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Abstract
The programming of GPUs (Graphics Processing Units) is ready for practical applications;
the largest industry players (including research centres, financial and analyst corporations)
have already announced that they use these new devices for high computing applications.
There are several well-known areas, like image processing, simulations and obviously 3D
graphics, where we can use these devices very efficiently. In this paper, we would like to
show, that beyond these well-known topics, GPU programming is able to speed-up more
general purpose applications. The key is the data parallel nature of the algorithm, and the
minimization of data transfers between CPU and GPU.
Key words: GPGPU, GPU development, CUDA, data-parallel algorithms, speed-up, matrix
operations

1

INTRODUCTION

Originally, display adapters were responsible for displaying content on the screen; however,
this has changed significantly in the last ten years. Nowadays, most of the available display
adapters are capable of doing general computations. The first step in this direction was the
appearance of the 3D accelerator cards in the 90s, and the integration of these into the main
display adapters. Due to the integration of several new functions, these cards become more
and more comprehensive devices, and in the last few years, we can execute general programs
[1][2][3][4] using these. In case of NVIDIA hardware, we should use the CUDA environment
to handle this process, this helps us to compile and run kernels in the GPUs.

Fig. 1. Theoretical peak performance of GPUs and CPUs [5]
The main reason why we want to run applications in the GPU is the enormous computing
capacity of these devices. As Fig. 1 shows, the peak performance of the graphics accelerator
cards is about one or two magnitudes higher than the traditional CPUs. However, these
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devices have several limitations, and this high performance is not available with all types of
tasks. This paper introduces some aspects about when it is worth porting algorithms to the
graphics cards.

2

GPGPU ADVANTAGES

There are several reasons for this high peak performance, the main ones of these are as
follows [6]:


Large number of processing units



Complex and efficient memory architecture

1.1 Large number of processing units
The main direction of the traditional CPU development is to increase the number of cores.
Similar to this, in the case of video display adapters, we can see more and more processing
units too. In this case, we can talk about quite different dimensions; the number of processing
units is more than one thousand in the top-level graphics cards.
Fig. 2. shows the architecture of a Kepler based streaming multiprocessor (manufactured by
NVIDIA). As you can see, most of the die area is occupied by CUDA cores (green
rectangles). One streaming multiprocessor (SMX) contains 192 pieces of processing units,
and one graphics card contains several multiprocessors. These units are much simpler than the
cores of a traditional CPU, but the high number of them leads to this increased performance.

Fig. 2. NVIDIA Kepler architecture [7]
1.2 Memory architecture
Current GPUs have very complex and efficient memory hierarchy. As Fig. 3 shows, a Kepler
based GPU contains the following memory regions:


Fast on-chip memories (registers, shared memory)



Slower off-chip memories (global memory)
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Cache regions (L1, L2)

Fig. 3. Memory hierarchy of Kepler based multiprocessors [8]
Registers are similar to the common registers of traditional CPUs. There is a surprisingly
large number of registers in each streaming multiprocessor (65536 32-bit registers in Kepler
SMX), however we have to take into consideration that these devices are usually running
large number of threads. If we scheduled the maximum number of threads in a multiprocessor
(2048 in the case of Kepler), then each thread can work with only 32 registers.
The shared memory and the L1 cache are basically the same. Developers can configure the
multiprocessor to use the given on-chip memory as an L1 cache, or as a shared memory
available for the programmer. This memory is fast but the size is very limited (64K per SMX
in the case of Kepler architecture).
The global memory is the largest and slowest memory region. To speed up the memory access
procedure, a quite large (1536KB per SMX in case of Kepler architecture) L2 cache exists
between the multiprocessor and the device memory.

3

DISADVANTAGES OF GPU PROGRAMMING

3.1 Data-parallel execution
The main advance of the GPUs is the large number of execution units. It is clear that we have
to run at least as many threads as the number of CUDA cores to utilize the graphics card (for
example, in the case of Tesla K40 accelerators, the number of cores is 2880). In practice, due
to the fact that the GPUs latency hiding is based on the fast context switching, we have to run
3-4 times more threads parallel to reach the peak performance. As you can see, we can only
implement highly parallelisable tasks in the GPU only efficiently.
GPUs are basically created for 3D graphics acceleration. Nowadays, these are available for
general purpose computations, but the architecture is basically developed for the original
purpose. In 3D graphics tasks (rendering, effects, etc.) we usually run thousands of parallel
threads (for example, these can calculate the appropriate colour for each pixel in the screen).
These threads are independent of each other from the data point of view (no one has to wait
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for the results of others), but all of them execute the same algorithm. We can call this as
“data-parallelism” and that is the main operating principle of GPUs.
Due to these restrictions, the number of problems effectively solvable using GPUs is very
limited. Fortunately, we do not always have to implement the entire algorithm in the graphics
card; it is possible to create programs using the CPU and the GPUs together.
1.3 Separate memory regions
Another bottleneck of CPU/GPU programming is the separated memory hierarchy. The GPU
has its own memory areas. As it was introduced in the previous section, it has several
advantages. In contrast, this can cause several disadvantages too. The GPU and the CPU have
separate memory areas, and both of the devices can use only their own memory. This means
that in case of hybrid approaches (when we want to use both the CPU and GPU) we have to
copy data from host memory to device memory and vice versa. This copy is usually done via
the PCIe bus, and the low bandwidth of this can cause significant performance degradation.
This latter drawback further limits the area of effectively implementable problems. According
to this, we should be very careful in the software design phase [9], and make good decisions
about what parts of the code we want to implement as a GPU kernel.

