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INTRODUCTION

Text compression is the business of reducing the amount of space needed to store files on
computers, or reducing the amount of time taken to transmit information over a channel of
given bandwidth. It is a form of coding. Other goals of coding are error
detection/correction and encryption. The former is opposite to compression, since it
involves adding redundancy to data so that it can be checked later, whereas the aim of
compression is to remove redundancy from data when it is not needed in human-readable
form. Compression contributes to the latter goal, encryption, by removing redundancy

from the text and reducing the statistical leverage available to an intruder.

In this survey we are concerned only with reversible, or noiseless, compression, where the
original can be recovered exactly from its compressed version. Irreversible, or lossy,
compression is used for digitized analog signals such as speech and pictures. Reversible
compression is particularly important for text, whether in natural or artificial languages,
since in this situation errors are not usually acceptable. While the primary application area
for the methods surveyed here is text compression, and our terminology presupposes the
use of text, the techniques apply to other situations which involve reversible coding of

sequences of discrete data.

There are many good reasons to invest the computing resources required to perform
compression. Reduction in storage space and faster transmission of data can yield
significant cost savings and often improves performance. Compression is likely to continue
to be of interest because of the ever-increasing amount of data stored and transmitted on
computers, and because it can be used to overcome physical limitations such as the

relatively low bandwidth of telephone communications.

One of the earliest and best known compression techniques is Huffman’s algorithm

[Huffman 1952], which has been — and still is — the subject of many studies. However,
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Huffman coding is now all but superseded due to two important breakthroughs in the late
1970’s. One was the discovery of arithmetic coding [Pasco 1976, Rissanen 1976, 1979,
Langdon 1984, Rissanen and Langdon 1979, Rubin 1979, Guazzo 1980, Langdon and
Rissanen 1982, Langdon 1984], a technique which has a similar function to Huffman
coding, but enjoys some important properties that made possible methods which achieve
vastly superior compression. The other innovation was Ziv-Lempel coding [Ziv and
Lempel 1977, 1978], which is an efficient compression method that uses a completely
different approach to Huffman and arithmetic coding. Both techniques have been refined
and enhanced considerably since they were first published, and have led to practical, high-

performance algorithms.

There are two general methods of performing compression: statistical and dictionary
coding. In statistical coding each symbol is assigned a code based on the probability that it
will occur. Highly probable symbols get short codes and vice versa. Dictionary coding is
where groups of consecutive characters, or “phrases,” are replaced by a code. The phrase
represented by the code can be found by looking it up in some “dictionary.” It is only
recently that it has been shown that any practical dictionary coding scheme can be
outperformed by a related statistical coding scheme. Because of this result, statistical

coding appears to be the most fertile area to look for better compression.

A large part of this survey is devoted to modeling for statistical coding. The remainder of
this section introduces some basic concepts needed, and specific techniques are presented
and discussed in Sections 1 and 2. Dictionary coding techniques — including the Ziv-
Lempel algorithms — are very important in practice and are surveyed in Section 3.
Empirical comparisons of the methods are given in Section 5, which practitioners may wish

to consult first to determine the method most suited to their particular application.



Terminology

The data to be compressed are variously referred to as a siring, file, text or input. They are
assumed to be generated by a source, which outputs symbols over some alphabet. The
input symbols may be bits, characters, words, pixels, grey levels or some other appropriate
unit. Compression is sometimes called source coding, since it attempts to remove the
redundancy in the string due to the structure in the source. For a particular string, the
compression ratio is the ratio of the size of the compressed output to the original size of the
string. Many different units have been used in the literature to express the compression
ratio, making experimental results difficult to compare. In this survey we use bits per
character (bit/char), which is independent of the representation of the input characters.
Other choices are percentage compression, percentage reduction, and raw ratios; all of

which depend on the representation of the input (eg 7- or 8-bit ASCII).

Modeling and entropy

One of the most important advances in the theory of data compression over the last decade
is the insight, first expressed by Rissanen and Langdon [1981], that the process can be
split into two parts: an encoder that actually produces the compressed bit-stream and a
modeler that feeds information to it. These two separate tasks are called coding and
modeling. Modeling assigns probabilities to symbols, and coding translates these
probabilities to a sequence of bits. Unfortunately there is potential for confusion here, since
“coding” is often used in a broader sense to refer to the whole compression process
(including modeling). There is a difference between coding in the wide sense (the whole

process) and coding in the narrow sense (the production of a bit-stream given a model).
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The relationship between probabilities and codes was established in Shannon’s source
coding theorem [1948], which shows that a symbol that is expected to occur with
probability p is best represented in —logp bitsl. In this manner a symbol with a high
probability is coded in few bits, while an unlikely symbol requires many bits. We can
obtain the expected length of a code by averaging over all possible symbols, giving the

formula
- 2 p;logp; .

This value is called the entropy of the probability distribution, because it is a measure of the

amount of order (or disorder) in the symbols.

The role of modeling is to estimate a probability for each symbol. From these probabilities
the entropy can be calculated. It is very important to note that entropy is a property of the
model. Given a model, the estimated probability of a symbol is sometimes called the code
space allocated to the symbol, since the higher its probability, the more “space” it is taking

from other symbols.

The best average code length is obtained from models in which the probability estimates are
as accurate as possible. The accuracy of the estimate depends on how much contextual
knowledge is used. For example, the probability of the letter “0” occurring in a text,
without knowing any information about the text except that it is written in English, can be
estimated by taking random samples of English and observing that (say) 6% of the
characters are the letter “0”. This would lead to a code length of 4.1 bits for that letter. In
contrast, if we are given the phrase “to be or not t” and asked to estimate the probability of

¢ 9

an “0” occurring next, then the estimate will be more like 99%, and the symbol can be

IThroughout this paper the base of logarithms is 2 and the unit of information is bits.
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coded in 0.014 bits. Much can be gained by forming more accurate models of the text. The
practical models examined in Sections 1 and 2 fall somewhere between the two extremes of

these examples.

A model is essentially a collection of probability distributions, one for each context in
which a character might be encoded. The contexts are known as conditioning classes, since
they condition the probability estimates. A sophisticated model may contain many

thousands of conditioning classes.

Adaptive and non-adaptive models

The decoder must have access to the same model as the encoder in order to function
accurately. There are three ways of achieving this: static, semi-adaptive, and adaptive

modeling.

Static modeling uses the same model for all texts. A suitable model is determined when the
encoder is installed, perhaps from samples of the type of text that is expected to be
compressed. An identical copy of the model is kept with the decoder. The drawback is that
the scheme will give unboundedly poor compression whenever the text being coded does

not correspond to the model.

Semi-adaptive modeling addresses this problem by using a different model for each text
encoded. Before performing the compression, the text (or a sample of it) is scanned, and a
model is constructed from it. The model must be transmitted to the decoder before the
compressed text is sent. Despite this the strategy will generally pay off because the model is

well suited to the text.

Adaptive (or dynamic) modeling avoids the overhead of transmitting the model as follows.

Initially both the encoder and decoder assume some bland model, such as all characters
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being equiprobable. The encoder uses this model to transmit one symbol, and the decoder
uses it to decode the symbol. Then both the encoder and decoder update their models (for
example, by increasing the probability of the observed symbol). The next symbol is
transmitted and decoded using the new model, and serves to update the models again.
Coding continues in this manner, with the decoder maintaining an identical model to the
encoder since it uses exactly the same algorithm to update the model, providing no
transmission errors occur. The model being used will soon be well suited to the text being

compressed, yet there was no need for it to be transmitted explicitly.

Adaptive modeling is an elegant and efficient technique which has been shown to perform
at least as well as non-adaptive schemes, and can be significantly better than a static model
that is ill-suited to the text being compressed [Cleary and Witten 1984a]. It also avoids the
pre-scan of the text required by semi-adaptive modeling. For these reasons it is a
particularly attractive approach, and all of the better models are adaptive. Thus the modeling
algorithms described in subsequent sections will be operating in both encoder and decoder.
The model is never transmitted explicitly, so no penalty is incurred if it is immense, as long

as it can fit in memory.

It is important that the probability assignments made by a model are non-zero, since if
symbols are coded in ~logp bits, the code length approaches infinity as the probability
tends towards zero. Zero probabilities arise whenever a symbol has never been observed in
a sample, a situation that occurs frequently with an adaptive model during the initial stages
of coding. This is known as the zero frequency problem, and several strategies have been
proposed to deal with it. One approach is to add one to the count of each symbol, so that
none has a zero count [Cleary and Witten 1984b, Langdon and Rissanen 1983].
Alternatives are generally based on the idea of allocating one count to novel (zero
frequency) characters, and dividing the corresponding code space among them [Cleary and

Witten 1984b, Moffat 1988b]. Empirical comparisons of these strategies can be found in
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Cleary and Witten [1984b] and [Moffat 1988b]. These show that no method is dramatically
better than others, although method C in [Moffat 1988b] gives good all-round

performance.

Coding

The task of representing a symbol with probability p in approximately —logp bits is called
coding (ie coding in the narrow sense). A coder is given a set of probabilities that govern
the choice of next character, and the actual next character. It produces a stream of bits from
which the actual next characters can be decoded, given the same set of probabilities used by

the encoder. The probabilities may differ from one point in the text to the next.

The best-known method of coding is Huffman’s algorithm [Huffman 1952], which is
surveyed in detail by Lelewer and Hirschberg [1987]. However, this technique is not

suitable for adaptive modeling for two reasons.

First, whenever the model changes a new set of codes must be computed. Although
efficient algorithms exist to do this incrementally [Faller 1973, Gallager 1978, Cormack
and Horspool 1984, Knuth 1985, Vitter 1987, in press, Jones 1988], they still require
storage space for a code tree. A different probability distribution, and corresponding set of
codes, is maintained for every conditioning class in which a symbol might be predicted,
and since models may have thousands of these it becomes expensive to store all the code

trees.

