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Overview

• What is a recurrent neural network (RNN)? 
• Simple RNNs 
• Backpropagation through time 
• Applications 
• Variants: Stacked RNNs, Bidirectional RNNs



What are recurrent neural 
networks?
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Recurrent neural networks (RNNs)

• Recurrent neural networks = A class of neural networks used to 
model sequences, allows for handling of variable length inputs. 

• Very crucial in NLP problems (different from images) because 
sentences/paragraphs are variable-length, sequential inputs.

How can we model sequences using neural networks?

DT NN VB IN

The cat sat on

DT NN VB IN

The cat sat on

HMM MEMM



Recurrent neural networks (RNNs)

A class of neural networks allowing to handle variable length inputs

A function: y = RNN(x1, x2, …, xn) ∈ ℝd where x1, …, xn ∈ ℝdin

Core idea: apply the same weights repeatedly at different positions



RNNs vs Feedforward NNs



Recurrent neural networks (RNNs)

Proven to be an highly effective approach to language modeling, 
sequence tagging as well as text classification tasks:

Language modeling Sequence tagging

The movie sucks .

!

Text classification

Form the basis for the modern approaches to machine translation, 
question answering and dialogue: 

f(ht−2, xt−1)



f(ht−2, xt−1)

RNNs for Language Modeling

P(wt |w1, …, wt−1) = P(wt |ht−1)

Use a RNN to 

• capture the history of the 

previous words as a hidden 
state 


• use hidden state to estimate 
the probability of the next 
word 



Recall: Language Models

• N-grams

• kth order Markov assumption

<latexit sha1_base64="Eh1XVCeJH38Fuis8Udt/vklGzx0=">AAACNXicdVA9SwNBEN3z2/gVtbRZDII24U6CWgZtLCwiGBWSEPY2E7O4t3vszknCeX/Kxv9hpYWFIrb+BTcfhSY6MPDmzTxm5oWxFBZ9/8Wbmp6ZnZtfWMwtLa+sruXXNy6tTgyHKtdSm+uQWZBCQRUFSriODbAolHAV3p70+1d3YKzQ6gJ7MTQidqNEW3CGjmrmzyq7dYQuphHDjN7TYYEdoG6CWpdaUVdme7TO4tjoLv1Pke018wW/6A+CToJgBApkFJVm/qne0jyJQCGXzNpa4MfYSJlBwSVkuXpiIWb8lt1AzUHFIrCNdPB1Rncc06JtbVwqpAP2pyJlkbW9KHST7tSOHe/1yb96tQTbR41UqDhBUHy4qJ1Iipr2LaQtYYCj7DnAuBHuVso7zDCOzuicMyEYf3kSXO4Xg4Ni6bxUKB+P7FggW2Sb7JKAHJIyOSUVUiWcPJBn8kbevUfv1fvwPoejU95Is0l+hff1DeVCrCQ=</latexit>

P (mat|the cat sat on the) ⇡ P (mat|the)

<latexit sha1_base64="MhfuShxqKPFDtBq/3xSi+U86FtU=">AAACOHicbVA9SwNBEN3zM8avqKXNYhC0CXcS1FK0sTOCiUISwt5mkizZ2z1258Rw5mfZ+DPsxMZCEVt/gZsPQWMGBt68ecPMvDCWwqLvP3szs3PzC4uZpezyyuraem5js2J1YjiUuZba3ITMghQKyihQwk1sgEWhhOuwezboX9+CsUKrK+zFUI9YW4mW4Awd1chdlPZqCHeYRgz79J6OCuwAdQpqXWpFXdnfpzUWx0bf0akTP6pGLu8X/GHQ/yAYgzwZR6mRe6o1NU8iUMgls7Ya+DHWU2ZQcAn9bC2xEDPeZW2oOqhYBLaeDh/v013HNGlLG5cK6ZD9PZGyyNpeFDqlu7ZjJ3sDclqvmmDruJ4KFScIio8WtRJJUdOBi7QpDHCUPQcYN8LdSnmHGcbReZ11JgSTL/8HlYNCcFgoXhbzJ6djOzJkm+yQPRKQI3JCzkmJlAknD+SFvJF379F79T68z5F0xhvPbJE/4X19AyukrT8=</latexit>

P (mat|the cat sat on the) ⇡ P (mat|on the)

Bigram (1st order)

Trigram (2nd order)

<latexit sha1_base64="EXj942EtoTnlD1RiN4XBWt2XYcI="></latexit>

P (w1, w2, . . . , wn) =
nY

i=1

P (wi|w1, . . . , wi�1)

• Model the probability of a sequence of words



Issues with traditional n-grams
Consider:

As the proctor started the clock, the students opened their __________ 

P(w |students opened their w) = count(students opened their w)
count(students opened their)

For a 4-gram, the probability of the next word would be estimated by

As the proctor started the clock, the students opened their __________ 

Small n: not enough context for long range dependencies 



Issues with traditional n-grams

• Example generation from trigram model

today the price of gold per ton , while production of shoe 
lasts and shoe industry , the bank intervened just after it 
considered and rejected an imf demand to rebuild depleted 
european stocks , sept 30 end primary 76 cts a share .

