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Abstract. Most indexing structures for high-dimensional vectors used 
in multimedia retrieval today rely on determining the importance of each 
vector component at indexing time in order to create the index. However 
for Histogram Intersection and other important distance measures this 
b not possible because the importance of vector components depends 
on the query. \iVc present an indexing structure inspired by VA-file and 
Inverted file that does not need to determine the importance at index-
ing time in order to perform well. Instead, our structure adapts to the 
importance of vector components at query processing time. 
Success of this approach is demonstratod in experiments on feature data 
extracted from a large image collection. 

Introduction 

The research area of Content Based Image Retrieval (CBIR) investigates meth-
ods to help users find images in large collections. 

Interaction modes and details vary, but most CBIR (and related) applications 
are driven by (a} a feature e.Ttraction that transforms each image of the collection 
into a real valued multidimensional feature vector, (b) a distance measv.re or a 
similarity measure that permits evaluating the similarity of a pair of images, {c) 
an indexing structure that permits rapid k-NN (k-nearest neighbor) searches in 
the high-dimensional vector space, as ,vell as (d) a learning method that permits 
learning frorn user (e.g. relevance) feedback during use of the CBIR system. 

Unfortunately, most publications about CBIR treat the CBIR specific issues 
((a}, (b), and (d}), seeing indexing structures (c) just from the user's perspec-
tive. This is not helped by the fact that literature about indexing structures is 
typically uniquely using Euclidean dist1tnce, not making sure that the needs of 
CBIR and related fields are met (i.e. they are treating just (c)). Few publica-
tions address the relation between indexing and feedback in CBIR (for example 
[6, 7]). The present paper intends to be one of these few. It is about a disk-based 
indexing structure adapted to CBIR-specific distance measures. 

In most CBIR systems, as in this paper, the image collection is viewed as 
a large collection of data points in a high-dimensional real-valued vector space. 
When perforrning a query by visual example (QBvE), a query in1agc q is a point 
in that space, and vve are looking for the k data poiuts r.i vvithin the collection 
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closest to the query. Closeness between data points r1, r2 is defined via a distance 
measure (Distance of r2 given r1) A(r2fr1) 1. 

l\lost indexing structures adapted to high-dimensional vectors known to us 
perform well in the scenario where the distance measure A(.J.) is chosen once, 
\vhen indexing the data. In particular, it is assumed that tlie discrbninative 
power of each vector component can be determined at indexing time. A success-
ful example of such an indexing structure is the VA-file (vector approximation 
file, [8]) for k-NN queries on real-valued vectors. It uses vector approximations 
for filtering candidates, i. e. vectors. The full precision values of all candidates 
will then be tested in order to find out if each candidate is within the k-NNs. 
However, for some popular CBIR distance measures, (e.g. Histogram Intersec-
tion, Kullback-Leibler Divergence, Cosine Distance) the discrirninative po\ver of 
a vector con1poncnt varies depending on the query. \Ve will call the discrirninative 
power of a vector component henceforth the Importance of a vector component, 
to be defined more formally below. 

vVhile in VA-files the quality of the approximation is fixed at indexing time 
for each vector component, our contribution is an indexing structure that uses the 
irnportance of vector components for choosing the quality of the approximation 
at every query. Our structure, the Inverted Vector Approximation (IVA) file 
combines the advantages of the inverted file (a v.:ell-known data structure from 
information retrieval, also used in CBIR [G]) with the advantages of the VA-file. 

This paper is organized as follows: in the next section \Ve describe the VA-file. 
Then we describe the query model for ,vhich IVA-files are optin1ized, as well as 
the notion of vector component importance that is used for choosing the appro-
priate approximation level (section 3). Then, in section 4, we descrihe Inverted 
VA files as VA-files with changed storage and evaluation order. In section 5 we 
give a method to provide diverse levels of approximation for components of color 
histograms. Lastly, we present experiments, related work auJ futnre work. 

2 VA-Files 

The VA-file is motivated by the observation that the cnrse of dirn.ensionality 
makes it impossible for tree-based multi-dimensional indexing structures (e.g. 
[4] and others) to obtain better than linear complexity for k-NN search in spaces 
with dimensionality n > 10 [8]: Tree-based indexing structures have to consider 
c•iV (with c 1) vectors when querying a collection of ~N vectors. The basic idea 
of the VA-file is to accept this as a fact, an<l to accept linear complexity, but to 
1ninirnize the overhead in order to be faster than tree-based indexing structures. 
This is achieved in a tlvo-pass process. 

