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ABSTRACT

Algorithms in distributed information retrieval often rely on
accurate knowledge of the size of a collection. The “multiple
capture-recapture” method of Shokouhi et al. is one of the
more reliable algorithms for determining collection size, but
it relies on samples with a uniform number of documents.
Such uniform samples are often hard to obtain in a working
system.

A simple generalisation of multiple capture-recapture does
not rely on uniform sample sizes. Simulations show it is as
accurate as the original method even when sample sizes vary
considerably, making it a useful technique in real tools.
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1. INTRODUCTION

Tools in distributed information retrieval (DIR) use knowl-
edge of a collection’s size as a proxy for coverage and com-
pleteness, and as important input to algorithms for server
selection and language modelling.

Although in some instances servers may report the num-
ber of documents they index, many servers do not report
a size, and when they do it may be inaccurate or deliber-
ately misleading. DIR tools therefore must generate their
own estimates, based on samples of documents acquired
with techniques such as query-based [2] or multiple-query [5]
sampling.

2. MULTIPLE CAPTURE-RECAPTURE

The “multiple capture-recapture” method (MCR) of Shok-
ouhi et al. [4] builds on Liu et al.’s “capture-recapture” [3].
The central idea for both algorithms is to estimate, given a
number of samples from a collection, the expected number of
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“overlaps”; an “overlap” is when a document is in common
between two samples. This depends on N, the number of
documents in the collection, so we can use a count of overlaps
to estimate N.

If we have T independent samples, each of n documents,
then there are T'(T — 1)/2 pairs of samples. Each document
has a n/N chance of being in each sample, so a n?/N?
chance of being in both; and there are N documents, so we
can expect n? /N overlaps per pair of samples. Overall, the
expected number of overlaps E(O) is therefore

T(T-1)n*
2 N

and if we observe o overlaps, we can estimate

g TTr-1 n? .
2 o

It is however often difficult for a working DIR tool to obtain
samples of a uniform size n. Of the six sampling methods
surved in a recent paper [5], none are able to guarantee
samples of a particular size; some, for example the single
queries method [1], are extremely unlikely to produce samples
of a uniform size. This restricts the use of MCR.

E(0) =

3. A SIMPLE GENERALISATION

A simple generalisation allows MCR to operate with non-
uniform sample sizes. For every two samples = and y, we have
ng and ny, the sizes of each sample, and 04y, the number of
documents overlapping in these two samples. 7', N, and o

are as before. Now
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Implementation in a DIR tool is straightforward.

4. VALIDATING THE ALGORITHM

Experiments compared generalised MCR (GMCR) to MCR
using simulations with a 1,000,000 “document” collection
and random samples. Figure 1 shows the relative errors in
100 runs of each of MCR and GMCR; MCR used samples
of 100 “documents” at a time, while GMCR used variable
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Figure 1: Relative errors in estimation from mul-
tiple capture-recapture (MCR), with 100 samples
of 100 documents, and generalised MCR (GMCR),
with 100 samples of varying size.
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Figure 2: Relative errors in estimation from MCR
and GMCR as T, the number of 100-document sam-
ples, increases. Bars are + one standard error.

sample sizes (normally distributed with 7 = 100 and o = 20).
A two-sided t test showed no significant difference in mean
relative error; we can conclude that GMCR is as accurate
as (although no more accurate than) MCR in this situation.
As MCR is one of the best current algorithms, this suggests
GMCR is also competitive.

Experiments also examined how the algorithms fared as T,
the number of samples, increased. Again, MCR was given
100 documents per sample and GMCR was given a varying
number (72 = 100, o = 20); T was varied from 50 to 100 with
100 runs at each step. As illustrated in Figure 2, GMCR
matched MCR very closely.

Finally, a third set of experiments considered how sensitive
GMCR is to variation in sample size. Figure 3 plots rela-
tive error, again with 100 samples of a 1,000,000 document
collection, as sample sizes become more variable (72 = 100,
o = 1-40). There is no significant correlation between vari-
ability in sample size and relative error, and it appears that
GMCR remains equivalent to MCR, even if variance in n is
high.
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Figure 3: Relative errors in estimation from GMCR
as the variability in sample size increases. Bars are
+ one standard error.

S. CONCLUSION

The original MCR algorithm is amongst the most accurate
size estimation techniques at present, but is of limited use
in DIR tools since it requires samples of fixed size. The
generalised variant introduced here is as accurate as the
original, even if samples vary in size considerably; it therefore
seems useful for DIR tools in the general case.
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