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Fully-Connected (Dense) Deep Neural 
Network

𝑥 ∈ ℛ𝑚 ො𝑦  ∈ ℛ𝑛FC Layers 𝑓

Input OutputModel

𝑥 ො𝑦 ො𝑦 = 𝑓 𝑥



Fully-Connected (Dense) Deep Neural 
Network

𝑥[𝑡]  ∈ ℛ𝑚 ො𝑦[𝑡]  ∈ ℛ𝑛FC Layers 𝑓

Input OutputModel

𝑥[𝑡] ො𝑦[𝑡] ො𝑦[𝑡] = 𝑓 𝑥[𝑡]
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Sequence Model 𝑓
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Sequence Model

ො𝑦[𝑡] = 𝑓 𝑥[𝑡]

…𝑥[0]

ො𝑦[0] 

𝑥[1]

ො𝑦[1] 

𝑥[2]

ො𝑦[2] 

𝑥[𝑡]

ො𝑦[𝑡] 

Input 

Vector

Output 

Vector

𝑡-th data point

𝑓

𝑥[𝑡]  ∈ ℛ𝑚

ො𝑦[𝑡]  ∈ ℛ𝑛

ො𝑦[𝑡] = 𝑓 𝑥[𝑡], 𝑥[𝑡−1], 𝑥[𝑡−2], … , 𝑥[0]
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Sequence Modeling

“Why do we 
care about 

sequences?”

Voice Text Stock price Video

𝑥[𝑡]𝑥[1]𝑥[0] …𝑥[2]

– Order of the input matters

– Valuable information can be of variable (potentially infinite) length 
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Sequence Modeling Tasks

Sentiment Classification Music Generation



Sequence Modeling Tasks

Automated Speech Recognition

Translating voice calls and video calls in 11 

languages and instant messages.

https://www.skype.com/en/features/skype-translator/

Automated Chatbot

https://www.skype.com/en/features/skype-translator/
https://www.skype.com/en/features/skype-translator/
https://www.skype.com/en/features/skype-translator/
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ℎ0: the information of 𝑥[0] you’ll use in final output
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ℎ2: the information of 𝑥 0 , 𝑥[1], 𝑥[2] you’ll use in final output

ℎ𝑡−1: the information of 𝑥 0~𝑡−1  you’ll use in final output
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How do we model that? 
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Deep Sequence Modeling

𝑥

One to One

“Vanilla” neural network

ො𝑦

Seq to Seq

Machine Translation

Sequence to One

Sentiment Classification



A recurrent neural network (RNN)
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A recurrent neural network (RNN)

Apply a recurrence at every time step to process a sequence:

function  
parameterized  

by W

past 
memory

input vector
at time t

cell stateRNN

input vector

recurrent cell

output vector

𝑥[𝑡]

ො𝑦[𝑡] 

ℎ𝑡  =  𝑓𝑊 ( 𝑥 𝑡 ,  ℎ𝑡−1 )
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A recurrent neural network (RNN)

Sharing parameters: the same function and set 
of parameters 𝑊 are used at every time step

RNN

input vector

recurrent cell

output vector

𝑥[𝑡]

ො𝑦[𝑡] 

ℎ𝑡

𝑊 = (𝑊𝑥ℎ , 𝑊ℎℎ)
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new state

ℎ𝑡  =  𝑓𝑊 ( 𝑥 𝑡 ,  ℎ𝑡−1 )
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A recurrent neural network (RNN)
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Input Vector
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ො𝑦[𝑡] = ℎ𝑡

𝑊𝑥ℎ

𝑊ℎℎ

𝑊 = (𝑊𝑥ℎ , 𝑊ℎℎ)



A recurrent neural network (RNN)
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RNN: activation function

▪ ℎ𝑡  = 𝑔(𝑊𝑥ℎ  𝑥 𝑡 + 𝑊ℎℎℎ𝑡−1)

– Non-linear activation function 𝑔(⋅)

– RNN typically uses the hyperbolic function tanh ⋅  instead of ReLU. Why?

– RNN (1986) was invented far before ReLU (popularized in 2010). Now?

– ReLU still not a popular choice for RNN now. 

– Before we answer this question, Let’s look first at the RNN computation graph.



