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Abstract

Some approximate indexing schemes have been recently proposed in metric spaces which sort the objects in the database according
to pseudo-scores. It is known that (1) some of them provide a very good trade-off between response time and accuracy, and (2)
probability-based pseudo-scores can provide an optimal trade-off in range queries if the probabilities are correctly estimated. Based
on these facts, we propose a probabilistic enhancement scheme which can be applied to any pseudo-score based scheme. Our
scheme computes probability-based pseudo-scores using pseudo-scores obtained from a pseudo-score based scheme. In order to
estimate the probability-based pseudo-scores, we use the object-specific parameters in logistic regression and learn the parameters
using MAP (Maximum a Posteriori) estimation and the empirical Bayes method. We also propose a technique which speeds up
learning the parameters using pseudo-scores. We applied our scheme to the two state-of-the-art schemes: the standard pivot-based
scheme and the permutation-based scheme, and evaluated them using various kinds of datasets from the Metric Space Library. The
results showed that our scheme outperformed the conventional schemes, with regard to both the number of distance computations
and the CPU time, in all the datasets.

Keywords: metric space indexing, approximate indexing, pseudo-score, probabilistic enhancement, logistic regression, maximum
a posteriori estimation, empirical Bayes method, similar training object

1. Introduction

A number of metric space indexing methods (also known as
metric access methods) have been developed in the area of sim-
ilarity search to reduce the number of distance computations at
query time [1, 2]. Since distance computations are generally
expensive, these methods can find the objects in the database
within a fixed distance to the query object (i.e. answer to the
range query) or theK nearest neighbor objects (i.e. answer to
the K-NN query), faster than the sequential scan which com-
putes distances for all objects in the database. The main feature
of these methods is that they can be applied as long as distance
measures are defined. In fact, they have a variety of applications
which retrieve complex data such as audio, images, videos, doc-
uments, and biometric data.

One way to categorize metric space indexing methods is
based on whether they guarantee to return the correct result or
not. The former ones are referred to asexact indexing schemes,
while the latter ones are referred to asapproximate (or inexact)
indexing schemes. Exact indexing schemes make use of the
triangle inequality to discard the objects which are not in the
correct answer. However, they suffer from thecurse of dimen-
sionality: the triangle inequality is effective only in low dimen-
sional spaces, and they end up comparing almost all the objects
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when theintrinsic dimensionality[1] is very high. Approximate
indexing schemes are designed to quickly find an approximate
answer even in such cases. For example, some approximate
schemes compute, for each object in the database, some value
which is easily computed and highly relevant to the true dis-
tance, and compute the true distances in ascending (or descend-
ing) order of the values. In this paper, we refer to such values as
pseudo-scoresin the same way as [3]1, and such approximate
schemes aspseudo-score based schemes. By stopping search-
ing at some halting point, they reduce the number of distance
computations. They can control, by adjusting the halting point,
the trade-off between the number of distance computations re-
quired and the number of retrieved objects in the correct answer.

The permutation-based scheme [4, 5] is one of the pseudo-
score based schemes and is known as very successful approxi-
mate indexing schemes. It was shown that this scheme outper-
formed other schemes, in some cases by a wide margin. This
scheme first prepares some objects aspivots and keeps them
separately from the objects in the database. Then, it computes
and stores, for each object in the database, a permutation where
the pivot IDs are written in ascending order of distances to the
object. At query time, it computes the rank correlation between
the permutation of the query object and that of the object in the
database as a pseudo-score.

Another example is the distance regression scheme [6] which

1We refer to such values aspseudo-scoresbecause distances (or similarities)
are calledscoresin biometrics. Pseudo-scores are not the true scores, but highly
relevant to the true scores.
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outperformed the permutation-based scheme in some cases in
their experiments. At indexing time, this scheme computes the
regression coefficients in a linear regression model. At query
time, it computes, for each object, using the distances between
the query object and all pivots, either of the following as a
pseudo-score: the estimate of the distance to the query object
or the probability of being in the answer to the range query. In
this paper, we refer to the former as adistance-based pseudo-
scoreand the latter as aprobability-based pseudo-score. The
distance regression scheme computes distance-based pseudo-
scores by assuming the linear regression model, and computes
probability-based pseudo-scores by further assuming that the
estimation errors are normally distributed. Probability-based
pseudo-scores make it possible to compare the objects in de-
scending order of the probability of being in the answer to the
range query. Thus, they maximize, for any given halting point,
the expected number of retrieved objects in the correct answer
if the probabilities are correctly estimated. However, they per-
formed worse than the distance-based pseudo-scores in their
experiments, which indicates the further assumption about the
estimation errors may not be appropriate.

The motivation of our work is based on the fact that (1) some
pseudo-score based schemes provide a very good trade-off be-
tween response time and accuracy and (2) probability-based
pseudo-scores can provide an optimal trade-off in range queries
if the probabilities are correctly estimated. Taking these matters
into account, we focus on range queries and propose aproba-
bilistic enhancement schemefor pseudo-score based schemes.
The main contributions of our work are as follows:

1. We propose a probabilistic enhancement scheme which
uses pseudo-scores obtained from a pseudo-score based
scheme to compute probability-based pseudo-scores. The
main difference between our scheme and [6] isgeneral ap-
plicability: our scheme can be applied to any pseudo-score
based scheme to enhance its performance.

2. We propose a technique which computes the probability-
based pseudo-scores using the object-specific parameters
in logistic regression [7], and learns the parameters using
MAP (Maximum a Posteriori) estimation and the empir-
ical Bayes method [7]. This technique quickly and cor-
rectly estimate the probability-based pseudo-scores.

3. We propose a technique which speeds up learning the pa-
rameters using pseudo-scores. This technique significantly
reduces the time to learn the parameters while keeping the
trade-off between response time and accuracy.

4. We show the effectiveness of our scheme through the ex-
perimental evaluation using various kinds of datasets from
the Metric Space Library [8].

This paper is an extension of a previously published confer-
ence paper [9]. The main enhancements are as follows: (1) De-
scription of determining hyper-parameters using the empirical
Bayes method in our scheme (Section 4.2.2); (2) Description
of the probabilistic enhancement scheme for multi-modal bio-
metric identification the authors proposed in [3] and the differ-
ence between the proposal in this paper and the scheme in [3]
(Section 4.4); (3) Measuring the CPU time at query time in the

experiments (Section 5 and Section 6); (4) Scalability analysis
of our scheme by increasing the number of objects (synthetic
vectors generated from a uniform distribution) from 10, 000 to
100,000 (Section 5 and Section 6).

The remaining of this paper is organized as follows: Sec-
tion 2 gives the definitions used in this paper; Section 3 reviews
the previous work closely related to ours; Section 4 explains
the algorithm of our scheme and the difference of it from the
probabilistic enhancement scheme for multi-modal biometric
identification [3]; Section 5 shows the experimental results us-
ing various kinds of datasets; Section 6 discusses the results;
Finally, Section 7 concludes this paper with directions for the
future.