• Surprisingly grammatical! 
• But incoherent.  Need to consider longer history to model language well.

• Sparsity issues when n is large 
• Model size (number of parameters) increases exponentially with n 

• Takes up a lot of memory to store all those probabilities  

Why can’t we just increase n?



Feedforward Neural Language Model
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(Bengio et 2003): A Neural Probabilistic Language Model

• Input layer (context size n = 5):
<latexit sha1_base64="5VYONQX+JYzKPMGJ9HldsTFJXrM="></latexit>

e = [ethe; ecat; esat; eon; ethe] 2 Rdn

concatenate word embeddings

• Hidden layer
<latexit sha1_base64="n8jSs0FO940if7WQrWQD8dUDFf4="></latexit>

h = tanh(We+ b1) 2 Rh

• Output layer (softmax)

P (w = i | context) = softmaxi(z)
<latexit sha1_base64="PfRVpY8ZLMPvgyPpDypIa8e+c9w=">AAACHXicbVC7SgNBFJ31GeMramkzGITYhF0JaCMEbSwjmETIhjA7mdXBeSwzdzVxyY/Y+Cs2FopY2Ih/42ySwteBYQ7n3Mu990SJ4BZ8/9ObmZ2bX1gsLBWXV1bX1ksbmy2rU0NZk2qhzUVELBNcsSZwEOwiMYzISLB2dH2S++0bZizX6hyGCetKcql4zCkBJ/VKtUblFh9hjkPJ+zgENoCMapX/oz1nWB2DJIMer4SSwFUUZ3ejvV6p7Ff9MfBfEkxJGU3R6JXew76mqWQKqCDWdgI/gW5GDHAq2KgYppYlhF6TS9ZxVBHJbDcbXzfCu07p41gb9xTgsfq9IyPS2qGMXGW+ov3t5eJ/XieF+LCbcZWkwBSdDIpTgUHjPCrc54ZREENHCDXc7YrpFTGEggu06EIIfp/8l7T2q4FfDc5q5frxNI4C2kY7qIICdIDq6BQ1UBNRdI8e0TN68R68J+/Ve5uUznjTni30A97HF1PioX0=</latexit><latexit sha1_base64="PfRVpY8ZLMPvgyPpDypIa8e+c9w=">AAACHXicbVC7SgNBFJ31GeMramkzGITYhF0JaCMEbSwjmETIhjA7mdXBeSwzdzVxyY/Y+Cs2FopY2Ih/42ySwteBYQ7n3Mu990SJ4BZ8/9ObmZ2bX1gsLBWXV1bX1ksbmy2rU0NZk2qhzUVELBNcsSZwEOwiMYzISLB2dH2S++0bZizX6hyGCetKcql4zCkBJ/VKtUblFh9hjkPJ+zgENoCMapX/oz1nWB2DJIMer4SSwFUUZ3ejvV6p7Ff9MfBfEkxJGU3R6JXew76mqWQKqCDWdgI/gW5GDHAq2KgYppYlhF6TS9ZxVBHJbDcbXzfCu07p41gb9xTgsfq9IyPS2qGMXGW+ov3t5eJ/XieF+LCbcZWkwBSdDIpTgUHjPCrc54ZREENHCDXc7YrpFTGEggu06EIIfp/8l7T2q4FfDc5q5frxNI4C2kY7qIICdIDq6BQ1UBNRdI8e0TN68R68J+/Ve5uUznjTni30A97HF1PioX0=</latexit><latexit sha1_base64="PfRVpY8ZLMPvgyPpDypIa8e+c9w=">AAACHXicbVC7SgNBFJ31GeMramkzGITYhF0JaCMEbSwjmETIhjA7mdXBeSwzdzVxyY/Y+Cs2FopY2Ih/42ySwteBYQ7n3Mu990SJ4BZ8/9ObmZ2bX1gsLBWXV1bX1ksbmy2rU0NZk2qhzUVELBNcsSZwEOwiMYzISLB2dH2S++0bZizX6hyGCetKcql4zCkBJ/VKtUblFh9hjkPJ+zgENoCMapX/oz1nWB2DJIMer4SSwFUUZ3ejvV6p7Ff9MfBfEkxJGU3R6JXew76mqWQKqCDWdgI/gW5GDHAq2KgYppYlhF6TS9ZxVBHJbDcbXzfCu07p41gb9xTgsfq9IyPS2qGMXGW+ov3t5eJ/XieF+LCbcZWkwBSdDIpTgUHjPCrc54ZREENHCDXc7YrpFTGEggu06EIIfp/8l7T2q4FfDc5q5frxNI4C2kY7qIICdIDq6BQ1UBNRdI8e0TN68R68J+/Ve5uUznjTni30A97HF1PioX0=</latexit><latexit sha1_base64="PfRVpY8ZLMPvgyPpDypIa8e+c9w=">AAACHXicbVC7SgNBFJ31GeMramkzGITYhF0JaCMEbSwjmETIhjA7mdXBeSwzdzVxyY/Y+Cs2FopY2Ih/42ySwteBYQ7n3Mu990SJ4BZ8/9ObmZ2bX1gsLBWXV1bX1ksbmy2rU0NZk2qhzUVELBNcsSZwEOwiMYzISLB2dH2S++0bZizX6hyGCetKcql4zCkBJ/VKtUblFh9hjkPJ+zgENoCMapX/oz1nWB2DJIMer4SSwFUUZ3ejvV6p7Ff9MfBfEkxJGU3R6JXew76mqWQKqCDWdgI/gW5GDHAq2KgYppYlhF6TS9ZxVBHJbDcbXzfCu07p41gb9xTgsfq9IyPS2qGMXGW+ov3t5eJ/XieF+LCbcZWkwBSdDIpTgUHjPCrc54ZREENHCDXc7YrpFTGEggu06EIIfp/8l7T2q4FfDc5q5frxNI4C2kY7qIICdIDq6BQ1UBNRdI8e0TN68R68J+/Ve5uUznjTni30A97HF1PioX0=</latexit>

