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Abstract. A common problem in multimedia databasesis retrieving the
most similar matchesto a query object. Finding those matches can be
too slow to be practical, especially in domains where comparing multi-

media objects involvescomputationally expensive similarit y (or distance)
measures. Filter-and-re ne retrieval is a framework for addressing this

problem: the lter step quickly lters out most databaseobjects, and the
re ne step identi es the best matches among the remaining candidates.
This paper describestwo ltering methods, that work by constructing ef-
cient approximations of computationally expensive similarit y measures.
The rst method can be applied to arbitrary domains, and the second
method explicitly targets domains where measuring similarit y includes
an alignment process.The benets of these two lItering methods are
illustrated in experiments with databasesfrom dierent domains, i.e.,
hand images, gesture videos, and online digit recognition for hand-held
devices.

1 Intro duction

A common problem in multimedia databasesis retrieving the most similar
matchesto a query object. For example,in a databaseof video sequencesywe may
want to usea video sequenceas a query, and have the systemretrieve sequences
that are similar to the query. Other domains where this type of similarity query
is useful include databasesof photographs, songs,or medical images.In order to
answer such queries,we rst needto de ne a domain-speci ¢ quartitativ e mea-
sure of similarity betweentwo objects. Given such a measure,the most naive
way of retrieving the most similar databasematchesis to do brute-force seard,
i.e. to comparethe query object to every single databaseobject.

The problem with brute-force seard is that it can be too slow for prac-
tical applications. This problem is exacerbatedby the fact that many useful
similarity measuresare computationally expensive. Examples of such expensive
measuresare Dynamic Time Warping for time series(for example for video or
audio data) [12], and the chamfer distance [3] or the shape context distance
[4] for edge images. Filter-and-re ne retrieval is a framework for speeding up
similarit y-basedretrieval under computationally expensive similarity measures.
In this framework, retrieval is performed in two steps. First we do a Itering
step, in which we employ computationally e cien t pruning methods to select,



among all databaseobjects, a small set of likely matchesto the query. Then we
re ne the results of the ltering step, by applying the computationally expensive
measureonly betweenthe databaseand the likely matchesidenti ed at the Iter
step. Naturally, in order to apply this framework in a particular domain, we need
to de ne appropriate ltering methods for that domain, i.e., computationally ef-
cient methods that can quickly and reliably identify a small set of candidate
matches, while rejecting the rest of the database.

This paper describes two general Itering methods for lter-and-re ne re-
trieval. The rst method is called BoostMap, and its formulation is applicable
in arbitrary domains. The BoostMap algorithms de nes an embedding, which
maps multimedia objects into a real vector space.Instead of measuringdistances
in the original space,which is too slow, using the embedding we can measure
distancesin the vector space,which is signi cantly more e cien t.

The second ltering method that we describe is applicable in domains where
an expensiwe alignment betweenthe query object and database objects is re-
quired in order to measuretheir similarity. Our method producesan approxi-
mate alignment betweentwo objects, basedon their exact alignment to a small
number of protot ypes.Using this approximate alignment we can quickly identify,
for each query object, a small set of potential databasematches.

The benets of thesetwo ltering methods are illustrated in experiments
with databasesfrom di erent domains, i.e., hand images, gesture videos, and
online digit recognition for hand-held devices.

2 Related Work and Background

Various methods have beenemployed for similarity indexing in image and video
databases,including hashing and tree structures [17]. However, these methods
typically rely on Euclidean or metric properties, and are not appropriate for ar-
bitrary non-metric spacesApproximate nearestneighbor methods [11] proposed
in the literature are alsoonly applicable to somespeci ¢ metrics.

In domainswherethe distance measureis computationally expensiwe, signi -
cant computational savings can be obtained by constructing a distance-approx-
imating embedding, which maps objects into another spacewith a more e cien t
distance measure.A number of methods have beenproposedfor embedding ar-
bitrary metric spacesinto a Euclidean or pseudo-Euclideanspace[5,7,10,13,
15,16,18]. Among the above methods, Lipschitz embeddings [9], FastMap [7],
MetricMap [16]and SparseMap[10], can be usedto speedup similarit y-basedre-
trieval. Thosefour methods are the most related to the methods that we propose
in this paper. Our goalin designingthe new methods has beento achieve better
retrieval performance, i.e., faster and more accurate, than those four methods
can achieve.

