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Abstract. W e describ e a mo del of ob ject recognition as mac hine trans-

lation. In this mo del, recognition is a pro cess of annotating image regions

with w ords. Firstly , images are segmen ted in to regions, whic h are clas-

si�ed in to region t yp es using a v ariet y of features. A mapping b et w een

region t yp es and k eyw ords supplied with the images, is then learned, us-

ing a metho d based around EM. This pro cess is analogous with learning

a lexicon from an aligned bitext. F or the implemen tation w e describ e,

these w ords are nouns tak en from a large v o cabulary . On a large test

set, the metho d can predict n umerous w ords with high accuracy . Simple

metho ds iden tify w ords that cannot b e predicted w ell. W e sho w ho w to

cluster w ords that individually are di�cult to predict in to clusters that

can b e predicted w ell | for example, w e cannot predict the distinction

b et w een train and locomotive using the curren t set of features, but

w e can predict the underlying concept. The metho d is trained on a sub-

stan tial collection of images. Extensiv e exp erimen tal results illustrate the

strengths and w eaknesses of the approac h.

Keyw ords: Ob ject recognition, corresp ondence, EM algorithm.

1 In tro duction

There are three ma jor curren t t yp es of theory of ob ject recognition. One reasons

either in terms of geometric corresp ondence and p ose consistency; in terms of

template matc hing via classi�ers; or b y corresp ondence searc h to establish the

presence of suggestiv e relations b et w een templates. A detailed review of these

strategies app ears in [4]. These t yp es of theory are at the wrong scale to address

core issues: in particular, what coun ts as an ob ject? (usually addressed b y

c ho osing b y hand ob jects that can b e recognised using the strategy prop ounded);

whic h ob jects are easy to recognise and whic h are hard? (not usually

addressed explicitly); and whic h ob jects are indistinguishable using our

features? (curren t theories t ypically cannot predict the equiv alence relation im-

p osed on ob jects b y the use of a particular set of features). This pap er describ es

a mo del of recognition that o�ers some purc hase on eac h of the questions ab o v e,

and demonstrates systems built with this mo del.



sea sky sun w a v es cat forest grass tiger jet plane sky

Fig. 1. Examples fr om the Cor el data set. We have asso ciate d keywor ds and se gments

for e ach image, but we don 't know which wor d c orr esp onds to which se gment. The

numb er of wor ds and se gments c an b e di�er ent; even when they ar e same, we may have

mor e than one se gment for a single wor d, or mor e than one wor d for a single blob.

We try to align the wor ds and se gments, so that for example an or ange stripy blob wil l

c orr esp ond to the wor d tiger.

1.1 Annotated images and auto-annotation

There are a wide v ariet y of datasets that consist of v ery large n um b ers of anno-

tated images. Examples include the Corel dataset (see �gure 1), most m useum

image collections (e.g. http://www.thin ker .o rg/ fa m/t hi nk er. ht ml ), the w eb

arc hiv e ( http://www.archi ve .or g ), and most collections of news photographs

on the w eb (whic h come with captions). T ypically , these annotations refer to the

con ten t of the annotated image, more or less sp eci�cally and more or less com-

prehensiv ely . F or example, the Corel annotations describ e sp eci�c image con ten t,

but not all of it; m useum collections are often annotated with some sp eci�c ma-

terial | the artist, date of acquisition, etc. | but often con tain some rather

abstract material as w ell.

There exist some metho ds that cluster image represen tations and text to

pro duce a represen tation of a join t distribution linking images and w ords [1,

2]. This w ork could predict w ords for a giv en image b y computing w ords that

had a high p osterior probabilit y giv en the image. This pro cess, referred to as

auto-annotation in those pap ers, is useful in itself (it is common to index

images using man ual annotations [7, 12]; if one could predict these annotations,

one could sa v e considerable w ork). Ho w ev er, in this form auto-annotation do es

not tell us which image structure ga v e rise to which w ord, and so it is not

really recognition. In [8], Mori et.al. prop osed a metho d for annotating image

grids using co o ccurences. In [9, 10], Maron et al. study automatic annotation

of images, but w ork one w ord at a time, and o�er no metho d of �nding the

corresp ondence b et w een w ords and regions. This pap er sho ws that it is p ossible

to learn whic h region ga v e rise to whic h w ord.

