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ABSTRACT

Tn data compression systems, most existing codes have integer
code length because of the nature of block codes. One of the ways to
improve compression is to use codes with noninteger length. We
developed an arithmetic universal coding scheme to achieve the entropy
of an information source with the given probabilities from the
modeler. We show how the universal coder can be used for both the
probabilistic¢ and nonprobabilistic approaches in data compression. ToO
avoid a model file being too large, nonadaptive models are transformed
into adaptive models simply by keeping the appropriate counts of
symbols or strings. The idea of the universal coder is from the Elias
code so it is quite close to the arithmetic code suggested by Rissanen
and Langdon. The major difference is the way that we handle the
' precision problem and the carry-over problem. Ten to twenty percent
extra compression can be expected as a result of using the universal
coder. The process of adaptive modeling, however, may be forty times
slower unless parallel algorithms are used to speed up the probability
calculating process. '




Chapter 1
INTRODUCTION TO DATA COMPRESSION

A Basic Communication System

Communications are used to provide.tefminal users access to
computer systems that may be remotely located, as well as to provide a
means for computers to éommuniéate with other computefs for the
purpose of load sharing énd accessing the data and/or programs stored -
at a distant computer. The conventional communication syétem ié
'deeled by:

1. An information source

2. An encoding of this_soﬁrce

3. A cﬁannel over, of through, which the information is sent

4. A,noiSe (error) source that is:added to the siéﬁal in the

channel

5. A decoding and hopefully a recovery df_the ofiginél informat-

ion from the.coﬁtaminated received signal'

6. A sink'for the information

This model, shown in figure.l, is a simplified version of any
communication systems. In (3), we are particularly interested with
. sending information either from now to then (storage), or from here to

there (transmission).




T
<~JsourceTj>— * Encode Channel Decode —I:jSirk

) @ > @ ®
Figure 1. A basic communication system.

The Need For Data Compression

There are three major reasons that we bother to code:

1. Error detection and correction

2. Encryption

3. Data compression

To recover from noise, parity check and Hamming (4,7) codes [I]
are introduced to detect and correct errors respectively. To avoid
unauthorized receivers, encryption schemes like public key encryption
system [2] are used. Finally, to reduce the data storage requirements
and/or the data communication costs, there is a need to reduce the
size of voluminous amounts of data. Thus, codes like Shannon-Fanno
[31. Huffman [3], LZW [4], and Arithmetic [5] and [6] etc. are

employed.



Data comp;ession techniques are most useful fof’large archival
~ files, I/O bound systems with spare CPU cycles,-and transfer of large
files ovef long distaﬁce communication 1inks’especially when low band
width is available.

This paper discusses several data compression systems and

develops a universal coder for diffferent modelers.

Data Compression and Compaction — A definition

Data compression/compaction can be defined as the process of
creating a condensed version of the source data by réducing
redundancies in the data. In general, data compression techniques can
be divided into two cétegories —-— nonreversible and reversible..InA
nonreversible techniques (usually called data compaction), the size of
the physical representation of data is reduced while a subset of
"relevant" information is preserved, e.g. CCC algorithm [7], and Rear-
compaction [8]. In reversible techniques, all information is
considered relevant, and-compression/decompreésion recovers £he

original data, e.g. LZW algorithm [4].

Theoretical Basis

The encoding of an information source can be illustrated by

figure 2.




sl >
\ X1
S2 X2
Information S X ->3
source - - X~ is a sequence of
- corresponding to SM
/
/
&q Xr
Source Code Code word
alphabet alphabet

Figure 2. Coding of an information source.

In fact, figure 2 is the component labeled (2) in figure I. The
simplest and most important coding philosophy in data compression is
to assign short code words to those events with high probabilities and
long code words to those events with low probabilities [3].- An event,
however, can be a value, source symbol or a group of source symbols to
be encoded.

Tables | and 2 are used to illustrate the idea to achieve data
compression when the probabilities are known, consider the language
Kikian of a very primitive tribe Kiki. The Kikian can only
communicate in four words # = kill, @ = eat, z = sleep, and & = think.
The source alphabet S = { #, @, z, & }. Assume an anthropologist
studies Kikian and he encodes their daily activities with a binary

code. Then, the code alphabet X = { 0, 1 } Without knowing the



probabilities of the tribe®"s activities, or source symbols, we
constructed the code for the source symbols as table I.

With the probabilities of each activity, or symbol, being known,
we can employ our coding philosophy to construct a new code, as shown

in table 2.

Table 1. Kikian code.

Symbol Code
# 00
@ 01
4 10
& 11

Table 2. Compressed Kikian code.

Symbol Probability Code B
# 0.125 HO
@ 0.25 10
z 0.5 0

& 0.125 111



The average length L of a code word using any code is defined as

L= viai=t IC(Si)]| * P(Si) (1-1)
where q = number of sourcesymbols

Si = source symbols

C(Si) = code for Si

Ic(S1)] = length of the code for symbol Si

P(Si) = probability ofsymbol Si

The average length La of a code word using code A is obviously 2
bits because Jc(Si)| = 2 for all i and P(Si) is always one. On the
other hand, the average length LO of a code word using code B is 1.75
bits, calculate as

LO=0.125 * 3 + 0.25 * 2 + 0.5 * | + 0.125 * 3.

That is, for our encoding system for the Kikian we have found a
method using an average of only 1.75 bits per symbol, rather than 2
bits per symbol. Both codes, however, are instantaneous (see Appendix
B), and therefore uniquely decodable. It is because all code words

from both codes are formed by the leaves of their code tree as in

figure 3.
Code A Code B
A
/ \ / \
/ \ /  \
0 [ 0 [
/ \ / \ / \
0O 10 1 # o\
1
# @ z & @ /\

Figure 3. Code trees of Code A and Code B.
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‘A typicai day of tﬁe Kikian could be sleep, eat, sleep, kill,
s;eep, think, eat, and sieep. If a Kikian has a diary, 2@z#z&@z will/
be the symbols appeaf on a typical day. On the anthropologist’s note
book, it would be 1001100010110110 Without considering the
probabilities of different activities. With the probabilities being
-known, however, the daily activities of the Kikian can be represented
by blOOllOOllllOO. In other words, to represent the same information,
the daily activities of the Kikian, we can either use 16 bits or 14
bits.

