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answer tens of thousands of queries per second on billions of
web pages with interactive response times. Current search
engines focus on providing access to the most recent snapshot of the evolving web. In order to optimize the freshness
of their index, they continuously retrieve new pages and update their inverted index to reflect the new data. If a page
was previously crawled, then the engine typically replaces
the old with the new version, and any information contained
only in the older version becomes unavailable.
While web searchers are primarily interested in current
pages, there are other scenarios where a search over previous versions would be of interest. As one important example, the Internet Archive has collected more than 150 billion
web pages since 1996 in an attempt to archive and preserve
the information available on the web. Wikipedia maintains a
complete history of all versions of every article, and it would
be useful to be able to search across the different versions.
Other scenarios are search in revision control and document
management systems (e.g., searching in source code or across
different drafts of documents), and indexing support for versioning file systems.
Categories and Subject Descriptors
In this paper, we study the problem of creating highly
H.3.3 [INFORMATION STORAGE AND RETRIEVAL]: compressed full-text index structures for versioned document collections, that is, collections that can contain multiInformation Search and Retrieval.
ple versions of each document. The main challenge is how
to exploit the significant similarity that often exists between
General Terms
different versions of the same document to avoid a blowup
Algorithms, Performance
in index size. That is, a collection containing say 50 versions
of each document should not result in an index of 50 times
the size of a single-version index. This problem has received
Keywords
some limited attention in the research community [2, 9, 3,
Inverted index, search engines, inverted index compression,
15, 31], but many aspects are still unexplored.
versioned documents, web archives, wikipedia.
We note that this problem is related to, but different from,
the problem of exploiting similarities between distinct doc1. INTRODUCTION
uments in a collection for better index compression [7, 24,
6, 25, 29, 31, 1]. For example, different pages from the
Over the last decade, web search engines and other inforsame web site [10], or from different sites but about the
mation retrieval tools have become the primary means of losame topic, often share some degree of similarity. When excating relevant information for millions of users. The largest
ploiting similarities between distinct documents, one major
search engines, built from thousands of machines, are able to
challenge is to identify which documents are similar to each
other, and the observed similarities are often more limited
than in the case of versions, thus resulting in more limited
gains in compression. In a versioned document collection,
Permission to make digital or hard copies of all or part of this work for
personal or classroom use is granted without fee provided that copies are
on the other hand, we typically already know which vernot made or distributed for profit or commercial advantage and that copies
sions belong to a common document, and the challenge is
bear this notice and the full citation on the first page. To copy otherwise, to
to model the change between consecutive versions such that
republish, to post on servers or to redistribute to lists, requires prior specific
sequences of possibly many versions with often only minor
permission and/or a fee.
changes can be efficiently indexed. Nonetheless, techniques
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We study the problem of creating highly compressed fulltext index structures for versioned document collections,
that is, collections that contain multiple versions of each document. Important examples of such collections are Wikipedia
or the web page archive maintained by the Internet Archive.
A straightforward indexing approach would simply treat each
document version as a separate document, such that index
size scales linearly with the number of versions. However,
several authors have recently studied approaches that exploit the significant similarities between different versions of
the same document to obtain much smaller index sizes.
In this paper, we propose new techniques for organizing
and compressing inverted index structures for such collections. We also perform a detailed experimental comparison
of new techniques and the existing techniques in the literature. Our results on an archive of the English version of
Wikipedia, and on a subset of the Internet Archive collection, show significant benefits over previous approaches.
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for one problem are also often useful for the other, and we
discuss both cases in more detail in the next section.
Thus, in this paper we focus on versioned document collections. We are given a set of documents d0 , . . . dn−1 and
for each document di a sequence of versions v0 , . . . , vmi −1 .
We assume a linear history, and do not try to model the
case of branches (forks) in the revision history, though we
believe our ideas could be adapted to this case. We also limit
ourselves to non-positional indexes, that is, index structures
that store document ID and frequency data, but not withindocument position information. As discussed later, the case
of positional indexes tends to require somewhat different approaches than the non-positional case, since a single insertion or deletion of a word at the beginning of the document
affects the position information of every posting in the document.
Our main contributions in this paper are new techniques
for organizing and compressing inverted index structures for
versioned document collections. We also perform an experimental study that compares known techniques in terms of
compressed size and resulting query processing speed, using
data from Wikipedia and the Internet Archive. The approach achieving the smallest size is based on a two-level
index structure where index compression reduces to modeling and compressing version bitvectors that, for a given
term t and document d, specify which versions of d contain
t. This approach also integrates well with existing IR query
processors, and should allow for future improvements as we
find better models for document change.
The remainder of this paper is organized as follows. In the
next section, we provide some technical background and discuss related work. In Section 3 we describe techniques for
docID compression, while Section 4 considers compression
of frequency information and Section 5 discusses query processing. Section 6 gives our experimental results. Finally,
Section 7 provides concluding remarks.

2.

BACKGROUND AND RELATED WORK

In this section, we first give some background on inverted
indexes and index compression techniques. We then discuss related work, which falls into three categories: Indexing
of versioned document collections, index compression techniques that exploit similarity between different documents,
and redundancy elimination in storage systems.

