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Compression %
Manuals GNUbib Comact
20.1
7.4
9.7

22.3
7.8
10.9
Hu man
19.7
7.0
8.9
Hu man (batched)
19.5
7.0
8.8
Entropy
19.4
3.2
8.1
Entropy (batched)
18.8
2.9
7.7
Table 9: Coding word-document frequencies
that would be achieved if arithmetic coding was used with the same models. The decrease
in size for GNUbib is dramatic.
Use of arithmetic coding would mean that the word frequencies would have to be stored
separately from the bitvector, but adjacent storage would mean that no extra disk time
would be required to retrieve both bitvector and frequencies. Although not physically
interleaved, the arithmetic coded frequencies would still be logically interleaved.
Regardless of the particular model or coding method used, it is worth making the point
that storing the word frequencies for each word-document pair within the document collection can be achieved for a relatively small additional cost. To put all of the compression ratios back into perspective, Comact is a collection of 261,829 documents totalling 132 Mbyte
uncompressed and without indexing; the techniques described here allow the bitmap to be
represented in under 8 Mbyte, and the word frequency information to be stored in an additional 2.8 Mbyte. Compared with a raw bitmap, at 2 Gbyte, and an uncompressed inverted
le, at 30.5 Mbyte, signi cant savings have been achieved.

10 Summary
We have shown, for several di erent methods for encoding bitmaps, that parameterising the
compression for individual bitvectors allows improved compression. The methods we have
successfully modi ed include the uniform random (or Bernoulli) model of bitmap generation;
the `Exp-Gol' code of Teuhola [19]; the LLRUN method of Fraenkel and Klein [8]; and a
general Hu man code on run lengths. We have also described a technique whereby the
frequency of each word within each document can be added to the bitmap at small additional
cost.
We have applied the new methods to three experimental document collections. In each
case we were able to demonstrate improved compression performance. The methods we
have described also appear to outperform other bitmap compression techniques that have
appeared in the literature.
Although we have been able to improve the compression obtained, it has been at the
cost of some sophistication in terms of models and extra processing time during encoding. It
is worth noting that Elias' and  codes are surprisingly e ective for storing these bitmaps
and frequency maps. For practical implementations these simple one-pass codes should also
be considered.
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and correspond to the `Total' rows of Tables 4 to 7. The best of the methods described
by Bookstein and Klein gave rise to a compression improvement of 16% on the Hebrew
Bible [3]; the methods here give a 30% improvement on roughly comparable data. We also
obtained similar results when we repeated the experiments selecting bitvectors for words
that appeared in 25 or more of the chapters, where 25 = 1189  20=929.
Bookstein and Klein [3] compared their methods with several others, and claimed to have
achieved improved compression. We thus have some con dence in the general usefulness of
the techniques we have described. Nevertheless, the comparative results are indicative only,
and should not be regarded as conclusive. It would be interesting to compare the various
methods on identical test data.