Code B, in this case, is cleariy bette; than code A even though
they are both uniquely decodable which is the major criteria in data
compression. Nevertheless, at this point we cannot conclude if code B
gives us the best compression for the giveh probabi;ities, though it
turns out to be true,

To determine what is the best compression we can get fof the
éiven probabilities, let us—look at the_informatioh content of each
event firstf Let p(Si) be the probability of the symbol S;. We_can
say that the information content of Sy is: '

I(sy) = - log p(sy) (1.2)
bits of informetion if log base two is used [3].

Code B uses only one bit to represent z and tBree bits to represent

@ because the information content of z is less than @.

1 bit

I
It
I

I(z2) ~log, p(z) -log, 0.5

3 bits

(@)

-log, p(@) = -log, 0.125




intuitively, if an event is highly unlikély‘to happen and
happens, it.deserves more attention or it contains more information.

To determine if a code has the shortest average code length L, we
have to compare L with Ehe‘entropy H(S). If symbol s; occurs, we
obtain an amount of information equél to

. I(s;) = - log, p(s;) bits

The probabilities that'si is p(S;), so the average'amount of

information obtain per symbol from the source is
D p(S;) I(S;) bits

The quantity, the average amount of information per source

symbol, is called entropy H(S) of.the source
H(S) = - Y9;_ p(s;) log, p(s;) bits (1.3) .

In code B, Ly = H(s8) = 1.75 bits, and therefore code B provides
the best comﬁression with the given probabilities according'to Shannon
First Theorem

Hy(8) =< L < H,(8) + 1. (1.4)

The proof of the above theorm can be found in any information or
coding book. It is obvious that the lower bound of L is the gntropy.
The upper bound of L, on the oﬁher hand,‘can be explained by the
nature qf block coded. The length of aﬁy block code is always an
integer, even though the infqrmation content is not necessarily aﬁ

integer because [C(S;i)| form (1.1) is calculated as [C(S;)| = |log

p(s;)].




Components of a Data Compression System

The fundamental components of a data compression system are:

1. Information source

2. Modeler

3. Encoder

4. Compressed file

5. Decoder.

In a digital Iimage compression system, a predictor may be used
with the modeler to capture hopefully not so obvious redundancies.
For the purpose of our discussion, we would concentrate on modelers,
encoders and decoders. Components of a data compression system are

shown in figure 4.

Information Modeler Encoder
source
Model
Compressed
Decoder Modeler

Figure 4. Components of a data compression system.
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Information Source

For communication purposes, an information source can be thought
of a random process {S(i)} that emits outcomes of random_variables
S(i) in a never ending stream. The time index i then runs through all
the integers. In addition to the random variables S(i), the process
also defined all the finite joint variables (S(i), S(j), ...). The
most frequently studied information sources are either independent,

.or Markovian.

A source is said to be independent if p(S;) = p(si|sj), where j =
1,...,9. Therefore, it is often called zero-memory source.

A more dgeneral type of information source with g -symbols is one
in which the occurrence of a sburce symbol Si may depend on a finite

" number m of preceding symbols. Such a source (called Markovian, or an
mth—order Markov source) is specified by giving the source alphabet S
and the set of qonditional probabilitiés

P(Si[841/849r+++4Syy)  for i=1,2,...,9; Jp=ls2s...,2 (1.5)

th

For an m-"'-order Markov source, the probability of a symbol is

known if we know the m preceding symbols.

Modeler

.The modeler 1is responsiblé for capturing the "designated"
redundancies of the information source. Designated redundancies can
be viewed as the frequency measures used in the coding process.

In a straight forward data compression system like Huffman code

[3], the modeler simply counts the occurrence of each symbol S;, for
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i=l,2,.u,q.‘ In other ﬁore éophisticated systems, e&L‘LZW algoriihm
[4], the modeler is responsible for putting new strings in the stfing
table. Though the algqrithm does not attempt to subdivide the process
into modeling and coding, modeling and coding apé actually done
separately and will be showﬁ in chapter 3. |

Depending on how the probabilities are calculated, We can
distinguish betweén two cases: the édaﬁtive and the nonadéptive modélé
discussed in detail in chapter 3. In a nonadaptive model, a model
file ié generated as in figure 4; Tﬂe model file contains the

necessary probabilities for both the encoder and the decoder.

.EnCoder |

The encoder éncodés the symbols or strings with their
prbbabilities given'by the modeler, Thé‘basiq data compréésioh
philosophy, symbolé with highér probabilities'are assigned with the‘
shortef code words, applies here. The encodér also ensureé the codes
to be uniquely decodable for reversible compression.

In our data compression system, all the encoder needs fiém the
modeler are the probabilitiesléf all symbols and the previous symbols.

The whole encoding process wili be addiné and shifting.

Compressed File

The compressed file can be thought of a file with a sequence of
code words or code alphabets. With X the set of the code alphabets,

the compressed file x shouid be simply a subset of X*,
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Decoder

The  decoding proéess also involves the modeler regardless of the’
nature of the modeler (adaptive or nonadaptive). If nbnadabtive
modeler is used, a model.fiie is required.withhthé compressed file to
provide all the necessary statistics.

In our déta compression system, the decoder goes'through'a

subtract and shift process to recover the original source.
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Chapter 2

UNIVERSAL CODING

Coding Questions and Efficiency

The three major questions in coding theory are:
1. How gooa ére the best codes? A
2. How can we design "good" codes?
3. How can we decode such codes?

In data cémpression systems, the first question has been answered
by shannon’s first theorem described in the preﬁious chapter.
Shannon's_fi;st theofennshows that there e?ists a common yvardstick
with which we may measure any information source. The value of a
symbol (or string in some cases) from an inforﬁation source .S may be
measured in terms of an equivalent number of r-ary digits needed to
represent one symbol/string from the source; the theorem éays that the
average value of a symbol/string from S is H(SL

Let the average length of a uniquely decodable r-ary code for the
source S be t. By Shannon’s first theorem, I cannot be less than
H (S). Accordingly, we define E, the'Efficiency 6f the code, by

E=HI(S) /L (2.1)
We are trying to answer the other two questions in this thesis.

In order to answer them, we need to study severallexisting data
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compression systems because there are no absolute answers for the two
questions. Before we do that, we shall look at what do we mean by

"good" code in the next section.

Criteria of a Good Data Compression System

A good data compression system has to have the following three
qualities:;

1. the codes it produces have to be decodable.

2. the average code length should be as close to the entropy as

possible;‘or E ~ 1.0.

3. the coding (encoding and decoding) ?rocess is done in "accep—'

table" time.

Decodability can easily be achieved by constructing all the code
words by the leaves of the code tree iﬁ the case of block codes. We
shall develop ways to ensure decodabiliﬁy in later sections.

