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Abstract

In text compression, statistical context modeling aims ¢ostruct a model to calculate the probability
distribution of a character based upon its context. The refdeontext of a symbol is defined as the string
formed by its preceding: symbols. This study introduces compressed context magelitnich defines the
order-k context of a character as the sequence-diits composed of the entropy compressed representations
of its preceding characters. While computing the compressatext of a symbol at some position in a given
text, enough number of characters are involved in the cossprecontext so as to producéits of information.
Thus, instead of certain number of characters, certain amaflinformationis considered as the context of a
character, and this property enables the prediction of enahacter to be performed with nearly uniform amount
of information. Experiments are conducted to compare tlopgsed modeling against the classical fixed-length
context definitions. The files in the large Calgary corpus ramaleled with the newly introduced compressed
context modeling and with the classical fixed-length contexdeling. It is observed that on the average the
statistical model with the proposed method usgg6 percent less space measured according to the number of
distinct contexts, while providing.88 percent gain in empirical entropy measured by the inforomatdontent
as bits per character.
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I. INTRODUCTION

Prediction with partial string matching (PPM) method, whiwas originally introduced by Cleary
& Witten [1], has been studied extensively during the lasb wecades yielding the most successful
compression rates. The basic idea is to predict the next alybdsed on the preceding symbols. The
algorithms originating from this main idea are generallgssified as context-based compression algo-
rithms [2]. Some sophisticated extensions of the PPM metlogg have reported the best compression
rates especially on natural language texts [3], [4].

The two phases of context-based compression algorithmsaatext modelingnd coding Context
modeling process [5], [6], [3] aims to construct a statatimodel to calculate the probability distribution
of a character based upon its context. The character is thevded according to its probability in that
distribution via a selected coding scheme, such as thenaetib coding [7]. The compression rate is
highly related with the success of the context modelingesimetter description of the source data yields
more accurate statistics, which in turn improves the efiicyeof the coding.

Given textT” of lengthn as7" = tt, .. .t,, the order% context of the symbadl,, wherek < p <n, is
defined as the string,_y, . . . t,_»t,_1 formed by its preceding symbols. Context modeling approaches
differ due to the length of context used in the compressidre dompressors using finite-length context
models [8], [9], [10] setk to a predetermined value at the beginning of the compregsiocess. The
frequencies of the characters succeeding the okdeontext up to the current symbol determines the
value generated by the encoder for that symbol. The stigiupdated after each encoding step.



On the other hand, some compressors such as PPM* [11], [I2]P&MZ [13] usedeterministic
context, which was introduced by Cleaey al. [11], [12]. For some positiop < n, the v character
long string D = t,_,,...t,—aot,—1, p > u, is the deterministic context of,, if and only if, for all
positions in7T" up to p, D is always followed by the same symbg). According to this definition,
u can take any value betwednto p. Thus, the deterministic context is unbounded. The consprss
based orunbounded-lenghtontext tries to find the deterministic context at each pmsitlf no such
deterministic context exists for the current they switch to regular fixed-length context procedure.

This study proposes a novel context modeling techniquechvbiefines the context of thg as the
sequence ok-bits that is composed of the entropy compressed reprdgergaf its preceding charac-
ters, wherek is a fixed predetermined value. More formally, the fiksbits of comp(t,_1t,—2...t,—)
is proposed to be used as the ordecentext oft,, assumingcomp(S) corresponds to the bit stream
holding the entropy compressed representation of sffimgd¢,_. ...¢,_; is long enough to have more
than £ bits in the compressed form. The novelty comes from the faat; tunlike the other modeling
techniques that are based on the previgusymbols, the introduced compressed context modeling
considersk—bits of previous information. The amount of information in theepeding symbols is
measured according to Shannon’s information theory [14¢ &&n easily compute the information
content of the previous characters by examining their cesged representations since compression by
itself aims to represent sequences with least number ofabiterding to their entropy. In other words,
compressed context modeling (CCM) scheme no more definesotitext of a symbol a sequence of
its preceding characters, but instead a sequence of biterlsade the previous characters according to
their entropy.

