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Abstract

Givenan image, howdo weautomaticallyassignkeywords
to it? In this paper, we proposea novel, graph-based
approach (GCap) which outperformspreviously reported
methodsfor automaticimage captioning. Moreover, it is
fast and scaleswell, with its training and testingtime lin-
ear to the data set size. We report auto-captioningex-
perimentson the“standard” Corel image databaseof 680
MBytes,where GCapoutperformsrecent,successfulauto-
captioningmethodsby up to 10 percentage points in cap-
tioningaccuracy(50%relativeimprovement).

1. Intr oduction and relatedwork
Given a hugeimagedatabase,how do we assigncontent-
descriptivekeywordsto eachimage,automatically?In this
paper, we proposea novel, graph-basedapproach(GCap)
which,whenappliedfor thetaskof imagecaptioning,out-
performspreviously reportedmethods.

Problem1 (Auto-captioning) Givena set
�

of color im-
ages,each with captionwords;andgivenonemore, uncap-
tionedimage ��� (“query image”), �nd thebest� (say, � =5)
captionwordsto assignto it.

Maronet al. [17] usemultiple instancelearningto train
classi�ersto identify particularkeywordsfrom imagedata
usinglabeledbagsof examples.In their approach,an im-
ageis an “positive” exampleif it containsa particularob-
ject (e.g. tiger) in the image,but “negative” if it doesn't.
Wenyin et al. [26] proposea semi-automaticstrategy for

�
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annotatingimagesusingtheuser's feedbackof theretrieval
system.The querykeywordswhich receive positive feed-
back are collectedas possibleannotationto the retrieved
images. Li andWang[15] model imageconceptsby 2-D
multiresolutionHiddenMarkov Modelsandlabelanimage
with theconceptsbest�t thecontent.

Recently, probabilisticmodelsare proposedto capture
thejoint statisticsbetweenimageregionsandcaptionterms,
for example,the co-occurrencemodel [19], latentseman-
tic analysis(LSA) basedmodels[18], machinetranslation
model[3, 9], andtherelevance-basedlanguagemodel[12].
Thesemethodsquantizeor clusterthe imagefeaturesinto
discretetokensand�nd correlationsbetweenthesetokens
andcaptioningterms.Thequality of tokenizationcouldef-
fect thecaptioningaccuracy.

Other work models directly the associationbetween
words and the numericalfeaturesof the regions, for ex-
ample, the generative hierarchicalaspectmodel [3, 4],
the correspondenceLatent Dirichlet Allocation [5], the
continuous-spacerelevance model (CRM) [14], and the
contextual model which models spatial consistency by
Markov random�eld [7]. Thesemethodstry to �nd the
actualassociationbetweenimageregionsandtermsfor im-
ageannotationandfor a greatergoalof objectrecognition.
In contrast,our proposedmethodGCapcaptionsan entire
image,ratherthancaptioningby namingtheconstituentre-
gions.

Thefocusof this paperis on auto-captioning.However,
our proposedGCapmethodis in fact moregeneral,capa-
ble of attackingthegeneralproblemof �nding correlations
betweenarbitrarymodalitiesof arbitrarymultimediacollec-
tions. In auto-captioning,it �nds correlationsbetweentwo
modalities,imagefeaturesandtext. In a moregeneralset-
ting, say, of video clips, GCapcan be easily extendedto
�nd correlationsbetweensomeothermodalities,like, e.g.,
the audiopartsand the imageparts. We elaborateon the
generalityof GCaplater(subsection2.4).

Section2 describesour proposedmethodand its algo-
rithms. In section3 we give experimentson realdata. We
discussour observationsin section4. Section5 givesthe
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conclusions.

2. ProposedMethod
Themainideais to turn theimagecaptioningprobleminto
agraphproblem.Next we describe(a)how to generatethis
graph,(b) how to captiona new imagewith this graph,and
(c) how to do thatef�ciently .

Table1 shows thesymbolsandterminologywe usedin
thepaper.

