1

Similarity search has been touted as an effective approacﬂ
to find relevant images in a multimedia document collec-
tion. In the conventional case, the user provides a referenc
image, and the infrastructure identifies the images that ar
most similar. However, such a query image typically i
only a rough approximation of what the user is seeking. ; e ;
Typically, one wants to bring together characteristics ofPhysical organization of the data and the search algorithms
various reference images, and to have different similarity®
measures for different information needs. Thus, we need
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Abstract

Complex similarity queries, i.e., multi-feature
multi-object queries, are needed to express the in-
formation need of a user against a large multi-
media repository. Even if a user initially issues
a single-object query over one feature, a system
with relevance feedback will automatically gener-
ate a complex similarity query. Relevance feed-
back is only useful if response times are inter-
active. Therefore, this article contributes to the
important problem how to evaluate such complex
gueries efficiently. We describe a new evalua-
tion technique calledseneralized VA-File-based
Search (GeVAS). It builds on the VA-File [27],
supports queries over several feature types, and
borrows the idea to search an index structure with
several query objects in parallel from Ciaccia et
al. [8]. Our main contributions are twofold: 1) we
show that GeVAS does not degenerate for queries
with many objects or many feature types. 2) We
develop a number of variants of GeVAS, tailored
to the different distance measures and distance-
combining functions, and we show that they yield
a significant performance improvement.

I ntroduction

need. In what follows, a complex similarity query (or com-
plex query, for short) is anulti-object multi-feature query,

i.e., a query with several query images and explicit refer-
ences to different feature types.

An important application for such queriesridevance
feedback, a concept that increases the result quality of
similarity search. The idea behind relevance-feedback is
that the system interprets user judgements on preliminary
search results to generate a new, more precise query. While
early relevance-feedback models, notably [21], generate a
new, artificial query point, more recent models generate
gueries with several query objects (see [12] doery ex-
pansion with text documents), or they prune, add or re-
weight feature types [22]. Preliminary experiments have
shown that different models are most adequate for differ-
ent scenarios [22, 18]. Thus, relevance feedback requires
complex queries. Furthermore, to be acceptable to the user,
a system featuring relevance feedback must evaluate such
queries efficiently over large image collections. Previous
work on relevance feedback over images was restricted to
small collections, e.g., [22].

Briefly, the objective of this article is to develop fast
evaluation techniques for complex similarity queries that
enable relevance feedback methods for very large collec-
tions. Existing approaches on complex query evaluation
either are not general enough [8], or there typically is a
large gap between the evaluation times of simple queries
nd complex ones. This is the case for the well-kndwn
algorithm [9] and a recent elegant extension called Quick-
gombine [11]. Furthermore, their applicability is restricted

components that implement the generic interface re-

s quired [28].

Subsequently, we assume that we are free to choose the

n top. This article proposes the GeVAS set of algorithms
GeVAS' = 'Generalized VA-File based Search’). GeVAS

complex similarity queries to express a given information 9€neralizes and combines existing techniques in a natural
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way, namely theVA-File [27], the CPZ-approach [8],

as we call it, andparallel access to indices, a concept

subsequently denoted &mture fusion on-the-fly. On the

other hand, its investigation in quantitative terms is an

open issue. The contributions of this article are as follows:

1. Description of GeVAS. While the approach is natu-

ral, there are some problems regarding implementa-
tion that we will address.



may be an arbitrary number of feature typesi( . . . , K mjij»

for eachQy). Finally, the point(vij1,...,Vi j i) is the
representation of query obje@; in feature spacé; j. For

the sake of presentation, Figure 1 omits the weights at the
various levels of the query model. The following examples
provide some intuition regarding the structure of a query.

reference objects

feature types

Example 1 (Complex Query) Auser islooking for anim-
age of a black cow, but he only has a picture of a brown cow
. and one of a black horse at hand. The corresponding query
Figure 1: Query Model has two reference objects Q; (cow) and Q, (horse). There
is one feature type for each image: Fy 1 isthe shapefeature
of Q1, F2,1 the color feature of Q.

fealture v
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2. Providing evidencethat GeVASisfeasible. VA-File
based similarity search computes bounds on the que
distance of each data object. If these bounds are n
tight, the technique would degenerate. We show tha
this is not the case by a formal analysis and by exten
sive experiments covering all relevant cases.

