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Motivation

Sequence input:
• Sentiment analysis

Sequence output:
• Image captioning

Sequence input and output:
• POS tagging
• Language model
• Handwriting generation 
• Speech to text / text to speech
• Machine Translation
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ℎ𝑡 = 𝑔(𝑉𝑥𝑡 +𝑊ℎ𝑡−1 + 𝑏ℎ)

𝑦𝑡 = 𝑓(𝑈ℎ𝑡 + 𝑏𝑦)
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RNN: modifications

• Gradient clipping (Mikolov, 2012; Pascanu et al., 2012)
• Gated models: 

LSTM (Hochreiter and Schmidhuber, 1997)
GRU (Cho et al., 2014)
SCRN (Mikolov et al., 2015)

• Orthogonal and unitary matrices in RNN (Saxe et al., 2014; Le et al., 
2015; Arjovsky and Shah and Bengio, 2016)

• Echo State Networks (Jaeger and Haas, 2004; Jaeger, 2012)
• Second-order optimization (Martens, 2010; Martens & Sutskever, 

2011)
• Regularization (Pascanu et al., 2012)
• Careful initialization (Sutskever et al., 2013)



Gradient clipping

[Pascanu et al., 2012]

threshold: average norm over a sufficiently large number of updates

http://arxiv.org/abs/1211.5063
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Long short term memory:
Version 0

1.0

𝑐𝑡 - memory

Gate values in [0,1]

𝑖𝑡 , 𝑜𝑡 - input/output gates
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Long short term memory:
Examples

Captures info Releases infoKeeps info

= RNNErases info

- gate is close

- gate is open



Long short term memory:
Examples

- gate is close

- gate is open [Graves, 2012]

RNN LSTM

https://www.cs.toronto.edu/~graves/preprint.pdf


Gated Recurrent Unit
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Orthogonal and unitary matrices
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Orthogonal and unitary matrices

[Pascanu et al., 2012]

Regularization:

[Le et al., 2015]

Initialize recurrent weights with the identity matrix

http://www.jmlr.org/proceedings/papers/v28/pascanu13.pdf
http://arxiv.org/abs/1504.00941


uRNN
𝑊 = 𝐷3𝑅2𝐹

−1𝐷2Π𝑅1𝐹𝐷1

Complex: 
• hidden units, 
• in-to-hidden 
• hidden-to-hidden

𝑜𝑡 = 𝑓(𝑈
𝑅𝑒 ℎ𝑡
𝐼𝑚 ℎ𝑡

+ 𝑏𝑜)

𝑚𝑜𝑑𝑅𝑒𝐿𝑈 𝑧 =  
𝑧 + 𝑏

𝑧

𝑧
𝑖𝑓 𝑧 + 𝑏 ≥ 0

0 𝑖𝑓 𝑧 + 𝑏 < 0

[Arjovsky et al., 2016]

http://arxiv.org/abs/1511.06464


uRNN

Pros:
• No vanishing or exploding gradients
• Memory: 𝑂(𝑛), time: 𝑂(𝑛 𝑙𝑜𝑔𝑛)
• Good parametrization: 𝑂 𝑛 parameters → more hidden units
• Very long dependencies

Cons: 
• LSTM has stronger local dependencies



Bidirectional RNN

RNN Bidirectional RNN



Examples



Sequence to sequence

Synced sequence input and output:
• POS tagging
• Video frames classification



Text generation

Current symbol/word 

Next symbol/word 

start



Text generation

Andrej Karpathy blog

PANDARUS:
Alas, I think he shall be come approached and the day
When little srain would be attain'd into being never fed,
And who is but a chain and subjects of his death,
I should not sleep.

Second Senator:
They are away this miseries, produced upon my soul,
Breaking and strongly should be buried, when I perish
The earth and thoughts of many states.

DUKE VINCENTIO:
Well, your wit is in the care of side and that.