9 Storing Word Frequencies
A bitmap is used to determine whether a particular word appears in a particular document.
There will also be situations in which it is useful to know not only whether or not the word
appears, but also how many times it appears. For example, documents can be ranked more
e ectively, via similarity measures such as the cosine measure [16], if term frequency information is known: including term frequency information results in a 10%-20% improvement
in ranking e ectiveness [6]. To allow such ranking, the bitmap should store a frequency
count for each word-document combination instead of a bit, and, strictly speaking, will not
be a bitmap at all. We call this structure a frequency map ; and will refer to one row of the
frequency map as a frequency vector .
We have also considered how frequency vectors might be economically stored. Most
frequency vectors will still be sparse, with many zeroes (representing documents in which
that word does not appear at all), some ones (documents in which the word appears once),
and a few greater values (documents in which the word appears several times).
It is relatively straightforward to add the frequency information to the compressed
bitmap forms already described. Each runlength of zeros is encoded in the normal manner,
but is then followed by a code describing the number of occurrences of the term in that
document. The decoder must extract this code before decompressing the next run length.
Because the frequency counts will normally be small integers, predominantly 1, it follows
that  and are again suitable coding methods, since both use just one bit to describe the
value one. Table 9 shows the extra cost of storing the frequency information using ,  ,
and a Hu man code based upon the observed word-document frequencies. For consistency
with the previous tables we have again measured the compressed size as a percentage of the
uncompressed inverted le, although in this case there is little relevance in the ratio.
Adding the frequency information to the map increases its compressed size by about
one-third. Although the frequency information is stored interleaved with the bitmap, these
three methods make no use of any commonality, and so are global methods.
If we assume that the value blog pw c is known for `free', that is, that a parameterised
compression scheme is being used for the bitmap component of the frequency map, we
can do fractionally better. Table 9 also shows the compression attained with a batched
version of the Hu man code, where the encoding used for the frequency is conditioned on
the selector blog2 pw c. All of the values in Table 9 include the small overhead of storing the
model(s).
It is also worth noting that in this case there is a de nite gain from converting to
arithmetic coding [22] rather than using Hu man coding, since the distributions are skewed
very heavily in favour of `one'. The rows marked `Entropy' in Table 9 show the compression
10

Compression %
Manuals GNUbib Comact
Hu man (global)
49.8
32.3
25.9
Global model
0.5
0.7
0.1
Total
50.3
33.0
26.0
Hu man (batched)
44.1
30.2
24.6
dlog N e models
1.6
0.9
0.2
Selection overhead
1.5
0.4
0.1
Total
47.2
31.5
24.9
Table 7: Hu man coding the run lengths
Bookstein and Klein [3] describe experiments based upon the Hebrew Bible. They
report that this Bible has 929 chapters and 305,514 words, and they considered a retrieval
system in which each chapter was considered to be a document (that is, N = 929). In their
experiments they extracted the bitvectors for all words that occurred in 20 or more of the
chapters, which resulted in n = 1; 428 bitvectors in which a total of 95; 472 = 7:2% bits
were set to one. Their best methods resulted in compression equivalent to a 16% saving
compared with the zero-order self entropy of the bitmap, considered globally, where, for a
bitmap containing n0 zero bits and n1 1-bits the zero-order self entropy is given by
n0 + n 1
n  log
+ n  log n0 + n1 :
0

1

n0

n1

Because all infrequent words were discarded, their results are not directly comparable
with ours. However in an attempt to duplicate their experiment we tested our methods
on a roughly similar selection of bitvectors drawn from the King James Bible. That Bible
contains 1,189 chapters; 824,965 words; and 13,777 distinct words. To achieve roughly
the same overall percentage of 1-bits we needed to extract the bitvectors for all words that
occurred in 10 or more of the chapters, and this resulted in a bitmap of n = 3; 266 bitvectors,
each N = 1; 189 bits long, and with a total of p = 276; 820 = 7:1% 1-bits.
Compression results using this modi ed bitmap are shown in Table 8. The gures in the
second column are compression ratios calculated as described in Section 1; the gures in the
third column are compression improvements relative to the self entropy of the bitmap, calculated in the manner used in [3]. All of the values given include the appropriate overheads,
Method

Compression % % Saving relative
to self-entropy
Zero order self entropy
47.3
0.0
35.3
25.3
VG (local)
34.1
27.9
VT (optimal)
32.7
30.7
LLRUN (batched)
32.4
31.5
Hu man (batched)
32.1
32.1
Table 8: Compression on selected bitvectors in the Bible
9

Compression %
Manuals GNUbib Comact
LLRUN [8]
51.1
32.7
26.1
LLRUN (batched)
46.2
30.4
24.9
Overheads
1.5
0.4
0.1
Total
47.7
30.8
24.9
Table 6: Coding with method LLRUN
Instead, we propose another `batching' step. Rather than use one set of pre x codes
for each bitvector, we build several di erent pre x codes and choose an appropriate one
for use with each bitvector. The `per bitvector' cost then becomes small, just a selector
variable. The selection is based on pw , the number of 1-bits; and the batching we propose
is logarithmic.
For the bitvector for word w with frequency pw we use the blog pw c'th pre x code; and
so on a collection of N documents we need at most dlog N e di erent pre x codes, and each
bitvector must be pre xed by a selector in the range 0::dlog N e bits. Table 6 shows the
compression resulting from this parameterised version of LLRUN, and the overhead cost
when the selector values are Hu man coded. There is a small but clear improvement over
LLRUN.

