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encoding symbols with varying bit lengths according to the frequency of occurrences. In particular, shorter
codes are assigned for more frequent symbols, and longer codes are assigned for less frequent symbols. During
decompression, length–distance pairs and literals are retrieved from Huffman-coded data and the reference
pairs are replaced to obtain original data from the compressed data.

In Fig. 9, we have an illustration of the LZ77 algorithm. Suppose the current sliding window covers literals
starting with index 8 in the input sequence. The hash function generates a hash key by using the first 3 bytes
(index from 8 to 10) of the input string that helps locate the most recent occurrence of this string. The algo-

Fig. 7. Performance of list ranking on the Cell/B.E. as compared to other single processor and parallel architectures for lists of size 8
million nodes. The speedup of the Cell/B.E. implementation over the architectures is given above the respective bars.
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rithm also maintains a backward chain for the strings with the identical hash key value using a separate data
structure. This is used during a backward traversal, during which a comparison is made with each string to
identify the match length. The string that has the longest match is located and the repeated string is replaced
by a reference to the located string. Also, the hash table is updated to point to this location and the backward
chain is updated to start from this location.

Several input parameters in zlib result in a trade-off between compression ratio, speed and memory require-

ments. One such parameter is the window size, which determines the size of the recent input data to be stored
for searching matches. A large window size can help achieve a better compression ratio, but results in a large
working set. Another configuration option is the hash table size. A big hash table leads to less collisions that
makes the program run faster. It also helps achieve a better compression ratio, but leads to higher memory
utilization.

The compression/decompression stages in zlib are highly dependent in data processing which makes it dif-
ficult to parallelize. For example, during decompression of the Huffman-coded data, the stream of input sig-
nals needs to be decoded sequentially. This is because the symbols have varying bit lengths and we do not
know where the next symbol starts before its previous symbol is decoded. Also, Huffman-coded data is a
mix of literals and length–distance pairs. In order to determine if the next symbol is a literal, length, or dis-
tance, the previous symbol must be decoded.

Another design issue is that the zlib algorithm requires a substantial number of table lookups. For example,
finding matches and decoding the Huffman-coded data stream require accessing the hash and code tables,
respectively. Since the SPE does not support scatter and gather type memory access to the local store, this
cannot be vectorized. In addition, zlib algorithm has many branches which are dependent on input data
and hard to predict statically. For a stream with poor compression ratio, almost every symbol is a literal.
On the other hand, for highly compressible streams, most symbols are length–distance pairs. This leads to dif-
ferent branch behaviors and due to the absence of a dynamic branch predictor in the SPEs, these branch mis-
predictions reduce the performance.

5.2. Applying the complexity model to zlib

We apply the complexity model discussed in Section 3.1 to analyze zlib algorithm. The computational com-
plexity of the sequential algorithm is O(n), as we make one pass over the data stream and the hash table look-
ups are constant-time. In our parallel implementation of zlib, we partition the input data into multiple blocks.

Table 1
Speedup of our Cell/B.E. implementation of list ranking as compared with other architectures

Architecture Speedup (ordered) Speedup (random)

Intel_x86 0.85 4.15
Intel_i686 0.9 4.1
Intel_ia64 1.5 5.5
SunUS_III 5.4 12.1
Intel_WC 0.82 2.5
MTA-1 5.0 1.05
SunUS_II-1 42.5 14.5
SunUS_II-2 23.9 8.5
SunUS_II-8 10.8 3.1

Table 2
Running time comparison of the various steps of list ranking on Cell/B.E. for ordered and random lists of size 8 million nodes

Task Ordered (%) Random (%)

Step 1: Identification of sublist head nodes 0.09 0.02
Step 2: Traversal of sublists 99.84 99.96
Step 3: Computing the ranks 0.07 0.02
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We use the work-queue strategy detailed in Section 5.4 for load-balanced computation. Thus, TC,SPE becomes
O n

p

� �
.