The second reason that Huffman coding is unsuited to adaptive coding is that it must
approximate —logp with an integer number of bits. This is particularly inappropriate when
one symbol is highly probable (which is desirable, and is often the case with sophisticated
models). The smallest code that Huffman’s method can generate is one bit, yet we

frequently wish to use less than this. For example, earlier the “o0” in the context “to be for
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not t” should have been coded in 0.014 bits. A Huffman code would generate 71 times the

output necessary, rendering the accurate prediction useless.

It is possible to overcome these problems by blocking symbols into large groups, making
the error relatively small when distributed over the group. However, this introduces its
own problems, since the alphabet is now considerably larger (it is the set of all possible

blocks).

An approach that is conceptually simpler and much more attractive is a recent technique
called arithmetic coding. A full description and evaluation can be found in [Witten, Neal
and Cleary 1987], which includes a complete implementation in the “C” language. The
most important properties of arithmetic coding are as follows.
+ Itis able to code a symbol with probability p in a number of bits arbitrarily close
to —logp.
+ The symbol probabilities may be different at each step.
* Itrequires very little memory regardless of the number of conditioning classes in
the model.

» Itis very fast.

With arithmetic coding a symbol may add a fractional number of bits to the output. In our
earlier example it may add only 0.014 bits when the “0” is encoded. In practice, of course,
the output has to be an integral number of bits; what happens is that several high-
probability symbols together end up adding a single bit to the output. Each symbol encoded
requires just one integer multiplication and some additions, and typically only three 16-bit
registers are used internally. It can be seen that arithmetic coding is ideally suited to
adaptive modeling, and its discovery has spawned a multitude of modeling techniques

which are far superior to those used in conjunction with Huffman coding.
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One complication of arithmetic coding is that it works with a cumulative probability
distribution, which means that some ordering should be placed on the symbols, and the
cumulative probability associated with a symbol is the sum of the probabilities of all
preceding symbols. Efficient techniques are available for maintaining this distribution
[Witten, Neal and Cleary 1987]. Moffat [1988a] gives an effective algorithm for situations

where the alphabet is very large.

Earlier surveys of compression, including descriptions of the advantages and disadvantages
of its application, can be found in Gottlieb et al. [1975], Cooper and Lynch [1982],
Helman and Langdon [1988], and Lelewer and Hirschberg [1987]. Several books have
been written on the topic [Held 1983, Lynch 1985, Storer 1988], although the recent
developments of arithmetic coding and associated modeling techniques are only covered

briefly, if at all.

1. CONTEXT MODELING TECHNIQUES

1.1 Fixed context models

A statistical coder, such as an arithmetic coder, requires that a probability distribution be
estimated for each symbol that is coded. The simplest way to do this is to allocate a fixed
probability for a symbol irrespective of its position in the message, forming a simple
context-free model. For example, in English text the probabilities of the characters “*”,

(19824 IR
t

e”, and “t”, are typically 18%, 10% and 8% respectively2. These letters can therefore be
coded optimally (with respect to this particular model) in 2.47, 3.32, and 3.64 bits

respectively. Using such a model, each character will be represented in about 4.5 bits on

2We use the symbol =" to make the space character visible.
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average, which is the entropy of the model when normal English character probabilities are
used. This simple static context-free model is often employed in conjunction with Huffman

coding [Gottlieb ez al. 1975].

The probabilities can also be estimated adaptively. An array of counts is maintained, one
for each symbol. These are initialized to one (to avoid the zero frequency problem), and
after a symbol is encoded the corresponding count is incremented. Similarly the decoder
increments the count of each symbol decoded. The probability of each symbol is estimated
by its relative frequency. This simple adaptive model is invariably used by adaptive
Huffman coders [Faller 1973, Gallager 1978, Cormack and Horspool 1984, Knuth 1985,
Vitter 1987, in press, Jones 1988].

A more sophisticated way of computing the probabilities of symbols is to recognize that
they will depend on the preceding character. For example, the probability of a “u”
following a “q” is more like 99%, compared with 2.4% if the previous character is
ignored3. This means that it can be coded in 0.014 bits if the context is taken into account,
but in 5.38 bits otherwise. Less dramatically, the probability of an “h” occurring is about
31% if the last character was a “t”, compared with 4.2% if the last character is not known,
so in this context it can be represented in 1.69 bits instead of 4.6. Using this information

about preceding characters the average code length (entropy) is 3.6 bit/char instead of 4.5

bit/char for the simpler model.

This type of model can be generalized so that o preceding characters are used to determine
the probability of the next character. This is referred to as an order-o fixed-context model.

The first model we used above had order 0, while the second had order 1. Models of order

3The probability must be less than 100% to allow for forcign words like “Coq au vin” or “Iraq.”
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4 are typical in practice. The model where every symbol is given equal probability is

sometimes referred to as having order ~1, as it is even more primitive than order 0.

Finite-context models are invariably used adaptively because they contain detail that tends
to be specific to the particular text being compressed. The probability estimates are simply

frequency counts based on the text seen so far.

It is tempting to think that very high order models should be used to obtain the best
compression. However, we need to be able to estimate probabilities for any context, and
the number of possibilities increases exponentially with the order. Thus large samples of
text are needed to make the estimates, and large amounts of memory are needed to store
them. In an adaptive setting, the size of the sample increases gradually and so larger
contexts become more meaningful as coding proceeds. The way to get the best of both
worlds — large contexts for good compression and small contexts when the sample is
inadequate — is to use a blending strategy, where the predictions of several contexts of
different lengths are combined into a single overall probability. There are a number of
ways of performing blending. This strategy for modeling was first proposed by Cleary
[1980]. Its first use for compression was by Rissanen and Langdon [1981] and Roberts

[1982].

1.2 Blended context models

Blending strategies use a number of models of different orders in consort. One way to
combine the predictions is to assign a weight to each model and calculate the weighted sum
of the probabilities. Many different blending schemes can be expressed as special cases of

this general mechanism.

Let p,(¢) be the probability assigned to ¢ by the finite-context model of order o, for each

character ¢ of the input alphabet A. This probability is assigned adaptively and will change
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from one point in the text to another. If the weight given to the model of order o is w, and

the maximum order used is m, the blended probabilities p(¢) are computed by

m
P@) = Dwopo(9) .

o=-1

The weights should be normalized to sum to 1. To calculate both probabilities and
weights, extensive use will be made of the counts associated with each context. Let ¢ (¢)
denote the number of times that the symbol ¢ occurs in the current context of order o.
Denote by C, the total number of times that the context has been seen; that is,

Co = Zco((p) .
Y-

A simple blending method can be constructed by choosing the individual contexts’

prediction probabilities to be

Po(@ = C(é(‘:p) .

This means that they are zero for characters which have not been seen before in that
context. However, it is necessary that the final blended probability be non-zero for every
character. To ensure this, an extra model of order -1 is introduced which predicts every
character with the same probability 1/g, where ¢ is the number of characters in the input

alphabet.

A second problem is that C, will be zero whenever the context of order o has never
occurred before. In a range of models of order 0, 1, 2, - m, there will be some largest
order / <m for which the context has been encountered previously. All shorter contexts
will necessarily have been seen too, because the context for a lower-order model is a
substring of that for a higher-order one. Giving zero weight to models of order /+1 - m

ensures that only contexts that have been seen will be used.
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1.3 Escape probabilities

We now consider how to choose the weights. One possibility is to assign a fixed set of
weights to the models of different order. Another is to adapt weights as coding proceeds to
give more emphasis to high-order models later on. However, neither of these take account

of the fact that the relative importance of the models varies with the context and its counts.

A more pragmatic approach, which at first might seem quite different to blending, is to
allocate some code space in each model to the possibility that a lower-order model should
be used to predict the next character [Rissanen 1983, Cleary and Witten 1984b]. The
motivation for this is to allow for the coding of a novel character in a particular model by
providing access to lower-order models, although we shall see that it is effectively giving a

weight to each model based on its usefulness.

This approach requires an estimate of the probability that a particular context will be
followed by a character that has never before followed it, since that determines how much
code space should be allocated to the possibility of shifting to the next smaller context. The
probability estimate should decrease as more characters are observed in that context. Each
time a novel character is seen, a model of lower-order must be consulted to find its
probability. Thus the total weight assigned to lower-order contexts should depend on the

probability of a new character.

The probability of encountering a previously unseen character is called the escape
probability, since it governs whether the system escapes to a smaller context to determine
its predictions. This escape mechanism has an equivalent blending mechanism as follows.
Denoting the probability of an escape at level o by e,, equivalent weights can be calculated
from the escape probabilities by

l
w, = (1-¢,) X Hei -1<o0<!
i=o +1
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w; = (1 —el)

where / is the highest-order context making a non-null prediction. In this formula, the
weight of each successively lower order is reduced by the escape probability from one
order to the next. The weights will be plausible (all positive and summing to 1) provided
only that the escape probabilities are between 0 and 1 and it is not possible to escape below
order —1, that is, e_; =0. The advantage of expressing things in terms of escape
probabilities is that they tend to be more easily visualized and understood than the weights
themselves, which can become small very rapidly. Also, the escape mechanism is much

more practical to implement than weighted blending.

If p,(9) is the probability assigned to the character ¢ by the order-o model, then the
weighted contribution of the model to the blended probability of ¢ is

/
wopo(®) = []e x (1-e,) x po(9).

i=o+1

In other words, it is the probability of decreasing to an order-o model, and not going any
further, and selecting ¢ at that level. These weighted probabilities can then be summed over
all values of o to determine the blended probability for ¢. Specifying an escape mechanism
amounts to choosing values for e, and p,, and this is how the mechanisms are characterized

in the descriptions that follow.

An escape probability is the probability that a previously unseen character will occur, which
is a manifestation of the zero-frequency problem. There is no theoretical basis for choosing

the escape probability optimally, although several suitable methods have been proposed.