2.1 Background

Let X beasetof objects, and Dx (x1;X2) be a distance measurebetweenobjects
X1;X2 2 X. Dx canbe metric or non-metric. A Euclidean embedding F : X !



RY is a function that maps objects from X into the d-dimensional Euclidean
spaceRY, where distancesare typically measuredusing an L, or weighted L
measure,denotedas D rq.

Givenan objectr 2 X, a simple 1D Euclidean embedding F" can be de ned
as follows:

F'(x) = Dx(x;r): 1)

The object r that is usedto de ne F' is typically called a reference object or a
vantageobject [9].

Alternativ e formulas for de ning 1D embeddingscan be found in the litera-
ture [7,9]. Lipschitz embeddings[9] and FastMap [7] are methods for construct-
ing multidimensional embeddings,using 1D embeddingsas building blocks. For

schitz embedding embedding F : X ! RY as:F(x) = (F"*(x);:::; F 4(x)).

Given such an embedding F, we can useit for the lter step of lter-and-
re ne retrieval [9]. Given a query object g, we compute F (g), which involves
measuring the distance Dx between g and d referenceobjects. Then, at the
Iter step, we identify, for someinteger p > 0, the p database objects that F
mapsthe closestto F(q). At the re ne step we identify the best matchesfor the
query, by measuringthe exact distance Dy betweenthe query and the p objects
selectedat the lter step.

If the databasehasn objects, brute-forceretrieval identi es the nearestneigh-
bors of q by measuringthe distance Dx betweenq and eath databaseobject,
i.e., by performing n evaluations of D . Filter-and-re ne retrieval, in the above
example,performsonly d+ p evaluations of Dx , and performs (at the Iter step)
n comparisonsof vectors in Euclidean space.In domains where Dy is compu-
tationally expensiwe, lter-and-re ne retrieval can be orders of magnitude faster
than brute-force seard, if d+ p n.

3 Learning Embeddings with the BoostMap Algorithm

Supposewe have an embedding F with the following property: forany g;a;b2 X,
if gqis closerto a than to b, then F(q) is closerto F(a) than to F(b). We can
easily derive that F would also have the following property: for every query q,

and ewery integer k > 0, if a is the k-nearestneighbor of g in the database,then
F (a) is the k-nearest neighbor of F(q) among the embeddings of all database
objects. Such an embedding would lead to perfectly accurate retrieval, without

even needingan extra re nement step.

Finding such a perfect embedding is usually impossible. However, we can
try to construct an embedding that, as much as possible,tries to behave like a
perfect embedding. In other words, we want to construct an embeddingin a way
that maximizes the fraction of triples (q; a;b) for which the embedding indeed
presenesthe relative ranking of a and b with respect to .

More formally, using an embedding F we can de ne a classi er F, that esti-
mates (sometimeswrongly) for any three objects q; a; bif qis closerto a or to h.



F is de ned asfollows:
F(gab) = kF(q) F(bk k(F(g F(a)k: 2

A positive value of F(q; a; b) meansthat F mapsq closerto a than to b, and can
beinterpreted asa\prediction" that qis closerto a than to bin the original space
X . If this prediction is always correct, then F perfectly presenesthe similarity
structure of X .

Simple 1D embeddings, like the onede ned in Eq. 1, are expectedto behave
asweak classi ers, i.e. classi ers that may have a high error rate, but at leastgive
answersthat are not as bad as random guessesGiven many weak classi ers, a
well-studied problem in machine learning is how to combine sucd classi ersinto a
single, strong classi er, i.e., a classi er with a low error rate. A popular choiceis
AdaBoost [14], which has beensuccessfullyapplied to seweral domainsin recert
years.

In [1] we intro duced the BoostMap algorithm, which usesAdaBoost to con-
struct an embedding. The input to AdaBoost is a large set of randomly picked
1D enmbeddings, and a large set of training triples (q; a;b) of objects, for which
we kngyv if g is closerto a or to b. The output of AdaBoost is a classier
H =, jFj, where eah Fj is the weak classi er asswiated with a 1D
embedding F; . If AdaBoost has been successfulthen H has a low error rate.