Recognition as translation One should see this pro cess as analogous to ma-

c hine translation. W e ha v e a represen tation of one form (image regions; F renc h)

and wish to turn it in to another form (w ords; English). In particular, our mo d-

els will act as lexic ons , devices that predict one represen tation (w ords; English),

giv en another represen tation (image regions; F renc h). Learning a lexicon from

data is a standard problem in mac hine translation literature (a go o d guide is

Melamed's thesis [11]; see also [5, 6]). T ypically , lexicons are learned from a form



of dataset kno wn as an aligned bitext | a text in t w o languages, where rough

corresp ondence, p erhaps at the paragraph or sen tence lev el, is kno wn. The prob-

lem of lexicon acquisition in v olv es determining precise corresp ondences b et w een

w ords of di�eren t languages. Datasets consisting of annotated images are aligned

bitexts | w e ha v e an image, consisting of regions, and a set of text. While w e

kno w the text go es with the image, w e don't kno w whic h w ord go es with whic h

region. As the rest of this pap er sho ws, w e can learn this corresp ondence using

a v arian t of EM.

This view | of recognition as translation | renders sev eral imp ortan t ob ject

recognition problems amenable to attac k. In this mo del, w e can attac k: what

coun ts as an ob ject? b y sa ying that all w ords (or all nouns, etc.) coun t as

ob jects; whic h ob jects are easy to recognise? b y sa ying that w ords that can

b e reliably attac hed to image regions are easy to recognise and those that cannot,

are not; and whic h ob jects are indistinguishable using our features? b y

�nding w ords that are predicted with ab out the same p osterior probabilit y giv en

an y image group | suc h ob jects are indistinguishable giv en the curren t feature

set.

2 Using EM to learn a Lexicon

W e will segmen t images in to regions and then learn to predict w ords using re-

gions. Eac h region will b e describ ed b y some set of features. In mac hine transla-

tion, a lexicon links discrete ob jects (w ords in one language) to discrete ob jects

(w ords in the other language). Ho w ev er, the features naturally asso ciated with

image regions do not o ccup y a discrete space. The simplest solution to this prob-

lem is to use k -means to v ector quan tize the image region represen tation. W e

refer to the lab el asso ciated with a region b y this pro cess as a \blob."

In the curren t w ork, w e use all k eyw ords asso ciated with eac h image. If w e

need to refer to the abstract mo del of a w ord (resp. blob) | rather than an

instance | and the con text do esn't mak e the reference ob vious, w e will use the

term \w ord tok en" (resp. blob tok en). The problem is to use the training data

set to construct a probabilit y table linking blob tok ens with w ord tok ens. This

table is the conditional probabilit y of a w ord tok en giv en a blob tok en.

The di�cult y in learning this table is that the data set do es not pro vide ex-

plicit corresp ondence | w e don't kno w whic h region is the train . This suggests

the follo wing iterativ e strategy: �rstly , use an estimate of the probabilit y table

to predict corresp ondences; no w use the corresp ondences to re�ne the estimate

of the probabilit y table. This, in essence, is what EM do es.

W e can then annotate the images b y �rst classifying the segmen ts to �nd the

corresp onding blobs, and then �nding the corresp onding w ord for eac h blob b y

c ho osing the w ord with the highest probabilit y .

