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Abstract—Reed-Solomon coding is a method of generating
arbitrary amounts of checksum information from original data
via matrix-vector multiplication in finite fields. Previous work
has shown that CPUs are not well-matched to this type of
computation, but recent graphical processing units (GPUs) have
been shown through a case study to perform this encoding quickly
for the 3 + 3 (three data + three parity) case. In order to be
utilized in a true RAID-like system, it is important to understand
how well this computation can scale in the number of data
disks supported. This paper details the performance of a general
Reed-Solomon encoding and decoding library that is suitable
for use in RAID-like systems. Both generation and recovery are
performance-tested and discussed.

I. INTRODUCTION

Our previous work [1] has given a thorough treatment of
the reliability of disk drives composed into arrays. Some
metrics of the individual drives, such as the mean time to
failure (MTTF), are more optimistic than real-world measured
results [2]. Furthermore, preventative reporting mechanisms
like SMART (Self-Monitoring, Analysis, and Reporting Tech-
nology) are not a reliable means of proactively preventing
data loss by identifying likely drive failures [3]. Even bit
error rates are becoming more important as individual drives
become larger. By showing failure rates for several configura-
tions and situations, we concluded that more reliable storage
configurations are required to avoid data corruption. While
nested RAID configurations (e.g., RAID 1+0 and RAID 5+0)
can somewhat improve reliability for large arrays, this is an
inefficient use of hardware resources and doesn’t increase
reliability drastically. Furthermore, it is an inefficient use of
hardware resources, requiring more disks and (in some cases)
more RAID controllers. This increases the cost per unit of
storage.

We proposed extending the RAID philosophy by imple-
menting storage groups with arbitrary numbers of parity disks,
then described the challenges of implementing such a system.
Generation of data on the parity disks requires some type of
error correcting code. An example of a common space-efficient
coding scheme for generating arbitrary amounts of parity is
Reed-Solomon coding [4]. In an example system of n + m
disks, a code can be created such that any n disks can be
used to regenerate the content of any other m disks in the set.

While space-efficient, Reed-Solomon coding is difficult to
implement well on CPUs. For an n+m system, generating m
bytes of parity for n bytes of data requires nm multiplication
operations in a finite field [5], where n is customarily larger
than m. Unfortunately, a typical multiplication of two elements
can involve several dozen elementary operations. A lookup
table is a common optimization [5], but most x86/x86-64
CPUs do not implement an operator to perform parallel table
lookups [6]. SSE5 may allow such vectorization in the future,
but this instruction set has yet to be implemented. These
conditions cause x86/x86-64 CPUs to be slow in performing
large numbers of finite field multiplications, the majority of
operations required for Reed-Solomon coding.

In order to deal with the high cost of computing the parity
for n + m systems where m > 2, we proposed using an out-
board compute device which is better suited to Reed-Solomon
coding. In particular, we detailed the advantages of using a
GPU, while addressing integration into a RAID system. We ran
benchmarks on a 3 + 3 implementation of the Reed-Solomon
coding component, showing up to a tenfold improvement over
a CPU running a well-known Reed-Solomon coding library.

In this paper, we show the implementation and performance
of a generalized GPU coding library. It is capable of generating
arbitrary amounts of parity and recovering up to m erasures.

II. MOTIVATION: GPU RAID

The intended application of this library will be a RAID
system which utilizes a GPU to perform parity generation.
This is a challenging application because of the nature of
GPU computation, which is vastly different from that of
traditional RAID controllers and CPUs used for software
RAID. Being that RAID controllers are in-line computation
devices, high bandwidth and low latency are easily achievable
while performing the parity computations. Similarly, CPUs
operate directly on main memory, allowing partial results to be
written to disk while the CPU is still working on other parts
of the same task. GPUs have a different method of computing:
In order to be efficient, large contiguous buffers must be
transferred to the GPU, operated upon, then transferred back
into main memory for writing to disk. This introduces an
unavoidable amount of latency.
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Fig. 1. A GPU RAID Architecture for Write Access

In order to combat such latency, a system architecture
(shown in Figure 1) has been proposed which allows the use of
the full bandwidth available from either the GPU or the disk
system, whichever is slower, with little apparent latency for
writes from the user perspective. The main operation of the
host-side portion of the system is the gathering of requests
into buffers. As shown in Figure 1, the driver which accepts
the write requests copies the relevant data into the GPU
Accumulate Buffer, which gathers requests while the GPU is
busy doing other work. Once the GPU becomes available, the
buffers are rotated so new requests go into an empty buffer and
the GPU Accumulate Buffer is made to be the GPU Operate
Buffer. The GPU performs DMA transfers from this buffer,
operates on its contents, and returns the parity portions to the
GPU Operate Buffer. When this is completed (and outstanding
disk write requests are completed), the buffers are rotated
again. The GPU Operate Buffer moves to the Disk Writeout
Buffer position, and its contents are flushed to disk.

Figure 1 is a simplified diagram which assumes full stripe
updates rather than partial stripe updates, with the implemen-
tation of the experiments mirroring this assumption. Further
revisions of this work will include update calculations for
partial stripe updates. Also, an often-discussed downside to
this architecture is that there is a need for three times the
buffer space compared to other more traditional RAID imple-
mentations.