RNNs: computational graph

▪ Sharing parameters: Re-use the same weight matrices at every time step

RNN =

…𝑥[0]𝑥[𝑡]

ො𝑦[𝑡] 

𝑥[1] 𝑥[2] 𝑥[𝑡]

ො𝑦[𝑡] 
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RNNs: computational graph

=

𝑥[𝑡]

Loss 𝐿2𝐿1𝐿0

Forward pass
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Loss
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Sequence
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RNNs: computational graph

RNN =

ො𝑦[0] 

𝑥[𝑡]

ො𝑦[𝑡] ො𝑦[1] ො𝑦[2] ො𝑦[𝑡] 

Loss

combine the loss over all time periods

𝐿𝑡𝐿2𝐿1𝐿0

𝐿

Forward pass

Sequence
output

…𝑥[0] 𝑥[1] 𝑥[2] 𝑥[𝑡]



Recall: backpropagation in DNN

𝑦

𝑥

Backpropagation algorithm:

1. Take the gradient of the loss    

with respect to each parameter

2. Update parameters in order to 

minimize loss



RNNs: Backpropagation
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RNNs: Backpropagation

RNN =

ො𝑦[0] 
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RNNs: Backpropagation w. parameter sharing

▪
𝜕𝐿

𝜕𝑊ℎℎ
= ∑

𝑡

𝑘=0

𝜕𝐿

𝜕𝐿𝑘
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𝜕𝑊ℎℎ
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𝜕 ො𝑦[𝑡] ⋅
𝜕 ො𝑦 𝑡

𝜕ℎ𝑡
⋅

𝜕ℎ𝑡

𝜕𝑊ℎℎ
   ℎ𝑡 = 𝑔 𝑧𝑡 , where 𝑧𝑡 = 𝑊𝑥ℎ  𝑥 𝑡 + 𝑊ℎℎℎ𝑡−1

–           =
𝜕𝐿𝑡

𝜕 ො𝑦[𝑡] ⋅
𝜕 ො𝑦 𝑡

𝜕ℎ𝑡
⋅ 𝑔′ 𝑧𝑡

𝜕𝑧𝑡

𝜕𝑊ℎℎ
+

𝜕𝑧𝑡

𝜕ℎ𝑡−1

𝜕ℎ𝑡−1

𝜕𝑊ℎℎ

–  =
𝜕𝐿𝑡

𝜕 ො𝑦[𝑡] ⋅ 𝑊ℎ𝑦 ⋅ 𝑔′ 𝑧𝑡 ℎ𝑡−1 + 𝑊ℎℎ
𝜕ℎ𝑡−1

𝜕𝑊ℎℎ

–  =
𝜕𝐿𝑡

𝜕 ො𝑦[𝑡] ⋅ 𝑊ℎ𝑦 ⋅ 𝑔′ 𝑧𝑡 ℎ𝑡−1 + 𝑊ℎℎ ⋅ 𝑔′ 𝑧𝑡−1 ℎ𝑡−2 + 𝑊ℎℎ
𝜕ℎ𝑡−2

𝜕𝑊ℎℎ

–  =
𝜕𝐿𝑡

𝜕 ො𝑦[𝑡] ⋅ 𝑊ℎ𝑦 ⋅ 𝑔′ 𝑧𝑡 ℎ𝑡−1 + 𝑊ℎℎ ⋅ 𝑔′ 𝑧𝑡 𝑔′ 𝑧𝑡−1 ℎ𝑡−2 + 𝑊ℎℎ
2 ⋅ 𝑔′ 𝑧𝑡 𝑔′ 𝑧𝑡−1

𝜕ℎ𝑡−2

𝜕𝑊ℎℎ

–  =
𝜕𝐿𝑡

𝜕 ො𝑦[𝑡] ⋅ 𝑊ℎ𝑦 ⋅ ∑
𝑖=0

𝑡−1

𝑊ℎℎ
𝑖 ∏

𝑖

𝑗=0
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Standard RNN : gradients

…

ℎ0 ℎ𝑡

𝑥[0] 𝑥[1] 𝑥[2] 𝑥[𝑡]

▪ Backpropagation

–
𝜕𝐿𝑡

𝜕𝑊ℎℎ
=

𝜕𝐿𝑡

𝜕 ො𝑦[𝑡] ⋅ 𝑊ℎ𝑦 ⋅ ∑
𝑖=0

𝑡−1

 𝑊ℎℎ
𝑖  ∏

𝑖

𝑗=0
𝑔′ 𝑧𝑡−𝑗 ℎ𝑡−𝑗−1:    Involves many factors of 𝑊ℎℎ



Standard RNN : gradients

▪ Backpropagation involves many factors of 𝑊ℎ,ℎ( and repeated gradient computation over 

the activation!)

