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SYNOPSIS

There are two main families in data compression technigues, loss less and lossy.
Lossy compression allows a certain amount of loss of information in exchange for a
greater compression ratio. These prove very good for compression of sound or image data
where the loss of precision is not humanly noticeable. These algorithms also usually

aliow for adjustments for quality versus compression ratio.

Lossless compression on the other hand is focused om e CNECL reCOVETY ol
the original data from the compressed data. These algorithmg arc used pretty much
everywhere from backup software to network pack compression to militery burst

transmission.

Neural networks have the potential to extend data compression algorithms for text
compression beyond the character level n-gram models now in use, but have usually been
avoided because they are too slow 10 be practical. This method uses Limpel-Ziv
compression algorithms (zip, gzip, compress) of Partial Prediction Method (PPM) or
Burrows-Wheeler algorithms, currently the best known. The method which applies
Limpel-Ziv algorithm gives a poor compression ratio but it is fast. The main reason for
PPM methods not to achieve maximum compression is the prediction error in the
modeling of probability distribution. Burrows-Wheeler ajlgorithms produce superios

compression but are significantly slower.

We introduce 2 model that produces better compression than popular methods which
apply Limpel-Ziv compression algorithms and is competitive in time, space, PPM and
Burrows-Wheeler algorithms, currently the best known. The compressos which uses &
bit-level prediciive arithmetic encoder using a 2 layer network, is fast ‘about 107
characters/second) because only 6 connections are simulianeousiy active and also it uses

a variable learning rate optimized for one-pass trainiig,

A system has been designed and implemented in ¢F and iested,
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1. INTRODUCTION

There are two main families in data compression lechniques, lossless and lossy.
Lossy compression allows a certain amount of loss of information accuracy in exchange
for a greater compression ratio. These prove very good for compression of sound or
image data where the loss of precision 18 not humanly noticeabie. Thesc algorithms also

usually allow for adjustments for quality versus compression ratio.

Lossless compression on the other hand is focused on the cxact 1ecovery ob
the original data from the compressed data, These algorithms are used pretty much
everywhere from backup software 10 network pack compression to military burst

transmission.

One of the motivations for using neural networks for data compression s .
standard compression algorithms, such as Limpel-Ziv or Prediction by Partial Match
(PPM) (Bell, Witten, and Cleary, 1989) or Burrows-Wheeler (Burrows and Wheeler.
1994) are based on simple n-gram models. These algorithms exploit the non-uniform
distribution of text sequences found in most data. For example, the character irigram
“the” is more common than “gzv” in English text, so the former would be assigned a
shorter code. However, there are other types of learnable redundancies that cannot be
modeled using n-gram frequencies. For example, Rosenfeld (1996) contbined word
trigrams with semantic associations, such as "fire. heat", where certain pairs of words are
likely to occur near each other but the intervening texi may vary, to achieve an
unsurpassed word perplexity of 68, or about 1.23 bits per character (boc), on the 38
million word Wall Street Journal corpus. Connectionist neural models (Feldman and
Ballard, 1982) are well suited for modeling language constraints such as these, c.g. by

using neurons to represent letters and words, and connections to mode! associations.

This system follows the approach of Schmidhuber and Heil (1996) of using neural
network prediction followed by arithmetic encoding, a model that they derived from PPM
developed by Bell, Witten, and Cleary. In a predictive encoder, a predictor, observing a

stream of input characters, assigns a probability distribution for the next character. An



arithmetic encoder, starting with the real interval { 0. 11, repeatedly subdivides this range
for each character in proportion 10 the predicied distribution, with the largest subintervals
for the most likely characters. Then after the character is observed, the corresponding
subinterval becomes the new (smaller) range. The encoder output is the shortest number
that can be expressed as a binary fraction within the resulting final range. Since
arithmetic encoding 18 optimal within one bit of the Shannon limit of logy 1/P(x) bits
(where P(x) is the probability of the entire input string %), compression ratio depends

almost entirely on the predictor.

The rest of this thesis exposition 18 organized as follows: we begin by providing some
minimal background information on text compression methods, revealing their strengths
and weaknesses. Sections 1 describes the motivation behind this project, point out ihe
goal that text compressors strive to accomplish, and interpret il as a patlern recogmtion
problem. They provide the intuition of why and how we could get closer 10 our goal, and
lead into some problems facing the exisung methods. These problems arc Ciscussed in
more detail in Section 2. Section 3 describes the proposed line of attak. Seceiion

begins by combining the notion of re-representation with neural networks, and outlining 4
proposed avenue of getting text compression improvement. Section 3 discusses the st
results. we finally conclude with a summary and suggestions for future work and furiher

improvements 1 Section 6.

1.1 The Current Status Of the Problem Taken Uyp

The problem with the traditional statistical methods is that the minimum length of the
pattern p is severely limited by implementation restrictions need to keep track of counts
of all contexts, and so the probability estimate is not the most accurate one. The statistics
may also be very dynamic and even adaptive methods may not be able to capture them
efficiently. This suggests that alternative pattern recognition methods (such as neural
networks) may be able 10 do a better job in modeling the probabilities by employing
some form of “intelligent” learning. These alternative approaches have thelr own 1ypes of
obstacles, however, which we need to overcome, in turn, in order to get any successiul

results. The main problem of interest that arises in present rechniques, and is relevant t©
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neural network applications is the problem of over-fitting, or using 00 much of freedom
in the underlying model. The unnecessarily large model size eventually leads 10
memorizing all of the details in the sample data, while being unable to extracl common

patterns and generalize well outside of the sample set.

1.2 Relevance and Importance of the topic

Data compression 1s an important field of Computer Science mainly because of the
reduced data communication and storage costs it achieves. Given the continued increase
in the amount of data that needs to be transferred and/or archived now a days, the
importance of data compression is unlikely to diminish in the foresecable future. On the
contrary, the great variety of data that allows for compression leads 10 the discovery of
many new techniques specifically tailored to one type of data or another. The goal of this
project is to concentrate on text compression, in particular. by pursuing an innovative and
promising avenue for improving the compressibility of text. The main idea is that the
standard ASCII representation is ot necessarily the optimal way 10 order characters, and
changing the representation of the alphabet may prove peneficial to various text

processing tasks, including compression.

Current methods do not consider geometric information for prediction purposes. For
instance, both letters p and s tend to predict the letter A (there are many words containing
the sequences ph and sh). The letter g, however, tends to precede the letter u rather
than k, and vet in the English alphabet (and in the ASCII code tables) p 1s closer 1o ¢ than
it is 0 5. Intuitively, any given character is endowed with the number of “features” that
affect what might be coming next. Examples of feawres include whether the character is
alphabetic, small or capital, and whether it is a consonant. This leads us 10 build a
(multidimensional) re-representation of the ASCII characters. One property that is
intuitively desirable of such a re-representation is that characters that tend to precede the
same characters are close under the new representation. That property would ensure that
small changes in the contexts lead to small changes in ihe probability distributions. and
we can restrict ourselves to considering only the class of such smooth transitions. Since

neural networks are known to be good at learning and get eralization of smooth data, they
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may be able to make predictions with higher confidence than the traditional methods. The
algorithm that wc Propose, named Text file compression, s briefly summarized as
follows: we first build the above-mentioned alphabet re-representation and use it n
conjunction with a particular neural network model. At cach step. the input context is re-
represented and passed to the neural network which outputs the probability distribution of
the next character given the particular context. The next character is then arithrnetic-

coded using the predicted probability distribution.