The Contribution: The advantages of the CCM technique may be investigatedr uwdeissues as
gain in entropy and gain in space. On equal context lengthatlerage empirical entropy of an input
file measured under CCM is less than the one calculated uhderarresponding fixed-length context
modeling (FLCM). As an example, experiments conducted ogel&algary corpuisshowed that, the
average empirical entropy of a file under order-bit CCM is approximatelys0% less than that of the
same file under ord&-FLCM, which indicates the compression is expected to beebdttCCM is
used. This is due to the fact that CCM stores much more infoomahan the fixed-length model in
two bytes (6 bits).

On the other hand the number of observed distinct contexssfile, which greatly determines the
space consumption of a PPM scheme, is larger in CCM than that BLCM when equal context
lengths are considered. For example, on the above settomggekt length= 2-bytes = 16-bits) the
number of distinct contexts under CCM is four times largemtithat of under the FLCM model. Thus,
the next question is whether it is profitable to trade entrojiyh space. To answer that question, a
second measurement is done on the test files. Otde-EM is compared with ordef-CCM, where
¢ is the largest number chosen such that the number of distinct contextsnadgen orderé CCM is
lessthan that of the ordet-FLCM. As an example, thé value computed against order-LCM on
file booklof Calgary corpus id1 since the number of distinct contexts argr5 and 1826 on CCM
and FLCM schemes respectively. The averages computed arger Calgary corpus showed that CCM
introduces al3.76 percent gain in space, while still preserving an advantdge88 percent in entropy
over the FLCM.

Outline: After describing the basic motivation in sectibnSection2 surveys problems regarding to
the context modeling in fixed-length and unbounded-lengtiders. Sectiors describes the proposed
compressed context modeling concept in detail, followethigysectiont giving the experimental results
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obtained while comparing CCM against FLCM on the Calgaryuasr The study ends with concluding
remarks on the new approach and future research directions.

II. MOTIVATION

The main motivation behind the compressed context modditg have approximately equal amount
of information while performing a prediction on each symb®bmetimes just one character may say
more on the value of the next than a sequence of characteis.c&htral idea may be best explained
on an example. Assume we are examining the context of laiteat’some position in an English text.
If the previous character is 'q’, it might be enough for a gatatistical distribution as 'q’ is generally
followed by 'u’ in English and most probably we will see thaetdistribution of characters following
'q’ estimates a high probability for letter 'u’, which willige us an opportunity to encode 'u’ with less
number of bits in this context. On the other hand, if the pdéwg character is '0’, we can not rely on
the statistics collected up to current position from theceeding letters of '0’, since it will not assign
a probability to 'u’ as high as in the ‘g’ context case. Henwe, need to consider more characters, and
maybe three letter long context 'vio’ will be merely able tvegenough high probability to 'u’.

The amount of information contained in a sequence is medsusag Shannon’'s theory [14] and
compression algorithms compete to squeeze a given texs tofdarmation content. Based on this fact,
the natural solution for the stated aim of this study is totheecompressed form of the previous context
in the design of the statistical model. This might seem arlwky in the beginning since it is proposed
to benefit from compression during the actual compressica fde.

The number of characters included in the compressed cowofegt symbol is neither fixed nor
unbounded. Furthermore, it is possible that the length hbgHractional, e.g2.3 characters. Assuming
a simple zeroth order entropy model to measure the infoomatontent of the context of a character,
if the preceding symbols carry high entropy, meaning thay thre rare, then the number of characters
involved in the context will be low. When the symbol is preeddyy frequent symbols, the number of
characters involved in the compressed context will be hgijice frequent characters will correspond
short code words.

