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ABSTRACT

Given the need to achieve maximum performance plessiffloading intensive computation workload to
GPU is a key to achieve this goal. Offloading mokthe workload to GPU may not results in desired
performance, so a middle approach is more suitlda as splitting the workload between the CPUthad
GPU can be considered as an optimized approacthidnstudy, we used a popular high performance
computation workload which can also be implementsthg a hybrid approach in which part of the
workload is offloaded to the CPU. We also presepedormance estimation method which is verified to
estimate performance with in 5% error margin.

Keywords. Performance Analysis, Hybrid Computation

1. INTRODUCTION The CPU is designed for different applications and
can provide fast response times to a single task.
In general, the CPU was the focus when it comes toArchitectural features such as branch predictian;of-
application with intensive computation requirements order execution and super-scalar are directly edlab
Recent development of GPU introduced new featwes t this performance improvement. These features came a
handle intensive parallel computation which makes i the expense of increased power consumption and
compete with the CPU. While most of the high complexity in addlltlon to increase in die size pere. .
performance computation algorithm now focuses on G.PU.S are built for rendering and other graphics
GPU for data intensive computation, there is atdimall appllcat_lons th"_"t have a large amount of data
window for the CPU to perform parallel task witheth p?‘fa"e"sm- which means that each p'XEI to be
GPU which leads to hybrid implementation. Although g;ﬂzyig '?hne S:trhe;nh(;?]r:j ger}epcri(()a(;?;?gg t'gdggg?dsemngﬁ'
g‘negeelirﬁ, 5\',2 ?;%hgﬁlftﬁ]zikdg]fegg?hciftt)ﬁtevxqeiﬂat::ﬁéc ngmber of processing cores _wh_ile keep_ing within_a
same architecture space with different parameteos. given power and the_r mal limitations. This results i
example, the CPU comes with small number of coresGPUS trading off single threads performance for

i increase parallel processing. CPUs can providetterbe
compared to GPU, but the CPU core can deliver bette performance for single thread for throughput corimt

smgle_ thread performan_ce. On the ot_her hand, A& G |\ orkloads. GPUs provide many parallel processing
can hide memory latencies by managing large number nits which are ideal for throughput computing.

threads while the CPU does this through cache Gig The paper is organized as follows; we start inisact
can't handle very well task parallelism, but itn®re 2 with related work section, in which we compare ou
suitable to process data parallelism. The CPU can'iyork with different published papers. In sectionvée
handle data parallelism, but it can handle vericiefitty ~ present the Monte Carlo (MC) performance model and
task parallelism due to its efficient branchingtéea. In Hybrid implementation with performance analysis. In
summary the CPU and GPU trade off one architecturalsection 4 we discuss experimental results for the
feature for another, so it is reasonable to asstiae  estimation model as well as the hybrid performance
some applications are more suitable for one orhamot implementation data results. In section 5, we amhel
CPUs and GPUs are built using different approaches.  and discuss future work.
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2. RELATED WORK architecture but are also specific to benchmark
behavior. The number of warps is generally theltota
In this study, we propose an analytical model to number of threads divided by 32. Applying this het
estimate performance for MC benchmark with error<5% benchmark, we get the following Equation 1:
between measured and estimated data. We also peesen
hybrid implementation for MC in which the workloaal \arp#="256 1
shared between the CPU and GPU. Several researchers 32
have worked on estimation processor performance for ) )
given benchmarks using different estimation methodsWhere, M is  the = number  of  options,
including  simulation trace-based methods. Our l00P_per_warp_thread is defined as Equation 2:
performance estimation models identifies perforreanc N
dependencies and bottlenecks for a given processbr loop_per_warp_thread=— (2)
workload. We also present a hybrid implementation f 1024
MC workload to maximize performance. The model can
be used to estimate performance for different eae
settings (i.e., frequency, number of cores, Ingioas-
Per-Cycle (IPC), efficiency and execution time).
Goelet al. (2010) presented a per-core linear power |pstructions_per_warp_thread =
mod_el using samp!ed .performance counter on sinyle a 54.4xloop_per_warp_thread 3)
multithreaded applications. Error deviation is <&$all
tested workloads. ~ And the cycles per warp thread can be calculated as
Bakthavatsalam and Mehata (2014) proposed a Hybridequation 4:
instruction set implementation, as compared tonoethod
in which the hybrid implementation between CPU &Rl cycles_ per_warp_thread_instr =
is implemented within OpenCL code itself. per_warp_thread/IPC/Efficiency 4)
Pennycooket al. (2011) presented a hybrid model of
MPI and CUDA for NAS-LU benchmark and compares ~ The total number of cycles which is needed to
it to different processors and GPU architecturag. @C ~ determine the total time is defined by Equation 5:
hybrid design approach uses OpenCL code to use . .
parallel implementation in which part of the conatiatin total_number_of_cycles_—_ Instruction_per_warp
task is off-loaded to CPU while GPU is running athe —threackWarp#/SM#/(efficiency IPC) ®)
computation task in parallel.
Aoki et al. (2011) presented Hybrid OpenCL
imp!ementation for multiple_ npd_es in  network Instructions_per_warp_thread =
environment. The concept is similar to what We 54 4 loop_per_warp_thread 74.64 (6)
presented in this study between GPU and CPU, but in
(Aoki et al., 2011) the performance is compared between  The final prediction equation for options per seton
Hybrid Open CL and OpenCL with MPI implementation. s defined by Equation 7:
Yu el al. (2014) developed a new simplified
computation method based on new parallel computatio _ M
techniques in which computation time is minimizéa. ~ BW (Options/sec) Total time (")
this study, we propose a different approach byaffing -
computation load to GPU when it is possible toaztl.