2.EXISTING MODELS
This section discusses the existing algorithms used for compressing text files and
the advantages and disadvantages of each. It also discusses the requirements of a

good compression algorithm.

There exist many data compression algorithms. Limpel-Ziv(L.Z), PPM and a

Block Sorted Lossless Algorithm.( M.Burrows and D.J. Wheeler)

2.1 Limpel Ziv

Limpel Ziv techniques exploit text redundancy caused by grammatical structure
of English (or other language) text. Generally, they *pass/parse the input string into a
sequence of sub strings, or dictionary words, and encode the text by replacing the
passed token with its dictionary index or with a pointer to its last occurrence in the
text. There are numerous variants that differ in the passing strategy, the token coding
and the dictionary update beuristics (for adaptive additions and deletions). The main
characteristics of all of them, and their biggest advantage is the fact that they are
extremely fast and are therefore very suitable for practical purposes. Although they
yield inferior over all compression compared to other algorithms. LZ-type elgorithms
are very popular because of their speed, and they are usually preferred choice for

every day use.

2.2 Prediction By Partial Method

The PPM methods are the more successful methods in terms of compression
efficiency. They generally gather (perhaps dynamicaily) some statisticai v ormation
about the probability distribution source (the file to be exceuted), This inlormation s
then used 1o estimate the probability distribution ot the next character given whal the
previous n characters were, and finally the probabiiity estimate is used in conjuncdon
with an entropy coder to encode the next character. The probebility of each character

is approximated by the fraction of times this character occurred after the particuiar



context of length n. The PPM methods are also called context methods and charvacter
prediction method because; they basically predict the nrobubiity distribution of the

next character in the given context.

The main reason for PPM methods not to achieve Maximum Compression is the
prediction error in the modeling of the probability distribution. PPM methods are

much slower than LZ algorithms.

2.3 A Block-Sorting Lossesless Data Compression Algorithm
(M.Burrows and D.J. Wheeler)

The most widely used data compression algorithms are based on sequential data
compressors of the Limpel-Ziv. Statistical modeling techniques may produce

superior compression, but are significantly slower.

This algorithm does not process its input sequentially, but instead processes a block
of text as a single unit. The idea is 1o apply a reversible {ransformation 1o a block of
text a single unit to form a new block that contain the same characters, but easter 1o
compress by simple compression algorithms. The transformation tends o group
characters together. The probability of finding a character close 0 another instance

of the same character is increased substantially.

This algorithm transforms a string s’ of N characiers by forming tre rotation
(cyclic shifts) of °s’, sorting them lexicographically, and extracting the last character
of each of rotations. A string ‘I" 1s formed from these characters, where the ‘i
character of ‘I’ is the last character of “i’th sorted rotation. In additior: to 7, the
algorithm computes the index of the original string °s™ in the sorted list of rotations.

This is an efficient algorithm to compute the original string *s’, given only and i



The sorting operation brings together rotations with the same initial character. Since
the initial character of rotations are adjacent to the final characters, conseculive
characters in ‘1’ are adjacent to similar strings in ’s’. If the context of a character 1s a
good predictor for the character s’ will be easy to compress with a simple locally

adaptive compression algorithm.

2.4 Conditions For Data Compression

When transferring information, the choice of the data representation determines how
fast the transfer is preformed. A judicious choice can improve the throughput of a

transmission channel without changing the channel itself.

Various data compression techniques attempt t0 minimize the average codeword
length by devising an optimal code that depends on the probability P with which a
symbol is being used. If a symbol is issued infrequently it can be assigned a long
codeword. For frequently issued symbols, very short encoding are more uselul in

compression.
Restriction imposed on the prospective codes.

1. Each code word corresponds to exactly one symbol:

2. Decoding should not require any look ahead. After reading cach symbol 1t should
be possible to determine whether the end of a siring encoding a symbel of the
original message has been reached. A code matching this requirement is called a
code with the prefix property, and it means that no codeword is a prefix of

another codeword therefore; no special punctuation i3 required to separaie 1wWo

code words in a coded message.

(%)

The length of the codeword for a given symbol mj shouid not exceed the length
of the codeword of a less probable symbol; that is 1f p (mj) < p (mj),

then 1(mi) >= [(mj) for 1<i,j=sn..



4. In an optimal encoding system, there shouid not be any unused short codeword
cither as stand-alone encoding or as prefixes for longer codeword, since this
would mean that longer code words were created unnecessarily

5. Compressions ratio is defined as the ratio of the size or rate of the original data to

the size or rate of the compressed data.
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3.PROPOSED LINE OF ATTACK

The objective of the project is to Improve the compression ratio by using ncural
network along with arithmetic coding. Text file compression has two parts first oae is the
predictor and the second one is the arithmetic encoder. Arithmetic enceder peeks al the
next character and assigns a code based on the probability assigned to it by the predictor.
The idea is to assign the shorter codes for the most likely characicrs. so that the outpul

wili be shorter on average

Conpression Pla; = .04
o —— Pib) = .003+-—-=--———-—+
the cat in th_ --> | Predictor [-->... -->| Encoder |--> ¥
T + Ple! = .3 do——m=m——-—— 2 !
Decompression B{a) = .04 v
R e LT + 2(b) = .003 H4--——--——- +
the cat in th  -->| Predicter | --> ... -->» | Dacoder | --> &
B o m e + Dle} = .3 PR

During decompression, the predictor makes an identical series of probability estimates for
each character. The decoder does the opposite of the encoder, It matches the code 10 what
the encoder would have assigned to each character in order to recover the original

character.
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4. DETAILS OF THE PROPOSED METHODOLOGY

This section discusses in detail the concepts of neural network. Arithmetic
coding ,Hash function and Bit operators

4.1 Concepts Of Neural Networks

4.1.1 Real Neurons

Dondrites L
. F
AR
/4-‘ ;;
] /
Nucieus — _ﬁ\\ e
. F—'\mm
Soma Hiliock N
S = |
\\ EGuions

-,

Figure 1. A Biological Neuron

A neuron operates by receiving signals from other neurons through connections, catled
synapses. 1he combination of these signals, In excess of a certain threshold or
activation level, will result in the neuron firing, that is sending a signal on 10 other
neurons connected to it. Some signals act as excitations and others as inhibitions © &
neuron firing. What we call thinking is believed to be the collective cifect of the
presence or absence of firings in the pattern of synaptic connections befwecn

neurons.

This sounds very simplistic until we recognize that there are approximately one hundred
billion (100,000,000,000) neurons each connected to as many as onc thousand {1,000}
. others in the human brain. The massive number of neurons and the complexity of their

interconnections result in a "thinking machine”, your brain.
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Each neuron has a body, called the soma. The soma is much like the body of any other
cell. Tt contains the cell nucleus, various bio-chemical factories and other components

that support ongoing activity.

Surrounding the soma are dendrites. The dendrites are receptors for signals generated by
other neurons. These signals may be excitatory or inhibitory. All signals present at the
dendrites of a neuron are combined and the result will determine whether or not that
neuron will fire. If a neuron fires, an clectrical impulse is generated. This impulse starts at
the base, called the hillock, of a long cellular extension, called the axon, and nroceeds

down the axon to its ends.

