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Abstract

Embedded systems are space and cost sensitive. De-
creasing the program size is an important goal for en-
bedded svstem design. Code compression is. proposed to
tackle this problem. In this paper, we present analysis of
hro code caxl;p_;;essfon algorithms based on variable-to-
Jixed (12F) coding schemes: one is based on Tunstall
coding and the other one is based on arithmetic coding.
The paper also_gives the campression lower bound by
using rwo statistical models: one is a static model and the
other one is a Markov model.

) 1. Introduction

Embedded computing systems are space and cost sensi-
tive. In many cmbedded svstems. the cost of RAM or
ROM often autweighs that of the main processors. which
poses serious constraints on program size. On the other
hand. many cmbedded processors are using RISC archi-
tectures or VLIW architecture such as IBM PowerPC or
TMS$320C6x. Compared to CISC processors. RISC and
VLIW processors have a “code bloating” problem, Figure
1 shows the code size of an MPEG2 encoder compiled for
different architecrures. The Intel x86 is a typical CISC
architecture; Thumb is a modified RISC architecture to
improve code density: SHARC is a RISC architecture
from Analog Devices. TMS3320c6x is a VLIW architec-
ture from Texas [nstruments: 1A-64 is a VLIW instruction
set adopled by Intel and HP.
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techniques to achieve further code size teduction, Qne
industry example using code compression is IBM's
PowerPC embedded Processor. Figure 2 shows an IBM
PowerPC 405 pladorm-based SOC (System-on-a<hip)
design [2). The compressed code s stored in the program
memory and a decompression modude called CodePack
[3]1 is .put between the high-speed memory controller
(HSMC) and the Processor Local Bus (PLB). The instruc-
tions are decompressed whenever there is a cache miss.
The PowerPC 405 processor fetches uncompressed in-
structions from the I-cache and the compres-

sion/decompression scheme operates in a manner trans-
parent to the processor.

There have been various approaches to code compres-
sion. A comprehensive survey has been written by
Lekatsas et al[4]. Philips Research Lab aiso maintains a
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Figure 1. The code size (in KBytes) of an MPEGZ en-
coder for different architectures

Code compression, which refers to compressing the
executable program off-line.and decompressing it on-the-
fly during execution. was first proposed [1] in the early
90's to-address the code size constraint problem. This ap-
proach requires no change of compiler or processor-archi-
tecture. 1f can also be combined together with compiter
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Figure 2, An IBM PowerPC 405 pl‘lﬂ‘orm -based SOC
usmg code C()m[)l’CSSIOﬂ.

2. Probability models and compression algorithms

We proposed two code compression algorithms [6][7].
which were the first code compression algoritluns using
Variable-to-fixed coding. In this section, we briefly de-
scribe these two algoritluns and the probability models.
2.1 Probability model:

In our research. we use two different models for code
compression. The first model is a static.iid model, which
is a fixed model that fits all applications and assumes ones
and zeros in the code have independent and identical dis-
tribution (éid). The probability model is determined in
advance from soie sample applications. For example,
our experimental results indicate that for TMS320C06x,
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the average probability of a ~0" is about 0.75, and the
deviation is quite small. The static iid model is not appli-
cation specific and does not take into account the relation-
ship and dependency among the input bits, A more com-
plicated statistical model is a semti-adaptive Markav
model. which consists of a number of states. where each
state is connected 10 other states via (wo transitions. Start-
ing from an initial staic 0. the binary inpul stream is
scanned. The left transition is taken when the input bit is 0
and the right transition is taken when the input bit is 1.
Two main variables arc used to describe our model.
namely. the moadel depth and the model width. which rep-
resent the number of lavers and the number of Markov
nodes per layer, respectively. Figure 3 is an cxample of a
4X4 Markov model.

< width

Figure 3. An example of Markov model

2.2 Tunstall coding based V2F algorithm

The first algorithin is based on Tunstall coding [8]. As-
sumc that the ones and zeros in the exccutable code have
independem and identical distribution. we calculate the
probability for 1s and Os (i.c.. sfatic itd model). Suppose
we wanl to construct N-bit Tunstall codewords. the num-
ber of codewords is 2. The algorithm is given below:

1. A tree is ereated with the root node having probability
Lo, e attach @ and 1 ta the roor: the resulting wo leaf
nodes eacl have probabilite of the occurrence of 1 and 0.
2. The left node with the highest probabilite is split up into
two branches with 0 and T as the label. After splirting, the
nunther of leaf nodes increase by 1,

3. 8tep 2is repeared until the total number of leaf nodes is
equal 1o 2%,

A Assign equal length codeword (length=N) 10 the leaf
nodes.

Figure 4 shows an example lo construct a 2-bit code-
book for a slatic iid model with P(0)=0.73.