3. Refinement of GeVAS for different similarity

‘%xamplez (Relevance Feedback) Usually, a user would
{ot type in a complex query as insinuated in Example 1.
Rather, he tells the system which images he likes and for
what reasons. To continue the above example, his initial
guery might have returned an image A with a black horse
. . i . and image B with a brown cow. The user would ratetheim-
measures. We investigate the relationship between ages as follows: image A contains an object with the right
t_he similarity measure in use and query-evaluationcolorbut wrong shapgand image B has the right shapéout
times. _These variants are glther not_obwous, or thethewrong color The resulting query is equal to the onein
benefit in quantitative terms is not obvious. Example 1 but is now generated by the system. Note that
4. Extensive evaluation of the GeVAS variants. We  relevance feedback based on Rocchio [21] will often not
compare the different variants of GeVAS experi- gjffice. With the example, Rocchio would produce artificial

mentally, using large image collections. We achieveyectors for the shape and color feature that lie between the
significantly better performance in most cases: Fortwo vectors for the images.

instance, one optimizatiompiecomputation of dis-
tances) has the effect that query-evaluation time is 22  Query Semantics

independent from the number of data objects , o
Distances. To state what a similarity query stands for, we

The remainder of this article has the following struc- introduce the notions deature distance, reference-object
ture: Section 2 introduces our model of complex similar- distance, andquery distance. The feature distanog j mea-
ity queries. Section 3 describes the evaluation alternativessures the dissimilarity of reference obj&t and data ob-
Section 4 summarizes our formal analysis of the feasibilityject P regarding feature typE; j. The i-th reference-object
of GeVAS. Section 5 is a description of our experimental distance; of a data object is eombined distanceto thei-th
setup. Section 6 presents our experimental results. Segeference object with regard to the feature representations
tion 7 concludes. [5] is an extended version of this article.Fl’l, ..., Fi mji)- We abbreviate this distance of data object
A prototype system which implements all these concepts iswith & (P). Usually, there are several ways to combine the

available on the Web [15]. distances of features to an overall distance, e.g., Weighted
Average. Moreover, we allow to weight the individual fea-
2 Query Structure and Semantics tures to reflect their importance for the current information

need. Finally, the query distance is a combined distance

A common implementation of image similarity search is o\er gl reference objects. We also allow for weighting on

as follows: a number deature-extraction algorithmsmap i |evel of the query model. In the following, we use the
each image to points ifeature spaces. Similar images are abbreviatiord(P) for the query distance d¥.

mapped to points that lie close to each other in the feature pjgtance-Combining Functions. Each objectP, of
spaces. Hence, an evaluation adimple similarity query,  the databas® and each reference obje@; is mapped
i.e., a query with one reference image and one featureto a set of feature representatiofipas1,...,Pam} and

is implemented asearest-neighbor search (NN-search) in {di1,---,0im}, respectively. Thé-th feature representa-

the respective feature space. tion of an object lies in a,-dimensional feature space.
A distance measuré(pa),0i) defines the distance of
2.1 Query Structure two points in this space. A common measure is the

(weighted) Minkowski metrid._g:
This subsection describes the structure of complex queries
which is borrowed from [19, 6]. Figure 1 displays the gen- d
eral structure of a query. A query consistsrofeference Ls: &(pay.Gi)) = J > wisl(pa)j—(@n)il* (1)
objectsI = {Qs,...,Qn}. For each reference object, there =1




where(pa,);j is the j-th componenp,. Throughout this

are elements oR*. But for the sake of clarity, we do not

paper, we may omit or s, as well as the weights, when introduce a new name.

the explicit mention is not needed. Based on themet-
ric, we introduce a distance functighy)? that avoids the

Some relevance-feedback models further require
weighting of individual reference objects, feature types

square root. Although this distance function is not a metric,and dimensions within a single feature vector. Dimension

it yields the same ordering of data points aslthemetric.
But its computation is significantly cheaper.

weights are implemented by the distance function, &(g.,
in Equation 2.1. Weighting reference objects and feature

To describe the reference-object distance and the quertypes is straightforward with Weighted Average. But this

distance, we introduce the notion difstance-combining

is not the case with Fuzzy-And or Fuzzy-Or. Fagin et al.

function. It combines a set of distances to an overall dis-solved this problem for a slightly different setting, and we

tance. More formally:

Definition 2.1 (Distance-Combining Function)

A (R™M —» R is a distance-combining function
for m distances. A is monotonic in all arguments,
i€ A(X,. .., Xm) <A, ..., X) if x5 <X for all i.

deploy their solution in our context (cf. [10]).
Problem Statement. Finally, we can define the nearest
neighbor search problem for complex queries.