The end of the axon is actually split into multiple ends, called the boutons. The boutons
are connected to the dendrites of other neurons and the resulting interconnections are the
previously discussed synapses. (Actually, the boutons do not touch the dendrites; there 1s
a small gap between them.) If a neuron has fired, the electrical impulse that has been
generated stimulates the boutons and results in electrochemical activity, which transmits

the signal across the synapses to the receiving dendrites.

At rest, the neuron maintains an electrical potential of about 40-60 millivolts. When a
neuron fires, an electrical impulse is created which is the resull of a change in potential 1o
about 90-100 millivolts. This impulse travels between 0.5 10 100 meters per second and
lasts for about 1 millisecond. Once a neuron fires, it must rest for several milliseconds
before it can fire again. In some circumstances, the repetition rate may be as Zast as 100

times per second, equivalent to 10 milliseconds per firing.

Compare this to a very fast electronic computer whose signals travel at about
200,000,000 meters per second (speed of light in a wire is 2/3 of that in free air), whose
impulses last for 10 nanoseconds and may repeat such an impulse immediately in each
succeeding 10 nanoseconds continuously. Electronic computers have at least a 2,000,000

times advantage in signal transmission speed and 1,000,000 fimes advantage in signal

repetition rate.
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It is clear that if signal speed or rate were the sole criteria for processing performance,
electronic computers would win hands down. What the human brain lacks in these. it
makes up in numbers of elements and interconnection complexity between those
elements. This difference in structure manifests itself in at icasi one tmportant way. the
human brain is not as quick as an electronic computer at arithmetic. but it is many times

faster and hugely more capable at recognition of patterns and pereeption of relationships.

The human brain differs in another, extremely important, respect bevond speed: it 1s
capable of "self-programming"” or adaptation in response o changing external simuli. To
other words, it can learn. The brain has developed ways for neurons to change their
response to new stimulus patterns so that similar events may affect future responses. In
particular, the sensitivity to new patterns seems more extensive in proportion o their

importance to survival or if they are reinforced by repetition.
4.1.2 Neural Network Structure

Neural networks are models of biological neural structures. The starting point for most
neural networks is a model neuron, as in Figure 2. This neuron consists of multiple inputs
and a single output. Each input is modified by a weight, which multiplies with the input
value. The neuron will combine these weighted inputs and, with reference to a threshold
value and activation function, use these to determine its output. This behavior follows

closely our understanding of how real neurons work.

T

Sigmauid

Figure 2. A Model Neuron



While there is a fair understanding of how an individua) neuron works, there is still a
great deal of research and mostly conjecture regarding the way neurons organize
themselves and the mechanisms used by arrays of neurons to adapt their behavior to
external stimuli. There are a large number of experimental neural network siructures

currently in use reflecting this state of continuing research.

In our case, we will only describe the siructure, mathematics and behavior ol that
structure known as the back propagation network, This is the most prevalent apd
generalized neural network currently in use. To build a back propagation network.
proceed in the following fashion. First. take a number of neurons and array them o form
a layer. A layer has all its inputs connected to either a preceding layer or the inputs from
the external world, but not both within the same fayer. A fayer has all 1ts outputs

connected to either a succeeding layer or the outputs 10 the external world, but not both

within the same layer.

Next, multiple layers are then arrayed one succeeding the other so that there is an input
layer, multiple intermediate layers and finally an output layer, as in Figure 3.
Intermediate layers, that are those that have no inputs or outputs 1o the external world, are
called hidden layers. Back propagation neural networks are usually fully connected.
This means that each neuron is connected to every output from the preceding layer or one
input from the external world if the neuron is in the first layer and, correspondingly. each

neuron has its output connected to every neuron in the succeeding layer.

in 1
in 2
ot
in3
i 4
input hidden output
laver P =1g lelyer

Figure 3. Back propagation Netwotk



The input layer is considered a distributor of the signals from the external world. Hidden
layers are considered to be categorizers or feature detectors of such signals. The output
layer is considered a collector of the features detected and producer of the response.
While this view of the neural network may be helpful in conceptualizing the functions of
the layers, you should not take this model too literally as the functions described may not

be so specific or localized.

With this picture of how a neural nerwork is constructed, we can 0w proceed to describe

the operation of the network in a meaningful fashion.
4.1.3 Neural Network Operation

The output of each neuron is a function of its inputs. In particular, the output of the jth

neuron in any layer is described by two sets of equations:

[U; -2 X;-Wy)]

and

[Y,-Fo (Uj. i)

For every neuron, j, in a layer, each of the i inputs, X, to that layer is multiplied by a
previously established weight, w,. These are all summed together, resulting in the
internal value of this operation, U;. This value is then biased by a previously established
threshold value, #, and sent through an activation function, 7y, This activation function 1s
usually the sigmoid function, which has an input to output mapping as shown in Figure
below. The resulting output, ¥, is an input to the next layer or it is a respense ol the

neural network if it is the last layer.
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Figure 4. Sigmoid Function

In essence, Equation 1 implements the combination operation of the neuron and quation

2 implements the firing of the neuron.

From these equations, a predetermined set of weights, a predetermined set of threshold
values and a description of the network structure (that is the number of layers and the
number of neurons in each layer), it is possible to compute the response of the neural

network to any set of inputs.
4.1.4 Neural Network Learning

Learning in a neural network 1s called training. Like training in athletics, training in a
neural network requires a coach, someone that describes to the neural netwerk what it
should have produced as a response. From the difference between the desired response
and the actual response, the error Is determined and a portion of it is sropagated
backward through the network. At each neuron in the network the error is used to adjust
the weights and threshold values of the neuron, so that the next time, the error in the

network response will be less for the same inputs.



Figute 5. Neuron Weight Adjustment

This corrective procedure is called back propagation (hence the name of the neural
network) and it is applied continuously and repetitively for each set of inputs and
corresponding set of outputs produced in response to the inputs. This procedure continues
so long as the individual or total errors in the responses exceed a specified level or until
there are no measurable errors. At this point, the neural network has learned the training
material and you can stop the training process and use the neural network o produce

responses to new input data.

Back propagation starts at the output layer with the following equations:
Wi+ LR € X,

and

=Y, (1-Y). (d-Y))

For the ith input of the jth neuron in the output layer, the weight w18 adjusted by adding
to the previous weight value, w'y, a term determined by the product of a learning rate,
LR, an error term, €, and the value of the ith input, X;. The error term, &, for the jth the
product of the actual output, Yj, its complement, 1 - Y7, and the difference between the

desired output, dj, and the actual output determines neuron.
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Once the error terms arc computed and weights are adjusted for the output layer, the
values are recorded and the next layer back 18 adjusted. The same weight adjustment
process, determined by Equation 3, is followed, but the error term is generated by a

slightly modified version of Equation 4. This modification is:
ei=Yi' (1 '_Yj) 2 ek-w,ik)

In this version, the difference between the desired output and the actual output 1 replaced
by the sum of the error terms for each neuron, &, in the layer immediately succeeding the
layer being processed (remember, wWe are going backwards through the layers 0 these

terms have already been computed) times the respective pre-adjustment weights.

The learning rate, LR, applies a greater Of lesser portion of the respective adjustment 10
the old weight. If the factor ‘s set to a large value, then the neural network may learn
more quickly, but if there is a large variability in the input set then the network may not
learn very well or at all. In real terms, setting the learning rate to a large value is
analogous to giving a child a spanking, but that is inappropriate and counter-productive to
Jearning if the offense is so simple as forgetting 10 tie their shoelaces. Usualiy, 1t 1s better

to set the factor to a small value and edge it upward if the learning rate seems slow.