Symbol Description
Images/Objects

� ���

: the � -th captionedimage,
���

: thequeryimage
�

setof captionedimages�

����	�
�
�
�	���
����

���������

thevertex of GCapgraphcorrespondingto image
���

.
���������

thevertex of GCapgraphcorrespondingto region
���

.
���! "���

thevertex of GCapgraphcorrespondingto term
 #�

.
$

thenumberof neighborsto beconsidered
% therestartprobability

Sizes
&('

thetotal numberof captionedimages
&*)

,
&(+

the total numberof regions/termsfrom the captionedim-
ages

&
)

���
�

�

thenumberof regionsin thequeryimage
�

�

& &

=
&('

+
&,)

+
&,+

+1+
&,)-�.�

�
�

, the number of nodes in
GCapgraph

/

thenumberof edgesin GCapgraph
Matrix/vector

0

the(column-normalized)adjacency matrix
1 2

3"4 the restartvector(all zeros,excepta single'1' at the ele-
mentcorrespondingto thequeryimage

�
�

)
1 2

5
4 thesteadystateprobabilityvectorwith respectto the

1 2

3
4

687

��9:�

theaf�nity of nodeª
9

º with respectto nodeª; º

Table1: Summaryof symbolsused

Theinformationabouthow imageregionsareassociated
with termsis establishedfrom a captionedimageset.Each
imagein a captionedimagesetis annotatedwith termsde-
scribing the imagecontent. Captionedimagescan come
from many sources,for example,news agency [10] or mu-
seumwebsites.Newsagenciesusuallypresentpictureswith
goodandconcisecaptions.Thesecaptionsusuallycontain
the namesof the major people,objects,andactivities in a
picture.Besides,imageswith high-qualitycaptionsarecon-
tinually generatedby humanefforts [25].

We are given a set of captionedimages
�

, andan un-
captioned,queryimage �

� . Eachcaptionedimagehasone
or morecaptionwords. For every image,we extract a set
of featurevectors,onefor eachhomogeneousregion(a.k.a.
“blob”) of the image,to representthecontentof an image,
SeeFigure1 for 3 sampleimages,their captionsandtheir
regions.

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

We usea standardsegmentationalgorithm[23] to break
an imageinto regions(seeFigure1(d,e,f)),and thenmap
eachregion into a 30-d featurevector. We usedfeatures
like themeanandstandarddeviationof its RGBvalues,av-
erageresponsesto varioustexture �lters, its positionin the
entireimagelayout,andsomeshapedescriptors(e.g.,major
orientationandthearearatio of theboundingregion to the
realregion). All featuresarenormalizedto havezero-mean
andunit-variance.Notethattheexactfeatureextractionde-
tails areorthogonalto our approach- all our GCapmethod
needsis a blackbox thatwill mapeachcolor imageinto a
setof zeroor morefeaturevectorsto representthe image
content.

How doweusethecaptionedimagesto captionthequery
image ��� ? The problemis to capturethe correlationbe-
tweenimagefeaturesand caption terms. Shouldwe use
clusteringor someclassi�cationmethodsto “tokenize”the
numericalfeaturevectors,asit hasbeensuggestedbefore?
And, if yes,how many clustercentersshouldwe shootfor?
Or, if we chooseclassi�cation,which classi�er shouldwe
use?Next, we show how to bypassall theseissuesby turn-
ing thetaskinto a graphproblem.

2.1 Graph-basedcaptioning (GCap)

Themainideais to representall theimages,aswell astheir
attributes (captionwords and regions) as nodesand link
themaccordingto theirknown associationinto agraph.For
thetaskof imagecaptioning,we needa graphwith 3 types
of nodes.Thegraphis a “3-layer” graph,with onelayerof
imagenodes,onelayer of captioningterm nodes,andone
layerfor theimageregions.SeeFigure1 for anexample.

Graph construction We will denoteas <>= �#? the vertex
of an image � , andas <>=A@CB�? , <>=EDGF�? to be the vertex for
the term @CB , and for the region DGF , respectively. Thereis
onenodefor eachimage,onenodefor eachdistinct cap-
tion term, andonenodefor eachregion. Nodesarecon-
nectedbasedon either(1) theco-occurrencerelationor (2)
thesimilarity relation.