<latexit sha1_base64="Zc8XrINe2uBVfLOfA0/ePyAeljE=">AAACLnicbVBdS8MwFE39nPNr6qMvwSEIwmjHUF+EoQg+TnEfsNWRZukWlqYlSYXZ9Rf54l/RB0FFfPVnmG6d6OaBwMk593LvPU7AqFSm+WrMzS8sLi1nVrKra+sbm7mt7Zr0Q4FJFfvMFw0HScIoJ1VFFSONQBDkOYzUnf554tfviJDU5zdqEBDbQ11OXYqR0lI7d9HykOo5bnQfw1M4+VTjCevF8PBHduJ2EbYoTwUnuo5vo2FtGLdzebNgjgBniZWSPEhRaeeeWx0fhx7hCjMkZdMyA2VHSCiKGYmzrVCSAOE+6pKmphx5RNrR6NwY7mulA11f6McVHKm/OyLkSTnwHF2Z7CmnvUT8z2uGyj2xI8qDUBGOx4PckEHlwyQ72KGCYMUGmiAsqN4V4h4SCCudcFaHYE2fPEtqxYJ1VChdlfLlszSODNgFe+AAWOAYlMElqIAqwOABPIE38G48Gi/Gh/E5Lp0z0p4d8AfG1zfzKqm7</latexit>

z = Uh+ b2 2 R|V |



Feedforward Neural Language Model

Slide credit: Chris Manning

<latexit sha1_base64="anf6PsXyygWJ7dROgvkAQdb2JKA=">AAACEnicbVC7TsMwFHV4lvAKMLJYVEiwVAlCwEYFC2NB9CE1oXJcp7XqOJHtIFVRvoGFX2FhACFWJjY+hQ0n6QAtR7J0fM69uvceP2ZUKtv+MubmFxaXlisr5ura+samtbXdklEiMGniiEWi4yNJGOWkqahipBMLgkKfkbY/usz99j0Rkkb8Vo1j4oVowGlAMVJa6lmHphsiNfSDtJ1Bl3JYfv30JrtLh9BVNCQS8n5m9qyqXbMLwFniTEj1/Dso0OhZn24/wklIuMIMSdl17Fh5KRKKYkYy000kiREeoQHpasqRnuSlxUkZ3NdKHwaR0I8rWKi/O1IUSjkOfV2ZLyynvVz8z+smKjjzUsrjRBGOy0FBwqCKYJ4P7FNBsGJjTRAWVO8K8RAJhJVOMQ/BmT55lrSOas5J7fjartYvQIkK2AV74AA44BTUwRVogCbA4AE8gRfwajwaz8ab8V6WzhmTnh3wB8bHD0aWoOw=</latexit>

W 2 Rh⇥nd

Fixed window LM



Issues with fixed-window neural LM

Improvements over n-gram LMs 
• No sparsity problem 
• Don’t need to store all observed n-grams

What we really want: 
• Neural network to handle input sequences of arbitrary length!