In many cases, it is useful to use a revised weight adjustment process. This is described

by the equation:
W, = W, (1- M) .LRe;. X+ M. (W, - W7

This is similar to equation 3, with a momenfum factor, M, the previous weight, w', and
the next to previous weight, W'’ included in the last term. This extra term allows for
momentum in weight adjustment. Momentum basicaily atlows a change to the weights to
persist for a number of adjustment cycles. The magnitude of the persistence 1is controlled
by the momentum factor. If the momentum factor is set to 0, then the equation reduces 1o

that of Equation 3. If the momentum factor is increased from 0. then {increasingly greater

persistence of previous adjustments is allowed in modifying the current adjustment. This

17



can improve the learning rate in some situations. by helping to amooth ow: unusual

conditions in the training set.

As you train the network, the total error, that is the sum of (ne CITOTS OVEE all the training
sets, will become smaller and smailer. Once the network reduces the total error to the
limit set, training may stop. You may then apply the network, using the weights and

thresholds as trained.

It is a good idea to set aside some subset of all the inputs svailable and rescrve them for
testing the trained network. By comparing the output of a trained network on these test
sets to the outputs you know to be correct, you can gain greater confidence in the validity
of the training. If you are satisfied at this point, then the neural network is ready for

running.

Usually, no back propagation takes place in this running mode as was done in the training
mode. This is because there is often no way t be immediately certain of the desired
response. If there were, there would be no need for the processing capabilities of the
neural network! Instead, as the validity of the neural network outputs or predictions are
verified or contradicted over time, you will either be satisfied with the existing
performance or determine a need for new training. In this case, the additional input sets
collected since the last training session may be used to extend and improve the training

data.
4.1.5 Limitations Of Back Propagation

The most serious drawback of using back propagation is that it is inefficient.
This is more commonly know as the scaling problem where as the size of the network
increases, the network becomes more computationally intensive, and the time require te
train the network grows exponentially. For this teason we are using oaly WO taver

network .It learns during one pass itself.

Many say that the speed of the back propagation routing is a major drawback, but I

consider this to be a minor drawback only since the speed of new computers doubles
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every third year and speed becomes & less important issue than iCis today. We can mase

it fast by selecting the parameters and by using hash functions

A careful selection of step size is often necessary 1o ensure smooth convergence. Large
step size may cause the network to become paralyzed. When network paralysis OCCUrs.
further training does little for convergence. On the other hand. if the sizc 1s t00 smail,

convergence can be Very slow.

Back propagation searches on the error surface along the gradicent in order to minimize

the error criterion. It is likely to get stuck in a local minimurm.

The process of weights based on the gradients is repeated until a minimum is reached.
There are several stopping criteria that can be considered. Based in the error to be
minimized and based on the gradient. If these two criteria are sensitive to the choice of

parameters and may Jead to poor results if the parameters are improperly chosen.

In order to recognize new patterns, the network needs to be trained with these patterns
along with previously known patterns .If only new patterns are provided for retraining,
and then old patterns may be forgotten. To over come this drawback we use two
parameters called short-term learning and long-term learning. so that it can reCogniZe

both the old and new patterns.

Another limitation is that back propagation network is prone 1o local minima, just like

any other gradient descent algorithm

4.2 Concepts Of Arithmetic Coding

4.2.1 Arithmetic coding

Arithmetic coding is entropy coder widely used, the only problem is it's speed, but
compression tends 1o be better than Huffman can achieve. The idea hehind arithmetic
coding is to have a probability line, 0-1, and assign to every symbol a range in this lne
based on its probability, the higher the probability, the higher range that assigns 10 it.
Once we have defined the ranges and the probability line, start 1o encode symbols: every

symbol defines where the output floating point number lands.
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For example

W
bymbol i Plobablhty nge

[0 0,0, 5j
10,5, 0.75)

.75, 1.0)

Note that the "[" means that the number is also netuded, so all the numbers from 0 to 3
belong to "a" but 5. And then we start 0 code the symbols and compute our output

number. The algorithm to compute the output number is:

o Low=0
e High=1
o Loop. Forall the symbols

o Range = high - low
o High=low +range * high range of the symbel being coded

o Low = low - range * low range of the symbol being coded

Where
Range, keeps track of where the next range should be and
High and low, specify the output pumber.

And now let's see an example

ymbol E{ange jrow value thh value l

\E 0.125 059375 %0625 |
lA 003125 059375 3@.609375

_..,,_.__..w——.r..x et
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The output number will be 0.59375. The way of decoding is first to sec where the
number lands, output the corresponding symbol, and then exiract the range of this syimbol

from the floating-point number. The following is the algorithm for extracting the ranges

« Loop. For all the symbols.
o Range = high range of the symbol - low range of the symbol
o Number = number - low range of the symbol

o Number = number / range

And this is how decoding is performed

§1$ymbol \Range gENumber - Symbol | Probability ' Range

‘B ‘_ﬁzs (6.?9375 A 2 0.0, 0.5)
‘ . \
‘PX jos  Jo3rs B |l 0.5, 0.75)

1025 073 C 1 075, 1.0)

C
[a fos o T

You may reserve a little range for an EIf symbol, but in the case of an entropy coder
you'll not need it (the main compressor will know when to stop). with and stand-alone

code you can pass to the decompressor the length of the file, so it knows when to stop.

4.2.2 Implementation

As you can see from the example it is a must that the whole tloating point number 18
passed to the decompressor, 0 rounding can be performed, but with the today's FPU
(Floating Point Unit) the higher precision which it can offer is 80 bits, so we can't work
with the whole number. So instead we'll need to redefine our range, instead of 0-1 1t will

be 0000h to FFFFh , which in fact is the same. And we'll also reduce the probabilities so
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we don't need the whole part, only 16 bits. It is the same.

For example the following table gives the hexadecimal values for decimal values.

E’\O'OOO 1@50 1@-500 i@ﬂso zP.ooo
é’[déboﬂjlzdddhli\?()odh%\'EOOOhi FFFFh,
| |[so00b |CO0OKTEEFER

=l

If we take a number and divide it by the maximum (FFEFh) wili clearly see it

« 0000h: 0/65535=10,0

«  4000h: 16384/65535 = 0,25
« 8000h: 32768/65535 = 0,5
« CO000h: 49152/65535 = 0,75
. FFFFh: 65535/65535=1,0

Adjust the probabilities so the bits needed for operating with the number aren't above 16
its. And now, once defined a new interval, and are sure that work with only 16 bits, start
to do it. They way we deal with the infinite number is to have only loaded the 16 first
bits, and when needed shift more on w 1
1100 0110 0001 000 00t 0100

As new bits are needed they'll be shifted. The algorithm of arithmetic coding makes that
if ever the MSB of both high and low match are equal, then they'll never change, this
is how we can output the higher bits of the output infinite  number, and continue

working with just 16 bits. However this is not always the case.

4.2.3 Underflow

Underflow occurs when both high and low get close to a number but theirs MSB don't
match. High = 0,300001 and Low = 0,29997 if we ever have such numbers, and the
continue getting closer and closer we'll not be able to oufput the MSB, and then in a few
iterations our 16 bits will not be enough, what we have 10 do in this situation is to shift
the second digit (in our implementation the second bit) and when finally boih MSB arc

equal also output the digits discarded.