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

For thefeaturevectorsof theregions,we needa way to
re�ect thesimilarity betweenthem.For example,wewould
like to associatethe orangeregions HJI and HJK�L which are
both “tiger”, to accommodatevariousappearancesof the
sameobject. Our approachis to addan edgeif andonly
if the two featurevectorsare “close enough”. In our set-
ting, we usetheEuclideandistancebetweenregion feature
vectorsto denote(dis-)similarity.
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� K (”sea”, ”sun”, ��� (”cat”, ”forest”, ��� - nocaption
”sky”, ”waves”) ”grass”,”tiger”)

(a) (b) (c)
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i
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Figure1: Threesampleimages,two of themannotated;their regions(d,e,f);andtheir GCapgraph(g). (Figureslook bestin
color.)

We needto decideon a thresholdfor the “closeness”.
Therearemany ways,but we decidedto make the thresh-
old adaptive: for eachfeature-vector, chooseits

�

near-
estneighbors,andassociatethemby connectingthemwith
edges.Therefore,theedgesaddedto relatesimilar regions
arecalledthe“nearest-neighbor”links (NN-links). We dis-
cussthe choiceof

�

later, aswell asthe sensitivity of our
resultsto

�

.
In summary, we have two types of links in our

GCapgraph: theNN-links, betweenthenodesof two sim-
ilar regions; and the (IAV-links), betweenan imagenode
andan attribute value(captionterm or region featurevec-
tor) node.

Figure1 illustratesourapproachwith anexample:

Example1 Considerthe captionedimage set
�

= � �JK�� �
���

and the un-captioned,query image � �
	 �
� (Figure 1).

The graph correspondsto this data set has three types
of nodes: one for the image objects �

F ' s (�
	���������� );

one for the regions H
F ' s (��	 ��������������� ), and one for

the terms ����K��������������
� = � sea,sun, sky, waves,cat, forest,

grass,tiger � . Figure 1(g) showstheresultingGCapgraph.
Solid arcs indicate IAV (Image-Attribute-Value) relation-
ships;dashedarcsindicatenearest-neighbor(NN)relation-
ships.

In Example1, we consideronly
�

=1 nearestneighbor, to
avoid clutteringthediagram.

We note that the nearest-neighborrelation is not sym-
metric.This effect is demonstratedin Figure1, wherenode

H�� 's nearestneighboris H
K whosenearestneighboris H

I .
Insteadof makingNN-links asdirectedlinks, we retainthe
NN-links asundirected.Theaveragedegreeof eachregion
nodeis �

�

, where
�

is thenumberof nearestneighborscon-
sideredper region node. This make node H K in Figure 1
have a degreeof �

�

	�� . In our experiment,eachdata
sethasabout �� !�� � � regions. For

�

	"� , the region node
hastheaveragedegree # andthestandarddeviation around

3



� � ��� .
To solve the auto-captioningproblem(Problem1), we

needto develop a methodto �nd goodcaptionwords for
image ��� 	 � � . This meansthat we needto estimatethe
af�nity of eachterm (nodes � K , ����� , � � ), to node � � . We
discussthemethodwe proposednext.

Captioning by random walk We proposeto turn theim-
agecaptioningprobleminto a graphproblem. Thus, we
can tap the sizableliteratureof graphalgorithmsand use
off-the-shelfmethodsfor determininghow relevanta term
node“ � ” is, with respectto thenodeof theuncaptionedim-
age“ � ”. Take Figure1 for example,we want to rankhow
relevanttheterm“tiger” ( � = � � ) is to theuncaptionedimage
node � = � � . The plan is to captionthe new imagewith the
most“relevant” termnodes.

We have many choices: electricity basedapproaches
[8, 20]; randomwalks (PageRank,topic-sensitive PageR-
ank)[6, 11]; hubsandauthorities[13]; elasticsprings[16].
In this work, we proposeto userandomwalk with restarts
(“RWR”) for estimatingthe af�nity of node“ � ” with re-
spectto therestartnode“ � ”. But, again,thespeci�c choice
of methodis orthogonalto our framework.

Thechoiceof “RWR” is dueto its simplicity andability
to biastowardtherestartnode.Thepercentageof time the
“RWR” walk spendson a term-nodeis proportionalto the
“closeness”of theterm-nodeto therestartnode.For image
captioning,we want to rank the termswith respectto the
queryimage.By settingtherestartnodeasthequeryimage
node,“RWR” is able to rank the termsaccordingto with
respectto thequeryimagenode.

On the otherhand,methodssuchas“PageRankwith a
dumpingfactor” maynot beappropriatefor our task,since
therankingit producesdoesnot biastowardany particular
node.