3. PERFORMANCE PREDICTION

where, N is the simulation path. Using the CUDA(ibng
tool, we analyzed the logic loops through instarddiissued
per warp as shown Irig. 1 Equation 3:

where, instruction per warp thread is defined bydiign 6:

where, Total Time is defined as Equation 8:

Total_time= Total_cycle /Core_Frequency (8)
MODEL
M = Defined as the number of options
In this section, we derive a set of equations fer t SMm# = Number of core shaders frequency is the
MC benchmark performance model. We collected most GPU core frequency

data using the CUDA profiling tool provided by |PC~1.0 = Efficiency ~0.92
Nvidia. These equations are based on generic GPW = The simulation path
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Fig. 1. Logic Loop Vs Instructions issued per Warp

From these equations, we see that the MC benchmarkask parallelism due for example to the presencarof
performance is directly proportional to number ofes, efficient branching mechanism. Cache memory tales u
IPC, efficiency and core frequency and is inversely quite a lot of the CPU die but on the GPU it's less
proportional to simulation pati, warp# and total time. important. CPU and GPU trade off one architectural

. . . aspect for another, each specializing in anothercton
3.1. MC Hybrid Configuration according to the demands of the market. It's reaksten

For high data intensive computation, the trendois t to assume that certain applications are more daitab
offload intensive computation to vector processke | one or another. For the purpose of this study all
GPU, compared to traditional approach of performing measurements where performed on an Intel i7-2600K
computation only on the CPU. Splitting the worklaed ~ CPU and on a GTX 480 NVIDIA GPU. Al
between the CPU and GPU might be a better altemati implementations where done in OpenCL 1.1 for both
In this section, we will discuss MC option pricing platforms. For the 2 devices 1 context implemeotatiests
algorithm in a hybrid implementation. MC is a two Were performed only on Intel i7-2600K with an imir
block-processing paradigm, one that generates ssmpl GFX driver build with support for GPU OpenCL enable
and second that so the actual processing. Tradltjon In Fig. 2, we show offloading computation for GPU, which
the CPU was the platform of choice for computing leaves small window of opportunity for CPU.
application. Recent development in the GPU space MC tries many scenarios and offers an estimation of
introduced what seems like a competitor for the CR&)  the most probable outcome. The algorithm is comgose
a result, there is currently a tendency to overtae of a random numbers generator software Pseudo
utility of the GPU in computing applications, iretskame  Random Numbers Generator-(PRNG) and actual
way that workloads where processed on the CPUdn th processing specific to the domain of applicatioheT
past, the current trend if to offload computationGPU. input is a set of options and the output is their
There is a big architectural difference between Gd corresponding expected values and confidence levels
GPU; each exhibits strengths in areas where other i The single device implementation is obvious. The
weak. The CPU comes with small number of coresimplementation possibilities for a hybrid (CPU+GPU)
compared to GPU but each of its cores deliversebett architecture are done such that each device presess
single threaded performance. The GPU hides memorya chunk of the input set of options proportionathwi
latencies by effectively managing a large number ofits compute capability were both PRNG and MC run
threads; the CPU does it through cache memories. Thon each device. Each device runs one of the MC
GPU can't handle very well task parallelism bus iery components were one does PRNG and the other MC.
suitable for data parallel applications; the CPUymat Following measurements of the single device
handle as well data parallelism but it handles weejl implementations we conclude that PRNG behaves
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better on the CPU both in single and in double immediately after being issued. This is showrFig.
precision. In addition, MC apparently performs much 3 where a problem was broken into 3 chunks.