4.2.4 Gathering the Probabilities

In this example we'll use a simple statically order-0 model. You have an array initialized
to 0, and you count there the occurrences of every byte. And then once we have them we
have to adjust them, so they don't make us need more than 16 bits in the calculations, if
we want to accomplish that, the total of our probabilities should be below 16,384 (2714},
To scale them we divide al} the probabilities by a factor till all of them fit in 8 bits.
however there's an easier (and faster) way of doing so, you get the maximum probability.
divide it by 256, this is the factor that you'll use to scale the probabilities. Also when
dividing, if the result ever is 0 or below put it to one, so the symbol has a range. The next
scaling deals with the maximum of 2714, add to a value (initialized to 0) all the
probabilities, and then check if it's above 2A14, it is then divide them by & factor. (2 or 4)

and the following assumptions will be true:

. All the probabilities are inside the range of 0-255. This helps saving the header
with the probabilities.
« The addition of all of them doesn’t get above 2714, and thus we'll need only 16

bits for the computations.
4.2.5 Saving The Probabilities

Our probabilities are one byte long, so we can save the whole array, as a maximum it can
be 256 bytes, and it's only written once, so it will not hurt compression a lot. If you
gxpect some symbols to not appear you could code it. If you expect some
probabilities to have lower values than others, you can use d flag to say how many bits
the next probability uses, and then code one with 4 or 8 bits, anyway you should tune the
parameters.

Assign Ranges

For every symbol we have to define its high value and low value, they define the range.

doing this is rather simple', we use its probability
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@A r W '\2 Ww
["F (0 5,0.75)]
e

What we'll use is high and low, and when computing the number we'll perform the
division, to make it fit between 0 and 1. Anyway if you have a 100k at high and low you'll
notice that the low value of the current symbol is equal to the high value of the lasl
symbol, we can us¢ it to use half the memory, W¢ only have to care about serting —!

symbo} with a high value of 0.

'S,/mbol ﬁ’robablhty rgh E

;[0 i\
F_ W

And thus when reading the high value of a symbol we read it in its position, and for the

fow value we read the entry "position 1"

Assign to the high value the current probability of the symbol + the last high value, and
set it up with the symbol "-1" with a high probability of 0. Lc. . When reading the range of
the symbol "b" we read its high value at the current position {of the symbol in the table)
n3 and for the low value, the previous 191 And because our probabilities take one byie.

the whole table will only take 256 bytes.

4.2.6 Pseudocode

The following is the pseudo code for initialization:

« Get probabilities and scale them



. Save probabilities in the output file

. High=FFFFh (16 bits)

« Low=0000h (16 bits)

. Underflow bits=0 (16 bits should be enough)

Where:

o High and low, they define where the outpul number falls.

. Underflow bits, the bits which could have produced anderflow and thus they were

shifted.

And the routine t0 encode a symbol:

. Range = (high- low) + 1

. High=1low + ((range * high values [symbol])/ scale) - |

« Low=low + (range * high values [symbol - 1]) / scale

« Loop. (Will exit when no more bits can be outputted or shifted)

. MSB of high=MSB of low?

e Yes

Output MSB of low
Loop. While underflow bits > 0 Let's output underflow bits pending for
output
»  Qutput Not (MSB of low}
Go to shift

Second MSB of low = 1 and Second MSB of high = 07 Check for
underflow
Yes

. Underflow bits += 1 Here w¢ shift 1o avoid underfiow

. Low = low & 3FFFh

. High=highl| 40001

0]
n



«  Go to shift
o No

« The routine for encoding a symbol ends here.
Shift:
Shift low to the left one time. Put in low and high new bits

«  Shift high to the left one time, and or the tbs. with the value 1

« Repeat to the first loop.
Explanations:

« Note that the formulae before the loop should be done with 32 bit precision.
(Word, long)

« MSB of high means the following, with a 16 bits number like that abbb bbbb
bbbb bbbb , a is the MSB bit of it.

« Not (MSB of low) is "Bit wise complement operator” in C used in the foliowing
way: ~low ih asm is just "not ax". First you perform not on low and then you
output its MSB bit.

. "&" Means "bit wise and".

"' Means "bit wise inclusive or”. (Or)

Range must be 32 bits long, because the formula needs this precision.

« Scale is the addition of all the probabilities.

Once we have encoded all the symbols we have to flush the encode (output the last bits)
output the second MSB of low and also underflow_bits+1 in the way we outputted
underflow bits. Because our maximum number of bits is 16 we also have to output 16 bits

all of them 0) so the decoder will get enough bytes.

Decoding
The first thing to do when decoding is read the probabilities, because the encode did the

scaling we just have to read them and to do the ranges.
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The process will be the following:

Qee in what symbol our number falls, extract the code of this symbol from the code.
Before starting we have to init "code" this value will hold the bits from the input, init it to

the first 16 bits in the input. And this is how it's done.

Range = (high - low) + 1 See where the number lands

« Temp = ((code - low) + 1) * scale) - 1)/ range)

« See what symbols corresponds to temp.

. Range = (high-low) 1 Extract the symbol code

+ High=low + ({range * high values [symbol]) / scaie) - i

« Low = low + (range * high values [symbol - 1]}/ seale Note tnat those formulac

are the same that the encoder uses

« Loop.
« MSB of high = MSB of low?
o Yes
o Go to shift
« No

o Second MSB of low = 1 and Second MSB of high = 07
o Yes

+  Code = code " 4000h

+  Low=low & 3FFFh

» High = high| 4000h

«  Go to shift

« The routine for decoding a symbol ends here.
Shift:
. Shift low to the left one time.

- Shift high to the left one time, and or the lbs. with the value 1
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. Qhift code to the left one time, and or it the next bit in the input

- Repeat to the first loop.

When searching for the current number (temp) in the 1able we use a for 1oop, which based
in the fact that the probabilities are sorted from low 10 high, have to do one comparison 1n

the current symbol untl it's in the range of the numbet.

4.3 Text File Compression
4.3.1 Role Of Neural Network

Neural network does the prediction. Predictor predicts the next bit , given the
bits so far. Input to the neural network is the bits.
4.3.1.1 A Maximum Entropy Neural Network

In a predictive encoder, interested in predicting the next input symbol y, given a feature
vector X = X1, ¥2,--s XM> where each x; is a 1 if a particular context is present in the input
history, and O otherwise.

In this implementation, it predicts one bit at a time, SO ¥ 18 either 0 or 1. Estimate P(v =
11x) » N(IWN, for each context Xi, by counting the number of times, N(1), that y = 1
occurs in the N occurrences of that context. In an n-gram character model (n about 4 1o

6), there would be one active input (xi = 1) for each of the n contexts.

The set of known probabilities P (y|x;) does not completely constrain the joint distribution
P(y|x) that we are interested in finding. According to the maximum entropy principle, the
most likely distribution for P (y}x) is the one with the highest entropy, and furthermore it

must have the form (using the notation of Manning and Schiitze)
P (x.y)= 1/ZPia’ ™

Where fi(x, v) is an arbitrary "feature” function, equal to X; 11 OUr ase, & are parameters
to be determined, and Z is normalization constant t0 make the probabilities sum 1o 1. The

a, are found by generalized iterative scaling (GIS), which is guaranieed to converge 1o
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the unique solution. Essentially, GIS adjusts the a; until P (x, y) 18 consistent with the

known probabilities P (Xi, y) found by counting n-grams.