2.1

Indexing and Index Compression

Most current search engines use an inverted index structure to support efficient keyword queries [32]. Informally, an
inverted index for a collection of documents is a structure
that stores, for each term (word) occurring somewhere in the
collection, information about all locations where it occurs.
In particular, for each term t, the index contains an inverted
list It consisting of a number of index postings. Each posting in It contains information about the occurrences of t in
one particular document d, usually the ID of the document
(the docID), the number of occurrences of t in d (the frequency), and possibly other information about the locations
of the occurrences within the document and their contexts.
In this paper, we assume that postings have docIDs and
frequencies, but we do not consider the case of a positional
index where within-document positions (i.e., where in the
document the term occurs) are stored in the postings.
The postings in each list are usually sorted by docID and

then compressed using any of a number of index compression
techniques from the literature [32]. Most of these techniques
first replace each docID (except the first in the list) by the
difference between it and the preceding docID, called a dgap, and then encode the d-gaps using some suitable integer
compression algorithm. Using d-gaps instead of docIDs decreases the average value that needs to be compressed, resulting in better compression. Of course, these values have
to be summed up again during decompression, but this can
be done very efficiently. We cannot take gaps of frequencies
as they are not in sorted order, but most frequency values are already very small. (In addition, we may deduct 1
from each d-gap and frequency, so that the integers to be
compressed are non-negative but do include 0 values.) The
d-gaps and frequencies are often stored separately, and thus
we compress sequences of d-gaps and sequences of frequencies.
A large number of inverted index compression techniques
have been proposed; see [32] for an overview and [30] for a
recent experimental evaluation of state-of-the-art methods.
In the following, we focus on two techniques that we directly employ in this paper, Interpolative Coding (IPC) and
PForDelta (PFD).
Interpolative Coding is a coding technique introduced
in [18] that was designed for the case of clustered or bursty
term occurrences, such that those encountered in longer linear texts (e.g., books). IPC has also recently been shown to
perform very well in scenarios where docIDs are assigned to
documents based on textual similarity [7, 24, 25, 5, 26, 29],
as discussed in the next subsection.
The idea in IPC is best described using docIDs rather than
d-gaps. Given a set of docIDs di < di+1 < . . . < dj where
l < di and dj < r for some bounding values l and r known
to the decoder, IPC first encodes dm where m = (i + j)/2,
and then recursively compresses the docIDs di , . . . , dm−1
using l and dm as bounding values, and then the docIDs
dm+1 , . . . , dj using dm and r as bounding values. Thus, we
compress the docID in the center, and then recursively the
left and right half of the sequence. To encode dm , observe
that dm > l + m − i (since there are m − i values di , . . . dm−1
between it and l) and dm < r −(j −m) (since there are j −m
values dm+1 , . . . dj between it and r). Thus, it suffices to encode an integer in the range [0, x] where x = r − l − j + i − 2
that is then added to l + m − i + 1 during decoding; this can
be done trivially in (at most) dlog2 (x + 1)e bits, since the
decoder knows the value of x.
While IPC achieves very good compression, it is somewhat
slow, with decompression rates of less than 100 million integers per second on current CPU cores. Note that we can
also use IPC to compress frequency values, by first performing a prefix sum on the frequencies and then compressing
the resulting values [18].
PForDelta is a family of compression schemes first introduced in [14, 33], and further optimized in [30, 29], that
allows extremely fast decompression while also achieving a
small compressed size. PFD first determines a value b such
that most of the values to be encoded (say, 90%) are less
than 2b and thus fit into a fixed bit field of b bits each. The
remaining values, called exceptions, are coded separately.
If we apply PFD to blocks containing some multiple of 32
values, then decompression involves extracting groups of 32
b-bit values, and finally patching the result by decoding a
smaller number of exceptions. This process can be imple-

mented extremely efficiently by providing, for each value of
b, an optimized method for extracting 32 b-bit values from b
memory words. Versions of PFD have been shown to achieve
decompression rates beyond a billion integers per second on
a single core of a CPU.
In this paper, we use a version of PFD called OPT-PFD
described in [29] that differs from those in [14, 33, 30] in two
ways: (1) Instead of organizing exceptions in a linked list,
the lowest b bits of each exception are stored inside the bit
field, and then the higher-order bits and the offsets of the exceptions are separately encoded using another compression
method called S16. (2) Instead of choosing a b that guarantees less than 10% exceptions in the block, we select the b
that results in the smallest compressed size for the block. As
shown in [29], OPT-PFD achieves very good compression on
clustered data, in some cases coming close to IPC in terms of
compressed size, while still maintaining decompression rates
close to a billion integers per second.
Bitvector Compression: Inverted lists can also be modeled and compressed by treating them as bitvectors. In
[11], a hierarchical scheme is proposed for compressing such
sparse bitvectors. We will later adapt this scheme to our
scenario of a versioned document collection.