7 Exact Models
It is also interesting to consider the performance of exact models, based upon the actual
distribution of gap values. We can again classify these into global models, which treat the
bitmap as a whole; and local models, which treat each bitvector independently.
A Hu man code [11] based upon gap frequency is an obvious possibility. However we
need to be a little cautious. Since there are potentially N di erent gap values, the description of the code itself might consume a great deal of space. For example, the simplest
description would be a list of N integers recording the length in bits of the corresponding
codeword. If codewords are to be up to dlog N e bits long then N  dlog log N e bits are
required. On Comact this might cost 160 Kbyte. While this may be practical for a global
code, it is impossible for a local model. Other more compact descriptions might be appropriate when the Hu man code is itself sparse over the range (and indeed, this is what we
have used), but for bitvectors with less than a few thousand 1-bits the cost of describing
the code will almost certainly outweigh the savings to be had from using the code.
Instead of using n di erent codes the logarithmic batching described above can be used,
resulting in dlog N e di erent codes. Table 7 shows the compression achieved with a single
global Hu man code, and with a batched variant, where the code was selected according to
blog pw c. Again there is a small, but de nite, improvement in the compression performance.

8 Comparison with Other Methods
There has been a great deal of previous work on bitmap compression, and many methods
proposed [1, 2, 3, 4, 5, 8, 12, 17, 19, 21]. It is interesting to compare the compression
possible with the parameterised models with those previous methods.
8

Compression %
Manuals GNUbib Comact
VT (geometric mean)
46.6
31.1
26.0
for N=b values
4.8
1.4
0.4
Total
51.4
32.6
26.5
VT (median)
46.3
30.5
25.8
for N=b values
4.4
1.3
0.4
Total
50.8
31.8
26.2
VT (optimal)
46.2
31.0
26.2
for b indices
1.5
0.4
0.1
Total
47.6
31.4
26.3
Table 5: Coding with VT
Although requiring more time for encoding than or , decoding during query processing
is just as fast. During encoding each bitvector will need to be processed two or more
times, but the bitmap as a whole only needs to be processed once, since each bitvector is
compressed entirely independently of other bitvectors, and so, in a sense, the methods are
still one-pass. By way of contrast, the Hu man coded models described in Sections 6 and 7
need to make two passes over the entire bitmap, markedly increasing the resources required
during creation of the index.
Given that one parameter leads to improved compression, it is natural to ask whether a
second parameter allows further gains. In the same framework, we have also experimented
with a `two-parameter' vector V2:
V2 = (b; ab; a2 b; : : : ; ai?1 b; : : :);

where the growth rate in the widths of the intervals is also controlled. For example, when
a = 1, V2 = VG and the geometric distribution will be catered for.
To date, however, we have been unable to obtain consistently improved compression from
this technique. The cost of specifying the value a for each bitvector is not compensated for
by shorter codes.