2.1 EM algorithm for �nding the corresp ondence b et w een blobs

and w ords

W e use the notation of �gure 2. When translating blobs to w ords, w e need

to estimate the probabilit y p ( a

nj

= i ) that in image n , a particular blob b

i

is asso ciated with a sp eci�c w ord w

j

. W e do this for eac h image as sho wn in

Figure 3.
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Fig. 2. Notation
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Fig. 3. Example : Each wor d is pr e dicte d with some pr ob ability by e ach blob, me aning

that we have a mixtur e mo del for e ach wor d. The asso ciation pr ob abilities pr ovide the

c orr esp ondenc es (assignments) b etwe en e ach wor d and the various image se gments.

Assume that these assignments ar e known; then c omputing the mixtur e mo del is a

matter of c ounting. Similarly, assume that the asso ciation pr ob abilities ar e known; then

the c orr esp ondenc es c an b e pr e dicte d. This me ans that EM is an appr opriate estimation

algorithm.

W e use mo del 2 of Bro wn et.al. [3], whic h requires that w e sum o v er all the

p ossible assignmen ts of w ords to blobs.

p ( w j b ) =

N

Y

n =1

M

n

Y

j =1

L

n

X

i =1

p ( a

nj

= i ) t ( w = w

nj

j b = b

ni

) (1)

Maximising this lik eliho o d is di�cult b ecause of the sum inside the pro d-

ucts; the sum represen ts marginalisation o v er all p ossible corresp ondences. The

problem can b e treated as a missing data problem, where the missing data is

the corresp ondence. This leads to the EM form ulation. (F rom no w on, w e write

t ( w = w

nj

j b = b

ni

) as t ( w

nj

j b

ni

). )

2.2 Maxim um Lik eliho o d Estimation with EM

W e w an t to �nd the maxim um lik eliho o d parameters

�

ML

=

arg max

�

p ( w j b; � ) =

arg max

�

X

a

p ( a; w j b; � ) : (2)



W e can carry out this optimisation using an EM algorithm, whic h iterates b e-

t w een the follo wing t w o steps.

1. E step: Compute the exp ected v alue of the complete log-lik eliho o d func-

tion with resp ect to the distribution of the assignmen t v ariables Q

ML

=

E

p ( a j w ;b;�

(old )

)

[log p ( a; w j b; � )], where �

( old )

refers to the v alue of the param-

eters at the previous time step.

2. M step: Find the new maxim um �

( new )

=

arg max

�

Q

ML

.

In our case, the Q

ML

function is giv en b y

Q

ML

=

N

X

n =1

M

n

X

j =1

L

n

X

i =1

p ( a

nj

= i j w

nj

; b

ni

; �

( old )

) log [ p ( a

nj

= i ) t ( w

nj

j b

ni

)] : (3)

W e need to maximise Q

ML

sub ject to the constrain ts

P

i
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P

w

?
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?

) =

1 for an y w ord w

?
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?

. This can b e accomplished b y in tro ducing

the Lagrangian
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and, computing deriv ativ es with resp ect to the m ultipliers ( �; � ) and the pa-

rameters ( p ( a

nj

= i ) ; t ( w

?

j b

?

)). Note that there is one �

n;l;m

m ultiplier for eac h

image n with L ( n ) = l blobs and M ( n ) = m w ords. That is, w e need to tak e

in to accoun t all p ossible di�eren t lengths for normalisation purp oses. The end

result is the three equations that form the core of the EM algorithm sho wn in

Figure 4.

3 Applying and Re�ning the Lexicon

After obtaining the probabilit y table, w e can annotate image regions in an y test

image. W e do this b y assigning w ords to some or all regions. W e �rst determine

the blob corresp onding to eac h region b y v ector quan tisation. W e no w c ho ose

the w ord with the highest probabilit y giv en the blob and annotate the region

with this w ord. There are sev eral imp ortan t v arian ts a v ailable.

