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Abstract

We report on a simple encaling format called wzip for decompressingblock-sorting
transforms, such asthe Burrows-WheelerTransform (BWT). Our compressorusesthe
simple notions of gamma encaling and RLE organized with a wavelet tree to achieve
a slightly better compressionration than bzip2 in lesstime. In fact, our compres-
sion/decompressiontime is dependert on Hy, the empirical hth order entropy. Another
key cortribution of our compressoris its simplicity. Our compressorcan also oper-
ate as a full-text index with a small amourt of data, while still preserving backward
compatibilit y with just the compressor.

1 Intro duction

Most text compressionalgorithms currently in use adapt their performance according to
the statistics of the le seensofar. Theseadaptive methods have many advantages, mainly
revolving around better compressionratios as the algorithm infers the statistical model
underlying the data. This processcan be expensive computationally, and in truth, even a
deterrent to use, if the opportunity cost is high enough. On the other hand, purely static
compressionmodelshave su ered (up to this point) from the opposite problem|inadequate
compressionwith xed encading modelsfor alarge classof les. Howewer, thesestatic model
approades perform extremely well with regard to compression/decompressioriime.

What we o er in this paper is a static model that compressesto within 5% of re-
sults achieved by adaptive methods, with extremely simple techniques, yet very fast encad-
ing/decoding. Two basic methods we useare those of RLE and gammaencaing, which we
detail below.

Run-length encading (RLE) simply represens eadh subsequencef identical symbols (a
run) from an input sequenceasthe pair (I;s), wherel is the number of times that symbol s
is repeated. For a binary string, there is no needto encade s, sinceits value will alternate
between 0 and 1. The length | is then encaded in some fashion. One such method is
the code, which represers the length * in two parts: the rst encadesblog ¢ in unary,
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Figure 1. Example for mississippi# , whosetransform is ipssm#pissii

followed by the value of ©  2P°9°¢ encaded in binary, for a total of 2blog c bits.  codes
are optimal for a statistical model in which the distribution is 1=x2.

2 The Wavelet Tree and the Static Mo del
2.1 The Wavelet Tree

Grossi, Gupta, and Vitter [3] introduce the wavelettree for reducing the redundancy in-
herert in retaining separatedictionaries for ead symbol appearing in the text. In order to
remove redundancy among dictionaries, ead successie dictionary only encadesthose posi-
tions not already accourted for previously. Encoding the dictionaries in this way acieves
the high-order ertropy of the text, as per the discussionin Lemma 4.1 of [3]. Considerthe
example wavelet tree in Figure 1, built on the text mississippi#

We implicitly consideread left branch to be assa&iated with a 0 and ead right branch
to be assa@iated with a 1. Eadch internal node u is a dictionary dict [u] with the elemerts
in its left subtree stored as 0, and the elemers in its right subtree stored as 1. For
instance, consider the leftmost internal node, whose leaves are p and s. The dictionary
(leaving asidethe leading 0) indicates that a single p appearsin the BWT string, followed
by two s's, and soon. The secondtree indicates an RLE encading of the dictionaries, and
the bottom bitv ector indicates its actual storageon disk in heap layout with a encading
of the runlengths previously described. The leading 0 in ead node of the wavelet createsa
unigue assaiation betweenthe sequenceof RLE valuesand the bitv ector.

It has beenshown both theoretically [3] and practically [4] that the spaceoccupancy
of the wavelet tree does not change regardlessof the shape of the tree. As sud, we opt
for a balancedtree whosenodes are stored according to the heap layout. Thus, the root
occupiesposition 1, and the node in position i hasits parent in position bi=2c (if i > 1)
and its children (if any) in positions 2i and 2i + 1, respectively.

2.2 Empirical distribution of RLE values and codes

A natural question arisesasto the choice of the simplistic  encaling, since, theoretically
speaking,a number of other pre x codes( , , and skewed Golomb, for instance) outperform