– Consider we use linear activation function or ReLU

– If 𝑊ℎ,ℎ > 1:  exploding gradients 1.2100 ≈ 8.28 × 107

– If 𝑊ℎ,ℎ < 1:  vanishing gradients 0.8100 ≈ 2 × 10−10

…

ℎ0 ℎ𝑡

𝑥[0] 𝑥[1] 𝑥[2] 𝑥[𝑡]



Standard RNN : gradients

▪ Backpropagation involves many factors of 𝑊ℎ,ℎ( and repeated gradient computation over the 

activation!)

– Exploding gradients. Solution: we use hyperbolic function tanh ⋅

• ReLU is  not good idea since 𝑔’ doesn’t shrink in

• Use ReLU: a careful initialization of network weights to ensure that the network is stable prior to 

training. https://arxiv.org/abs/1504.00941

…

ℎ0 ℎ𝑡

𝑥[0] 𝑥[1] 𝑥[2] 𝑥[𝑡]



Standard RNN : gradients

▪ Backpropagation involves many factors of 𝑊ℎ,ℎ( and repeated gradient computation over the 

activation!)

– Exploding gradients. Solution: we use hyperbolic function tanh ⋅

– Still: vanishing gradients

…

ℎ0 ℎ𝑡

𝑥[0] 𝑥[1] 𝑥[2] 𝑥[𝑡]



Standard RNN : vanishing gradients

▪ Vanishing gradients:

– Multiplied by many small numbers together

– Errors due to further back time steps have smaller and smaller gradients

– Easy to forget things: hard to capture long-term memory

– Force parameters to capture short-term dependence only

▪ Solution: Use a more complex recurrent unit with gates to control what information is passed 

through: LSTM



Recurrent Neural Network (RNN)

Sequence Modeling

RNN =

𝑥[0]𝑥[𝑡]

ො𝑦[𝑡] 



Recurrent Neural Network (RNN)

Sequence Modeling

RNN =

𝑥[0]𝑥[𝑡]

ො𝑦[𝑡] 

𝑥[1]



Recurrent Neural Network (RNN)

Sequence Modeling

RNN =

…𝑥[0]𝑥[𝑡]

ො𝑦[𝑡] 

𝑥[1] 𝑥[2] 𝑥[𝑡]

ො𝑦[𝑡] 



Recurrent Neural Network (RNN)

Sequence Modeling

RNN =

…𝑥[0]𝑥[𝑡]

ො𝑦[𝑡] 

𝑥[1] 𝑥[2] 𝑥[𝑡]

ො𝑦[𝑡] 



Long Short Term Memory (LSTMs)

RNN =

…𝑥[0]𝑥[𝑡]

ො𝑦[𝑡] 

𝑥[1] 𝑥[2] 𝑥[𝑡]

ො𝑦[𝑡] 

▪ LSTM: each module contains multiple computational blocks for better information flow 
control so that it can track information throughout many timesteps



Long Short Term Memory (LSTMs)

▪ LSTM: each module contains multiple computational blocks for better information flow 
control so that it can track information throughout many timesteps

tanh

tanh

tanh

tanh

tanh

tanh

𝑥[1] 𝑥[2] 𝑥[3]

𝑦[1] 𝑦[2] 𝑦[3]

𝜎𝜎 𝜎 𝜎𝜎 𝜎 𝜎𝜎 𝜎

𝑐0 𝑐1 𝑐2 𝑐3

ℎ2 ℎ3ℎ1ℎ0



Long Short Term Memory (LSTMs)

tanh

ℎ𝑡

𝜎 𝜎tanh𝜎

𝑐𝑡−1 𝑐𝑡

ℎ𝑡−1

𝑦[𝑡]

𝑥[𝑡]

▪ Maintain an additional conveyor belt (cell state) 𝑐𝑡 to pass the information along time

– Gates: allow information being added 

            or removed to cell state



Long Short Term Memory (LSTMs)

tanh

ℎ𝑡

𝜎tanh𝜎

𝑐𝑡−1 𝑐𝑡

ℎ𝑡−1

𝑦[𝑡]