3.1 Con trolling the V o cabulary b y Refusing to Predict

The pro cess of learning the table prunes the v o cabulary to some exten t, b ecause

some w ords ma y not b e the w ord predicted with highest probabilit y for an y

blob. Ho w ev er, ev en for w ords that remain in the v o cabulary , w e don't exp ect

all predictions to b e go o d. In particular, some blobs ma y not predict an y w ord

with high probabilit y , p erhaps b ecause they are to o small to ha v e a distinct

iden tit y . It is natural to establish a threshold and require that

p ( w or d j bl ob ) > thr eshol d

b efore predicting the w ord. This is equiv alen t to assigning a n ull w ord to an y

blob whose b est predicted w ord lies b elo w this threshold. The threshold itself
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Fig. 4. EM (Exp e ctation Maximization) algorithm

can b e c hosen using p erformance measures on the training data, as in section 4.

This pro cess of refusing to predict prunes the v o cabulary further, b ecause some

w ords ma y nev er b e predicted with su�cien t probabilit y . In turn, this suggests

that once a threshold has b een determined, a new lexicon should b e �tted using

only the reduced v o cabulary . In practice, this is adv an tageous (section 4), prob-

ably b ecause reassigning probabilit y \stolen" b y w ords that cannot b e predicted

impro v es corresp ondence estimates and so the qualit y of the lexicon.

3.2 Clustering Indistinguishable W ords

Generally , w e do not exp ect to obtain datasets with a v o cabulary that is totally

suitable for our purp oses. Some w ords ma y b e visually indistinguishable, lik e cat

and tiger , or train and locomotive . (some examples are sho wn in �gure 11).

Other w ords ma y b e visually distinguishable in principle , but not using our fea-

tures, for example eagle and jet , b oth of whic h o ccur as large dark regions of

roughly the same shap e in aerial views. Finally , some w ords ma y nev er app ear

apart su�cien tly often to allo w the corresp ondence to b e disen tangled in detail.

This can o ccur b ecause one w ord is a mo di�er | for example, in our data set,

polar reliably predicts bear | or b ecause of some relation b et w een the con-

cepts | for example, in our data set, either mare or foals almost quite reliably

predicts horses | but in either case, there is no prosp ect of learning the cor-



resp ondence prop erly . There are some metho ds for learning to form comp ounds

lik e polar bear [11], but w e ha v e not y et exp erimen ted with them.

All this means that there are distinctions b et w een w ords w e should not at-

tempt to dra w based on the particular blob data used. This suggests clustering

the w ords whic h are v ery similar. Eac h w ord is replaced with its cluster lab el;

prediction p erformance should (and do es, section 4) impro v e.

In order to cluster the w ords, w e obtain a similarit y matrix giving similarit y

scores for w ords. T o compare t w o w ords, w e use the symmetrised Kullbac k-

Leibler (KL) div ergence b et w een the conditional probabilit y of blobs, giv en the

w ords. This implies that t w o w ords will b e similar if they generate similar image

blobs at similar frequencies. W e then apply normalised cuts on the similarit y

matrix to obtain the clusters [13]. A t eac h stage, w e set the n um b er of clusters

to 75% of the curren t v o cabulary .

4 Exp erimen tal Results

W e train using 4500 Corel images. There are 371 w ords in total in the v o cabulary

and eac h image has 4-5 k eyw ords. Images are segmen ted using Normalized Cuts

[13]. Only regions larger than a threshold are used, and there are t ypically 5-

10 regions for eac h image. Regions are then clustered in to 500 blobs using k -

means. W e use 33 features for eac h region (including region color and standard

deviation, region a v erage orien tation energy (12 �lters), region size, lo cation,

con v exit y , �rst momen t, and ratio of region area to b oundary length squared).

W e emphasize that w e c hose a set of features and stuc k with it through the

exp erimen tal pro cedure, as w e wish to study mec hanisms of recognition rather

than sp eci�c feature sets.

4.1 Ev aluating Annotation

Annotation is relativ ely easy to ev aluate, b ecause the images come from an

annotated set. W e use 500 images from a held-out test set to ev aluate annotation

p erformance. A v ariet y of metrics are p ossible; the receiv er op erating curv e is

not particularly helpful, b ecause there are so man y w ords. Instead, w e ev aluate

the p erformance of a putativ e retriev al system using automatic annotation. The

class confusion matrix is also not helpful in our case, b ecause the n um b er of

classes is 371, and w e ha v e a v ery sparse matrix.