1 For brevity, we do not introduce an additional notation for similarity measures. The 
oifforence between distance and similarity measures is that for distances smaller 
values indicate better match whereas for similarity measures higher values indicate 
better match. We always write Ll and ..d(yj:c) < L1(z[x), thinking in terms of dis-
tances, i.e. x is matches y better than z. 
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The base assumption in optimizing the VA-file's performance is that the time 
complexity of one query is determined by the number of data blocks that have 
to be read from disk during the query. If for processing the query, c •N vectors 
need to be looked at, then the number of data blocks to be read during a query 
process is proportional to the total number of bits needed for representing a data 
vector \Vithin the context of our query. 

Typical tree-based indexing structures store the data vectors in full precision. 
Each vector component corresponds to a ;32 bit float value. The VA-fi.ln hmvevcr, 
stores each vector twice: once in full (float) precision, once its approximation 
(h «: 32 hits per component). In the approximation each b-bit value designates 
a float ii iterYal. 

A k-NN query is processed in a two-pass process: in the first pass, approx-
ir11aLions are used for obtaining so called candidates, i.e. data points for which 
we cannot rule out the possibility that they are among the query result (i. c. the 
k-NN) by looking at the approximation alone. For some of the candidates we 
need to look n.t the full precision vectors, possibly discarding more candidates 
from the candidate set while we are finding more and more of the k nearest 
neigllbors, because we get new bounds for being among the k-NN during this 
process. 

The performance of the VA-file is determined by the following factors: 
N un1ber of bits needed per approxhnation cornponent: As all approx-
imations are read during the first pass of the query processing, the number of 
blocks read in this phase is proportional to the number of bits to be read per 
-vector component. 
Size of the candidate set: Of course, the number of candidates influences how 
many data vectors have to be read in full precision. In fact, as hard disks are 
block-oriented devices, vve will have to read statistically almost one entire block 
per full precision data vector we look at. 
Block size: The data block that needs to be read to verify the candidate sta-
tus of a data vector will possibly contain a large number of data vectors ( 10 
vectors) that a.re not member of the candidate set, i. e. that are not interesting 
for our query process. Although these data points ·will not be considered, they 
are still read, and still are part of the cost of the query process. 

Note that the number of bits needed per component approximation and the 
size of tlw candicfote set are directly related to the quality of the approximation. 
There is some literature on choosing useful approximations for skewed distribu-
tions [:3,9]. Both methods, as well as the initial VA-file approximation method 
have in common that the approximation is fixed at indexing time. There is no 
possibility to adapt approximation quality to the query without updating the 
index. That is, the methods adapt to the data, limvever costly and slowly. 

3 Queries and Component Importance 

What we need to do when processing a query is to find the k vectors r 1, l E 
{1, ... , k} closest with respect to a query q from which a distance measure 
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A(.jq) (given the query) is inferred. We require that the distance measure can 
be expressed as a. component wise sum A(rilq) = I:,7= 1 Llj(ri,j )q). 

Nmv, let us imagine for an instant, we would like to perform an inexact k-NN 
query on our data collection. When calculating each of the distances A(rijq) we 
would not evaluate the distance for all vector components ~Jt=l L\.i (r;,j !q), but 
rather only for a subset JC {1, ... , n} of vector components I:, •EJ .dj(ri,jjq). 
It is intuitively evident that for two sets of components J 1 C { 1, ... , n} and 
J2 c {1, ... , n} the result will differ most of the time if J1 f:. J2. :tvioreover, we 
will assume that ignoring some components will change the results more strongly 
with respect to the results of the full evaluation than ignoring other ones. 

This is what importance of vector components is about. An important com-
ponent is a vector component that, if not evaluated, changes the ranking strongly. 
We define the importance of vector component j given the query q as: 

N 
I(jlq) = mlx(L\j (ri,j Jq)) - r~1in(.:1j (ri,j lq))

2=1 7=1 

That is, the Importance of component j is given by the variability of its contri-
bution to ~, i.e. its discriminative power. 

The implementation of VA-files involves the approximatjon of vector compo-
nents. That is, we evaluate the distance for all components, but the evaluation 
is not exact. The concept of component importance is also jmportant here. It 
allows us to choose how precise or how coarnc we can make the approximation of 
a given component. Components of high importance will he better approximated 
than those of low importance. However, it is important here to note that neither 
the VA-file nor our variant, the IVA-file, perform inexact lc-NN queries, because 
the inexact first pass is supplemented by the second pass exactly checking the 
candidates. 