Taking the log of (1), and using the fact that P(ylx) = P(x, y)/P(x), we can rewrite {1} 10

the following form:
2. P(ylx)=1/Z exp(Si Wixi)
Where w; = log a:. Setting Z' so that Py = O)x) + P(y = Iy =1.we obtain

3. Pyix) = g(Ss wix;), where
4, gx)=1(1+¢eY)

Which is a 2-layer neural network with M input units X; and a single output P(y = 11x).

The network is trained to satisfy the known probabilities P (vjx:) by iteratively adjusting
the weights wj to minimize the error, E =y - P(y), the difference between the expected

output y (the next bit to be observed), and the prediction ¥ ().

5. wi=w; + Dwi

6. Dw;=hxiE

Where h is the learning rate, usually set ad hoc to around 0.1 to 0.5. This is fine for batch

mode training, but for on-line compression, where each training sample 18 presented .
4.3.1.2Maximum Entropy ON-Line Learning

To find the learning rate, h, required maintaining the maximum-eniropy
solution after each update. We consider first the case of independent inputs Pxy. %) =
P(x))P(xy)), and a stationary source (P(ylxi) does not vary over time). In this case. we

could just compute the weights directly. Let x; = 1 and all other inputs be 0, then:

7. p°P(yxi=1)=g(wi)
8. wi =g (p)=1Inp/1-p)» In NCYNO)
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Where N(1) and N(0) are the number of times y has been observed to be a 1 or O

respectively in context Xi.
If we observe y = 1, then wi is updated as follows:

9. Dw;=In N(D)+1)/N(0) - In N(1)/N(0) » 1/N(T)
and ify =0,

10. Dw; = In N(1)/(N(0)+1) - In N(1MN(0) » -1/N(0)

Find h such that the learning equation Dw; = hk (which converges whether or

not the inputs are independent) is optimal for independent inputs. For ihe case X; = 1.

11. Dw; = DwiE/E = hE
12. h=Dw/E

If y =1, then

13.E=1-p=1-NQ)/N=N@O}N
14. b = Dwy/E = 1/EN(1) = N/N(ON(1) = 1/

And if y = 0, then

15. E = -p = -N(1)/N
16. h = Dwi/E = -1/EN(0) = N/N(ON(1) = 1/

Where ,
N = N(0) + N(1), and 5% = N(O)N(1)/N = Np(l - p) is the variance of the training data.

If the inputs are correlated, then using the output error to adjust the weights still allows
the network to converge, but not at the optimal rate. In the extreme case, if there are m
perfectly correlated copies of x;, and then the total effect will be cqual 1o a single input

with weight mwi. The optimal learning rate will be I = I/ms® in this case. Since the



correlation cannot be determined locally, we introduce a parameter i, called the leng

term learning rate, where {/m £ hy £ 1. The weight update equation {hen becomes
17. Dw; = h /s’

In addition, we have assumed that the data is stationary, that p = P(yjx,) does not change
over time. If the probability were fixed, It is clear that the last few bits of input history is
a better predictor of the next bit than simply weighting a1l of the bits cqually, as e does.
The solution is to impose @ lower bound, hs, on the learning rate, a parameter that we call
the short term learning rate. This has the effect of weighting the last 1/hg bits more

heavily.
18. Dw; = (hs + h/s)E

Finally, recall that ¢ = N(ON(1YN = Np(l - p)s which means that the fearning rate 1s
undefined when either count is 0, or equivalently, when p = N(1)/N 1s 0 or 1. A common
solution is to add a small offset, d, to each of the counts N(0) and N(1). The value of dis
d=0.5.

Thus in (18),
¢ = (N+2d) / N(O)+d)N(1)+d)

h should choose more carefully.

4.3.1.3 Bit Operations

Bit operations can be used for masking or climinating selected bits from an operand.
AND, EXCULSIVE OR, INCLUSIVE OR, LEFT SHIFT, RIGHT SHIFT and
COMPLEMENT are the operators used for handling bits.



4.3.1.4 Hash Function By Division Method

The simplest of all the methods of hashing an integer x 1s to divide x by M and
then to use the remainder modulo M. This is called the division method of hashing. In

this case, the hash function is
h(x)=x| mod M.

Generally, this approach is quite good for just about any value of M. However, in certain
situations some extra care is needed in the selection of a suitable value for M. For
example, it is often convenient to make M an even number. But this means that A(x) 1s
even if x is even; and A(x) is odd if x is odd. If all possible keys are equi probable, then

this is not a problem. However if even keys are more likely than odd keys, the function
h(x)=x mod M
will not spread the hashed values of those keys evenly.

Similarly, it is often tempting to let M be a power of two. For example, for some integer
©>1. In this case, the hash function  h(x)=x mod 27k simply extracts the bottom k bits of
the binary representation of x. While this hash function is quite easy to compute. 1t 1s not
a desirable function because it does not depend on all the bits in the binary representation

of x.

For these reasons M is often chosen to be a prime number. For example, suppose there is
a bias in the way the keys are created that makes it more likely for a key to be a muitiple
of some small constant, say two or three. Then making M a prime increases the likelihood
that those keys are spread out evenly. Also. if M is a prime number, the division of x by
that prime number depends on all the bits of x, not just the bottom £ bits, for some small

constant £.

The division method is extremely simple to implement. An advantage of the division
method is that M need not be a compile-time constant--its value can be determined at run

time. In any event, the running time of this implementation is clearly a constant,
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A potential disadvantage of the division method is due io the property A potential

disadvantage of the division method is due to the property that consecutive keys map to

consecutive hash values:
h(i)=i
h(i+1) =1+1 (mod M)
h(i+2) =1+2 (mod M)

While this ensures that consecutive keys do not collide, it does mean that consecutive
array locations will be occupied.

This project uses the hash function, is a prime number which is below 2722-2716.Hash
function is used to map the huge set of context into a smaller set of INputs. The input 10
the hash function is the context, treated as a qumber, and the output is the corresponding

unit.

4.3.1.5 Process Design
Compression

The file listed are compressed and stored in the archive, which is created. The
archive must not already exist. File names may specify a path. which is stored. !f there
are no file names on the command line, then file compression prompts for them, reading

until the first blank line or end of the file.

Decomptression

No file names are¢ specified. The archive must exist. If a path is stored, the file is
extracted to the appropriate directory, which must exist. File compression does not create
directories. IF the file to be extracted already exist, i is not replaced: rather it 13
compared with the archive file , and the offset of the first difference is reported. It is not
possible to add, remove, or update files in an existing archive.
The archive file names arc stored in a readable header as below:

File compression A1\ 1



Size name \r\n

Size name \r\ 1

v 032\ N0

Where “size” is the original mumber of bytes, asa 9 digit decimal number, right justified
With leading spaces,” name” is the file name, \ r is the carriage retutn, \n is the line feed,
\f is form feed, \ 0372 is the DOS end of file character, \ 0 is a NULL.

The header is followed by the compressed data in binary format. The input files are
concatenated and treated as a single data stream.

Data is compressed using a bit stream predictive arithmetic encoder with a neural
network predictor. The predictor estimates the probabilities POy P (DT 1 for each bit,
given the previous bits. The arithmetic encoder begins with arange [0,1].and divides the
range into two sub ranges for each input bit, with s1zes proportiona‘l 10 P(0) and P11

The output is the shortest number that can be expressed as a hase 256 Traction
(MSB first) within the resulting range.

The decompressor makes the same series of subdivisions using predictions P0)
and P(1), given the data decompressed sO far. Tt examines the compressed data to select €

or 1 according 10 which range it is 1, and outputs that bit.

