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ABSTRACT
W e are in terested in the metho d of asso ciating messages to

m ulti-media ob jects. The asso ciation should b e done in a

w a y that the message can b e readily extracted from a query

ob ject, and the extraction is robust ev en in the presence of

noise. This problem is t ypically addressed b y w atermark-

ing where the the messages are em b edded in to the original

ob jects (the m ulti-media ob jects are also kno wn as W orks

in w atermarking). A disadv an tage of w atermarking is that

the W orks will b e distorted during em b edding. In some

scenarios, w e can assume that information (either fully or

partially) of the W orks database is a v ailable. This addi-

tional kno wledge can b e exploited to reduce distortion. F or

example, instead of w atermarking, the original W orks and

their asso ciated messages can b e stored in a database. The

retriev al mec hanism is then used to obtain the asso ciated

message from a query W ork. Although this metho d induces

zero distortion, it is computationally in tensiv e and th us not

feasible in most practical applications. In this pap er, w e

study the tradeo� b et w een these t w o extremes. W e view

the problem of message-W ork asso ciation as a v arian t of

database retriev al problem. In con trast to the usual retriev al

problem, our database en tries can b e mo di�ed for faster re-

triev al. W e prop ose an algorithm whic h uses linear storage

space (with resp ect to the size of database) and pro vides fast

retriev al. Our claims are supp orted b y exp erimen tal studies.

General Terms
m ultimedia retriev al, m ultimedia securit y

Keywords
W atermarking, nearest-neigh b our searc h, k -mean, image re-

triev al system

1. INTRODUCTION
A w atermarking sc heme consists of an enc o der and de c o der .

The enco der em b eds a giv en message m in to a W ork I , giv-

ing the w atermark ed

e

I . The em b edding is done in suc h a

w a y that the distortion from I to

e

I is small, and the message

m can b e successfully deco ded from

e

I ev en if

e

I is corrupted

b y noise. W atermarking tec hniques can b e applied to v ar-

ious domains, for example images, audio, and 3-d meshes,

and they can b e emplo y ed in man y applications. A surv ey

on curren t w atermarking tec hniques and their applications

can b e found in [6]. W e are particularly in terested in ap-

plications whic h use w atermarking as an e�cien t mean for

asso ciating messages to W orks. The asso ciations are robust

against corrupting noise, and the asso ciated message can b e

readily retriev ed from a query W ork. The asso ciation of m

to I is t ypically ac hiev ed b y w atermarking in the follo wing

w a y: F or eac h asso ciation ( m; I ), the enco der em b eds mes-

sage m in to I , giving a w atermark ed

e

I . Giv en a query

e

I ,

the retriev al of the asso ciated m is p erformed b y the de-

co der, who extracts the message from the w atermark ed

e

I .

Through w atermarking, the message can still b e successfully

extracted ev en if

e

I is corrupted b y noise. In this pap er, eac h

W ork is represen ted as a p oin t in R

d

, and the distance mea-

sure b et w een W orks is the Euclidean 2-norm. The securit y

of the asso ciation is not a concern of this pap er. Th us, w e

only consider additiv e white Gaussian noise as the corrupt-

ing factor.

In some scenarios, the enco der and deco der ha v e partial or

full access to the set of asso ciations. F or example, in the

zero kno wledge w atermark detection[1], and the commercial

pro duct Digimarc MediaBridge Reader[2, 7], the deco der

can comm unicate with a serv er, and th us can receiv e more

information on the w atermark ed W orks. With the addi-

tional kno wledge of the asso ciations, alternativ e to the di-

rect usage of w atermarking tec hnique should yield higher

p erformance. A seemingly p ossible but ine�cien t alterna-

tiv e is a m ulti-media retriev al system. The retriev al system

stores ( I

1

; m

1

) ; ( I

2

; m

2

) ; : : : in a database and tak e the orig-

inal W orks I

1

; I

2

; : : : as indices. Giv en a query image, the

asso ciated message is obtained b y searc hing the query image

in the database.