Later in the chapter, we describe a universal coding technique
that guarantees the average code length to be the same as the entropy
for the given probabilities provided by the modeler. That is to say,
the efficiency of the code equals one accofding to (2.1). Besides
looking at the efficiencyiof codes; we can also compare thei;
compression ratios defined by

.PC = (|OF| - |CF|) / |OF] (2.2)
where PC = Percentage of'compression, '

OF

]

Original File, and

CF = Compressed File.
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Thére is no absolute way to measure "acceptable" time. Some
codes are relatively more acceptable than others, while it is ciear
that there is a trade-off between compression ratio and time. The
longer the modeler analyzes the information source the smaller the

compressed file is going to be.

Codes with Combined Modelers and Coders

A lot of data compression systems do not separate their processes
“into. modeling and coding. In this chapter, we look at several popular
data compression systems and then discuss the universal coding scheme

that we use.

Huffman Code for- zero-memory Source

Huffmén code [1] is one of the variable-length codes that
enforces the data compression philosdphy —— the most frequent symbols
- to have the shortest encodings. Consider the source S with the
Symbols Sy, Sy «eer Sg and symbol probabilities py, pé, veer Pge Let

the code X with the symbols X1r Xor eeer X The generation of

e
Huffman code can be divided into two processes, namely reduction and
splitting. The reduction process involves:.

a. Let the symbols be ordered that Py >=py >= ".‘>= Pq-

b. Combine the last r symbols into one symbol.

c. Rearrange the remaining source containing g=r symbols in

decreasing order.
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d. Repeat (c) and (d) until there are less than or equal to r’
_symbols.

After the reduction process, we then go backward to perform the
splitting process:

a. List the r code symbols in a fixed order.

b. Assign the r symbols to the final reduced source.

c. dgo backward with the one of the symbols splits into r symbols.

d. Append the r code symbols to the last r source symbols.

e. Repeat (c) and (d) until there are g source symbols.

Figures 5 and 6 are the reduction and splitting processes of an
example with s = {Sy, S5, S3, S4s Sg}, P7 = 0.4, Py = 0.2, p3 = 0.2,
py = 0.1, pg = 0.1, and X = {0, 1}. '

The Huffman code for S is formed where C(Sl) =1, C(sy) = 01, and
so on. Since the lengths.of the codes are not ﬁécessary the same,
Huffman code is a perféct egample of variable-length code. The
" average code length of the Huffman code:

L = 1(0.4) + 2(0.2) + 3(0.2) + 4(0.1) + 4(0.1)

2.5 bits/symbol.
The entropy of the above source:

H(S)

(0.4)109(1/0.4) + 2 * (0.2)109(1/0.2) + 2 * (0.1)1og(1/0.1)

2.12 bits/symbols.
The efficiency of the code:

E=2.12 / 2.5

0.848
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Original source Reduced source
Symbols probabilities sl s2 s2
51 0.4
52 0.2
s3 0.2
54 0.1,
55 0.1 First Second Third
Original Reduction Reduction Reduction

Figure 5. Reduction process.

Original source Reduced source

Symbols P1 Code st s2 s3
Sl 0.4 [ 0.4 1 0.4 1> 0.6
s2 0.2 01 0.2 o1, 0.4 00 0.4
s3 0.2 000 0.2 000 0.2 01
<4 0.1 oolol s, 0.2 o001
<5 0.1  00llj

Figure 6. splitting process
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Huffman Code for Markov source

The best way to illustrate the behavior of a mth_order Markov

source defined in chapter 1 is through the use of state diagranm, in a
state diagram we represent each of the gm possible states of the
source by a single circle, and the possible transitions from state to
state by arrows as in figure 7. As an example of a simple one-memory
source, suppose we have an alphabet of three symbols, a, b, and ¢ (S =

{a, b, c}). Let the probabilities be:

p(aja) = 1/3 p(bla) = 1/3 P(cla) = 1/3
p(alb) = 1/4 P(blb) = 1/2 P(clb) = 1/4
p(alc) = 1/4 p(blc) = 1/4 p(clc) = 1/2

By solving the following equations formed by the above

probabilities,
Ppa * P@la)+ pb *P(@]b) + prc*p(@c) =pa
Pa * P(bla)+ pb *p(blb) + pc*plc) =pb
Pa * P(cla)+ pb *p(c]b) + pc*p(Cc|c) = pc
Pa + Pb + Pc = |

we get

Pa = 3711, pb = 4/11, pc = 4/11.

Figure 7. State diagram of a first-order Markov source.
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There are, of course, three states (31) in this case, labeled a,
b, and c¢c and indicated by the circles. Each directed line 1is a
transition from one state to another state, whose probability is
indicated by the number alongside the line.

For each state in the Markov system we can use the appropriate
Huffman code obtained from the corresponding transition probabilities
for leaving that state. The generation of the codes is exactly the
same as the zero-memory source at each state. By the same token, we
can break down any order Markov source into gm zero-memory states.

For state a we get the binary encoding

a = Pa = 1/3
b = 00 Pb = 1/3
c=01 Pc = 1/3
La = 1-67. For state b,
a =10 Pa = V4
b =0 Pb = 1/2
c=1 Pc = 1/4
b = 1.5. For state c,
a= 10 9 =1

b =1 Pb = 1/4
c=20 = =
Lc = 1.5. The average code

the above Markov source

IM = Pa * La + Pb * Lb + Pc * Lc = 1755 bits/symbols.

Assuming the starting state is a, the encoding process can be

shown by another state diagram as in figure 8.
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Figure 8. Encoding State diagram.

To encode, for instance, the source s = baabcccccc, the result

will be 00101001100000. To decode, we use another state diagram as

shown in figure 9.

Figure 9. Decoding State diagram.
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Now, Qlet us calculate the efficiency of the Huffman code for the
above Markov source. The entropy H(S) of a Hit“+0Order Markov source
[1] is

H(S) — ~ P(S ™S j2/e=</Si) * log (1/(pg” IPii.pi2, ... ,Pii) (@B
The relevant probabilities are in table 3. The entropy 1is calculated
using (2.-4):

I P(Sj., psi) * log (1/(P(SilSj))

H(S)

1.42 bits /symbol.
The efficiency is calculated using (2.1)

E = 1.42/1.55 = 0.92

Table 3. Probabilities of the Markov source in figure 7.

