Euclideandistancebetweerregion feature
vectorsto denote(dis-)similarity.
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Figurel: Threesampleimagestwo of themannotatedtheir regions(d,e,f); andtheir GCapgraph(g). (Figureslook bestin

color)

We needto decideon a thresholdfor the “closeness”.
Thereare mary ways, but we decidedto make the thresh-
old adaptve: for eachfeature-ector chooseits near
estneighborsandassociatehemby connectinghemwith
edges.Therefore the edgesaddedto relatesimilar regions
arecalledthe“nearest-neighborlinks (NN-links). We dis-
cussthe choiceof later, aswell asthe sensitvity of our
resultsto .

In summary we have two types of links in our
GCapgraph:the NN-inks, betweenthe nodesof two sim-
ilar regions; and the (IAV-links), betweenan image node
andan attribute value (captionterm or region featurevec-
tor) node.

Figurel illustratesour approaciwith anexample:

Example1 Considerthe captionedimage set =

and the un-captioned,query image (Figure 1).
The graph correspondsto this data set has three types
of nodes: one for the image objects 's ( );

one for the regions 's ( ), and one for
the terms = sea,sun, sky, waves,cat, forest,
grass,tiger . Figure 1(g) showstheresultingGCapgraph.
Solid arcs indicate IAV (Image-Attribute-\alue) relation-
ships;dashedarcsindicateneaest-neighbofNN)relation-
ships.

In Examplel, we consideronly =1 nearesineighbor to
avoid clutteringthediagram.

We note that the nearest-neighborelation is not sym-
metric. This effectis demonstrateth Figurel, wherenode

's nearestneighboris ~ whosenearesmneighboris
Insteadof makingNN-links asdirectedlinks, we retainthe
NN-links asundirected.The averagedegreeof eachregion
nodeis ,where isthenumberof nearesheighborson-
sideredper region node. This make node in Figurel
have a degree of . In our experiment,eachdata
sethasabout regions. For , theregion node
hastheaveragedegree andthe standardieviation around



To solve the auto-captioningoroblem (Problem1), we
needto develop a methodto nd good captionwords for
image . This meansthat we needto estimatethe
afnity of eachterm(nodes , , ), tonode . We
discusghe methodwe proposechext.

Captioning by random walk  We proposeo turntheim-
age captioningprobleminto a graphproblem. Thus, we
cantap the sizableliterature of graphalgorithmsand use
off-the-shelfmethodsfor determininghow relevantaterm
node" " is, with respecto the nodeof theuncaptionedm-
age" ". Take Figurel for example,we wantto rank how
relevanttheterm*tiger” ( = ) istotheuncaptionedmage
node = . Theplanis to captionthe new imagewith the
most“relevant” termnodes.

We have mary choices: electricity basedapproaches
[8, 20]; randomwalks (PageRank topic-sensitie PageR-
ank)[6, 11]; hubsandauthoritieg13]; elasticsprings[16].
In this work, we proposeto userandomwalk with restarts
(“RWR”) for estimatingthe afnity of node“ " with re-
spectto therestartnode” ”. But, again,the speci ¢ choice
of methodis orthogonako our framework.

Thechoiceof “RWR” is dueto its simplicity andability
to biastowardtherestartnode. The percentag®f time the
“RWR” walk spendson a term-nodeis proportionalto the
“closeness’df theterm-nodeo therestartnode.Forimage
captioning,we want to rank the termswith respectto the
gueryimage.By settingtherestarinodeasthe queryimage
node,“RWR” is ableto rank the termsaccordingto with
respecto thequeryimagenode.

On the otherhand,methodssuchas“PageRankwith a
dumpingfactor” may not be appropriatdor our task,since
therankingit producedoesnot biastoward ary particular
node.