Ho w ev er, the retriev al metho d has t w o limitations. Firstly ,

it is ine�cien t b ecause searc hing and main taining the high

dimensional W orks are computationally in tensiv e. In par-

ticular, the p erformance of this metho d relies hea vily on

the nearest-neigh b our searc h, whic h can b e stated as fol-

lo w: giv en a set of p oin ts in d -dimensions, with prepro cess-

ing allo w ed, ho w quic kly can a nearest neigh b our of a giv en

query p oin t q b e found. Nearest-neigh b our searc h is an im-

p ortan t op eration in retriev al systems and man y algorithms



ha v e b een prop osed, suc h as R-tree[10], PMR quadtree [11],

k - d -trees[3] and their v arian ts [12, 13, 9]. The computing

resources required b y these algorithm are measured b y the

size of the index tree and the searc h time. In most algo-

rithms, the required resources increases rapidly as the di-

mension of searc h space increases. This phenomenon is gen-

erally referred to as the dimensionalit y curse and is usu-

ally a v oided b y reducing the dimensionalit y of the searc h

space. Our message-W ork asso ciation problem is usually

applied to m ulti-media ob jects whic h ha v e v ery high dimen-

sion. F or example, the dimension of images can ranges from

500 to millions, dep ending on the underlying image trans-

formations and features space. Reducing the dimensionalit y

is not a go o d option here b ecause higher dimensionalit y is

required for co ding more messages.

Another limitation of the retriev al metho d surfaces when

some of the original W orks are similar. In the w orst case,

all W orks are iden tical, sa y I = I

1

= I

2

= : : : . No w,

giv en a query I , it is imp ossible to decide whic h is the as-

so ciated message. The w atermarking metho d solv es this

am biguit y naturally . Under w atermarking, the messages

m

1

; m

2

; : : : are em b edded in to I separately , giving di�eren t

w atermark ed

e

I

1

;

e

I

2

; : : : . Giv en

e

I

i

as query , the deco der can

correctly output the message m

i

without am biguit y .

Although the retriev al metho d is computational exp ensiv e

and in tro duces am biguit y , it ac hiev es zero distortion. This

is in con trast to the w atermarking solution, whic h generates

undesire distortion, but ac hiev es fast retriev al and resolv es

am biguit y . No w, it is an in teresting question whether w e

can com bine b oth tec hniques and �nd the righ t tradeo� for

b etter p erformance. This is the fo cus of this pap er.

Motiv ated b y the ab o v e observ ation, w e re-form ulate the

message-W orks asso ciation problem addressed b y w atermark-

ing. This new form ulation can b e view ed as a v arian t of the

classical nearest-neigh b our searc h in high dimensions, but

with the additional freedom of mo difying (that is, w ater-

marking) the data p oin ts. W e can also view ed this as a

v arian t of w atermarking co ding problem, but with addition

kno wledge of the join t distribution of message-W orks (that

is, the distribution of message and W orks are not indep en-

den t). W e giv e a solution whic h is a com bination of w a-

termarking tec hniques and clustering. This algorithm uses

linear storage space (with resp ect to the database size) and

facilitates fast retriev al. Our claims is supp orted b y exp eri-

men tal studies.

Outline of this p ap er. In Section 2, w e form ulate the

asso ciation problem and highligh t some similarities and dif-

ferences with existing form ulations. The prop osed algorithm

is describ ed in Section 3. The single-lev el clustering is giv en

in Section 3.1 and the extension to m ulti-lev els in Section

3.2. In Section 4, w e giv es exp erimen tal results to supp ort

our claims, and compares the p erformance with the theoret-

ical limit of w atermarking. Extensions and v ariations of our

form ulation are discussed in Section 5.