The first method of probability estimation, Method A, allocates one additional count over
and above the number of times the context has been seen, to allow for the occurrence of

new characters [Cleary and Witten 1984b]. This gives the escape probability



17

1
+1°

o

and allowing for the escape code, the code space allocated to ¢ in the order-o model is

_ %9

Co(9)
<, (U-€) =571

Method B refrains from predicting characters unless they have occurred more than once in
the present context by subtracting one from all counts [Cleary and Witten 1984b]. Let g, be
the number of different characters that have occurred in some context of order 0. The

escape probability used by Method B is

o
I
S5

)

which increases with the proportion of new characters observed. After allowing for the

escape code, the code space allocated to ¢ is

C()((p)_l

co(¢)_1
Co_qo (1_60) B _C_ )

[

Method C is similar to Method B, but begins predicting characters as soon as they have
occurred [Moffat 1988b]. The escape probability still increases with the number of different
characters in the context, but needs to be a little smaller to allow for the extra code space

allocated to characters, so

9o
C,+q, -

€, =

This gives each character a code space of

o(9) co(9)
—C_ (1- o) =

e = ————
o Cotq,

in the order-o model.
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1.4 Exclusion

In a fully blended model, the probability of a character includes predictions from contexts
of many different orders, which makes it very time consuming to calculate. Moreover, an
arithmetic coder requires cumulative probabilities from the model. Not only are these slow
to evaluate (particularly for the decoder), but the probabilities involved can be very small,
and therefore high precision arithmetic is required. Full blending is not a practical form of

finite-context modeling,

The escape mechanism can be used as the basis of an approximate blending technique
called exclusion, which eliminates these problems by decomposing a character’s probability
into several simpler predictions®. It works as follows. When coding the character ¢ using
context models with a maximum order of m, the order-m model is first consulted. If it
predicts ¢ with a non-zero probability, then it is used to code ¢. Otherwise the escape code
is transmitted, and the second longest context attempts to predict ¢. Coding proceeds by
escaping to smaller contexts until ¢ is predicted. The order —1 context guarantees that this
will happen eventually. In this manner each character is coded as a series of escape codes
followed by the character code. Each of these codes is over a manageable alphabet which is

the input alphabet plus the escape character.

The exclusion method is so named because it excludes lower-order predictions from the
final probability of a character. Consequently all other characters encountered in higher-
order contexts can safely be excluded from subsequent probability calculations because
they will never be coded by a lower-order model. This can be accomplished by effectively

modifying counts in lower-order models by setting the count associated with a character to

4The term was coined by Moffat [1988b] for a technique used by Cleary and Witten [1984b].
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zero if it has been predicted by a higher-order model. (The models are not permanently
altered, but rather the effect is achieved each time a particular prediction is being made.)
Thus the probability of a character is taken only from the highest-order context which

predicts it.

Context modeling with exclusions gives very good compression and is tractable on modern
computers. For example, consider the sequence of characters “bcbcabebeabecbe”, over the
alphabet {a, b, ¢, d}, which has just been coded adaptively using a blended context
model with escapes. Assume that escape probabilities are calculated by Method A, the
exclusion method is used, and the maximum context considered is order 4 (m = 4).
Consider the coding of the next character “d”. First the order-4 context of “ccbc” is
considered, but it has never occurred before, so we switch to order 3 without any output.
In this context (“cbc™) the only character that has been observed before is “a”, with a count
of 2, so an escape is coded with probability 2—11- In the order-2 model “bc” has been seen

66,9

followed by “a” which is excluded, “b” twice, and “c” once, so the escape probability is
3171. In the order-0 and 1 models, “a”, “b” and “c” are predicted but each is excluded since
it has occurred in a higher context, and so escapes are given a probability of 1. The coder
ends up escaping down to the order —1 context, where “d” is the only character predicted,
so it is coded with a probability of 1, that is, in O bits. The net result is that 3.6 bits are
used to code this character. Table 1 shows the codes that would be used for each possible

next character, for interest.

The disadvantage of exclusion is that statistical sampling errors are emphasized by using
only higher-order contexts. However, experiments to assess the impact of exclusions
indicate that compression is only fractionally worse than for a fully blended model.

Furthermore, execution is much faster and implementation is simplified considerably.
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A further simplification of the blending technique is lazy exclusion, which uses the escape
mechanism in the same way as exclusion to identify the longest context that predicts the
character to be coded, but does not exclude the counts of characters predicted by longer
contexts when making the probability estimate [Moffat 1988b]. This will always give
worse compression (typically about 5%) because such characters will never be predicted in
the lower-order contexts, and so the code space allocated to them is completely wasted.
However, it is significantly faster because there is no need to keep track of the characters
which need to be excluded. In practice this can halve the time taken, which may well justify

the relatively small decrease in compression performance.

In a fully blended model, it is natural to update counts in all the models of order 0, 1, -+ m
after each character is coded, since all contexts were involved in the prediction. However,
when exclusions are used, only one context is used to predict the character. This suggests a
modification to the method of updating the models, called update exclusion, where the
count for the predicted character is not incremented if it is already predicted by a higher-
order context [Moffat 1988b]. In other words a character is only counted in the context
used to predict it. This can be rationalized by supposing that the correct statistic to collect
for the lower-order context is not the raw frequency, but rather the frequency with which a
character occurs when it is not being predicted by a longer context. This generally improves

compression slightly (about 2%), and also reduces the time consumed in updating counts.

1.5 Alphabets

The principle of finite-context modeling can be applied to any alphabet. An 8-bit ASCII
alphabet will typically work well with maximum context size of a few characters. A binary
alphabet should be used when bits are interrelated (eg picture coding [Langdon and
Rissanen 1981]). Using such a small alphabet requires special attention to the escape

probabilities because it is unlikely that there will be unused symbols. Very efficient
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arithmetic coding algorithms are available for binary alphabets, although 8 times as many
symbols will be encoded as for an 8-bit alphabet [Langdon and Rissanen 1982]. At the
other extreme, the text might be broken up into words [Moffat 1987]. Only small contexts
are necessary here — 1 or 2 words are usually sufficient. Managing such very large

alphabets presents its own problems; Moffat [1988a] gives an efficient algorithm.

1.6 Practical finite-context models

Now we describe all finite-context models in the literature for which we have been able to
find full details. The methods are evaluated and compared in Section 4, Unless otherwise

noted they all use models of order —1, 0, -+ up to some maximum allowed value m.

Order-0 models are a trivial form of finite-context modeling, and are frequently used

both adaptively and non-adaptively for Huffman coding.

DAFC  is one of the first schemes to blend models of different orders, and to adapt the
model structure [Langdon and Rissanen 1983]. It includes order-0 and order-1
predictions, but instead of building a full order-1 model it bases contexts only on the most
frequent characters, to economize on space. Typically the first 31 characters to reach a
count of 50 are used adaptively to form order-1 contexts. Method A is used as the escape
mechanism. A special “run mode” is entered whenever the same character is seen more
than once consecutively, which is effectively an order-2 model. The use of low-order
contexts ensures that DAFC uses a bounded (and relatively small) amount of memory, and

is very fast.

PPMA  (for “prediction by partial match, method A”) is an adaptive blended model
proposed by Cleary and Witten [1984b}; it uses method A to assign escape probabilities,

and blends predictions using the exclusion technique. Character counts are not scaled.
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PPMB s the same as PPMA but uses method B to assign escape probabilities.

PPMC  is a more recent version of the PPM technique which has been carefully tuned
by Moffat [1988b] to improve compression and increase execution speed. It deals with
escapes using method C, uses update exclusion, and scales counts to a maximum precision

of about 8 bits (which was found suitable for a wide range of files).

PPMC' is a streamlined descendant of PPMC, built for speed [Moffat 1988b]. It deals
with escapes using method C but uses lazy exclusion for prediction (as well as update
exclusion), and imposes an upper bound on memory by discarding and rebuilding the

model whenever space is exhausted.

PPMC and PPMC' are a little faster than PPMA and PPMB because the statistics are
simpler to maintain due to the use of update exclusions. Fortunately compression
performance is relatively insensitive to the exact escape probability calculation, so PPMC
usually gives the best overall performance. All of these methods require that a maximum
order is specified. Generally there will be some optimal value (around four characters for
English text, for example), but compression is not adversely affected if the maximum order
is chosen to be larger than it need be — the blending methods are able to accommodate the
presence of higher-order models that contribute little or nothing to the compression. This
means that if the optimum order is not known beforehand, it is better to err on the high
side. The penalty in compression performance will be small, although time and space

requirements will increase.

WORD  is similar to the PPM schemes, but uses an alphabet of “words” — comprising
alphabetic characters — and “non-words” — comprising non-alphabetic ones [Moffat
1987]. The original text is recoded by expressing it as an alternating sequence of words
and non-words [Bentley et al. 1986]. Separate finite-context models, each combining

orders 0 and 1, are used for words and non-words. A word is predicted by preceding
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words, and a non-word by preceding non-words. Method B is used for estimating
probabilities, and because of the large alphabet size lazy exclusions are appropriate for
prediction; update exclusion is also employed. The model stops growing once it reaches a
predetermined maximum size, whereupon statistics are updated but no new contexts are

added.

Whenever novel words or non-words are encountered, they must be specified in some
way. This is done by first transmitting the length (chosen from the numbers 0 to 20) using
an order-0 model of lengths. Then a finite-context model of the letters (or non-alphabetic
characters, in the case of non-words) with contexts of order —1, 0 and 1 is used, again with
escape probabilities computed using method B. In total, ten different models are stored and
blended, five for words and five for non-words, comprising in each case models of order 0

and 1, a length model of order 0, and character models of order 0 and 1.

A comparison of a variety of strategies for building finite-context models is reported by

Williams [1988].

1.7 Implementation

Finite-context methods generally give the best compression of all techniques in the
literature, but they can be slow. As with any practical scheme, the time required for
encoding and decoding grows only linearly with the length of the message. Furthermore, it
grows at most linearly with the order of the largest model. However, to achieve an
effective implementation, close attention must be paid to details. Any balanced system will

represent a complex trade-off between time, space and compression efficiency.