2.2

Indexing Versioned Document Collections

While the general problem of compressing inverted index structures has been extensively studied over the last
20 years, very few of these results have addressed the case
of versioned document collections. Obviously, a trivial solution could treat every version as a separate document, but
this would result in a very large and highly redundant index
structure. We now discuss previous work that improves on
this solution, in particular [2, 9, 3, 15, 31]. In the following,
we assume a versioned document collection that consists of
a set of documents d0 , . . . dn−1 , and for each document di a
sequence of versions v0 , . . . , vmi −1 .
Positional Indexes: The basic idea underlying the approaches in [9, 31] is to avoid repeated indexing of substrings
that are common to several versions of a document. To
achieve this, [9, 31] both propose to partition each version
into a number of fragments and to then index these fragments. During query processing, any matches from these
fragments then have to be joined again to decide which
versions contain the query words. However, the way documents are partitioned is different in the two approaches.
In [9], content is organized in a tree structure, where each
node has some private and some shared content, and each
node inherits its ancestors’ shared content. In contrast, [31]
uses content-dependent string partitioning techniques [22,
16, 27] to split each document into fragments; one advantage of this approach is that it allows for highly efficient
updates as new versions are added to the system. Both approaches give significant reductions in index size, and are
particularly suited for positional index structures that also
store within-document position data.
Non-Positional Indexes: The approaches in [2, 3, 15]
consider the case of a non-positional index, which is also our
focus in this paper. We note here a basic difference between
the approaches for positional and non-positional indexes. In
the former case, similarity is based on common substrings;
this way a change in position information due to an insertion
or deletion before the start of the substring can be efficiently
handled by changing the starting position of the substring

in the document. In the latter case, we have a set- or bagoriented model where similarity is based on common subsets
of terms; for non-positional indexes this approach performs
much better than the substring-oriented models. Thus, we
focus on set- and bag-oriented approaches in this paper.
The work in [2] proposes to deal with document versions
by indexing the last version as usual, and then adding delta
postings to store changes from the last to previous versions.
We note that the DIFF algorithm we describe and evaluate
later is a variant of this earlier approach.
The approach taken in [15] attempts to find subsets of
terms that are contained in many versions of a document.
Such subsets are then treated and indexed as virtual documents, and the main challenge is to minimize the overall
number and size of the virtual documents. Assume that W
is the set of all terms appearing anywhere in the document
versions. Then [15] first builds a matrix M , where each column represents a term in W , while each row represents a
version. In most cases, the versions are ordered by time,
though in the general case better results could be achieved
with another ordering. The binary value (1 or 0) of entry
Mi,j indicates whether the i-th version contains the j-th
term. Then each virtual document Vi,j is composed of all
terms whose corresponding columns have a maximal run of
1s that starts at row i and ends at row j. In [15], the matrix
M is called an exclusive alignment of these versions, and
the problem of how to optimally order the versions in the
matrix is the Multiple Sequence Alignment (MSA) problem.
We thus refer to the method in [15] as the MSA algorithm.
Another approach [3] for the non-positional case is based
on the idea of coalescing index postings corresponding to
consecutive versions if they contribute almost the same score
to the overall ranking function. Note that this is a lossy
compression technique that uses an index with precomputed
quantized scores, and thus it is not directly comparable to
our approaches in terms of compressed size. We will however
describe an ordering-based approach (also briefly mentioned
in the next subsection) that can be seen as an efficient nonlossy counterpart to the work in [3].

2.3

Succinct Indexing of Similar Documents

There have been a number of studies that attempt to exploit similarities between distinct documents (i.e., not different versions of the same document) for better index compression. This problem is closely related to that of indexing
versioned collections, but also differs from it in two important ways: First, similarities between distinct documents
are typically more limited, leading to more limited gains,
and second, an important part of the problem is to identify which documents in the collection are similar, while in
versioned collections this information is more or less implied.
The most common approach to indexing similar documents is based on the idea of reordering the documents in
the inverted lists, by assigning consecutive or close-by docIDs to documents with high similarity [7, 24, 26, 5, 25, 29].
This results in a more skewed d-gap distribution in the inverted lists, with many more small d-gaps and a few larger
ones, leading to a reduction in index size under common
index compression schemes. The proposed techniques for
reordering documents can be grouped into three classes, (i)
top-down techniques that partition the collection into clusters of similar pages [7, 26, 5], (ii) bottom-up techniques that
construct the ordering from the ground up [24, 26, 5], and

(iii) heuristics that assign docIDs via sorted URL order [25,
29]. We note in particular that one of our baseline methods in Section 3 is an adaptation of the reordering approach
where we assign consecutive docIDs to consecutive versions
of the same document.
Another related approach was studied in [1], where similar documents are clustered into disjoint groups and then
indexed using a two-level index structure. The first level of
the index essentially indexes the union of all documents in
a group, while the second level of the index uses Rice coding to specify which of the documents in the group contain
the term. We adapt this approach to the case of versioned
document collections, but with various additional optimizations that significantly improve compression. Finally, several of the techniques for versioned collections, for example
[31], can also be used to exploit similarities across document
boundaries.