2. PROBLEM FORMULATION
Giv en I = h I

1

; I

2

; : : : ; I

n

i , a distortion constrain t � and ro-

bustness �

2

, w e w an t to prepro cess I to obtain the w ater-

mark ed

e

I = h

e

I

1

;

e

I

2

; : : : ;

e

I

n

i and an index tree. The w ater-

mark ed

e

I satis�es the distortion constrain t � , that is,

1

n

n

X

i =1

k I

i

�

e

I

i

k

2

2

< �: (1)

The index tree facilitates searc hing suc h that giv en the query

e

I

i

, w e can output i e�cien tly . The searc hing is robust in the

sense that if

e

I

i

is corrupted b y additiv e white Gaussian nose

(A W GN) with p o w er �

2

, the output is correct with high

probabilit y . Sp eci�cally , supp ose

I

0

=

e

I

i

+ z ;

where z = ( z

1

; z

2

; : : : ; z

d

) and eac h z

j

is indep enden tly dra wn

from the normal distribution N (0 ; �

2

=d ). Then, taking I

0

as

the query , the algorithm giv es the correct output (whic h is

i ) with probabilit y at least (1 � 1 =d ).

This form ulation can b e rephrased to an optimization prob-

lem. By �xing the distortion constrain t, w e w an t to �nd an

index tree that maximize the robustness �

2

, or vice v ersa,

�xing �

2

and minimizing the distortion.

In the ab o v e form ulation, the messages asso ciated to the

W orks are actually its indices. This is di�eren t from our

original description where the messages m

i

could b e a string.

This di�erence is not critical b ecause the actual message m

i

can b e easily lo okup from a table.

Co ding. A solution to our problem has to address t w o is-

sues. The �rst is regarding co ding. If I

1

= I

2

= : : : = I

n

are

iden tical, then the problem is same as informed w atermark-

ing, that is, w atermarking with original W orks a v ailable at

the deco der. Because there is only one W ork, w e can use it

as the reference p oin t. This reduces the problem to �nding

the w atermark ed

e

I

1

;

e

I

2

; : : : ;

e

I

n

that are far apart but sub-

ject to the distortion constrain t

P

i

k

e

I

i

� I

1

k

2

2

� n� . This is

essen tially c hannel co ding, where � is the p o w er constrain t

and �

2

is the noise v ariance. Note that high dimensionalit y

is required to enco de large n um b er of messages.

Se ar ching. The other issue is on the computational

asp ect of searc hing. As w e ha v e men tioned in the in tro-

duction, the dimensionalit y curse prev en ts fast searc hing.

F ortunately , a few di�erences of our problem from the clas-

sical nearest-neigh b our searc h can b e exploited. The most

notably di�erence is that, in our problem, the data p oin ts

can b e sligh tly mo di�ed (w atermark ed) for b etter searc h-

ing p erformance. In the extreme, with unlimited distortion,

the problem is trivially solv ed b y aligning the w atermark ed

W orks along a straigh t line. Since distortion is undesirable,

w e w an t to minimize the distortion while supp orting fast

retriev al.

A more subtle di�erence arises from the probabilit y require-

men t on searc hing. Our form ulation do es not state the re-

quired output when the query is seriously corrupted. In

other w ords, if the query p oin t is not near an y data p oin t,

it can b e ignored. In addition, the query's outcome is prob-

abilistic. Th us, if a query lo cates ab out the same distance

from

e

I

1

,

e

I

2

and

e

I

3

, instead of lo oking in to the �ne neigh-

b ourho o d structure, w e can just mak e an arbitrary c hoice,

as long as it conforms to the probabilistic requiremen t. F ur-



thermore, w e are in terested in a v erage case p erformance. W e

assume the W orks are normally distributed. Our algorithm

exploits these statistical prop erties and a v oid di�cult issues

in nearest-neigh b our searc h.

