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Goals of XL Compiler

• Compile C/Fortran code into parallel multi-SPE code

• Utilize OpenMP pragmas

• Insert run-time system to mimic shared memory

• Increase efficiency of SPE utilization

• Utilize traditional vector compilation techniques

• Force scalar code to execute on vector units



Partition Manager

• Code and data must share a small footprint

• Traditional code overlay system employed

256K Local Memory

External Memory

Code Partition



• Cache operations performed by vector unit!

• More than twofold common-case overhead

Data Locality: Software Caching

256K Local Memory

Tag

Cache Address

Actual Address

Local Address



Memory Representation: 
Scalar vs Vector

Uniform Data Types vs Arbitrary Types
16-byte aligned

integer integer integer integer h hinteger integerfloat

(e.g., structs, stack, etc.)



Executing Scalar Code on 
Vector Units

? integer ? ?

integer ? ? ?

primary slot

primary slot
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Alignment: Operations between scalars

Scalar store: Masking Into Destination

result-4 result result+4 result+8



Avoiding this Insanity?

• Only applies to code we fail to 
autovectorize

• Only applies to scalars we can’t register-
allocate

• Allocate 128 bits for all variables



Miscellany

• Scheduling optimizations must account for 
limited dual-issue behavior

• Branch optimization involves injection of 
branch hint instructions for loops

• Autovectorization techniques utilized for 
SPE code generation

The techniques described for these problems 
are merely the application of previous work.



Experiments: Base Optimizations
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Figure 6: SPE optimizations.

In our code partitioning approach, the SPE program is
divided into multiple partitions by the compiler. The home
locations of code partitions, just as with data in our Software
Cache approach, is system memory. When the compiler en-
counters such compilations it reserves a small portion of the
SPE local storage for the code partition manager. The re-
served memory is divided into two segments: one to hold
the continuously resident partition manager, while the other
holds the current active code partition. The partition man-
ager is responsible for loading partitions from their home
location in system memory into local storage when neces-
sary, normally during an inter-partition function call or an
inter-partition return. The compiler modifies the original
SPE program to replace each inter-partition call with a call
to the partition manager. Thus, the partition manager is
able to take over control and handle the transition from the
current partition to the target partition. The partition man-
ager also makes sure an inter-partition return will return to
the partition manager first.

Currently, the partitioning algorithm is a call graph based
one, which means the basic unit of partitioning is a func-
tion. The compiler transforms the call graph into an a!nity
graph, with edge weight representing call edge frequency,
and then applies a maximum spanning tree algorithm un-
der a certain resource limit, typically the (adjustable) code
bu"er size.

In the code partitioning, currently we see respectable per-
formance when executing partitioned functions on a single
SPE relative to execution on the PPE. In the automotive
suite of the EEMBC benchmark, across a single SPE, we
see a slowdown of between 2 - 10 %. CJPEG, with code and
data sizes of 1M, slows down 2.7 times, with both software
cache and code partitioning enabled. Given the preliminary
nature of this work, these results are encouraging.

There are several opportunities which we are currently
exploring to improve the overall performance of our code
partitioning algorithm. E"ectively the algorithm largely de-
pends on the accuracy of the a!nity (call edge frequency).
To achieve the best results, profiling can be used instead
of static estimation. Also, using the actual partition size
rather than the size estimated in the compiler conserva-
tively could improve the utilization of local code bu"er sig-
nificantly. Prefetching is of course the most promising opti-
mization and has the potential to hide the latency incurred
when fetching partitions from main memory. But prefetch-
ing requires multiple bu"ers implying a much smaller par-
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Figure 7: Simdization speedups.

tition size limit. The net e"ect depends on the prefetching
algorithm and the accuracy of the cost model applied.