A coding scheme that yields good compression must use very large models which typically
consume more space than the data being compressed. Indeed, a major part of the advance

in coding over the past decade can be attributed to the ready availability of large amounts of
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to estimate the entropy of English and Italian text. Cover and King [1978] describe a
refinement of the experiment which obtains tighter bounds by having subjects place bets on

the next character; the methodology was used by Tan [1981] for Malay text.

In this section we will survey classes of models which offer some compromise between the
tractability of finite-context models, and the powerful but mysterious processes of human

thought.

2.1 State models

Finite-state probabilistic models are based on finite-state machines (ESMs). They have a
set of states S, and transition probabilities p;; that give the probability that when the model
is in state S; it will next go to state S;. Moreover, each transition is labeled with a character,
and no two transitions out of a state have the same label. Thus any given message defines
a path through the model that follows the sequence of characters in the message, and this
path (if it exists) is unique. They are often called “Markov models” although this term is

sometimes used loosely to refer to finite-context models.

Finite-state models are able to implement finite-context models. For example, an order-0
model of single-case English text has a single state with 27 transitions leading out of it and
back to it: 26 for the letters and 1 for space. An order-1 model has 27 states (one for each
character) with 27 transitions leading out from each. An order-n model has 27" states with

27 transitions leading out of each.

Finite-state models are also able to represent more complex structures than finite-context
models. As a trivial example, Figure 1 shows a state model for strings where the character
“a” always occurs in a pair. A context model cannot represent this because arbitrarily large

contexts must be considered in order to predict the character following a sequence of “a”s.
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As well as offering potentially better compression, finite-state models are, in principle, fast.
The current state can supply a probability distribution for coding, and the next state is
determined simply by following the transition arc. In practice, a state may be implemented

as a linked list, which involves a little more computation.

Unfortunately, no satisfactory method has been discovered to construct good finite-state
models from sample strings. One approach is to enumerate every possible model for a
given number of states, and evaluate which is the best. This task grows exponentially with
the number of states, and is only suitable for finding small models [Gaines 1976,1977]. A
more heuristic approach is to construct an large initial model, and then reduce it by
coalescing states which are similar. Witten [1979, 1980] investigates this approach starting
with an order-k finite-context model, while Evans [1971] uses it with an initial model

which has one state and transitions corresponding to each character in the input.

Dynamic Markov Compression (DMC)

The only finite-state modeling method described in the literature which works fast enough
to support practical text compression is called “Dynamic Markov Compression” (DMC)
[Horspool and Cormack 1986, Cormack and Horspool 1987]. It operates adaptively,
beginning with a simple initial model and adding states as appropriate. Unfortunately it
turns out that the choice of heuristic and initial models guarantees that the models generated
will be finite-context models [Bell and Moffat, in press], and thus do not use the full power
offered by the finite-state representation. The main advantage of DMC over methods
described in the previous section is that it offers a different conceptual approach, and might

be faster if implemented suitably.

In contrast with most other text compression methods, DMC is normally used to process

one bit of the input at a time, rather than one symbol at a time. In principle there is no
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reason why a symbol-oriented version of the method should not be used; it is just that in
practice symbol-oriented models of this type tend to be rather greedy in their use of storage,
unless a sophisticated data structure is used. State-based models with bitwise input have no
difficulty finding the next state — there are only two transitions from the previous state and
itis simply a matter of following the appropriately-labeled one. It is also worth noting that
if a model works with one bit at a time, its prediction at any stage is in the form of the two
probabilities p(0) and p(1) (these two numbers must sum to 1). Adaptive arithmetic coding

can be made particularly efficient in this case [Langdon and Rissanen 1982].

The basic idea of DMC is to maintain frequency counts for each transition in the current
finite-state model, and to “clone” a state when a related transition becomes sufficiently
popular. Figure 2 illustrates the cloning operation. A fragment of a finite-state model is
shown in which state ¢ is the target state for cloning. From it emanate two transitions, one
for symbol 0 and the other for 1, leading to states labeled x and y. There may well be
several transitions into ¢. Three are illustrated, from states u, v, and w, and each will be

labeled with O or 1 (although in fact no labels are shown).

Suppose that the transition from state u has a large frequency count. Because of the high
frequency of the u — r transition, state 7 is cloned to form an additional state ¢'. The u — ¢
transition that caused the change is redirected to ¢, while other transitions into ¢ are
unaffected by the operation. Otherwise, ' is made as similar to # as possible by giving it ’s
(new) output transitions. In this manner a new state is introduced to store more specific
probabilities for this frequently visited corner of the model. The output transition counts for
the old 7 are divided between ' and ¢ in proportion to the input counts from states u and viw

respectively.

Two threshold parameters are used to determine when a transition has been used

sufficiently to be cloned. Experience shows that cloning is best done very early. In other
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words, the best performance is obtained when the model grows rapidly. Typically, 7 is
cloned on the u — transition when that transition has occurred once and ¢ has been entered
a few times from other states too. This somewhat surprising experimental finding has the
effect that statistics never settle down. Whenever a state is used more than a few times, it is
cloned and the counts are split. It seems that it is preferable to have unreliable statistics

based on long specific, contexts than reliable ones based on short, less specific ones.

To start off, the DMC method needs an initial model. It need only be a simple one, since
the cloning process will tailor it to the specific kind of sequence encountered. However, it
must be able to code all possible input sequences. The simplest choice is the 1-state model
shown in Figure 3, and this is a perfectly satisfactory initial model. Once cloning begins, it
grows rapidly into a complex model with thousands of states. Slightly better compression
for 8-bit inputs can be obtained by using an initial model which can represent 8-bit
sequences, such as the chain in Figure 4, or even a binary tree of 255 nodes. However, the
initial model is not particularly critical, since DMC rapidly adapts to suit the text being

coded.

2.2 Grammar models

Even the more sophisticated finite-state model is unable to capture some situations
properly. In particular, recursive structures cannot be captured by a finite-state model; what

is needed is a model based on a grammar.

Figure 5 shows a grammar which models nested parentheses. Probabilities are associated
with each production. The message to be modeled is parsed according to the grammar and
the productions used are coded according to these probabilities. Such models have proved
very successful when compressing text in formal languages, such as Pascal programs

[Cameron 1986, Katajainen et al. 1986]. Probabilistic grammars are also explored by
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[Ozeki 1974a, 1974b, 1975]. However, they do not appear to be of great value for natural
language texts, chiefly because it is so difficult to find a grammar for natural language.
Constructing one by hand would be tedious and unreliable, and so ideally a grammar
should be induced mechanically from samples of text. However, this is not feasible
because induction of grammars requires exposure to examples which are not in the
language being learned in order to decide what the boundaries of the language are [Gold

1978, Angluin and Smith 1983].

2.3 Recency models

Recency models work on the principle that the appearance of a symbol in the input makes
that symbol more likely to occur in the near future. The mechanism which exploits this is
analogous to a stack of books; when a book is required it is removed from the stack, and is
returned to the top after use. This way, frequently used books will be near the top and
therefore easier to locate. Many variations on this theme have been explored by several
authors [Ryabko 1980, Horspool and Cormack 1983, Bentley et al. 1986, Elias 1987].
Usually the input is broken up to into words (eg contiguous characters separated by

spaces), and these are used as symbols.

A symbol is coded by its position in the recency list, or book stack. A variable length code
is used, such as one of those proposed by Elias [1975], with words near the front of the
list being given a shorter code (such codes are covered in detail by Lelewer and Hirschberg
[1987]). There are several ways that the list may be organized. One is to move symbols to
the front of the list after they are coded; another is to move them some constant distance
towards the front. The practical implementation and performance of some recency models

is discussed by Moffat [1987].



30
2.4 Models for picture compression

Until now we have considered models in the context of text compression, although most
are easily applied to picture compression. In digitized pictures, the fundamental symbol is a
pixel, which may be a binary number (for black and white pictures), a grey level , or a code
for a color. As well as using immediately preceding pixels for the context, it will often be
worthwhile to consider nearby pixels from previous lines. Suitable techniques are explored
for black and white pictures by Langdon and Rissanen [1981], and for grey levels by
Todd, Langdon and Rissanen [1985]. The simple models used by facsimile machines are
described by Hunter and Robinson [1980]. A method for compressing pictures where the
picture gradually becomes more recognizable as it is decoded is described by Witten and

Cleary [1983].

3. DICTIONARY MODELS

Dictionary coding represents a substantially different approach to compression from the
statistical/coding paradigm. A dictionary coder achieves compression by replacing groups
of consecutive characters (phrases) with indexes into some dictionary. The dictionary is a
list of phrases that are expected to occur frequently. Indexes are chosen so that on average
they take less space than the phrase they encode, thereby achieving compression. This type

of coding is also known as “macro” coding or a “codebook” approach.

Dictionary methods are usually fast, partly because one output code is transmitted for
several input symbols, and also because the codes can often be chosen to align with
machine words. They give moderately good compression, although not as good as finite-
context models. It can be shown that most dictionary coders can be simulated by a type of
finite-context model [Rissanen and Langdon 1981, Langdon 1983, Bell and Witten 1987],
and so their chief virtue is economy of computing resources rather than compression

performance.
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The central decision in the design of a dictionary scheme is the selection of entries in the
coding dictionary. Some designers impose a restriction on the length of phrases stored. For
example, in digram coding they are never more than two characters long. Within this
restriction the choice of phrases may be made by static, semi-adaptive or adaptive
algorithms. The simplest dictionary schemes use static dictionaries containing only short
phrases. These are especially suited to the coding of records within a file, such as a
bibliographic database, where records are to be decoded at random but the same phrase
often appears in different records. However, the best compression is achieved by adaptive
schemes which allow large phrases. Ziv-Lempel coding is a general class of compression
methods which fit this description, and is emphasized below because it outperforms other

dictionary schemes.