2.4

Storing Redundant Document Collections

There has been a significant amount of research on the
problem of reducing space or network transmission costs
in storage systems by exploiting redundancy in the data.
In fact, many of these efforts preceded the recent work on
eliminating redundancy in index structures discussed by us
here. This includes the Low Bandwidth File System [19],
various storage and backup systems [12, 4, 17, 21, 27], and
remote file synchronization techniques [28, 23, 20]. Also
relevant are techniques for efficiently identifying duplicated
content across large collections using hashing [8, 13, 22, 16,
27], which are in fact used by several of the indexing techniques we have discussed.

3.

VERSIONED DOCID COMPRESSION

In this section, we describe algorithms for compressing inverted lists consisting of docIDs only, while the next section
will describe how to add frequencies to the index. We first
describe two trivial baseline methods that treat versions as
separate documents but compress them under different orderings. We then briefly discuss the MSA method in [15],
and an algorithm called DIFF that indexes the difference
between consecutive versions and that is a variant of the approach described in [2]. Our final, new, algorithm combines
a two-level index structure with Huffman-based hierarchical
bitvector compression.

3.1

Baseline Methods

As discussed, a straightforward method to compress versioned documents is to treat each version as a separate document and then index these documents using standard techniques. A slightly smarter approach makes sure to sort the
versions by document name and version number, thus assigning consecutive docIDs to consecutive versions of the
same document. This is of course also the idea underlying
the methods discussed in Subsection 2.3, and in particular
the sorting-based approach in [25, 29], but it can also be
seen as a simple non-lossy counterpart of the idea of merging similar postings in [3]. We are not aware of a previous
evaluation of this approach, which seems very natural.
Note that after sorting, the resulting lists of docIDs are
likely to be extremely clustered, with many long runs of
consecutive docIDs. To compress such lists efficiently, it
is important to use compression techniques that work well
on clustered data. Interpolative Coding (IPC) is known to

do well in this case, and recent work in [29] showed that a
version of PForDelta called OPT-PFD also does very well.
Thus, we use these two compression methods in combination
with the sorted and unsorted baseline case. We will use the
name Random to refer to the unsorted case where we assign
docIDs to document versions at random, and Sorted to refer
to the method with sorted assignment. We attach the postfix
IPC or PFD to each method to specify which compression
method was applied to the resulting index.

3.2

MSA

Another approach we will compare to is the solution based
on the Multiple Sequence Alignment problem in [15], which
we already described in Subsection 2.2. While the general version of this problem is NP-hard, [15] also provides a
greedy polynomial-time algorithm that is shown to be optimal under assumptions that are very likely to be true in our
scenario. Under this simplified approach, given a document
d with a number of versions, MSA basically defines the virtual document Vi,j for d as the set of all terms that occur
in versions i through j, but not in versions i − 1 or j + 1.
Note that in principle, the number of virtual documents is
quadratic in the number of versions of a document. In practice, most of the virtual documents are usually empty, and
can be discarded.
Thus, the MSA approach generates a number of virtual
documents, which we then index using either IPC or PFD.
We note that some changes in query processing are needed
for this approach, as described in [15], and some auxiliary
information about the virtual documents also needs to be
stored in memory, such as which of the virtual documents
are non-empty.

3.3

Indexing Differences

This main idea of this method, which is a variant of the
approach in [2], is to directly index the difference between
consecutive versions. In particular, for every pair of consecutive versions vi and vi+1 we create a new document that
is the symmetric difference between vi and vi+1 . Thus, this
new document contains a term t if and only if the term is
either added or removed from the document between versions vi and vi+1 . We also keep for every document the first
version, which is of course the same as the symmetric difference between the empty document and the first version.
(We could also keep the last version instead, as in [2].)
We then index the resulting new virtual documents using either IPC or PFD. This approach also requires some
changes during the query processing phase, but we will show
later that this can in fact be done in an elegant manner and
with little loss in efficiency by adapting a standard DAAT
query processor. We refer to this algorithm as DIFF.

3.4

Two-Level Index Compression

The above methods either treat versions as separate documents, or construct artificial new documents (virtual documents) from the versions. Our next method instead models
a versioned collection on two levels, a document level where
each distinct document is identified by a global docID, and a
version level where we specify which of the versions actually
contain a given term. Then special techniques are applied to
do a good compression at the version level, while standard
techniques can be used for the document level.
This idea is motivated by the recent work in [1], which