Note also the difference between unbounded-length detéstici context and the compressed context
that the later does not require the context tadb&erministic but tries to find enough long context where
the probability distribution is skewed enough for an efiitiencoding of the next symbol. This effort
is in much comfort than looking for the deterministic coritags compressing a couple of characters is
easier than investigating the whole file until a specific poin

IIl. CONTEXT MODELING PROBLEMS IN CONTEXT-BASED COMPRESSION

It will be better to first remember the general mechanism iMR{gpe compression, and then focus
more on the difficulties arise in practice. Assume that weetfavshed the encoding aft,...t,_; in
the given sequencé, and now trying to compress next symbgl

The first thing we need to examine is whetiighas been previously preceded by its ordecentext
ty—i ... ty—otp,—1 UP to current poinp. If we find out thatt, has been previously observed to follow the
stringt,— . . . t,—ot,—1, then we use the frequency counts of this context and conpatprobability of
t,. This probability is send to the coder, the frequency,of thet,_; ... t,_ot,_; contextis incremented
by one, and the process is repeated for the ngxtuntil the end of the input text. In case of failure in
locatingt, . . . t,—2t,_1, the probability of arescapesymbol is estimated due to this context, and this
probability is sent to the coder. After emitting the escapelsol indicatingt, has never followed this
context up to positiop, the statistics of the related context is updated, the gbigagth is decremented
by 1, and the same procedure is repeated with ofder1) contextt,_._; ...t,_ot,—1. The coder keeps



emitting escape symbols until a match is reported by anyesviength down td. If the symbol has
not been observed even in ordecontext, meaning that this is the first time symbploccurs in the
text, special action is taken to code its actual value.

Most of the PPM variants such as the PPMA and PPMB [1], PPMC PEIMP and PPMX [9],
and FastPPM [10] use finite-length context modeling. Thennthfference among these alternative
implementations is actually the way they handle the zeegtfency problem [15], which is out of the
scope of this study.

On the other hand, if we prefer using unbounded-length oeiéstic context instead of a fixed-length
context, then we need to begin with searching the detertiurgentext of,. In case such a context
is detected for some length, the coder uses the statistics of that ordecentext. Otherwise, the
compressor switches to regular fixed-length orélezxecution again with a predetermined maximam
value.

The main point in all context-based compression schemeseisi¢cessity to access the frequency
counts of characters in the context, ...t, »t,_, for somep and k values. There are two ways to
accumulate this:

The first one is to scan the previous text . .. t,_; and compute the frequencies dynamically at each
attempt of coding,. This brings a time-complexity ab(n?) since for eactp, 1 < p < n, the previous
p — 1 positions should be checked resulting to the sum ef2+3+...+(n—1)=(n—1)-n/2.
The good thing about this dynamic approach is that there isie®wd for space as we do not store
anything. On the other hand, the compression will be very.sithough it is possible to calculate
the frequencies faster with more sophisticated patterrchivag techniques [16], this approach indeed
becomes infeasible with the growing value of text size

The second way is to use a data structure to store all freguemants corresponding to possible
distinct contexts. One such structure is a table that eashcaoresponds to a specific context, and the
columns include the frequency counts of characters in thigext. After encoding of each charactgy
the related updates are performed on the table.

For the encoding process of described above, the related entry in the table should tmdddirst.
This requires a search process on the table, which may bérefitvarious techniques such that the
rows of the table may be kept sorted according to contexiggriand a binary search procedure may be
run to accomplish this task. Although this seems better tha®(n?) dynamic computation approach,
it still needs considerable effort to find the correct rowhe table besides the need for memory. Keeping
the entries sorted is another issue also.

Context-tries are used to overcome that problem. Insteaal table, a trie of deptit for order+%
context modeling may be used [13]. While passing over theftexthe compression process, the trie is
updated after encoding of each character. The nodes areoseahf a label indicating the character,
the frequency count due to the trie structure, and pointergatent and children nodes to be able to
traverse the trie. Such a trie gives access to an okdeontext in Of) complexity, since it takes at
mostk steps to reach a node in a depth+trie. The disadvantage is the difficulty in programming and
maintaining the complex data structure [17] besides theease in required memory.

In practice, a third solution is more widely preferred thdinked list is used to store the statistics.
Each distinct context is saved in a list node along with iistics, where the nodes in the linked list are
kept sorted. A relatively small table holding the hash valagthe orderk contexts is also maintained.
Whenever a context is to be searched, first its hash is couhrid the traversal of the linked list
begins from the node pointed by the hash table. This apprdaek not eliminate the search process
of the context, but serves a good practical solution to sefgserformance. A similar implementation
was given in [18].