3. CLUSTERING WITH MODIFICATION
In this section, w e prop ose an algorithm based on hierar-

c hical clustering. This algorithm �rst �nds a h yp erplane

that separates I in to t w o balance (within a constan t factor)

clusters. The W orks are then w atermark ed so that none of

them is lo cated near the h yp erplane. Finally , eac h cluster is

recursiv ely divided in to sub-clusters. Let us call the slab (re-

gion b et w een t w o parallel h yp erplanes) that do es not con tain

an y w atermark ed W orks the bu�er zone , and the distance of

the h yp erplane to the bu�er zone's surface the bu�er zone's

width (Figure 1).

The hierarc hical clustering giv es an index tree for searc hing.

The in ternal no des of this tree are the separating h yp er-

plane, and the lea v es are the index of the only W ork in the

corresp onding cluster. Giv en a query , sa y the w atermark ed

e

I

i

, it is easy to transv erse the tree from the ro ot do wn to

the correct lea v e (whic h is i ) b y comparing I

i

with the in-

ternal no des along the path. Under in
uence of A W GN, the

query b ecome I

0

=

e

I

i

+ z where z is the noise. This addi-

tiv e noise migh t lead to error. Recall that the h yp erplane is

surrounded b y a thic k bu�er zone. The width of this bu�er

zone is c hosen so that the probabilit y of I

0

crosses the h y-

p erplane is extremely small. Th us, robustness is ac hiev ed.

In Section 3.2, w e will quan tify ho w large the bu�er zone to

b e for a required robustness.

Since the index tree con tains of at most n h yp erplanes, and

eac h h yp erplane can b e represen ted b y its normal and a

p oin t on its surface, the total size of the index tree is linear

with resp ect to the size of I . Because the tree is balance, the

depth of the tree is O (log n ). W e tested our algorithm on

W orks generated from Gaussian source and natural images.

In our exp erimen ts, the index trees are alw a ys successfully

built b y the prop osed heuristic algorithm.

W e will �rst describ e the single-lev el clustering (Section 3.1).

In Section 3.2, w e describ e ho w to p erform recursiv e cluster-

ing while ensuring requiremen ts on robustness and distortion

are ac hiev ed.

3.1 Single level clustering
The single lev el clustering attempts to solv e this sub-problem:

Giv en I = h I

1

; I

2

; : : : ; I

n

i , a distortion requiremen t �

0

and

the bu�er zone's width �

0

. W e w an t to �nd a h yp erplane

(represen ted b y its normal H

0

and a p oin t C

0

on the plane),

and a w atermark ed

e

I = h

e

I

1

;

e

I

2

; : : : ;

e

I

n

i , suc h that:

1. The distortion is at most �

0

, that is

P

i

k

e

I

i

� I

i

k

2

2

� n�

0

.

2. F or an y w atermark ed

e

I , the distance of

e

I from the

h yp erplane is at least �

0

(that is, j (

e

I � C

0

) � H

0

j > �

0

).

3. F urthermore, the h yp erplane divides the w atermark ed

hosts in to t w o equal (within constan t factor) halv es.

That is, supp ose I

0

is the set of w atermark ed

e

I where

�

0

I

e

I

I

0

Figure 1: Eac h circle represen ts a W orks. Eac h �lled

circle represen ts the corresp onding w atermark ed

W ork, if it is di�eren t from the original. The region

b et w een the t w o dotted lines is the bu�er zone, and

its width is �

0

. The p oin t I is an original W ork,

e

I is

the w atermark ed W ork and I

0

is a corrupted query .

(

e

I � C

0

) � H

0

> 0, then

1

4

< jI

0

j = jI j <

3

4

:

Figure 1 illustrates the result of a single lev el clustering in

2-dimensional space. This problem can b e rephrased as an

optimization problem b y �xing the bu�er zone's width �

0

and minimizing the distortion, or vice v ersa.

Here is a simple heuristic based on the 2-mean algorithm.

1. Compute the 2 means, m

0

and m

1

using the w ell-

kno wn iterativ e metho d [8]. Let

b

H = m

0

� m

1

and

b

C = ( m

0

+ m

1

) = 2.