2. Definitions

Let X be a universe of objects,q ∈ X a query object,U =
{ui |1 ≤ i ≤ n} ⊂ X a finite set of objects in the database,P =
{pi |1 ≤ i ≤ k} ⊂ X\U a finite set of pivots2, andd: X × X → R
a distance function. A range query is then expressed asR(q, r),
wherer is a search radius and the goal is to find a set of objects
{ui ∈ U|d(q,ui) ≤ r}. The search radiusr is often set to be very
small so that less than ten or one hundred objects are found as
a correct answer. AK-NN query is expressed askNN(q,K),
where the goal is to find theK objects inU that are closest toq.

Let us explain the most basic type of pseudo-score based
scheme whose performance was evaluated in [4]. At indexing
time, this scheme computes a distance between every object
ui ∈ U and every pivotpi ∈ P. LetΦ: X → Rk be adistance
vector functionwhich maps the objecto ∈ X to a distance vec-
tor (d(o, p1), · · · ,d(o, pk))T . The index of this scheme is a set
of n distance vectors{Φ(u1), · · · ,Φ(un)}.

At query time, it carries out the search as follows: (1) Com-
pute a distanced(q, pi) for each pivotpi ∈ P, and obtainΦ(q);
(2) Compute a pseudo-score for each objectui ∈ U usingΦ(q)
andΦ(ui); (3) Compute a distanced(q,ui) for the objectui ∈ U
in ascending order of the pseudo-scores; (4) Stop searching
at some halting point and output the result of either the range
query or theK-NN query.

Let s: X × X → R be apseudo-score function. A pseudo-
scores(q,ui) betweenq andui ∈ U is computed using, for ex-
ample,Lp norms betweenΦ(q) andΦ(ui) which are given by

Lp(Φ(q),Φ(ui)) =

 k∑
j=1

∣∣∣d(q, p j) − d(ui , p j)
∣∣∣p

1/p

. (1)

This scheme can be regarded as a modification of LAESA (Lin-
ear Approximating and Eliminating Search Algorithm) [10] to
use generalLp norms instead ofL∞ in the approximating step
and to skip the elimination step using the triangle inequality. In
this paper, we refer to this scheme as thestandard pivot-based
scheme. Table 1 summarizes the basic notations in this paper.

2Normally pivots are selected from the objects in the database, and in that
senseP should be included inU. However, our interest is to compare the per-
formance of different pseudo-score functions, and for this purpose we keepP
separately fromU.
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Table 1: Notations used in this paper.

Symbol Description
X universe of objects
U set of objects in the databaseU ⊂ X
P set of pivotsP ⊂ X\U
n number of objects in the database
k number of pivots
q query objectq ∈ X
ui i-th object in the databaseui ∈ U (1 ≤ i ≤ n)
pi i-th pivot pi ∈ P (1 ≤ i ≤ k)
d distance functiond: X × X→ R
Φ distance vector functionΦ: X→ Rk

s pseudo-score functions: X × X→ R

3. Related work

In this section, we introduce the previous work on pseudo-
score based schemes other than the standard pivot-based
scheme.

The permutation-based scheme was independently proposed
by Ch́avezet al. [4] and Amato and Savino [5]. At indexing
time, this scheme computes, for each objectui ∈ U, a permu-
tationΠui where the pivot IDs are written in ascending order of
the distance fromui , usingΦ(ui). The index is a set ofn permu-
tations

{
Πu1, · · · ,Πun

}
. At query time, a pseudo-scores(q, ui) is

computed using the rank correlation betweenΠq andΠui such
as Spearman’s Footrule, Spearman’s Rho, and Kendall Tau. For
example, Spearman’s Rho can be expressed as

Sρ(Πq,Πui ) =
k∑

j=1

(Π−1
q ( j) − Π−1

ui
( j))2, (2)

whereΠ−1( j) denotes the position ofp j in Π [4]. For exam-
ple, if Πq = p2, p3, p4, p1 andΠui = p2, p1, p3, p4 (k = 4), then
Sρ(Πq,Πui ) = (4−2)2+ (1−1)2+ (2−3)2+ (3−4)2 = 6. It was
shown that this scheme outperformed other schemes includ-
ing the standard pivot-based scheme [4]. Performance of this
scheme was evaluated in [5] when just theki andks (ki , ks < k)
closest pivots were used for indexing and searching, respec-
tively.

A number of researches have been made on searching in per-
mutation spaces: Figueroaet al. [11] proposed iAESA (im-
proved AESA) which uses Spearman’s Footrule instead ofL1

to choose pivots in AESA [12], and reported it outperformed
AESA with regard to response time; The extra CPU time in
the permutation-based scheme due to computing all pseudo-
scores and sorting them was reduced by using another indexing
scheme [13]; PP-Index (Permutation Prefix Index) [14] and M-
Index (Metric Index) [15] were proposed as permutation-based
tree structures; The number of existing permutations out of the
k! unrestricted permutations was examined in [16].

The distance regression-based scheme, proposed by Edsberg
et al. [6], is another example of pseudo-score based schemes.
At indexing time, this scheme computes, for each objectui ∈ U,
k+ 1 regression coefficients in linear regression (n(k+ 1) coef-
ficients in total). At query time, it first computesΦ(q), and

then computes, for each objectui ∈ U, either the estimate of
d(q,ui) (i.e. distance-based pseudo-score) orP(d(q, ui) ≤ r)
(i.e. probability-based pseudo-score) as a pseudo-score.d(q,ui)
is estimated fromΦ(q) by assuming the linear regression model,
andP(d(q,ui) ≤ r) is estimated by further assuming the estima-
tion errors are normally distributed. This scheme outperformed
the permutation-based scheme in some cases, and did not in
other cases in their experiments.

BoostMAP [17] is a pseudo-score based scheme using the
AdaBoost method. This scheme first constructs a number of
one-dimensional (1D) embeddings which are divided into two
types: one embeds an object as the distance to a single pivot,
and the other embeds an object as the projection onto the line
between two pivots. Each embedding is treated as a weak clas-
sifier which predicts for any three objectso1,o2,o3 ∈ X whether
o1 is closer too2 or too3. AdaBoost is then applied to combine
the weak classifiers into a strong classifier. Finally, the pseudo-
score is computed as a weightedL1 distance between two multi-
dimensional embeddings, where the weights are determined in
the training phase.

4. Probabilistic enhancement scheme

The proposal in this paper is a probabilistic enhancement
scheme which enhances the performance of any pseudo-score
based scheme, including the standard pivot-based scheme and
the ones reviewed in Section 3. After explaining the algorithm
of our scheme in Section 4.1, Section 4.2, and Section 4.3, we
clarify the difference of it from the probabilistic enhancement
scheme for multi-modal biometric identification [3] in Section
4.4.

