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1. Introduction to RNNs (this post)

2. Implementing a RNN using Python and Theano

3. Understanding the Backpropagation Through Time (BPTT) algorithm and the
vanishing gradient problem

4. Implementing a GRU/LSTM RNN
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http://www.wildml.com/2015/09/recurrent-neural-networks-tutorial-part-2-implementing-a-language-model-rnn-with-python-numpy-and-theano/
http://www.wildml.com/2015/10/recurrent-neural-networks-tutorial-part-3-backpropagation-through-time-and-vanishing-gradients/
http://www.wildml.com/2015/10/recurrent-neural-network-tutorial-part-4-implementing-a-grulstm-rnn-with-python-and-theano/
http://www.fit.vutbr.cz/research/groups/speech/publi/2010/mikolov_interspeech2010_IS100722.pdf
http://www.wildml.com/2015/09/recurrent-neural-networks-tutorial-part-1-introduction-to-rnns/
http://www.wildml.com/2015/09/implementing-a-neural-network-from-scratch/
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A recurrent neural network and the unfolding in time of the computation
involved in its forward computation. Source: Nature
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e Recurrent neural network based language model
e Extensions of Recurrent neural network based language model
e Generating Text with Recurrent Neural Networks
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https://en.wikipedia.org/wiki/Long_short_term_memory
http://karpathy.github.io/2015/05/21/rnn-effectiveness/
http://www.fit.vutbr.cz/research/groups/speech/publi/2010/mikolov_interspeech2010_IS100722.pdf
http://www.fit.vutbr.cz/research/groups/speech/publi/2011/mikolov_icassp2011_5528.pdf
http://machinelearning.wustl.edu/mlpapers/paper_files/ICML2011Sutskever_524.pdf
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RNN for Machine Translation. Image
Source:http://cs224d.stanford.edu/lectures/CS224d-Lecture8.pdf
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e A Recursive Recurrent Neural Network for Statistical Machine
e Translation Sequence to Sequence Learning with Neural Networks
e Joint Language and Translation Modeling with Recurrent Neural Networks
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e Towards End-to-End Speech Recognition with Recurrent Neural Networks
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http://cs224d.stanford.edu/lectures/CS224d-Lecture8.pdf
http://www.aclweb.org/anthology/P14-1140.pdf
http://papers.nips.cc/paper/5346-sequence-to-sequence-learning-with-neural-networks.pdf
http://research.microsoft.com/en-us/um/people/gzweig/Pubs/EMNLP2013RNNMT.pdf
http://www.jmlr.org/proceedings/papers/v32/graves14.pdf
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Deep Visual-Semantic Alignments for Generating Image Descriptions. Source:
http://cs.stanford.edu/people/karpathy/deepimagesent/

1l

YIZERNNFDYISMERRIMEMEREIL. FNEEEREREEREE  (BE2E—Lhift. BEX
SHEMBNESHE | BEESRERAMUKRE T EZSRIEEL | (DEERIEATE
£. BIg0 , ATITEREEE = 4R9E , FIIFER RS 3FRER. X EERER
{&i&(Backpropagation Through Time) SIERXIHRIAZE—PERIRES , 2280 , FE
BINSEEFHIINE. IE , REEAERBHIRNNSERBPTTYIS4E KIEEKERAEIRL,
XEZERTHERENBEIEARMS %, FAE—LETERGIEXLRET , R

RNNs ( LSTMs ) & g RAMEaX MA@,

#5RNNs

RNN ¥ f&

SELIRIARE(NRITEIMNEZAIRNNsRAMRRIBGRNNETIERE, HiISEEEmIBESE
ZHNS , BREXNEDEBLER—NENEREEREEEN S 2.
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http://cs.stanford.edu/people/karpathy/deepimagesent/
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http://colah.github.io/posts/2015-08-Understanding-LSTMs/
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http://www.wildml.com/2015/09/implementing-a-neural-network-from-scratch/
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