The“randomwalk with restarts"(RWR) operatessfol-
lows: to computethe af nity of node" ” to node" ”, con-
sidera randomwalker that startsfrom node“ ”. At every
time-tick,thewalkerchoosesandomlyamongtheavailable
edgeswith onemodi cation: beforehemakesachoice,he
goesbackto node" " with probability . Let denote
thesteadystateprobabilitythatour randomwalkerwill nd
himselfatnode® ". Then, is whatwe want,theaf n-
ity of “ " with respecto

De nition 1 Theafnity of node with respecto starting
node is the steadystate probability of a random
walk with restarts,asde nedabove

For example,to solve the auto-captioningoroblemfor
image of Figurel. We canestimatahesteady-statprob-
abilities for all nodes of graphGCap.We cankeep
only the nodesthat correspondo terms,andreportthe top
few (say 5) termswith the higheststeady-stat@robability

ascaptionwords. Theintuition is thatthe steady-statprob-
ability is relatedto the “closenessbetweentwo nodes:in
Figurel, if the randomwalker with restarts(from ) has
high chanceof nding himself at node , thennode is
likely to bethe correctcaptionfor the queryimage

2.2 Algorithms

In this section,we summarizethe proposedGCapmethod
for image captioning. GCap containstwo phases: the
graph-huilding phaseandthe captioningphase.

Input: a setof captionedmages = and
anuncaptionedmage

Output:the GCapgraphfor and

1. Let = be the distinct regions ap-
pearedin . Let be the distinct terms
appearedn . 2. Similarly, Let be

thedistinctregionsin
3. Createone node for eachregion 's, images
's, andterms 's. Also, createnodesfor the query

image  and its regions 's. Totally, we have
= + + 41+ nodes.

4. Add NN-links betweerregion nodes 's, con-

sideringonly the nearesheighbors.

5. Connecteachquery region node to its

“nearest’trainingregions 's.

6. Add IAV-links betweenimagenodes ‘s and

theirregion/termnodesaswell asbetween and 's.

Figure2: Algorithm-G: Build GCapgraph

The overview of thealgorithmis asfollows. First, build
the GCapgraphusing the setof captionedimages and
the queryimage (detailsarein Figure 2). Then, for
eachcaptionword , estimateits steady-statgrobability

for the “randomwalk with restarts”,asde-
ned above. Recallthat is the nodethatcorresponds
toterm

The computationof the steady-statg@robability is very
interestingand important. We use matrix notation, for
compactness. We want to nd the most related terms
to the query image We do an RWR from node

, andcomputethe steadystateprobabilityvector =
,where isthenumberof nodesn the
GCapgraph.

The estimationof vector  can be implementedef -
ciently by matrix multiplication. Let  be the adjacenyg
matrix of the GCapgraph,andlet it be column-normalized.
Let beacolumnvectorwith allits  elementszero,ex-
ceptfor the entry that correspondso node ; setthis
entryto1l. Wecall  the“restartvector”. Now we canfor-
malizethede nition of the“af nity” of anodewith respect



tothequerynode (De nition 1).

De nition 2 (Steady-statevector) Let be the probabil-

ity of restartingthe randomwalk from node . Then,
the -by- steadystateprobability vector , (or simply
steady-stat@ector)satis esthe equation:
1)
We caneasilyshow that
2)

where is the identity matrix. The pseudocode
of captioningan uncaptionedmage is shown in Figure
3. We notethatfor imagecaptioning,we consideronetest
imageat atime. Thatis, the GCapgraphwill alwayshave
only oneuncaptionedmagenode(gray-noden Figurel).

The graphsfor differenttest/queryimageshave the same
“core” partconstitutedby the captionedmages,but differ

atthe partwherethe queryimagenodeis connectedo the
core.We notethatbuilding the“core” partof thegraphcan
be doneef ciently. Besidesafterthe “core” partis ready
addingthe partrelatingto a speci ¢ queryimagetakesrel-

atively “no” time in practice.

The “core-and-addition”structure of the GCap graph
providesopportunitiesfor generality For example,GCap
can be easily extendedto captiongroupsof imageslike,
e.g.,asetof videoframes aswe discusdater.