Definition 2.2 (Nearest Neighbor Search; NN-Search)
Let o(P) be the query-distance function for the data
object P, given a set of reference objects and a family of

Note that monotonicity is a natural requirement: if one of features, as described by the query model. Further, let
the distances becomes larger, the similarity decreases. Thebe the number of nearest neighbors to return. The an-
following distance-combining functions implement differ- swer set A of ak nearest neighbor search (k-NN-search) is:

ent ways of combining distances. The examples combine

reference-object distances to a query distance.

Example 3 (Fuzzy-And, Fuzzy-Or, Weighted Aver age)
Given a set of n reference objects, Fuzzy-Andimplements
the idea that a data object should be close to all of them.
This leads to the maximum function (maxX for A, i.e:
8(P) = Dand (81(P), ..., 5n(P)) = rirfalx 5 (P).

If the reference objects represent a set of possibilities,
and each of them is acceptable, the Fuzzy-Or distance-
combining function would be more appropriate. Rather
than A = max it usesA = min.

Finally, let w € R" be the weights of the individual dis-
tances such that 3 ;w = 1. Then Weighted Averages
givenasA =3 w;-.

Normalization and Weighting. Combining feature dis-

A:{P‘PeD Atank(P) <k} with

. {1 8(P') < 8(P)
Pe

k(P) =
rank(P) 0 otherwise

With the above definition, the size of the answerAehay
be larger thak, e.g., if several objec® haverank(P) = k.

If the user insists on seeing onkyanswers, we may drop
the |A| — k objects with the largest rank fros in a non-
deterministic way.

While distances measure dissimilarity, it would also be
possible to work withscores that measure the similarity.
Scores ar@mormalized by definition, i.e., from the interval
[0,1] (1=identity, O=no similarity at all). We deployeor-
respondence function [8] to map query distances to overall
scores. Hence, unlike [9, 8, 28], we do not need to deal
with scores at the intermediate levels.

tances as described so far is not sufficient since the mean- . )
ing of a distance value depends on the distance distribution3 Evaluation of Complex Queries

For example, assume we would deploy Fuzzy-Or on a dis
tance from the feature spaf@ 1]'° and on one from the

feature spacg-10,10]1°° As distances in the first space
are much smaller than in the later one, Fuzzy-Or yields th
distance from the first space in almost all cases. This woul
mean that the second feature did not matter with regar
to overall similarity. We normalize distances with a well-
chosen normalization function for each distance measur
to avoid such situations. A common normalization scheme
is a linear transformation using the Gaussian parameters

the distance distribution @t

Example4 Let i and o) be the mean distance and the
standard deviation of distancesin thel-th feature space us-
ing the distance function &,. Then the Gaussian normalized

distances hg (x) are given by: hg (X) = %

This section investigates how to evaluate complex queries

efficiently. Our reflections on the different kinds of queries

are not independent of each other. Our proposals how to
valuate multi-feature and multi-object queries build on ef-
icient evaluation techniques for simple queries. The ap-

?Jroach for multi-feature multi-object queries is a general-

ization of the ones for multi-feature single-object queries

&nd single-feature multi-object queries. Finally, since we

pect 10-costs to dominate the costs of query evaluation,
e will strive to keep these costs small. Reducing CPU
costs will be an issue only when they are larger than 10
costs. These subsections introduce the GeVAS algorithms
step by step, together with the optimizations.

3.1 Single-Feature Single-Object Queries
Feature representations of images typically are high-

Note that normalized distances may be smaller than 0. Aslimensional. There is evidence [13, 1] that NN-search in
such, the term "distance” is not appropriate as distancebigh-dimensional spaces is effective and yields satisfactory



retrieval quality. However, the exact evaluation of such 3. We keep track of thé& smallest upper bounds seen
queries is linear in the number of data objects [16, 27, 4, 3]. so far during the first phase. We can terminate the
A well accepted implementation of NN-search works with computation of the current lower bound when it is
guantized representations of the points, as first described larger than thosk upper bounds.

in [27] with the vector-approximation file (VA-File). Ex-

tensions of the method include the 1Q-Tree [3] and the A-3.2 Multi-Feature Single-Object Queries

Tree [23]. In the following, we review the VA-File idea.