Using H, we can easily de ne a high-dimensional embedding F,y and a
distance measureDra with the following property: for any triple (q;a;b), if g
is closerto a than to b, H misclassi esthat triple if and only if, according to
distance measureDga, Fout (Q) is closerto Fqyu (b) than to Foy (a). We de ne
Fout and Dre asfollows:

Fout (X) = (F1(x); 5 Fa(X)) - 3)

xd
Dra(Fout (X);Fou (¥)) = (IR (%)  Fi(y)J): “4)
j=1
It is easyto prove that H and Fo fail on the sametriples. Therefore, if
AdaBoost has successfullyproduceda classi er H with low error rate, then Fqy
inherits the low error rate of H, and is expectedto give highly accurate results
at the ltering step.
The exact training algorithm is described in [1].

4 Dening Embeddings for Unaligned Ob jects

In somemultimedia databases,objects are represerted by setsof obsenations of
di erent size,or by sequence®f obsenations of varying length. This is typical
in computer graphics databaseswherethe length correspondsto the model size,
e.g.,the number of 2D or 3D points, and in speet and video databases,or more
generally in multidimensional time-seriesdatabases,where the sequencdength
correspondsto the period of time in which the object persists.In such databases,



it is often necessaryto nd the correspondencebetweenthe obsenations of the
query object and the databaseobjects prior to computing a (dis)similarit y score.

The number of possiblealignmerts is usually exponertial to the number of
featuresin ead object. E cien t algorithms, like Dynamic Time Warping [12] or
bipartite matching, can nd an optimal alignment in polynomial time, but these
algorithms canstill be computationally expensiwein practice. Generalembedding
methods like BoostMap, Lipschitz embeddings[9] or FastMap [7] can be applied
in such domains, in order to de ne an e cien t approximation of the similarity
measure.However, by taking advantage of the structure of such domainswe will
de ne a more speci c embedding method, that tends to use a relatively small
number of referenceobjects.

4.1 Appro ximate Alignmen t Using Corresp ondences to Reference
Ob jects

Let X be a spaceof such objects, and Q; R 2 X be two objects of sizen and m
respectively:

Q= %k G Gh (5)
R=rqro g iiiirm (6)

Each g and r; is an obsenation belongingto a feature spaceG, with distance
measureDg.

We assumethat we have an alignment algorithm (lik e Dynamic Time Warp-
ing [12], or bipartite matching) that establishescorrespondencesbetween ele-
ments of Q and elemerns of R. Given Q and R, this algorithm produces an
alignment W (Q; R), wherethe k'™ elemert of W (Q; R), denotedaswy = (g;rj),
indicates that obsenation g of Q corresponds to obsenation r; of R. We as-
sumethat ead r; occursin at leastonewy in W(Q; R). In many domains, the
distance Dx (Q; R) is de ned asfollows:

X
Dx(QiR)=  De(w) : 7
k=1

That is, the distance betweenQ and R is the sum of distancesbetweenead pair
g and r; of corresponding obsenations that appearsin alignmernt W (Q; R).
Let R be an arbitrary object in X. We can use R as a reference object [9],
to de ne an embedding FR : X | G™, where m is the size of object R. In
simple terms, F maps any object Q into an ordered set of m features, so that

where applicable, although in somedomains we needto de ne somealternativ e
de nition of average)of all featuresq that map to r; under alignment W (Q; R).

Naturally, if we choosed referenceobjects R;, we can de ne an embedding F
by simply concatenating embeddings FRi, i.e. F(Q) = (FR+(Q);:::;FR«(Q)).
F maps objects into G™’, where m is the sum of the sizesof the Ri's. Now, if



Fig. 1. Top: 14 of the 26 hand shapes used to generate the hand database. Middle:
four of the 4128 3D orientations of a hand shape. Bottom: for two test imageswe see,
from left to right: the original hand image, the extracted edge image that was used

as a query, and a correct match (noise-free computer-generated edgeimage) retrieved
from the database.