The“randomwalk with restarts”(RWR) operatesasfol-
lows: to computetheaf�nity of node“ � ” to node“ � ”, con-
sidera randomwalker that startsfrom node“ � ”. At every
time-tick,thewalkerchoosesrandomlyamongtheavailable
edges,with onemodi�cation: beforehemakesachoice,he
goesbackto node“ � ” with probability � . Let ���J=

�

? denote
thesteadystateprobabilitythatourrandomwalkerwill �nd
himselfatnode“ � ”. Then,���J=

�

? is whatwewant,theaf�n-
ity of “ � ” with respectto “ � ”.

De�nition 1 Theaf�nity of node � with respectto starting
node � is the steadystateprobability ���J=

�

? of a random
walkwith restarts,asde�nedabove.

For example,to solve the auto-captioningproblemfor
image�

� of Figure1. Wecanestimatethesteady-stateprob-
abilities � B	�"=

�

? for all nodes� of graphGCap.We cankeep
only thenodesthatcorrespondto terms,andreportthetop
few (say, 5) termswith thehigheststeady-stateprobability

ascaptionwords.Theintuition is thatthesteady-stateprob-
ability is relatedto the “closeness”betweentwo nodes:in
Figure1, if the randomwalker with restarts(from � � ) has
high chanceof �nding himself at node � , then node � is
likely to bethecorrectcaptionfor thequeryimage� � .

2.2 Algorithms

In this section,we summarizethe proposedGCapmethod
for image captioning. GCap containstwo phases: the
graph-building phaseandthecaptioningphase.

Input: a setof captionedimages
�

= � � K ��������� ��
 �
and

anuncaptionedimage� � .
Output:theGCapgraphfor

�

and � � .
1. Let

�

= �:H K ����������H�
�� � be the distinct regions ap-
pearedin

�

. Let � ��K ������������
�� � be the distinct terms
appearedin

�

. 2. Similarly, Let ��H��

K

����������H��



���	�����

�
be

thedistinctregionsin �
� .

3. Createone node for each region H
B 's, images

�
B 's, andterms �

B 's. Also, createnodesfor the query
image ��� and its regions H��

B

's. Totally, we have
�

=
�

� +
���

+
�� 

+1+
���

= � � ? nodes.
4. Add NN-links betweenregion nodes< =AH B�? 's, con-
sideringonly the

�

nearestneighbors.
5. Connecteachquery region node <>=EH��

B

? to its
�

“nearest”trainingregions <>=EH
F

? 's.
6. Add IAV-links betweenimagenodes< = �

B
? 's and

theirregion/termnodes,aswell asbetween�
� andH

B 's.

Figure2: Algorithm-G:Build GCapgraph

Theoverview of thealgorithmis asfollows. First,build
the GCapgraphusing the set of captionedimages

�

and
the query image ��� (details are in Figure 2). Then, for
eachcaptionword ! , estimateits steady-stateprobability

�#"

�	�����

=�<>=$! ?�? for the “randomwalk with restarts”,asde-
�ned above. Recallthat < =%! ? is thenodethatcorresponds
to term ! .

The computationof the steady-stateprobability 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
<>= �

�
? , andcomputethesteadystateprobabilityvector & '

(�) =
=%�

�
=��J? ���������*�

�
=

�

?�? , where
�

is thenumberof nodesin the
GCapgraph.

The estimationof vector & '

(
) can be implementedef�-

ciently by matrix multiplication. Let + be the adjacency
matrixof theGCapgraph,andlet it becolumn-normalized.
Let & '

,
) beacolumnvectorwith all its

�

elementszero,ex-
ceptfor the entry that correspondsto node <>= � ��? ; set this
entryto 1. Wecall & '

,#) the“restartvector”. Now wecanfor-
malizethede�nition of the“af�nity” of anodewith respect
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to thequerynode< = � � ? (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-statevector)satis�estheequation:

& '

(

� 	 =��

&

� ?�+

�

(

�

�

��& '

,

� � (1)

We caneasilyshow that

& '

(

� 	 �(=��

&

=��

&

� ?�+ ?��

K

& '

,

� � (2)

where � is the
��� �

identity matrix. The pseudocode
of captioningan uncaptionedimage � � is shown in Figure
3. We notethat for imagecaptioning,we consideronetest
imageat a time. That is, theGCapgraphwill alwayshave
only oneuncaptionedimagenode(gray-nodein Figure1).
The graphsfor different test/queryimageshave the same
“core” part constitutedby the captionedimages,but differ
at thepartwherethequeryimagenodeis connectedto the
core.We notethatbuilding the“core” partof thegraphcan
bedoneef�ciently . Besides,after the “core” part is ready,
addingthepart relatingto a speci�c queryimagetakesrel-
atively “no” time in practice.