6 Parameterising the Pre x
Fraenkel and Klein [8] have also considered the problem of bitmap compression. Their
method LLRUN uses the same vector V as the code, but instead of coding the pre x k in
unary uses a Hu man code based upon the observed frequencies of k over all runlengths in
the bitmap. In a sense, the method is Hu man coding on buckets of numbers rather than
single numbers, in recognition of the fact that a run length of (say) 93 is probably just as
likely as runlengths of 92 or 94.
Despite the fact that this method is global, it gives good compression. Table 6 shows the
compression obtained by LLRUN. The overhead cost of the Hu man code is insigni cant|
dlog N e codeword lengths suce, each requiring dlog log N e bits.
The obvious option of using a di erent Hu man code for each bitvector leads to a
dramatic growth in the amount of model information that must be stored, and results in
compression degradation rather than compression improvement.
7

Compression %
Manuals GNUbib Comact
VG (globally)
77.6
78.2
65.8
VG (locally)
48.8
41.1
33.8
for pw values
2.3
0.7
0.2
Total
51.1
41.8
33.9
Table 4: Coding using VG
equivalent compression scheme using a Bernoulli model and arithmetic coding [21], where
the frequency of each word was also used to control the arithmetic coding of the text of the
retrieval system.
Of course, in practice the 1-bits are not uniformly and randomly distributed. The natural ordering of the documents means that most of the words will be relatively frequent over
small sections of the collection, and relatively in frequent in the remainder. No advantage
of this is taken by the simple code described above.
Teuhola [19] described a similar encoding that exploits this skewness in the distribution
of run lengths. His `Exp-Gol' code, a generalisation of , corresponds to the coding vector
VT

= (b; 2b; 4b; : : : ; 2i?1 b; : : :);

where it was suggested that b be chosen as some small power of two. In fact there is no
reason to restrict b to be a power of two; and, in general, nor is there any reason to choose
b to be small. We experimented with various mechanisms for choosing the best value of
b, and compared several ad-hoc heuristics with the cpu-intensive technique of nding by
trial and error the best value of b for each bitvector. Table 5 shows the compression that
was obtained. The best of the ad-hoc methods for choosing b was to take the median of
the gap values. This choice matches the observed e ect|when the distribution is very
uniform, the median will be close to the arithmetic mean and the code will be closest to
that generated by VG ; and when the distribution is very skew b becomes correspondingly
less. Taking b to be the geometric mean of the run lengths within the bitvector was also a
useful heuristic. Both of these techniques resulted in performance only a few percent worse
than the `optimal' technique of scanning a wide range of b values, and choosing the value
that resulted in the best compression.
The parameter b must again be pre xed to each bitvector. When the median or the
geometric mean are being used this is best e ected by using to encode N=b, since N=b
will usually be smaller than b itself. For the `optimal' value of b, was used not to encode
the value N=b, but instead to encode the index of the minimising value in the decreasing
sequence
p ; N4 ; N
p ; : : : ; 1)
( N2 ; N
2 2
4 2
which was the set of b values tested for each bitvector. This is why the cost of storing b is
smaller in this third case.
As can be seen from Table 4, use of VT yields improved compression, even if b is simply
taken to be the median of the gaps within each bitvector. Using the median will be faster
during encoding than nding the minimising b value; but decoding speed during query
processing will be similar for all of these methods.
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of blocks of zero bits rather than the number of individual zero bits as we do, following their
runlength they encode the position in the next block of any 1-bits. We believe that the
speed degradation caused by coding runlengths in terms of bits rather than blocks will be
small, and that improved compression will result.

5 Parameterising the Sux
To make the compression sensitive to the characteristics of particular words, we wish to
use a local model, controlled by some parameters associated with each bitvector. One
approach is to allow V to be di erent for each bitvector|parameterising in some way the
sux part of the general code. Some representation of V must also be stored with each
compressed bitvector, a non-trivial overhead. Nevertheless, in some cases the compression
gains compensate for this.
Another way in which the encoding might be parameterised is to use the same V for
each bitvector, but to allow the codes used to represent k to depend on some characteristic
of the vector being coded. In Section 6 we explore this approach, using as a starting point
the LLRUN method of Fraenkel and Klein [8]. Again, there is some overhead, both to store
the description of the pre x codes, and, in each bitvector, to indicate which pre x code
should be used.
Finally, we investigate in Section 7 the application of the same techniques to a general
Hu man code on the run lengths.
We now consider how the vector controlling the sux coding might be varied, and
rst describe two simple modi cations to the Elias codes detailed in the previous section.
Both and  give good compression, since most of the inter-word gaps are relatively small
compared to N . However they are in sensitive to word frequency within each bitvector, and
so o er some hope of improved compression.
An obvious parameter that might be used in the encoding of the bitvector for word w
is pw , the number of 1-bits present. The average inter-word gap is given by N=pw ; setting
b = 0:69N=pw and taking
VG = (b; b; b; : : :)
gives an encoding [9, 10, 14] in which each bitvector is represented in at most
pw  (log