Let us assume that the DMA transfer block size is b. TD, the complexity of DMA requests, is given by
O(n/pb). Note that in zlib the DMA transfer block size is larger than that of list ranking, where we use a block
size of O(1). From Step 2 of the algorithm analysis procedure, since the complexity of DMA fetches is a

Fig. 8. Performance comparison of sequential implementation on PPE to our parallel implementation of list ranking on the Cell/B.E. for
ordered (top) and random (bottom) lists.
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function of n, we analyze the computational complexity in the average case between a DMA request and its
completion. For zlib this is given by O(b). Since this is not a function of the input parameters, further analysis
is required to determine the amount of data buffering required.

The zlib algorithm is branch intensive, and branch instructions on the Cell/B.E. are hard to predict stati-
cally. TB, the number of branch instructions, is O(n). However, we can still achieve speed-up by paralleliza-
tion, vectorization and other Cell/B.E. processor specific optimizations, which suggests that the Cell/B.E.
processor can be used for wider range of applications.

5.3. Optimizing zlib for the Cell Broadband Engine

The first step towards optimization of an algorithm on the Cell/B.E. involves the identification of the com-
pute-intensive parts. Table 3 shows the result of profiling for the compression routine in zlib.

During compression, a new string is inserted into the hash table whenever a match is found. This step also
consists of a intensive loop that iterates over for the length of the match and inserts a single byte into the hash
table in each iteration. The hash key is computed using the 3 bytes starting from the inserting byte, with an
overlap of 2 bytes that were considered during the previous iteration. In the original implementation, this
overlap is exploited and the hash key is computed from the previous key to reduce the amount of computa-
tion. This gives performance benefit on a scalar machine. However, this generates a false dependency which
makes it tough to vectorize for the Cell/B.E. processor. We break this dependency by calculating the hash key
using all 3 bytes in every iteration without using the previous hash key. This generates redundancy in compu-
tation but improves performance in overall by vectorization.

Fig. 9. An illustration of the LZ77 algorithm.

Table 3
Percentage of execution time of the various tasks during compression

Task Execution time (%)

Fill window for previous data to find matches 11.73
Find the longest matches in LZ77 algorithm 32.69
Update the output buffers and statistics according to the availability of the matches 36.89
Perform Huffman coding on the data 11.81
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Another step in compression requires finding the longest match where a comparison is made between the
current string and the previous strings. This step consists of intensive loops with byte comparisons, which can
be implemented using the 16 byte byte-wise vector comparison instruction. This optimization leads to a sig-
nificant speed up if data has high redundancy, whereas for a less redundant input data comparison is made
with only small number of bytes which reduces the performance benefit.

In the compression process, zlib manages a sliding window for finding the longest match using the LZ77
algorithm. The window is divided into two parts, the first half stores the previous data stream that is used
to find the matches and the second half stores the current stream that needs to be compressed. When the cur-
rent pointer reaches to the end of the sliding window, the second half of the sliding window is copied to the
first half, and a new data stream is loaded to the second half. Accordingly, the hash table and backward chain,
which have the pointers to the sliding window, need to be updated. This is a intensive loop and the iteration
count of the loop depends on window and hash table size. We vectorized this loop and manually unroll it to
achieve better pipeline utilization. The pointer variable in this loop is 2 bytes long, thus vectorization reduces
the loop iterations by a factor of eight.

Table 4 shows the result of profiling for the decompression routine in zlib. The most compute-intensive task
during decompression is first, converting the Huffman-coded data to literals or length-distance pairs and then,
replacing the references with the original data. The first step, is highly data-dependent, which makes it hard to
vectorize. The second step is essentially a byte-wise memory copy that can be vectorized. We can copy 16 bytes
at once using vector instructions. However, if there is an overlap between the source and destination vectors
this technique does not work (Fig. 10). To overcome this problem we shuffle the source vector using a table
lookup for shuffle pattern, and copy the generated output vector to the destination.