4.1. Search algorithm

We first explain the search algorithm. At query time, the
search is carried out as follows:

1. Compute a distanced(q, pi) for each pivotpi ∈ P, and
obtainΦ(q);

2. Compute a pseudo-scores(q,ui) for each objectui ∈ U
usingΦ(q) and the index, and obtain a set of pseudo-scores
Sq = {s(q,ui)|1 ≤ i ≤ n};

3. Compute a probability-based pseudo-score for each object
ui ∈ U usingSq;

4. Compute a distanced(q, ui) for the objectui ∈ U in de-
scending order of the probability-based pseudo-scores;

5. Stop searching at some halting point and output the result
of either the range query or theK-NN query.

The step 1, 2, 4, and 5 can be carried out using any pseudo-
score based scheme, while the step 3 is carried out using the
probabilistic enhancement scheme. That is, our scheme can be
regarded as a function which outputs probability-based pseudo-
scores using pseudo-scores as input data.

We now think about computing, for each objectui ∈ U, a
probability-based pseudo-score usingSq. The natural approach
would be to compute the posterior probabilityP(d(q,ui) ≤
r |Sq). However, our scheme does not computeP(d(q,ui) ≤

3
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Figure 1: Overview of the computation of the probability-based pseudo-score
in our scheme. Afters(q,ui ) is computed using a pseudo-score based scheme,
our scheme computes the probability-based pseudo-scoreai as ai = wi

Tsqi ,
wherewi = (wi1,wi0)T and sqi = (s(q,ui ),1)T . Since the ordering is not
changed by the monotonically increasing functionσ, our scheme does not com-
puteP(d(q,ui ) ≤ r |s(q, ui )) itself.

r |Sq) but approximates it byP(d(q,ui) ≤ r |s(q,ui)). There are
two reasons for that: (1) the pseudo-scores(q, ui) is the best
clue to the probabilityP(d(q, ui) ≤ r); (2) P(d(q,ui) ≤ r |s(q,ui))
can be easily computed using logistic regression [7], which is
to be hereinafter described.

The posterior probabilityP(d(q,ui) ≤ r |s(q,ui)) can be writ-
ten using Bayes’ theorem as follows:

P(d(q,ui) ≤ r |s(q,ui))

=
P(s(q,ui)|d(q,ui) ≤ r)P(d(q,ui) ≤ r)

P(s(q, ui))
= σ(ai), (3)

whereσ is a logistic sigmoid function which is defined as

σ(ai) =
1

1+ exp(−ai)
(4)

andai is given by

ai = ln
P(s(q,ui)|d(q,ui) ≤ r)P(d(q,ui) ≤ r)
P(s(q,ui)|d(q,ui) > r)P(d(q,ui) > r)

. (5)

Sinceσ is a monotonically increasing function, we only have
to computeai and sort the objects in descending order ofai

instead ofP(d(q,ui) ≤ r |s(q,ui)). In other words, we can useai

as a probability-based pseudo-score.
Here we assume the logistic regression model [7] to quickly

computeai . We use a parameter vectorwi = (wi1,wi0)T ∈ R2

for each objectui ∈ U which is determined in advance (see
Section 4.2 for details). Then,ai can be computed using logistic
regression as follows:

ai = wi
Tsqi , (6)

where sqi = (s(q,ui),1)T . If we use the parameter vector
w = (w1,w0)T which is common to all the objects instead of
wi , ai is equivalent to the original pseudo-scores(q,ui) because
the ordering is not changed by a single linear transformation.
By using the object-specific parameter vectorwi which is more
strict, our scheme can more correctly estimateai and provide a
better trade-off between response time and accuracy.

Figure 1 shows the overview of the computation ofai in our
scheme. The computation ofai requires just one multiplication
and one addition. Our scheme requires an additional storage of
2n parameters.

4.2. Learning algorithm

4.2.1. Determining parameters using MAP estimation
In this subsection, we explain the algorithm for determining,

for each objectui ∈ U, a parameter vectorwi . We first selectn′

(≤ n− 1) objectsv1, · · · , vn′ ∈ U from n objects in the database
exceptui , to determinewi . In this paper, we refer to these ob-
jects astraining objects. Then, we compute, for each training
objectv j (1 ≤ j ≤ n′), a distanced(v j ,ui) and a pseudo-score
s(v j ,ui). Let Si = {s(v j ,ui)|1 ≤ j ≤ n′} be a set of pseudo-
scores andLi = {l ji |1 ≤ j ≤ n′} a set of labels, wherel ji takes
the following values:

l ji =

1 (if d(v j ,ui) ≤ r)

0 (if d(v j ,ui) > r).
(7)

We use {Si ,Li} as a training dataset and determinewi

using MAP (Maximum a Posteriori) estimation [7]. This
method estimateswMAP

i that maximizes the posterior probabil-
ity P(wi |Si ,Li), which is written using Bayes’ theorem as fol-
lows:

wMAP
i = arg max

wi

P(wi |Si ,Li)

= arg max
wi

P(Si ,Li |wi)P(wi). (8)

Here, we refer to the training objectv j whose distance toui

is less than or equal tor (i.e. l ji = 1) as asimilar training
object. Since the search radiusr is often set to be very small
(as described in Section 2), it often happens that there are a
small number of similar training objects, and consequently a
training dataset is linearly separable. ML (Maximum Likeli-
hood) estimation, which selects the parameter vectorwML

i that
maximizes the likelihood functionP(Si ,Li |wi), suffers from the
over-fitting problem for such a training dataset. MAP estima-
tion avoids such a problem by introducing a prior distribution
of the parameter vectorP(wi) in (8).

Figure 2 shows the overview of the determination ofwi us-
ing MAP estimation. Here,P(d(v j ,ui) ≤ r |s(v j ,ui)) can be
modeled asσ(wi

Tsji ) in the same way as (3) and (6), where
sji = (s(v j ,ui),1)T , andl ji ∈ {1,0} serves as a correct answer as
to whetherd(v j ,ui) ≤ r or not.

SinceSi andwi can be regarded as independent unlessLi is
obtained, (8) is further written as follows:

wMAP
i = arg max

wi

P(Li |Si ,wi)P(Si |wi)P(wi)

= arg max
wi

P(Li |Si ,wi)P(Si)P(wi)

= arg max
wi

P(Li |Si ,wi)P(wi). (9)

In other words,wMAP
i is a parameter vector which minimizes

the following function:

E(wi) = − ln P(Li |Si ,wi)P(wi). (10)

Since{s(v j ,ui), l ji } (1 ≤ j ≤ n′) can be regarded as mutually
independent, andl ji ∈ Li takes 1 ifd(v j ,ui) ≤ r and 0 otherwise,
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Figure 2: Overview of the determination of the object-specific regression pa-
rameterwi using MAP estimation.P(d(v j ,ui ) ≤ r |s(v j ,ui )) can be modeled as
σ(wi

Tsji ), andl ji ∈ {1,0} serves as a correct answer as to whetherd(v j ,ui ) ≤ r
or not. Sincer is often set to be very small, it often happens that there are a small
number of similar training objects and ML estimation suffers from the over-
fitting problem. MAP estimation avoids this problem by introducingP(wi ).