Structure of the VA-File. The VA-File consists of two  This subsection discusses evaluation of multi-feature
files: one contains a short approximation of the feature repSingle-object queries, i.e., there is one reference object with
resentation of each data point, the other one the exact reph features. Multi-feature single-object queries require nor-
resentations of each point. We obtain the quantizations bynalization, as described in Subsection 2.2. We see two
|aying a gnd over the data Space and approximating théilt(_—:‘l’natlve eVaant|On SCheméSatUre fus(-)n andfeature.
points by their surrounding cells (cf. Figure 2). Grid lines fusion on-the-fly. Feature fusion works with both VA-File
are chosen such that the number of objects between twdnd trees as underlying data structure (even though we de-
neighboring lines is roughly the same. Note that we do notScribe it only for the VA-File). The second scheme in turn
need a distance function to build the VA-File. is feasible with the VA-File only.

Subsequentlyb denotes the number of approximation ~ New but impractical approach: feature fusion. In-

bits per dimension, and is the dimensionality of the fea- dexes may apply to individual attributes or to combinations
ture space. In Figure 2,= 2, andb = 2. A realistic value  Of attributes with relational databases. In analogy to the

for b would be between 6 and 8, as shown in [27]. combination case, the idea with feature fusion is to concate-
Given the feature representatiqrof a query point, its  nate the feature points representing a data object, always in

distance to the cell of a poin is a lower bound of the the same order, and to build an index or a VA-File on these

distance ofp andq. Analogously, we can upper bound New points. As with simple queries, approximation-based

that distance (cf. right half of Figure 2). More formally, data structures such as the VA-File are more appropriate
m[j,0], ..., m[j,2°] are the partition points in dimensign than traditional hierarchical methods like the SR-Tree [16].

si(p) € {O,...,Zb—l} is the number of the interval qfin Namely, when concatenating several features, the over-

dimensionj, i.e., the approximation gf for dimensionj, all dimensionality increases, and those traditional meth-
andg; is the value ofy in dimensionj. The lower bound of ods further deteriorate. Feature fusion avoids the random-
the distance op andq is as follows, using the 4 metric: access phase, in comparison to #ealgorithm [9]. How-

ever, this comes at additional storage costs.

While our query model allows for explicit references to
different feature types plus weights, one might wonder why
one 'large’ feature that is a concatenation of all the individ-
ual features is not sufficient. At first sight, this seemingly
leads to higher result quality. However, the additional flex-

VA-Filebased query evaluation. NN-query evaluation  ibility of our model is necessary: The number of feature
consists of two phases. The first phafikefing phase) it- types available is large and the costs of evaluating a query
erates through the approximation file and computes a lowegrow with the sum of the number of dimensions. On the
and an upper bound on the distance of the current data poirftither hand, it depends on the concrete information need
to the given query point (cf. Figure 2). These bounds allowwhether an additional feature type leads to better query re-
the pruning of the vast majority of data objects. The secondults. A feature type may not be of much help if another
phase ifspection phase) then retrieves the exact represen- type can more or less substitute it, if the similarity notion
tation of the remaining objects and computes their distance0f the feature-extraction algorithm is too restrictive from a
More formally, the second phase inspegt and only if user perspective, or if the weight of a feature type chosen
IBnd,(p,q) < nn9s(q), wherennds(q) denotes the NN- by a relevance-feedback model is very small. The respec-
distance ofg. Experience shows that the number of datative feature may be left aside in such cases.
objects dealt with in the second phase is almost indepen- New approach: feature fusion on-the-fly. In contrast
dent of the number of data objedts a typical number is  to feature fusion, the points corresponding to one data ob-
five objects folkk = 1 andN = 500, 000. ject are now brought together only in main memory during

Implementation of VA-File based query evaluation. query evaluation. For each feature type, we build a VA-File
The following optimizations reduce computation costs: ~ such that the order of objects is the same in all files. Evalu-

1. The distances between the query point and each Iination of multi-feature queries again consists of two phases.

. . The first one scans through all approximation files in paral-
of _the_ grld_ are precomputed before the first IOhaSe'lel. For each object, the approximations determine bounds
This simplifies computations of the bounds.