Another computation intensive step during decompression involves the calculation of CRC values. CRC
algorithms for SIMD architectures have been studied by Joshi et al. [16] and Lin [19]. Lin [19] introduced
the concept of ‘congruent equivalence’, and replaced table lookups with the shuffle instructions. Table lookups

Table 4
Percentage of execution time of the various tasks during decompression

Task Execution time (%)

Convert Huffman-coded data to literal, and length–distance pairs, and copy data from previous input according to
these pairs

77.25

Construct table for decompression 8.72
Calculate the CRC value 7.96
Parse header data 5.97

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

Source Destination

1 2 1 2 3 4 5 6 7 8 9 10 11 12 13 14

Source Destination

1 2 1 2 1 2 1 2 1 2 1 2 1 2 1 2

Source Destination

Original

Output using
vector copy

Desired
Output

Fig. 10. Illustration of problem in byte-wise memory copy using vector instruction.
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can be replaced with the shuffle instructions if table size is equal to or smaller than 32 bytes. Joshi et al. and
Lin used nibble-wise table lookup instead of traditional byte-wise lookup to reduce the table size. These
approaches are attractive for the Cell/B.E. processor as the SPE supports the shuffle instruction. We also vec-
torize the Adler32 algorithm [20], which can be used instead of the crc32( ) function.

We use statistical approaches for branch hinting and loop optimization. Loop unrolling works for intensive
loops, but adds overhead and increases code size. This does not help for loops with a small number of itera-
tions. So we identify the compute-intensive loops and apply optimization techniques on them. This gives a
performance boost and saves local store space. Branch hint instruction benefits especially when the branch off-
set is large, and branch is highly predictable statically. When compiler encounters branch hint intrinsic, com-
piler inserts branch hint instruction which facilitates prefetching the instruction and also make hinted case as
the fall through case if possible. We use branch hint intrinsics wherever possible to reduce the number of
branch mispredictions. Reducing memory usage is also important in the optimization. In a virtual memory sys-
tem, unused function code resides on disk and never loaded to the main memory or the cache. In the SPE, the
entire executable image is loaded to the local store. Considering that the size of local store is only 256 KB, this
is undesirable. We separate compression and decompression routines to reduce code size.

5.4. Optimizing gzip on the Cell Broadband Engine

Gzip is an application that uses the zlib library for file-compression and decompression. The zlib algorithms
are highly data-dependent which makes it hard to partition the input data for parallel processing. We use full
flushing (supported by zlib API) to break this data dependency. We can then restart the algorithm after the full
flush point, making the algorithm data-dependent only between two consecutive flush points. This helps in
partitioning the data and enables parallel processing. However, during decompression a complete search of
the compressed file is required to find the flush points (0, 0,0xff,0xff). This is an additional overhead particu-
larly for the files compressed without full flushing. By extending gzip header format we can avoid this search
overhead keeping the file compatible with the legacy gzip decompressors.

We use an extra field to indicate that the file has multiple blocks with full flush between blocks. The size of the
each block is also included in the header in order to avoid full search to find synchronization points. During the
decompression stage, the decompressor inspects the flags. If the sub-field ID for Cell/B.E. gzip extension is found
on systems with the Cell/B.E. zlib, it decompresses the file in parallel using multiple SPEs. If not, it sequentially
decompresses the file as a normal gzip file. A legacy decompressor would ignore the extra field with unknown sub-
field ID and skip the bytes. Therefore, the file can still be decompressed correctly. Full flushing and additional
information will slightly increase the file size by a negligible amount (0.2% increase for 900 KB block size).

The new field is structured as follows:

• Byte 1 stores the character ‘C’ which stands for Cell /B.E.
• Byte 2 stores the character ‘E’ which stands for Extension.
• We use 2 bytes for storing n, number of blocks.
• We use 4 bytes for storing the size of each block, and this requires 4n bytes.