7. MEASUREMENTS
We first evaluate the optimized SPE code generation tech-

niques presented in Section 4 using a cycle-accurate simula-
tor. Figure 6 presents the reduction in program execution
time for each optimization, relative to the performance of
the original compiler (standard optimizations at O3 level,
scheduled for the SPE resource and latency model). We re-
port an average reduction of 22%, ranging from 11 to 51%.

The benchmark programs used here are highly optimized,
simdized kernels representative of typical workloads execut-
ing on the SPEs. Kernels include a variable length decod-
ing (VLD) from MPEG decoding, a Hu"man compression
and decompression, an IDEA encryption, and a ray tracing
(OnerayXY). Numerical kernels include an FFT, a 7x7 short
integer convolution, a 64x64 float matrix multiply, a Saxpy,
an LU decomposition, and a solver kernel of Linpack.

Bundling for dual issue results in an 11% average reduc-
tion in execution time, ranging from 2 to 22%. Large reduc-
tion percentages indicate benchmarks with large amounts of
instruction-level parallelism and no lucky instruction align-
ment (where random instruction layout did not satisfy the
dual-issue constraint).

Hinting predictable branches results in a further 9% av-
erage reduction in execution time, ranging from 0 to 26%.
Large reduction percentages indicate predictable branches
with a su!cient amount of work to hide the hint latency.
Some of the small reduction percentages (such as 0% for ma-
trix multiply) indicate such tight loops that hinting is not
beneficial without jointly addressing the instruction starva-
tion issue.

Generating explicit instruction fetches results in a further
2% average reduction in execution time, with peak impact
for very tight loops such as the 20% reduction for matrix
multiply.

We now evaluate the automatic simdization techniques
presented in Section 5 targeting a single SPE, also using
the SPE cycle-accurate simulator. Figure 7 presents the
speedup factors achieved when automatically simdizing se-
quential code kernels. Comparisons are performed at the
same optimization level, which includes high-level, interpro-
cedural optimizations in addition to all of the SPE optimiza-
tions presented in Section 4. We report an average speedup
factor of 9.9, ranging from 2.4 to 26.2.



Experiments: Autovectorization
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Figure 6: SPE optimizations.

In our code partitioning approach, the SPE program is
divided into multiple partitions by the compiler. The home
locations of code partitions, just as with data in our Software
Cache approach, is system memory. When the compiler en-
counters such compilations it reserves a small portion of the
SPE local storage for the code partition manager. The re-
served memory is divided into two segments: one to hold
the continuously resident partition manager, while the other
holds the current active code partition. The partition man-
ager is responsible for loading partitions from their home
location in system memory into local storage when neces-
sary, normally during an inter-partition function call or an
inter-partition return. The compiler modifies the original
SPE program to replace each inter-partition call with a call
to the partition manager. Thus, the partition manager is
able to take over control and handle the transition from the
current partition to the target partition. The partition man-
ager also makes sure an inter-partition return will return to
the partition manager first.

Currently, the partitioning algorithm is a call graph based
one, which means the basic unit of partitioning is a func-
tion. The compiler transforms the call graph into an a!nity
graph, with edge weight representing call edge frequency,
and then applies a maximum spanning tree algorithm un-
der a certain resource limit, typically the (adjustable) code
bu"er size.

In the code partitioning, currently we see respectable per-
formance when executing partitioned functions on a single
SPE relative to execution on the PPE. In the automotive
suite of the EEMBC benchmark, across a single SPE, we
see a slowdown of between 2 - 10 %. CJPEG, with code and
data sizes of 1M, slows down 2.7 times, with both software
cache and code partitioning enabled. Given the preliminary
nature of this work, these results are encouraging.

There are several opportunities which we are currently
exploring to improve the overall performance of our code
partitioning algorithm. E"ectively the algorithm largely de-
pends on the accuracy of the a!nity (call edge frequency).
To achieve the best results, profiling can be used instead
of static estimation. Also, using the actual partition size
rather than the size estimated in the compiler conserva-
tively could improve the utilization of local code bu"er sig-
nificantly. Prefetching is of course the most promising opti-
mization and has the potential to hide the latency incurred
when fetching partitions from main memory. But prefetch-
ing requires multiple bu"ers implying a much smaller par-
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Figure 7: Simdization speedups.

tition size limit. The net e"ect depends on the prefetching
algorithm and the accuracy of the cost model applied.

