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Homework #6 has been released 
It is due at 11:59PM on 11/22
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Project Updates are Due on 11/25 at 
11:59PM 

(See Course Website for Instructions)



Let’s turn our attention back to 
artificial neural networks for a 
moment…



How do we parse audio data?
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https://www.youtube.com/watch?v=-zVgWpVXb64
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How about text?

Arms, and the man I sing, who, forc'd by fate,  
And haughty Juno's unrelenting hate,  

Expell'd and exil'd, left the Trojan shore.  
Long labors, both by sea and land, he bore,  

And in the doubtful war, before he won  
The Latian realm, and built the destin'd town;  

His banish'd gods restor'd to rites divine,  

And settled sure succession in his line,  
From whence the race of Alban fathers come,  

And the long glories of majestic Rome.  
O Muse! the causes and the crimes relate;  

What goddess was provok'd, and whence her hate;  
For what offense the Queen of Heav'n began  

To persecute so brave, so just a man;  
Involv'd his anxious life in endless cares,  

Expos'd to wants, and hurried into wars! 



Recurrent Networks

Recurrent Layer Neural Network       BY-SA 3.0 Chrislb



Architecture of a Traditional RNN

Image Credit: Afshine Amidi and Shervine Amidi Stanford CS 230



At each timestep t:

Activation a<t>:

Output y<t>:

activation function coefficient



At each timestep t:

Image Credit: Afshine Amidi and Shervine Amidi Stanford CS 230



Example Application: Music 
Generation

Image Credit: Afshine Amidi and Shervine Amidi Stanford CS 230

One-to-Many, Tx = 1, Ty > 1



Example Application: Named 
Entity Recognition 

Many-to-Many, Tx = Ty

Image Credit: Afshine Amidi and Shervine Amidi Stanford CS 230



Training a Recurrent Net

Loss Function:

Time StepPrediction Ground-truth

Backprop:

Weight Matrix



Advantages of RNNs

• Ability to process time series data of any length 

• Model size does not increase with input size 

• Takes into account history when processing 

• Weights are shared across time



Disadvantages of RNNs

• Computation is slow 

• Difficulty accessing information from many 
timesteps in the past 

• Current state cannot consider any input from the 
future



Vanishing / Exploding Gradient

For many years, RNNs were interesting 
theoretically, but not practical to train 

Reason: it is difficult to capture long term 
dependencies because of a multiplicative gradient 
that can be exponentially increasing / decreasing 
with respect to the number of layers in the network  

Credit: Afshine Amidi and Shervine Amidi Stanford CS 230



RNN Strategy 1: Gradient Clipping 

Cap the maximum value of the gradient: 

Image Credit: Afshine Amidi and Shervine Amidi Stanford CS 230



RNN Strategy 2: Types of Gates 
Specific gates that have a well-defined purpose can 
address the vanishing gradient problem.

General Form: 

Sigmoid Function

Gate-Specific Coefficients

Image Credit: Afshine Amidi and Shervine Amidi Stanford CS 230



Standard Arch. That Works: LSTM

Image Credit: Afshine Amidi and Shervine Amidi Stanford CS 230



Recurrent Models of Brain Function



Two models of recurrence

F(h+M · r) = [h+M · r� �]+
<latexit sha1_base64="iOO+Wm+1/rHdOVFS90mG1j/yRZU="></latexit>

⌧r
dv

dt
= �v + F(h+M · v)

<latexit sha1_base64="LL5OJld2YaRpa0baTz7jeuv9/fI="></latexit>

Linear recurrent model:

Non-linear recurrent model:

Adds rectification



Tuning Curves

Hubel and Wiesel 1968



Linear Amplification

Image Credit: Dayan and Abbot 2001



Non-Linear Amplification

Image Credit: Dayan and Abbot 2001

no
negative 
output 



Recurrent Model of Simple Cells in 
Primary Visual Cortex

Image Credit: http://www.lifesci.sussex.ac.uk/home/George_Mather/Linked%20Pages/Physiol/Cortex.html