F(Q) = (g;:::;0) and F(S) = (s2;:::;5%0), we can de ne the distance D°
betweenthem as: ,

x
DAF(Q):F(S) =  Do(q;s) : (®)

j=1
Intuitiv ely, the computationally expensive way to compare Q and S is to
rst nd their alignment W(Q;S) (which is assumedto be time consuming)
and then evaluate Dy (Q; S) basedon this alignment. The embedding F maps
objects into ordered sets of features, which are naturally aligned to ead other:
eadh qo of F(Q) mapsto sj0 of F(S). This alignment is only an approximation
of the alignment W(Q;S), and it is based on the fact that both ¢’ and s
were aligned to the samefeature of somereferenceobject R;. Since F(Q) and
F (S) are automatically aligned to eac other, comparing them using distance
measureD? is straightforward, and takestime linear in m° Therefore, D is a
computationally e cien t distance measurethat we can usefor the Iter stepin

lter-and-re ne retrieval [9].

Referenceobjects can be chosenusing sequetial forward seard), which is
essetially a greedy strategy: we pick the rst referenceobject to be the one
that givesthe best results when used by itself, and we pick the i-th reference

5 Exp eriments

We have experimentally evaluated the two techniques described in this paper,
i.e., BoostMap and the method for approximate alignmert.

We used two datasets to evaluate BoostMap: a database of hand images,
and an ASL (American Sign Language)database,containing video sequence®f



ASL signs. The hand database contains 107,328hand images, generated using
computer graphics. 26 hand shapes were used to generate those images. Each
shape was rendered under 4128di erent 3D orientations (Figure 1). As queries
we used 703 real imagesof hands. Similarity betweenhand imagesis evaluated
using the symmetric chamfer distance [3], applied to edge images. Evaluating
the exact chamfer distance betweena query and the erntire databasetakesabout
260 seconds.

The ASL database contains 880 gray-scalevideo sequencesEach video se-
gquencedepicts a sign, as signed by one of three native ASL signers.As queries
we used 180 video sequencef ASL signs, signed by a single signer who was
not included in the database. Similarity between video sequencess measured
as follows: rst, we usethe similarity measureproposedin [6], which is based
on optical ow, asa measureof similarity between single frames. Then, we use
Dynamic Time Warping [12] to compute the optimal time alignment and the
overall matching cost betweenthe two sequencesEvaluating the exact distance
betweenthe query and the ertire databasetakesabout six minutes.

In the experiments, we compare BoostMap to FastMap [7]. For both Boost-
Map and FastMap we evaluated embeddings of many di erent dimensions,and
for eadh accuracy level (95% or 100%) we experimentally found the optimal
settings (with respect to retrieval time) of two parameters: embedding dimen-
sionality and number of objects to be kept at the lter step. All the results we
report were obtained using those optimal settings. Note that, given an embed-
ding and a number of dimensions,we can achieve any accuracylevel we desireby
simply selectinga large enoughnumber of objects at the Iter step. For example,
if the Iter step doesnot lter out any objects, we always get 100% accuracy
The reasonthat we want embeddingsof higher quality is that those embeddings
will allow usto achieve the desiredaccuracywhile selectinga smaller number of
objects at the lter step, thus reducing the processingtime for the re ne step.

Table 1 shows the results of BoostMap vs. FastMap. For the hand database,
BoostMap leadsto signi cantly faster retrieval. In the ASL databaseBoostMap
givesslightly better results than FastMap.

In order to ewaluate the approximate alignment method described in Sec-
tion 4, we used the isolated digits benchmark (category 1a) of the UNIPEN
Train-R01/V0O7 online handwriting database[8], which consistsof 15;953 digit
samples.Each digit is represerted as a a seriesof so-calledpen-dowvn and pen-up
componerts. Each componert contains a sequenceof pentip information which
is sampledfrom the writer's pen movemert.

Data preprocessingand feature extraction is carried out exactly asdescribed
in [2]. Data preprocessingconsists of removing pen-up componerts and con-
catenating the remaining pen-dovn componerts into a single sequenceof (x,y)
locations, and removing repetitions of consecutive obsenations. Feature extrac-
tion consistsof normalizing the (x,y) coordinates by subtracting the mean and
dividing by standard deviation, and then adding a third directional feature,
which is the tangent angle of the vector connecting two consecutive locations.