7. MEASUREMENTS
We first evaluate the optimized SPE code generation tech-

niques presented in Section 4 using a cycle-accurate simula-
tor. Figure 6 presents the reduction in program execution
time for each optimization, relative to the performance of
the original compiler (standard optimizations at O3 level,
scheduled for the SPE resource and latency model). We re-
port an average reduction of 22%, ranging from 11 to 51%.

The benchmark programs used here are highly optimized,
simdized kernels representative of typical workloads execut-
ing on the SPEs. Kernels include a variable length decod-
ing (VLD) from MPEG decoding, a Hu"man compression
and decompression, an IDEA encryption, and a ray tracing
(OnerayXY). Numerical kernels include an FFT, a 7x7 short
integer convolution, a 64x64 float matrix multiply, a Saxpy,
an LU decomposition, and a solver kernel of Linpack.

Bundling for dual issue results in an 11% average reduc-
tion in execution time, ranging from 2 to 22%. Large reduc-
tion percentages indicate benchmarks with large amounts of
instruction-level parallelism and no lucky instruction align-
ment (where random instruction layout did not satisfy the
dual-issue constraint).

Hinting predictable branches results in a further 9% av-
erage reduction in execution time, ranging from 0 to 26%.
Large reduction percentages indicate predictable branches
with a su!cient amount of work to hide the hint latency.
Some of the small reduction percentages (such as 0% for ma-
trix multiply) indicate such tight loops that hinting is not
beneficial without jointly addressing the instruction starva-
tion issue.

Generating explicit instruction fetches results in a further
2% average reduction in execution time, with peak impact
for very tight loops such as the 20% reduction for matrix
multiply.

We now evaluate the automatic simdization techniques
presented in Section 5 targeting a single SPE, also using
the SPE cycle-accurate simulator. Figure 7 presents the
speedup factors achieved when automatically simdizing se-
quential code kernels. Comparisons are performed at the
same optimization level, which includes high-level, interpro-
cedural optimizations in addition to all of the SPE optimiza-
tions presented in Section 4. We report an average speedup
factor of 9.9, ranging from 2.4 to 26.2.



Experiments: Multiprocessing
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Figure 8: Speedups of parallelization.

The benchmark programs include video, numerical, and
telecommunication applications. Kernels include a full Lin-
pack solver, a short integer finite impulse response (FIR), an
auto-correlation kernel, an integer dot-product, a TCP/IP
checksum routine, and an alpha blending kernel. Two ker-
nels are from the previous benchmarks, namely Saxpy and
Matrix Multiply.

There are two tiers of benchmarks. The four leftmost ker-
nels in Figure 7get respectable speedups (2.4 to 2.9) but
below average. For Linpack, approximately 27% of the time
is spent in a non-simdized part. The simdized part is analo-
gous to Saxpy but has decreasing trip counts (from N to 1)
that results in a higher loop overhead. For Swim, we believe
that constant subexpression elimination does not currently
address simdized references as well as scalar ones. For FIR
and Autocor, we believe that there are data-type conversion
issues that result in excessive overhead.

The rightmost 5 kernels get significant speedup (7.5 to
26.2). Both Dot Product and Checksum are performing
a reduction which is not natively supported by the SPE’s
instruction set. This introduces some overhead which, in
these two cases, can be e!ciently hidden using partial sum
reductions. Alpha Blending has data type conversions that
are e!ciently handled. Both Saxpy and Matrix Multiply
exhibit peak performance due to perfect alignment and no
data conversion overheads. Note that super-inear speedups
are possible, e.g., 26.2 on a single SPE, because the simdized
version of the code not only computes multiple useful results
per SIMD instructions, but also avoids all the overhead of
running scalar code on SIMD units otherwise incurred on
non-simdized code.