Ev aluation metho d: Eac h image in the test set is automatically annotated, b y

taking ev ery region larger than the threshold, quan tizing the region to a blob,

and using the lexicon to determine the most lik ely w ord giv en that blob; if the

probabilit y of the w ord giv en the blob is greater than the relev an t threshold, then

the image is annotated with that w ord. W e no w consider retrieving an image

from the test set using k eyw ords from the v o cabulary and the automatically

established annotations. W e score relev ance b y lo oking at the actual annotations,

and plot recall and precision.



Base results: Only 80 w ords from the 371 w ord v o cabulary can b e predicted

(others do not ha v e the maxim um v alue of the probabilit y for an y blob). W e

set the minim um probabilit y threshold to zero, so that ev ery blob predicts a

w ord. As �gure 5 sho ws, w e ha v e some w ords with v ery high recall v alues, and

w e ha v e some w ords with lo w recall. The precision v alues sho wn in the �gure

don't v ary m uc h on the whole, though some w ords ha v e v ery high precision. F or

these w ords, the recall is not high, suggesting that w e can also predict some lo w

frequency w ords v ery w ell. T able 1 sho ws recall and precision v alues for some

go o d w ords for whic h recall is higher than 0.4 and precision is higher than 0.15.

w ord th = 0 th = 0.1 th = 0.2 th = 0.3 th = 0.4

rec - prec rec - prec rec - prec rec - prec rec - prec

p etals 0.50 - 1.00 0.50 - 1.00 0.50 - 1.00 0.50 - 1.00 0.50 - 1.00

sky 0.83 - 0.34 0.80 - 0.35 0.58 - 0.44


o w ers 0.67 - 0.21 0.67 - 0.21 0.44 - 0.24

horses 0.58 - 0.27 0.58 - 0.27 0.50 - 0.26

foals 0.56 - 0.29 0.56 - 0.29 0.56 - 0.29

mare 0.78 - 0.23 0.78 - 0.23

tree 0.77 - 0.20 0.74 - 0.20

p eople 0.74 - 0.22 0.74 - 0.22

w ater 0.74 - 0.24 0.74 - 0.24

sun 0.70 - 0.28 0.70 - 0.28

b ear 0.59 - 0.20 0.55 - 0.20

stone 0.48 - 0.18 0.48 - 0.18

buildings 0.48 - 0.17 0.48 - 0.17

sno w 0.48 - 0.17 0.48 - 0.19

T able 1. Some go o d wor ds with their r e c al l and pr e cision values for incr e asing nul l

thr eshold. Wor ds ar e sele cte d as go o d if their r e c al l values ar e gr e ater than 0.4 , and

pr e cision values ar e gr e ater than 0.15. The nul l thr eshold changes b etwe en 0 and 0.4.

With the incr e asing thr eshold the numb er of go o d wor ds de cr e ases, sinc e we c an pr e dict

fewer wor ds. While the r e c al l is de cr e asing pr e cision is incr e asing, sinc e we pr e dict the

r emaining wor ds mor e ac cur ately.

The e�ect of retraining: Since w e can predict only 80 w ords, w e can reduce

our v o cabulary only to those w ords, and run EM algorithm again. As �gure 5

sho ws, the results for the re�tted w ords are v ery similar to the original ones.

Ho w ev er, w e can predict some w ords with higher recall and higher precision.

T able 2 sho ws the recall and precision v alues for the selected go o d w ords after

retraining. The n um b er of go o d w ords are more than the original ones (compare

with table 1), since the w ords ha v e higher probabilities.