2. P artition I in to t w o clusters I

0

and I

1

, where I

0

con-

tains all the W orks in I that is nearer to m

0

, and I

I

con tains the remaining. Sp eci�cally , if ( I �

b

C ) �

b

H > 0,

then I is in I

0

.

Next, �nd a \go o d" h yp erplane that separates I

0

and

I

1

. Ideally , w e w an t to �nd the h yp erplane with the

maxim um distance from its nearest W ork. That is, w e

w an t to �nd the supp ort v ectors for the t w o clusters.

Supp ort v ector mac hine is an established tec hnique,

and the supp ort v ectors can b e e�cien tly found using

quadratic programming [4]. In our curren t implemen-

tation, instead of �nding the optimal h yp erplane, w e

use a simple appro ximation. The details of this simple

iterativ e metho d is omitted here. Let H

0

and C

0

b e

the normal and a p oin t on this h yp erplane resp ectiv ely .

3. F or all I in the bu�er zone, w atermark them b y shift-

ing them along the direction H

0

and a w a y from C

0

.

They are shifted un til they reac h the surface of the

bu�er zone. Sp eci�cally , if ( I � C

0

) � H

0

� 0, then the

w atermark ed

e

I is

e

I = I + max (0 ; �

0

� ( I � C

0

) � H

0

) H

0

; (2)
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Figure 2: P erformance of the single lev el clustering

as the n um b er of W orks increases. The dimension

d = 64

2

and the width of bu�er zone is �

0

= 5 =

p

d .

The upp er graph giv es the largest distortion among

the n W orks. The lo w er graph giv es the a v erage

distortion.
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Figure 3: Histogram of the distances of original

W orks from the h yp erplane. The dimension d = 64

2

,

n = 2048 . In-b et w een the t w o v ertical lines is the

bu�er zone with width �

0

= 2 =

p

d .

otherwise

e

I = I � max (0 ; �

0

+ ( I � C

0

) � H

0

) H

0

;

No w, w e w an t to �nd the relationship b et w een �

0

and the

required robustness �

2

. Consider I

0

in Figure 1. The p oin t

I

0

=

e

I + z is corrupted b y noise z . Error o ccurred during

searc hing if the noise v ector z , after pro jected on to the one-

dimensional normal H

0

, is more than �

0

(or � �

0

dep ending

on whic h side

e

I is in). Because the noise is A W GN with v ari-

ance �

2

, the distribution of the one-dimensional pro jected

noise is also normally distributed but with v ariance �

2

=d .

Since the probabilit y of deviation from the standard devia-

tion

p

�

2

=d is small, w e c ho ose �

0

to b e

�

0

= A

d

p

�

2

=d ; (3)

where A

d

is a slo w-gro wing function, for example log d . In

our exp erimen tal studies (Section 4), instead of a slo w-gro wing
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Figure 4: Distortion v ersus n um b er the bu�er zone's

width �

0

. The n um b er of W orks is �xed at n = 2048

and the dimension is d = 64

2

.

function, w e c ho ose A

d

to b e the constan t 3. This giv es the

probabilit y of error ab out 0 : 0015.

3.2 Extension to Multi­level
Extending the single lev el clustering to m ulti-lev el without

sp ecial care migh t violate the robustness requiremen t. Re-

call that step 3 in Section 3.1 mo v es W orks out of the bu�er

zone. There are c hances that the newly w atermark ed W orks

re-en ter the bu�er zone created in previous lev els. Geomet-

rically , the bu�er zone is an union of slabs (eac h clustering

con tributes one slab), and the non-bu�er zone is divided in to

disjoin t p olyhedras. The task of w atermarking is to mo v e

original I out of the bu�er zone and to the nearest p oin t in

non-bu�er zone, whic h is on the surface of a p olyhedra. F or

simplicit y in implemen tation, instead of �nding the nearest

p oin t on the p olyhedras, w e iterate step 3 to ensure bu�er

zones in all lev els are empt y . This iteration migh t not giv e

the nearest p oin t. Ho w ev er, its con v erges fast and giv es

go o d appro ximation, probably b ecause the h yp erplanes are

nearly orthogonal.