Input: a GCapgraphof a captionedmageset anda
gueryimage
Output:thebest captionterms

1.Let =0,forallits entries,excepta“l” forthe
entry of , thenodefor thequeryimage
2. Let betheadjaceng matrix of the GCapgraph.
Normalizethe columnsof  (i.e., make eachcolumn
sumto 1).
3. Initialize =
4. while(  hasnotcorverged)

41 =(1-¢) +c
5. Caption with the terms 's which have the
highest value( 'safnity to ).

Figure3: Algorithm-IC: Imagecaptioning

2.3 Scalability

Let bethenumberof regionsextractedfrom all thecap-
tionedimages , be the numberof edgesin the GCap
graph, bethenumberof regionsin thequeryimage
. and bethe costof performinga nearest-
neighborsearchin acollectionof featurevectors.

Lemmal Thetotal trainingtime,
to numberof edges
regions

, of GCapislinear
and superlinear on the numberof

®3)
Proof: At thetraining phase Algorithm-G is usedto
constructhe GCapgraph.We countonly the costof build-
ing “core” of theGCapgraphhere thecostof the“addition”
partis consideredn the testingphase(Lemmaz2). To de-
terminethe nearest-neighbdimks (NN-links), we perform
a nearest-neighbdk-NN) searchon eachregion. These
searchegof cost” ") canbeacceleratedsing
anindex structurejike anR+-tree[22].

Lemma 2 Theoverall costof GCapfor captioninga test
image, , is linear onthe numberof edges:

4)
(5)
(6)
Proof: In thetesting(i.e., captioning)phasewe build
the additionto the “core” of the GCapgraph,andestimate
the steadystateprobability vector ~ for a testimage
Addition to the GCap graphtakes only nearest-
neighborsearchegusually ), and the total
time is negligible to the estimation
of . is estimatedteratively, until the estimatestabi-
lizes. The estimateis consideredstabilizedif the -norm
betweenconsecutie roundis belov somesmall threshold
(e.q., ). In our experimentsthe numberof iterations
to corverge ( ) is typically small (e.g., lessthan
20), or it canbe setto have a upperbound(e.g.,100). In
other words, is of order O(1). For eachitera-
tion, a sparsematrix multiplicationis performedandcosts
operationgexactly the numberof nonzero
elementsn thesparse ). QED
Although fastalready(linear on the databasesize), the
proposedlgorithm*“Algorithm-IC” canbe evenfurtherac-
celerated.We cantap the old andrecentliterature of fast
solutionsto linear systemsto achieve fastapproximations.
We cando the matrix inversionandsolve the equation2; or
we canusea low-rankapproximatior{1, 21]. For matrices
that have block-diagonalshapeswe canusethe methods
by [24]. Giventhatthis areais still underresearchye only
point out that our approachs modular andit cantrivially
includewhichever is the bestmoduleto do the fastmatrix
inversion.

2.4 Generality

As mentionedin the introduction, GCap is a general
framavork, and can handlemary more tasksthan auto-
captioning. We elaborateon threeof the possiblewaysto
generalizet:



1. Other correlations: Within the auto-captioningprob-
lem, GCapcanestimatethe strengthof correlationbe-
tweenany two pair of nodesin the graph. Currently
weforcethe rst nodeto beof type“image”, while the
secondnodeis of type “term”. Nothing stopsGCap
from estimating‘term”-"term” correlationsor “term”-
"image” correlations(e.g.,given aterm“tiger”, what
is the mostrepresentatie image),aswell as“term”-
"region” correlationg(e.g.,givenaterm “tiger”, what
is themostrepresentatie region).

2. Group captioning: Within the auto-captioningprob-
lem, GCapcan nd good captionwords for a group
of non-captionedmagessay , . Theidea
is to extendthe RWR sothat, whenit restartsjt ran-
domly restartsfrom oneof the nodesof , ,
with equallyprobability.