Second Lord:
They would be ruled after this chamber, and
my fair nues begun out of the fact, to be conveyed,
Whose noble souls I'll have the heart of the wars.

Clown:
Come, sir, I will make did behold your worship.

VIOLA:
I'll drink it.

http://karpathy.github.io/2015/05/21/rnn-effectiveness/


Text generation

Andrej Karpathy blog

http://karpathy.github.io/2015/05/21/rnn-effectiveness/


Text generation

Andrej Karpathy blog

http://karpathy.github.io/2015/05/21/rnn-effectiveness/


Handwriting generation:
handwriting -> handwriting

Current pen position: 
x1, x2 – pen offset
x3 – is it end of the stroke

Next pen position (we predict parameters):
x1, x2 - mixture of bivariate Gaussians
x3 - Bernoulli distribution

start



Handwriting generation:
example



Sequence output

Sequence generation:
• Handwriting synthesis
• Image captioning

start

start



Demo

Next pen position 

Current pen position

Which letter we write now

Handwriting synthesis:
text -> handwriting

text

start

http://www.cs.toronto.edu/~graves/handwriting.html


Handwriting synthesis:
biased sampling

bias



Handwriting synthesis:
primed sampling



Handwriting synthesis:
primed sampling



Handwriting synthesis:
primed and biased sampling



Image Caption Generation

Demo (images)

Demo (top images for test texts)

Demo (more sophisticated model)

http://cs.stanford.edu/people/karpathy/deepimagesent/generationdemo/
http://cs.stanford.edu/people/karpathy/deepimagesent/rankingdemo/
http://deeplearning.cs.toronto.edu/i2t


Sequence input

Sequence classification:
• Sentiment analysis



Sequence to sequence

• Handwriting to text / text to 
handwriting 

• Speech to text / text to speech

• Machine Translation

Demo with bidirectional RNN

Input and output have different length!

http://104.131.78.120/


bidirectional RNN

decoder RNN

Translation with attention

[Bahdanau et al. 2015]

https://arxiv.org/abs/1409.0473


Tips and tricks



Tips and tricks

Train data for text generation:
• Sequences of the same length
• Sequences of different lengths and a 

mask (sentences)
• Sequences of the same length and 

accurate initialization of hidden units

Embedding



Tips and tricks

• Gradient clipping: 2 variants
• Truncated BPTT
• Numerically stable log-softmax with crossentropy

𝑝𝑗 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 𝑥 𝑗 =
exp(𝑥𝑗)

 𝑘 exp(𝑥𝑘)
𝐿 = − 

𝑗

𝑎𝑗 log(𝑝𝑗)

𝑝𝑗 = 𝑙𝑜𝑔𝑠𝑜𝑓𝑡𝑚𝑎𝑥 𝑥 𝑗 = 𝑥𝑗 − log  

𝑘

exp(𝑥𝑘)

𝐿 = − 

𝑗

𝑎𝑗 𝑝𝑗

𝑥𝑗 = 𝑥𝑗 −max
𝑘

𝑥𝑘



Deep RNN



Dropout

• 𝑝 – probability of dropping unit
• Train:  for each case a new thinned network is sampled and trained.
• Test:  net without dropout, but 𝑤 = 𝑝𝑤
• Net can be seen as a collection of exponential number of thinned 

neural networks.

[Srivastava et al., 2014]

https://www.cs.toronto.edu/~hinton/absps/JMLRdropout.pdf


Dropout and BN for RNN

Only to non-recurrent connections! 

[Zaremba et al., 2015]

[Laurent et al., 2016]

https://arxiv.org/pdf/1409.2329v5.pdf
https://arxiv.org/pdf/1409.2329v5.pdf
https://arxiv.org/abs/1510.01378
https://arxiv.org/pdf/1409.2329v5.pdf
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A list of resources dedicated to RNNs: Awesome Recurrent Neural Networks

Andrej Karpathy . The Unreasonable Effectiveness of Recurrent Neural Networks // blogpost.