In this publication we are interested in non-Gaussian data distributions and 
distance measures other than Euclidean distance. 2 The deiiuition of importance 
we gave in Eq. 1 proves very useful in these cases, as the follmving example 
shows: 

Assume documents represented as n-bin histogrmns~ and n.ssume they are 
going to be ranked using histogram intersection ~(rjq) := I:,;i=ccl min(qj, rj) 

Let histogran1 bin (i.e. vector component) number 42 represent the color 
"purple''. Furthermore, assume the query q42 to be a vector with qJ2 = 1 for 
j = 42 aud qJ2 = 0 otherwise. q 42 would correspond to a uniformly purple query 

42 42image. In this ca..se J(jjq = J for j = 42 and J(.jjq = 0 otherwise, for) 2 )
4 

some constant l42 > 0 whose exact value does not matter here. 
vVhat's relevant for us here is that when a vector ri is ranked with respect 

to a unifonnlv colored image: q42 , no histogram components matter at all (i.e. 
2 In the caso of Gaussian distribution of data points and Euclirlean distance the way to 

quantify and use importance is to perform a principal components analysis (PCA), 
i. e. finding a basis of the vector space that consists of the Eigenvectors of the co-
variance 1natrix. In this case, the least irnportant vector components arc those cor-
responding to the Eigenvectors with the smallest Eigenvalues. VA+_files [3) exploit 
PCA in order to reduce the size of the approximation. 
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they have zero importance) except the one that is present in the query image. 
Indeed evaluating just .:142(-lqJ~) suffices for obtaining the correct k-NN query 
result, because L'.142 (ri,42 lq42 ) = (ri jq42 ) for all ri. 

In contrast, a PCA-based method would evaluate the importance of vector 
components based on their variance over the whole collection. As a consequence, 
a con1ponent c, c -:/- 42 could be assigned a larger importance than component 
42 due to the large variance of ri,c· Clearly this is not useful in our example, as 
the importance of vector components is solely detern1ined by the query. 

The above example is dearly extreme. However, also in realistic settings \vith 
color histogran1s calculated from real data collections, the essential ingredient 
stays the same: the importance of the vector components depends on the distance 
measure .d, the query q and the data collection C. This is, why we write the 
importance of component .i for query q as I(jlq, C, d) in the following. 

4 From VA to Inverted VA 

In VA-files, vector approximations are stored and read "line by line", i.e. doc-
ument by docunicnt, vector by vector. It is not possible to read partial vectors 
because hard disks are block-oriented devices: typically, the approximations for 
a number of vectors will fit into one block. Reading only parts of one block won't 
bring any efficiency gain. This observation leads us to changing the storage and 
evaluation order of the VA-file and then looking at the possible benefits. 

Essentially, Inverted VA-files arc VA-files with a changed storage and evalu-
ation order. In IVA-files, vector approximations are stored and read column by 
column. That is, when processing a query, the query processor first reads and 
processes the first components ri.l for each data point ri, before then processing 
the second con1ponents ri, 2 , and so forth. The second phase of IVA-queries is 
the same as for queries using VA-files. 

\Vhile this n1ight appear only a minor change, this change of storage order 
allmvs us to choose which components to read . \Ve use this newly-acquired liberty 
of what to read as follows: We store each component of each data vector r 1 at 
several levels of approxirnation quality. On processing a query we choose for each 
co:rnponent the level of approxinrntion quality needed. After having chosen, we 
will read the corresponding column fron1 the IVA-file. 

5 Approxi1nations for Histogra1n Intersection 

Now the only ingredient missing for successful use of the IVA-file for color his-
tograrns is the approximation itself. The approximation is sin1ply an array n1ap-
ping of a b bit integer to 2b real-valued intervals. \Vhile the 1nethods presented 
up to this point in the paper have been generic, now we will concentrate on the 
histograrn intersection distance. 

Let us come back to our example given in section 2. Here, ,ve showed that 
the importance is zero for each component for which the query cornponent <Jj 
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is zero. More generally, the importancn of the j-th comp,nic!nt is limited by the 
value of qi: J(jlq) = maxt:, 1 (min(qj,ri,})) - min~1 (min(<J_jJ·1,j)). 

In other words, for a given document ri, the contrihuUon of cornponcnt j to 
A(q,ri), L1(qj,ri,j) := min(qJ,ri,J) is limited by {Jj• \\\· can use this facL for the 
approximation of ri. 