3.1 Parsing strategies

Once a dictionary has been chosen, there is more than one way to choose which phrases in
the input text will be replaced by indexes to the dictionary. The task of splitting the text into
phrases for coding is called parsing. The most practical approach is greedy parsing, where
at each step the encoder searches for the longest string in the dictionary that matches the

next characters in the text, and uses the corresponding index to encode them.

Unfortunately greedy parsing is not necessarily optimal. Determining an optimal parsing
can be difficult in practice, because there is no limit to how far ahead the encoder may have
to look. Suitable algorithms are given by Wagner [1973], Schuegraf and Heaps [1974],
Rubin [1976], Storer and Szymanski [1982] and Katajainen and Raita [1987a], but all of
these need the entire string to be available before coding can proceed. So although the
greedy approach is not optimal, it is widely used in practical schemes because it allows

single-pass encoding with a bounded delay.
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A compromise between greedy and optimal parsing is the Longest Fragment First (LFF)
heuristic [Schuegraf and Heaps 1974]. This approach searches for the longest substring of
the input (not necessarily starting at the beginning) which is also in the dictionary. This

phrase is then coded, and the algorithm repeats until all substrings have been coded.

For example, for the dictionary M={a,b,c,aa,aaaa,ab,baa,bccb,beccba} where all strings are
coded in 4 bits, the LFF parsing of the string “aaabccbaaaa” first identifies “beeba” as the
longest fragment. The final parsing of the string is “aa,a,bccba,aa,a” and the string is coded
in 20 bits. Greedy parsing would give “aa,ab,c,c,baa,aa” (24 bits) while the optimal
parsing is “aa,a,beeb,aaaa” (16 bits). In general the compression performance and speed of
LFF lies between greedy and optimal parsing. As with optimal parsing, LFF needs to scan
the entire input before making parsing decisions. Theoretical comparisons of parsing
techniques can be found in Storer and Szymanski [1982], Gonzalez-Smith and Storer

[1985], and Katajainen and Raita [1987b)].

Another approximation to optimal parsing works with a buffer of, say, the last 1000
characters from the input [Katajainen and Raita 1987a]. In practice, cut points (points
where the optimal decision can be made) almost always occur well under 100 characters
apart, and so the use of such a large buffer almost guarantees that the whole text will be
encoded optimally. This approach can achieve coding speeds almost as fast as greedy

coding.

Practical experiments have shown that optimal encoding can be 2 to 3 times slower than
greedy encoding, but improves compression by only a few percent [Schuegraf and Heaps
1974]. The LFF and bounded buffer approximations improve the compression ratio a little
less, but also require less time for coding. In practice the small improvement in
compression is usually outweighed by the extra coding time and effort of implementation,

and so the greedy approach is by far the most popular. Most dictionary compression
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schemes concentrate on choosing the dictionary, and assume that greedy parsing will be

applied.

3.2 Static dictionary encoders

Static dictionary encoders are useful for achieving a small amount of compression for very
little effort. One fast algorithm which has been proposed several times in different forms is
digram coding, which maintains a dictionary of commonly used digrams, or pairs of
characters [Snyderman and Hunt 1970, Schieber and Thomas 1971, Jewell 1976,
Bookstein and Fouty 1976, Svanks 1975, Cortesi 1982]. At each coding step the next two
characters are inspected to see if they correspond to a digram in the dictionary. If so they
are coded together, otherwise only the first character is coded. The coding position then is

shifted by one or two characters as appropriate.

Digram schemes are built on top of an existing character code. For example, the ASCII
alphabet contains only 96 text characters (including all 94 printing characters, space, and a
code for newline) and yet is often stored in eight bits. The remaining 160 codes are
available to represent digrams — more will be available if some of the 96 characters are
unnecessary. This gives a dictionary of 256 items (96 single characters and 160 digrams).
Each item is coded in one byte, with single characters being represented by their normal
code. Because all codes are the same size as the representation of ordinary characters, the
encoder and decoder do not have to manipulate bits within a byte, and this contributes to

the high speed of digram coding.

More generally, if g characters are considered essential then 256—q digrams must be chosen
to fill the dictionary. Two methods have been proposed do this. One is to scan sample texts

to determine the 256—q most common digrams. The list may be fine tuned to take account
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of situations such as “he” being used infrequently because the “h” is usually coded as part

of a preceding “th”.

A simpler approach is to choose two small sets of characters, d, and d,. The digrams to be
used are those generated by taking the cross-product of d, and d,, that is, all pairs of
characters where the first is taken from d, and the second from d,. The dictionary will be
full if 14,1 X 1d,l = 256—¢. Typically both d, and d, contain common characters, giving a set
such as {+, ¢, t, a, =+ }x{, e, t, a, -}, that is, {es, se, ot, -, €v, e, et, -} [ eg Cortesi
1982]. Another possibility, based on the idea that vowel-consonant pairs are common, is to

choose d; to be {a, e, i, 0, u,y, *} [Svanks 1975].

The compression achieved by digram coding can be improved by generalizing it to “n-
grams” — fragments of n consecutive characters [Pike 1981, Tropper 1982]. The problem
with a static n-gram scheme is that the choice of phrases for the dictionary is critical and it
depends on the nature of the text being encoded, yet we want phrases to be as long as
possible. A safe approach is to use a few hundred common words. Unfortunately the
brevity of the words prevents any dramatic compression being achieved, although it

certainly represents an improvement on digram coding.

3.3 Semi-adaptive dictionary encoders

A natural development of the static n-gram approach is to generate a dictionary specific to
the particular text being encoded. The task of determining an optimal dictionary for a given
text is known to be NP-hard in the size of the text [Storer 1977, Storer and Szymanski
1982]. However, many heuristics have sprung up which find near-optimal solutions to the
problem, and most are quite similar. They generally begin with the dictionary containing all
the characters in the input alphabet, and then add common digrams, trigrams and so on

until the dictionary is full. Variations on this approach have been proposed by [White 1967,
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Schuegraf and Heaps 1973, Wagner 1973, Lynch 1973, Mayne and James 1975, Rubin
1976, Wolff 1978].

Choosing the codes for dictionary entries involves a tradeoff between compression and
coding speed. Within the restriction that codes are integer-length strings of bits, Huffman
codes generated from the observed frequencies of phrases will give the best compression.
However, if the phrases are nearly equifrequent then variable-length codes have little to
offer, and a fixed-length code is appropriate. If the size of codes aligns with machine
words the implementation will be faster and simpler. A compromise is to use a two-level
system, such as 8 bits for phrases of one character, and 16 bits for longer phrases, with the

first bit of each code distinguishing between the two.

3.4 Adaptive dictionary encoders: Ziv-Lempel coding

Almost all practical adaptive dictionary encoders are encompassed by a family of algorithms
derived from the work of Ziv and Lempel. The essence is that phrases are replaced with a
pointer to where they have occurred earlier in the text. This family of schemes is called Ziv-
Lempel coding, abbreviated as LZ coding>. This method adapts quickly to a new topic, but
is also able to code short function words because they appear so frequently. Novel words

and phrases can also be constructed from parts of earlier words.

Decoding a text which has been compressed in this manner is straightforward; the decoder
simply replaces a pointer with the already-decoded text that it points to. In practice LZ
coding achieves good compression, and an important feature is that decoding can be very

fast.

SThe reversal of the initials in the abbreviation is a historical mistake that we have chosen to perpetuate.
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One form of pointer is a pair (m,/) which represents the phrase of / characters starting at
position m of the input string. For example, the pointer (7,2) refers to the 7th and 8th
characters of the input string. Using this notation, the string “abbaabbbabab” could be
coded as “abba(1,3)(3,2)(8,3)”. Notice that despite the last reference bein g recursive, it can

still be decoded unambiguously.

It is a common misconception that LZ coding is a single, well-defined algorithm. Originally
it was an offshoot of an algorithm for measuring the “complexity” of a string [Lempel and
Ziv 1976] which led to two different compression al gorithms [Ziv and Lempel 1977,1978].
These original LZ papers were highly theoretical, and subsequent accounts by other authors
give more accessible descriptions. Because these expositions are innovative to some extent,
a very blurred picture has emerged of what LZ coding really is. With so many variations on
the theme, it is best described as a growing family of algorithms, with each member
reflecting different design decisions. The main two factors which differ between versions
of LZ coding are whether there is a limit to how far back a pointer can reach, and which
substrings within this limit may be the target of a pointer. The reach of a pointer into earlier
text may be unrestricted (growing window), or it may be restricted to a fixed-size window
of the previous N characters, where N is typically several thousand. The choice of
substrings can either be unrestricted, or limited to a set of phrases chosen according to

some heuristic.

Each combination of these choices represents some compromise between speed, memory
requirements, and compression. The growing window offers better compression by
making more substrings available. However, as the window becomes larger, the encoding
may slow down because of the time taken to search for matching substrings; compression
may get worse because pointers must be larger; and if memory runs out the window may
have to be be discarded, giving poor compression until it grows again. A fixed-size

window avoids all these problems, but has less substrings available as targets of pointers.
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Within the window chosen, limiting the set of substrings that may be the target of pointers
makes the pointers smaller and encoding faster. However, considerably fewer substrings

are available this way than when any substring can be referenced.

We have labeled the most significant variations of LZ coding, described below, to
discriminate between them. Table 2 summarizes the main distinguishing features. These
algorithms are generally derived from one of two different approaches described in Ziv and
Lempel [1977] and [1978], labeled LZ77 and LZ78 respectively. The two approaches are
quite different, although some authors have perpetuated their confusion by assuming they
are the same. Labels for subsequent LZ schemes are derived from their proposers’ names.

Storer [1988] examines this type of coding in detail.