le +escape | arithm. | human | a= 0:88 | adaptive a
E.coli 2.1780 | 2.5238 | 2.4763 27797 | 1.9932 2.1017 2.0758
asyoulik.txt 2.6304 | 2.9104 | 2.9129 2.7324 | 2.5946 2.5875 2.5873
bible.txt 1.6109 | 1.7677 | 1.7839 1.8190 | 1.5963 1.5901 1.5903
cp.html 2.6949 | 2.9554 | 2.9310 2.7170 | 2.6487 2.6465 2.6543
elds.c 2.4387 | 2.6145| 2.5894 2.4645 | 2.3228 2.4186 2.4186
kennedyxls | 1.4269 | 1.6051 | 1.4718 1.6834 | 1.3521 1.3998 1.3968
random.txt 6.7949 | 7.9430 | 7.7460 6.1273 | 6.0004 6.5210 6.4187
sum 2.9500 | 3.2324 | 3.1803 29184 | 2.8765 2.8792 2.8698
world192.txt | 1.4699 | 1.5890 | 1.6095 1.5815 | 1.4555 1.4540 1.4550
xargs.1 3.3820 | 3.7303 | 3.6564 3.3763 | 3.3068 3.3404 3.3404

Table 1: Bits per symbol of sewral codesfor RLE

Value | Hu man code || Value | Hu man code || Value | Hu man code
1 0 1 6 10100 00110 11 1100010| 0001011
2 111 010 7 110101 00111 12 1010101| 0001100
3 100 011 8 110000| 0001000 13 11011100| 0001101
4 1011| 00100 9 1101111| 0001001| 14 11011000| 0001110
5 11001| 00101 10 1101001| 0001010| 15 11000111| 0001111

Table 2;

codes with respect to the spacerequired per symbol. Howewer, as is discovered in [4],

encaing seemsextremely robust. Our recert experimens are summarizedin Table 1,
where we report the bits per symbol (bps adieved in our experiments. There is clear
empirical evidencethat encading is almost the best. In Section 2.3, we'll formalize this
experimental nding more clearly by curve- tting the distribution implied by onto the
distribution of the runlengths.

Improving upon to encade these RLE values requires a signi cant amount of work
with more complicated methods. For the purposesof illustration, considerthe comparison
of encding to that of an optimal Hu man encaling for bible.txt , given in Table 2.
Note that the code diers from Human by at most one bit. A similar skew appearsin
almost every le, and assud, this meansthat the majority of RLE valuesare encaded into
codewords of roughly the samelength by both Hu man and

As a matter of fact, this newsis both encouragingand discouraging|it seemghat there
is no real hopeto improve upon using pre x codes,sinceHu man codesare optimal pre x
codes. Further improvemert then, in somesense necessitateanore complicated techniques
(such as arithmetic coding) which have their own host of di culties, most often a greatly
increasedencaling/decoding time. We considerassigninga non-integral number of bits to
eat RLE in Section2.3.

2.3 Statistical evidence that the distribution of RLE values ts the static
model of codes

In this section, we motivate our choiceof encaling more formally, with statistical evidence
suggestingthat the underlying distribution of RLE valuesmatchesthat which is optimally
encaded by encaling. For instance, considerthe empirical cumulativ e distribution of the
RLE valuesfor bible.txt  show in Figure 2. Note that this distribution is tted by the
function

cdf(x) = ex  x2N*; (1)
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Figure 2: The x-axis shows the distinct RLE values for bible.txt , in increasing order.
Left: The empirical cumulativ e distribution together with our tting function cdf. Center:

The empirical probability density function together with our tting function pdf. Right:

The empirical probability density function together with the tting function —2, where

£ =_1 isthe normalizing factor.

i=1 ;2

where parametera 2 R™* is a constart depending on the data le (bible.txt in our case).
For the Canterbury Corpus, we obsened that a 2 [0:5::: 1:8] depending on the le (e.g.,
a = 0:9035for bible.txt ).

We can compute the derivative of cdf as if it were a cortinuous function and, after
renormalization, we obtain the corresponding probability density function:

| |
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2

pdf (x) = = —— iix2N";a2R" (2)
ER
Pi s . N ,
where the term [, >~ is the normalization factor. As one can seefrom Figure 2,

the function (2) ts the empirical probability density of the RLE valuescomputed for le
bible.txt  well, suggestingthat the approximation of the cdf to a continuousfunction leads
to a negligible error.! As one can see,pdf (x) Xlz as x approadesinnit vy, i.e.,
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Sincethe code is optimal for distributions proportional to xiz we nally have some

reasonablemotivation for the succesof the code on an RLE stream of wavelet tree data.
Howewer, theseresults only indicate the measureof succes®n pre x codes;encadings which
can assignfractional bits may yet yield signi cant improvemert.