proposes to cluster a collection into groups of similar documents and then build a two-level index structure. Each
group receives a group ID and can be represented by the
union of the terms contained in the group documents. The
method then creates the first level of the index by indexing
these groups using standard techniques. Thus, a group ID
will appear in an inverted list in the first level if and only
if at least one of its documents contains the term. For the
second level, [1] proposes to use Rice coding with a local
choice of the base of the code to decrease the size. The
main emphasis in [1] is not on size reduction, which is only
moderate, but on improved query processing speed due to
being able to skip entire groups of documents. This is also
closely related to the recent observation in [29] that proper
ordering of documents can increase query processing speed
by allowing more forward skips in the inverted lists.
We adapt and extend this idea to the case of a versioned
collection. Thus, we have a first-level index where each document is identified by a document ID, and where a posting
exists in an inverted list if the term exists in at least one version of the document. This first level is compressed using
any standard techniques, in our case either IPC or PFD. At
the second level, the version level, instead of applying Rice
coding (which does not give a lot of benefits), we model each
document by a bitvector. More precisely, for any posting on
the first level of an inverted list for a term t, we have a bitvector on the second level. The number of bits in the bitvector
is equal to the number of versions of the document, and bit
i is set to 1 iff version vi of the document contains t. The
main problem is now how to best represent and compress
such bitvectors.
First, we note that keeping the bitvectors in raw uncompressed form is not a good idea in most cases. In one of the
data sets we use, Wikipedia, the average document (article)
has about 35 versions, and in fact many documents have several hundred versions. Another approach is to treat these
vectors like frequencies and apply IPC after an MLN transformation [29], or to simply Huffman encode entire bitvectors, but experiments showed that these approaches do not
work well. In particular, direct Huffman coding of entire
bitvectors suffers because while most vectors have a fairly
simple structure with only a few changes between 0 and 1,
many of the longer bitvectors are still unique as those few
changes may occur in different places.
After some study, we adapted a hierarchical approach
based on Huffman coding that was proposed in [11]. We
first choose a bitvector block size b, say b = 10. We then
partition the bitvector into m/b blocks of b bits each. At
the next higher level, we represent each block of b bits by
a single bit that is the OR of all the bits in the block. We
then again group these bits into blocks of b bits, and continue until there are fewer than b bits at the highest level.
Thus, for b = 10 a bitvector consisting of 400 bits will result
in 40 blocks of 10 bits at the lowest level, 4 blocks of 10
bits at the next higher level, and a single block with 4 bits
(padded to 10 bits) at the highest level of the second-level
index. (In addition, there is also a posting in the first-level
index for this bitvector.) This can be improved by observing that for any bit that is 0, we do not have to store the
corresponding block at the next lower level, since all bits in
that block must be 0. Finally, we compress each bit block
using Huffman coding. As we will show, this performs very
well compared to the other methods. Some additional space

is also needed to store Huffman code tables, but this is a
fairly small amount if b is chosen appropriately. We refer to
this algorithm as HUFF.
We note here that there are other ways to model and compress the bitvectors at the second level, which we are currently studying. In general, the structure of these bitvectors
depends heavily on the properties of typical edit behavior in
versioned collections, and a better understanding of such behavior through mining of Wikipedia or the Internet Archive
should result in improved compression.

4.

COMPRESSION OF FREQUENCIES

We now discuss how to add frequency values to the index.
In general, frequency values tend to be smaller than d-gap
values, and should thus be more compressible. However,
they can create some problems in the context of clustered
data if not properly handled. Consider for example the case
of a document where all versions contain a term either 5 or
6 times. The sorted baseline algorithm from the previous
section would do very well compressing the docIDs using
either IPC or PFD, but standard techniques for frequency
compression would not do so well. To handle such cases,
recent work in [29] proposed a transformation called MLN
(Most Likely Next) that is applied to the frequency values
and that decreases the average value that has to be encoded.
In a nutshell, the idea in MLN is to precompute for each
inverted list a small table that stores for any value (below a
threshold) which value is most likely to follow immediately
afterwards. Then if a value x is the j-th most likely value
to follow another value y, we replace x by j (or j − 1 if our
coder allows 0 values); see [29] for more details. We will also
apply this approach here in several cases.
In particular, for the baseline algorithms Random and
Sorted that treat each version as a separate document, we
compress frequencies as in normal indexes but with MLN
applied before using IPC or PFD. (For Random the benefits
of MLN are very minor.) Note that for MSA and DIFF, we
can also mix different methods, by applying MSA or DIFF
to docIDs but compressing frequencies using the Sorted approach, and we experiment with this later. However, better
compression can be achieved by extending the methods to
directly support frequency values.

4.1

MSA with Frequencies

Recall that in MSA [15] we construct virtual documents
by identifying groups of terms that exist in many consecutive versions. The work in [15] does not discuss how to
deal with frequencies, so we give a short description here.
The key idea to extending this approach to frequencies is to
imagine treating multiple occurrences of the same term that
appear and disappear in different versions of the document
as essentially different terms. Thus, another occurrences of
a term such as “panda” appears in a later version, we model
it as a separate term “panda2”. When one of the occurrences
is removed, we assume that “panda2” is always removed first
(since we are in a set-based model, the actual order does not
impact correctness).
We can then run the greedy algorithm for creating virtual
documents in [15] as before, treating multiple occurrences as
distinct terms, and arriving at a somewhat different set of
virtual documents. Note that this not only adds frequency
values to the postings, but also increases the total number of
postings in the virtual documents, thus increasing the cost

of the docID part of the index as well. (Of course, the final
index does not distinguish between “panda” and “panda2”;
these are only used to create the virtual documents.)