34.1 LZ77

LZ77 was the first form of LZ coding to be published [Ziv and Lempel 1977]. In this
scheme pointers denote phrases in a fixed-size window that precedes the coding position.
There is a maximum length for substrings that may be replaced by a pointer, given by the
parameter F (typically 10 to 20). These restrictions allow LZ77 to be implemented using a
“sliding window” of N characters. Of these, the first N-F have already been encoded and

the last F constitute a lookahead buffer.

To encode a character, the first N-F characters of the window are searched to find the
longest match with the lookahead buffer. The match may overlap with the buffer, but

obviously cannot be the buffer itself.

The longest match is then coded into a triple <i, j, >, where i is the offset of the longest
match from the lookahead buffer, j is the length of the match, and a is the first character that
did not match the substring in the window. The window is then shifted right j+1

characters, ready for another coding step. Attaching the explicit character to each pointer
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ensures that coding can proceed even if no match is found for the first character of the

lookahead buffer.

The amount of memory required for encoding and decoding is bounded by the size of the
window. The offset (i) in a triple can be represented in |_log (N-F )] bits, and the number

of characters (j) covered by the triple in rlog Fbits.

Decoding is very simple and fast. The decoder maintains a window in the same way as the
encoder, but instead of searching it for a match it copies the match from the window usin g

the triple given by the encoder.

Ziv and Lempel showed that LZ77 could give at least as good compression as any semi-
adaptive dictionary designed specifically for the string being encoded, if N is sufficiently
large. This result is confirmed by intuition, since a semi-adaptive scheme must include the
dictionary with the coded text, while for LZ77 the dictionary and text are the same thing.
The space occupied by an entry in a semi-adaptive dictionary is no less than that consumed

by its first (explicit) occurrence in the LZ77 coded text.

The main disadvantage of LZ77 is that, although each encoding step requires a constant
amount of time, the constant can be large, and a straightforward implementation can require
up to (N-F)XF character comparisons per fragment produced. This property of slow
encoding and fast decoding is common to many LZ schemes. The encoding speed can be
increased using data structures such as a binary tree [Bell 1986], trie, or hash table [Brent
1987], but the amount of memory required also increases. This type of coding is therefore
best for situations where a file is to be encoded once (preferably on a fast computer with
plenty of memory) and decoded many times, possibly on a small machine. This occurs
frequently in practice, for example, on-line help files, manuals, news, teletext, and

electronic books.
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342 LZR

LZR is the same as the LZ77 algorithm, except that it allows pointers to denote any position
in the already-encoded part of the text [Rodeh ez al. 1981]. This is the same as setting the

LZ77 parameter N to exceed the size of the input text.

Because the values of i and j in the <i, j, a> triple can grow arbitrarily large, they are
represented by a variable-length coding of the integers. The method used is from Elias
[1975], labeled Cyy. It is capable of coding any positive integer, with the length of the code
growing logarithmically with the size of the number being represented. For example, the

codes for 1, 8 and 16 are 0010, 10010000 and 101100000 respectively.

LZR is not very practical, principally because the dictionary grows without bound. More
and more memory is required as encoding proceeds, and the size of the text in which
matches are sought increases continually. If a linear search is used, the time taken to code a
text of n characters will be O(nz). A data structure to achieve coding in O(n) time and O(n)
memory is described by Rodeh er al. [1981], but other LZ schemes offer similar

compression to LZR for much less effort.

343 LZSS

The output of LZ77 and LZR is a series of triples, which can also be viewed as a series of
strictly alternating pointers and characters. The use of the explicit character following every
pointer is wasteful in practice because it could often be included as part of the next pointer.
LZSS addresses this problem by using a free mixture of pointers and characters, the latter
being included whenever a pointer would take more space than the characters it codes. A
window of N characters is used in the same way as for LZ77, so the pointer size is fixed.

An extra bit is added to each pointer or character to distinguish between them, and the
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output is packed to eliminate unused bits. LZSS is outlined by Storer and Szymanski

[1982] and described in more detail in [Bell 1986].

344 LZB

Every LZSS pointer is the same size regardless of the length of the phrase it represents. In
practice some phrase lengths are much more likely to occur than others, and better
compression can be achieved by allowing different sized pointers. LZB [Bell 1987] is the
result of experiments which evaluated a variety of methods for encoding pointers, as well
as explicit characters, and the flags which distinguish between them. It achieves
significantly better compression than LZSS, and has the added virtue of being less sensitive

to the choice of parameters.

The first component of a pointer is the location in the window of the beginning of the
match. LZB “phases in” this component. The size starts at 1 bit until there are two
characters in the window, then increases to 2 bits until the window contains four
characters, and so on, until it is up to full steam with N characters in the window. LZB also
uses Elias’ [1975] variable-length coding scheme C‘f to code the second component (match
length) of a pointer. Since any length of match can be represented by this code, no limit

need be imposed on the size of a match.

345 LZH

LZB uses some simple codes to represent pointers, but the best representation of pointers
can only be determined from their probability distributions using arithmetic or Huffman
coding. LZH is a system similar to LZSS, but uses Huffman coding for pointers and
characters [Brent 1987]. It turns out to be difficult to improve compression by applying one

of these statistical coders to LZ pointers because of the overhead of transmitting the large
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previously seen, so for each input character the encoder must traverse just one arc down the

trie.

An important theoretical property of LZ78 is that when the input text is generated by a
stationary, ergodic source, compression is asymptotically optimal as the size of the input
increases. That is, LZ78 will code an indefinitely long string in the minimum size dictated
by the entropy of the source. Very few coding methods enjoy this property. A source is
ergodic if any sequence it produces becomes entirely representative of the source as its
length grows longer and longer. Since this is a fairly mild assumption, it would appear that
LZ78 is the solution to the text compression problem. However, thc‘ optimality occurs as
the size of the input tends to infinity, and most texts are considerably shorter than this! It
relies on the size of the explicit character being significantly less than the size of the phrase
code. Since the former is about 8 bits, it will still be consuming 20% of the output when
2%0 phrases have been constructed. Even if a continuous input were available we would run

out of memory long before compression became optimal.

The real issue is how fast LZ78 converges towards this limit. In practice convergence is
relatively slow, and performance is comparable to that of LZ77. The reason why LZ
techniques enjoy so much popularity in practice is not because they are asymptotically
optimal, but for a much more prosaic reason — that some variants lend themselves to

highly efficient implementation.

34.7 LZW

The transition from LZ78 to LZW parallels that from LZ77 to LZSS. The inclusion of an
explicit character in the output after each phrase is often wasteful. LZW manages to
eliminate these characters altogether, so that the output contains pointers only [Welch

1984]. This is achieved by initializing the list of phrases to include every character in the
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input alphabet. The last character of each new phrase is encoded as the first character of the
next phrase. Special care is needed in the situation that arises during decoding if a phrase
has been encoded using the phrase immediately preceding it, but this is not an

insurmountable problem.

LZW was originally proposed as a method of compressing data as it is written to disk,
using special hardware in the disk channel. Because of the high data rate in this application
it is important that compression be very fast. Transmission of pointers can be simplified,
and hastened, by using a constant size of (typically) 12 bits. After 4096 phrases have been
parsed, no more can be added to the list and coding becomes static. Despite this move for
the sake of practicality, LZW achieves reasonable compression, and is very fast for an
adaptive scheme. The first variation in [Miller and Wegman 1984] is an independent

discovery of LZW.

348 LzZC

LZC is the scheme used by the program “compress” available on UNIX systems [Thomas
et al. 1985]. It began as an implementation of LZW, and has been modified several times to
achieve better and faster compression. The result is a high-performance scheme which is

one of the most practical currently available.

An early modification was to return to pointers of increasing size, as in LZ78. The section
of the program which manipulates pointers is coded in assembly language for efficiency.
The maximum length for pointers (typically 16 bits, but less for small machines) must be
given as a parameter to prevent the dictionary overflowing memory. Rather than clearing
the memory when the dictionary is full, LZC monitors the compression ratio. As soon as it

starts deteriorating the dictionary is cleared and rebuilt from scratch.
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349 LZT

LZT [Tischer 1987] is based on LZC. The main difference is that once the dictionary is
full, space is made for new phrases by discarding the least recently used phrase (LRU
replacement). This is performed efficiently by maintaining phrases in a self-organizing list
indexed by a hash table. The list is designed so that a phrase can be replaced in a small,
bounded number of pointer operations. Because of the extra housekeeping, this algorithm
is a little slower than LZC, but the more sophisticated choice of phrases in the dictionary

means that it can achieve the same compression ratio with less memory.

LZT also codes phrase numbers slightly more efficiently than LZC by using a slightly
better method of phasing the binary encoding. (This improvement could also be applied to
several other LZ algorithms.) A little extra effort is required of the encoder and decoder, but
it is insignificant compared with the task of searching and maintaining the LRU list. The

second variation in [Miller and Wegman 1984] is an independent discovery of LZT.

34.10 LZMW

All of the algorithms derived from LZ78 have generated a new phrase for the dictionary by
appending a single character to an existing phrase. This method of deriving a new phrase is
rather arbitrary, although it certainly makes implementation simple. LZMW [Miller and
Wegman 1984] uses a different approach for generating dictionary entries. At each coding
step a new phrase is constructed by concatenating the last two phrases encoded. This
means that long phrases are built up quickly, although not all the prefixes of a phrase will
be in the dictionary. To bound the size of the dictionary and maintain adaptivity,
infrequently used phrases are discarded as for LZT. The faster phrase construction strategy
of LZMW generally achieves better compression than the strategy of increasing phrases one

character at a time, but a sophisticated data structure is required for efficient operation.
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34.11 LZ4J

LZJ introduces a new approach to LZ coding which fills an important gap in the range of
variations [Jakobsson 1985]. Basically the implied dictionary of LZJ contains every unigue
string in the previously seen text, up to some maximum length 4 (h = 6 works well). Each
dictionary phrase is assigned a fixed-length identification number in the range 0 to H-1
(H = 8192 is suitable). The character set is included in the dictionary to ensure that any
string can be encoded. When the dictionary is full, it is pruned by removing hapax

legomenae, that is, substrings which have only occurred once in the input.