better on the GPU than on the CPU (almost 100 times In Figure 3 graph A shows the execution duration if
faster). In the MC case, we should note that they ve chunks are processed sequentially (even though PRNG
large difference is mostly because the comparisontakes place on the CPU and MC on the GPU). Graph B
done between the GPU with fast math enable and thehows the performance gain of achieving parallel
CPU without fast math (not yet supported on the e€xecution on both the CPU and the GPU when
CPU). When fast math is disabled on the GPU or if compared with the A case. The second approactsds al
the CPU algorithm is modified to use a fast V€ry useful to hide memory IO overhead when the CPU
implementation of the exponential function, the and the GPU do not share the same memory space. In
performance gap is reduced to about 3-6 timesistill he A case every call is blocking and so, even & w
favor of the GPU. From the hybrid point of vieweth have PRNG execute on the CPU and MC on the GPU,

choice seems to be to perform the PRNG on the cpUne chunks are executed sequentially. Having this ca
and after that MC on the GPU. Now from the point of execute asynchronously enables parallel execution o

view of the Open CL implementation and considering Eg:gv\?a?é'?2203?&?%%?#'[3% lsrfgdglfatggrezvs?sagl
only two devices at a time, we constructed the welo y y

diaaram to show hvbrid options. We can have 2the case of two devices and it is suitable for kwtigle
'ag . v-hy P L . and dual context. The main difference between singl
discrete devices in 1-2 contexts or 2 joined device

. C and dual context is how the memory transfers are
1-2 contexts. (An example of 2 dlscrete_ c_IeV|ces7+_s implemented; for the single context, approach expli
2600K and GTX 480; an example of 2 joined devices yomory transfers are not implemented. For dual
is i7-2600K and HD3000 GPU). The advantages of coniexi memory, transfers are done through a
single vs. multiple contexts is, we can share memor compination of memory enqueue calls. The core 10 ou
objects if both devices reside in the same memorypyprid design is running the PRNG on the CPU and
space reducing overhead and we can use events tQIC on the GPU as shown fig. 4. Explicit memory
synchronize between executions on all queuestransfers belong on the GPU Q. The problem gets
included in the same context. Considering thes&sfac broken down into N chunks and the algorithm loops
it seems better to go for the single approach whereover the problem in N+1 steps. On the first stefyon
possible. A crucial element of the hybrid the CPU Q performs. On the last step only the GPU Q
implementation is the ability of the common Open CL performs. Basically we issue asynchronously the
API ‘enqueue’ functions to execute asynchronously-i enqueue calls (kernel and memory) to the CPU and
other words to return control back to the host ddre GPU queues and then synchronize on each step.