3. Arbitrary multimediasetting: Our GCapmethodcan
handleary setof multimediaobjects. For example,
supposeave have a collectionof videoclips, eachwith
(a) audiotrack (b) text (script), and, of course,(c) a
successiorof frames. Supposethat we wantto nd
the typical sound-trackthat correspondso brightim-
ages(probably commercials). Supposethat we are
providedonesimilarity functionuponaudiosegments
andoneon video frames,by domainexperts. In this
setting,GCapcanbuild a graphwith 4 typesof nodes,
one for the video clips, one for audio features(e.g.,
waveletcoefcients), onefor scriptwords,andonefor
video features.Also, the NN-links andIAV-links are
well-de ned by the given dataset and the similarity
functions.

3. Experimental Results

In this section we shav experimentakesultsto addresshe
following questions:

Quality: How doesthe proposedGCap methodper
form on captioningtestimages?

Parametedefaults: How to choosegooddefaultvalues
forthe and parameters?

Generality:How well doesGCapcaptureothercross-
mediacorrelations? For example, how well doesit
capturethe same-mediaorrelations(say term-term,
or region-reggion correlations) Furthermorehow well
doesthe“group captioning”(subsectior?.4) perform?

In ourexperimentwe usel0imagedatasetsfrom Corel,
which are commonlyusedin previous work [9]. In aver
age eachdatasethasaround50,000regions,5,200images,
and165wordsin the captioningvocahulary. Theresulting

GCapgraphhasaround55,500nodesand 180,000edges.
Therearearoundl,750query(uncaptionedimagesperdata
set.

3.1 Quality

For eachtestimage,we computethe captioningaccuray
asthe percentagef captiontermswhich arecorrectlypre-
dicted. For atestimagewhich has correctcaptionterms,
GCapwill predictalso terms.If termsarecorrectlypre-
dicted, thenthe captioningaccurag for this testimageis
de nedas-.

Figure 4(a) shows the captioningaccurag for the 10
datasets.We compareour results(white bars)with there-
sultsreportedin [9] (black bars). The methodin [9] mod-
elstheimagecaptioningproblemasa statisticaltranslation
problem and solves it with an probabilistic model using
expectation-maximizatiofEM). We refer to their method
asthe “EM” approach. In average,GCap (with = ,

= ) achieses captioningaccurag improvementof 12.8
percentag@oints,which correspondso arelativeimprove-
mentof 58%.

We also comparethe captioning accurag with even
morerecentmachinevision methodg3]: the Hierarchical
AspectModelsmethod(*"HAM”), andthe LatentDirichlet
Allocation model (‘LD A"). The reportedresultsof HAM
andLDA arebasedon the samedatasetaswe usedhere.
Figure4(b) compareshe bestaveragecaptioningaccuray
amongthe 10 datasetsreportecby the HAM andLDA [3],
alongwith thatof GCap(with = , = ). Althoughboth
HAM andLDA improve onthe EM method they bothlose
to our genericGCapapproach35% accurag, versus29%
and25%). It is alsointerestinghat GCapalsogivessignif-
icantly lower variance by roughly an orderof magnitude:
0.0002versus).002and0.003.

Figure5 shovs someexamplesof the captionsgivenby
GCap. For the examplequeryimage in Figurel, GCap
captionst correctly(Figure5(a)). Notethatthe GCapgraph
usedfor this experimentis not the oneshowvn in Figure 1,
whichisfor illustrationonly. In Figure5, GCapsurprisingly
getsthe word “mane” correctly (b); however, it mixesup
hand-madebjects(“buildings”) with “tree” (c).

3.2 Parameter defaults

We experimento nd outhow woulddifferentvaluesof the
parameters and affectthecaptioningaccurag. In short,
GCapis fairly insensitve to bothparameters.