Recurrent Model of Simple Cells in 
Primary Visual Cortex
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<latexit sha1_base64="67uiJod3jju1lhuVaOhbAsx+LFU="></latexit>

Ben-Yishai, Bar-Or and Sompolinsky 2005

clamped orientation anglesfiring rate of neuron

orientation

h(✓) = Ac(1� ✏+ ✏cos(2✓))
<latexit sha1_base64="QAaI+DjnC8qNj5tQCTM3+GYyh2Q=">AAACJnicbVDLSgMxFM34tr6qLt0Ei1ARy0wVdCNU3bhUsCp0SsmktzY0kwzJHaEM/Ro3/oobFxURd36KaR3weSBwOOcecu+JEiks+v6bNzE5NT0zOzdfWFhcWl4prq5dWZ0aDnWupTY3EbMghYI6CpRwkxhgcSThOuqdjvzrOzBWaHWJ/QSaMbtVoiM4Qye1ikfdcohdQLZNj+gxLwd0l4aQWCG1ojtfNIwZdk2ccW0H5Woe2W4VS37FH4P+JUFOSiTHeas4DNuapzEo5JJZ2wj8BJsZMyi4hEEhTC0kjPfYLTQcVSwG28zGZw7ollPatKONewrpWP2eyFhsbT+O3ORoW/vbG4n/eY0UO4fNTKgkRVD886NOKilqOuqMtoUBjrLvCONGuF0p7zLDOLpmC66E4PfJf8lVtRLsVaoX+6XaSV7HHNkgm6RMAnJAauSMnJM64eSePJIhefYevCfvxXv9HJ3w8sw6+QHv/QPQgqOa</latexit>

overall amplitude

image contrast



Recurrent Model of Simple Cells in 
Primary Visual Cortex

Feed-Forward  
Model

Recurrent 
Model

Experimental 
Data

Image Credit: Dayan and Abbot 2001



A Recurrent Model of Complex 
Cells in Primary Visual Cortex

Image Credit: http://www.lifesci.sussex.ac.uk/home/George_Mather/Linked%20Pages/Physiol/Cortex.html



A Recurrent Model of Complex 
Cells in Primary Visual Cortex
Chance, Nelson and Abbott 1999

Weight Function:

M(�� �0) = �1/(2⇡⇢�)
<latexit sha1_base64="XCNuxPsxMyXu1cgKJjBKLuqx9kM=">AAACFnicbVBLSwMxGMzWV62vVY9egkVsD627VdCLUPTiRahgH9Bdlmw22w3NPkiyQln6K7z4V7x4UMSrePPfmG170NaBkGHmG5Jv3IRRIQ3jWyssLa+srhXXSxubW9s7+u5eR8Qpx6SNYxbznosEYTQibUklI72EExS6jHTd4XXudx8IFzSO7uUoIXaIBhH1KUZSSY5eu61YSUBhDebXcRVeQoupuIccE57ASsNKqMWD2MntqqOXjboxAVwk5oyUwQwtR/+yvBinIYkkZkiIvmkk0s4QlxQzMi5ZqSAJwkM0IH1FIxQSYWeTtcbwSCke9GOuTiThRP2dyFAoxCh01WSIZCDmvVz8z+un0r+wMxolqSQRnj7kpwzKGOYdQY9ygiUbKYIwp+qvEAeIIyxVkyVVgjm/8iLpNOrmab1xd1ZuXs3qKIIDcAgqwATnoAluQAu0AQaP4Bm8gjftSXvR3rWP6WhBm2X2wR9onz9o2Jxv</latexit>

control recurrence
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Firing Rates Determined By:

feed-forward input

angle



A Recurrent Model of Complex 
Cells in Primary Visual Cortex

Image Credit: Dayan and Abbot 2001