N
pw

+ 2)

bits, which, on a per pointer basis, is just a small additive constant from the minimum
number of bits possible if it is assumed that the 1-bits are uniformly random in the bitvector [9, 15]. Compression values obtained using this encoding are listed in Table 4. For
comparison, the table also shows the compression that would be achieved if this same
method was used globally on the entire bitmap rather than locally on each bitvector. The
improvement achieved by changing from a global model to a set of local models is dramatic.
For each word w the frequency of the word must be pre xed to the coded vector, so that
the decoder can know the parameter controlling the coding of each bitvector. Since most
words have a low frequency, and  are appropriate for encoding this parameter, with short
codes for small integers. Table 4 also shows the cost of using to do this. The overhead is
much less than the savings attained by compressing each of the bitvectors individually. It
is also worth noting that in some cases this parameter will not be an overhead at all. For
example, the frequency of a term might be used in document ranking, or for controlling
the compression of the text of the collection. Witten, Bell and Nevill have recently an
5

x

1
2
3
4
5
6
7
8

1,
01,0
01,1
001,00
001,01
001,10
001,11
0001,000



1,
010,0
010,1
011,00
011,01
011,10
011,11
00100,000

Table 2: Examples of codes
Let V be a (possibly in nite) vector of positive integers vi , where
integer x > 1 relative to vector V we nd k such that

Xv

k?1
j=1

j

<x

Xk v
j=1

P vi > N . To code

j

and code k in some appropriate representation followed by the di erence
d = x?

Xv

k?1
j=1

j

?1

in binary, using either blog vk c bits if d < 2dlog vk e ? vk or in dlog vk e bits if d  2dlog vk e ? vk .
For example, is an encoding relative to the vector
V

= (1; 2; 4; 8; : : : ; 2i?1; : : :);

with k coded in unary. Because V is in nite, any positive value x can be represented.
Another example (with a nite V ) is a slightly modi ed binary encoding, in which V = (N )
ensures that k is always 1 and need not be coded at all, and d = x ? 1 is coded in either
blog N c or dlog N e bits.
This approach was rst explored by Fraenkel and Klein [8]. However they did not
consider the possibility of a di erent V being used for each word, and so the model in
their scheme (and in the Elias codes above) is global |applying to the bitmap as a whole
rather than to the bitvectors individually. This has the advantage of simplicity, but means
that for many of the bitvectors in the bitmap an inappropriate encoding will be used, to the
detriment of compression performance. Fraenkel and Klein also chose to encode the number



Compression %
Manuals GNUbib Comact
57.6
39.5
28.3
55.0
34.6
26.8

Table 3: Compression factors for and 
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The transformation is reversible; and given an ordered list of runlengths it is straightforward
to recompute either the inverted le entry or the original bitvector. Since the inverted le
entry is always accessed sequentially, there is no loss of generality in considering only a list
of runlengths.
Run length encoding does not of itself result in any compression, since the maximum
runlength might still be N , and each entry in a binary coded inverted le must still be
allocated dlog N e bits. What run length coding does emphasise is any regularity in the
runlengths, exposing patterns that can be exploited for compression purposes. For example,
a common word can be expected to have a mean runlength that is less than the mean
runlength of a less frequent word.
Thus, the mean runlength, or equivalently, the frequency of a word, might be used in
some way to parameterise the encoding of each bitvector, and leads, as we shall see in
Section 5, to appreciable compression gains. We might also consider allowing the coding of
each bitvector to be controlled by two or more parameters. In the limit, for asymptotically
large document collections, the runlengths within each bitvector are best modelled by using
the exact gap frequencies to drive either a Hu man coder [11] or an arithmetic coder [22].
However this does not result in the most economical representation of the bitmap for practical sized collections, since the parameters that control the coding must also be stored, and
can constitute a signi cant overhead.
Before describing the various ways in which the runlengths might be modelled it is
also useful to consider some parameterless models. Surprisingly, these can also give rise to
signi cant compression.