2.4 Arithmetic coding of RLE values

We performedvarious testswith Mo at's implemenrtation of arithmetic coding.? The results
are not satisfying ascomparedto , asthe range of RLE valuesto encade is unlimited and
this is not the best situation to work with an arithmetic encader.

1We employed the matlab function called LSQCurvefit , which nds the best tting in terms of the least
square error betweenthe function and the raw data to be approximated.

2The code written in Java <http://mg4j.dsi.unimi.it> is inspired by the arithmetic coder by
J. Carpinelli, R. M. Neal, W. Salamonsenand L. Stuiver, which is in turn basedon [2].
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We then employed the statistical model of function cdf to tailor an arithmetic coder to
perform well on RLE values. Recall that both pdf and cdf depend on the knowledge of
the parameter a in formula (1), which in turn dependson the le being encaded. (We ran
experiments with a xed a = 0:88, which alsotends to yield good results on most les.) To
this end, we took a free and fast arithmetic-lik e coder called range coder [6], employed in
szip . We encde the RLE valuer by assigningit an interval of length cdf (r + 1) cdf(r) =
pdf (r). (This appearsto be faster than using the cumulative counts of the frequency of
values already scanned,analogouslyto the well-known arithmetic coders.) With this kind
of compressorwe improve the compressionrate from 1% to 5% with respectto encading
(seeTable 1).

We then transformed our arithmetic compressorso that the parameter a could be
changedadaptively during the execution, hoping for a better compressionratio. We needed
a cue to infer a from the values already read, and decided to use an MLE (maximum
likelihood estimation) algorithm (described below).

The main hurdle to simply using MLE is its assumption of independen trials. (In
our terminology, this would have to mean that ead of the runlengths is independertly
drawn from its pdf.) Though we could not nd a satis able measurefor this notion, we
did measurethe autocovariance (normalized) of the RLE values. This method is widely
adopted in signal theory [1] as a good indicator on independenceof a sequenceof values,
though it does not necessarilyimply independence. In our case,the correlation between
consecutive RLE valuesis very low for the les in Canterbury corpus, which again, though
it doesnot imply independencein the strict sensejs a strong indication of it.

With this obsenation in mind, we assumestatistical independenceof the RLE values
in order to de ne the likelihood function

|
ek
I

Y
Ix(@;xa:iixg) = pdf(xi) =
i=1 i=1 ! i=1

We want to nd the value a wherel(x) reachesits maximum. Equivalertly, we can nd
where the log of the function reacesits maximum (log-likelihood function):

R o h s X 9
Ly(a;xy:::xk) = loglk(a;x1:::xk) = klog —5 2 log(xj) a —
i=1 i=1 i=1 !
The function is dierentiable and we can take the derivative of it with respect to a,
equating to zero. This yields

where H (x) is the Harmonic mean of the sequencex. By denoting the left hand term by
f (a), we have that a=f L(H(x) 1).

Unfortunately, f () is not an analytical function and it is very di cult to compute even
for a xed a. For instance, for a = 0 we have f (a) = % = 0:7307629,where () is the
Riemann Z function. We therefore apply numerical methods to approximate the function
for a 2 [0:5::: 1:8] (which is the range of interest for us) with the second-degreg@olynomial:

a= 696 164912 H(x) '+ 106186 H(x) 2 (3)
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In our code, we update the value of a using the above formula, restarting from 0 to compute
the inverseof the Harmonic mean. Surprisingly, all this work leadsto a small improvemert

with respect to the non-adaptive version in which a = 0:88. Looking at Table 1, the

improvemert is negligible, ranging from 1% to 2% in the best cases. The best caseis the

le random.txt belongingto the Calgary corpus, for which the hypothesisof independence
of the RLE valuesholds with high probability by its very construction.

3 Wzip: A Simple Tool for Fast Compression and Decom-
pression

3.1 The wzip encoding format

The lessonlearned in Section 2 suggeststhat the wavelet tree, coupled with RLE and

encaing, is a simple but e ective mean for compressingthe output of block-sorting
transforms. In this section, we proposeour compressionformat, wzip. The headercontains
three basic piecesof information: the text length n, the block size b, and the alphabet
size . The body of the encaing is then dn=bke blocks, eat block encaling b contiguous
text symbols. The last block encades (n mod b) symbols if n is not a multiple of b. With
referenceto Figure 1, recall the nodesof the wavelet tree are stored in heap ordering. We
break this stream into blocks and encade it. The format for a given block is:

A (possiblycompressed)itv ector of j | bits that storesthe symbolsactually occurring
in the block. Let j j bethe number of symbols presen. (For large , we may
want to store sud bitv ector in the header,and then smaller bitv ectorsin the blocks
that refer only to the symbols stored in the bitv ector in the header).