P(Li |Si ,wi) is written as follows:

P(Li |Si ,wi) =

n′∏
j=1

P(l ji |s(v j ,ui),wi)

=

n′∏
j=1

y
l ji

ji (1− y ji )
1−l ji , (11)

wherey ji is given by

y ji = P(d(v j ,ui) ≤ r |s(v j ,ui),wi)

= σ(wi
Tsji ). (12)

As for P(wi) in (10), we assume a 2D Gaussian distribution
model with mean vector0 = (0,0)T and diagonal covariance
matrixαI (α > 0), for simplicity. That is,

P(wi) = N(wi |0, αI ). (13)

This setting reduces the values of the components ofwMAP
i in

(9) to avoid the over-fitting problem in the same way as shrink-
age methods [7]. The parameterα, which is common to all the
objects, is called ahyper-parameterand can be determined us-
ing the empirical Bayes method [7], which is described in detail
in Section 4.2.2.

Since the logistic sigmoid function in (12) is nonlinear, there
is no closed-form solution to (10), (11), (12) and (13). Instead,
we use the Newton-Raphson method [7], which iteratively up-
dates the parameter vectorswi according to the following for-
mula:

wi
(new) = wi

(old) − (∇∇E(wi
(old)))−1∇E(wi

(old)), (14)

where

∇E(wi
(old)) = (αI )−1wi

(old) +

n′∑
j=1

(y(old)
ji − l ji )sji (15)

and

∇∇E(wi
(old)) = (αI )−1 +

n′∑
j=1

y(old)
ji (1− y(old)

ji )sji sji
T . (16)

Algorithm 1 LearnParameters(Si , Li , Λ, τmax, θth)
Input : Si = {s(vj ,ui) ∈ R|1 ≤ j ≤ n′}: set of pseudo-scores,

Li = {l ji ∈ {0,1}|1 ≤ j ≤ n′}: set of labels,
Λ = {λ j ∈ R|1 ≤ j ≤ n′}: set of weight parameters,
τmax ∈ N: maximum number of iterations,
θth ∈ R: convergence threshold

Output : wi = (wi1,wi0)T ∈ R2: parameter vector
1: for j ← 0 ton′ do
2: sji ← (s(vj ,ui), 1)T

3: end for
4: wi ← (0, 0)T

5: for τ← 0 toτmax do
6: for j ← 0 ton′ do
7: yji ← σ(wi

Tsji )
8: end for
9: ∇E(wi)← (αI )−1wi +

∑n′
j=1 λ j(yji − l ji )sji

10: ∇∇E(wi)← (αI )−1 +
∑n′

j=1 λ jyji (1− yji )sji sji
T

11: (δ1, δ0)T ← (∇∇E(wi))−1∇E(wi)
12: wi ← wi − (δ1, δ0)T

13: if (|δ1/wi1| < θth and|δ0/wi0| < θth) then
14: break
15: end if
16: end for
17: Reportwi

Algorithm 1 shows the learning algorithm, whereλ j ∈ R is a
weight parameter which represents the number ofv j (i.e. we al-
low more than one training object which are exactly the same).
Although it is natural to setλ j = 1 (1 ≤ j ≤ n′), the different
values are used in Section 4.3. The parameter vectorwi is up-
dated until the number of iterations reaches the maximum num-
berτmax or wi converges (i.e.|δ1/wi1| < θth and |δ0/wi0| < θth,
whereθth is a convergence threshold). In our experiments in
Section 5, we setτmax = 100 andθth = 0.0001, and confirmed
thatwi converged untilτ reachedτmax in all the cases.

4.2.2. Determining a hyper-parameter using the empirical
Bayes method

A hyper-parameterα in (13) is determined using the empir-
ical Bayes method. Sinceα is common to all the objects, we
can useS = {Si |1 ≤ i ≤ n} andL = {Li |1 ≤ i ≤ n} as a training
dataset. However, it may happen that the number of training
objects in{S, L} (nn′ in total) is too large and it takes much
time to determineα using{S, L}. In our experiments in Section
5, we reduced the number of training objects in determining
α by randomly choosing 10 training objects per each object in
the database (10n training objects in total), to avoid the above
problem. In this section, however, we explain the algorithm for
determiningα using{S, L}, for ease of explanation.

The empirical Bayes method estimates ˆα that maximizes the
marginal likelihood functionP(S,L|α) obtained by marginaliz-
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ing over the parameterw, which is written as follows:

α̂ = arg max
α

P(S,L|α)

= arg max
α

∫
P(S,L|w)N(w|0, αI )dw

= arg max
α

∫
f (w)dw, (17)

where

f (w) = P(L|S,w)N(w|0, αI ). (18)

In the same way as (11) and (12),P(L|S,w) is written as fol-
lows:

P(L|S,w) =
n∏

i=1

n′∏
j=1

σ(wTsji )
l ji (1− σ(wTsji ))

1−l ji . (19)

SinceP(L|S,w) is complicated an so isf (w) (see (18) and
(19)), the integration off (w) in (17) is intractable. To solve this
problem, we apply the Laplace approximation [7] which ap-
proximates the probability distributionf (w)/

∫
f (w)dw (since

f (w) in (18) is not a probability distribution, we need to di-
vide it by

∫
f (w)dw) by a Gaussian distribution centered at the

mode. In other words, we approximatef (w) as follows:

f (w) ≈ f (w0) exp

{
−1

2
(w − w0)TA(w − w0)

}
, (20)

wherew0 andA are given by

w0 = arg max
w

f (w) (21)

A = −∇∇ ln f (w), (22)

respectively. Then, we can approximate the integration off (w)
in (17) as follows:∫

f (w)dw ≈ f (w0)
2π
|A|1/2 . (23)

Using (17), (18) and (23), ˆα can be written as follows:

α̂ ≈ arg max
α

f (w0)
2π
|A|1/2

= arg max
α

[
ln P(L|S,w0) + lnN(w0|0, αI ) −

1
2

ln |A|]
≈ arg max

α

[
ln P(L|S,w0) + lnN(w0|0, αI )

]
. (24)

In the last approximation, we assume that the Gaussian distri-
bution is broad andA has full rank [7]. Sincew0 is a parameter
vector which minimizes the following function:

E′(w) = − ln P(L|S,w)N(w|0, αI ) (25)

(see (18) and (21)), it can be obtained using the Newton-
Raphson method in the same way as Section 4.2.1. In our ex-
periments in Section 5, we assigned several values toα and
obtainedw0 for eachα using the Newton-Raphson method, and
then obtained ˆα using (19) and (24).