. . . . on the normalized feature distances which are combined to
2. We avoid thes th root vyh_en dealing with abs metric.  pounds on the query distance. After pruning, the second
Dye to fche monotonicity of the root-function, we phase accesses the exact representations of each remaining
St.'" obtain the correct rgnk. We compute the correct yata object in the different vector files, computes its ex-
distance only for the objects in the answer set.

aa [(Msip)]—a)? g <mij,s(p)]
1Bndz(p, ) = Zo (0 —mlj,si(p)+1))* qj > mlj,sj(p)+1]
=010 otherwise

(3.1)
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Figure 2: Structure of the VA-File

act query distance and returns the objects with the smallegance. These are indeed bounds as the distance-combining
query distance. Hence, search efficiency is almost equal téunction is monotonic. The computational complexity of
the one of feature fusion except for the second phase: inthe first phase of the approacha&d - N - n). Obviously,
stead of reading onli’ points as with feature fusion, we if nis large enough, the computational costs may exceed
have to read’ - m points, one for each feature type. Thesethe ones for reading the quantizations from disk. In some
additional costs however are not significant, as our expericases, however, it is possible to reduce the above complex-
ments will show. Consequently, feature fusion on-the-fly isity to o(d- (N + n)) depending on the the metric in use and
almost as efficient as feature fusion, but without exorbitantthe distance-combining function. We will refer to this op-
additional storage costs. timization asprecomputation of bounds. It is a generaliza-

It is important to notice that feature fusion on-the-fly is tion of Optimization 1 in Subsection 3.1.
not feasible with hierarchical methods, i.e., both "classical” For instance, assume that we use themetric and
tree-based approaches [2, 16] and approaches extending th'geighted Average to combine distances. L&nd;(q;,p)
VA-File [3, 23]. This is because the leaf nodes of trees fordenote the lower bound on the distance in dimengibe-
different features do not contain the same objects. tween the feature poirg; of thei-th reference object and

the one for the current data poim)( It is given as:

3.3 Single-Feature Multi-Object Queries

We now investigate the evaluation of queries consisting of mii,si ()] = (a);  (ai); <mii,s;(p)]
nreference objects with the same feature type. This subsec- 'Bdi(@i-P) = (@)j —mij,sj(p)+1] (a); > mlj.s;(p)+1]
tion also pinpoints relationships between the query seman- 0 otherwise

tics and the techniques for query evaluatiaxp,l") de- (3.2)

notes the query distance in the single-feature multi-object

: ) Leaving aside the weights for the ease of presentation,
query case wherk is the set of feature representations of y, d 9 P

e combined lower bound is then as follows:

the query objects. n od d /n
Existing approach: CPZ-approach. Tree-based im- IBnd(p) = Z IBnd;(qi,p) = z (ZIBndj(qi,p)> (3.3)
plementations of simple NN-search compute a lower and i=1j=1 =1 \i=

upper bound on the distance between data points in . . .
bounding region and the query point. They use thesearhe term in parentheses in the last equation only depends

: . . .~~on the grid slice in which the data point in dimensipn
bounds to prune bounding regions and to decide onthelrorﬁes’ givgen a query. That term has tFr)1e same value %r all

der of inspection [14]. Furthermore, recall that a distance-ints in this slice. So we precompute these values for all
combining function takes object distances as argumentgimensions and all slices. The number of slices is rather
and returns the query distance. The approach used in [8mall, e.g., there are only 256 slices per dimension with
is the computation of the bounds on the query distance 08 bits. LetIBnd;(s) be the precomputed combined lower
the bounding regions. They do so by applying the distancebound for thes-th slice in dimensiorj. The computational
combining function to the bounds on the object distances offomplexity to precompute alBnd;(s) is o(d-n). The

the bounding regions. The bounds on the query distance aréomputation of combined Idower bounds simplifies to:

used for pruning and ordering the bounding regions, as in B e

the simple case. In other words, NN-search traverses the 'Bnd(p) = j;'B“dJ(SJ(p” (34
tree with all query points in parallel.

New approach: VA-File for multi-object queries. It An analogue scheme can be deployed to determine up-
is straightforward to adapt the CPZ-approach to the VA-per bounds on the combined distances, abbreviated with
File: one determines the bounds on the distance betweenBnd. Summing up, the first phase of VA-File based NN-
the current data point and each reference object. Thessgearch consists of two steps: 1) precompultiigl ; (s) and
bounds are then combined to the bounds on the query disaBndj(s) for all dimensions and all slices, and 2) applying



Equation (3.4) to each data object. The overall complexity
is thus:o(d- (N +n)).

Unfortunately, this scheme is not always applicable.
For instance, if we use Fuzzy-And to combine distances,
we cannot change the order of max afd(cf. Equa-
tion (3.3)). Analogously, we cannot deploy the precom-
putation scheme with thie;-metric because of the square
root. In these cases andrifis large, the computational , )
costs may exceed the ones for 10. The rationale behind the Figure 3: Restructuring a complex query.
following optimization is to avoid this for most settings.