We also consider load balancing and file I/O delay in our parallel implementation. It is important to note
that dividing input file into chunks of equal size will not distribute work uniformly among the processors, as
the compression time is highly dependent on the input file characteristics. We achieve load balancing by par-
titioning input file to multiple blocks. Each SPE is initially assigned with a work-task, and on completion it
picks up another work-task from the work queue. We also create two additional threads for file read and
write. The file read thread reads the data to be processed in advance and fill the memory buffer. The write
thread writes the computed result in background.

5.5. gzip performance results

The gzip code is compiled with gcc provided with the Cell SDK 2.0 using optimization level 5 (�O5). We
used the Cell SDK simulator for measuring clock cycles, and the IBM QS20 Cell/B.E. blade for running time
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Table 5
Parameters used for compiling the zlib library

zlib library windowBits memLevel

Basic 13 6
Compression 13 7
Decompression 15 –

Fig. 11. Speedup of Cell/B.E. optimized gzip application on a single SPE for compression (top) and decompression (bottom).
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measurements. The parameters used to compile the original zlib library, Cell/B.E. optimized compression, and
decompression, are given in Table 5. The total memory use is given by

• Compression: 2windowBits+2 + 2memLevel+9 bytes.
• Decompression: 2windowBits+2 bytes.

Fig. 11 shows the speedup obtained for different file types using our optimized SPE implementation as com-
pared to the gzip program using original zlib library run on the single SPE. The speedup is achieved by SIM-
Dization and other Cell/B.E. specific optimizations including branch hints and loop unrolling. The test files we
have used for performance analysis consist of an already compressed file that has very less redundancy, Bit-
map file 1, 2 and 3 that have increasing level of redundancy, with Bitmap file 3 having 100% redundancy.
Please refer to Table 6 for the compression ratio of these file types. Fig. 11 shows that the speedup obtained,
during compression and decompression stages, is highly dependent on the input file type where we get perfor-
mance improvement of over 4 for Bitmap file 3 and an improvement of 1.5 for an already compressed file.

Fig. 12 shows the performance comparison of the Cell/B.E. optimized gzip compression as compared with
other single processor architectures. Please refer to Section 4.5 for details of these architectures. For Intel
Xeon 5150 (Woodcrest) we ran gzip using a single thread. Due to the unavailability of a opensource parallel
gzip application our performance is limited to single processor architectures.

Table 6
Compression ratio compressed file size

original file size
� 100

� �
using gzip for the various test files

Test file Compression level 1 (%) Compression level 5 (%) Compression level 9 (%)

Compressed file (484 KB) 100 100 100
Bitmap file (355 KB) 35.8 31.0 29.4
Text file (460 KB) 11.3 8.16 7.48
Bitmap file 2 (546 KB) 7.84 7.35 7.08
Bitmap file 3 (2.40 MB) 0.499 0.158 0.138

Fig. 12. Performance comparison of Cell/B.E. optimized gzip compression with the original zlib implementation on other single processor
architectures.
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6. Conclusions

In summary, we present two case studies to illustrate the design and implementation of parallel combina-
torial algorithms on the Cell/B.E. processor: list ranking, a fundamental kernel in graph algorithms, and zlib,
a data compression and decompression library. We introduce the idea of Software-Managed threads (SM-
Threads), a generic work-partitioning technique for latency tolerance and load balancing on the Cell/B.E.
We apply this technique to develop a fast parallel implementation of list ranking, and confirm its efficacy
by demonstrating an improvement factor of 4.1 as we tune relevant parameters. Most importantly, we achieve
an overall speedup of 8.34 of our implementation over an efficient PPE-only sequential implementation. Sim-
ilarly, for the zlib library, we exploit concurrency at multiple levels: we vectorize compute-intensive kernels in
compression and decompression, and also parallelize the functions to run on multiple SPEs. Our Cell/B.E.
implementation of the gzip application, based on the zlib library, achieves a speedup of 2.9 for compression
over a high-end Intel Pentium-4 system. With these case studies, we highlight the potential of the Cell/B.E.
processor as an accelerator for combinatorial applications.
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