𝑥[𝑡]

𝜎

Gates: 

Optionally let information 

through, via a sigmoid function
  

Sigmoid between 0,1: control 

how much information can flow 

through this gate 

▪ Maintain an additional conveyor belt (cell state) 𝑐𝑡 to pass the information along time

– Gates: allow information being added 

            or removed to cell state



Long Short Term Memory (LSTMs)

▪ How do LSTM work: 4 Stages

– (1) Forget (2) Input (3) Update (4) Output

tanh

tanh

𝑦[𝑡]

ℎ𝑡ℎ𝑡−1

𝑐𝑡−1 𝑐𝑡

𝑥[𝑡]

𝜎 𝜎 𝜎



Long Short Term Memory (LSTMs): Forget

tanh

tanh

𝑦[𝑡]

ℎ𝑡ℎ𝑡−1

𝑐𝑡−1 𝑐𝑡

𝜎 𝜎 𝜎

ℎ𝑡−1

𝜎 𝑊𝑓 ℎ𝑡−1, 𝑥[𝑡] + 𝑏𝑓 =  𝑓𝑡

𝜎

𝑥[𝑡]

▪ Forget Gate 𝑓𝑡  : optionally let information through, via a sigmoid function
▪ Sigmoid between 0,1: control how much information flowing through the gate

– 𝑓𝑡 = 0: Let nothing through the conveyor belt

– 𝑓𝑡 = 1: Let everything through



𝑦[𝑡]

tanh

ℎ𝑡

𝑐𝑡−1 𝑐𝑡

𝜎 𝜎tanh𝜎

ℎ𝑡−1

𝑖𝑡 

ǁ𝑐𝑡

𝑖𝑡  × ǁ𝑐𝑡

𝑖𝑡 = 𝜎 𝑊𝑖 ℎ𝑡−1, 𝑥[𝑡] + 𝑏𝑖

ǁ𝑐𝑡 = tanh 𝑊𝑐 ℎ𝑡−1, 𝑥[𝑡] + 𝑏𝑐

𝑥[𝑡]

Long Short Term Memory (LSTMs): Input

▪ Input Stage:

– ǁ𝑐𝑡: generate new vector of “candidate values” that could be added to  the state

– 𝑖𝑡: input gate: decide how much to update



Long Short Term Memory (LSTMs): Update

▪ (1) Forget (2) Input (3) Update (4) Output

– Update the cell state 𝑐𝑡 = 𝑓𝑡  × 𝑐𝑡−1 + 𝑖𝑡  × ǁ𝑐𝑡

𝑦[𝑡]

tanh

ℎ𝑡

𝜎 𝜎tanh𝜎

𝑐𝑡−1 𝑐𝑡

ℎ𝑡−1

Apply forget operation to previous  internal cell state: 𝑓𝑡  × 𝑐𝑡−1

Add new candidate values, scaled by how much we decided to update: 𝑖𝑡  × ǁ𝑐𝑡

𝑓𝑡  × 𝑐𝑡−1

𝑓𝑡

𝑖𝑡  × ǁ𝑐𝑡

= 𝑓𝑡  × 𝑐𝑡−1 + 𝑖𝑡  × ǁ𝑐𝑡

𝑥[𝑡]



Long Short Term Memory (LSTMs): Update

▪ (1) Forget (2) Input (3) Update (4) Output

– Output a filtered version of the cell state

𝑦[𝑡]

𝑥[𝑡]

tanh

𝑐𝑡−1 𝑐𝑡

𝜎 𝜎

tanh

ℎ𝑡ℎ𝑡−1

𝜎

𝑜𝑡

= 𝑜𝑡  ×  tanh(𝑐𝑡)

𝑜𝑡 = 𝜎 𝑊𝑜 ℎ𝑡−1, 𝑥 𝑡 + 𝑏𝑜



Long Short Term Memory (LSTMs):Output

▪ Model complexity

– 𝑊𝑓, 𝑊𝑖 , 𝑊𝑐 , 𝑊𝑜 : 4 times larger than RNN

tanh

𝑦[𝑡]

