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1. Introduction

White [1967] proposed compressing text by ‘‘replacing [a] repeated string by a ref-
erence to [an] earlier occurrence’’. Ziv and Lempel [1977, 1978] implemented this idea
by cleverly representing strings that occur in a relatively small dliding window. We
extend the basic idea to represent long common strings that may appear far apart in the
input text.

On typical English text, our method provides little compression; there are few long
common strings to be exploited. Some files, though, do contain repeated long strings.
Baker [1995] documented significant repetition in the code of large software systems. In
a mathematical subroutine library, we found many blocks of code repeated across func-
tions of type f | oat, doubl e, conpl ex, and doubl e conpl ex; our method com-
bined with a standard compression algorithm reduced the file to half the size given by the
standard algorithm alone. Corpora of real documents, such as correspondence, news arti-
cles, or netnews often contain long duplications due to quoting or republication, or even
plagiarism.

We begin by illustrating the opportunity for compressing very long strings. We
then survey Karp and Rabin’s [1987] algorithm for string matching, and apply it to data
compression. Experiments show the efficacy of the new method on some classes of
input, and analysis shows that it is efficient in run time.

2. The Opportunity

Data compression schemes usually employ a sliding window, typically a few kilo-
bytes long. Repetitions of strings are discovered and compressed only if they both
appear in the window. This approach is efficient in bits to encode a position, in the space
to store the window, and in the time required to search the window. Furthermore, the
resulting dynamic codes reflect the locality intrinsic in many documents.

Sliding windows do, however, present a significant drawback: they do not find
repeated strings that occur far apart in the input text. An artificial experiment illustrates
this point. We take two text files, the Constitution of the United States and the King
James Bible, and compress both the original text and the text concatenated with itself.
We use the GNU gzi p implementation of LZ77 as atypical compression algorithm.



File O Text gzip Relative
U compressed
E size
Const 0 49523 13936 1.0
Const+Const 0 99046 26631 1911

Bible 04460056 1321495 1.0
BibletBible H8920112 2642389 1.9995

While doubling adds almost no information, the doubled documents compress to nearly
double the size of the original documents. A major opportunity has been missed, because
the compression window no longer contains the first string.

We propose a data compression scheme that recognizes the second occurrence of
the input text as a repetition. It then represents the second string with a reference to the
first, using just afew bytes. Some compression algorithms do recognize such repetitions,
such as Cleary and Teahan's [1997] PPM* and Nevill-Manning and Witten's [1997]
Sequitur system. Those systems typically require roughly n words of primary memory to
process a file of n characters. Our method introduces a block size, b, and then uses
approximately n/b words of main memory. Typical values of b are near 100. By
increasing b, one can dramatically decrease memory requirements by slightly decreasing
the compression efficiency.

We will typically use our scheme in conjunction with a standard compression ago-
rithm. We will first run our ** precompression’” algorithm to find long strings that are far
apart, then feed its output into a standard algorithm that efficiently represents short (and
near) repeated strings.

3. Finding Long Common Strings

One could use many different algorithms to search for long common strings in a text
file. Obvious candidates include McCreight's [1976] suffix trees and Manber and
Myers's [1990] suffix arrays. We will in fact use Karp and Rabin’s [1987] method of
fingerprints.

Karp and Rabin originally presented fingerprints as an aid to string searching: does
a string of length n contain a search pattern of length m? Karp and Rabin interpret the m
characters of the pattern as a polynomial modulo a large prime number; the resulting fin-
gerprint can be stored as a 32-bit word. Their algorithm scans down the input string,
computing the same fingerprint for each of the n —m+ 1 substrings of length m. If the
fingerprints do not match, then we are certain that the substring does not match the pat-
tern. If the fingerprints do match, then we check to see whether the substring in fact
matches the pattern.

Karp and Rabin prove several useful properties of their fingerprints. They can be
computed quickly: a fingerprint can be initialized in O(m) time and updated by sliding
one position in O(1) time. Fingerprints yield few false matches. unequal strings are
extremely likely to have unequal fingerprints. The probability of two unequal strings
having the same 32-bit fingerprint is near 27%2. Furthermore, one can choose the large
primes at random to yield randomized algorithms for text searching. Technical details on
these properties may be found in Karp and Rabin’s original paper and in many standard
algorithms texts.



Our compression algorithm uses a single parameter b, which is the compression
““block size’’. Typical values of b will be between 20 and 1000. Ideally, we would like
to assert that we ignore repeated strings of length less than b, and represent common
strings longer than b. Our algorithm will instead make the weaker claim that it ignores
repeated strings of length less than b, and discovers all repeated strings with length at
least 2b — 1. String with length between b and 2b — 1 may or may not be represented.

Our primary data structure stores the fingerprint of each (non-overlapping) block of
b bytes. That is, we store the fingerprint of bytes1---b, b+1---2b, 2b+1--- 3b,
and so forth. In afile of length n, our method stores approximately n/b fingerprints. We
represent them in a hash table, together with an integer giving the sequence’s location in
the input text. Aswe scan through the input text, we will use the hash table to find com-
mon fingerprints and thereby locate common strings.

4. The Compression Algorithm

Because we represent only long common strings, we are free to use an inefficient
representation. We will represent a repeated string by the sequence *‘<start,length>"",
where start is the initial position and length is the size of the common sequence. For
instance, the Constitution begins:

The Constitution of the United States PREAMBLE We, the people
of the United States, in order to form a more perfect Union, ...

Its compressed form begins:

The Constitution of the United States PREAMBLE We, the people
<16,21>, in order to form amore perfect Union, ...