The e�ect of the n ull probabilit y: W e compare the recall and precision

v alues for test and training data on some c hosen w ords. As can b e seen in

�gure 6, the results are v ery similar for b oth test and training data. W e also

exp erimen t with the e�ect of n ull threshold b y c hanging it b et w een 0 and 0.4. By

increasing the n ull threshold the recall decreases. The increase in the precision
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v alues sho ws that our correct prediction rate is increasing. When w e increase

the n ull threshold enough, some w ords cannot b e predicted at all, since their

highest prediction rate is lo w er than the n ull threshold. Therefore, b oth recall

and precision v alues b ecome 0 after some threshold. T able 1 and table 2 sho ws

that, with the increasing n ull threshold v alues, the n um b er of w ords decreases

but w e ha v e more reliable w ords. Since n ull w ord prediction decreases the w ord

predictions, recall decreases. The increase in the precision sho ws that n ull w ord

prediction increases the qualit y of the prediction.
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Fig. 6. R e c al l versus pr e cision for sele cte d wor ds with incr e asing nul l thr eshold values

(0-0.4) : On the left some go o d wor ds with high r e c al l and pr e cision, and on the righ t

some b ad wor ds with low r e c al l and pr e cision ar e shown. The top line shows the r esults

for tr aining and b ottom line shows the r esults for test. Solid lines show the initial r esults

using al l of the original wor ds in tr aining, dashe d lines show the r esults after tr aining

on r e duc e d vo c abulary. The axes for go o d wor ds ar e di�er ent than the axes for b ad

wor ds. The r esults ar e very similar b oth for tr aining and test. R e c al l values de cr e ase by

incr e asing nul l thr eshold, but usual ly pr e cision incr e ase sinc e the c orr e ct pr e diction r ate

incr e ase. After a thr eshold value, al l pr e cision and r e c al l may go to 0 sinc e we c annot

pr e dict the wor ds anymor e.

The e�ect of w ord clustering: W e also compute recall and precision after clus-

tering the w ords. As �gure 5 sho ws, recall v alues of the clusters are higher than

recall v alues of the single w ords. T able 3 sho ws that w e ha v e some v ery nice clus-

ters whic h ha v e strong seman tic or visual relations lik e kit-horses-mare -fo al s ,

leaf-flowers-pla nts -v ege ta bl es or pool-athlete-vin es -sw im me rs and the

results are b etter when w e cluster the w ords (compare with table 1).



w ord th = 0 th = 0.1 th = 0.2 th = 0.3 th = 0.4

rec - prec rec - prec rec - prec rec - prec

p etals 0.50 - 1.00 0.50 - 1.00 0.50 - 1.00 0.50 - 1.00

sky 0.83 - 0.31 0.83 - 0.31 0.75 - 0.37 0.58 - 0.47

p eople 0.78 - 0.26 0.78 - 0.26 0.68 - 0.27 0.51 - 0.31

w ater 0.75 - 0.25 0.75 - 0.25 0.72 - 0.26 0.44 - 0.27

mare 0.78 - 0.23 0.78 - 0.23 0.67 - 0.21

tree 0.71 - 0.19 0.71 - 0.19 0.66 - 0.20

sun 0.60 - 0.38 0.60 - 0.38 0.60 - 0.43

grass 0.57 - 0.19 0.57 - 0.19 0.49 - 0.22

stone 0.57 - 0.16 0.57 - 0.16 0.52 - 0.23

foals 0.56 - 0.26 0.56 - 0.26 0.56 - 0.26

coral 0.56 - 0.19 0.56 - 0.19 0.56 - 0.19

scotland 0.55 - 0.20 0.55 - 0.20 0.45 - 0.19


o w ers 0.48 - 0.17 0.48 - 0.17 0.48 - 0.18

buildings 0.44 - 0.16 0.44 - 0.16

T able 2. Some go o d wor ds with their r e c al l and pr e cision values for incr e asing nul l

thr eshold after r e ducing the vo c abulary only to the pr e dicte d wor ds and running the EM

algorithm again. Wor ds ar e sele cte d as go o d if their r e c al l values ar e gr e ater than 0.4,

and pr e cision values ar e gr e ater than 0.15. The nul l thr eshold changes b etwe en 0 and

0.4. When we c omp ar e with the original r esults (table 1), it c an b e observe d that wor ds

r emain longer, which me ans that they have higher pr e diction pr ob abilities. We have

mor e go o d wor ds and they have higher r e c al l and pr e cision values.