Note that the wavelet tree has implicit leavesand 1 internal nodeswith dictio-
naries (seeFigure 1). We store the dictionaries encaded with RLE+ by taking them
in heapnumbering and by concatenatingtheir encaling. (We may want to byte-align
the encading of ead dictionary, but this is not necessary).

Note that we do not needto store the length of eat encading, asit is already implicitly
encaded as follows. When processing,the end of the encading for the dictionary in the
root of the wavelet tree endswhen the sum of the encaded RLEs equalsn (or (n mod b)
for the last block if not length b). At this point, we also know the total humber of Os and
1s, plus the (dummy) leading 0. The former must be the sum of the RLE valuesin the
next dictionary (in the left child), and the latter the sum of the one after that (in the right
child). We cango on recursively this way, up to the implicit leaves,from which we can even
infer the frequency of the occurrencesof ead symbol in the block.

3.2 Compression with bwt2wzip

In this section we describe our compressionmethod bwt2wzip, which takes as input the
Burrows-Wheelertransformation (hereafter bwt stream) of the le and compressest e -

ciertly usingour wavelet tree techniques. Our method intro ducesa novel method of creating
the wavelet tree, which relatesthe speedof compressionto the compressibility of the input.
This behavior is a key obsenation, and intro ducesa new consideration into the notion of
compressibilitylhighly  uniform data should be easierto handle, both in terms of spaceand
time.



If we wereto build the wavelet tree naively from the bwt stream, we would run multiple
scanson bwt to set up the bitvector in ead individual node, as shovn in Figure 1. Then,
we would compressthe resulting dictionaries with RLE+ . A single-scanmethod is made
possibleby placing oneitem at a time, in ead of the internal nodesfrom its root-to-leaf
path via an upward walk. Since, for ead node, processcould take up to O(logj j) time,
it requires O(nlogj j) in total. We describe a re nement of this construction method
requiring just O(n + min(n;nHy) logj j) time, which is also faster in practice, as the
entropy factor can signi cantly lower the time required.

Let c bethe current symbol in bwt and let u beits corresponding leaf in the wavelet tree.
(Recall that the numbering of internal nodesfollows the heaplayout.) While traversingthe
upward path in the wavelet tree to the root, we have to decide whether the run of bits in
the current node should be extended or switched (from 0 to 1 or vice versa). However, we
do not perform this task on an individual basis,but we exploit the runs of equal symbols c,
say r¢ in number, in the input to avoid multiple passes.We then extend the runs by r ¢ units
at atime. Given any internal node in the tree, the set of values stored there are produced
in increasingorder, without explicitly creating the corresponding bitv ector.

To make things more concrete, we usethe following auxiliary information to compress
the input string bwt. First notice that the leaves of the wavelet tree do not needto be
explicitly represened; givena symbolc2 , it suces to know its leaf number leaf [c]. We
also allocate enough spacefor the dictionaries dict [u] of the internal nodesu. We keepa
ag bit [u], whichis1i we are encaling a run of 1s.

Below, we describe the main loop of the compression. We do not specify the task of
encaling the RLE valueswith gammacodesasit is a standard computation performed on
the dictionaries dict [u] of the internal nodesu.

}

1 while ( bwt != end) {

2 for (c="*bwt, rc =1; bwt I= end &&c == *(++bwt); r_c++ ) ;
3 u = leaf[c];

4 while (u>1) {

5 if ( (u &O0x1) != bitlu >>=1] ) {

6 bitlu =1 - bitlu];,  *(++dict[u]) =0; }

7 *(dict[u]) +=r_c;

8

9

—

We scanthe input symbol c from the current position in bwt to determiner, the length
of the run of ¢ (line 2). We determine the heap number of the (virtual) leaf u assaiated
with ¢ (line 3) and start an upward traversal (lines 4{7). Here, we closethe run in the
current node u and start a new run (with cumulativ e run length equalto zero), either when
we arrive from the left child of u and the current run in u is made up of 1s, or when we
arrive from the right child of u and the current run in u is made up of 0s. We expressthis
condition succinctly in line 5, where the ag bit indicates if the current run is of 1s or
not. We complemert the value of that ag, and prepare for the next ertry in the current
dictionary (line 6). We then extend the current run length by r. (line 7). We exit the loop
at the arrival in the root (when u = 1in line 4).