The implementation of PPM compressors depending on untsalilehgth deterministic context ([12],
[13]) is much more difficult as the solutions described abaxe not enough to locate deterministic
contexts. In such cases, the suffix tree [19] is used. Howéverdemand of the suffix trees for huge
memories inhibits their practical usage.

In spite of these discussions, the basic difficulties facathplementing a PPM scheme is the complex
data structures demanding large memories and the searchsgrin locating a context when linked lists
or tables are preferred in storing the frequencies. Thuacespfficient context modeling approaches
enabling time-efficient access to frequency counts seeoakitd. Special attention should be paid not
to loose efficiency in compression rate while designing suamodel. The proposed compressed context
modeling scheme is an attempt to achieve these goals.

IV. COMPRESSEDCONTEXT MODELING

Let B = b1by...b, be the bit stream resulted from compressing a symbol sequgne s;s; ... s,
of lengthr as B = comp(S). Assuming textl’ = tt,...t, is given, the orderk compressed context
of symbol ¢, is the firstk bits of the bit sequenc® = comp(t,_1t,—2...t,—). The window size
variable w indicating the number of preceding characters involveddmp() function is determined
with an incremental approach. Firstmp(t,_,) is calculated. If the length of the resulting bit stream is
equal to or greater thah, then we stop. Else, we continue withmp(t,_1t,—2), comp(t,_1t,_ot,_3),
...comp(t,—1t,_ot,_m), until the length constraint is satisfied @r become9 indicating the beginning
of the text is reached. } = m and the length of the bit string is still less thanthe order& compressed
context is undefined fof,. Thus, it is not possible to model some small number of ihdi@racters in
a file because of the lack of enough previous information.

The compression function that is to be used in CCM needs tp thigerestriction that for all substrings
AandBinT,if A= B, thencomp(A) = comp(B) should hold. That is because we don’t want to mix
the frequencies of different contexts.démp(A) = comp(B) while A # B, then the the probability of
charactert, will be estimated according to unified frequencies colledteth from different4 and B
contexts.

On the other hand, whetomp(t,_1t,—2)...t,—,,) produces more andomp(t,_1t,—2)...tp—w—1)
produces less thah bits, then the the bits added to the stream by the introductfdhet,_,, can only
be added partially to the compressed context,ofor example lets assume the compressed context of
t" in text 'denote’ is to be computed, and it is seen thatp('on’) is shorter thark while comp(one)
is larger. When the first bits are extracted fromomp('one’), some of those bits residing at the end are
related with character 'e’. If some other context such ag’d¢ras the same initiat bits in comp('ona’),
then the frequencies for the compressed context of 't" &t gasition will both include those letters
following "ano’ and 'eno’. Thecomp() function accepts inputs in the reverse order of appeararze,
because of this property ambiguity can only be caused by itigdeslast symbol that is leftmost to
currentt,. Thus, it is accepted in the current proposal. Note that ag ks the same characters are
involved and statistics are extracted properly, inforovatiheoretically, reading from right-to-left is no
different than reading left-to-right.

The compression function used in CCM need not be the sametétbne being used in theding
phase of the PPM scheme. It might be the case that the codegeph using, say, adaptive arithmetic
coding while the compressed context models are construdgted static zeroth order Huffman coding.

V. EXPERIMENTAL RESULTS

Experiments are conducted to compare compressed contedlimp versus fixed-length context
modeling on large Calgary corpus. Themp() function used in CCM was selected to be a simple



Large Calgary corpus File ID List: 1-paperl, 2-paper6, Bepa, 4-progl, 5-paper3, 6-paper4, 7-paper2,
8-book2, 9-bib, 10-bookl1, 11-geo, 12-progc, 13-news, ogyp, 15-trans, 16-pic, 17-0bj2, 18-objl
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Figure 1. CCM against FLCM according to average empiricatogy.

zeroth order minimum variance static Huffman coding [20ju$, the compressed contextigfis the

bit sequence formed by the corresponding Huffman codeseoptaceding characters. The single letter
frequencies, which are required to assign static Huffmasesdo each character, are counted with a
prior pass over the target files.

