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Abstract : The GPU enjoys the characteristics of high parallelism , low energy consumption and cheap price . Com—
pared with the traditional CPU platform , it is especially suitable for tasks with high data parallelism . GPU compu—
ting has come into the mainstream of high performance computation (HPC) due to the emerging of development

platforms like CUDA and OpenCL. The GPU’s enormous computational power greatly promotes computational intel —
ligence. A great success has been achieved in the fields such as deep learning and swarm intelligence optimization ,

and several breakthroughs have been seen in image , and speech recognition because of GPU . Though suffering some
drawbacks, GPUs provide common people and small institutions with enormous computing power . This has changed
the set—up of scientific computing and programming model because it could only be provided by expensive super —
computers. To help researchers in the field of computational intelligence better utilize GPUs , a detailed survey of
GPGPU is given in this paper, First, the characteristics and advantages of GPUs against CPUs are presented . Then
we briefly review the development of GPU hardware followed by a survey of the evolution of development tools for

GPGPU ; special attention is drawn to two major platforms , CUDA and OpenCL. We end this paper with our per-—
spectives of the challenges and trends of GPGPU . We point out that embedding and cluster are two major trends for

GPGPU and as both academia and industry continue to see increasing progress in artificial intelligence , the GPU
will be more widely used in more domains.

Keywords : computational intelligence ; swarm intelligence ; evolutionary algorithms ; machine learning ; deep learn—
ing; graphics processing unit ( GPU) ; general purpose computing on GPUs ; heterogonous computing ; high per—
formance computing ( HPC)
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Fig.11 Low level and high level features learned by DNN'
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The Sixth International Conference on Swarm Intelligence and the Second BRICS Congress on Computational Intelligence ( ICSI-
CCI'2015) (http://www.ic-si.org) will be jointly held in Beijing , China, from June 26 to 29, 2015. The theme of the ICSI-CCI'2015
is "SERVING OUR SOCIETY AND LIFE WITH INTELLIGENCE". With the advent of big data analysis and intelligent computing
techniques we are facing new challenges to make the information transparent and understandable efficiently . The ICSI-CCI 2015 will
provide an excellent opportunity and /or an academic forum for academia and practitioners to present and discuss the latest scientific re —
sults and methods , the innovative ideas and advantages in theories , technologies and applications in both swarm intelligence and com —
putational intelligence. The technical program will cover all aspects of swarm intelligence , neural networks, evolutionary computation
and fuzzy systems applied to all fields of computer vision , signal processing, machine learning, data mining, robotics, scheduling,
game theory DB, parallel realization, etc.

Prospective authors are formally invited to contribute high —quality papers to ICSI-CCI2015. Papers presented at ICSI-CCI 2015
will be published by Springer in its prestigious book series of Lecture Notes in Computer Science (LNCS) (indexed by EI, ISTP,
DBLP, Scopus, ISI, etc.) and some high—quality papers will be selected for special issues in SCI -indexed International Journals .
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