Sj Si P(Si 1Sj) P(Si) P(SizSj)
a a 1/3 3711 /11
a b 1/3 3/11 /11
a C 1/3 3/11 /1
b a 174 4/11 /11
b b 172 4/11 2/11
b C 1/4 4/11 V11
C a 1/4 4/11 /11
C b 174 4/11 /11
C C 172 4/11 2/11
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LZW Compression System

LZW compression algorithm [4] 1is a nonprobabilistic approach to
data compression. The coding process is a string matching process
which captures high usage patterns (strings) suggested in [9] and
[10]- Contrary to the previous two Huffman codes, LZW is a typical
fixed length code in which each code represents different numbers of
source symbols.

Welch®"s modification [4] of Lempel and ziv"s idea in [9] and [10]
makes it a lot easier to implement. We implemented the LZW data
compression system according to the algorithm given in [4].- The
results will be discussed in chapter 4.

The most important feature in LZW algorithm is the string table
which holds all the strings we encounter in the source file. The only
time that we output a code is when a particular symbol/string has been
seen twice. The following is the main idea of the encoding process:

1. Initialize the string table to contain single character strings.
2. W~_ the first character in the source file.

3. Ki— the next character in the source file.

4. If the concatenation of WK is iIn the table,
W* WK,
else

output the code for W,
put WK in the table,
W— K.

5. If not end of file, goto 3.
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The basic idea of the decoding process can be simply as follows:
1. Initialize the string table to contain single character
strings.
2. W~ _ decode the first code in the compressed file.
3. CODE-*~ the next code in the compressed file.
4. IT CODE exists,

K -+ decode CODE,

else

— decode CODE as WjWw
5 W-»— K.
6. If there are more codes, goto step 3.

Table 4 is the string table for the example in figure 10. The
same table is re-produced by the decoding process in figure 11. The
efficiency of the LZW code is a little harder to calculate because the
code 1is a nonprobabilistic code. Though probabilities of
symbols/strings are involved, they are not used in a direct sense. We
know, however, that the lower bound of the code is the entropy by
Shannon first theorem (1.4). Let us take the 12-bit code suggested by
Welsh in [4] for instance, in the beginning of the encoding process,

single symbols are represented by 12 bits while their information is

1 (single symbol) - log p(single symbol)

- log 17128

7 bits.

It iIs because the table is initialized with all the ASCII characters

and there are 128 of them. The algorithm assumes them to be equally
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e LzZW string table.

code W
1 a
2 b
3 a
4 a

aa
5 C
6 d
7 a
8 ab
9 a
10 ab
11 aba
12

A compression example for LZW algorithm.

6 8

A decompression example of

~

O TODTO® QO YT

10

10

figure 10.

11

11

11

aba
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probable so their probability is 1/128. Since the LZW code and all
the others we investigated are concatenation codes with integer code
lengths, it leads us to believe that in order to construct a code with

efficiency equal to one we have to use nonblock.codes.

Universal Coder

Both the encoder aﬂd the decoder need the probabilities given by
the modeler. Thus, a ﬁniversal encoder needs oniy the probabilities
. to préduce uniquely decodable codes. The univefsal decoder also needs
the same probabilities to reproduce the source file. The Elias code
[3] is £he first code that tries to reflect the exact probabilities of
the symbols/strings. Rissanen and Langdon in [5], [6], [10], and [11]
generalize the concept of the Elias code to embrace oﬁhér types of

nonblock codes called arithmetic codes.

Idea Origin - Elias code «
Elias code assigns each source sequence to a subdivision of the
interval [0, 1]. To illustrate the coding process, consider a zero

memory source with twé symbols a and b, occurring with probabilities
0.7 and 0.3 respectively. We may represent an arbitrary infinite
sequence of poésible source file as figure 12. According to‘thé
figure, sequences starting with "a" are assigned to the interval [0,
0;7]; sequences starting with "aa" are assigned to the interval [O;

0.49]; and soon. To encode the sequence from the source we simply
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Is] = 1
0 0.7 1.0
Is] = 2 | aa 1 ab 1 ba I bb 1
0 0.49 0.7 0.91 1.0
Figure 12. Subdivision of the interval [0, 1] for source sequences
| o] I I I
0 0.5 1.0
1 00 | 01 1 10 1 11 |
0 0.25 0.5 0.75 1.0

Figure 13. Subdivision of the interval [0, 1] with the probabilities
in binary digits.

provide a binary expansion for each point in [0, 1] as in figure 13.
Thus, a source that starts with "ba"™ will have acompressed file that
starts with ™10". Decoding 1is clearly a process of successive
subtraction. If the binary sequence starts with "1011", the point
represented must lie between 0.6875 and 0.75; hence the first three

symbols from the source must be "bab".
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The Algorithm

With the idea from Elias, we developed an arithmetic code which
is similar to the one described in [10]. The difference is the way
that we handle the precision problem and the carry-over problem.

The algorithm that we develop accepts any type of input source as
long as we know the size of the source alphabet S, and the symbols are
arranged in lexicagraphic or any fixed order. The basic idea of our
code for any symbol Sj is the cumulative probabilities before Sj,
P(S1) + P(S2)+ ... + p(S)_1). The code can be defined recursively by
the equations

C(s S1)= C(s), C(s Si) = C(s) + P(Si_1). (2.5)

Both the encoder and decoder require two binary registers, C andA.
The former actually should be a buffer and the latter of width n (n
will be discussed in the section precision). The codes are held
temporarily in the C register, while the cumulative probability is
held in the addent A. C represents the exact probability of the
source file s with an imaginary decimal point in the front of the
compressed file. The following is the encoding algorithm:

1. Initialization: C all zero, Shift, previous. Leftover-*- 0.

2. S14- read from the source file.

3. A P(Si_1), Sht - I -log Previous].

4. Leftover *— Leftover - noninteger part of (-log previous).

5. IT Leftover < 0 then Leftover I - Leftover, Sht Sht + 1.

6. Shift A by Sht bits from the end of C. (]Jc] = 0 initially)

7. C..— C + A, Previous-+- P(Si).

8. Goto 2 until the end of the source file.
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The encoding process is basically shifting and adding. By the same
token, the decoding process should be subtracting and shifting:
1. Initialization: previous 1, Leftover-— 0.

C-*~ code from the compressed file.

3. IT C - Previous * P(Si) < O
then decode as symbol Si-J3/
previous p(Si_1),

S h t I1(-log Previous) |,

Leftover Leftover - noninteger part of (-log Previous).
If Leftover < 0 then Leftover™- |1 - Leftover,
Sht — Sht + 1.