Remaining issues 
• Fixed window is still limited in size (too small) 
• Enlarging window increases parameters:  
• Each word in the window is multiplied by a different set of weights 

• No symmetry in how the inputs are processed

<latexit sha1_base64="anf6PsXyygWJ7dROgvkAQdb2JKA=">AAACEnicbVC7TsMwFHV4lvAKMLJYVEiwVAlCwEYFC2NB9CE1oXJcp7XqOJHtIFVRvoGFX2FhACFWJjY+hQ0n6QAtR7J0fM69uvceP2ZUKtv+MubmFxaXlisr5ura+samtbXdklEiMGniiEWi4yNJGOWkqahipBMLgkKfkbY/usz99j0Rkkb8Vo1j4oVowGlAMVJa6lmHphsiNfSDtJ1Bl3JYfv30JrtLh9BVNCQS8n5m9qyqXbMLwFniTEj1/Dso0OhZn24/wklIuMIMSdl17Fh5KRKKYkYy000kiREeoQHpasqRnuSlxUkZ3NdKHwaR0I8rWKi/O1IUSjkOfV2ZLyynvVz8z+smKjjzUsrjRBGOy0FBwqCKYJ4P7FNBsGJjTRAWVO8K8RAJhJVOMQ/BmT55lrSOas5J7fjartYvQIkK2AV74AA44BTUwRVogCbA4AE8gRfwajwaz8ab8V6WzhmTnh3wB8bHD0aWoOw=</latexit>

W 2 Rh⇥nd



Language Modeling

Predict probability of sequence of words


<latexit sha1_base64="8u8r93p2B+o46uuE0CaGrvKG1tw="></latexit>

P (s) = P (w1, . . . , wT ) =
TY

t=1

P (wt|w<t)
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with n-grams





with HMMs


<latexit sha1_base64="te4UgyxB6fuTxCWXFdKYrmQYx24=">AAACF3icbVBNS8NAEN3U7++qRy+LRVC0NRFFDx6KXjxWsB/QhrDZbnTpZhN2J2qJ+Rke/C0evKh47dF/47b2UFsfDDzem2Fmnh8LrsG2v63c1PTM7Nz8wuLS8srqWn59o6ajRFFWpZGIVMMnmgkuWRU4CNaIFSOhL1jd71z2/fo9U5pH8ga6MXNDcit5wCkBI3n5w8rugwf4CT946Tlke7hF4lhFj3hEh6Lcdw4wFJ1sz8sX7JI9AJ4kzpAU0BAVL99rtSOahEwCFUTrpmPH4KZEAaeCZYutRLOY0A65ZU1DJQmZdtPBYxneMUobB5EyJQEP1NGJlIRad0PfdIYE7vS41xf/85oJBGduymWcAJP0d1GQCAwR7qeE21wxCqJrCKGKm1sxvSOKUDBZmgyc8Y8nSe2o5JyU7OvjQvlimMY82kLbaBc56BSV0RWqoCqi6Bm9onf0Yb1Yb9an9fXbmrOGM5voD6zeD3itnc4=</latexit>

P (wt|w<t) ⇡ P (wt|wt�n+1,t�1)

<latexit sha1_base64="1W+OCq4/tF5nlGADlRrX14petk8=">AAACJXicbVDLSgMxFM34tr6qLt0Ei9CiLTOi6EJBdOOygtVCW4ZMmukEM5khuaOWsV/jwm9x4cIHgit/xbQdQasHAueecy8393ix4Bps+8MaG5+YnJqemc3NzS8sLuWXVy50lCjKajQSkap7RDPBJasBB8HqsWIk9AS79K5O+v7lNVOaR/IcujFrhaQjuc8pASO5+cNq8cYFfIdv3PQAeiXcJHGsolv8rQculEwRZEUKZbnpbGEoO6bZzRfsij0A/kucjBRQhqqbf262I5qETAIVROuGY8fQSokCTgXr5ZqJZjGhV6TDGoZKEjLdSgdn9vCGUdrYj5R5EvBA/TmRklDrbuiZzpBAoEe9vvif10jA32+lXMYJMEmHi/xEYIhwPzPc5opREF1DCFXc/BXTgChCwSRrMnBGL/5LLrYrzm7FPtspHB1nacygNbSOishBe+gInaIqqiGK7tEjekGv1oP1ZL1Z78PWMSubWUW/YH1+AYpxol4=</latexit>