Figure 6(a) shavs the captioningaccurag of GCapus-
ing differentvaluesof restartprobability . The parameter
is x edat3. Theaccuray reaches plateauas grows
from to ,whichindicatesheproposedsCapmethod
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Figure 4: ComparingGCap with EM, HAM and LDA.

In all cases,GCapused and Results
of EM, HAM and LDA are thosereportedwith the best
settings[9, 3]. (a) scoreof EM in dark, againstGCap
in white, for the 10 Corel datasetgb) scoresfor HAM

(left) andLDA (center):accurag (meanandvariance pver
the 10 datasets). LDA:(0.24,0.002);HAM:(0.298,0.003);
GCap:(0.34910.0002).

Query
Truth cat,grass, mane cat, sun,water,
tiger, water lion, grass tree,sky
GCap grasscat, lion, grass, tree,water
tiger, water cat,mane buildings, sky
(@) (b) (©)

Figure5: Samplecaptionsgeneratedy GCap. The pre-
dicted captiontermsby GCapare sortedby the estimated
afnity valuesto the queryimage. (Figureslook bestin

color)

is insensitve to the choiceof . We shav only theresulton
onedataset“006”, theresultson otherdatasetsaresimilar.
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Figure6: (a) Varyingdecayfactor (x ed =3). (b)Varying
the numberof nearesneighbors (x ed ). Data
setis “006".

Figure 6(b) shavs the captioningaccurag of GCapon
dataset“006” usingdifferentnumberof nearesneighbors
. Therestartprobability is x edat . Again, thepro-
posedGCapmethodis insensitve to thechoiceof , where

thecaptioningaccurag reachesplateauas variesfrom
to . Otherdatasetsalsohave similarresults.Anotherset
of experimentswhere is x edat  with varies,shav
agraphwith plateauat the similar accuray level asFigure
6(b).

3.3 Generality

GCapworks on objectsof ary type. We designan exper
iment of nding similar captiontermsusing GCap. Here
we usethe “core” part of the GCapgraphconstructedor
automaticimagecaptioning,sincethereis no queryimage
in thiscase.To nd similartermsto a (query)captionterm

, we perform“RWR” with therestartvectorhaving all ele-
mentszero,excepta“1” for the node . Table2 shawvs
the similar termsfound for someof the captionterms. In
thetable,eachrow shavsthe querycaptiontermatthe rst
column,followedby thetop 5 similartermsfoundby GCap
(sortedby the steady-statprobability).

Notice that the retrieved terms make a lot of sense.
For example,the string “branch” in the captionis strongly
relatedto the forest- and bird- related concepts(“birds”,
“owl”, “night”), andsoon. Notice againthatwe did noth-
ing special: no tf/idf, no normalization,no otherdomain-
speci ¢ analysis- we just treatedthesetermsas nodesin
our GCapgraph,like everythingelse.

4. Discussion

We are shootingfor a methodthat requiresno parameters.
Thus,herewe discusshow to choosedefaultsfor both our
parametershenumberof neighbors , andtherestartprob-
ability .



Term 1 2 3 4 5

branch | birds night  owl nest hawk
bridge | water arch sky stone boats
cactus | saguaro desert sky grass sunset
car tracks street  buildings turn prototype
f-16 plane jet sky runway — water
marlet | people street food closeup buildings

Table 2: Semanticallysimilar terms for selectedcaption
terms

Number of Neighbors  In hindsight,the resultsof Fig-

ure 6 make sense:with only =1 neighborperregion, the

collection of regionsis barely connectedmissingimpor-

tant connectionsand thus leadingto poor captioningper

formance. On the other extreme,with a high valueof

every region featurevectoris directly connectedo every

other one; the region nodesform almosta clique, which

doesnotdistinguishclearly betweerreally closeneighbors
with thosewhich arejust neighbors.