Shift C Sht bits to the left.
Goto (2).
else 1 i+ I/
Goto (3)-
The C register, during the decoding process, has to have at least as
many bits as the A register, to demonstrate the coding processes,
consider S = { a, b, ¢, d } and s = abaaacdababab, the example that we
used i1n TFfigure 10. Assuming 1t is a zero-memory source, the

statistics of s:

p(a) =7/13, P(a) = O,
p(b) =4/13, P(b) = 7/13,
p(c) =1/13, P(c) = 11/13,

P(d) =1/13, P(d) = 12/13.
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figure 14 is the encoding process of a simplier example when S = { a,
b}, Xx={0,1}, s=abbbbbbaab ..., and p(a) = 1/8 and

p(b) = 7/8. Figure 15 is the decoding process of the same example.

_The Precision Problem

The algorithm in the ;ast‘sectiop omitted one very important
thing — the number of.bits that is requirgd to represent A to ensure
decodability.

Theorem: The number of bits that A needs is n, wheren is the'
number of bits used in counting the occurrence of symbols/strings in
.the data compression system.

Proof: The smallest number between two addents iénl/n. To
represen£ 1/n, we need exactly n bits in binary with an imaginary
decimal in froht. | |

Remarks: Even though n bits are uséd,~the bits per code are by no
means n because codes overlap each other unless the value of the
addent is always 1/n. 1In order for that to happen, the previous
symbol should always‘have the probability 1/n which is impossible
unless |S|A= n=|s|. Our idea is one of the ways of using floating
innE arithmetic to overcome the requirement for unlimited precision

of the Elias code.

The Carry-over Problem

puring the encoding process, the algorithms given in [6], ElOT,

[11] , and the above may fail. When encoding a symbol with high




30

S={a, b}, X —-— {0, 1},s =abbbbbbbaab,
p(a) = 1/8, p(b) = 7/8, P(a) = 0002, P(b) = 00i2.

Input Register C A Shift Leftover
a 000 000 0 0
b 000001 001 3 0
b 0000011 oo1 | 1 - log (7/8)= .8074
b 0000100 001 0 .6147
b 0000101 001 0 -4421
b 0000110 001 0 .2294
b 0000111 o001 0 -0368
b 00001111 001 | -8441
a 00001111 000 0 .6515
a 00001111000 000 3 .6515
b 00001111000001 001 3 -6515

Conpressed file: 00001111000001

Figure 14. The encoding process of the universal encoder.

Decoded as Register C Shift Leftover Register c*
a 00001111000001 3 0 01111000001
b 01111000001 1 -8074 1011000001
b 1011000001 0 .6147 1001000001
b 1001000001 0 -4421 0111000001
b 0111000001 0 -1194 0101000001
b 0101000001 0 .0368 0011000001
b 0011000001 1 -8411 001000001
b 001000001 0 -6515 000000001
a 000000001 3 .6515 000001
a 000001 3 .6515 oo1
b 001 0 -4588

Figure 15. The decoding process of the universal decoder.
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probability, an addition is performed with a large number of 1's. If
"a long sequence of l-bits has been shifted out of the C register, this
will precipitate a "carry-over". If the sequence of 1l-bits extends
through the C register and into the already written coae bits (in the
compressed file), it becomes impossiblé to correctly perform the
addition withbut-rereadiné the compressed file.

Arbitrarily long sequences bf 1-bits and therefore arbitrarily
long carry-overs may be generated. In binary additidh, the first 0-
bit before a sequence of l-bits will stop a carry-over. For thié
réason, inserting 0-bits into the code stream at strategic locations
will prevent carry—o&ers from causing problems. |

"zero-stuffing" is used by Rissanen and Langdon f12] to check the
output stream for sequences of 1l-bits. When the length of one of
these reaches a predefined value x, a 0 is inserted (stuffed) into the
code stream juét after the offending sequence. The sequence is undone
by the decoder by éhecking X consecutive l-bits and extracting the
following bit of the sequence. In'order that.the decode;.can
correctly undo the zero-stuffing, 0-bits have to be inserted which are
not nécessarily'needed for the carfy—oVer problem. The way that we
determine.the value X can also cause problems. If X is too small, we
could waste a lot of bits and consequently lead to poor compression.
On the other hand, the size of x is restricted by the size of the C
register. The wdrst thing about zero-stuffing is fhat we have to
constantly check the C register for x consecutive l-bits.

We use another solution by simply insert 0-bits at regular

intervals in the code. Instead of using only the register for C, we
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use an extra 4K buffer with the first bit (we éétually use a byte)
being the "carry-catcher"”. -We always wait until the buffer is filled
before we output it to the coﬁpressed file. Wasting one bit (byte) in
4096 saves a lot of time checking for X consecutive sequence of 1-
bits. Moreover, long carry—overé are somewhat rare. .Any that do
occur tend to eliminate others from occurring because a long sequence

of 1-bits turns to a long séquence of 0-bits when a carry ripples

through.

This method works well. A qarry—over.only happens after a large
addent with a small shift, it will not normally add any sigﬁificaht
time to the coding'brocess. Implementation-is very simple. The
insertions can-be done with the normal filé.buffering —.insert a 0-bit
in the beginning of each buffer. The complexity of the process is‘
further reduced by inserting an entire 0-byte in the beginning of eéch
buffer. "Byte~level addreésing is often éasier than bit-level
addressing. The decoder then éxtracts and examines the entife bfte

rather than a bit.
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Chapter 3
- UNIVERSAL CODING WITH DIFFERENT MODELERS

Modeling an information source is without question the hardest
part of ény data compression system. The job of the moaeler is to
discover the redundancies or regular features in the data to be
compressed. The information can be viewed as the probability
distribution on the élphabét of the information sourcé.

In order to use the universal coder, tﬂe éoding process has to be
divided into a more general form as in figure 4. The modeler ié
resﬁonsible for providing appropriate probabilities for both the
encoder and thé‘decodér. Even though some of the data compreésion
systems stay aﬁay from the probabilities, like LZW [4] (an improvement
of Lempel and 7iv’s ideas in [9] and [10]) or the string matching
.teéhniques suggested by Rodeh [13], we can always convert their
redundancy reduction techniques into our modeler. The con&ersion
. actually improves their codes compression-wise beqause we enforce our
‘code:to the ibwer bound of shannon first theorem (1.4) with the

appropriate probabilities.

Is There A Universal Modeler?