P (wt|w<t) ⇡ P (wt|ht)P (ht|ht�n+1,t�1)

with neural networks





with fixed window





with RNNs


<latexit sha1_base64="M5BrvPdeSmcyfagEkftBYaSLsTY="></latexit>

p(wt | w<t) ⇡ p(wt | �(w1, . . . , wt�1))

<latexit sha1_base64="nVLTfTeRZqZQDE/Bjafx+3dZXyk=">AAACHXicbZDLSgMxFIYzXmu9jbp0EyyCRS0zoujCRdGNywr2Am0ZMmlqg5lMSM5Yy9gnceGzuHCjIrgS38b0Inj7IfDxn3M4OX+oBDfgeR/OxOTU9MxsZi47v7C4tOyurFZMnGjKyjQWsa6FxDDBJSsDB8FqSjMShYJVw6vTQb16zbThsbyAnmLNiFxK3uaUgLUC96C01Q0A3+JukB5DP48bRCkd3+Avv6E63GIKu3Lb38Gw6/fz+cDNeQVvKPwX/DHk0FilwH1rtGKaREwCFcSYuu8paKZEA6eC9bONxDBF6BW5ZHWLkkTMNNPheX28aZ0WbsfaPgl46H6fSElkTC8KbWdEoGN+1wbmf7V6Au2jZsqlSoBJOlrUTgSGGA+ywi2uGQXRs0Co5vavmHaIJhRsojYD//fFf6GyV/APCt75fq54Mk4jg9bRBtpCPjpERXSGSqiMKLpDD+gJPTv3zqPz4ryOWiec8cwa+iHn/ROp5J/4</latexit>

P (wt|w<t) ⇡ P (wt|�(wt�n+1,t�1))

<latexit sha1_base64="7HlT3ME8On/LeXhTsivKy7OcKg8="></latexit>

P (wt|w<t) ⇡ P (wt|ht),ht = f(ht�1,xt)



Simple RNNs
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Components of RNN cells

h0 ∈ ℝd is an initial state

ht = fW(ht−1, xt) ∈ ℝd

ht : hidden states which store information from  to x1 xt

x

RNN

y

Output label for each time step: Denote , ŷt = softmax(Woht) Wo ∈ ℝ|L|×d

new state old state input at time t

function with weights W



Unrolling the RNN

x

RNN

y

h0

x1

y1

h1

x2

y2

h2

x3

y3

h3

xn

yn

hn…

Structure of cell and weights are shared across time steps



Types of sequence processing problems

Vanilla 
Neural 

Networks

Sequence 
Tagging

Neural Machine 
Translation

Text 
ClassificationText Generation



Simple (vanilla) RNNs

h0 ∈ ℝd is an initial state

ht = fW(ht−1, xt) ∈ ℝd

ht = g(Whht−1 + Wxxt + b) ∈ ℝd

Simple (vanilla) RNNs:

Wh ∈ ℝd×d, Wx ∈ ℝd×din, b ∈ ℝd

: nonlinearity (e.g. tanh),g

ht : hidden states which store information from  to x1 xt

x

RNN

y

Output label for each time step: Denote , ŷt = softmax(Woht) Wo ∈ ℝ|L|×d

new state old state input at time t

function with weights W



RNN Language Model

Slide credit: Chris Manning

Use word 
embeddings

Output label size: |V|



RNNs: pros and cons

• Advantages: 
• Can process any length input 
• Computation for step t can (in theory) use information from many steps back 
• Model size doesn’t increase for longer input context 
• Same weights applied on every timestep (symmetry in how inputs are processed) 

• Disadvantages: 
• Recurrent computation is slow (can’t parallelize) 
• In practice, difficult to access information from many steps back

Can parallelize with transformers!



Progress on language models

On the Penn Treebank (PTB) dataset 
Metric: perplexity

(Mikolov and Zweig, 2012): Context dependent recurrent neural network language model

KN5: Kneser-Ney 5-gram

https://ieeexplore.ieee.org/author/37298983000