4.3. Speeding up learning using pseudo-scores

The drawback of our scheme is a high computational cost in
determining the parameter vectors. For each objectui ∈ U, we
have to computen′ pseudo-scores andn′ distances to obtainSi

andLi , respectively. Furthermore, the iterative update process
in Algorithm 1 takesO(n′) time for each object. That is, we
have to computeO(nn′) pseudo-scores,O(nn′) distances, and
carry out the iterative update process which takesO(nn′) time
in total (e.g. if n′ = n − 1, each of them takesO(n2) time).
Especially,O(nn′) distance computations andO(nn′) iterative
update process may take too much time if the number of train-
ing objectsn′ is very large. Ifn′ is small, however, shortage
of similar training objects becomes a serious problem. As de-
scribed in Section 2, the search radiusr is often set to be very
small so that less than ten or one hundred objects are captured
from n objects. Thus, ifn′ is much smaller thann, it can happen
that there is no similar training objects at all, which makes the
parameter vectorswi quite difficult to be correctly determined
even if we use MAP estimation.

To solve this problem, we propose a technique which reduces
the number of training objects while keeping similar training
objects as much as possible using pseudo-scores. For each ob-
ject ui ∈ U, we selectn′′(< n′) training objects and make a set
{Si ,Li ,Λ} used in Algorithm 1 according to the following steps:

1. Computen′ pseudo-scoress(v j ,ui) (1 ≤ j ≤ n′).
2. Find then′′1 smallest (or largest) pseudo-scores and select

the corresponding training objects. We assume that they
arev1, · · · , vn′′1

without loss of generality.
3. Selectn′′2 training objects at random from the remaining

n′ − n′′1 training objects (n′′ = n′′1 + n′′2 < n′). We assume
that they arevn′′1+1, · · · , vn′′ without loss of generality.

4. Computen′′ distancesd(v j ,ui) (1 ≤ j ≤ n′′) and obtain the
corresponding labelsl ji (1 ≤ j ≤ n′′).

5. Make the set{Si ,Li ,Λ} used in Algorithm 1 as follows:

Si = {s(v j ,ui)|1 ≤ j ≤ n′′} (26)

Li = {l ji ∈ {0,1}|1 ≤ j ≤ n′′} (27)

Λ = {λ j |1 ≤ j ≤ n′′}, (28)

where

λ j =

1 (if 1 ≤ j ≤ n′′1 )

(n′ − n′′1 )/n′′2 (if n′1 < j ≤ n′′).
(29)

In step 2, we can select the training objectsv1, · · · , vn′′1
which

are highly likely similar to the objectui because the pseudo-
scores are designed to be highly relevant to the true distances.
However, these training objects may make the parameter vec-
tors wi incorrectly determined because the probability that a
query objectq falls close toui (i.e. P(d(q,ui) ≤ r) in (5)) is
biased towards much higher than the actual value. To eliminate
this bias, we selectn′′2 training objects randomly from the re-
mainingn′ − n′′1 training objects in step 3, and setλ j as in (29)
in step 5.

By using this technique, the distance computations and the it-
erative update process are reduced fromO(nn′) time toO(nn′′)
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time (n′′ < n′). However, we still have to computenn′ pseudo-
scores, which takesO(nn′) time. In addition, this technique re-
quires the time to find then′′1 smallest (or largest) pseudo-scores
from n′ pseudo-scores in step 2 for every object, which takes
on averageO(nn′) time in total using the quickselect algorithm
[18]. In Section 5, we measured the learning time using various
kinds of datasets in order to evaluate our speed-up technique.

4.4. Difference from the probabilistic enhancement scheme for
multi-modal biometric identification

We have so far explained the search algorithm and the learn-
ing algorithm for the probabilistic enhancement scheme. In [3],
we also proposed another probabilistic enhancement scheme
specialized for multi-modal biometric identification where a
user presents biometric samples from multiple modalities (e.g.
face, fingerprint, and iris) and the system identifies the user
based on them.

Although the scheme in [3] also computes the probability-
based pseudo-scores using pseudo-scores obtained from a
pseudo-score based scheme, it differs from the proposal in
this paper in the following two points: (1) the scheme in [3]
computes the probability-based pseudo-scores not only using
pseudo-scores but also using distances (scores); (2) the scheme
in [3] learns the parameter vector in logistic regression com-
mon to all the objects in the database (i.e. common to all the
enrollees). In multi-modal biometric identification, if a distance
for a certain enrollee is very small in some modality, a distance
for the same enrollee is highly likely to be very small in another
modality as well. Thus, distances are very useful in computing
the probability-based pseudo-scores in multi-modal biometric
identification. However, this is not the case with general sim-
ilarity search where the number of modalities is one (because
if a distance is computed for a certain object, that is the end
for the object). Furthermore, in the case of general similarity
search, the parameter vector common to all the objects do not
provide the performance better than the original pseudo-score
based scheme, as described in Section 4.1.

That is, the scheme in [3] can only speed up searching bio-
metric templates in multi-modal biometric identification sys-
tems, while the proposal in this paper can speed up searching
the various kinds of complex data (e.g. audio, images, videos,
documents).

5. Experimental evaluation

5.1. Experimental set-up
5.1.1. Datasets

We evaluated our scheme using two kinds of synthetic
datasets and two kinds of real-life datasets obtained from the
Metric Space Library [8]. As synthetic datasets, we used (I)
vectors generated from a uniform distribution and (II) vectors
generated from a mixture of Gaussian distributions. As real-
life datasets, we used (III) documents (short news articles) and
(IV) genes (DNA sequences of Listeria monocytogenes). We
used them as real-life datasets because the distance computa-
tions were very expensive and the metric space indexing meth-
ods played a big role in reducing the CPU time at query time.

For the same reason, we set the dimensionality of the synthetic
vectors to be as much as 1024 dimensions.

Details of each dataset are as follows:

Uniform distribution A set of 10,000 vectors uniformly dis-
tributed in the unit cube of 1024-dimensional Euclidean
space. In this dataset, we also carried out the experiment
in the case where we increased the number of objects from
10,000 to 100,000 as a scalability analysis. We used these
vectors as pivots or objects in the database, and used an-
other 1000 vectors as range query objects.

Mixture of Gaussians A set of 10, 000 vectors generated from
a mixture of 1024-dimensional Gaussian distributions
which has 32 clusters (components). Objects are uni-
formly assigned to the clusters, whose centers are uni-
formly distributed in [0,1). The variance inside the clus-
ters was 0.01. We used another 1000 vectors as range
query objects.

Documents A set of 24,276 short news articles extracted from
Wall Street Journal from TREC-3 dataset [19]. Each doc-
ument is represented as a vector whose element is propor-
tional to the weight of a vocabulary word in that docu-
ment. Since the number of vocabulary words is very large
(hundreds of thousands), the vectors are in a very high-
dimensional space. We used the angle between two vec-
tors as a distance measure (the cosine of this angle is heav-
ily used as a distance measure in the vector space model).
We used another 1000 articles as range query objects.