III. REED-SOLOMON AND GPU ARCHITECTURE

Implementation of Reed-Solomon coding on CPUs leads
to one of two situations which are extremely harmful to
performance. They both related to Reed-Solomon coding’s
most basic operation, multiplication of elements within a finite
field. The implementer must either use dozens of elementary
operations per finite field multiplication [5], or (if the im-
plementer is targeting an x86-based CPU) the implementer
must forgo use of vector instruction sets [7] by using lookup
tables. While the lookup table option is faster, it still only
offers speeds of tens of megabytes per second [1].

GPUs, on the other hand, are well-suited to performing par-
allel table lookups. Graphics workloads often involve sampling
textures in parallel, so it is in the manufacturer’s best interest
to make this operation very fast in modern GPUs. In NVIDIA’s
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Fig. 2. Throughput of Parity Generation with 2MB Maximum Buffer

CUDA architecture as implemented on the NVIDIA 280, for
example, while there is a large global memory, there are
thirty small local memories with sixteen banks each [8]. Each
memory is accessed by eight processing cores simultaneously,
allowing very high numbers of parallel accesses to occur every
clock cycle.

IV. RESULTS

For the experimental validation of the GPU’s effectiveness
at performing RAID computations, a generalized version of
the GPU stage of the pipeline was implemented. This imple-
mentation fixes at compile time the number of parity and data
blocks per stripe. The test hardware includes an Intel Core 2
Duo E8500, 2 GB of DDR3 RAM, and an NVIDIA GeForce
260.

The first experiment was to measure the bandwidth of parity
generation. The timing consisted of transferring some amount
of data (denoted on the horizontal axis) to the GPU, allowing
the GPU to perform the parity generation, then transferring the
parity back to the host memory. The throughput is calculated
from the perspective of the user application; that is, it is
calculated relative to the user data transferred through the
system instead of the data and parity together. In order to
show the relatively small host footprint of this system, the
buffer for data was restricted to two megabytes.

As shown in Figure 2, even with the restricted memory
requirements, both systems tested performed well, achieving
nearly 1.5 GB/s. For the 13+3 system and the 29+3 system,
this would imply satisfying near 100 MB/s and 51 MB/s per
disk, respectively. By comparison, the CPU-based algorithms
averaged around 100 MB/s overall. Such throughput would
support less than 7 MB/s for a 13 + 3 system, and less than
4 MB/s for a 29 + 3 system.

The second experiment shows recovery throughput for three
failed disks in each system. Once again, this is from the user



 0

 100

 200

 300

 400

 500

 600

 700

 800

 0  500  1000  1500  2000

T
hr

ou
gh

pu
t (

M
B

/s
)

Size of Input (KB)

Data Recovery Performance

NVIDIA 260: 13+3
NVIDIA 260: 29+3
Core 2 Duo: 13+3
Core 2 Duo: 29+3

Fig. 3. Throughput of Recovery from M Failures with 2MB Maximum
Buffer

perspective: The measured rate is the rate of data delivered to
the user application.

Figure 3 shows the recovery rates. While the overall demon-
strated throughput is lower than that of parity generation, the
performance seen far exceeds the 100 MB/s demonstrated for
software implementations of n + 3.

One interesting effect of the computation model of the GPU
is demonstrated by the inflection points in the performance
graph, especially in Figure 2. The GPU is a SPMD compute
architecture which acts much like a vector processor, with an
added requirement that groups of threads that start together
must all finish before new threads begin execution. A result
of this architecture is that a particular workload is expressed as
a number of threads which can be specified independently of
the number of processors available in the GPU. This eases the
task of programming the GPU, but can lead to inefficiencies
under certain workloads. For example, the NVIDIA 260 has
192 processing cores. If 4× 192 threads are started, all cores
can potentially be fully utilized. However, if 4×192+1 threads
are started, one thread will ultimately run alone on hardware
that can support many more threads. Because four threads must
run per processor to keep it fully utilized, this slightly larger
load results in a nearly fifty percent drop in parallel efficiency
compared to the fully populated device.

Figure 4 shows the possibility of hiding the PCI-Express
transfer time to the GPU. At no point does the cost of the
transfer exceed the cost of performing parity generation on a
batch of the same size.

V. CONCLUSION

While the case study in our original work [1] shows initial
promise for GPUs in RAID systems, this new implementation
shows that real RAID systems of production-level sizes are
supportable. With further development of this technology, it
will become possible for more reliable RAID systems to

 0.05

 0.1

 0.15

 0.2

 0.25

 0.3

 0.35

 0.4

 0  500  1000  1500  2000

P
er

ce
nt

ag
e

Size of Input (KB)

Percentage of Time Performing PCI Transfer

13+3
29+3

Fig. 4. Percentage of time spent transferring over PCI-Express during
computation.

be developed than are currently on the market. Furthermore,
such systems can be built inexpensively with a $300 GPU
and a JBOD disk controller. Such a system can support the
RAID workload with good performance, often providing near
full bandwidth of disks for streaming writes during normal
operation, and respectable performance while operating in
degraded mode.
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