4.2

DIFF with Frequencies

To add frequency values to the DIFF algorithm, we need
to define the difference between consecutive versions based
on bags rather than sets. Thus, we define the bag difference
between consecutive versions where every term in the difference has a frequency value and a sign that indicates whether
the frequency of the term is increased or decreased by the
given value. (Alternatively, we can also store the raw frequency value whenever the frequency changes, and then use
MLN followed by IPC or PFD on these, but this performed
worse in experiments.)
Thus, in the docID part of the inverted list, we store any
docID where the frequency value of the term either increases
or decreases between versions. In the frequency part of the
list, we store the amount of change plus one extra bit for the
sign of the change (except in cases where the sign is obvious
because the frequency would otherwise turn negative). As
in MSA, this also increases the total number of postings in
the virtual documents, and thus the size of the docID part
of the index.

4.3

HUFF with Frequencies

Recall that in the HUFF method, we use a bitvector for
the second level of the index to indicate which versions contain the indexed term. To add frequencies, we have two
options: We can either add an additional array of frequency
values, with one value for each 1 in the version bitvector.
Each such array could then be compressed as before by splitting it recursively into blocks and applying a separate Huffman compression table to these blocks.
Or alternatively we can replace the docID bitvector by an
array of frequency values, where a value of 0 means that
the corresponding version does not contain the term, and
then encode this array. (We may still refer to this array
as a bitvector, though strictly speaking only the higher levels of the structure still contain bitvectors.) It turns out
that this second approach achieves a smaller compressed size
then encoding docIDs and frequencies separately, so this is
our preferred approach. In either case, we apply the MLN
transformation of [29] to the full value array before splitting
the array into blocks and encoding.

5.

QUERY PROCESSING

We now outline the changes in query processing that are
needed when using the various versioned compression techniques. We assume here a standard DAAT type query processor that implements ranked queries on top of a Boolean
filter such as an AND or OR of the query terms. In our presentation, we focus on the case of an AND. Of course, queries
on archival collections may be different from other queries,
employing for example additional restrictions in time (e.g.,
to search for document versions created between 1995 and
1999), but there is little published information or available
query sets that could be used as guidance.
For the two baseline methods, Random and Sorted, no
changes at all are needed. Both MSA and DIFF can be
easily and elegantly implemented within a standard DAAT
query processor by building a very thin extra layer that basically translates between the virtual docIDs used in the

inverted lists and the unique IDs assigned to each document
version that are used by the upper layers of the query processor. In particular, DAAT query processors use cursors
that traverse the inverted lists; by routing each call to move
a cursor forward through our own intermediate layer (which
itself calls the original code for cursor movement), we were
able to adapt our in-house query processor with only a few
lines of code.
This approach can be extended to the case of frequency
values, by also appropriately rerouting requests for frequency
values by the upper layers of the query processor. In the case
where we combine frequency values compressed using Sorted
with docIDs compressed using MSA or DIFF (as mentioned
in Section 4), no changes in the frequency access mechanism
are needed as frequencies are stored using the same version
IDs used by the upper layer.
Finally, the two-level HUFF technique can be easily integrated into existing query processors, by treating the bitvectors like frequencies (or positions or context information) in
standard indexing. Thus, a bitvector is only retrieved and
uncompressed once the Boolean filter has found a docID in
the intersection or union based on the first-level index. In
addition, one could avoid retrieving the lowest level of blocks
in some cases by first retrieving and intersecting the higher
blocks of the second-level index, but we feel this is unlikely
to give much benefit while complicating the code. One advantage of the two-level approach is that it allows us to hide
details of the bitvector compression, thus allowing easy addition of further bitvector modeling and compression tricks
that we hope to find in the future.

6.

EXPERIMENTAL RESULTS

We first describe our experimental setup. We used two
large data sets, a data set from Wikipedia, and a data set
with pages from the Irish web domain provided by the Internet Archive. The Wikipedia data set consists of a full
archive of English language articles from 2001 until mid
2008. It originally contained 2,401,799 documents (each of
which had a number of versions) and we randomly selected
10% of the documents for our experiments. The Ireland
data set is based on 1,059,670 distinct URLs from the Irish
web domain that were each crawled at least 10 times during
the period from 1996 to 2006, resulting in non-identical versions; these URLs were selected from a much larger set also
containing many other URLs that were only crawled once
or twice.
For the Wikipedia data set, we have 0.24 million documents with, on average, 35 versions each, resulting in a total of 5.82 billion postings over 4.06 million distinct terms.
For the Irish data set we have 1.06 million documents with,
on average, 15 versions each, resulting in a total of 3.42
billion postings over 5.95 million distinct terms. We removed 20 very common stopwords, and no stemming was
performed. Note that if we simply treat each version as a
separate document, we get over 8.4 million documents in the
Wikipedia data and over 15 million in the Irish data. We
then implemented the described compression methods and
integrated them into an existing IR query processor. All
experiments were performed on a single core of a 2.66GHz
Intel(R) Core(TM)2 Duo CPU with 8GB of main memory.