For amediumnumberof neighbors , our NN-links ap-
parentlycapturetheneighborsvhicharereally close.Small
deviationsfrom thatvalue,make little difference probably
becausehe extra neighborswve addareat leastasgoodas
the previous ones. We suggesthatthe captionaccuray is
notsensitveto , for areasonablenediumvalueof

Restart probability  For webgraphstherecommended
valuefor istypically =0.15[24]. Surprisingly ourexper
imentsshow thatthis choicedoesnot give goodcaptioning
performancelnstead,goodquality is achiezedfor c=0.66.
Why is this discrepang?

We conjecturewhat determinesa good value for the
restartprobability is the diameterof the graph. Ideally, we
wantour “randomwalker” to have a non-trivial chanceto
reachthe outskirtsof the whole graph. Thus,if the diame-
terof thegraphis , theprobabilitythathewill reachapoint
onthe“periphery”is probablyproportionalto

For the web graph,the diameteris approximately =19
[2] whichimpliesthatthe probability for theran-
domwalker to reacha nodein the peripheryis roughly (let

=0.15)

In the caseof auto-captioningwith athree-layeigraph,
the diameteris roughly =3. If we demandthe same
for our casethenwe have

which is much closerto our empirical obsenations. Of
coursethe problemrequiresmorecarefulanalysis- but we

arethe rst to show that =0.15is not always optimal for
randomwalkswith restarts.

Updating training imagesets As morecaptionedmages
becomeavailable,they canbe easilyappendedo the exist-
ing trainingset. Eachnew imageis representedsanimage
nodewith a setof region nodes. The incorporationof a
newly available captionedmageis simply addingthe new
imagenode thenew regionnodesandpossiblenew caption
termnodedo theexisting GCapgraph,by theNN-links and
IAV-links . Adding the NN-links involvesnearest-neighbor
searchest eachnewly addedregions,which canbe done
ef ciently with the help of anindex structurelike R+-tree.
Adding the IAV-links is straight-forvard: simply connect
eachnewly addedmagenodego thetermandregionnodes
it contains.To sumup, the updatingof thetraining setcan
bedoneef ciently andincrementally

Group captioning The proposedGCap methodcan be
easily extendedto captiona group of images,wherethe
contentof theseamagesareconsideregimultaneouslyOne
possibleapplicationis to captionvideo-shotswherea shot
is representetdy a setof keyframessharingthe samestory
content.Sincethesekeyframesarerelatedcaptioningthem
asawhole cantake into accounthe correlationthey share,
which is missedwhenthey are captionedseparately Fig-

ure 7 shaws the resultsof GCapwhenappliedfor “group-

captioning”a setof threeimages.Noticethatit foundvery

reasonabléerms,‘sky”, “water”, “tree”, and“sun”.

Images

Truth sun,watet | sun,clouds, | sun,water
tree,sky sky, horizon

GCap | tree,people,| water tree, sky, sun
sky, water | peoplesky

Group sky, water, tree,sun

Figure7: (Group captioning)Captioningtermsare sorted
by the steadystateprobabilitycomputedy GCap.(Figures
look bestin color.)

5. Conclusions

We proposedGCap, a graph-basednethodfor automatic
imagecaptioning. The methodhasthe following desirable
characteristics:



It provides excellent results and outperforms re-
cent,successfuauto-captioningnethodg EM, HAM,
LDA) (Figure4).

It requiresno userde ned parametersnor ary other
tuning (in contrastto linear/polynomial/lernelSVMs,

-meanglustering etc.). We give gooddefault values
for its only two parameters, and . We alsoshawv
empiricallythatthe performancés fairly insensitve to
them,anyway.

It is fastandscalesup well with the databasesize. It
canbemadeevenfasterwith clever, off-the-shelfma-
trix algebramethodqequation?).

Futurework could focuson weightingthe edgegto im-
prove captioningaccurag. Edgeweightscould take into
accounthe differencebetweerNN-links andlAV-links, as
well as the differenceof the individual edges. Besides,
it will be interestingto apply GCapfor more generalset-
tings, to discover cross-modactorrelationsn mixed media
databasesswe describecearlierin subsectior?.4.
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