Genes A set of 2000 DNA sequences of Listeria monocyto-
genes randomly extracted from the Metric Space Library
[8]. The length of the sequences is as much as 898 charac-
ters on average. We used the edit distance as a distance
measure between two genes. We used another 100 se-
quences as range query objects.

5.1.2. Methods
We applied our scheme to the standard pivot-based scheme

[4] described in Section 2 and the permutation-based scheme [4,
5] described in Section 3. We selected these schemes as pseudo-
score based schemes because they were easy to implement and
did not need much time to build the indexes. We evaluated the
performance of the following schemes for comparison:

1. SΦ denotes the standard pivot-based scheme described in
Section 2. We usedL1 as a distance measure between two
distance vectors. The memory size required in this scheme
was 4k [bytes/object], wherek is the number of pivots.

2. SPΦ denotes our scheme applied to the standard pivot-
based scheme. We selectedn′′ (n′′1 = n′′2 = n′′/2) train-
ing objects from all the objects exceptui ∈ U (n′ =
n − 1) to determinewi . We set the number of pivots
k to be equal to that inSΦ. The memory size required
was 4k + 8 [bytes/object] (additional memory size was 8
[bytes/object] (= 2 parameters× 4 bytes)).
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Table 2: Parameter settings in our experiments (Uni.: Uniform distribution;
Gau.: Mixture of Gaussians; Doc.: Documents; Gen.: Genes).x denotes the
average number of objects in the correct answer.

Dataset k n n′ n′′ x
Uni.(a) 16 9984 9983 2000 10
Uni.(b) 64 9936 9935 2000 10
Uni.(c) 16 99984 99983 2000 100
Uni.(d) 16 99984 99983 2000 10
Gau.(a) 16 9984 9983 2000 10
Gau.(b) 64 9936 9935 2000 10
Doc. 16 24260 24259 2000 9
Gen. 16 1984 1983 200 2

3. S∗PΦ is identical toSPΦ except that it uses all the objects
exceptui ∈ U as training objects (n′ = n− 1) to determine
wi .

4. SΠ denotes the permutation-based scheme described in
Section 3. We used Spearman’s Rho as a distance measure
between two permutations. The memory size required was
kdlog2(k)e/8 [bytes/object].

5. SPΠ denotes our scheme applied to the permutation-based
scheme. We selectedn′′ (n′′1 = n′′2 = n′′/2) training objects
from all the objects exceptui ∈ U (n′ = n−1) to determine
wi . We setk to be equal to that inSPΠ . The memory size
required waskdlog2(k)e/8+ 8 [bytes/object].

6. S∗PΠ is identical toSPΠ except that it uses all the objects
exceptui ∈ U as training objects (n′ = n− 1) to determine
wi .

Table 2 shows the parameter settings in our experiments,
wherex denotes the average number of objects in the correct
answer which can be controlled by changing the search radius.
In each dataset, we randomly selected pivots from the objects
in the database in the same way as [4], and kept them separately
from the database. Here, in this paper we used the same pivots
for all the schemes, while in [9] we used 2 pivots less inSPΦ
and S∗PΦ , and usedb64/dlog2(k)ec pivots less inSPΠ and S∗PΠ
to make the memory size equal to that ofSΦ andSΠ, respec-
tively. The reason we used the same pivots for all the schemes is
that fewer pivots need less extra CPU time to compute pseudo-
scores, and hence it can happen that they need less CPU time in
total, rather than more CPU time, at query time. In other words,
instead of finding the optimal number of pivots with regard to
the CPU time, we used the same pivots for all the schemes to
investigate how much the CPU time was reduced at query time
just by applying our scheme.

Furthermore, although the number of pivotsk was set to be
very large (k = 128 or 256) in [9], we setk to be much smaller
(k = 16 or 64) in this paper, to make the extra CPU time to
compute pseudo-scores smaller. In the synthetic datasets, we
also carried out the experiments in both of the cases where
k = 16 pivots and wherek = 64 pivots, to investigate which
one provides the better performance (Uni.(a), Uni.(b), Gau.(a),
and Gau.(b)). As for the search radius in the scalability analy-
sis, we considered two scenarios: (1) Do not change the search
radius from that of Uni.(a) (i.e.x = 100; 0.1% of the objects)

(Uni.(c)); (2) Change the search radius so thatx would not be
changed from that of Uni.(a) (i.e.x = 10; 0.01% of the objects)
(Uni.(d)).

We randomly selected 10 training objects per each object in
the database (10n training objects in total), and determined the
hyper-parameterα using the empirical Bayes Method (as de-
scribed in Section 4.2.2). After building the indexes and learn-
ing the parameter vectorwi for each objectui ∈ U using MAP
estimation, we tested the range query objects.

5.1.3. Performances
We first evaluated the trade-off between the percentage of

distance computations required and the percentage of the cor-
rect answer retrieved. Here, we did not include the pivots in the
evaluation because our interest was to compare the performance
of the different pseudo-score functions. We then evaluated the
total CPU time (including computing distances for the pivots,
computing pseudo-scores, sorting pseudo-scores, and comput-
ing distances for the objects in the database) at query time, on
an Intel Core2 Duo CPU E7500 (2.93 GHz) with 1.93GB RAM.
Here, we also evaluated the CPU time required in the sequen-
tial scan which merely computes distances for all the objects in
the database, for comparison. We further evaluated the time to
build the indexes and to learn the parameter vectors.

5.2. Experimental results

Figure 3 shows the trade-off between the percentage of dis-
tance computations required and the percentage of the correct
answer retrieved. In Table 3, we also give the percentage of
distance computations required to retrieve 90% of the correct
answer in each dataset, wherey denotes the average number of
similar training objects per object in the database.

Table 4 shows the results of measuring the CPU time at query
time, wheretcpu, text, tdis denote the CPU time required to re-
trieve 90% of the correct answer, the extra CPU time, and the
time to compute a distance, respectively (all of the three are
the average values). Sincetext in the dataset of genes was less
than 1 [ms] in every scheme and was negligible compared to
tcpu, we did not measure the value oftext itself in the dataset.
Although Table 4 only shows the CPU time to retrieve 90%
of the correct answer, we can calculate the CPU time to re-
trieve β% (0 ≤ β ≤ 100) of the objects in the database as
text+ (βn/100+ k)tdis [ms].

As for the building time and learning time, Table 5 shows the
time to build the index and learn the parameter vectors inSPΠ
andS∗PΠ (sinceSPΦ andS∗PΦ had similar results, we do not show
them here).

5.3. Summary of results

The results obtained can be summarized as follows:

1. Our scheme outperformed the standard pivot-based
scheme and the permutation-based scheme, with regard to
both the number of distance computations and the CPU
time, in all the datasets (Figure 3, Table 3, and Table 4).
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Figure 3: Trade-off between the percentage of distance computations required and the percentage of the correct answer retrieved (Uni.(a):k = 16,n = 9984,x = 10;
Uni.(b): k = 64,n = 9936,x = 10; Uni.(c):k = 16,n = 99984,x = 100; Uni.(d):k = 16,n = 99984,x = 10; Gau.(a):k = 16,n = 9984,x = 10; Gau.(b):k = 64,
n = 9936,x = 10; Doc.:k = 16,n = 24260,x = 9; Gen.:k = 16,n = 1984,x = 2).
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Table 3: Percentage of distance computations required to retrieve 90% of the correct answer.y denotes the average number of similar training objects per object in
the database.