The time required to perform theseactions over the whole bwt input stream is O(n) to
scanthe bwt stream, and O(n, logj j), sincewe will require n, traversalsof O(logj j)
length in the wavelet tree. It turns out that n, = O(min(n; nHy), which provesour bound.
Sincen;, n trivially , we focus on showing that n, = O(nHy), thus capturing precisely



the high-order entropy of the text. Note that n, is asymptotically upper bounded by the
number of runs in the dictionaries of the internal nodesin the wavelet tree. This is true,
since either the beginning or the end of a run in bwt must correspond to the beginning
or the end (or vice versa) of at least one distinct run in a dictionary (otherwise, we could
extend the run alsoin bwt, except possibly for the rst or the last run in bwt). Now, the
number of runs in the dictionaries is upper bounded by the sum of the logarithm of their
runlengths, which is O(nHp) asshown in [4].

3.3 Decompression with wzip2bwt

Decompressionis a fairly straightforward task, once the encaling has been done, though
somecare must be taken when decomposing setsof runs. The decompressioralgorithm rst
performsa downward traversalto identify the symbol cto decompress.Then it performsan
upward traversal, analogousto that in bwt2wzip, exceptthat it decremens the RLE values
by r¢, producing in output r. instancesof c. Howewer, the value of r¢ is not necessarily
the last RLE value examined along this path; rather it is the minimum amongthem. The
reasonfor this is due to the fact that the runs in the dictionaries in the internal nodes
(except for the root) may correspond to a union of runs that were disjoint in the input
string bwt. Fortunately, the minimum value among those in an upward traversal from a
leaf refersto an individual run in bwt, and it is the valuer..

In order to facilitate this processwe usethe auxiliary information in bwt2wzip, with the
addition of symbol and alphabetsize . The latter denotesthe actual number of symbols
in bwt, and they are numbered from 0 to alphabetsize - 1. To recover the original value,
we remap them using array symbol. We are now ready to commert on our main loop for
decding. Again, we do not describe how to decale the RLE valueswith gammacode asit
is a standard task.

while( r_c = *(dictfu=1]) ) {
while ( (u = (u << 1) | bitfu]) < alphabetsize )
if ( *(dict[u]) <r_c ) r_c = *dict[u]);
Cc = u - alphabetsize;
while ((u>1)
if ( !(*(dict[u >>=1]) -=rc) ) {
bitju] =1 - bitfu];  ++dictfu]; }
for( ¢ = symbol[c]; r c-—-; *bwt++) =c ) ;

O©CoO~NOOOTA,WNPE

—

We start with the RLE value in the dictionary of the root (u = 1). When this value
is 0, we have completed the task of decading all the symbols. We perform the downward
traversal (lines 2{3) guided by the current run of 1s or 0s, by looking at the ag bit [u] to
branch either to the left (bit [u] = 0) or to the right (bit [u] = 1) in the heap layout. We
alsokeepthe minimum RLE valuein r¢, aspreviously mentioned. We then nd the rank of
the symbol to be decaded. Lines 4 and 8 are the counterpart of line 2 in bwt2wzip, except
that we output symbol c after remapping it with symbol in the current position indicated
by bwt. The upward traversalis like that of lines 4{7 in bwt2wzip, exceptthat we decrease
the RLE valuesin the dictionaries (lines 5{7).

The time required for decompressiorfollows the sameargumert asthat for compressing.



bwt2wzip wzip2bwt
lename ATH | AXP PIII PIV XEO ATH | AXP PLI PIV XEO
ap5.txt 4811 | 2.822 | 2.244 | 4878 | 5.250 || 6.736 | 4.200 | 3.438 | 6.232 | 6.500
bible.txt 4,093 | 2.688 | 2.162 | 3.473 | 4.370 || 5.302 | 3.656 | 2.910 | 4.746 | 5.037
world95.txt || 3.077 | 2.375 | 1.946 | 2.705 | 3.800 || 3.744 | 3.167 | 2.698 | 3.750 | 4.450
calgary 4465 | 3481 | 2566 | 4.162 | 5.565 || 6.256 | 5.148 | 3.939 | 5.643 | 6.826
cantrbry 4419 | 3.091 | 2.324 | 3.255 | 5.625 || 5.839 | 4318 | 3.522 | 4.614 | 6.625
Table 3:

3.4 Performance and experimen ts

In this section, we discussour experimertal setup and detail our results.