Each of thel8 files in the corpus are modeled with CCM and FLCM accordingiffer@nt context
lengths adl to 24 bitsin CCM, and1 to 10 bytesin FLCM. The average empirical entropies of the files
are measured ibits per character(bpc) under each model. It is known that the actual comprassi
rates cannot catch these theoretical values. Howépermeasurements indicate the descriptive power
of the underlying statistical models.

First, the performances of CCM and FLCM are compared on eguakxt lengths. Since the unit of
context is bits in CCM and bytes in FLCM, orderFLCM is compared with orde(s - k) CCM. The
average empirical entropies measured on all files for coteegths of one—byte (eight-bits), two—bytes
(16—bits), and three-byte24—bits) are plotted in figure 1, where the length of the contex¢presented
by the value after the dash sign, e.g.in FLCM-2.

The grand average computed over all files in the corpus shbatstlhe average empirical entropy
measured under ord&¥-CCM is 15.38 percent lower than order-FLCM. Since lower entropies mean
better descriptions of the data, the performances of ot@esnd order24 CCM are47.44 and61.67
percent better than corresponding ordeand order3 FLCM respectively. This is due to the fact that
CCM stores much more information than FLCM in same contexgtle, which is the basic motivation
in the CCM proposal.

The amount of memory that a context-based compression scheguires is mainly determined by
the number of observed distinct contexts on the target filee Aumbers of distinct contexts observed
under CCM and FLCM are investigated in figure 2. It is obserireat order8 CCM generate2.40
times more distinct contexts than orde~LCM. Similarly, order46 and order24 compressed context
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Figure 2. CCM versus FLCM according to number of observetewifit contexts.

modelings produce.96 and 3.79 times more unique contexts than ordemnd order3 finite-length
context modelings respectively.

Hence, a second measurement is performed to see how CCMdzeifiave restrict its order to use
less number of distinct contexts than the FLCM model. On diéehn the corpus, the ordef-CMM
is compared with ordef~=FLCM such that/ is chosen to be the greatest number, where number of
distinct contexts in ordef~CMM is less than ordek-FLCM. The results of the comparisons for files
paperl, bookl andobjl under this space restriction are depicted in table I. As amgke, the selected
length of the CCM context corresponding to ordeFLCM on paperlis 11 bits sincell is the biggest
number that the number of contexts under ord&r€ECM is less than that of the value under order—
FLCM. Compressed context modeling claims to have betteiopaance than FLCM in space and/or
entropy. Hence, the percentages of gain both in space ampgrdare computed on the measurements.
For example,the space required by ordéreCM is5.08 percent less than the space required by otler—
FLCM (as (1556 — 1477) /1556 = 5.08) and the entropy of ordet+ CCM is 8.62 percent better than
order order2 FLCM (as (2.33 — 2.13)/2.33 = 8.62) on paperl

The percentages of average gains in space and entropy aneasined in table 1l for every file in the
corpus. We observe that there is a loss in entropy on thealdéumrguage files if we want to save space
with CCM. Note that the gain in space is always superior tg lasentropy in all circumstances, which
makes sense in trading space versus entropy with CCM. Onstemctured files such as the geophysical
data filegeoor thetransfile including the transcript of a terminal session file, CCkihlys advantage
both in space and entropy. The entropy gain is tremendouslespicl objl and obj2. Even when
we exclude those files from the statistics, the average sabeeomel4.48 percent for gain in space
and0.002 (negligible) percent for gain in entropy. This shows thaaprequirements in context-based
compressors can be significantly reduced by replacing FLEMs with the proposed CCM.



