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Recap: Recurrent Neural Networks

h0 ∈ ℝh is an initial state

Simple RNNs:

ht = g(Wht−1 + Uxt + b) ∈ ℝh

W ∈ ℝh×h, U ∈ ℝh×d, b ∈ ℝh

: nonlinearity (e.g. tanh),g

ht : hidden states which store information from  to x1 xt

ht = f(ht−1, xt) ∈ ℝh

the students opened their …exams

…

Wo Wo Wo Wo

RNNLMs:



Application: Sequence Tagging

P(yi = k) = softmaxk(Wohi) Wo ∈ ℝC×h L = −
1
n

n

∑
i=1

log P(yi = k)

Input: a sentence of n words: x1, …, xn

Output: y1, …, yn, yi ∈ {1,…C}

A better solution is to use RNNs + conditional random field (CRF), see Lample et al., 2016 for more details



Multi-layer RNNs

The hidden states from RNN layer  


are the inputs to RNN layer 

i
i + 1

• In practice, using 2 to 4 layers is common (usually better than 1 layer)


• Transformer networks can be up to 24 layers with lots of skip-connections. 

skip-
connections



Bidirectional RNNs

ht = f(ht−1, xt) ∈ ℝh

h t = f1(h t−1, xt), t = 1,2,…n

h t = f2(h t+1, xt), t = n, n − 1,…1

ht = [h t, h t] ∈ ℝ2h

=



Advanced RNN variants

ht = f(ht−1, xt) ∈ ℝh

ht = tanh(Wht−1 + Uxt + b) ∈ ℝh
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ht = tanh(ct)� ot

LSTMs GRUs <latexit sha1_base64="+4xJdb9F7tjxU3+Cb7yuPp5uXWc="></latexit>

rt = �(Wrht�1 +Urxt + br)

<latexit sha1_base64="EyHocJenm4IKvO+80kZa84csumM="></latexit>

zt = �(Wzht�1 +Uzxt + bz)

<latexit sha1_base64="LWEmk8v3eoPiDgccNWpDQowy+4w="></latexit>

h̃t = tanh(W(rt � ht�1) +Uxt + b)

<latexit sha1_base64="4/Xqh2MW4RMJCnUJZfqwC2c7g1U="></latexit>

ht = (1� zt)� ht�1 + zt � h̃t



 Long Short-Term Memory RNNs (LSTMs)

• A type of RNN proposed by Hochreiter and Schmidhuber in 1997 as a solution to the vanishing 
gradients problem.


• Everyone cites that paper but really a crucial part of the modern LSTM is from Gers et al. (2000)



Recap:  Vanishing Gradient Problem

h2 = g(Wh1 + Ux2 + b)
h3 = g(Wh2 + Ux3 + b)

L3 = − log ŷ3(w4)
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If k and t are far away, the gradients are very easy to grow/shrink exponentially

(called the gradient exploding or gradient vanishing problem)



Recap:  Vanishing Gradient Problem

When she tried to print her tickets, she found that the printer was out of toner. 
She went to the stationery store to buy more toner. It was very overpriced. 
After installing the toner into the printer, she finally printed her ________



LSTMs: The intuition

• Key idea: turning multiplication into addition and using “gates” to control how much 
information to add/erase

• At each time step, instead of re-writing the hidden state                                      , there is 
also a cell state  which stores long-term informationct ∈ ℝh

ht = g(Wht−1 + Uxt + b)

• We write to/erase information from  after each stepct

• We read  from ht ct



LSTMs: the formulation

• Input gate (how much to write): 


it = σ(Wiht−1 + Uixt + bi) ∈ ℝh

• Forget gate (how much to erase): 
ft = σ(Wf ht−1 + Uf xt + b f ) ∈ ℝh

• Output gate (how much to reveal): 
ot = σ(Woht−1 + Uoxt + b(o)) ∈ ℝh

• New memory cell (what to write):  
gt = tanh(Wght−1 + Ugxt + bg) ∈ ℝh

• Final memory cell:  ct = ft ⊙ ct−1 + it ⊙ gt

• Final hidden cell:  ht = ot ⊙ tanh(ct)
element-wise product

h0, c0 ∈ ℝh are initial states (usually set to )0



LSTMs: the formulation

• LSTMs has 4x parameters compared to simple RNNs:

Input dimension: d, hidden size: h

ht = g(Wht−1 + Uxt + b) ∈ ℝh

W ∈ ℝh×h, U ∈ ℝh×d, b ∈ ℝh

Wi, Wf, Wg, Wo ∈ ℝh×hWi, Wf, Wg, Wo ∈ ℝh×h

Ui, Uf, Ug, Uo ∈ ℝh×d

bi, b f, bg, bo ∈ ℝh

Q: What is the range of the hidden representations ?ht



LSTMs: the formulation

• LSTM doesn’t guarantee that there is no vanishing/exploding gradient, but it does 
provide an easier way for the model to learn long-distance dependencies

• LSTMs were invented in 1997 but finally got working from 2013-2015.



Gated Recurrent Units (GRUs)

• Introduced by Kyunghyun Cho in 2014:

• Simplified 3 gates to 2 gates: reset gate and update gate, without an explicit cell state



Gated Recurrent Units (GRUs)

<latexit sha1_base64="+4xJdb9F7tjxU3+Cb7yuPp5uXWc="></latexit>

rt = �(Wrht�1 +Urxt + br)

• Reset gate:

<latexit sha1_base64="EyHocJenm4IKvO+80kZa84csumM="></latexit>

zt = �(Wzht�1 +Uzxt + bz)

• Update gate:

<latexit sha1_base64="LWEmk8v3eoPiDgccNWpDQowy+4w="></latexit>

h̃t = tanh(W(rt � ht�1) +Uxt + b)

• New hidden state:

merge input and forget gate!
Q: What is the range of the hidden representations ?ht

Q: How many parameters are there compared to simple RNNs?

<latexit sha1_base64="4/Xqh2MW4RMJCnUJZfqwC2c7g1U="></latexit>

ht = (1� zt)� ht�1 + zt � h̃t



(Chung et al, 2014): Empirical Evaluation of Gated Recurrent Neural Networks on Sequence Modeling

LSTMs vs GRUs

Music modeling



(Chung et al, 2014): Empirical Evaluation of Gated Recurrent Neural Networks on Sequence Modeling

LSTMs vs GRUs

Speech signal modeling

https://imgflip.com/i/495iim
(only for fun!!!)



Recap: progress on language models

On the Penn Treebank (PTB) dataset 

(Yang et al, 2018): Breaking the Softmax Bottleneck: A High-Rank RNN Language Model

Metric: perplexity
Simple RNNs + LDA + Kneser-Ney 5-gram + cache



Are LSTMs and GRUs optimal?

(Jozefowicz et al, 2015): An Empirical Exploration of Recurrent Network Architectures



Comparison: FFNNs vs simple RNNs vs LSTMs vs GRUs

Feedforward NNs Simple RNNs LSTMs GRUs



Practical takeaways

Last lecture



Neural Turing Machines

• Explicit solution to address the memory issue in RNNs


• Add a controller network with explicit reading and 
writing to external memory


• Reading: convex combination of memory vectors 


• Writing consists of two components:


• Erase:


• Add:

Mt(i)

2014



Neural Turing Machines

Use a form of attention to address memory in a end-to-end differentiable manner



Neural Turing Machines

Set of all 6-gram binary sequences

with randomly generated 

probabilities



Simple recurrent units (SRU)

• Lighter form of recurrent neural networks


• Enable high amounts of parallelism in 
computation, while maintaining expressivity of 
recurrent computation


• Use of CUDA kernels to maximize parallel 
operations

2017



SRU vs other recurrent networks