Neural netwotk

Tt is predicting characters based on context. It is equivalent 1o a 2 layers
network, with one input (x;) for cach possibie context and one output (¥j) for cach
character in the alphabet (below). There is a weighted connection (wj, notall of them are

shown) between every input and every output.

To make a prediction, such as P(elth) (that ¢h will be followed by ¢), all of the contexts
that are present (1, h, and th) are set to 1, and all others to 0. (The nput labeled "1V,
representing the O-order context, is always on). Then the outputs areé calculated as

follows.

yi=g(Tiwi Xi)
where g(x)=1/(1+ e™)



Word “he”

Word “the”

th

. )
I’ IN l

Then y; is the probability that character i 18 next. For example, P(ejth) = g(we + Wie +

wthc)-

The g(x) function has a range (0, 1), s0 it always represenis a valid probability. It is an

increasing function. For instance:
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. o(-4)=0018

o g(-2)=0119
. g(-1)=0269
o g(0)=05

. g(1)=0731

. g(2)=0881

. g(@)=0982

The predictor is a 2 layer neural network with n nputs. ¥1..Xnand 1 output.
The inputs can be arbitrary functions of the previous data, intended to be functions, which
are likely to predict the next data bit, Y. The output is an estimate of P(Y) = /(1 + e™(-
SUM() Wi * Xi)). The weights Wi are incrementally updated to minimize the prediction
error, E=Y - P(Y). The weight update 1s:

Wi= Wi+ (RS + RL/sigma2) * Xi* E

where RS and RL are short and long term learning rates, and

sigma2 = (CO+d)*(C1+d(CO+C1+2d)

s the variance of the training data in context Xi, where C0 and C1 are the counts of Y=0
and Y=1 in context Xi, and 0 < d <=1 is a parameter 10 avoid division by 0 {(which would
infer P(Y)=0or 1). In practice the counts arc halved when either exceeds 250 to avoid

9-bit overflow.

The parameter RS is typically 0 to 0.5, higher values for data that Changes statistics
frequently (like text to binary). 0 is optimal for Stationary data (uniform sratistics). RL
should be between 1/m and 1 for m (= 6) inputs. L ow values are good for correlated

inputs, 1 is optimal for independent inputs.



The m inputs are divided into 6 sets for a total of 2722 = 4,194,304 Inputs. Only one
input from each set is active at any time. The active input within each set 1s selectea as @
hash function of the immediate context, 1-4 previous bytes of -2 previous words. plus
the 0-7 bits of the partial current byte, plus the position (0-7) within the current byte. The
context sets are:

. The last byte and current 0-7 bits with a leading 1. concatenated

to a 16 bit number, 1. (Xi=1,and Xj=0for0 <=j< 64K and j!=1).
- The last 2 bytes plus current bits and position, hashed to a 22-bit number.
- The last 3 bytes plus current bits and position, hashed to a 22-bit number.
- The last 4 bytes plus current bits and position, hashed to a 22-bit number.
- The current word (letters A-Z, a-z) plus current bits, hashed to 22 bits.

- The current and previous words, plus current bits, hashed to 22 bits.

The 5 hashed context ‘ndices share a common space of 2722 - 2716 inputs that do not
overlap the first set of 2716 inputs. The last two contexts, the selecied input xi depends
only on the letters in the words and not on any character between them. The parameters

are hand tuned to d=. 05,RS=0.06,RL:0.38.

Arithmetic encoding

Start with a range from 0 to 1, and divide it up in proportion to the input
probabilities from the predictor. For instance, common letters like e and ¢ get larger slices
than rare letters like ¢ and z. Then the encoder peeks at the next letter, and selects the
corresponding slice to be the new (smaller) range. This is repeated for each input

character. For instance, the input the might be encoded as follows:
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NIttt +

Ca b cldl e [ el

NIttt +
/ \

/ \

7 g4 6 8
SISttt -
lﬂlHleHhUHHOH
SNSRIttt +

/ \
/ \

74 746 752 .76
A e —memmmmmmmmmmmmSSE TSI +
| a ] e IBEER the = .75 (11 in binary)
SN e +

The final output is a number, expressed as a bimary fraction, from anywhere
within the resulting range. In the example above, we could pick 0.75 (.11 in binary}

because it is between 746 and .752. Thus, the steps 10 encode the are

1. Predictor assigns, say, P(a) = .07, P(b)=.01, ... Py =10, ... P(z) =001

2. Encoder sorts the input, assigns [0, .07] to a. [.07,.08] to b, .. 170, &0l 4, .

3. Next input character is 7, new range becomes [.70, .80]

4. Predictor (knowing the Jast letter was f) assigns P(alt), P(blt), ..s P(hit) = 2, -
P(z[t)

5. Encoder assigns a sub range to each letter, including 20% to h: [.74. .76]

6. Next letter is #, new range becomes [.74, .76)

7. Predictor assigns P(alth), P(bith), ... Plejth) = .3, .-

g Encoder assigns [.746, 752} to the

9. Inputis e, new range is [.746, .752]

10. End of input, output a number in the resulting range. say 75 (11 in binary)

The decoder knows the final result, (.75 or 11 binary). Thus the steps for converting this

back to the 1s
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1. Predictor assigns exactly the same probabilities as before, Pla) = 07, P(b) = 0L,
., PO =10, . P(z) = .001

2 Encoder sorts the input, assigns [0, 071w a, [.07. 08]t0 b, s .70, 80Jto L, -

3. Codeis .75, 80 select ¢

4. Predictor (knowing the last letter was £} assigns P(alt), P, - P(hit) = 2. -

Pzt

Encoder assigns a sub range to each letter, including 20% to h: [.74..76]

Code is .75, so next letter must be /7

Predictor assigns P(alth), P(blth), --- P(ejth) = 3, -

Encoder assigns [.746, 752) to the

© w2 oY

Input is .75, SO nEW range is [.746, 7752] and output 1s €

Predictive arithmetic encoding is within 1 bit of optimal, assuming the probabilities are
accurate. Shannon proved the best we cah do to compress a string is loga 1/P(x) bits.

In our example, we have P(the) = P(t)P(hlt)P(elth) =01x02x03= 0.006, and logs
1/0.006 = 7.38 bits. We can always find an g bit code within any range of width 0.006

because these numbers occur every 1/28, or about every 0.004.

4.3.1.6 Implementation

Neural network use 4 bytes of memory for input. The weight W, is represented
as a 16 bit signed number with a 10 bit fraction. The counts N(0) and N(I) are
represented as 8 bit unsigned numbers with a 1 bit fraction To prevent over flow, both
counts are divided by 2 whenever either count exceeds 230.

The arithmetic encoder StOTes the current range as a pair of unsigned 32 bit
numbers, writing out the leading bytes whenever they match. Using bits shifts in the
place of division when possible, using table lookup to compute g(.), and representing the
weights as an array of structure.

Neural network looks at the last few characters and predict based on what
happened before ‘n the same context .For {nstance, if the last 2 charactets th , then we can

estimate the probability that the next letter 15 ‘e’ 1s p(e/th)=N(the)fN(th),where N(x) is



the count of the occurrence of x in the previous input. This works if the count are large,
but if N{th)=0,and esumate ple/h)=N (he) /N(b)-

IF the context is also novel, then we ¢all back to an order © context :p(e)=N(e)/N.

How weights are determined?