Refinement of our new approach: early abort of
distance combination. The discussion so far has insin-

uated that the GeVAS algorithms compute bounds on al ypes of d_ifferent referen_ce o_bjec_ts may overlap. Rather
distances of the current data object before applying thdn@n reading the approximation file of each feature type

distance-combining function, if precomputation of bounds Seéveral times, the ideal evaluation scheme has the following
is not feasible. However, this is not necessary in manycharacterlstlc: one iteration over the approximation file for
cases. When combining distances withighted Average, a certain feature type evaluates all sub-queries that refer to
we can abort as soon as the left inequality holdaxDist that feature type. We call this technigsieared iterators.

Optimization: Shared iterators. The sets of feature

is the smallest upper bound seen so far): It is feasible independent of the metric and the distance-
C wox s maxDid = N wiex > maxDig i< n combining function in use.
g & New approach: Restructuring of the query. For

multi-object queries, we have developed an optimization

The implication holds because; > 0, andxj > 0. x; >0  that precomputes bounds. Unfortunately, it is not applica-
because we do not normalize. ble with the query in Figure 3 (left). The reason is that the

Let us now look afuzzy-And as the distance-combining  color feature distances of the data objectQicandQ; are
function. We can abort the computation of the combinednot directly combined with each other. We can avoid this
distance if the maximum distance encountered so far eXaffact with an additional measure. If the complex query
ceeds the upper boumaxDist. Namely, only uses one type of distance-combining functions, we can
restructure the query from a set of multi-feature queries into
a set of multi-object queries. As a result, the transformed
guery contains a multi-object query for each feature type.
Our evaluation technique of the last subsectjmedompu-
tation of bounds) can handle it efficiently. Unfortunately,
restructuring of a query is not feasible if it uses different
types of distance-combining functions.

m%x Xj > maxDig = mrgalx Xj >maxDig  i<n
i= i=

With Fuzzy-Or, we cannot do much. We have to com-
puteall distances and cannot prune accordinguxDist.
But min(maxDigt, X1, ...,X—1) is an upper bound fox;.

Our implementation covers further cases, but explicitly
dealing with them here does not provide any additional in- .
sight. Finally, early abort of distance combination is also4 Quality of Bounds

feasible with multi-feature queries. But 10-costs domi- prior to conducting performance studies, it is not evident
nate with such querieS, and the effect of the Optimization iS\Nhether the performance of GeVAS will be as good as the
limited. The following table lists all combinations of met- gne of VA-File based search for simple queries. [25]has
ric and distance-combining function and indicates whetheripyestigated the relationship of the number of bits, the ap-
a precomputational scheme is available (++), or, alternaproximation error and the expected performance of the VA-
tively, whether early abort of distance combination is ex-File. Our investigation showed that the VA-File is faster
pected to yield significant cost reduction (+): than a sequential scan or a tree, if the number of candidates
in the second phase is small, e.g. smaller than 100. Other-

i . ini 2
distance-combining func | Li L (L) Lle wise, the second phase invokes too many random accesses

\é\ﬁez'ghfg? Average +0+ S +g B to the vector data, and performance deteriorates, much like
Fuzzz-And + 4 + — with trees. Furthermore, we have found that the number of

candidates is directly related to the error of the approxima-

. . . . tions, i.e. the difference between the bounds and the dis-
34 Multi-Feature Multi-Object Queries tance. For instance, increasing the number of bits by one,
Finally, we deal with the general case, again elaboratinghalves the error of the bounds. This reduces the number of
the relationship between similarity measure and perfor-candidates significantly.

mance. To evaluate multi-feature multi-object queries with  These relationships also hold in the complex case. How-

GeVAS, the techniques from the previous two subsection®ver, it is not obvious how many bits are required to keep

need to be combined. While the combination is relativelythe bounds tight, i.e. whether we need more bits than in the
straightforward in some cases, the obvious approach leadsimple case. The number of candidates would become so
to 10-costs that are unnecessarily high in the general caselarge with a bad configuration that the second phase lasts
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Figure 4: Different architectures for query evaluation.