ℎ𝑡ℎ𝑡−1

𝑐𝑡−1 𝑐𝑡

𝑥[𝑡]

tanh𝜎 𝜎 𝜎

𝑓𝑡 = 𝜎 𝑊𝑓 ℎ𝑡−1, 𝑥[𝑡] + 𝑏𝑓

𝑖𝑡 = 𝜎 𝑊𝑖 ℎ𝑡−1, 𝑥[𝑡] + 𝑏𝑖

ǁ𝑐𝑡 = tanh 𝑊𝑐 ℎ𝑡−1, 𝑥[𝑡] + 𝑏𝑐

ℎ𝑡 = 𝑜𝑡  ×  tanh(𝑐𝑡)

𝑜𝑡 = 𝜎 𝑊𝑜 ℎ𝑡−1, 𝑥 𝑡 + 𝑏𝑜

𝑦[𝑡] = 𝑊ℎ,𝑦ℎ𝑡

𝑐𝑡 = 𝑓𝑡  × 𝑐𝑡−1 + 𝑖𝑡  × ǁ𝑐𝑡



LSTM: Gradient Flow

▪ Backpropagation from 𝑐𝑡  to 𝑐𝑡−1 : No matrix multiplication

– Avoid vanishing gradient problem

tanh

tanh

ℎ𝑡ℎ𝑡−1

𝑐𝑡−1 𝑐𝑡

𝜎 𝜎 𝜎

𝑦[𝑡]

𝑥[𝑡]

LSTM: 𝑐𝑡 = 𝑓𝑡  × 𝑐𝑡−1 + 𝑖𝑡  × ǁ𝑐𝑡

  
𝜕𝑐𝑡

𝜕𝑐𝑡−1
= 𝑓𝑡 = 𝜎 𝑊𝑓 ℎ𝑡−1, 𝑥[𝑡] + 𝑏𝑓

RNN: ℎ𝑡 = tanh(𝑊𝑥ℎ𝑥𝑡 + 𝑊ℎℎℎ𝑡−1) 

  
𝜕ℎ𝑡

𝜕ℎ𝑡−1
= 𝑊ℎℎ tanh′(𝑊𝑥ℎ𝑥𝑡 + 𝑊ℎℎℎ𝑡−1) 



LSTM: Gradient Flow

▪ Uninterrupted gradient flow!

tanh

tanh

tanh

tanh

tanh

tanh

𝑥[1] 𝑥[2] 𝑥[3]

𝑦[1] 𝑦[2] 𝑦[3]

𝜎𝜎 𝜎 𝜎𝜎 𝜎 𝜎𝜎 𝜎

𝑐0 𝑐1 𝑐2 𝑐3

ℎ2 ℎ3ℎ1ℎ0



LSTMs: key concepts

▪ Maintain a separate cell state from what is outputted

▪ Use gates to control the flow of information

– Forget gate gets rid of irrelevant information

– Input gate adds information from the new data point

– Selectively update the cell state

– Output gate returns a filtered version of the cell state

▪ Backpropagation from 𝑐𝑡  to 𝑐𝑡−1 requires only elementwise multiplication!

▪ Uninterrupted gradient flow! - easier way to learn long-term dependencies

▪ LSTM is still forgetful: impossible to represent a long sequence with a compact 

memory vector



Other variants of LSTM: “Peephole” 
Connection
▪ Gers and Schmidhuber (2000)

– Allow the gate layers look at the cell state

tanh

tanh

𝑦[𝑡]

ℎ𝑡ℎ𝑡−1

𝑐𝑡−1 𝑐𝑡

𝑥[𝑡]

𝜎 𝜎 𝜎



Other variants of LSTM: 

▪ Gated Recurrent Unit: 

– simpler than LSTM, very popular, Cho et al, (2014): 

– combines forget and input gates

– merges cell state & hidden state

▪ Multiplicative LSTM (mLSTMs), 

Krause et al 2016

▪ etc.

https://towardsdatascience.com/illustrated-guide-to-lstms-and-gru-s-a-step-by-step-explanation-44e9eb85bf21



Practice Problem: Sentiment Analysis

IMDB Movie Review



Practice Problem: Sentiment Analysis

▪ This is a dataset of movies reviews from IMDB

– labeled by sentiment (positive/negative).