Since the universal encoder and decoder need only the
probabiiities of the symbols/strings and the probabilities of the

previous éymbol/string, the most basic modeler should provide these
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probabilities. The easiest way to do that is to keep the counts of
each symbol/étring:

p(Si) = Count(si) / total count. (3.i)
However, different information sources have totally different kind of
redundancies. -Welsh‘[4] suggested that there are four types of
redundancies in commercial data, namely character distributioﬁ,
character repetition, high-usage patterns and pésitional redundanqyf
To capture a particular kind of redundancy, we need to analyze the
information source to decide what kind of reduﬁdancy capturing
techniques have to be used. For instance} the probabilities we need
in a first order Markov soufce are P(lesy), which can be given by

P(Sg|Sy) = Count(sy|sy) / Count(y) (3.2)
where Count(y) denotes the’number-of times class y occurs in the
source s, and éount(sxlsy) denotes the number of times the next symbol
at these occurrences is Sy.

Modelers can be divided into two categories, namely nonadaptive
and adaptive. The following sections show how we can convert existiné
models to provide appropriate probabilities for the universal coder e

as to improve compression.-

Nonadaptive Models

Nonadaptive models basically scan the information source to get
the appropriate probabilities. The probabilities will be put.in the
model file so that both the encoder and decoder can use. Therefore,

the decoding process cannot be performed with bnly the compressed
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file, and the compfession ratios defined in (2.2) should bé redefined
as .
pC = (|OF| - |cF + MF|) / |OF]. _ / (3.3-)

The major disadvantage of nonadaptive models is the fact that
they require two passes of the_information source before the
comprésséd file can be generated. Nevertheless, the probabilities
provided by a nonadaptive model is usually better than an adaptive

- model, therefore better compression cah.be expected if we can keep the

size of the model file down.

Z.ero-memory Source
Fér a zero-memory source, we have been using the Huffman code
since the fifties. However, it has béen éhown by Shannon’s first
theorem #hat the worst a code would do is one extra bit more than the
entropy. Though the Huffman code does not separate the ﬁodeling'
-prOCGSS from the coding, we can view the first step of the- following
algorithm of the Huffman cdde as modeling and the rest as the encoding
process: ‘
l; scan the soufcé file by counting the occurrence of each
| source symbol.
2. arrange€ the symbols in deécending ordef with respect of
their probabilities.
3. perform the reductiop and splitting process asﬂin figures 5
and 6 to genérate the cdde.
4. build a finite state machine as in figure 8.

5. encode the source file using the machine built in step 4.
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For the universal coder, we need the probabilities of each symbol
just as in the above algorithm. The modeler is responsible for
providing (2.1) for all i1 by simply counting the occurrence of each
symbol . In other words, the modeler for any zero-memory source is
step 1 of the algorithm above. For example, S= {a, b, c, d, e }, s

—abacdbaeca, and the model file can be represented by

Figure 16. An example of a model file.

**The model Ffile above actually represents the statistics for figure

6.

Markov Source

To design a data compression system for a Markov source, the
modeler has to provide the probabilities given in (3.2). From (3.2),
we can calculate the information content of the source by

1(S) - v« Count(z) log Count(z) -]T ACounUx |z)logCount(X]|2)- (3.9
z=1 z=1 xcS
Proof: Since p(x|z) = count(x]|z) / count(z), and

P(S)=TT TT P(XjQ1l) ... TT TT PX]1%) - (3.5)
xeS count(XIQ1) xeS Count(x|Qk)

1/p(s) = TT Trcount(Ql)ZCount(XIQ1l) ... TF TT Count(QK)/Count(x |ak)
X€S Count(x IQI) XES count(x]QK)
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1(s) - v, z v log Count(z) - " z v log Count(x |2)
X€S Count(xl1z) z=I XfS Count(xjz) Zz=I1

—K
= . 7 7 |
zzlog Count(2) m Coumt X 5 =1 XeSOount(x|z) og count(x|z)

= Z Count(z) Ilog Count(z) - Z ZCount(x|z)IogCount(x|z)-

z=1 z=1 Xes
Let us illustrate nonadaptive models with the example we used before
where the source s = abbbacccbaaabbbcccabcaac, and the source alphabet
S={a, b, ¢ } By assuming the source to be a first-order Markov

source, the modeler counts the symbols conditioned on the previous

symbols. With the initial state as a we should get the conditional
count

Count(ala) 3 Count(la) = 3 Count(cla) = 3

Count(a Ib) 2 count(blb) = 4 Count(clb) = 2

Count(alc) 2 Count(lc) = 2 Count(clc) = 4

to produce the model file in figure 17. By (3.4), the ideal code

length with this model is

I(s) = 91099 + 2 * 81098 - (3 * 31093 + 4 * 21092 + 2 * 41og4)
= 38.26 bits.
Figure 17. An example of a model file for a first-order Markov

source.
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Adaptive Models

The major disadvantage of the nonadaptive models is the fact that
the information source has to be prescanned by the modeler to get the
appropriate probabilities. More importantly, the model file
containing the probabilities has to be transmitted to the decoding
units as a preamble in the code string. Since the model file is not
needed in the data compression system using an adaptive rﬁodeler as
sh(;wn in figure 4, compression could sometimes be better especially
for Markov source where the model file_is large. 1In a first-order
Markov source, the model file contains |S|2 probabilities. When the
number of orders QOes'up, the number of probabilities in the model
file goes up éxponentially, | . ».

Number of probabilities needed = Islorder. (3.6)
An ASCII file which is a third—order'_Mark'ov source requires l2563 =
16777216 probability valdes. To represent a higher order of Markov
sourc.e, the model .file could even be ‘bi‘gger than the source file.
To avoid prescanning the source and the preamble, we need to
consider adaptive .models in our data compression system. As a matter

of fact, adaptive models also give the modeler a chance to adjust the

probabilities as the source is being encoded.

Zero~-memory Source

The Huffman code we looked at earlier is a classic example of a
code using a.nonadaptive model. The conversion of such a nonadaptive

" model to an adaptive one is quite straight forward. Equation (3.1)
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still holds. while the probabilities are calculated after each symbol
is scanned.. The modelerjof an adaptive modél does the followihgs:

1. . initialize the source symbols to be equally probable.

2. read in a symbol from the source file, and send the present

probabilities to the encoder.

3. update the probabilities with the cufrent éource symbbl.

4. If not end of file, goto step 2. |
Equation (BJJ has to be recalculate aftgr each symbol-is scanned

because both the total count and the count of the present stbol

change. Figure 18 is what an adaptive modeler should provide to the

encoder and decoder.