6.1

Data Distribution

Figure 1 shows the distribution of the number of versions

per document in Wikipedia on a double-logarithmic scale.
Some documents have thousands of versions, and large numbers of documents have hundreds of versions, but most documents have less than 20. On the other hand, most versions,
and most postings, belong to documents with a fair number
of different versions. (These are usually longer articles about
more important topics that have undergone many revisions
over time.)

a separate document but use different docID assignments.
We show results for the Wikipedia and Ireland data sets,
using both IPC and PFD for compression. From Table 1,
we see that the compression performance of Sorted is much
better than that of Random in all cases. Improvements are
particularly good for docIDs, while the gains for frequencies
are more limited. Also, PFD comes quite close to IPC, and
in some cases even does slightly better. Overall, even if no
specialized compression techniques for versioned collections
are used, at the least consecutive docIDs should be given
to consecutive versions of a document. In the following, we
compare the other techniques to the sorted case only.

Random-IPC
Random-PFD
Sorted-IPC
Sorted-PFD

Wikipedia
docID
freq
4957
2015
5499
2208
570
986
583
896

total
6972
7707
1556
1479

docID
2908
3289
1086
1137

Ireland
freq
1226
1167
952
856

total
4134
4456
2038
1993

Table 1: Compressed index size in MB for the Wikipedia
and Ireland data sets, using Random and Sorted with IPC
and PFD compression.

Figure 1: Distribution of the number of versions per
document for Wikipedia. We sort documents from left
to right by the number of versions they have, and plot
both axes on a log scale with base 2.

Sorted-IPC
Sorted-PFD
DIFF-IPC
DIFF-PFD
MSA-IPC
MSA-PFD
HUFF

Wikipedia
570
583
269
323
237
287
213

Ireland
1086
1137
751
927
682
799
577

Table 2: Compressed index size in MB for the two data
sets when compressing docIDs only. For HUFF, IPC was
used in the first-level index, and the cost of that index
is of course included.

.

Next, in Table 2 we look at the compressed size for docIDs only for all our methods. We see that both MSA and
DIFF are significantly better than Sorted, and that HUFF
outperforms all other methods on both data sets. As before,
improvements are more limited for Ireland because there are
fewer versions of each document on average, resulting in less
redundancy that we can exploit.
Figure 2: Distribution of edit sizes for the Wikipedia
data set. We sort versions from left to right by the size
of the difference from the previous version in the DIFF
method, and plot both axes on a log scale with base 2.

Figure 2 shows the distribution of edit sizes for the Wikipedia
data set, again on a double-logarithmic scale. Here, the size
of an edit between two versions i and i + 1 is defined as the
symmetric difference of the two sets of terms. As we see,
not surprisingly most edits are small, involving only a few
words that are changed. However, large edits overall make
up a significant fraction of the total amount of change (total
textual turnover) in the collection.

6.2

Basic Experimental Results

We first compare in Table 1 the compressed sizes of docIDs
and frequencies using the two baseline methods in Subsection 3.1, Random and Sorted, which treat each version as

Sorted-IPC
Sorted-PFD
DIFF-IPC
DIFF-PFD
MSA-IPC
MSA-PFD
HUFF
HUFF combined

Wikipedia
docID
freq
570
986
583
896
337
108
430
122
333
79
332
92
213
191
N/A
N/A

total
1556
1479
445
542
411
424
404
336

docID
1086
1137
810
1018
759
887
577
N/A

Ireland
freq
952
856
390
397
266
280
240
N/A

total
2038
1993
1200
1415
1025
1167
817
645

Table 3: Compressed index sizes when both docIDs and
frequencies are compressed using the described methods.
For HUFF, we use IPC for the first-level index, but we
have two cases: One where frequencies are compressed
as a separate value array, and one where bitvector and
frequency values are combined into one array.

Table 3 shows the compressed index sizes for the two data

6.3

Trade-Offs

Figure 3 compares the compressed size for the two data
sets using HUFF with different bitvector block sizes. (Recall
that this block size is the number of versions (bits) that
are stored in a single bitvector, so that a document with
more versions results in more than one bitvector for each
term.) We can see that for a block size around 45, HUFF
achieves the best compression performance on the two data
sets. Note that there is a tradeoff: If the block size is too
large, then the number of distinct vectors will be greatly
increased and thus we get larger Huffman tables. But if
the block size is too small, then the total number of vectors
increases and the cost of the Huffman codes goes up. We also
note that the dependence on the block size is less pronounced
for the Ireland data set since many documents in that set
have fewer than 20 or 30 versions anyway, and are thus never
partitioned into smaller blocks.