The “core-and-addition”structureof the GCap graph
providesopportunitiesfor generality. For example,GCap
can be easily extendedto captiongroupsof imageslike,
e.g.,a setof videoframes,aswe discusslater.

Input: a GCapgraphof a captionedimageset
�

anda
queryimage�

� .
Output:thebest� captionterms
1. Let & '

,
) =0, for all its

�

entries,excepta “1” for the
entryof < = ��� ? , thenodefor thequeryimage � � .
2. Let + be theadjacency matrix of theGCapgraph.
Normalizethecolumnsof + (i.e., make eachcolumn
sumto 1).
3. Initialize & '

( ) = & '

,#) .
4. while( & '

(�) hasnot converged)
4.1 & '

( ) = (1-c)+
& '

( ) + c & '

,#)

5. Caption �
� with the � terms �

B 's which have the
highest��"

�	�
�

�

=�<>= �
B

?�? value( �
B 's af�nity to �

� ).

Figure3: Algorithm-IC: Imagecaptioning

2.3 Scalability

Let
� �

bethenumberof regionsextractedfrom all thecap-
tioned images

�

, 	 be the numberof edgesin the GCap
graph,

� �

= � ��? bethenumberof regionsin thequeryimage
�

� . and ��
����

� �

=

�
�

? bethecostof performinga nearest-
neighborsearchin acollectionof

�
�

featurevectors.

Lemma 1 Thetotal trainingtime, @
����� B 
 , of GCapis linear
to numberof edges 	 and super-linear on the numberof
regions

� �

:

@ ����� B 
 	

���

�

��
����

� �

=

���

?

�

	

���

= ��? (3)

Proof: At the training phase, Algorithm-G is usedto
constructtheGCapgraph.We countonly thecostof build-
ing “core” of theGCapgraphhere,thecostof the“addition”
part is consideredin the testingphase(Lemma2). To de-
terminethenearest-neighborlinks (NN-links), we perform
a

�

nearest-neighbor(k-NN) searchon eachregion. These
searches(of cost“ ��
����

� �

=

� �

? ”) canbeacceleratedusing
anindex structure,likeanR+-tree[22]. �����

Lemma 2 Theoverall costof GCapfor captioninga test
image , @ ������� , is linear on thenumberof edges:

@ ����� 	

� �

= � �:?

�

��
����

� �

=

���

? (4)

@
�������

	 @
�����

� �"!$#

���&%:H

���

=�	 ? (5)

	

�

='	 ? (6)

Proof: In the testing(i.e., captioning)phase,we build
theadditionto the“core” of theGCapgraph,andestimate
the steadystateprobability vector & '

( ) for a test image �
� .

Addition to the GCap graph takes only
�

�

= �
�

? nearest-
neighborsearches(usually

�
�

= �
�

?)( �  ), and the total
time

�
�

= �
�

?

�

��
����

� �

=

�
�

? is negligible to theestimation
of & '

(
) . & '

(
) is estimatediteratively, until the estimatestabi-

lizes. Theestimateis consideredstabilizedif the *GK -norm
betweenconsecutive roundis below somesmall threshold
(e.g., �� 

�,+

). In our experiments,the numberof iterations
to converge (

�-!$#

���&%�H ) is typically small (e.g., less than
20), or it canbe set to have a upperbound(e.g.,100). In
other words,

�"!$#

���&%:H is of order O(1). For eachitera-
tion, a sparsematrix multiplication is performedandcosts

�

�

	 	

�

='	 ? operations(exactly thenumberof nonzero
elementsin thesparse+ ). QED

Although fastalready(linear on the databasesize), the
proposedalgorithm“Algorithm-IC” canbeevenfurtherac-
celerated.We cantap the old andrecentliteratureof fast
solutionsto linearsystems,to achieve fastapproximations.
We cando thematrix inversionandsolve theequation2; or
we canusea low-rankapproximation[1, 21]. For matrices
that have block-diagonalshapes,we canusethe methods
by [24]. Giventhatthis areais still underresearch,we only
point out that our approachis modular, andit cantrivially
includewhichever is thebestmoduleto do the fastmatrix
inversion.