Markov. source

The adaptive modeler for a Markov source is not much<ﬂiffefent
than a zero-memory source, as each state of the finite state'méchine
‘of the Markov source is thé same as the zero-memory source. Combining
figure 17 and figure'18, figure 19 is én exémple of a first-order

‘Markov source.

LZW Code.

Though the LZW compression algorithm.[4] does not seem to fit our

universal coder because it is a nonprobabilistic approach, we can
use their idea in building such a modeler that provides probabilities

‘of symbol/string for the encoder and the decoder. We can consider the

‘ string table generated by the LZW algorithm as the modeler which




40

S=4{a, b, ¢, d, e }, s=abacdbaeca.

After scanning b,

Figure 18. An example of an adaptive modeler for zero-memory source.
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S=4{a, b, ¢ }, s = abbbacccbaaabbbcccabcaac.

Before scanning.

After the source s,

Figure 19. An example of an adaptive modeler for a first-order Markov

source.



42

counts the symbols and strings. We can build the modeler with a tree

keeping the count of all symbols and strings that the modeler has
scanned. We encode one symbol at at time by parsing the tree we
built. We build the LZW modeler as follows:

1. Initialize the count of lambda to g (S |), and the count of

all the symbols to one. Initialize the pointer W to Lambda.
Previous — I.
2. Read one symbol form the source file, send P(S") and

Previous to the encoder.
3. Previous -P (Si)/ W, Update W.
4. Move W to point to Si.
5. Read one symbol Sj from the source file,
if Sj is a son of W
then send P(SJ) and previous to the encoder.
Previous - P(S)) 7 w.
Update W.
move W to Sj.
else
send P(SJ) and previous to the encoder.
Previous — P(5)) 7 W.
Update both W and Pj.

Move W to lambda.

Figure 20 is the example in table 4 by using such a modeler. The

beauty of such a modeler is it converts a nonprobabilistic algorithm
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S={a,b, ¢c, d},s=abaaacdababab.

Before scanning,

After scanning a.

After scanning b,

After scanning the source s,

Figure 20. An example of converting the LZW table into a modeler.



44 -

into a pfqbaﬁilistic one while preservihg the same process of -
capturing redundancies. The major shortcoming of using éuéh»a modeler
is the speed of both the encoding and‘deéoding'processes. Each time a
symbol is encoded, Qe have torgé:throﬁéh the whole ﬁrocess of
calculatihg all the pfpbabilities at one level; Since the LZW
algorithm uses an adaptive modeler, the decoding unit‘simply uses the

same modeler and tﬁe decoder described in chapter 2.
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Chapter 4

COMPRESSION RESULTS AND ANALYSIS

Test Data and Testing Method

The test data for the universal coder with different modeler
consisted of different types of redundancies -- English text, gray-
scale images, and floating point arrays. The floating point arrays we

used are files which do not contain any "naturél" redundancies. We
use 0, i and 2 faylor Series approximation {predictor), otherwise no
compression is expected no matter'what code we use. Whenever'a
predictor is used, we use a particular predictor throughout one test
of a particular file to compare the results. '

AS we haveldiscussed in the previous chapter, building a model for
a high order Markov source is too expensive memory-wise. We test the
compression of our universal coder and different modelers by
compressihg the same file with Huffman code and LZIW code, and then.
with the universal coaer with zero-memory modeler and with LZW
modeler. | -

TabléIS shows the compression results of diffépeht codes with and
,'Qithout using £he universal coding scheme. We can see’ the clear
improvemegt in compression; the speed trade—off will be discussed in

section model analysis.
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Table 5. Compfession results for a variety of data types.

* with our modeler

and universal coder

Data Type Huffman LZW | Zero-memory LZW
English text 25% 45% 33% 55%
Floating Arrays 5% 102 28% ; 30%
Gray-scale images 5% 35% ' 30% 50%

* Code Analysis

The codiﬁg unit is bésed on the idea of the Elias code [3]. The -
code produced by the universal coder that we built can Be called as
Arithmetic Code which in its original practical formulation is due to
J. Rissanen [12]. We also construéted the Fast Arithmetic Code [10]
which is an implementation of Afithmetic code for sources using binary
alphabets and which uses n01nultiplic§tion. The price paid for the
resulting“faéter coding is a loss of at most 3% iﬁ compression
performance. In practice, the Fast Arithmetic Code may be a better
code to use because it is about twice as fast as 6ur universal code.
However, the Fast Arithmetic Code can only handle binary source code
so for most céées the universal code has the clear advantage.

There aré also several advantages to using the univérsal code as

opposed to other available codes. First, the universal code can-be
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used with any model of the source. Other codes have been historically
highly model dependenf and in fact the coding aﬁd the model are hard
to separate. The universal code enables the designer of a data
compression system to emphasize the modeling éf the data. Modeling is
where the difficulty in data éompression really lies because of the
variety of redundancies.

The adaétability of the universal code allows the modular design
of a data cbmpression system. If any changes are -made to the system,
for example changing from floating point numbers to gray scale images
or from a nonadaptive approach to an adaptive one, only the modeler
needs to be changed and.not the coder. This flexibility allows for
the design of one data compression system which is able-to‘compress
various types of data under. various‘circumstances without the need of

rebuilding the system for each type data. It also allows for médels

to use any type of source alphabets.

The most significant gain in the universal code is that it is a
noninteger code and so can perform compression as low as the entropy.

It is then easier for us to compare one model to another.

Model Analysis

Since our universal coder guarantees to generate codes with the
shortest average code length, we can concentrate on finding
appropriate models fof particular sources. Remember the definition of
the entropy -- the best possible compression With_the given
probabilities. The word "given" is the‘key of a modeler._ The several

models we discussed in the previous chapter provides totally different
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kinds of probabilities. 'It is not possible to conclude which is the
best, but rather'which is better for a particular source.
Intuitively, it is safe to say that LZW model works best for most
sources because LZW wo;ks like a variable order Markov process; Only
the popular patterns are put.in the striﬁg table. Before we study the
best and worst case in daté comprgssion, let us consider a general
information source. |

 Let the source alphabet § = {51/ Sor wees Sq}r the information
source s € S*, and s is made up of wy, Woy ceer Wi eeer Wppy where wi€e

S.and |s| = m.