In the optimization v ersion (�xing distortion and maximiz-

ing robustness), the allo w able amoun t of distortion is v alu-

able resources and has to b e allo cated to di�eren t lev els.

The allo cation should b e fair so that ev ery lev el of clustering

ac hiev es same robustness. Let �

0

; �

1

; : : : �

k

b e the distortion

allo cated to the k lev els. Assuming that the h yp erplanes at

di�eren t lev els are orthogonal, then the o v erall distortion is

P

k

i

�

i

= � . W e shall see in next section and Figure 2 ho w dis-

tortion increases as n increases. The allo cation of � should b e

�

i

= �B = Dist (2

� i

n ), where Dist ( � ) is the a v erage distortion

as a function of n estimated from the empirical data, and B

is a normalizing factor suc h that

P

i

B = Dist (2

� i

n ) = 1.

4. EXPERIMENTAL RESULTS
W e conduct t w o sets of exp erimen ts. In the �rst set, the

W orks are generated from Gaussian source. In the second

set, the database are natural images, resized to 64 b y 64

gra y-scaled pixels (Figure 7).

Random W orks. In these exp erimen ts, W orks are gener-

ated from a Gaussian source, more sp eci�cally , it is a m ulti-
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Figure 5: Distortion v ersus size of database.

v ariate Gaussian random v ariable I = ( x

1

; x

2

; : : : ; x

d

) where

eac h x

i

is normally distributed with v ariance 1 =d .

Figure 2, 3 and 4 illustrate the p erformance of the single

lev el clustering. Figure 2 giv es the a v erage distortion as the

n um b er of W orks increases. When the n um b er of W orks

increases, the computed 2-means in Section 3.1 step 1 are

closer to the o v erall a v erage. Th us, the distortion should

increase.

Figure 3 sho ws the distribution of the distance of the orig-

inal W orks from the h yp erplane. Note that these are the

distances b efore w atermarking. Observ e that the cen ter re-

gion is empt y . This is b ecause the h yp erplane is deriv ed

from the supp ort v ectors. Th us, the slab enclosed b y the

supp ort v ectors is empt y , ev en b efore w atermarking. Recall

that w e do not �nd the optimal supp ort v ectors. The t w o

p eaks in the histogram are side-e�ects of our appro ximation

algorithm. The t w o v ertical lines in the �gure indicate the

bu�er zone with �

0

= 2 =

p

d . W orks fall b et w een these t w o

lines ha v e to b e w atermark ed. Figure 4 sho ws ho w the width

�

0

a�ects the distortion. Observ e from the histogram that

the W orks are concen trated around 0.025 and -0.025. Th us,

for large �

0

, the distortion is appro ximately the square of

the distance of �

0

from 0.025. This observ ation is con�rmed

in Figure 4, where the distortion is roughly prop ortional to

( �

0

� 0 : 025)

2

.

Figure 5 sho ws the o v erall distortion (generated b y m ulti-

lev el clustering) as the n um b er of W orks increases. The

width of bu�er zones in all lev els is k ept at �

0

= 3

p

2 =d .

This v alue is c hosen so that retriev al is robust under noise

v ariance �

2

= 2. That is, when the signal-to-noise ratio is

at most 0.5. The distortion is generally v ery small. F or ex-

ample, at n = 2048, the distortion is 0 : 0027. This i;s m uc h

smaller than the energy of the W orks (whic h is 1). It is also

signi�can tly smaller than the noise v ariance �

2

= 2. Figure

6 illustrates ho w distortion decreases as the dimensionalit y

increases. The size n = 512 and width � = 3

p

2 =d . In ter-

estingly , p erformance impro v es as dimensionalit y increases.

This is in con trast to general searc hing problems in high

dimensional space.
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Figure 6: Distortion v ersus dimension. Logarithmic

scale is used for the y-axis. The n um b er of W orks

n = 512 and width � = 3

p

2 =d .