Context Length Number of distinct contexts Avg. Emp. Entropy in bpc| Percentage of Gain Percentage of Gain
CCM (bits) FLCM (bytes)| CCM FLCM | CCM FLCM in Space in Entropy

6 1 64 95| 3.61 3.64 32.63 0.9

11 2 1477 1556| 2.13 2.33 5.08 8.62

15 3 4769 6155| 1.47 1.40 22.52 -4.55

18 4 11324 12841| 0.94 0.90 11.81 -4.84

22 5 19412 19841| 0.61 0.63 2.16 2.09

24 6 20920 26074| 0.56 0.44 19.77 27.74
Avg.: 15.66 Avg.: -4.25

a) The results of the comparison on filaperl

Context Length in Bits| Number of distinct contexts Avg. Emp. Entropy in bpc| Percentage of Gain Percentage of Gair
CCM FLCM CCM FLCM | CCM FLCM in Space in Entropy
6 8 64 82| 3.49 3.58 21.95 2.46
11 16 1775 1826| 2.59 2.81 2.79 7.83
15 24 13187 13296| 2.06 2.19 0.82 6.08
18 32 39145 49956 1.74 1.73 21.64 -0.32
22 40 107729 124119 1.38 1.37 13.21 -0.41
24 48 154136 227992 1.21 1.05 32.39 -15.99
Avg.: 15.47 Avg.: -0.06

b) The results of the comparison on fibe@okl

Context Length in Bits| Number of distinct contexts Avg. Emp. Entropy in bpc| Percentage of Gain Percentage of Gair

CCM FLCM CCM FLCM | CCM FLCM in Space in Entropy
6 1 249 256| 3.13 3.46 2.73 9.49
13 2 3802 4766| 1.26 1.75 20.23 27.85
16 3 7686 8246| 0.68 2.40 6.79 51.67
18 4 9551 9793| 0.46 1.25 2.47 62.74
19 5 10252 10614 0.39 1.24 3.41 68.06
20 6 10832 11147| 0.34 1.16 2.83 70.52

Avg.: 6.41 Avg.: 48.39

¢) The results of the comparison on fibgjL

Table |
COMPARISON OFCCM VERSUSFLCM UNDER SPACE RESTRICTION

VI. CONCLUSION

Although context based compression algorithms are knowactieve higher compression rates,
they are slower than lexicon based approaches and demanudiee memory [21], [2], [17]. This
disadvantage lacks their usage especially in limitedunesenvironments such as the mobile devices.
The main reason of high resource allocation is the compléx skauctures required to hold the various
different statistics measured in different contexts [M]ocation of large memories also brings access
problems and latency, which was investigated in seckion

This study introduced compressed context modeling, whichn attempt of using compression in
compression, as an alternative method to fixed-length oowmied-length context modelings. The
length of the context in CCM is not restricted with a numberpoévious characters, but instead a
certain amount of information. This information is agaimygmuted by compressing the previous content.



Percentage of Average Percentage of Average

File Name Gain in Space Gain in Empirical Entropy
paperl 15.66 -4.25
paper6 12.45 -3.30
paper5 11.66 -2.74

progl 18.69 -2.59
paper3 14.39 -2.45
paper4 11.91 -2.06
paper2 18.47 -2.00
book2 24.84 -0.82

bib 15.62 -0.69
book1 15.47 -0.06
geo 3.43 2.44

progc 11.63 2.93

news 15.01 2.96
progp 11.09 4.20

trans 16.89 8.44

pic 17.96 25.77

obj2 6.07 31.58

obj1 6.41 48.39

Average 13.76 5.88
Table 11

COMPARISON OF COMPRESSED CONTEXT MODELING VERSUS FIXEDENGTH CONTEXT MODELING.

With this property, approximately uniform amount of infaation is used in predicting the next symbol
based on its preceding context, which gives better esimsitiExperimentally it is shown that the space
requirement, which is directly proportional to the numbeédistinct contexts in a statistical model, can
be lowered with CCM, and it is possible to catch the level air@py achieved by high-order context
lengths in classical methods with shorter context lengths.

The experiments represented in this study computedingpressed conterf a symbol by compress-
ing its preceding characters with a simple zeroth order idaff coding. It is believed that using more
sophisticated compression schemes such as the higherkbuffenan codes, or arithmetic coding will
lead to better results than the ones presented in this faygeire research direction in CCM is to design
and implement a new PPM-type compressor based on the casedresntext modeling scheme, and
compare the resulting compression ratio with the otherradteses.
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