2.3 Arithmetic coding based V2ZF aigorithm

The second algorithm is based on reduced precision
arithanetic coding by Howard and Vitter [9]. As opposcd
to the standard floating point aritlunetic coding. we use
integer intervals rather than real intervals and allow for
reduced precision. We first assume (hat the binary stream
has independent and identical distribution and the prob-
ability of a bit 1o be 1 is Prob(1) and the probability of a

bit to be 0 is Prob(0). In order 1o construct N-bit code-
words. the number of codewords is 2" and the algorithm
is given below:

L. A initial integer interval is created whose range is [0.2%).
Make current interval to be the initial inferval.

20f current interval is not a wnit interval (i.e., MM+1)), we
divide the interval 1o be nvo sub-inmtervals such that the lefi
sub-interval is for inptit 0 and the right sub-imterval is jor
input 1. The size of the sub-imtervals is approximately propor-
tional to the probabiline of the inpur bit and each suh-interval
should still be an integer interval.

3.Step 2 is recursively repeated for all sub-intervals unril all
sub-inievvals become unit intervals (re., [0,1), [1.2), [2,3},
ere.).

4.Assign equal length codewords (length=N) ro unit intervals.

Each unit interval is disjoint from all other unit inter-
vals. and each unit interval uniquely represents a particu-
far input binary sequence. Figure 5 shows an example
where the starting interval is [0.4) and we construct a
codebook with 2-bit length codewords for a binary stream
with Prob(0)=0.75 and Prob(1)=0.25. After the codebook
is constructed it can be used for compression. For exam-
ple, if the first byte of an instruction is 01 00} 000, then it
will be encoded as 10 01 00. Note that in both algo-
rithms. the codeword assignment can be arbitrary

code |codeword
@ 1 00

0t 01
RS
(142 @

000 11l
Figure 4. Construction of 2-bit Tunstall code for [A64

[0.4)

Preb (0y=0.75
Prob (1)=025

Interval | Codeword |
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.2y 4 o1

1123 10

[3,4) 11

Figure 5. Arithmetic coding based V2F algorithm

2.4 Markov V2F algorithm ,
Alter constructing the Markov model. we generate a
variable-to-fixed length codebook for each state in the
Markov model. using either algorithm mentioned in sec-
tion 2.2 or 2.3. We use the probability that is associated
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with eacl edge instcad of a fixed probability for bit 0 and
bit 1 Also. for cach codebook entry, we have to indicate
what the next state it is.
Each state in the Markov model has its own codebook.
Therefore. for a M-stale Markov model using a N-bit
variable-to-fixed length codes. the entrv number of all the
codebooks is M*2™

3. Algorithm analysis

In section 2. we bricfly describe the compression algo-
rithms and the probability models. In this section. we dis-
cuss the compression lower bound and compare these two
algorithms in terins of compression ratio and decompres-
sion unit design.

3. 1 Compression lower bound

It is well known that the cntropy is the lower bound for
the compression. Because the entropy is a property of a
probability model. the lower bound for the compression is
decided by the probability model uscd in the compression
procedure. For static iid model. the entrepy is —p(0)*log»
p(0Y — p(1)y*log-p(1). For TMS320C6x, since P(()=0.75,
the entropy is 0.811.

For a scmi-adaptive Markov model. the entropy calcu-
lation is not as straightforward as static iid models. We
denote & state in the Markev model by s and let S be the
set of all states in the Markov model. P(s) is the probabil-
itv of stalc s is visited. while P(l|s) (P(0|s)) is the condi-
tional probability of the next bit is 1{0) when current state
is s. The entropy of a Markov model is represented by the
following equation:

- Zp(..\') *(p(l] s)*log: p(1] s)+ p(0] s)*log=p(0] 5))

Figure 6 shows the average entropy values of different
Markov models for a set of TMS320C6x benchmarks.
The instruction length for TMS320C6x is 32-bit. The
experimental result shows that when the total number of
states is fixed. the entropy is the lowest when the depth is
set to be the instruction leng(h, It also shows that when
the model depth is fixed, the larger the width, the lower
the entropy.
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Figure 6. Entropy of different Markov model for
TMS320C6x
However, in codc compression. we usvally cannot
achicve the compression lower bound defined by the en-
tropy. To ensurc random access (i.¢. decompressing prop-

erly when program changes execution flow due to branch
or jump instruction). we compress the instructions block
by block. For example. we choose the fetch packet (size
of a VLIW instruction. 236 bits long) as the basic block
for TMS320C6x. We use a coding tree. such as the one
shown in Figure 4. to parse and compress each block:
starting from the reot node. whenever a 1" occurs, we
take the right branch; othenwvise. we take the left branch.
Whenever a leaf node is encountered. a codeword related
to that node is produced and compression procedure re-
starts from the initial state, For Markov V2FCC. the leaf
node is associated with a Markov state. and the compres-
sion procedure jumps to the root node of the coding tree
starting with that Markov state. Since we compress in-
structions block by block. it is very likely that the tree
traversal ends al a non-unit interval at the end of the block.
To avoid this problen. at the end of each block. when
compression ends without reaching a unit interval, we pad
extra bits to the block such that traversal can continue
vntil a leaf node is met and a codeword is produced. Dur-
ing decompression, the whole block is decoded together
with the extra padded bits. However. since we know the
block size a priori. we simplv tncate the extra bits.