Table 1. Comparison of BoostMap, FastMap and using brute-force seard, for the
purp ose of retrieving the exact nearest neighbors successfullyfor 95% or 100% of the
queries, using lter-and-re ne retrieval Dx # per query is the total number of Dx
computations needed per query, in order to embed the query and rank the top p
candidates selected at the Iter step. The exact Dx column shows the results for
brute-force seard, in which we simply evaluate Dx distances between the query and
all database images.

Retrieval accuracy and e ciency for hand database|
Method BoostMap| FastMap |Exact Dx
accuracy 95%|100%/95%|100%100%

Dx # per query |823 4267 |386417518107328
secondsper query|2.3 |10.6 (9.4 |42.4 |260

Retrieval accuracy and e ciency for ASL databas
Method BoostMap| FastMap |Exact Dx
accuracy 95%(100%|95%] 100% 100%

Dx # per query |249 (375 (269|398 |880
secondsper query|103 |155 (111 (164 |363

In summary, a feature vector sequences dened asQ = (Qi;%;:::;G;: ),
whereead g = (X;¥i; i)

For the experimernt the digits wererandomly and disjointly divided into train-
ing and test sets of ratio about 2:1 (or 10,630: 5,323 samples). The distance
measureDyx used for classi cation is Dynamic Time Warping [12]. In the I-
ter step, we precomputed the alignment betweenall database (training) digits
and 10 referencedigits. Thus, eadh databasedigit was embeddedinto a 1;101
dimensional space(the total sequencelength of the 10 referencedigits is 367,
and eat sample consistsof 3 features (%, ¥ )). During the online phase,a test
digit was embeddedinto the 1;101 dimensional spacein a similar way. The L,
distancein this vector spacewasusedfor approximating the true DTW distance
at the lter step. The Iter step selected100 candidate matches, and the re ne
step computed the exact DTW measurebetween the test object and the 100
candidates.In Table 2 we show the error rate and classi cation time for brute-
force seard, the Itering stepwith no re nement, and lter-and-re ne retrieval.
Filter-and-re ne retrieval leadsto minimal lossin accuracy while achieving a
speed-upfactor of about 28 over brute-force seard.

6 Discussion

The two methods described in this paper can be applied in a wide range of do-
mains where similarit y or distance betweenobjects is computationally expensive
to evaluate. We demonstrate the usefulnessof these methods with experiments
on three databasesfrom di erent domains. In all experiments we achieve signi -
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Fig. 2. Left: Example of a \seven". Circles denote \p en-down" locations, x's denote
\p en-up" locations. Right: The same example, after preprocessing.

Table 2. Comparison of Filter, Filter&Re ne and Exact DTW, for the purpose of
nearestneighbor classi cation. DTW # per query is the total number of DTW compu-
tations neededper query, in order to embed the query using R = 10 referencedigits and
rank the top p = 100 candidates selected at the Iter step. The Exact DTW column
shows the results for brute-force seard, in which we simply evaluate DTW distances
betweenthe query and all database digits .

NN classi cation error and e ciency for UNIPEN digits database
Method Filter |Filter&Re ne |Exact

NN-error 2.33%2.09% 2.05%

DTW # per query|10 110 10,630

secondsper query [0.32 [0.42 11.95

cant speed-upsover brute force seard, and improved performance comparedto
alternativ e methods.

At the sametime, it is important to identify a larger number of datasets, so
that we can thoroughly evaluate our algorithms and other existing approaces
and identify their relativ e strengths and weaknessesExamples of computation-
ally expensive measureson which our methods can be applied include the Haus-
dor distance,the Earth Mover's distance,the edit distancefor matching strings
and sequencegqlik e proteins and DNA), or the Kullback-Leibler distance for
matching probability distributions. E cien t ltering methods, like the onespro-
posedin this paper, can help real systemsbenet from the precision of such
expensive distance measures while keepingretrieval complexity manageable.
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