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https://rodrigob.qithub.io/are we there yet/build/classification datasets results.html

Classification datasets results

What is the class of this image ?

About Datasets  Contact

Discover the current state of the art in objects classification.
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MNIST .
CIFAR-10 Result Method Venue Details
(S:ITFS?;OO 0.21% Regularization of Neural Networks using DropConnect » ICML 2013
ﬁ_\g',ﬁozm task 1 0.23% Multi-column gggg Neural Networks for Image > CVPR 2012
Classification T 7" FEEARISRmmers
MNIST 0.23% APAC: Augmented PAttern Classification with hlegral » arXiv2015
who is the best in MNIST ? D!etworks ST
’; é § i § MNIST w0y 0-24% Batch-normalized Maxout Network in Network 2 arXiv 2015 Details
sS 9 o b Units: error % o . . . .
0.29% Generalizing Pooling Functions in Convolutional Neural 5 AISTATS 2016 Details
Networks: Mixed, Gated, and TredFEm-Aramaitme mimrs
0.31% Recurrent gonvolgtiogal eural Network for Object s CVPR 2015
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ImageNet Classification top-5 error
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“* GPU (Graphics Processing Unit)
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* GPU (Graphics Processing Unit)
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Training Inception with Distributed TensorFlow
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