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2-Field Programmable Gate Arrays (FPGA) & Application Specific
Integrated Circuit (ASIC)
3-Dark Silicon
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5- General-Purpose computation on Graphics Processing Units

(GPGPU)

6- Accelerator
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7- Single precision & Double precision
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Back-Propagation [49]
@ (two layer)

9 3 P!

(forward-ph 54)

Belief Propagation [45-46]

oSpil(im{ Neural Networks [47]

°(‘on\‘0lullolu|l Neural Networks [48]

Genetic Algorithms [50-51]
Self-Organizing Maps [52-53]

Y Fuzzy ART neural networks [62]

Multiple Back-Propagation
@ Back-Propagation [40]

o.\'plklng Neural Networks [41]

Y K-Nearest Neighbor [42]

Genetic Algorithms [43]

°
.Snppnrl Vector Machines [44]

Y Back-Propagation (three layer)[SS]
Y Deep Belief Networks Sparse Coding[56]
Y linear Radial Basis Functions [57]

Neural Network based text detection[58]

Decision Trees and Forests [S9]

Recurrent networks [60]

o
Y K-Means Clustering [61]
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