1st clusters r p 2nd clusters r p 3rd clusters r p

horses mare 0.83 0.18 kit horses mare foals 0.77 0.16 kit horses mare foals 0.77 0.27

leaf 
o w ers 0.69 0.22 leaf 
o w ers plan ts 0.63 0.25 leaf 
o w ers plan ts 0.60 0.19

v egetables v egetables

plane 0.12 0.14 jet plane arctic 0.46 0.18 jet plane arctic prop 0.43 0.17


igh t p enguin dunes

p o ol athlete 0.33 0.31 p o ol athlete vines 0.17 0.50 p o ol athlete vines 0.75 0.27

swimmers

sun ceiling 0.60 0.30 sun ceiling 0.70 0.30 sun ceiling ca v e store 0.62 0.35

sky b eac h 0.83 0.30 sky b eac h cathedral 0.82 0.31 sky ,b eac h cathedral 0.87 0.36

clouds m ural

arc h w aterfalls

w ater 0.77 0.26 w ater 0.72 0.25 w ater w a v es 0.70 0.26

tree 0.73 0.20 tree 0.76 0.20 tree 0.58 0.20

p eople 0.68 0.24 p eople 0.62 0.26 p eople 0.54 0.25

T able 3. Some go o d clusters, wher e the r e c al l values ar e gr e ater than 0.4, and pr e-

cision values ar e gr e ater than 0.15 when nul l thr eshold is 0. Cluster numb ers shows

how many times we cluster the wor ds and run EM algorithm again. Most of the clus-

ters app e ar to r epr esent r e al semantic and visual clusters (e.g. kit-horses-mare-foals ,

leaf-flowers-plants-vegetable s , pool-athlete-vines-swimmers ) . The r e c al l and

pr e cision values ar e higher than those for single wor ds (c omp ar e with table 1).



4.2 Corresp ondence

Ev aluation metho d: Because the data set con tains no corresp ondence informa-

tion, it is hard to c hec k corresp ondence canonically or for large v olumes of data;

instead, eac h test image m ust b e view ed b y hand to tell whether an annotation

of a region is correct. Inevitably , this test is somewhat sub jectiv e. F urthermore,

it isn't practically p ossible to coun t false negativ es.

Base results: W e w ork ed with a set of 100 test images for c hec king the cor-

resp ondence results. The prediction rate is computed b y coun ting the a v erage

n um b er of times that the blob predicts the w ord correctly . F or some go o d w ords

(e.g: ocean ) w e ha v e up to 70% correct prediction as sho wn in �gure 7; this

means that, on this test set, when the w ord ocean is predicted, 70% of the time

it will b e predicted on an o cean region. This is unquestionably ob ject recognition.

Fig. 7. Corr esp ondenc e r esults for 100 test images. Left : r esults for original data,

middle: after �rst clustering wor ds, righ t: after assigning nul l thr eshold to 0.2. The

light b ar shows the aver age numb er of times that a blob pr e dicts the wor d c orr e ctly in

the right plac e. The dark b ar shows the total numb er of times that a blob pr e dicts the

wor d which is in the image. Go o d p erformanc e c orr esp onds to a lar ge dark b ar with a

lar ge light b ar, me aning the wor d is almost always pr e dicte d and almost always in the

right plac e. F or wor d clusters, for example if we pr e dict train-locomotive and either

train or locomotive is keywor d, we c ount that as a c orr e ct pr e diction. We c an pr e dict

most of the wor ds in the c orr e ct plac e, and the pr e diction r ate is high.