Dataset SΦ SPΦ S∗PΦ SΠ SPΠ S∗PΠ
Uni.(a) 79.6% 58.7% (y = 3.22) 55.4% (y = 10.6) 83.2% 61.7% (y = 2.74) 53.8% (y = 10.6)
Uni.(b) 75.8% 57.0% (y = 4.04) 52.6% (y = 10.5) 73.3% 54.8% (y = 3.66) 46.3% (y = 10.5)
Uni.(c) 82.0% 57.7% (y = 4.19) 53.1% (y = 105) 83.9% 59.8% (y = 3.18) 49.3% (y = 105)
Uni.(d) 79.2% 56.0% (y = 0.54) 48.8% (y = 11.1) 82.5% 72.8% (y = 0.37) 45.1% (y = 11.1)
Gau.(a) 3.10% 2.30% (y = 10.4) 2.30% (y = 10.6) 2.90% 2.00% (y = 10.5) 2.00% (y = 10.6)
Gau.(b) 2.82% 1.81% (y = 10.5) 1.81% (y = 10.5) 2.62% 1.71% (y = 10.5) 1.71% (y = 10.5)
Doc. 1.32% 0.74% (y = 8.79) 0.74% (y = 9.09) 2.51% 0.91% (y = 8.70) 0.87% (y = 9.09)
Gen. 3.28% 2.57% (y = 1.26) 2.42% (y = 2.16) 9.63% 3.28% (y = 2.04) 3.28% (y = 2.16)

Table 4: CPU time required to retrieve 90% of the correct answer (tcpu), the extra CPU time (text), and the time to compute a distance (tdis) [ms].

Dataset SΦ SPΦ S∗PΦ SΠ SPΠ S∗PΠ sequential scan
Uni.(a) tcpu = 13.7 tcpu = 10.9 tcpu = 10.5 tcpu = 13.3 tcpu = 10.5 tcpu = 9.45 tcpu = 13.4

(text = 2.99) (text = 3.00) (text = 3.03) (text = 2.14) (text = 2.24) (text = 2.24) (tdis = 1.34× 10−3)
Uni.(b) tcpu = 16.0 tcpu = 13.6 tcpu = 13.0 tcpu = 12.6 tcpu = 10.2 tcpu = 9.08 tcpu = 13.4

(text = 5.89) (text = 5.93) (text = 5.93) (text = 2.81) (text = 2.83) (text = 2.85) (tdis = 1.34× 10−3)
Uni.(c) tcpu = 146 tcpu = 113 tcpu = 107 tcpu = 139 tcpu = 109 tcpu = 94.6 tcpu = 136

(text = 34.3) (text = 34.9) (text = 35.0) (text = 24.9) (text = 27.5) (text = 27.5) (tdis = 1.36× 10−3)
Uni.(d) tcpu = 144 tcpu = 112 tcpu = 90.1 tcpu = 140 tcpu = 128 tcpu = 89.8 tcpu = 138

(text = 34.6) (text = 35.0) (text = 35.1) (text = 25.6) (text = 27.5) (text = 27.5) (tdis = 1.38× 10−3)
Gau.(a) tcpu = 3.37 tcpu = 3.31 tcpu = 3.32 tcpu = 2.57 tcpu = 2.53 tcpu = 2.53 tcpu = 13.4

(text = 2.95) (text = 3.00) (text = 3.01) (text = 2.16) (text = 2.27) (text = 2.27) (tdis = 1.34× 10−3)
Gau.(b) tcpu = 6.14 tcpu = 6.01 tcpu = 6.01 tcpu = 3.24 tcpu = 3.17 tcpu = 3.15 tcpu = 13.4

(text = 5.68) (text = 5.68) (text = 5.69) (text = 2.80) (text = 2.86) (text = 2.84) (tdis = 1.34× 10−3)
Doc. tcpu = 18.2 tcpu = 13.8 tcpu = 13.8 tcpu = 25.4 tcpu = 13.4 tcpu = 13.1 tcpu = 765

(text = 7.62) (text = 7.63) (text = 7.62) (text = 5.65) (text = 6.01) (text = 6.00) (tdis = 3.15× 10−2)
Gen. tcpu = 281 tcpu = 231 tcpu = 220 tcpu = 728 tcpu = 280 tcpu = 280 tcpu = 7100

(text < 1.00) (text < 1.00) (text < 1.00) (text < 1.00) (text < 1.00) (text < 1.00) (tdis = 3.55)

Table 5: Building and learning time inSPΠ andS∗PΠ [s]. (Bld.: time to build the index; Lrn.(1): time to determine the hyper-parameter; Lrn.(2): time to compute
the pseudo-scores; Lrn.(3): time to select the training objects; Lrn.(4): time to compute the distances; Lrn.(5): time to iteratively update the parameter vectors in
Algorithm 1; Total: total time to build the index and learn the parameters; w/o ∗, w/ ∗: performance ofSPΠ , S∗PΠ )

Dataset Bld. Lrn.(1) Lrn.(2) Lrn.(3) Lrn.(4) Lrn.(5) Total
Uni.(a) (n′′ = 2000) 0.2 2 3 3 27 59 94
Uni.(a)∗ (n′ = 9983) 0.2 2 3 - 119 240 364
Uni.(b) (n′′ = 2000) 0.8 2 11 3 26 47 90
Uni.(b)∗ (n′ = 9935) 0.8 2 11 - 118 226 358
Uni.(c) (n′′ = 2000) 2 23 292 358 289 641 1605
Uni.(c)∗ (n′ = 99,983) 2 23 264 - 11935 23370 35594
Uni.(d) (n′′ = 2000) 2 28 296 353 287 977 1943
Uni.(d)∗ (n′ = 99,983) 2 28 259 - 11923 33244 45456
Gau.(a) (n′′ = 2000) 0.2 3 3 3 26 64 99
Gau.(a)∗ (n′ = 9983) 0.2 3 3 - 119 316 441
Gau.(b) (n′′ = 2000) 0.8 3 10 3 26 65 108
Gau.(b)∗ (n′ = 9935) 0.8 3 11 - 117 320 452
Doc. (n′′ = 2000) 15 14 18 21 1484 186 1738
Doc.∗ (n′ = 24,276) 15 15 15 - 18100 2106 20251
Gen. (n′′ = 200) 89 65 0.1 0.2 1690 2 1846
Gen.∗ (n′ = 2000) 89 65 0.1 - 12663 18 12835
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2. Our scheme significantly outperformed the sequential scan
with regard to the CPU time, in the case of the real-life
datasets (Doc., and Gen. in Table 4).