We now consider the parallelization techniques discussed
in Section 6. The experiments described here were run on
actual hardware. We first show, in Figure 8, results for
parallel execution using only software cache. The experi-
ment was conducted with SPEC OpenMP 2001 benchmark
suite [17] with the three Fortran90 benchmarks excluded.
The measurements are ratios of the execution times when
running the sequential part on PPE and the parallel loops
on various number of SPE processors, to those when run-
ning on the PPE processor alone. It may be more intuitive
to use the execution time on one SPE as the baseline. How-
ever, these benchmarks are too large to be directly run on
an SPE processor, without our code partitioning technique
which does in itself incur some performance penalty. We
reduce the data size of several kernels to get a rough idea
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Figure 9: Speedups of parallelization with optimiza-
tion.

of the relative speed of PPE and SPE processors. The mea-
surements discussed do not consider the simdization of the
parallelized benchmarks because the integration of these two
optimizations is not yet complete. For the purpose of these
measurement discussions, without simdization enabled, one
SPE is approximately 2 times faster than the PPE processor.

In the eight OMP2001 benchmarks, Equake, Mgrid and
Swim have notable speedup because they have high coverage
of the parallel part and plenty of data reuse in the innermost
loops. The long cache line used in the software cache can
e"ectively capture such spatial reuse. Mgrid also has data
reuse across the outer loops that can be exploited by the
software cache. Other benchmarks su"er, to some extent,
for the following reasons:

• Poor data locality. Data accesses are so scattered and
discontinuous that numerous DMA operations are invoked

• Frequent cache flush. Some benchmarks, for instance,
ammp and applu, require frequent cache flush. Cache
flush is a very expensive operation in our implementation.
Cache flush can be further optimized.

• Some optimizations turned o". In order to generate
smaller code for the SPE processor, some optimizations,
such as loop unrolling and procedure inlining, have to be
turned o".

• Lower coverage of parallel parts. Since the currently avail-
able hardware has limited virtual memory space. Smaller
data sets have to be used, reducing the coverage in some
benchmarks.

The performance based purely on software cache can be
enhanced by techniques discussed in Section 6. Figure 9
reports the improvement compared with the pure software
cache approach. Eight SPE processors are used to execute
the parallel loops. All but the matrix multiplication are dra-
matically improved. The code generation for DMA opera-
tions in cases of jumping data access needs further tuning.

8. RELATED WORK
We are not aware of any related work on generating scalar

codes exclusively on SIMD units such as the ones found on
the SPEs. But underlying techniques that minimize the
performance impact of scalar codes on SIMD units are well
known, such as data padding for predictable alignment [18]
and aggressive register allocation to eliminate local variables
in memory.
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Figure 8: Speedups of parallelization.

The benchmark programs include video, numerical, and
telecommunication applications. Kernels include a full Lin-
pack solver, a short integer finite impulse response (FIR), an
auto-correlation kernel, an integer dot-product, a TCP/IP
checksum routine, and an alpha blending kernel. Two ker-
nels are from the previous benchmarks, namely Saxpy and
Matrix Multiply.

There are two tiers of benchmarks. The four leftmost ker-
nels in Figure 7get respectable speedups (2.4 to 2.9) but
below average. For Linpack, approximately 27% of the time
is spent in a non-simdized part. The simdized part is analo-
gous to Saxpy but has decreasing trip counts (from N to 1)
that results in a higher loop overhead. For Swim, we believe
that constant subexpression elimination does not currently
address simdized references as well as scalar ones. For FIR
and Autocor, we believe that there are data-type conversion
issues that result in excessive overhead.