longer than a sequential scan over the exact vector repreducted all experiments on a single machine.
sentations. In analogy to the simple case studied in [25], Hardware. All experiments ran on a Pentiumill with
we have investigated the influence of the number of queryd50 MHz and 512 MBytes main memory. The data was
objects on the error of bounds and on the number of candistored on a SCSI Harddisk with an average seek time of
dates [5]. Our approach is as follows: we show that the er7 ms, and a data transfer rate of 16 MB/s. We cached all
ror of bounds is at most twice as large as in the simple cas¢he internal nodes with the tree-based index methods. Only
with an infinite number of query objects using the samethe leaves were read directly from disk, bypassing the file
number of bits in the worst case. Thus, we can achieve theache of the system. All data was fetched directly from the
same tight bounds for a multi-object query as for a simpledisk without any caching with the VA-File.
query by increasing the number of bits per dimension by  Data Sets and Further Settings. We have gathered
at most 1. In the case of multi-feature queries or multi- around 230,000 images from diverse sources. We have ex-
feature multi-object queries, we may regard the differentiracted the following feature types for each of these images:
features as one large feature. Thus, the number of bits only) color moments in the Lab-color space [24], subsequently
increases logarithmically with the total number of dimen- apbreviated wittFg or F4s, 2) RGB color histograms with
sions [25]. For instance, if the number of dimensions in-64 bins Fg4) [20], and 3) texture moments based on gabor
creases by a factor of 4, we need one additional bit pefilters (Fso) [17]. The number in the abbreviations stands
dimension to keep the number of candidates constant.  for the dimensionality of the respective features. The fol-
lowing experiments only use these real data sets and no
5 Experimental Setup synthetic ones. The page size of the tree algorithms was
8 kB throughout all experiments. We always used 8 bits
The remainder of this article reports our experimental eval-per dimension for the VA-File. All experiments measured
uation. The evaluation includes all query-evaluation tech-average times for the 15-NN-search.
niques this article has mentioned. Our implementation of \ye gistinguish between two scenarios with multi-object
the Ao-algorithm [9] uses the VA-File [27] as the indexing queries: a best case scenario and a bad case scenario. The
method for the sources. In the case of multi-object queriesgirst scenario uses the objects in the answer set of a previous
we extended the RTree [2], the SR-Tree [16] and the M- NN-query as the reference objects. This corresponds to the
Tree [7] according to the CPZ-approach. These tree-basegtation where relevance feedback constructs the query.
evaluation alternatives are "fully optimized'. The bad case scenario randomly selecf®ints from the
Figure 4 illustrates the architectures of our approach an@jata set. With both scenarios, we used the Weighted Av-
the one of thé\o-algorithm. TheAo-algorithm obviouslyis  erage distance-combining function and the)? distance

on top of search components, while our approach integrategeasure. Experiments with other functions and measures
all feature data into one component. One may argue that thgje|ded almost identical results.

architecture in Figure 4 (b) lends itself to parallelization

in a cluster of workstations while the one in Figure 4 (a) )

i limited to a single machine. However, we already have® EXperiments

reported on a parallel implementation of Fhe VA—FiIe_ [26].. 6.1 Single-FeatureMulti-Object Queries

Our results have shown that the speedup is roughly linear in

the number of components. An analogous extension for thé&igure 6.1 depicts the elapsed times of the approaches as a
complex case is straightforward (and already implementedjunction of n for the best case scenario for a real data set
and achieves the same speedup. In what follows, we conwith 45 dimensions and 230,000 objects, using a logarith-
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Figure 5: Elapsed times for multi-object queries. (a) Best case; and (b) bad case.
mic time scale. The&\g-algorithm is not bad for smalh For quantification of the speedup due to the precompu-

and even beats some of the trees (due to the superiority dation of bounds described in Section 3.3, we compared the
the VA-File). However, search costs "explode” with the elapsed times and the CPU times of an optimized GeVAS
number of reference objects. Remember, however, that thenplementation with a non-optimized one. We used the
approaches are not fully compatible. For all other meth-(L,)?> metric, Weighted Average as distance combining
ods, elapsed times are mostly independemt,adis 10 is  function and the~4s feature. We added the times of the
the dominant cost factor. GeVAS outperforms the extendedSR-Tree with early abort of distance computation as a ref-
trees by one to two orders of magnitude. erence point. Figure 7 depicts the elapsed times and CPU
times as a function of the number of reference objects.