3. The fewer pivots (k = 16) provided the smaller CPU time
in many cases, compared to the larger pivots (k = 64)
(Uni.(a), Uni.(b), Gau.(a), and Gau.(b) in Table 4).

4. The extra CPU time in our scheme differed only slightly
from that in the conventional schemes (Table 4).

5. The extra CPU time accounted for much of the total CPU
time in some cases (e.g. Gau.(a) and Gau.(b) in Table 4).

6. Our speed-up technique significantly reduced the time to
compute the distances and to iteratively update the param-
eter vectors in Algorithm 1 (Lrn.(4) and Lrn.(5) in Table
5).

7. Our speed-up technique required the time to compute the
pseudo-scores and to select the training objects, both of
which increased in proportion tonn′ (Lrn.(2) and Lrn.(3)
in Table 5).

8. Our speed-up technique did not significantly affect the per-
formance in Gau.(a), Gau.(b), Doc., and Gen., while it ad-
versely affected the performance in Uni.(d) (Figure 3, Ta-
ble 3, and Table 4).

6. Discussion

6.1. Distance computations

Our scheme outperformed the conventional schemes in all
the datasets, with regard to the number of distance computa-
tions (see Figure 3 and Table 3). Especially, in the case of the
documents and genes, our scheme reduced the percentage of
distance computations required to retrieve 90% of the correct
answer to one-third of the percentage in the permutation-based
scheme. We think this is relevant to the validity of the model
assumption. That is, from a theoretical perspective, we can say
that our scheme works very well iff (a) the probability-based
pseudo-scoreai can be correctly modeled as a linear function
of the pseudo-scores(q,ui) and (b) the parameter vectorwi is
different for each objectui ∈ U.

Although it is not directly related to our proposal, it should be
noted that the permutation-based scheme performed almost the
same as or worse than the standard pivot-based scheme, with re-
gard to the number of distance computations, in the case where
k = 16 pivots (i.e. Uni.(a), Uni.(c), Uni.(d), Gau.(a), Doc.,
and Gen.). On the other hand, we confirmed in [9] that the
permutation-based scheme outperformed the standard pivot-
based scheme in the case wherek = 128 pivots or 256 pivots.
We think the reason the permutation-based scheme performed
worse in this paper is that the number of pivotsk was very small
and the permutations did not have discriminative power, com-
pared to the distance vectors.

6.2. CPU time

Our scheme also outperformed the conventional schemes in
all the datasets, with regard to the CPU time (see Table 4). In
the case of the real-life datasets (i.e. Doc. and Gen.), the CPU
time in our scheme was much smaller than that in the sequential

scan (less than one-thirtieth). This is because the distance com-
putations were very expensive in those datasets, as described in
Section 5.1.1, and our scheme significantly reduced the num-
ber of distance computations required (see Table 3). It was also
found that the fewer pivots provided the smaller CPU time in
many cases (see Uni.(a), Uni.(b), Gau.(a), and Gau.(b) in Table
4). This is because the fewer pivots resulted in the decrease of
the extra CPU time, while they did not result in a significant in-
crease of distance computations (see Uni.(a), Uni.(b), Gau.(a),
and Gau.(b) in Table 3). Since the number of distance computa-
tions was very small in the real-life datasets (see Doc. and Gen.
in Table 3), the significant increase of pivots would also result
in the higher CPU time in those datasets.

As for the extra CPU time, our scheme performed almost the
same with the conventional schemes. This is because the com-
putation of one probability-based pseudo-score only requires
one multiplication and one addition, due to the logistic regres-
sion model, as described in Section 4.1. However, the extra
CPU time required to compute pseudo-scores and to sort them
accounted for much of the total CPU time in some cases (e.g.
Gau.(a) and Gau.(b) in Table 4). To further reduce the total
CPU time in such cases, we need to reduce the extra CPU time
using, for example, another indexing scheme [13].

6.3. The speed-up technique and the learning time
Our speed-up technique reduced the time to compute the dis-

tances and to iteratively update the parameter vectors in Algo-
rithm 1 (see Lrn.(4) and Lrn.(5) in Table 5). This was especially
effective in the real-life datasets (i.e. Doc. and Gen.) where
the distance computations were very expensive, and in the very
large datasets (i.e. Uni.(c) and Uni.(d)) where the iterative up-
date process required much time. However, our speed-up tech-
nique required the time to compute the pseudo-scores and to
select the training objects, and both of them increased in pro-
portion tonn′, as described in Section 4.3.

As for the effect on the performance, our speed-up technique
did not significantly affect the performance in the vectors from
a mixture of Gaussians, documents, and genes (see Gau.(a),
Gau.(b), Doc., and Gen. in Figure 3, Table 3, and Table 4). The
reason for this is that the performance ofSΦ andSΠ were very
good with regard to distance computations (we can see from
Figure 3 that they retrieved most of the correct answer in less
than 10% of distance computations), and consequently many or
most of the similar training objects were selected (see Table 3).
On the other hand, our speed-up technique adversely affected
the performance in the case when our scheme was applied to
the permutation-based scheme in Uni.(d). This is because the
search radius was set to be very small so that the average num-
ber of objects in the correct answer would not be changed, as
described in Section 5.1.2, and consequently most of the similar
training objects werenotselected (see Uni.(d) in Table 3).

As a conclusion, we can say that we should not make
the search radius smaller as we add objects into the existing
database in our scheme. There are two reasons for that: (1) if
the search radius changes, we have to learn the parameter vec-
tor wi for each objectui ∈ U again, to adapt to the new search
radius; (2) if the search radius is set to be smaller, we have to

11



setn′′ to be larger so that a number of similar training objects
can be selected, which results in the increase of the learning
time. Thus, it would be desirable to fix the search radius (in the
same way as Uni.(c)), and output objects in the correct answer
in ascending order of distances to the query object if there are
a number of objects in the correct answer. That is, one solution
would be the combination of the range query and theK-NN
query.

7. Conclusions

In this paper, we proposed a probabilistic enhancement
scheme which can be applied to any pseudo-score based
scheme. We applied our scheme to the two state-of-the-art
schemes: the standard pivot-based scheme and the permutation-
based scheme, and evaluated the performance using the datasets
from the Metric Space Library. The results showed that our
scheme outperformed them with regard to both the number of
distance computations and the CPU time, in all the datasets.

The following is a list of our future work: (1) Investigation
of the validity of the model assumption; (2) Reducing the extra
CPU time; (3) Evaluation of our scheme using the very large
dataset in the case where the range query and theK-NN query
are combined; (4) Reducing the learning time. To solve the
problem with the learning time, it may be effective to use the
clustering methods: if the parameter vectors are shared with
the objects close to each other, the number of parameter vectors
would be reduced, and so would be the learning time. In a
similar way, it would be interesting to apply our scheme to the
tree structures such as PP-Index [14] and M-Index [15], and
assign the parameter vector to each cluster.
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