To make decompression hardware simpler. and make
the storage of the compressed code easier. the compressed
block must be bvte aligned. This means that if after com-
pressing a block the result is not a imltiple of 8 (in bits). a
few exira bits are padded to ensure that it becomes a mul-
tiple of 8. We can tlus ensure that the next compressed
block will start on a byte-aligned boundary.

3.2 Compression ratio comparison

In section 3.1. we calculate the compression lower
bound for two different models. Now we have to decide
the codeword length N such that we can approach the
lower bound as close as possible. We define L to be the
average length of bil sequences represented by fixed
length codewords. We denote R to be the ratio of L over
the codeword length V. R defines the idcal compression
ratio that the algorithm can achieve: Figure 7 plots the
entropy of the input as well as the R (R = N/L.) for differ-
ent N when the probability Prob(0) changes (Tunstall cod-
ing scheme using a static iid model). It shows that as N
increases, R is approaching the entropy. especially when
the probability is highly skewed. However. when N>4,
the improvement is not that significant.
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Figure 7. Entropy and R I‘or Tunstall coding scheme
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N 2 3 4 5 6

Ly 2312 13538 14752 | 5998 | 7.223
Ry -1 0865 0848 10842 | 0834 [ 0831
Ly 2312 | 3488 | 4752 5973 | 7216
Ry 0.865 | 0.860 | 0.842 | 0837 | 0.83]
Padding | 2.8% | 3.1% L1% [29% |2.8%

Table 1. R and padding overhead using N-bit code-
word ’

To compare these two V2F algorithims. we calculate the
average length of the bit sequences represented by the
codewords for both algoritlums for TMS320C6x. The re-
sults are shown in Table 1. In the table. Ly (£ 4) is defined
as the average length of the bit sequences represenied by
an N-bit codeword using Tunstall coding (arithmetic cod-
ing) ‘based V2F compression. and Ry (R,) denotes the
ratio of N over Ly (L3). From these tables. we ¢can con-
clude that Tunstall coding based V2F compression can
always achieve the same or belter compression ratio than
the arithmetic coding based V2F compression. because Ry
is always betler (han or the same as R, Both tables show
that for Tunstall coding based V2F compression. as N
increases. R is approaching the entropy. which means that
the compression ratio is improved. However. the im-
provement is not verv significant, especially after N be-
comes larger than four, ,

On the other hand. since the compression poses a byte
alignment restriction for every block. by using a four-bit
length codeword. the chance of padding extra bits are
reduced. Table 1 also shows the padding overhead for
each case. we can see that when N=4. the padding over-
hcad is less than other cases. This explains why we
achicve best compression ratio when N=4' in the experi-
“mental result shown in Figure 8.
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Figure 8. Compression ratio for TMS320C6x using
Tunstall coding schemes and static iid model

3.3 Decompression unit design

For both algorithms. the codebook sive. which is de-
fined as the number of codewords in the codébook, in-
creases exponentially as the codeword length. N grows
(codebook size = 2"). However. the average improve-
ment of the compression ratio is less than 1%.  Intui-
tively. if we chodse N=8. therc is no need to pad.extra bits

and we can get better compression ratio. Considering the
codebook for N=4 has only 2'=16 entries, while the code-
book for N=8 las 2°=256 entries. we conclude that the
best choice for V2F code compression is to use four-bit
length codewords.

Since the variable-to-fixed codebooks constructed by
both algorithms have the same size, the decompression
unit design has no difference and can just follow the
design described in [6].

4, Conclusion

In this paper. we present analysis of two code compres-
sion algorithms that use Variable-to-fixed coding schemes.
We conclude that the Tunstall-coding based algorithun is
better than the arithimetic coding based algorithm in terms
of compression ratio though the decompression unit com-
plexity is the same. The compression lower bound is de-
termined by the probability models. The depth of the
Markov model should be equal to the instruction length to
achieve better compression ratio. For both algorithms,
using a 4-bit codeword is the best choice considering the
tradeoffs between compression ratio and decompression
complexity.
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