2.4 Generality

As mentioned in the introduction, GCap is a general
framework, and can handlemany more tasksthan auto-
captioning. We elaborateon threeof the possiblewaysto
generalizeit:
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1. Other correlations: Within the auto-captioningprob-
lem,GCapcanestimatethestrengthof 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 a term “tiger”, what
is the most representative image),aswell as “term”-
”region” correlations(e.g.,givena term “tiger”, what
is themostrepresentativeregion).

2. Group captioning: Within the auto-captioningprob-
lem, GCapcan �nd good captionwords for a group
of non-captionedimages,say, � � K , ��� � , ����� . The idea
is to extendthe RWR so that,whenit restarts,it ran-
domly restartsfrom oneof thenodesof � � K , � � � , ����� ,
with equallyprobability.

3. Arbitrary multimediasetting: Our GCapmethodcan
handleany set of multimediaobjects. For example,
supposewe havea collectionof videoclips,eachwith
(a) audio track (b) text (script), and,of course,(c) a
successionof frames. Supposethat we want to �nd
the typical sound-trackthat correspondsto bright im-
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.,
waveletcoef�cients), 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 show experimentalresultsto addressthe
following questions:

� Quality: How doesthe proposedGCapmethodper-
form oncaptioningtestimages?

� Parameterdefaults:How to choosegooddefaultvalues
for the

�

and � parameters?

� Generality:How well doesGCapcaptureothercross-
mediacorrelations? For example, how well doesit
capturethe same-mediacorrelations(say, term-term,
or region-regioncorrelations)?Furthermore,how well
doesthe“groupcaptioning”(subsection2.4)perform?

In ourexperiment,weuse10imagedatasetsfrom Corel,
which arecommonlyusedin previous work [9]. In aver-
age,eachdatasethasaround50,000regions,5,200images,
and165wordsin thecaptioningvocabulary. Theresulting

GCapgraphhasaround55,500nodesand180,000edges.
Therearearound1,750query(uncaptioned)imagesperdata
set.

3.1 Quality

For eachtest image,we computethe captioningaccuracy
asthepercentageof captiontermswhich arecorrectlypre-
dicted.For a testimagewhich has� correctcaptionterms,
GCapwill predictalso� terms.If

�

termsarecorrectlypre-
dicted, then the captioningaccuracy for this test imageis
de�ned as �

�

.
Figure 4(a) shows the captioningaccuracy for the 10

datasets.We compareour results(white bars)with there-
sultsreportedin [9] (blackbars). Themethodin [9] mod-
elstheimagecaptioningproblemasa statisticaltranslation
problem and solves it with an probabilistic model using
expectation-maximization(EM). We refer to their method
as the “EM” approach. In average,GCap(with � =  �� #�# ,

�

= � ) achieves captioningaccuracy improvementof 12.8
percentagepoints,whichcorrespondsto arelative improve-
mentof 58%.

We also comparethe captioning accuracy with even
morerecentmachinevision methods[3]: the Hierarchical
AspectModelsmethod(“HAM”), andtheLatentDirichlet
Allocation model (“LDA”). The reportedresultsof HAM
andLDA arebasedon the samedatasetaswe usedhere.
Figure4(b) comparesthebestaveragecaptioningaccuracy
amongthe10 datasetsreportedby theHAM andLDA [3],
alongwith thatof GCap(with � =  !� #�# ,

�

= � ). Althoughboth
HAM andLDA improveon theEM method,they bothlose
to our genericGCapapproach(35%accuracy, versus29%
and25%). It is alsointerestingthatGCapalsogivessignif-
icantly lower variance,by roughly an orderof magnitude:
0.0002versus0.002and0.003.

Figure5 shows someexamplesof thecaptionsgivenby
GCap.For theexamplequeryimage ��� in Figure1, GCap
captionsit correctly(Figure5(a)).NotethattheGCapgraph
usedfor this experimentis not theoneshown in Figure1,
whichis for illustrationonly. In Figure5,GCapsurprisingly
getsthe word “mane” correctly (b); however, it mixesup
hand-madeobjects(“buildings”) with “tree” (c).