– 25,000 for training and 25,000 for testing

▪ Built-in Dataset by Pytorch

– https://docs.pytorch.org/text/master/datasets.html

▪ Preprocessing: Text to Sequence 

▪ Word Embedding: Word to Vector 

https://docs.pytorch.org/text/master/datasets.html
https://docs.pytorch.org/text/master/datasets.html


Preprosessing Text Data

1. Tokenization (Text to Words) 

– Given a piece of text (string), e.g., S = “ … s e n t i m e n t  a n a l y s i s  i s  

t h e  u s e  o f  n a t u r a l  l a n g u a g e  p r o c e s s i n g ”  

– Break the string (string) into a list of words:

L = [..., sentiment, analysis, is, the, use, of, natural, language, processing, ...]

2. Build a dictionary (e.g. hash table) to count words’ frequencies

– We may choose to keep only the 10,000 most frequent words 

3. Map each word to its index

– L = [..., sentiment, analysis, is, the, use, of, natural, language, processing, ...]

– L = [..., 310, 23, 6, 432, 93, 14, 359, 135, 437, ...]

– Encode words not appearing in the dictionary to 0

4. One-Hot Encoding: 

– 6 -> [0,0,0,0,0,0,1,0,…]



Embedding Layer
▪ Directly feed the one-hot encoded input to RNN/LSTM?

– If dictionary size is 10,000 and text length is 100

– Input has dimension = 10,000 × 100 =  1 million

▪ map the one-hot vectors to a low-dimensional vectors

– Map to a 2-dimension space, the input of RNN 

has dimension = 2 × 100 = 200

– Map to 𝑑-dimension space: 𝑑 ×  text_length

– Dimension Reduction

▪ Embedding in classical ML: PCA, t-SNE, IsoMap

– NN: build embedding layers into the network 

and learn the weights - 

– From a dictionary to 𝑑 -dim output: we have dictionary_size × 𝑑 weights to learn



Build the RNN model

RNN

𝑥[𝑡]

ො𝑦[𝑡] 

ℎ𝑡 

1 − dim

16 − dim

32 − dim



Typical Tricks of RNN/LSTM

• Stacked RNN / LSTM

• Bidirectional RNN /LSTM

• Pretraining / Multi-task Learning

• Attention (Self-Attention)



Stacked RNN

𝑥[𝑡−1]

ො𝑦[𝑡−1] 

𝑥[𝑡]

ො𝑦[𝑡] 

𝑥[𝑡+1]

ො𝑦[𝑡+1] 

ℎ𝑡−1 ℎ𝑡

ℎ𝑡−1
′ ℎ𝑡

′

ℎ𝑡−1
′′ ℎ𝑡

′′

ℎ𝑡+1

ℎ𝑡+1
′

ℎ𝑡+1
′′

ℎ𝑡−2

ℎ𝑡−2
′

ℎ𝑡−2
′′



Bidirectional RNN

𝑥[𝑡−1] 𝑥[𝑡] 𝑥[𝑡+1]

ො𝑦[𝑡+1] 

ℎ𝑡−1 ℎ𝑡

ℎ𝑡−1
′ ℎ𝑡

′

ℎ𝑡+1

ℎ𝑡+1 
′

ℎ𝑡−2

ℎ𝑡−2 
′

ො𝑦[𝑡−1] ො𝑦[𝑡] 

Keras: model.add(layers.Bidirectional())



Practice Problem: Text Generation 

Sequence to One

Text Generation

input text in letters

predict the 
next letter 

• Example Input: “ the cat sat on the ma ” 

• Predict the next character



Practice Problem: Text Generation 

Sequence to One

Text Generation

input text in letters

predict the 
next letter 

• Input: “ the cat sat on the ma ” 

• Predict the next character

• Tokenization (Text to Characters, char-level) 

– Text generation uses char-level

– Sentiment analysis uses word-level (not uses char-level, but text 

generation can also use word-level)

• In word-level, dictionary contains all words appears frequently in data

• In char-level, dictionary is just those characters appeared in data

• Letters: Aa,Bb,Cc...,Zz

• Numbers, 1,2,3,…

• Marks: dot(.), comma(,), question mark(?), space( ), … 

• The dictionary is much smaller.



Practice Problem: Text Generation 

• Predict a sequence of text one by one

“ N a t u r a l  l a n g u a g e  g e n e r a t i o n  

i s  a  s o f t w a r e  p r o c ” 

• Predict the next character

– “ p r o c e ”

• Recurrently, predict the next character

– “ p r o c e s ”

– “ p r o c e s s ”

• If the RNN is trained on Nietzsche’s books, then 

the generated text is Nietzsche’s style. 