4 Parameterless Models
To store the list of runlengths we need an encoding of the positive integers. Elias [7] described a number of such encodings. Each of the encodings has the property that small
integers are allocated short codes, while larger integers are allocated longer codes. For
example, his code represents x as blog xc zero bits, followed by the minimal binary representation of x (which must start with a one) in 1 + blog xc bits. An alternative way of
describing the same code is to say that blog xc is coded in unary, then x ? 2blog xc is coded
in binary. For reasons that will become clearer below, we prefer this latter de nition. The
code requires 1 + 2blog xc bits to code integer x.
Some values of are shown in Table 2. For ease of understanding, a comma has been
placed between the pre x and sux parts; this comma does not, of course, appear in the
actual code.
Elias'  code can similarly be thought of as using to code the value blog xc, followed
by the same sux. Integer x will be represented in 1 + 2blog(1 + log x)c + blog xc bits. The
 code is longer than the code for a few values of x smaller than 15, but thereafter  is
never worse.
Table 3 shows the compression ratios that resulted when and  were used to code
the runlength representations of the three sample document collections. Both give rise
to signi cant compression, saving nearly half of the inverted le space for Manuals and
more than two thirds of the space required by the inverted le for Comact . The  code
outperforms by a few percent. Both are easy to implement and very fast in both encoding
and decoding, and both require just one pass over the input bitmap to generate a compressed
representation.
The encoding can also be thought of as being one example of a more general coding
paradigm [8], described as follows.
3

Collection Name
Manuals GNUbib Comact
Text Size (Mbyte)
5.15
14.12
132.11
Documents (N )
2,496
64,344
261,829
Distinct Words (n)
27,554
70,866
68,074
Word Occurrences
958,744 2,575,411 23,100,786
Word Pointers Stored (p)
317,431 2,296,210 14,219,077
Average Words per Document
384
40
88
Bitmap Size (Mbyte)
8.20
543.57
2124.76
Inverted File Size (Mbyte)
0.45
4.38
30.51
Table 1: Sizes of document collections
Table 1 also shows the space that would be required by a raw bitmap (N  n bits) and by
an uncompressed inverted le (p  dlog N e bits). In this paper we will quantify compression
e ectiveness by giving the fraction of this latter quantity required by the encoding. For
example, an algorithm that stores the bitmap for Comact in 20 Mbyte will be described as
having a compression of 20=30:51 = 65:6%. Compression factors greater than 100% indicate
expansion relative to the binary coded inverted le.
In compiling Table 1 we indexed all words, where a `word' was de ned to be any nonempty string of up to 15 alphanumeric characters, provided that the maximum number of
numeric characters was not greater than four. The latter constraint was added after initial
experimentation showed that the page numbers of Comact ran in an unbroken run from 1
to 261,829 and produced an unpleasantly large number of `words'. Strings of alphanumerics
longer than 15 characters, or containing more than 4 numeric characters, were broken, with
the o ending character marking the start of a new word. We did not remove any stop words ,
and indexed even single character and single digit `words'. Although the words removed
as stop words are typically very frequent, and their inverted le entries correspondingly
long, the savings that would accrue from removing them are relatively small, since the
compression techniques we describe will also handle dense bitvectors eciently. Moreover,
there will only be a few such words in any document collection; and so for simplicity and
generality we indexed all words.