Computations
1 . vCPU
Open Window
. CPU
2
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1/O Computations v Fle} GPU
' — : VCPU
.om pu[auens
3
y L >
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Fig. 2. Offloading computation to the GPU
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Fig. 3. Sequential versus parallel execution
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Fig. 4. MC Hybrid design
After synchronization, additional post-processing i The measurements show that hybrid performance

required to integrate results over the whole samsple  depends heavily on the problem size (sample setzsid
The sample set is what needs to be transferredrdswa option count) and on the CPU/GPU ratio of compute
the GPU as it is input for the actual MC processing capabilities. The problem size matters becausse thé
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main factor for workload balancing. Improperly time for different options/sample size to derivetk t
balancing the two stages of the pipeline (CPU aRiUYs  benefit for using hybrid model instead of just GIRig
leads to wasting compute power and memory transfersingle and double precision floating point. Hybrid
not being hidden. CPU/GPU compute ratio is also performance depends on many factors, such as pnoble
important because if it is too small can lead ttoa size, load balancing, hiding memory operations gisin
small performance gain to make hybrid worth parallelism, algorithm optimization and capabibtief
implementing. The original PRNG implementation, the devices which are best when the devices are well
one for the GPU, performed very poorly on the CRU ( balanced. The bigger the processing power gap leetwe

single precision, almost 40 times slower on the C&tJ
it was necessary to be redesigned. The best afprezs
to first make a sequential implementation for tHeUC
and then convert that code to be used as a kesoar(

the devices the less performing hybrid will be.

4. EXPERIMENTAL RESULTS

several threads) in OpenCL-an approach similar to4.1. M C Performance Experimental Results

implementing for Message Passing Interface (MPie T
number of threads is not that important on the GBLt
is on the GPU-and this was to be expected as th¢ C
single thread performance is much better thandhtie
GPU single thread performance.

The MC hybrid performance model is divided into
two categories The GPU only time and the Hybrid

First, we verify MC using the Nvidia Tesla 2050

P (CUDA cores = 448, or SM# = 448/32 = 14) and NV

GTX580 (CUDA cores = 512 or SM# = 512/32 = 16)
graphics cards. The data results show an error%f<5
between the estimated and measured data at differen
core frequencies and numbers of cores, showrign5.

time for GPU and CPU. We experiment the model for For both cards (Tesla 2050 and GTX580), the siririat

single precision and double precision for different

options and sample sizes. We start with GPU time

equation, which is given by Equation 9 and 10:

GPUTime = (RandTime+ MCTim&Ngpy 9)

Hybrid Time = Tx Ny (10)

We assume the I/O time is negligible ~0 and MC
Time = Tfor one pipeline step duration. The hybrid time
equation is given by Equation 11 to 13:

Hybrid Time = TxN (1)

Where:

Nu NgputN; and Nspy (12)
And:

Tepu= Rand TimeN+MC time (13)

The difference between GPU and Hybrid time is
derived as Equation 14:

GPUtime-HybridTime = RandTimeN-T (14)

path N = 256*1024 and options number M = 2048.

For MC Hybrid model performance results, solving
the equations we derived in hybrid model sectidn, i
we know the RandTime for CPU and T, we can
calculate N for which there is a performance g&ior.
the single precision case, T~65%* RandTime, which
means that N is at least 2, this will give us tetical
performance gain of 35%.

FromFig. 6, the random time for CPU reaches a max
of 2863ms for number of samples = 27, while the GPU
reaches a max of 1844 ms for samples = 27. Thexefor
the CPU RAND time is only 1.55 slower than the GPU
RAND time. For 800 options and 128x1024x1024
samples, the GPUtime = 4883 ms and Hybridtime 6352
ms which is ~27.8% improvement in performance.
Performance can be increased by increasing thelsamp
size, for example, Options = 800, Samples = 1024, MB
Hybrid Chuck = 16 MB and GPU chunk = 128 MB, we
calculated Hybrid time to be 28.8% faster than Gy
time. If we change the sample size to 2048 MB, we
calculate the hybrid time to be ~29% faster that@Rly
time. We repeat the same experiment for doublagoec

For double precision, the CPU Random generating
numbers is & times faster than the GPU. Frdfg. 7,
CPU RAND time is~1360 ms, while the GPU RAND
time is ~6950 ms. In case of 64 options, ARMR4x1024
sample size, the GPU time is calculated at 11419 ms

In the results section, we implement the equationwhile the Hybrid time Ois 5210 ms, this is ~54%

derived in this section to calculate the GPU anibriay
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Fig. 6. GPU and CPU RAND timing for single precision faffefent random sizes
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Fig. 7. GPU RAND and CPU RAND timing for double precisifon different random sizes
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5. CONCLUSION
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