Sequence to One

Text Generation



Practice Problem: Text Generation 

▪ Generate the training data:  cut the text in overlapping segments of 

maxlen=40 characters with a jump size of 3

Recurrent neural networks are artificial neural networks that use sequential data.

Recurrent neural networks are artificial neural networks that use sequential data.

Recurrent neural networks are artificial neural networks that use sequential data.



Practice Problem: Text Generation 

▪ Generate the training data:  cut the text in overlapping segments of 

maxlen=40 characters with a jump size of 3

▪ A segment is used as an input text. 

▪ Its next character is used as label.

Recurrent neural networks are artificial neural networks that use sequential data.

Recurrent neural networks are artificial neural networks that use sequential data.

Recurrent neural networks are artificial neural networks that use sequential data.

Training data: (segment, next_char) pairs



Practice Problem: Text Generation 

Sequence to One

Text Generation

• Training data: (segment, next_char) pairs

• This is a Multi-class classification problem.

• #class = #unique chars.

• One-hot Encoding



Practice Problem: Text Generation 

Sequence to One

Text Generation

• Training data: (segment, next_char) pairs

• This is a Multi-class classification problem.

• #class = #unique chars.

• Build an LSTM model with 

• Input layer shape with (maxlen, 57)

• 128 nodes in the LSTM layer

• Dense layer to 57 nodes in output (57 unique characters)

You don’t need an embedding layer!



Practice Problem: Text Generation 

Sequence to One

Text Generation

credit: Shusen Wang



Practice Problem: Text Generation 

Sequence to One

Text Generation

credit: Shusen Wang



Practice Problem: Text Generation 

Sequence to One

Text Generation

pred = model.predict(x_input)[0]

•  How to predict the next character



Practice Problem: Text Generation 

Sequence to One

Text Generation

 

•  How to predict the next character

• Deterministic selection

• np.argmax(pred)

• Sampling from the multinomial distribution

• np.argmax(np.random.multinomial(1,pred,1))

• Adjusting the multinomial distribution

• pred=pred**(1/temperature)

• pred=pred/np.sum(pred)

• np.argmax(np.random.multinomial(1,pred,1))

deterministic, performance bad

Too random, also bad

power operator

temperature controls tradeoff



Practice Problem: Text Generation 

Sequence to One

Text Generation

• If the RNN is trained on Nietzsche’s books, then the 

generated text is Nietzsche’s style. 

• Homework

• Data is preprocessed, model.fit is also provided

You don’t have to run all epochs for training (slow). You 

can stop the code after 1 epoch and submit the notebook.



Application: Neural Machine Translation 

Seq to Seq

Machine Translation

English 

Hello World

Machine Learning

Neural Network

What are you doing 

German

Hallo Welt

Maschinelles Lernen

Neurales Netzwerk

Was machst du

The input and output are both sequences (longer than one)



Application: Neural Machine Translation 

• Use an encoder and a decoder



Attention / Self-Attention

• Attention

– In a Seq2Seq model, the final state in the encoder cannot remember a long 

sequence

• The decoder looks at only the current state of the encoder

– Attention: decoder looks at all the states of the encoder

• largely improves Seq2Seq model but requires more computation

– Bahdanau, Cho, & Bengio. Neural machine translation by jointly learning to align and translate. In ICLR, 2015. 

– Self-Attention, Cheng, Dong, & Lapata. Long Short-Term Memory-Networks for Machine Reading. In EMNLP, 

2016. 

– Transformer, Vaswani et al, Attention is all you need. In NIPS, 2017



Attention

• Without Attention



Attention

𝐬𝟎 

ෝ𝛂𝒊 = 𝐖𝐡𝐡𝒊, 𝐖𝐬𝐬𝟎  

𝛂𝒊 = softmax(ෝ𝛂𝒊) 𝒄𝟎 = ∑𝜶𝒊𝒉𝒊

• With Attention



Attention

𝐬𝟎 

𝛼1 𝛼2 𝛼3  … 𝛼𝑚 𝒄𝟎

Without attention

𝑠1 = tanh 𝐴⊤
𝑥1

′

𝑠0
+ 𝑏

With attention

𝑠1 = tanh 𝐴⊤
𝑥1

′

𝑠0

𝑐0

+ 𝑏



Questions?
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