The LZJ encoder and decoder are implemented using a trie data structure to store the
substrings from the already encoded part of the text. The depth of the trie is limited to
characters, and it may contain no more than H nodes. Strings are identified by a unique
number assigned to their corresponding node. The decoder must maintain an identical trie,

and converts a node number back to a substring by tracing up the trie.

34.12 LZFG

This is one of the most practical LZ variants, due to Fiala and Greene [1988; algorithm
C2]. It gives fast encoding and decoding, and good compression, without undue storage
requirements. It is similar to LZJ in that the waste of having two different pointers capable
of encoding the same phrase is eliminated by storing the encoded text in a type of trie and
transmitting positions in the trie. Of course, the decoder must maintain an identical data

structure, so the resources required for encoding and decoding are similar.

61t is actually a Patricia tric [Morrison 1968, Knuth 1973).
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LZFG achieves faster compression than LZJ by using the technique from LZ78 where
pointers can only start at the boundary of a previously parsed phrase. This means that one
phrase is inserted into the dictionary for every phrase encoded. Unlike LZ78, pointers
include an (essentially) unbounded length component to indicate how many characters of
the phrase should be copied. The encoded characters are placed in a window (in the style of
LZ77), and phrases that leave the window are deleted from the trie. Variable-length codes
are used to represent pointers efficiently. Novel phrases are coded by a character count

followed by the characters.

3.4.13 Data structures for Ziv-Lempel coding

The most ubiquitous data structure in Ziv-Lempel coding, and for modeling in general, is
the trie. The trie data structure, and its variants, are discussed by Knuth [1973]. For the
coders that have windows, a linear search is tractable, since the size of the search area is
constant (although coding may be very slow). A binary tree may be used as a compromise
between the speed of a trie and the economy of memory of a linear search [Bell 1986]. A
hashing algorithm has also been adapted for this purpose [Brent 1987]. A similar

application of hashing can be found in [Thomas et al. 1985].

The coders which use windows have the complication that substrings must be deleted from
the indexing data structure as they leave the window. Rodeh et al. [1981] describe a
method of avoiding deletion by maintaining several indexes to the window, thus allowing
search to be performed in a data structure where deletion is difficult. The particular data

structure they proposed was unnecessarily complex for a window situation, however.

The search problem is quite amenable to multiprocessor implementation, as there are
essentially N independent matchings to be evaluated. Gonzalez-Smith and Storer [1985]

describe parallel implementations of Ziv-Lempel coding.
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4. PRACTICAL CONSIDERATIONS

4.1 Bounded memory

Many of the better adaptive schemes described above build models that consume more and
more memory as coding proceeds. Several techniques exist to keep the model size within

some limit.

The simplest strategy when storage is exhausted is to stop adapting the model [Welch
1984]. Compression continues with the now static model, which has been constructed
from the initial part of the input. A slightly more sophisticated approach for statistical
coders is obtained as follows. Recall that these models have two components: the structure
and the probabilities. Memory is usually consumed only when the structure is adapted, for
adapting probabilities typically involves simply incrementing a counter. When space is
exhausted adaptation need not be abandoned altogether -— the probabilities can continue to
change in the hope that the structure is suitable for coding the remainder of the input. There
is still the possibility that a counter will eventually overflow, but this can be avoided by
detecting the situation and halving all counts before overflow occurs [Knuth 1985, Moffat
1988b, Witten, Neal and Cleary 1987]. A serendipitous side effect of this strategy is that

symbols seen in the past will receive less and less weight as coding proceeds.

Turning off (or limiting) adaptation can lead to deteriorating compression if the initial part
of a text is not representative of the whole. An approach which attacks this problem is to
clear the memory and begin a new model every time it becomes full [Ziv and Lempel
1978]. Poor compression will occur immediately after a new model is started, but this is
generally offset by the better model obtained later on. The effect of starting the model from
scratch can be reduced by maintaining a buffer of recent input and using it to construct a
new initial model [Cormack and Horspool 1987]. Also, the new model need not be started

as soon as space is exhausted. Instead, when no more storage is available and adaptation is
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necessarily switched off, the amount of compression being achieved could be monitored
[Thomas er al. 1985]. A declining compression ratio signals that the current model is

inappropriate, so memory is cleared and a new model begun.

All of these approaches are very general, but suffer from regular “hiccups” and the fact that
storage is not fully utilized while a model is being built. A more continuous approach is to
use a “window” on the text, as for the LZ77 family [Ziv and Lempel 1977]. This involves
maintaining a buffer of the last few thousand characters encoded. When a character enters
the window (after being encoded) it is used to update the model, and as it leaves its effect is
removed from the model. The catch is that the representation of the model must allow it to
be contracted as well as expanded. No efficient method has been proposed yet to achieve
this for DMC, but it can be applied to other schemes. A slow, but general, way to achieve
the effect is to use the entire window to rebuild the model from scratch every time the
window changes (which happens for each character encoded!). Clearly each model will be
very similar to the previous, and the same result might be obtained with considerably less
effort by making small changes to the model. Alternatively, the window effect might be
approximated by pruning infrequently used parts of the structure [Jakobsson 1985, Tischer

1987].

4.2 Counting

While statistical models are being constructed it is necessary to estimate probabilities. This
is usually based on counting occurrences in a sample, the relative frequency of the symbol
being used as an estimate of its probability. Storing the counts consumes a significant

amount of the memory used by a model, but several techniques are available to reduce this.

If a maximum of n observations will be made then the counts require log,n bits of storage.

However, it is possible to use smaller registers to store counts by halving them all when
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one threatens to overflow the register. Retaining frequencies to low precision does little
harm because small errors in predicted frequencies have almost no effect on the average
code length. In fact, scaling the counts often improves compression because it gives older
counts less weighting than recent ones, and recent statistics are often a better guide to the
next character than those accumulated from long ago. Counts as small as five bits have
been reported as optimal [Darragh et al. 1983], while other studies have used 8-bit counts

[Moffat 1988b].

For a binary alphabet only two counts need be stored. Langdon and Rissanen [1983] use
an approximate technique called a skew count which records the required information in
just one number. The count of the less probable character is assumed to be one; that of the
most probable character is incremented each time that character is observed, and halved
when the other one is observed. The sign of the count is used to identify which character is

currently the most probable.

Morris [1978] proposes a technique where counts of up to n are stored in log log n bit
registers. The principle is to store the logarithm of the count, and increment the count with
probability 27, where c is the current value of the register. This probabilistic approach
ensures that the count will be incremented as often as is appropriate — on average. See

Flajolet [1985] for an analysis of the technique.

5. COMPARISON

Comparing two compression schemes is not as simple as finding which yields better
compression. Even leaving aside the conditions under which compression is measured —
the kind of text, the questions of adaptivity and versatility in dealing with different genres
— there are many other factors to consider, such as how much memory and time is needed

to perform the compression. The task of evaluation is compounded because these factors
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must be considered for both encoding and decoding, and they may depend on the type of
text being compressed. Here we consider some of the main compression methods and

compare their performance using a common set of test files.

5.1 Compression performance

Table 3 summarizes the compression methods that we will compare. DIGM is a simple
digram coder based on [Snyderman and Hunt 1970], of interest mainly for its speed. LZB
generally gives the best compression of the LZ77 family of Ziv-Lempel coders; LZFG is
the best of the LZ78 family. HUFF is an adaptive Huffman coder using an order-0 model.
The rest of the methods adaptively form probabilistic models that are used in conjunction
with arithmetic coding. DAFC uses a model which switches between order O and order 1.
PPMC [Moffat 1988b] is based on a method proposed by Cleary and Witten [1984b] and
uses larger contexts; it is one of the best finite-context modeling methods. WORD is a
finite-context model in which the symbols are words. DMC builds finite-state models
[Cormack and Horspool 1987], and MTF is a recency method which uses a move-to-front
strategy [Moffat 1987]; it is a refinement of the method proposed by Bentley et al. [1986].
Most of the methods have parameters that must be specified. These usually affect
compression as well as the speed and storage requirements of the scheme; we have chosen
values which give good compression performance without unnecessarily large demands on

computing resources.

Figure 7 describes the sample texts on which the schemes were evaluated. They include
books, papers, a black and white picture, and various other types of file that are common
on computer systems. Table 4 summarizes the compression achieved on these samples,

expressed in bit/char. The best compression for each file is shown in bold type.
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The experiments show that the more sophisticated statistical models obtain the best
compression, although LZFG gives comparable performance. The worst performance is

exhibited by the simplest schemes — digram and Huffman coding.

5.2 Speed and storage requirements

In general, better compression is achieved at the expense of computing time and primary
storage. Moffat [1988b] describes an implementation of one of the best compressors
(PPMC) which operates at about 2000 characters per second (char/sec) on a 1 MIP machine
(a VAX 11/780). DMC is a little slower because it operates in a bitwise manner. In
comparison, for LZFG on a similar machine, speeds have been ;"eported of around 6,000
char/sec for encoding, and 11,000 char/sec for decoding [Fiala and Greene 1988]. LZB has
particularly slow encoding (typically 600 char/sec), but very fast decoding (16,000
char/sec); decoding speeds of up to 40 million char/sec have been achieved using a RISC

architecture [Jaggar 1988].

Most of the models are able to give better compression when more memory is available.
They may also operate faster, since improved data structures can be employed. The PPMC
implementation reported by Moffat operates with a bounded working memory of 500
Kbytes. The DMC scheme can also operate in this amount of memory, although the
compression results reported are for unbounded operation, using at times several Mbytes.
The LZFG system uses a few hundred Kbytes; LZB uses a comparable amount for

encoding, but decoding typically requires only 8 Kbytes.

The DIGM and HUFF schemes require very little memory or computing time compared

with other methods.
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6. FUTURE RESEARCH

There are three directions in which text compression research will progress: more effective

compression, faster algorithms, and embedding compression within novel system contexts.