Initially all the weights are set to 0.Then after each prediction we ook at the
actual character and adjust al} the weights in order t0 reduce the error. The adjustment has
the form,

Wi; «Wij +wXi Ej
Where E; = Y; PQ) is the error, the difference petween the actual and the expected next
character, and the constant - 1s the learning rate.

What is learning rate?

This determines hoe fast the weights are adjusted. Usually this is set ad hoc
manner. If it is t00 small, then the network will learn too slowly. If it is too large, then 1t
might oscillate between very large positive and negative weights. Either way, the result is
poor COmpression.

If only one input 13 active, then it can soive for the weights directly. If the

desired output is p, then for weight between them,

w=g'(p) = log p/(I-P)
If let p=N(1)/N, then it ca n get the same effect by setting the earning rate 10
(N(O)+N(1)/N(O)N(l).This requires that 1t store along with each weight the counts N(0)
and N(1),the number of times the output was 0 or 1 when the input was active .

The counts are initialized to 0.5 instead of 0 to avoid probabilities of 0 or 1.
Long tern learning rate:

The effect is to base the predictions on all the input, regardless of how long ago
it occurred. If the input is

That thatch thaw the theatr¢ theft th_
Then it will assign the same probability to a and e, even though the most recent statistics
suggest that e is more likely.

Short term learning rate
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The effect is to bias the statistics in favor of the last 1/NS occurrences of the

context, and “forgetting” the earlier examples.

4.3.1.7 Algorithm
Encoding

// In compression mode, make the lower or upper sub range the new range according to
y. In decompression mode, return 0 or 1 according o which sub range x I in, and make
this the new range. X1 < =x <= <2 should be maintained as the last 4 bytes of
compressed data :IN compressed mode, write the leading bytes of x2 that match x1. In
decompression mode, shift out these bytes and shift an equal number of bytes into x from

the archive. //

Ulong p = ~pr();
Ulong Xmid = x1; /ix1+*p(x2-x1) multiply without overflow
Cons ulong Xdiff = x2-x1;
Calculating xmid from the probability:
{
/{split the range x~32 into 5 sets as xditf >= 2128.2724,2720,2"16 and xdiff <2716
Xmid + =p*Xdiff;

if(compress mode)
{

If (the current bit(y) is 1)
x1=Xmid+1;

else

x2 = Xmid,
¥

else (decompress mode)

if (last 4 bytes (x)<= xmid)
{
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x2 = Xmid;
}

else
{

y=1

x1 =Xmid + 1;
¥
}

Predictor. Update (¥) //predictor part

while (MSB(8 bits) of x1 & x2 are same)

{

if(compress mode)

{

write the most 8 bits of x1(or) x2 into the archive file:

}

x1=x1<<8;

x2=(x2<<8)+255;

else(decompress mode)

{
c=read one character from the archive file;
if (c==EOF)
c=0;
else
++ compressed data;
x=(x<<8)+c;
}
x1=x1<<8;
x2=(x1<<8)+255;
}
¥
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return y,

}

Destructor

if(compress)

{
write the remaining encoded value
into the archive file.

}

Constructer

if(decompress)

{

x = last 4 bytes from the archive}

Neural network

Assumptions

Number of layers is two.

Number of neurons are 222

Long term learning rate RL is 0.38.

Short term learning rate RS is 0.06.

Parameter to avoid division by zero dis 0.3

Number of contexts NX are 6.

C0- number of 0 bits present in that particular context.
C1- number of 1 bit present in that particular context.
Ulong S0-last 0-7 bits of current byte with leading I // to find the EOB (1-253).
Ulong S7, S3- last 7 complete bytes of input: 7-4,3-1.
Ulong SWO, SW!-hash of current and previous words.
Sigma sigma2- computes RL/sigma”2
§0=1,83=87=SW0=SW1=0:

Pr (32768):
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Active set of contexts is set t0 Zero.

Process

Train network to predict.bity next time, save next prediction in pr
Error=y-probability p ():

RS=0.06.

CMAX=250// to avoid 8-bit over flow

ForI=1to 5

{

w=weight(active context + position);
if (CO of context>CMAX) Y
C0=C0>>1;
Else
C0=C0+1-y;
If(C1 of context >CMAX)
C1=C1>>1;
Else
C1=Cl+y;
Weight updation:
W + = error* (RS+sigma(cOl)); //CO1 is the concatenation of C0 and C1
3
S0=(s0<<1)/y /fappending the current bit (y) to SO.
If (S0 >= 256) //EOB is reached
{
If (is alpha (SO &255)
{
SWO0 = SW0*997+50

Else
{

if (SW0)

{
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SW1=SW0
SW0=0,

h
§7=(S7<<8) | (83>>24); // Bytes 7-4 back

§3=(83 | (S0 & 25 5))<<8; //last 3 full bytes, padded with a 0 byte

S0=0;

J/select active inputs (hash x [1]t0 X [4] modulo primes <Q"22-27M6-278)
x[0] = 4128768+(S3&Ox{ELT), //last byte

x[11=(83 & OxfEeeD)%4128511; //last 2 byte

x[2] = $3%4128493; // last 3 bytes

x[3]= (S3+S7*0x3000000)%412845 1;//last 4 bytes

x[4]= (SW1+SWO*29)%4128401: last 2 words

x[5] = SW0%4128409: /{last word

¥

//compute next p

{

summing the weights
SUmM+=w.w,

3

pr = g(sum);

¥

4.1.1.8 Test Results
The program has been developed in ¢t++ and tested with sample files. The results are

shown in appendix —A.

4.1.1.9 Summary

Compression within 2% of best known, at similar speeds
50% better than compress, zip, g2ip

Fast because
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5 RESULTS OBTAINED
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5.1 Test Results

The program has been developed in c++ and tested with sample files.

5.2 Summary
Compression within 2% of best known, at similar speeds

50% better than compress, zip, gZip

Fast because

« Fixed representation - only output layer is trained

(6x faster)

« One pass training by variable leamning rate (25x faster)
o Bit-level prediction (16x faster)

e Sparse input activation (6 of 4 million, 80x faster)

The figure shows the GUI output, which is highly user interface. The files
to be compressed are placed in a new archive and the user provides the new archive file
Name and places the archive in the newly specified path.

By choosing the directories option, user may choose the nceessary

files to be compressed by selecting and placing them in @ new panc area.

H TenComp

Compression

NDOWS\Desktop‘.,test.cmp”

L TC\SABARI ‘—\
")

TAGU1 Hs
SLIDES.PPT

y l Thumbs.dh

logo.doc
“! SUDES.zip
mode! dpages.doc
VolPDUMMY.doc
»l model dpages’.coc

VolP.doc c\SABARI
THESIS.doc CcASABARI
topics.doc c\SABARI

R 2l
J inFack | Help J Exit

GUI FORMAT OF COMPRESSION/ DECOMPRESSION PROGRAM
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COMPRESSION

The following figure shows the information about the packed files and their
corresponding path, where they have been taken from

H! TextComp

Jrmarari

MPROVING ..
VolP. EAY Statistics:
: T?';Esdlgc f cASARARINMPROVING WELDING PRODUCTMITY ppt
. -goc 2 oASABARINVGIP.doc
o \SARARINTHESIS.doc
447206/1288192 = 2.777263 bpc in ©.00 sec

TTI L] ﬂ'dulﬁﬁ\:l T. T

AN

PACKING TFILES
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5. CONCLUSION AND FUTURE OUTLOOK
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