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This Class: Recurrent Neural Networks

e The Basic RNN
e LSTM

* Application in language and vision tasks



The Basic RNN



Sequential prediction tasks

« So far, we focused mainly on prediction problems with fixed-size
iInputs and outputs

« But what if the input and/or output is a variable-length
sequence”?



Task 1: Sentiment classification

* Goal: classify a text sequence (e.g., restaurant, movie or
product review, Tweet) as having positive or negative sentiment

* “The food was really good”
 “The vacuum cleaner broke within two weeks”
* “The movie had slow parts, but overall was worth watching”



Task 1: Sentiment classification
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Google

Translate

English Spanish French Detectlanguage -

Correspondances

La Nature est un temple ol de vivants piliers
Laissent parfois sortir de confuses paroles;
L'homme y passe a travers des foréts de symboles
Qui l'observent avec des regards familiers.

Comme de longs échos qui de loin se confondent
Dans une ténébreuse et profonde unitg,

Vaste comme la nuit et comme la clarté,

Les parfums, les couleurs et les sons se répondent.
Il est des parfums frais comme des chairs d'enfants,
Doux comme les hautbois, verts comme les prairies,
— Et d'autres, corrompus, riches et triomphants,
Ayant I'expansion des choses infinies,

Comme l'ambre, le musc, le benjoin et I'encens,

Qui chantent les transports de l'esprit et des sens.
— Charles Baudelaire
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Task 2: Machine translation

Turn off instant translation

English Spanish Arabic ~ m

Matches

Mature is a temple where living pillars
Sometimes let out confused words;
Man goes through symbol forests
Which observe him with familiar eyes.
Like long echoes that by far merge

In a dark and deep unity,

As vast as the night and as clarity,

(%)

The perfumes, the colors and the sounds answer each

other.

There are fresh perfumes like children's flesh,
Sweet like oboes, green like meadows,

- And others, corrupt, rich and triumphant,

Having the expansion of infinite things,

Like amber, musk, benzoin and incense,

Who sing the transports of the mind and the senses.
- Charles Baudelaire
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https://translate.google.com/



https://translate.google.com/

Task 2: Machine translation
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Task 3: Image Captlon generatlon

A cat sitting on a A cat is sitting on a tree A dog is running in the A white teddy bear sitting in
Suitcase on the floor branch grass with a frisbee the grass

A Vil

Two people walking on A tennis player in action Two giraffes standing in a A man riding a dirt bike on
the beach with surfboards on the court grassy field a dirt track

Source: J. Johnson


https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture12.pdf

Task 3: Image caption generation
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Recurrent unit
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Recurrent unit
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RNN: Computational Graph




RNN: Computational Graph

Re-use the same weight in every time step




RNN: Computational Graph




RNN: Computational Graph




RNN: Computational Graph
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Backpropagation through time
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Backpropagation through time (BPTT)
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Backpropagation through time (BPTT)
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Char-RNN
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Char-RNN
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Long short-term memory (LSTM)



Vanishing Gradients in RNNs
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Vanishing Gradients in RNNs
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Long short-term memory (LSTM) cell

 Add a memory cell that is not subject to matrix multiplication or squishing,
thereby avoiding gradient decay
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Long short-term memory (LSTM) cell
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Long short-term memory (LSTM) cell
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Long short-term memory (LSTM) cell
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Long short-term memory (LSTM) cell
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The gradients back-propagated from c; to ¢;_, are maintained. Thus we
can do learning for long-term



Adding a forget gate for short-term
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Application in language and vision tasks



Image caption generation
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Vinyals et al. 2015



Image caption generation

« Minimize negative log-likelihood of the ground truth caption
Y* = (Y, .., Yy) given image I:
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Image caption generation

A personriding a Two dogs play in the grass. A skateboarder does a trick A dog is jumping to catch a
motorcycle on a dirt road. frisbee
. L _j»_..,-'

A group of young people Two hockey players are Alittle girl in a pink hat is A refrigerator filled with lote of
playing a game of frisbee. fighting over the puck., blowing bubbles. food and drinks.

"#’ ' A ]‘

A herd of elephants walking A close up of a cat laying

across a dry grass field. A red motorcycle parked on the A yellow school bus parked
: ——===in a parking lot.

side of the road. =
S— i — £' -, 4

Somewhat related to the image



Visual Question Answering (VQA)

Q: What endangered animal Q: Where will the driver go Q: When was the picture Q: Who is under the
is featured on the truck? if turning right? taken? umbrella?
A: A bald eagle. A: Onto 24 % Rd. A: During a wedding. A Two women.
A: A sparrow. A: Onto 25 % Rd. A: During a bar mitzvanh. A: A child.
A: A humming bird. A: Onto 23 % Rd. A: During a funeral. A: An old man.
A: Araven. A: Onto Main Street. A: During a Sunday church A: A husband and a wife.

carvira



Visual Question Answering (VQA)

4096 output units from last hidden layer 1024
(VGGNet, Normalized)
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o A o, s . : Fully-Connected
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+ Non-Linearity
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Point-'wisg Fully-Connected Softmax
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Fully-Connected

“How many horses are in this image?”

Agrawal et al. 2015



Long-term Recurrent Convolutional

Networks

Activity Recognition
Sequences in the Input

LSTM . LSTM . LSTM

Average

HighJump

Donahue et al. 2016
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Image Captioning
Sequences in the Output
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Summary

 The Basic RNN
e LSTM

* Application in language and vision tasks
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