In the bad case scenario depicted in Figure Bglper- e . .
forms poorly: search costs with two reference objects areglvv\?; ;hk?etl{cg?{)r:glfﬁg O%Q'Egiébﬁgﬁ?hil%g'ﬁgepg rfg;rgsast
more than 100 times larger than with only one. The main y y

reason is that thég-algorithm must fetch a large number & factor of 3 with regard to elapsed time. Comparing the

of items from each source until 15 matches are found. Fore Iapsedfu;n es (left d|_ag_rar(rj1) \INIth.tEe CPU t|mes_ (”glht dia-
instance, in the bad case for= 5, the Ap-algorithm ran- gram) of the non-optimized algorithm, computational costs

domly accessed 10 percent of all data objects, leading tgommate the response time foc- 5. With the optimized

a response time of around twenty minutes in our setupglr?lOrg]heméog?smfgl:ta:fcnoar;CS;;S ?rrfa %R?}Ztscig\t/avr;itt’hl.e”
This dramatic deterioration was already mentioned and eX:I'hi)S/ means that S(farch copsts a%e bound b thge 10-costs. In
plained in [9]. The difference between QuickCombine andother words, the number of reference objgcts does not éf-
Ao, as reported in [11], is much smaller than the one be'fect overall r,esponse time
tween GeVAS and thég-algorithm. Performance of the )

M-Tree and the R-Tree is about equal for varying num- . . . .
bers of reference objects as they access all leaf pages, bﬁt2 Multi-Feature Single-Obj ect Queries
poor in absolute terms (two orders of magnitude below theThis subsection compares the performance of a) feature
one of GeVAS). Only the SR-Tree performs worse in thefusion, b) feature fusion on-the-fly, and c) Fagimy-

bad case than in the best case as it was the only tree calgorithm for multi-feature queries. All three cases deploy
pable to prune some leaf pages in the best case. GeVAfe VA-File. We will abbreviate (b) witiWAF-single and (c)
executes the queries in the bad case as fast as in the besith Single-A0. In contrast to the multi-object case, multi-
case. feature queries are closer to best-case queries than to bad-

. . case queries. This is because many feature types are cor-
The next series of experiments leaves the number of ref- q y yp

erence objects constamt£ 5), and varies the data sets. We related, and features rank the data objects more or less in

measured the elapsed times and determined the imprové—; :?O%asre;blerggirégg?Efféfeg;i%ﬁbﬁfiisoendst:)Tﬁ;J?(;tahe
ment factor of GeVAS over the other approaches. Fig- PP

ure 6 shows the respective results. Note that the facto%ure types. Thé\-algorithm performs well, but worse than

scale is logarithmic, and bars with values above 1 mean the} ::]ufr:;tlfj Srg)?ﬁs;?]atwg ]::li)srlglrlljgg_'ctr?aet_fsl)é:rcﬂI?:Qtslilsvt\jlgrseen d
GeVAS performs better by the factor shown. Figures 6.1 ) . . aep

: . n the total number of dimensions. Only a small portion of
and 6.1 contain the graphs for the elapsed times of the be e costs is due to the access to several files
case scenario and the bad case scenario, respectively. In :
the bad case, GeVAS typically is faster by a factor of at . . . .
least 10 than the other approaches. When compariAg,to 6.3 Multi-Object Multi-Feature Queries
the factor easily exceeds 1000. In the best case, only thEinally, we quantify the benefit of query restructuring.
SR-Tree with the data s& is competitive to GeVAS, as Figure 6.3 graphs elapsed time using two feature types,
the dimensionality of this data set is only 9. i.e., each reference object refers to the same two feature
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Figure 7: Effect of the optimizations with multi-object queries. (a) elapsed times; (b) CPU times.

types. Furthermore, we again distinguish between a bedhe various forms of multi-object multi-feature queries.

case and a bad case scenario and between an evaluationOnline Demo and Extended Version. We have imple-
with restructuring ("full opt.”) and a non-optimized eval- mented the GeVAS set of algorithms as described in this
uation ("no opt.”). Obviously, restructuring keeps the re- paper, and used them to enable relevance feedback in our
sponse times almost constant. Even with 100 reference oldarge image retrieval system [15]. The current system con-
jects, elapsed times are not much larger than with only oneains more than 220,000 images, deploys around 20 differ-
reference object. Moreover, there is no difference betweemnt feature types with dimensionalities between 9 and 560,
a bad case and a best case, i.e., the optimized evaluation ahd features relevance feedback with various models. This

complex queries is very stable. requires the full complexity of the query model described
in this paper. Finally, there is an extended version of this
7 Conclusions paper covering additional aspects like the quality of bounds

for complex queries [5].
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