3 Run Length Encoding
All of the compression methods we discuss are based upon the well known technique of run
length coding . Rather than storing, in each inverted le entry, the absolute position of each
1-bit in the corresponding bitvector, we store the di erences. For example, the bitvector
00011000101100001 : : :
normally regarded as corresponding to the inverted le entry
4; 5; 9; 11; 12; 17; : : :
would be stored as

4; 1; 4; 2; 1; 5; : : :
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1 Introduction
Full-text retrieval systems are used for storing and accessing document collections such as
newspaper archives, oce automation systems, and on-line help facilities. Two common
methods of providing the index needed for ecient keyword-based query processing on
these systems are bitmaps and inverted les . A bitmap contains, for each word (or term ) w
appearing in the document collection, a bitvector in which the d'th bit is `one' if and only
if word w appears in document d. If the collection contains N documents and n distinct
terms the bitmap will occupy N  n bits, and might be an order of magnitude larger than
the text it represents. For example, one of our experimental document collections occupies
132 Mbyte; has N = 261; 000 documents; has n = 68; 000 indexed terms; and contains
p = 14; 000; 000 term-document pairs. The raw bitmap for this collection would occupy
2.1 Gbyte, more than 15 times the volume of the text it represents.
An inverted le is a more economical method of storing the bitmap; it contains one
list for each word w, with each list containing the document numbers d that contain w.
Because the bitmap is typically sparse, an inverted le will usually occupy less space than
the bitmap it represents, and is just as easy to manipulate. For example, to nd documents
containing both of two terms we must (in the same example) And two 32 Kbyte bitvectors
if the index is stored as a raw bitmap. With an inverted le this is achieved by taking
the intersection of the two lists of occurrences, where each list will contain perhaps a few
hundred or a few thousand integers. Taking the same example collection, each inverted le
pointer would require1 dlog N e = 18 bits, and the inverted le would occupy 30 Mbyte, one
seventieth the space of the bitmap.
Here we consider how each inverted le entry might be further compressed. Our hypothesis is that additional compression can be achieved if each bitvector (that is, each inverted
le entry) is described and coded in terms of some relatively small number of parameters,
normally just one. We describe several such schemes as modi cations of existing global
(unparameterised) schemes for bitmap compression, and detail the savings produced by
each of these methods. The best of these methods is capable of storing the same example
bitmap in about 8 Mbyte, corresponding to less than 5 bits per word pointer.
We have previously described a compression regime for use with the main text of a fulltext retrieval system [15]. In conjunction with the techniques presented here for inverted
le storage, a complete compressed representation of this document collection requires just
43 Mbyte, less than one third of the space required by the initial text alone. Moreover, the
compression techniques are suciently fast in decoding that they have little or no e ect on
run-time retrieval performance.

2 Document Collections
We have tested our bitmap compression techniques on three collections of documents. Table 1 shows the sizes of these collections. The collection Manuals was a collection of Unix
manual pages (/usr/man/man[1-8]/* on a Sun SPARCstation), including embedded formatting commands. Collection GNUbib [18] stores 64,000 citations to journal articles,
technical reports, conference papers, and books, all stored in `refer' format [13, 20]. Each
citation was taken to be a `document' for indexing purposes. The third document collection
is the one we have already mentioned; it is a collection of 261,829 pages of legal text storing
the complete Commonwealth Acts of Australia, from federation (in 1901) to 1990.
1
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Abstract: Full-text retrieval systems typically use either a bitmap or an inverted le

to identify which documents contain which words, so that the documents containing any
combination of words can be quickly located. Bitmaps of word occurrences are large,
but are usually sparse, and thus are amenable to a variety of compression techniques.
Here we consider techniques in which the encoding of each bitvector within the bitmap is
parameterised, so that a di erent code can be used for each bitvector. Our experimental
results show that the new methods yield better compression than previous techniques.
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