The Best Case

The best case for any data compression system is When thé‘file
contains only the répetition of a single symbol of the source
alphabet. |

First of all, let us look at how'nonadéptive model would do. 1In
a zero-memory source or Huffman code, a single symbol-sX will have the
probability equal one. S¢ will be represented by one bit in Huffman
code. The percentage compression of Huffman cpde by (2.2) 1is

PCHuffmén = 1 —[(m + # of bits in the model file) / m * #:of bits per
source symbol], S0

PChuffman ~ 1 — (1 / bits per source symbol).
By using the universal coder and the zero-memory modeler, the
éncoding unit should simply send the model file and the number of

occurrences of symbol S, to the decoder. This is exactly the way that

a run-length code would handle the situation. Thus the compression is
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even better than the Huffman code though the theoretical 0 bit is needed
to encode such a source, because

H(s) = 1 log 1 + (q- D *0 log O

0.
IfT we treat such a source as a Markov source, we should come up with
the exact result except a bigger model file, it is because both the
encoding and decoding process stay in one state of the finite state
machine as in figures 8 and 9.

For adaptive models, the performance of both zero-memory sources
and Markov sources are somewhat worse than the nonadaptive models in
the best case. It is because we start off with equal probabilities of
all symbols. It is interesting to see how the LZW modeler performs

under the situation. By the LzZW algorithm, the source s = w®, w2, .

wA, .., wm, ans s is partitioned into t, _, ti, .., tr, where ti

S*. The encoded file of s is the concatenation of the code of tj,

and tr, that is to say C(s) = C(ti) C(t2) ... Ctti) .. C(tr). For the

best case, Wi = wj, for i, j =1, 2, ..., m. The partition is t" =
W1, t2=Ww2w3, t3=waw5we, ..., and jt-J =1, |t2]= 2, |t3]= 3, and
so on. For instance, S = { ASCIl characters}, and s =
aaaaaaaaaaaaaaa. |S| = 128 and |s] = 15. s is partitioned into a,
aa, aaa, aaaa, aaaaa, and the code of s C(s) = C(a) C(aa) C(aaa)
C(aaaa) C(aaaaa). Thus s can be encoded by 5 codes. 1In general, if s

= Im], and the number of code needed to encode s is N,

rr - D/ 2 > N > (U -Dr -2/ 2

N - fsgrt(@m) ] (4.1)



50

If we use a lzfﬁit code as suggested in [4], the compressed file is"
about sqgrt(2*m) * 12 bits. . By using the LZW modeler and the universal
coder, we need (7 + 12) / 2 bits for each code on the average. In
other words, we can save 2.5 bits per code and the number of code
needed is sqrt(2*m5.

‘The Worst Case

The worst case for any data-cﬁmpression system is a file with all
the symbols and possible strings having exactly-the same
probabilities.

'For nonadaptivevmodels,,p(si) = p(sj) fori,j=1, 2, ..., 9 in
zero—memory source, and p(SjlYi)= p(Sj)for all’'jand yY; = 1, 2’7'7
qd. ‘The best that the universal coder using'a\zero—memory modeler or a

Markov source modeler is

jus}
9]
1

q * 1/9 log q. | L (4.2)
I(s) =‘ﬁ‘* H(s). . , k4.3)

For édaptive models, equation (4.2)‘and (4.3) still hold because
an adaptive model starts with equal probable symbols and tﬁe count of
symbols and strings never changes much.in the worst'case. |

The original LZW algorithm, however, p;oduces a compressed file
which is bigger than the.source file because the nature of the fixed
length code. It is the reason why the LZW algorithnfgives negative

compression (expansion) in some cases.

Conclusions
Different models produce different ratios of compression on

different source files. However, the universal coding scheme
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described in this paper éuarantees the shortest avefage code length
for the given probabilities. More importantly, the universal coder
can be used with any model'of the source, and the conversion of most
data compression systems into modeler and coder is quite easy and
straight forward.

Nevertheless, using an adaptive model like LZW with the universal
coder slows down the speed of the whole coding process by aé much as
50 times comparing wifh the original LZW code while 10 to 20 percent
extra compression is gained on the average. It is up to the user to
decide if compréssion is more important than the speed of the coding
process. It also leads to future research in speeding up the coding
process for adaptive models which are supposed to be faster than

nonadaptive models.

Future Research

Future research in the whole area of data compression may be
concentrated on modeling. Since no universal modeling technique can
guarantee effecti&e compression, it would be niée if there existed an
analyzer which determines which modeler works best for any given
source file.

Data compression systems which deal with digitized images
complicate the problem even further becaﬁse some iméges do not possess
- any "natural" redundancies. The modelers wé look at in this paper
capture only sequentidl redundancies while in most images, the value
of a pixel depends on the éurrounding pixels. Predictors described in

[14], for instance, have to be used.
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Furthe;more; adaptive models'qsiﬁg the universal qoder performs
quite a bit slower Ehan nonadépfive models because of the
recalculation‘of probabilities after each.symbdl has been scanned.
However, parallel algorithms seem to fit very well with.the
probability calculgtions; Speed is expected. to increase dramatically

if such'algorithms are'employed;
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APPENDIX A

Glossary of 8ymbdls and Entropy Expression

General Symbols

S source alphabet
S source symbol

q = |S| number of source symbols

st nth extension of source alphabet

. ) ) ' *
S information source, an element of S
Is| size of an information source

C(s;5) code of the source symbol S

C(s) code of the inormation source s
X ~ code alphabet
Xy code symbol
r number of code symbol
li number of code symbols in codé word X5 cofresponding to S;
L average length of a godé word for S
Ly average of a code word for S.

Entropy Expressions

L= E:qi=1 IC(Si)I P(Si) the average code length
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I(s;) = - log P(S;) he amount of information obtained
when S; is receivéd

H(S) = —Ejs P(s;) log P(s;) entropy of the zero-memory source S

I(s) = |s]| * H(S) amount of information of an

information source
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APPENDIX B

Definitions of codes

Instantaneous

Not instantaneous Nonblock
Uniquely decodable

Not uniquely decodable

Nonsingular

Singular

Block

Figure 21. Subclasses of codes.

Definitions:

A block code is a code which maps each of the symbols of the

source alphabet S into a fixed sequence of symbols of the code

alphabet X.

A block code is said to be nonsingular if all the words of the

codes are distinct.
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The nth ektension of a block code which méps the symbols S; info
the code words X; is the block code which‘maps the sequences of source
symbols (S;1S;, ... S;,) into the sequences of code words (X;1X;, 4.
Xin) -

A block code is séid to be uniquely decodable if, and only if{

the nth extension of the code is nonsingular for every finite n.
A uniquely decodable code is said to be instantaneous if it is

possible to decode each word in sequence without reference to

succeeding code symbols.
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