2023 (1)asd) (7) aaall dpatigh) aghell Aades _ dpalel) ciluahally Eigall Gughyh dnaly e
Tartous University Journal for Research and Scientific Studies - engineering Sciences Series Vol. (7) No. (1) 2023

o)) Al cladlas Ao AAUIY) duand) GlSudld) qupal a) Jalas

(2023/1/10 uﬂ Yl J-é . 2022/10/30 g4 & b)

Ouedle

et Aansilly Aialiy laiie Zpaiil A puanll AN oo ey ) ULl paa b ) jokall A
danll I Lladsul classification applications cayail) cliwlas Jal osialill ass) as Gl ¢lgy
o3 il U el 2y oty AN o3a Baeg S U L) Jaea 53l Blas .CNN 4 alany)
i€l il wllaeS Alsiall e CPU €l dalladll sany alain) e J8 Lgie i mualy cl€ail)
dlle alalaadl g ge oY) Alle 4l5ie Glallas aladinl e 2 Y JSLid) oda Jal A8lal) 4y suasll
L ey ol ) kel JSLaA) Jal Ggdiis Wasid GPU ogul) dallas 32 <Y Ziaall o1aY)
LAY A suanll lSLE] (g clandail) 38 (g ¢ HuS

CUDA a2 cua «CUDA daic a5 GPU 45l dallas 3aa aladiul 4ald 4iaia Nvidia &gl
Glily sacl AL Sl a3 a8 .multi-threads cuulill aaie say z3gais 450 A diala
ALyl Nvidia 2858 sl (e Adlide Apguls Al Glaguyll Glallae Glasg 320 e leuyNig 5
& oY) e mllas GPU saa gl ddle 50 dyypatl) itial) okl .CPU 48 5all dalladl) 52n5 o Lyl
ccaiaill 8 dlle 38y pe 48N A guanll culSuil) il (il el il
.CUDA iaie (GPU a5 cgilsiall cappail ¢ Lol Cappil) A glialy) Lysaall culSeill :dalibal) clals

g = Geshla = (sl faals — YLy Cilasbeall Ll iS5 Hansia 10 3 poye®
g = sl — sl faals — YLy Cilesbeal L5 Hunsia 408 3 sl dllls

103




2023 (1)asd) (7) aaall dpatigh) aghell Aades _ dpalel) ciluahally Eigall Gughiyh dnaly Al
Tartous University Journal for Research and Scientific Studies - engineering Sciences Series Vol. (7) No. (1) 2023

Analysis of the training time of convolutional neural
networks on high-performance processors

Dr. Hasan Albustani*
Eng. Noor khder**

(Received 30/10/2022 . Accepted 10/1/2023)
o ABSTRACT

As a result of the large development in the big data, the performance of traditional
neural networks is no longer convincing, especially in terms of their training time, so
researchers have decided to solve the classification applications using CNNs. Due to
increasing in data, depth and complexity of these networks, the time required to train it
increases, and their efficiency becomes less when use non-parallel processors to train
convolutional neural networks. To solve these problems, high performance parallel
processors must be used, among the modern high-performance processors, The GPU has
been the most widely used and applied to solve complex problems that require large
computing time, and among these applications is the training of convolutional neural
networks.

Nvidia developed a special platform for using the GPU, it is CUDA platform. CUDA
is a parallel computing platform and software model multi-threaded. In this research, we
will choose a large database and train this dataset on several graphics processor units with
different computing capabilities from Nvidia, in addition to training it on the CPU.
Experimental results confirmed the high efficiency of the GPU as a high-performance
processor in reducing the time taken to train convolutional neural networks with high
classification accuracy.
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Unified Device Architecture (CUDA).
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