Andrej Karpathy, Justin Johnson, Li Fei-Fei. Visualizing and Understanding Recurrent Networks // ICLR, 2016.
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Reference: examples

Sequence generation

● Character-wise text generation with Multiplicative RNN

Ilya Sutskever, James Martens, and Geoffrey Hinton. Generating Text with Recurrent Neural Networks // ICML 2011.

demo, slides

● Word-wise text generation with RNN (RNN vs n-grams)

Mikolov Tomá, Karafiát Martin, Burget Luká, Èernocký Jan, Khudanpur Sanjeev. Recurrent neural network based language 
model. // Proceedings of the 11th Annual Conference of the International Speech Communication Association (INTERSPEECH 
2010).

Mikolov Tomá. Statistical Language Models based on Neural Networks // PhD thesis, Brno University of Technology, 2012.

lib+demo

● Both character and word-wise text generation + handwritten generation + handwritten synthesis (all with LSTM) 

A. Graves. Generating Sequences With Recurrent Neural Networks.

slides, handwritten synthesis demo

http://www.cs.utoronto.ca/~ilya/pubs/2011/LANG-RNN.pdf
http://www.cs.toronto.edu/~ilya/rnn.html
https://www.google.ru/url?sa=t&rct=j&q=&esrc=s&source=web&cd=6&cad=rja&uact=8&ved=0CEMQFjAF&url=http://archer.ee.nctu.edu.tw/groupmeeting_2013/wlching/Generating Text with Recurrent Neural Networks.pptx&ei=Kpw_VdLAJ4biywOX5oHYCw&usg=AFQjCNHRuPjtBR8RS3i9wMn53qipRsDjdQ&sig2=eDq-7Joxl3qgmV0Dn2JW3w&bvm=bv.91665533,d.bGQ
http://www.fit.vutbr.cz/research/groups/speech/publi/2010/mikolov_interspeech2010_IS100722.pdf
http://www.fit.vutbr.cz/~imikolov/rnnlm/thesis.pdf
http://rnnlm.org/
http://arxiv.org/abs/1308.0850
http://www.cs.toronto.edu/~graves/gen_seq_rnn.pdf
http://www.cs.toronto.edu/~graves/handwriting.html


Reference: examples

Sequence translation

Ilya Sutskever, Oriol Vinyals, Quoc Le. Sequence to Sequence Learning with Neural Networks // NIPS 2014

K. Cho, B. van Merrienboer, C. Gulcehre, D. Bahdanau, F. Bougares, H. Schwenk, Y. Bengio. Learning Phrase Representations using 
RNN Encoder-Decoder for Statistical Machine Translation // EMNLP 2014.

Dzmitry Bahdanau, Kyunghyun Cho, Yoshua Bengio. Neural Machine Translation by Jointly Learning to Align and Translate // ICLR, 
2015.

demo

Image Caption Generation

O. Vinyals, A. Toshev, S. Bengio, and D. Erhan. Show and tell: A neural image caption generator // CVPR, 2015.

Andrej Karpathy, Li Fei-Fei. Deep Visual-Semantic Alignments for Generating Image Descriptions // CVPR, 2015.

demo (images), demo (top images for test texts)

Ryan Kiros, Ruslan Salakhutdinov, Richard Zemel. Unifying Visual-Semantic Embeddings with Multimodal Neural Language 
Models // TACL, 2015

demo

http://arxiv.org/abs/1409.3215
http://arxiv.org/abs/1406.1078
https://arxiv.org/abs/1409.0473
http://104.131.78.120/
http://arxiv.org/abs/1411.4555
http://cs.stanford.edu/people/karpathy/cvpr2015.pdf
http://cs.stanford.edu/people/karpathy/deepimagesent/generationdemo/
http://cs.stanford.edu/people/karpathy/deepimagesent/rankingdemo/
http://arxiv.org/abs/1411.2539
http://deeplearning.cs.toronto.edu/i2t