For generating the approximations that pcrforrne<l t>csl in our experiments 
(we also tried the ones suggested initially for Euclidean distance in [3]), ,ve chose 
a small number /3 an<l cut the interval hetween minimum (r-. 1 :--, mini ri,j) and 
maximum (r+,i := maxi Ti,j + c) value of a component within the collection into 
2f3 non-overlapping equal-sized chunks, obtaining a set of intervals (R abbreviates 
"Region", and O < R, < 2/3): 

R(f, /3, /3, r.1 ,i, r -,j ):= [r-,j + 2f~ • (r; ,i - r-,_;), r _,i + f ;~, 1 • (r+,j - r-,j) )2) 

:=[Rmin (£,:9,[3,r_,j,T-,j), Rmax (l,!3,(3,r+ i ,r ,J)) (3) 
Eq. 3 is just shorthand for :Cq. 2. '\Ve now define for b < (J bits: 

. { R(£., b, /3, r +,.i, r ,:i) : f < 26 - 1 
R(l b /3 r • r _ ·) : = [ b ) • (4)' ' ' +,J' ,J r -,.i + 2 27i' 1 • (r+,J -- r_ ,j ), r+,.i : nthcrwzse 

That is, the first 2b - 1 intervals are exactly the snmc i\S ,vit h /3 > l1, ancl the 
remaining interval covers the complete rest. 

Now, hou, do we choose the level of approximation? Gin·IJ a query q v:c can 
choose the minimal b such that for all ,€ the b-bit approxi11rntion produces the 
same histogram intersection values as the ,B-bit approximation: 

min(qi, Rmin(l,b,/3,r+,1 ,r_,1 )) = min(qi, Rmin(£,A,;.3 r+ j,T-,_;)) (5) 
I\ min(qi, Rmax(R.,b.(3,r+,J,r-,.i )) = min(Qi, R1i1ax(.e,a,,,.r I i ,r-,.1 )) (6) 

This method works already fairly well, however we c;:rn improve on this by re-
laxing the constraint a bit. \Ve choose a minimal b such that 

. ( R . ( R ) (r+ . .i - r - ,j) ( )m1n qi, max(l. Ii r.i r+ ,J,• r -)) - 1111n qi, "Lmin(l ' b J3 ' r+ ,J,. r -) < - 2-A 7' _, ,,,µ, --,J ' -t] 

This makes the b-bit approximation (for some querie;-.; and documents) slightly 
worse than the ,A-hit approximation. However, this increases the nurnbcr of times, 
where -..ve do not have to read any approximation at all (b ::::-:: 0-bit approximation). 

Example: Let us continue our example already givr.·n in section 2. Let us 
assume that the minimum and maximum values of the 42nd component within 
the data collection are O and 1, respectivcly ( mint1 r\ ,42 ::::---: 0 an <l maxi: 1 r i,42 = 
I), and let us choose (3 = 5. 

,vith this choice, 

£ + 1)R(e,5,5,1,0) = [ -_f'_ ,-- (8)' • • 32 32 

R(f, b, G, 1, 0) := { (:3/' £t/) '. f < "2b .1 (9)
[ 32 , 1) . otherwise 
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6 

\Ve nmv choose values for q.12 and give the corresponding b to be used for the 
approxirnation. We consider three cases: 
(1) If (]42 =-= 1, evidently, \Ve need b = /3 = 5. 
(2) If (]42 = 0, then b = 0 yields (0, 1) as only "approximation interval". For all 
r i,42 within the collection 

mi11(0, 0) = rnin(q42, Rmin(l..§.,5,1,0)) = min(q42, Rmin(l,Q,E,,1,o)) = min(O, 0) 

J\ min ( 0, / 2 ) = rnin(q,12, Rrnax{l,fi,G,l,O)) = min(q42, Rmax{f,.Q,5,1,0)) = min(O, 1) 

So, we can choose lJ == 0 \Vithout degrading approximation quality. 
(3) If q42 = 674 , b = 2 yields [O, }2), [312 , /6), [i16 , f2), [332, 1) as only approxi-
mation intervals. 

Now, for all £ = 0, 1, 2 the resulting bounds will be exactly equal to those 
of tlic b - /3 = 5 bit approximation. So for £ = 0, 1, 2, :J a 2-bit approximation 
fulfills Eq. 5, Eq. 6. The interesting case is £ > 4. Let us choose £ = 4. We find: 

= min (q42, Rmin(4&,5,1,0)) =f=. min (q42, Rmin(4,l,5,1,0)) =: 4 }2 

= min (q42, Rmax(4,§.,5,l,O)) = min (q42, Rmax(4,l,5,l,O)) = : 4 

That is, for e= 4, the approximation condition given in Eq. 5 is not fulfilled i.e. 
the approximation quality when usjng b - 2 bits is slightly degraded with respect 
to using /3 = 5-bit approximations in this case. However, Eq. 7 holds here, i.e. 
-.vhen using the second way of approximation, described in the previous section, 
we would use 2 bits. When using b = 3 bits, Eq. 5 and Eq. 6 both hold, i. e. 
\vhen using the first \vay of approximation described in the previous section, we 
would use 3 bits. 