It is more di�cult to assess the rate at whic h regions are missed. If one is

willing to assume that missing annotations (for example, the o cean app ears in

the picture, but the w ord ocean do es not app ear in the annotation) are un biased,

then one can estimate the rate of false negativ es from the annotation p erformance

data. In particular, w ords with a high recall rate in that data are lik ely to ha v e

a lo w false negativ e rate.

Some examples are sho wn in �gures 8 and 9. W e can predict some w ords lik e

sky , tree , grass alw a ys correctly in most of the images. W e can predict the

w ords with high recall correctly , but w e cannot predict some w ords whic h ha v e

v ery lo w recall.



Fig. 8. Some examples of the lab el ling r esults. The wor ds overlaid on the images ar e the

wor ds pr e dicte d with top pr ob ability for c orr esp onding blob. We ar e very suc c essful in

pr e dicting wor ds like sky , tree and grass which have high r e c al l. Sometimes, the wor ds

ar e c orr e ct but not in the right plac e like tree and buildings in the c enter image.
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Fig. 9. Some test r esults which ar e not satisfactory. Wor ds that ar e wr ongly pr e dicte d

ar e the ones with very low r e c al l values. The pr oblem mostly se en in the thir d image

is sinc e gr e en blobs c o o cur mostly with grass , plants or leaf r ather than the under

water plants.

The e�ect of the n ull prediction: Figure 10 sho ws the e�ect of assigning n ull

w ords. W e can still predict the w ell b eha v ed w ords with higher probabilities. In

�gure 7 w e sho w that n ull prediction generally increases the prediction rate for

the w ords that w e can predict.

The e�ect of w ord clustering: In �gure 11 w e sho w the e�ect of cluster-

ing w ords. As can b e seen generally similar w ords are group ed in to one (e.g.

train-locomotive , horse-mare ). Figure 7 sho ws that the prediction rate

genarally increases when w e cluster the w ords.

5 Discussion

This metho d is attractiv e, b ecause it allo ws us to attac k a v ariet y of otherwise

inaccessible problems in ob ject recognition. It is wholly agnostic with resp ect

to features; one could use this metho d for an y set of features, and ev en for

feature sets that v ary with ob ject de�nition. It ma y b e p ossible to select features

b y some metho d that attempts to include features that impro v e recognition

p erformance. There is the usual di�cult y with lexicon learning algorithms that a

bias in corresp ondence can lead to problems; for example, in a data set consisting



Fig. 10. R esult of assigning nul l. Some low pr ob ability wor ds ar e assigne d to nul l, but

the high pr ob ability wor ds r emain same. This incr e ases the c orr e ct pr e diction r ate for

the go o d wor ds, however we may stil l have wr ong pr e dictions as in the last �gur e. The

c onfusion b etwe en grass and foals in the se c ond �gur e is an example of c orr esp ondenc e

pr oblem. Sinc e foals almost always o c cur with grass in the data, if ther e is nothing

to tel l the di�er enc e we c annot know which is which.

of parliamen try pro ceedings w e exp ect the English w ord house to translate to

the F renc h w ord chambre . W e exp ect | but ha v e not so far found | similar

o ccasional strange b eha viour for our problem. W e ha v e not y et explored the

man y in teresting further rami�cations of our analogy with translation.

{ Automated disco v ery of non-comp ositional comp ounds A greedy al-

gorithm for determining that some elemen ts of a lexicon should b e group ed

migh t deal with comp ound w ords (as in [11]), and migh t b e used to disco v er

that some image regions should b e group ed together b efore translating them.

{ Exploiting shap e T ypically , a set of regions should map to a single w ord,

b ecause their comp ound has distinctiv e structure as a shap e. W e should lik e

to learn a grouping pro cess at the same time as the lexicon is constructed.

{ Join t learning of blob descriptions and the lexicon W e are curren tly

studying metho ds that cluster regions (rather than quan tizing their repre-

sen tation) to ensure that region clusters are impro v ed b y w ord information.
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