Currently the best schemes achieve 2.3 to 2.5 bits per character on English text;
performance can sometimes be improved a little by using large amounts of storage, but no
figures under 2 bit/char have ever been reported. Ordinary people are estimated to achieve
1.3 bit/char when predicting English text [Cover and King 1978]. Although this is usually
assumed to be a lower bound, there is no theoretical reason to believe that well-trained
people, or computer systems, cannot do significantly better. At any rate, there is evidently

much room for improvement in compression algorithms.

One direction for research is to specialize compression schemes for natural language.
Present systems work entirely at the lexical level. The use of large dictionaries with
syntactic and semantic information may allow machines to take advantage of the higher-
level coherence that text exhibits. On a cautionary note, however, one should be aware that
an extraordinary number of words in ordinary English text are not to be found in an
ordinary English dictionary. For example, Walker and Amsler [1986] checked an 8 million
word sample from the New York Times News Service against Webster’s Seventh New
Collegiate Dictionary [Merriam 1963] and found that almost two thirds (64%) of the words
in the text were not in the dictionary (they estimated that about one quarter of these were
inflected forms, one quarter were proper nouns, one sixth were hyphenated words, one
twelfth were misspellings, leaving one quarter in a miscellaneous category which includes
neologisms coined since the dictionary was published). Most dictionaries do not include
the names of people, places, institutions, trade-names, and so on, yet these form an
essential part of almost any document. Consequently, specializing compression algorithms

to take into account higher-level linguistic information will undoubtedly make systems
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domain-dependent. It seems likely that those seeking to improve compression performance
in this way will join forces with researchers in content analysis working on such problems

as keyword extraction and automatic abstracting.

A second approach to improving compression, diametrically opposed to the “knowledge-
based” direction sketched above, is to keep the system fully adaptive and investigate
improvements in the algorithms involved. There must be better ways of building the
contexts and dictionaries. For example, no suitable method has yet been found to
adaptively build state models; the DMC method has been shown to be a form of finite-
context modeling [Bell and Moffat in press]. The exact details of how these data structures
grow is likely to affect compression significantly, yet aside from Williams’ [1988] study,
this has never been investigated systematically. Methods of allocating escape codes in
partial-match context modeling is another worthwhile area for research. Finally, re-
formulations of state-determined systems such as “hidden Markov models” [Rabiner and
Juang 1986] may bring new life to state models in text compression. For example, the
Baum-Welch algorithm for determining hidden Markov models [Baum ez al. 1970] has
recently been rediscovered in the field of speech recognition [Levinson et al. 1983], and
may well be applicable to text compression, as may global optimization techniques such as
simulated annealing [El Gamal et al. 1987]. The drawback to these methods is that they are
very time-consuming and can presently accommodate only rather small models with tens or

hundreds, not thousands or tens of thousands, of states.

The quest for higher-speed algorithms has been a very strong influence in the development
of text compression, and will undoubtedly continue in the future. The constantly evolving
tradeoff between the cost of memory and processing will stimulate further work on
sophisticated data structures that consume more memory but expedite access to stored
information. The use of RISC architectures [eg Jaggar 1988] will affect the balance

between storage and processing in different ways. Hardware implementations will
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burgeon. For example, researchers have experimented with arithmetic coding on a chip,
while Gonzalez-Smith and Storer [1985] have designed parallel search algorithms for Ziv-
Lempel coding. In general, the increasing variety of hardware implementation platforms
will stimulate and diversify research on algorithm development to take advantage of

particular configurations.

The final area for the future is the design and implementation of novel systems that
incorporate text compression. To give an idea of the variety of current application areas,
systems incorporating compression include the MacWrite word processor [Young 1985],
digital facsimile [Hunter and Robinson 1980], network mail and news (eg Unix
“netnews”), and file archiving (eg the ARC and PKARC programs for the IBM PC, which
are also much used for distributing software from electronic bulletin boards). Most of
these systems use fairly simple compression methods to increase speed and reduce cost.

They all represent potential application areas for more sophisticated modeling methods.

People have often speculated about incorporating adaptive compression algorithms into
disk controllers to decrease disk usage. This raises interesting system problems, partly in
smoothing over the rather bursty output of most compression algorithms, but more
significantly in reconciling the need for random access to disk blocks with the requirement
to adapt to the character of different genres of data. Compression has significant
advantages for terminal traffic; some high-speed modems (eg Racal-Vadic’s Scotsman) and
terminal emulators [eg Auslander ez al. 1985] already incorporate adaptive algorithms.
Looking to the longer term, all-digital telephone networks will radically alter the character
of terminal traffic and local area networks in general; the effect on compression
requirements is hard to assess but these developments will certainly place a premium on

higher-speed implementations.
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A further application area is in data security and encryption [Witten and Cleary 1988]. Text
compression provides some degree of privacy for messages being stored or transmitted.
First, by recoding messages it protects them from the casual observer. Second, by
removing redundancy it denies a cryptanalyst the leverage of the normal statistical
regularities in natural language. Third and most important, the model acts as a very large
key, without which decryption is impossible. The use of adaptive modeling means that the
key depends on the entire text which has been transmitted so far since the time the

encoder/decoder system was initialized.

Text compression is as fertile an area for research now as it was 40 years ago when
computing resources were scarce. Its applicability continues to change as improving
technology constantly alters the premium that is placed on computer time, data transmission

speed, and primary and secondary storage.
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Table 1
character ~ coding
a a
2 (total = £; 0.58 bits)
b <esc> b
1 2 _1. :
T T (total = ; 2.6 bits)
c <esc> ¢
L 1 (total = ; 3.6 bits)
3 q 12’
d <esc>  <esc>  <esc> <esc> d

b)l»—-

1 1 1

FNTSN

~ 1. :
(total = 1; 3.6 bits)
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Table 2
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LZ77  Ziv and Lempcl
[1977}

LZR  Rodehet. al.
[1981]

LZSS Bell[1986]

17B Bell [1987)
LZH  Brent [1987)]

LZ78  Ziv and Lempel
[1978]

LZW  Welch [1984]

LZC  Thomas et. al.
[1985]

LZT  Tischer [1987]

LZMW Miller and
Wegman [1984]

LZJ Jakobsson [1985]

LZFG Fiala and Greene
[1988]

Pointers and characters alternate
Pointers indicate a substring in the previous N characters

Pointers and characters alternate
Pointers indicate a substring anywhere in the previous characters

Pointers and characters are distinguished by a flag bit
Pointers indicate a substring in the previous N characters

Same as LZSS, except a different coding is used for pointers

Same as LZSS, except Huffman coding is used for
pointers on a second pass

Pointers and characters alternate
Pointers indicate a previously parsed substring

The output contains pointers only
Pointers indicate a previously parsed substring
Poinlcrs are of fixed size

The output contains pointers only
Pointers indicate a previously parsed substring

Same as LZC but with phrases in a LRU list

Same as LZT but phrases are built by
concatenating the previous two phrases

The output contains pointers only
Pointers indicate a substring anywhere in the previous characters

Pointers select a node in a trie
Strings in the trie are from a sliding window
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Table 3
scheme reference paramcters used for experiments
DIGM  [Snyderman and Hunt 1970] - no parameters
LZB [Bell 1987] N=8192 characters in window
p=4 determines minimum length of match
LZFG  [Fiala and Greenc 1988} M = 4096 maximum phrases in dictionary
HUFF  [Gallager 1978] - no parameters
DAFC [Langdon and Rissanen 1983] contexts = 32 number of order-one contexts
threshold = 50 occurrences before character becomes a context
PPMC [Moffat 1988b] m=3 maximum size of context
unbounded memory
WORD [Moffat 1987] - no parameters
DMC  [Cormack and Horspool 1987] ¢t =1 prerequisite transitions on current path for cloning
T=8 prerequisite transitions on other paths for cloning
MTF [Moffat 1987] size =2500  number of words in list
Table 4
text size DIGM LZB LZFG HUFF DAFC PPMC WORD DMC MTF
bib 111261 6.42 3.17 290 524 3.84 2.11 219 228 3.12
bookl 768771 5.52 386 3.62 456 368 2.48 270 2.51 2.97
book2 610856 5.61 3.28 3.05 4.83 392 226 251 2.25 266
£eo 102400 7.84 576 5770 570 4.64 478 506 477 5.80
news 377109 6.03 355 3.44 523 435 2.65 3.08 2.89 3.29
obj1 21504 792 426 4.03 6.06 516 3.76 450 4.56 5.30
obj2 246814  6.41 3.08 296 630 577 2.69 434 3.06 4.40
paperl 53161 5.80 322 3.03 504 420 2.48 258 290 3.12
paper2 82199  5.50 343 316 4.65 3.85 245 2.39 268 2.86
pic 513224  8.00 1.01 0.87 1.66 090 1.09 0.89 094 1.09
progc 39611  6.25 308 2.89 526 443 2.49 271 298 3.17
progl 71646  6.30 211 197 481 3.61 1.90 1.90 2.17 2.31
progp 49379  6.10 208 190 492 385 1.84 192 222 234
trans 93695 6.78 2,12 1.76 558 4.11 177 191 211 287
average 224402 6.46 314 295 499 4.02 2.48 2776 274 3.24




p(b) =05
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1) message := string “” {1}

2) string = substring string  {0.6}
3) string ::= empty-string {0.4}
4) substring ;= "a" {0.5}

5) substring = “(" string " {0.5}

string ( ( a ) ( a
parse J |7
5: 05
/
2: 06
/
2: 0.6
|
5. 05
1: 1.0

probabilities 0.5 0.5 0.5 0.5

combined probability = 0.0045
(7.80 bits)

Figure 5




Input:
Phrase number:
Output:

a aa b ba baa baaa bab
1 2 3 4 5 6 7
(0,a) (1,8 (Ob) (3,2) (4,a) (5a) (4,b)

Figure 6
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