As this example shmvs, we have the opportunity to use fewer bits by degrad-
ing approximation quality slightly. In our experiments, the loss of approximation 
qualit.Y (i.e. the increase in size of the candidate set) \Vas offset by the savings 
in approximation size. 

Experiments 

In the experiments we present here \Ve used a collection of 66616 32-bin color 
layout histograms (i.e. color histograms with 32 components), obtained from 
kdd. ics. uci. edu/databases/CorelFeatures/CorelFeatures .html. The site 
reports that the data has been used in [5]. These histograms have been extracted 
from the Cord hnage collection. They arc free for scientific use. The 32 bins 
correspond to 4 levels of hue, and 2 levels of saturation in 4 image regions, 
capturing both color and layout in the histogram. 

For our experiments, we varied /3 from 2 to 12 bits. Each time, we did 100 
1-KN test queries using a VA-flle and an IVA-file, respectively, and counted 
during the test queries the number of 8192-byte blocks read, calculating from the 
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effective bi1s per appro.,im:nec.l component 

Fig. 1. Overall performance of 1-NN query on VA-file. On the left, the horizontal lines 
within the plot highlight the value that matters: the overall number of bits read per 
component, and the gain obtained by use of the IVA-file. I Jere, the IVA-file performs 
about 2 times better than the VA-file. On the right, we show that the number of 
candidates visited for an average approximation bit width of l> = ,1 is by two orders of 
magnitude smaller for the IVA.:.file than for the VA-file. 

number of blocks the effective number of bits read. The average uumbcr of bits 
read per vector component on the test queries for one given /3 is one data point 
in our plots. The choice of f3 influences the precision of the approximation, and 
thus the number of candidates. The total number of bits read depends on /3, and 
the number of candidates for which the exact vector has to he read, so we need 
a tradeoff for which the average overall number of bits read bcc01ncs minimal. 
The number of bits read per component at this minimum is the parameter that 
determines the performance of the VA-file or IVA-file. The comparative plot 
obtained using an IVA-file and a VA-file are shown on the left side of Fig. 1. The 
overall number of bits read per vector component is rnore than 2 times better 
for the IVA-file than the number of bits read using the VA-file. 

To highlight the increase in the quality of the approximation for a given 
number of bits effectively used, [3,9] plot the number of candidates obtained in 
the first (i.e. approximation) pass and the number of candidates actually visited 
versus the number of bits actually used in the approximation (average b plus 
overhead for blocking). The right side of Fig. 1 shows such a plot for our test 
data. We see two pairs of curves. Each pair depicts the numher of candidates 
generated by the first pass, and (a little lower) the number of candidates that 
actually have to be visited. The pair of curves depicting the IVA-file is distinctly 
lower than that depicting the VA-file. In particular one can sec that for a given 
number of bits per approximation (average b), the IVA-file needs to visit up to 
two orders of magnitude fewer candidates than the corresponding VA-file. 

Related Work 

There are a few groups that have worked with structures similar to the IVA-file. 
Squire et al. [6] used search pruning on inverted files to improve response time. 

7 
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I lowcY(•r, tlw process wns a one-pass process yielding approxirrwlely the same 
result ,is full evaluation of the query. De Vries et al. [2] use full precision Vertically 
Decomposed Data (i.e. column vectors) in order to choose what parts of the query 
to ev,il nate ;is part of a t,vo-p,1:-::s query process. Here each tup1c is n•,icl in full 
precision. However, only some (not all) tuples are read. They report savings of 
about ~rds with respect to full evaluation (compared to saving;:; of about ~th 
reported in our experiments). The motivation for vertically decomposed data aud 
pruning is cheap update. Lastly, Bohm et al. [1] report experiments in which they 
iIJclex frature data helon,u;ingto each group of features (color, texture etc.) in its 
own V.:\-filc, merging the results of queries on each file. 

Further \ 1Vork 

In the future, we ,vant to explore the usefulness of our data structure for other 
distance measures as e.g. the cosine distance and the K11llback-Leibler Diver-
gence. In addition to that we want to show the usefulness of our method also for 
other dista11ct' measures, if relevance feedback changes thP importance of vector 
comp< lllents at query time. 
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