3.2 Parameter defaults

Weexperimentto �nd outhow woulddifferentvaluesof the
parameters� and

�

affect thecaptioningaccuracy. In short,
GCapis fairly insensitive to bothparameters.

Figure6(a)shows thecaptioningaccuracy of GCapus-
ing differentvaluesof restartprobability � . Theparameter

�

is �x ed at 3. The accuracy reachesa plateauas � grows
from  !� � to  �� � , whichindicatestheproposedGCapmethod
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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 datasets(b) scoresfor HAM
(left) andLDA (center):accuracy (meanandvariance,over
the 10 datasets). LDA:(0.24,0.002);HAM:(0.298,0.003);
GCap:(0.3491,0.0002).

Query
Truth cat,grass, mane,cat, sun,water,

tiger, water lion, grass tree,sky
GCap grass,cat, lion, grass, tree,water,

tiger, water cat,mane buildings,sky
(a) (b) (c)

Figure5: Samplecaptionsgeneratedby GCap. The pre-
dictedcaptiontermsby GCaparesortedby the estimated
af�nity valuesto the query image. (Figureslook best in
color.)

is insensitive to thechoiceof � . We show only theresulton
onedataset“006”, theresultsonotherdatasetsaresimilar.
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�

Figure6: (a)Varyingdecayfactor� (�x ed
�

=3). (b)Varying
thenumberof nearestneighbors

�

(�x ed � 	  �� #�# ). Data
setis “006”.

Figure6(b) shows the captioningaccuracy of GCapon
dataset“006” usingdifferentnumberof nearestneighbors

�

. Therestartprobability � is �x edat  !� #�# . Again, thepro-
posedGCapmethodis insensitive to thechoiceof

�

, where
thecaptioningaccuracy reachesaplateauas

�

variesfrom �

to �� . Otherdatasetsalsohavesimilar results.Anotherset
of experiments,where � is �x edat  �� � with

�

varies,show
a graphwith plateauat thesimilar accuracy level asFigure
6(b).

3.3 Generality

GCapworks on objectsof any type. We designan exper-
iment of �nding similar captiontermsusingGCap. Here
we usethe “core” part of the GCapgraphconstructedfor
automaticimagecaptioning,sincethereis no queryimage
in this case.To �nd similar termsto a (query)captionterm

� , weperform“RWR” with therestartvectorhaving all ele-
mentszero,excepta “1” for thenode < = ��? . Table2 shows
the similar termsfound for someof the captionterms. In
thetable,eachrow showsthequerycaptiontermat the�rst
column,followedby thetop5 similar termsfoundby GCap
(sortedby thesteady-stateprobability).

Notice that the retrieved terms make a lot of sense.
For example,thestring “branch” in thecaptionis strongly
relatedto the forest- and bird- relatedconcepts(“birds”,
“owl”, “night”), andsoon. Noticeagainthatwe did noth-
ing special: no tf/idf, no normalization,no otherdomain-
speci�c analysis- we just treatedthesetermsasnodesin
ourGCapgraph,like everythingelse.

4. Discussion

We areshootingfor a methodthat requiresno parameters.
Thus,herewe discusshow to choosedefaultsfor bothour
parameters,thenumberof neighbors

�

, andtherestartprob-
ability � .
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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
market people street food closeup buildings

Table 2: Semanticallysimilar terms for selectedcaption
terms

Number of Neighbors
�

In hindsight,theresultsof Fig-
ure 6 make sense:with only

�

=1 neighborper region, the
collection of regions is barely connected,missingimpor-
tant connectionsand thus leadingto poor captioningper-
formance. On the other extreme,with a high valueof

�

,
every region featurevector is directly connectedto every
other one; the region nodesform almosta clique, which
doesnot distinguishclearlybetweenreally closeneighbors
with thosewhicharejustneighbors.

For a mediumnumberof neighbors
�

, our NN-links ap-
parentlycapturetheneighborswhicharereallyclose.Small
deviationsfrom thatvalue,make little difference,probably
becausetheextra neighborswe addareat leastasgoodas
thepreviousones.We suggestthat thecaptionaccuracy is
notsensitive to

�

, for a reasonablemediumvalueof
�

.