Wikipedia
Ireland

first-level
73
273

mid-level
10
13

lowest-level
253
359

Table 4: Contributions to the compressed sizes in MB
for HUFF (combined docIDs and frequencies) with block
size 45, for the first-level index, the higher levels of the
second-level index (mid-level), and the lowest level of the
second-level index.
Wikipedia
5
Compressed Siize (Bits/Posting)

sets when docIDs and frequencies are integrated as explained
in Section 4. This means that for MSA and DIFF we change
the way virtual documents are defined, resulting in increases
in the size of the docID data, and in extra cost due to frequency values. For HUFF, we consider two cases, one where
we compress frequency values separately, and one where we
use one array, in which case is is impossible to report separate values for docIDs and frequencies. (We chose the best
block size for the HUFF method.) There is no change for
the sorted method.
From Table 3, we see that MSA, DIFF, and HUFF do
much better than Sorted when compressing frequency values, and thus it is preferable to directly implement frequency
compression within those methods. On the other hand, the
relative order between the methods is largely unaffected,
with HUFF performing best, followed by MSA and DIFF,
and with Sorted by another factor of 2 to 3 away in terms
of total index size.

sorted
DIFF

4

MSA
HUFF

3
2
1
0
0

10

20

30

40

50

60

Number of Versions

Figure 4: Compressed size in bits per posting for different numbers of versions on the Wikipedia data set. The
curves for DIFF and MSA are basically on top of each
other.

Next, we look at the impact of the number of versions on
compressed size. Intuitively, we would expect more benefit,
relative to the baseline unsorted case, when we have more
versions. This is shown in Figure 4, where we first select all
documents from the Wikipedia data set that have at least
50 versions, and then index the last 10 versions, the last 20
versions, etc., of each document. As we see, not surprisingly,
adding additional versions to the index becomes cheaper as
we have more versions. Note that for the cost in bits per
posting, we assume that the number of postings is given
according to the baseline methods, since it is not clear how
to define the number of postings for HUFF itself.

Figure 3: Compressed size for the two data sets using
HUFF with different bitvector block sizes.

Next, we show in Table 4 the contributions of the different levels in the HUFF approach to the total index size. We
see that the intermediate levels of the second-level only contribute a small amount to the total index size. In the case
of Ireland, the first-level index is more significant because
there are fewer versions per document on average.

Figure 5: Compressed size for versions selected at different intervals, for the Wikipedia data set. The curves
for DIFF and MSA are basically on top of each other.

In Figure 5, we look at what happens when we index not
every version, but every k-th version, for k between 1 and
10. In this case, cost slowly increases with k, since versions

a number of edits apart tend to have larger differences than
consecutive versions. Note that the absolute numbers in the
chart are larger than those in the previous one as we only
index 5 versions of each document.

6.4

Query Processing Performance

Next, in Table 5, we show the query processing speeds
in milli seconds per query for the Wikipedia data set using
Random, Sorted, MSA, DIFF, and HUFF, with OPT-PFD
compression for all methods except HUFF. We assume that
the complete index is in main memory, thus there are no disk
accesses. A set of 10000 queries was selected at random from
a large trace of AOL queries, but limited to those where users
clicked on a result from Wikipedia. (In addition, we removed
keywords such as “wikipedia” that would not be present if
users were directly searching on Wikipedia.) As we see, all
the methods are quite fast. Sorted does substantially better
than Random, and DIFF and MSA are almost as fast as
sorted but have a much smaller index size. HUFF is slowed
down by the cost of decompression using Huffman codes but
still outperforms the original baseline.
Random
Sorted
MSA
DIFF
HUFF

speed (ms/query)
3.42
0.97
1.16
1.21
2.38

Table 5: Speed of Boolean AND query processing on the
Wikipedia data with 240000 documents and 8.4 million
versions, with complete index in main memory.

improvement in compression offered by HUFF can in some
cases result in significant decreases in disk transfers. Thus,
while MSA and DIFF are much faster than HUFF when the
index is in main memory, when the index is on disk HUFF
may sometimes be preferable.
Of course, current machines can afford cache sizes larger
than 256 MB. However, our results here are for only 10%
of Wikipedia. The costs for caching and query processing
are expected to scale roughly linearly with collection size
(assuming linear scaling of the cache size), and thus disk
accesses and query processing times for the entire collection
can be estimated as ten times the above numbers.

7.

CONCLUSIONS

In this paper, we have studied techniques for indexing versioned document collections. We proposed several new techniques and experimentally compared them to existing techniques in terms of index size and compression speed. Our
results show that specialized techniques for versioned collections outperform naive approaches by a wide margin, and
that a two-level approach based on hierarchical bitvectors
achieves the best index size among the described methods.
There are a number of interesting open problems related
to this work. First, we are currently working to obtain further improvements in index size based on the two-level approach. We believe that additional improvements require a
better modeling of text evolution and edit behavior in versioned collections, and we are currently mining data from
Wikipedia to better predict changes in text. For example,
it is not surprising to observe that terms that first occur in
version i of a document are relatively likely to be removed
again in one of the next edits, while terms that have survived in the document for a number of edits or a certain
amount of time have a good chance of staying in the document. We have already obtained some promising initial
results that give further improvements in compression by
using such additional knowledge about the collection.
Other related problems of interest are improved techniques
for positional indexes for versioned collections, and the proper
integration of indexing techniques into revision control systems and versioning file systems.
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