Natur al Images. In this set of exp erimen ts, the database

consists 2048 natural images. The purp ose of these exp er-

imen ts is to test our idea on non-Gaussian source. These

images are gra y-scale image resized to 64 � 64 pixels. Th us,

the dimension d = 64

2

. The images are normalized so that

eac h has unit energy . Although images are t ypically m uc h

larger than 64 � 64 pixels, for w atermarking purp ose, their

dimension is usually reduced to remo v e redundancies and

coherence among the pixels. Because image represen tations

are not a k ey issue here, w e simply tak e the do wn-sampled

images as the domain to w ork in. Figure 7 sho ws samples

from the database. Unlik e the database of random W orks,

some of the images are similar. Similar images are more dif-

�cult to handle, b ecause they should b e separated to resolv e

am biguities.

Figure 7: Tw elv e sample images from the database.

The robustness �

2

is c hosen to b e 2. This translates to the

bu�er zone's width of �

0

= 3

p

2 =d . Figure 8 sho ws three

instances of corrupted queries. Our algorithm successfully

retriev es the correct index for (a) and (b), but not (c). The

exp erimen t is rep eated for 1000 times, with same noise v ari-

ance, but di�eren t noise instances. With noise v ariance of

1 and 2, our algorithm outputs the correct index for all in-

stances. With noise v ariance of 4, it giv es correct index in



655 instances. In our implemen tation, the queries are nor-

malized to unit energy b efore searc hing.

The a v erage distortion generated is 8 : 5 � 10

� 4

and the max-

im um distortion among the images is 0 : 010. Figure 9 sho ws

three w atermark ed images. The top ro w is the image with

maxim um distortion. Comparing to the random W orks (see

Figure 5), the a v erage distortion for the images database is

m uc h lo w er (0 : 0027 for random W orks) but the maxim um

distortion is higher (0 : 0052 for random W orks). W e do not

kno w wh y the p erformance are di�eren t. Probably this is

b ecause natural images tend to form clusters and th us reduc-

ing the a v erage distortion. On the other hand, a minorit y of

the images migh t get to o close, and require larger distortion

for separation. This small cluster of images increases the

maxim um distortion.

Figure 10 sho ws selected no des of the tree at the �rst, third,

6th and 8th lev el. These no des are visited while searc hing

for the top-righ t image in Figure 7. That is, the query image

is �rst compared with ((a) ; (d) ), and �nally compared with

((c) ; (f )).

(a) (b) (c)

Figure 8: Three corrupted queries. The noise v ari-

ance is (a) 1, (b) 2 and (c) 4 resp ectiv ely . The un-

corrupted image is sho wn in the top-righ t corner

of Figure 7. The prop osed algorithm correctly re-

triev es the index for (a) and (b), but not (c).

4.1 Comparison with watermarking
It is in teresting to compare the p erformance of our algo-

rithm with metho ds based solely on w atermarking. F or the

purp ose of comparison, w e consider w atermarking sc hemes

whic h fall in to the framew ork of Gaussian c hannel with side

information. Costa [5] sho ws that, the maxim um ac hiev able

rate with distortion � and robustness �

2

is

C =

d

2

log

�

1 +

�

�

2

�

: (4)

That is, the maxim um n um b er of messages that can b e em-

b edded is 2

C

. If w e emplo y solely w atermarking to solv e

the message-W ork asso ciation problem, with the constrain t

on distortion and robustness, the size of the database is

b ounded ab o v e b y (1 + �=�

2

)

d= 2

. F rom the exp erimen tal

data in Section 4, with robustness �

2

= 2, dimension d = 64

2

and distortion 0 : 0027, our metho d can ha v e 2048 W orks. In

con trast, the theoretical maxim um n um b er ac hiev able b y

w atermarking is (1 + 0 : 0027 = 2)

d= 2

< 16.