Restart probability � For webgraphs,therecommended
valuefor � is typically � =0.15[24]. Surprisingly, ourexper-
imentsshow thatthis choicedoesnot give goodcaptioning
performance.Instead,goodquality is achievedfor c=0.66.
Why is this discrepancy?

We conjecturewhat determinesa good value for the
restartprobability is thediameterof thegraph. Ideally, we
want our “randomwalker” to have a non-trivial chanceto
reachtheoutskirtsof thewholegraph.Thus,if thediame-
terof thegraphis � , theprobabilitythathewill reachapoint
on the“periphery” is probablyproportionalto =��

&

� ?

� .
For theweb graph,thediameteris approximately� =19

[2] whichimpliesthattheprobability �

�

���
B

���

����� for theran-
domwalker to reacha nodein theperipheryis roughly(let

� =0.15)

�

�

�&�
B

���

�&��� 	 =��

&

� ?

K

+

	  !�  �� �

In thecaseof auto-captioning,with a three-layergraph,
the diameter is roughly � =3. If we demandthe same

�

�

���
B

���

����� for ourcase,thenwe have

=��

&

 �� � �"?

K

+

	 =��

&

� ?

�

	

��
  �� #��

which is much closer to our empirical observations. Of
course,theproblemrequiresmorecarefulanalysis- but we

arethe �rst to show that � =0.15 is not alwaysoptimal for
randomwalkswith restarts.

Updating training imagesets As morecaptionedimages
becomeavailable,they canbeeasilyappendedto theexist-
ing trainingset.Eachnew imageis representedasanimage
nodewith a set of region nodes. The incorporationof a
newly availablecaptionedimageis simply addingthenew
imagenode,thenew regionnodesandpossiblenew caption
termnodesto theexistingGCapgraph,by theNN-links and
IAV-links . Adding theNN-links involvesnearest-neighbor
searchesat eachnewly addedregions,which canbe done
ef�ciently with thehelpof an index structurelike R+-tree.
Adding the IAV-links is straight-forward: simply connect
eachnewly addedimagenodesto thetermandregionnodes
it contains.To sumup, theupdatingof thetrainingsetcan
bedoneef�ciently andincrementally.

Group captioning The proposedGCapmethodcan be
easily extendedto captiona group of images,where the
contentof theseimagesareconsideredsimultaneously. One
possibleapplicationis to captionvideo-shots,wherea shot
is representedby a setof keyframessharingthesamestory
content.Sincethesekeyframesarerelated,captioningthem
asa wholecantake into accountthecorrelationthey share,
which is missedwhenthey arecaptionedseparately. Fig-
ure7 shows the resultsof GCapwhenappliedfor “group-
captioning”a setof threeimages.Noticethat it foundvery
reasonableterms,“sky”, “water”, “tree”, and“sun”.

Images
Truth sun,water, sun,clouds, sun,water

tree,sky sky, horizon
GCap tree,people, water, tree, sky, sun

sky, water people,sky
Group sky, water, tree,sun

Figure7: (Groupcaptioning)Captioningtermsaresorted
by thesteadystateprobabilitycomputedby GCap.(Figures
look bestin color.)

5. Conclusions
We proposedGCap,a graph-basedmethodfor automatic
imagecaptioning.Themethodhasthe following desirable
characteristics:
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� It provides excellent results and outperforms re-
cent,successfulauto-captioningmethods(EM, HAM,
LDA) (Figure4).

� It requiresno user-de�ned parameters,nor any other
tuning(in contrastto linear/polynomial/kernelSVMs,

�

-meansclustering,etc.).We givegooddefaultvalues
for its only two parameters,

�

and � . We also show
empiricallythattheperformanceis fairly insensitiveto
them,anyway.

� It is fastandscalesup well with thedatabasesize. It
canbemadeevenfaster, with clever, off-the-shelfma-
trix algebramethods(equation2).

Futurework could focuson weightingthe edgesto im-
prove captioningaccuracy. Edgeweightscould take into
accountthedifferencebetweenNN-links andIAV-links, as
well as the differenceof the individual edges. Besides,
it will be interestingto apply GCapfor moregeneralset-
tings, to discover cross-modalcorrelationsin mixedmedia
databases,aswe describedearlierin subsection2.4.
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