We used a number of platforms to test our algorithms: ATH = Athlon AMD 1Ghz
512Mb Linux, gccversion 3.3.2 (Debian); AXP = AMD Athlon XP 1.8Ghz 512Mb Linux,
gccversion 3.2.220030222(Red Hat Linux 3.2.2-5); PI11 = Intel Pertium I11 1Ghz 512Mb
Windows XP, gcc version 3.2 (mingw special 20020817-1);PIV = Pertium IV 2Ghz 1Gb
Windows XP, gcc version 3.2 (mingw special 20020817-1),XEO = Intel Xeon 2Ghz 2Gb
Linux, gccversion 3.3.1 20030626(Debian prerelease).

We drew our data from the Canterbury and Calgary corpuses. The rst three rows of
Table 3 areindividual les from those corpora, and the last two rows are the concatenation
of all the les.

The performanceis comparedwith that of simple routine that copiesthe input bwt into
another array. We normalize our routines with the simple copy operation. (We don't use
scan, as the compiler often cheats and doesn't actually generate code to scanif nothing
happens. In thesecases\scan" is extremely fast, and misleadingwith regardto our experi-
mental results.) bwt2wzip (compression)is just between?2 and 6 times slowver than a simple
copy operation. wzip2bwt(decompression)is between 3 and 7 times slower than the same.
The di erence in performancedependsmainly on the architecture of the processoron the
platform, rather than the input le. (Consult Table 3 for corroboration of this fact, with
bold gures for the minimum and the maximum.) The computation of RLE takesroughly
30% of the total time in bwt2wzip and 40% in wzip2bwt.

With regardto ne tuning perfomance,in the code for bwt2wzip and wzip2bwt, eah
time we accessan entry pointed by dict [u], we may give rise to a cace miss. Also, we need
to pre-allocate more spacethan neededto accomalate all the dictionaries (whose nal size
is known at the end of the compressionwhich is too late). We can alleviate this problem by
synchronizing the accesdo the decaded RLE values. Considerthe rst time that wzip2bwt
accesse®ad decaded RLE value. By running an example, the reader may be convinced
that we can provide the sameaccesspattern during the execution of bwt2wzip. Indeed,
during the computation, wzip2bwt accesseshe new RLE valuesin some nodes along a
path in the wavelet only during the upward traversal (line 7). Somecare must be taken at
initialization to maintain this information.

Consequetly, the RLE values are scranmbled among the dictionaries and follow the
accesattern of wzip2bwt. We no longer keepa pointer in dict [u], instead, we temporary
store the current RLE value for u. As a result, except for dict [u], bit [u] and symbol,
the accessto the other structures is sequettial, which enablesus to exploit the seweral
levels of cacdhe. Moreover, we do not needto allocate temporary storagefor keepingall the
RLE valuesthat we will encade. We can produce ead RLE value and encade it soon, on



the y. A drawbadk of this approad is that we lose compatibility with the text indexing
functionalities mertioned in Section 1.

4 Conclusions

In this paper, we deweloped the simple notions of RLE and gamma encaling to acieve
competitive compressionratios and extremely fast time to compress/decompressOur code
doesnot require any additional parametersbeyond the text size, alphabet size, and block
size. Our method is tailored to work for large alphabets, e.g., Unicode, UTF/16. Our
method performs integer bit assignmems, and does not resort to costly computation of
fractional bits, as does an arithmetic coding technique. A simply byte-wise copy is only
2{6 times faster than our compression,and only 3{7 times faster than our decompression.
As a matter of fact, our compressionalgorithm is so fast that the true bottlened is the
encaling/decoding of !

Comparedto gzip and bzip , our compressionratio is good. Howewer, data in
http://www.maximumcompressio n.co mshaows that it does not adcieve the best ratio on
the market. On the other hand, the code is open sourceand easyto implement asit uses
introductory material on standard compressiontechniques.
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