4

RUNTIME MEASUREMENTS

As you can see, GPU development has several advantages and disadvantages. We can use this
technique only for a limited number of problems, but in these cases we can reach significantly
better performance. There are several well-known areas, like image processing [10],
simulations, optimizations[11] and obviously 3D graphics, where we can use these devices
very efficiently.
In this paper, we would like to show, that beyond these well-known topics, GPU
programming is able to speed-up more general applications. The key is the data parallel
nature of the algorithm, and the minimization of data transfers between CPU and GPU.
Working with matrices is not quite as spectacular an area as the previously mentioned ones. In
the case when we do not have to often transfer the sub results between the CPU and the GPU,
we can achieve very good runtimes. Most of the basic matrix operations are very
implementable using the data-parallel fashion. Therefore, if we can compensate for the time
wastage caused by the input and output data copy procedure, it may be worth using graphics
accelerators for general purpose computing.
In this paper, we introduce the performance of two basic matrix operations, addition and
multiplication (of random [12] values). The main difference between them is the number of
operations according to the number of the elements.
In the case of squared matrices, where the number of elements is M = N*N:


Matrix addition: number of operation is M



Matrix multiplication: number of operations is M*M

Test environment:


CPU configuration: Intel® Core™ i7-2400 (Sandy Bridge)



GPU configuration: NVIDIA Tesla K40c (GK110B)
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1.4 Matrix addition
Fig. 4 shows the measured runtimes in the case of matrix addition. We have run the same test
using different matrix sizes (we investigate N*N matrices). As you can see, if we strictly
focus only on the addition part of the algorithm, the GPU code is faster than the CPU (except
some very small N values). However, the overall runtime of the GPU code (including the
memory transmissions) is always greater. That is what we expect, because in this case the
ratio of calculation/memory transfers is too low to efficiently utilize the GPU resources. It is
clear that if we need only one matrix addition, it is not worth doing it with the GPU.
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Fig. 4. Runtime of matrix addition algorithms
In practice, it is more general that we have to do additional calculations using the input data
and derived values. In our second test, we: 1) transfer the input matrices to the GPU memory
2) execute the addition K times 3) transfer the final results back to the CPU. The last column
of Table 1 shows the smallest K value, where the full runtime is equal for the CPU and the
GPU in case of different matrix sizes. As you can see, in the case of larger matrices, this
number is quite small, if we do two or more additions, the GPU becomes faster.
Table 1. Runtime of matrix addition algorithms
GPU details
Matrix CPU runtime
size (N)
(ms)
16
0.16
32
0.30
64
0.98
128
4.36
256
24.20
512
98.16
1024
996.60
2048
4224.74

GPU runtime Host to Device
Device to Host
(ms)
memory copy Kernel memory copy
86.68
29.38
40.12
17.18
59.58
24.66
20.60
14.32
73.28
34.90
19.78
18.60
125.50
72.86
19.98
32.66
328.64
214.62
23.28
90.74
1132.46
770.96
40.54
320.96
3722.18
2782.20 107.08
832.90
12435.24
9196.98 333.32
2904.94

Minimum
number of
operations
n/a
n/a
n/a
n/a
332
19
5
4
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1.5 Matrix multiplication
The results of the matrix multiplication runtime evaluation are shown in Fig. 5. The difference
between the CPU and GPU runtimes are more significant in this case. Except for some small
N values, the GPU is faster, and the results are better in case of larger matrix sizes. You can
see that in the case of medium and large matrices, it is worth using the GPU for computations.
The calculations are so fast that this can balance the memory transfer overhead.
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Fig. 5. Runtime of matrix multiplication algorithms
In the case of CPU implementation, we used a single threaded sequential naive algorithm for
the multiplication. In the case of the GPU, the implementation of the multiplication is based
on the freely available CUBLAS library.

5

RESULTS

It is difficult to clearly make a decision in the matrix addition case. As you can see, the
calculation itself is significantly faster using the GPU, but the memory transfer overhead
causes higher overall runtime. It is worth checking Table 1, where you can see that if we need
multiple additions, using the same (or already available) data, we should take into
consideration the GPU kernel.
The matrix multiplication tests give clearer results. As it was expected, in the case of small
matrices, the CPU was faster. But beyond a critical size limit, the GPU code becomes
significantly faster. In these cases, this speed advantage can compensate the time waste
caused by the memory transfers.
It is worth noting that the previous tests correspond to the worst case scenario from the data
transfer point of view. We had to transfer both input matrices to the GPU and transfer the
resulting matrix back to the CPU. In practice, it is more common to do a chain of calculations,
where several steps use the previous sub-results. In these cases, the drawback caused by the
memory transfers is less significant.
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