Note that the capacit y in (4) do es not dep end on the energy

of the W orks. In tuitiv ely , (4) is ac hiev ed b y �rst quan tizing

the W orks space in to cells and uses di�eren t co de b o oks for

eac h cell. T o em b ed message m to a W ork I , the cell I is �rst

0 : 010.

0 : 0094.

0 : 0090.

(a) (b) (c)

Figure 9: Images in column (a) are the original, (b)

are the resp ectiv e w atermark ed image and (c) are

the di�erence (w atermark ed min us original). The

images in (c) are enhanced (b y scaling the in tensit y)

for b etter prin ting qualit y . The v alues b elo w the

images are the distortion (that is, energy of (c)).

determined and m is then em b edded using the corresp onding

co de-b o ok.

In con trast, our algorithms dep ends on the energy of the

W orks. The exp erimen ts conducted use W orks and images

of unit energy . The p erformance will increase as the energy

increases (to increase the energy b y a factor of A is equiv a-

len t to reduce the noise v ariance and distortion b y the same

factor). W e can view ed our metho d as a quan tization of the

W ork space (as in the co ding), where eac h cell rev eals par-

tial information of the asso ciated message m . If there is only

one W ork in the cell, then there is no am biguit y . If there is

more than one, distortion is required. Th us, p oten tially , the

ac hiev able rate could b e

C

0

=

d

2

log

�

1 +

S + �

�

2

�

: (5)

where S is the energy of the W orks.

5. VARIATIONS AND FUTURE WORKS
T o w ard this end, the database remains unc hanged through-

out the enco ding and query pro cess. It will b e in teresting to

study the dynamic setting. In this setting, the database I

starts from one W ork I

1

. New W orks can b e added in to I ,

but once added, cannot b e remo v ed. F urthermore, the cor-

resp onding w atermark ed W orks m ust b e computed b efore

the arriv al of new W orks. The w atermark ed W ork, once

computed, can not b e mo di�ed. The dynamic setting is



(a) (b) (c)

(d) (e) (f )

Figure 10: The normal H of the h yp erplanes com-

puted at the �rst, fourth, 8th lev el are depicted as

image (a), (b) and (c). Image (d), (e) and (f ) are

the corresp onding p oin t C . These h yp erplanes are

visited while searc hing the query sho wn in Figure

9(a).

motiv ated b y application where a stream of images are to

b e w atermark ed b y a w atermarking service pro vider b efore

releasing to the public domain. The w atermarking service

pro vider do es not kno w in adv ance the images to b e w ater-

mark ed, and the w atermark ed images, once released to the

public domain, can not b e recalled for mo di�cation.

Another p ossible researc h direction is to study ho w the size

of the index tree a�ects w atermarking p erformance. Most

w atermarking form ulations (for example, w atermarking with

side information) assume that the enco der and deco der kno w

the distribution of the W orks, but not the actual W orks.

In our form ulation, the enco der and deco der has access to

the index tree and th us has full information of the actual

database. In applications where the deco ding is to b e p er-

formed in the clien t-side, the index tree has to b e sen t o v er

the net w ork. This is practical only if the description of

database is small. Th us, it is useful to kno w ho w to obtain

a compact description of the database, and ho w to trade-o�

its size with other w atermarking p erformance measures.

6. CONCLUSION
In this pap er, w e in tro duce a v arian t of retriev al problem

where the data p oin ts can b e sligh tly distorted. This prob-

lem is motiv ated b y the observ ation that, the message-W ork

asso ciation t ypically addressed b y w atermarking, can also

b e treated as a searc hing problem. W e giv e an algorithm

whic h is a com bination of w atermarking tec hniques and clus-

tering algorithm. This simple algorithm demonstrates that

with small distortion, w e can searc h fast, ev en in v ery high

dimension. F rom the w atermarking p ersp ectiv e, this algo-

rithm demonstrates that with some searc hing abilit y , w e can

signi�can tly reduce distortion and th us impro v e w atermark-

ing p erformance.
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