Literal *‘<’’ charactersare quoted as‘‘<<'’.

The main loop of our algorithm processes every character by updating the signature
and checking the hash table for a match. Every b characters, it stores the fingerprint. If
we let the variable f p represent the fingerprint, we can express the loop in pseudocode
as:

initialize fp
for (i =b; i <n; i+4)
if (i %b == 0)
store(fp, i)
update fp to include a[i] and exclude ali-b]
checkformatch(fp, i)

The checkf or mat ch function looks up f p in the hash table and encodes a match if
oneisfound.

Exactly what do we do when we find a match? Suppose for concreteness that
b =100 and that the current block of length b matches block 56 (that is, bytes 5600
through 5699). We could encode that single block as <5600,100>. This scheme is guar-
anteed not to encode any common sequences less than b. If a block is at least 2b -1
long, though, at least one subsequence of b characters will fall on a block and be discov-
ered.

We in fact implemented a slightly more clever matching scheme. After checking to



ensure that the block with matching fingerprints is not a false match, we greedily extend
the match backwards as far as possible (but never more than b — 1 characters, or it would
have been found in the previous block) and forward as far as possible. If several blocks
match the current fingerprint, we encode the largest match among them. These small
examplesillustrate our algorithm with block sizeb =1.

Input 0 Output
abcdefghijklmnopg<12345 U abcdefghijklmnopg<<12345
abcdefghijabedefghij 0 abcdefghij<0,10>
abcdefghijklmnopgrstuvwxijklmnopabcdefghgrstuvwx [ abedefghijklmnopgrstuvwx<8,8><0,8><16,8>
900008000000200000082 Ha<0,20>

We were surprised and delighted to see the last line: our method encodes arun as a block
that matches itself, shifted by one.

For alarger example, we return to the Bible concatenated with itself:

Compression [ Bible Biblet+Bible

Input 54460056 8920112
gzip 1321495 2642389
com 50 14384403 4384414
com 20 03906771 3906782

com50 Ogzip 01318687 1318699
com 20 Ogzip H1362413 1362422

For definiteness, we call the program that implements our algorithm com and its single
parameter is the block sizeb. We'll first study the middle column, which shows the per-
formance of the compression algorithms on the Bibleitself. By itself, com50 provided a
dlight decrease in size, while com20 gave a 12.4% reduction. When used as a precom-
pressor, though, com50 gave a slight overall reduction, while com 20 interacted badly
with gzi p to increase the file size. The right column, however, shows that comis
incredibly effective when the file contains a huge repeated string (itself). The doubled
fileisrepresented in just eleven additional bytes, and gzi p works as before.

Our compression program is implemented in about 150 lines of C, and the decom-
pressor requires just 50 lines.

5. An Experiment: One File In Detail

Our simple experiment with doubling the Bible verified the obvious: comis very
effective when the input data contains long repeated strings. But does real data in fact
contain such strings?

Our next experiment concatenated all text files in the Project Gutenberg Compact
Disc [1994] using this Unix command:
cat */*.txt >gut94all.txt

The files represented documents such as the Constitution, the Declaration of Indepen-
dence, inaugural speeches of several presidents, fiction such as Alice in Wonderland and
O, Pioneerd!, and so forth. This table shows the result of applying com1000, gzi p, and
both to the resulting file:









b 0O comb com [gzip
o 12821120 739057
1000 2723011 742258
500 (2704698 742287
200 (12643714 742448
100 02514569 742620
50 U2445013 744447
20 Ho3o6208 752818

When we studied the file, we found that the majority of common strings were runs of
binary zeros used by the . t ar format and the Excel spreadsheet. Many of the remaining
common strings occurred in the same dliding window, and were therefore discovered by
gzi p. Our simple coding of the sequences was much less efficient than that used by
gzi p, and therefore increased the file length.

7. Algorithmic Consider ations

How fast is our agorithm? If the input contains no long matches, then our algo-
rithm will spend linear time to compute fingerprints. Karp and Rabin prove that there
will be relatively few false matches to check, and they will be identified as mismatches
after afew comparisons.

If the file contains a few long matches, we can amortize the additional time required
to check the matches against the reduction in writes due to compression.

Although we have not analyzed the worst-case behavior of our algorithm, we have
constructed a pathological input that drivesit to use ©(N®2) time. The input consists of
VN blocks of ones, each of length VN, separated by random strings of zeros and ones of
length 2log, N. On all realistic data we have tried, though, the algorithm runsin close to
linear time. Karp and Rabin [1987] use randomization to increase the speed of their text
searching agorithm. Their techniques might be used to increase the expected perfor-
mance of our compression scheme.

Our implementation of the algorithm stores the entire input file in main memory.
An dternative implementation keeps the input file on disk, and uses roughly N/b 32-bit
words of main memory to store the fingerprints. For typica files, the total number of
bytes read and written sums to approximately 2N.

8. From Prototypeto Practice

We believe that our small experiments with the prototype program establish the fea-
sibility of this compression scheme. When we started our experiments, we felt that long
common strings would not occur frequently in ‘*well-structured’’ file systems. We have
been surprised to find long common strings in a variety of contexts, and in a manner
unrecognized by most current compression algorithms.

The prototype compressor and decompressor might be useful in certain applications.
Much work, however, stands between this prototype and a production tool.

We currently use the simplest possible <start,length> representation of a common
sequence: both numbers are represented in decimal. This portable representation forces
the quotation of ‘‘<’’ characters and uses 14 bytes to represent the sequence
<1000000,1000>. This was a small price to pay for large blocks, but rendered small
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