The rightmost 5 kernels get significant speedup (7.5 to
26.2). Both Dot Product and Checksum are performing
a reduction which is not natively supported by the SPE’s
instruction set. This introduces some overhead which, in
these two cases, can be e!ciently hidden using partial sum
reductions. Alpha Blending has data type conversions that
are e!ciently handled. Both Saxpy and Matrix Multiply
exhibit peak performance due to perfect alignment and no
data conversion overheads. Note that super-inear speedups
are possible, e.g., 26.2 on a single SPE, because the simdized
version of the code not only computes multiple useful results
per SIMD instructions, but also avoids all the overhead of
running scalar code on SIMD units otherwise incurred on
non-simdized code.

We now consider the parallelization techniques discussed
in Section 6. The experiments described here were run on
actual hardware. We first show, in Figure 8, results for
parallel execution using only software cache. The experi-
ment was conducted with SPEC OpenMP 2001 benchmark
suite [17] with the three Fortran90 benchmarks excluded.
The measurements are ratios of the execution times when
running the sequential part on PPE and the parallel loops
on various number of SPE processors, to those when run-
ning on the PPE processor alone. It may be more intuitive
to use the execution time on one SPE as the baseline. How-
ever, these benchmarks are too large to be directly run on
an SPE processor, without our code partitioning technique
which does in itself incur some performance penalty. We
reduce the data size of several kernels to get a rough idea
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Figure 9: Speedups of parallelization with optimiza-
tion.

of the relative speed of PPE and SPE processors. The mea-
surements discussed do not consider the simdization of the
parallelized benchmarks because the integration of these two
optimizations is not yet complete. For the purpose of these
measurement discussions, without simdization enabled, one
SPE is approximately 2 times faster than the PPE processor.

In the eight OMP2001 benchmarks, Equake, Mgrid and
Swim have notable speedup because they have high coverage
of the parallel part and plenty of data reuse in the innermost
loops. The long cache line used in the software cache can
e"ectively capture such spatial reuse. Mgrid also has data
reuse across the outer loops that can be exploited by the
software cache. Other benchmarks su"er, to some extent,
for the following reasons:

• Poor data locality. Data accesses are so scattered and
discontinuous that numerous DMA operations are invoked

• Frequent cache flush. Some benchmarks, for instance,
ammp and applu, require frequent cache flush. Cache
flush is a very expensive operation in our implementation.
Cache flush can be further optimized.

• Some optimizations turned o". In order to generate
smaller code for the SPE processor, some optimizations,
such as loop unrolling and procedure inlining, have to be
turned o".

• Lower coverage of parallel parts. Since the currently avail-
able hardware has limited virtual memory space. Smaller
data sets have to be used, reducing the coverage in some
benchmarks.

The performance based purely on software cache can be
enhanced by techniques discussed in Section 6. Figure 9
reports the improvement compared with the pure software
cache approach. Eight SPE processors are used to execute
the parallel loops. All but the matrix multiplication are dra-
matically improved. The code generation for DMA opera-
tions in cases of jumping data access needs further tuning.

8. RELATED WORK
We are not aware of any related work on generating scalar

codes exclusively on SIMD units such as the ones found on
the SPEs. But underlying techniques that minimize the
performance impact of scalar codes on SIMD units are well
known, such as data padding for predictable alignment [18]
and aggressive register allocation to eliminate local variables
in memory.



Open Questions:

• What are the alternatives to this approach?

• High speed library kernels

• Assembly programming for SPE tasks

• High-level array manipulation language?

• Could we achieve much higher speeds?

• What was missed as a critical resource for maximum 
speed?



External Memory Bandwidth

• The most important resource on the CELL?

Putting it all together

Here’s the block diagram of the processors units and the die:

PPE

PowerPC

Flex I/O

SPESPESPESPE

SPESPESPESPE

Rambus XDR

Rambus XDR

4 x 128 Bits

Element Interface Bus

512KB

L2

Core Processor Block Diagram
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