
Vision & Language
Recurrent Neural Networks: Neural Image Captioning



First Assignment
• Due soon…!
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Course Project
• Chat group on Campuswire – Introduce yourselves if nothing more…
• Start forming your group and start working on a one-page to two-page project 

proposal
• Groups from 1 to 3 students. (You can work on your own)
• Project effort should be equivalent to at least one of the assignments – keep in 

mind this semester ends a bit short – so think of your project as your Assignment 
#4 (for grad students), Assignment #3 (for undergrad students). 
• So Project should be like an Assignment #4 – but it is yours. I won’t push you to 

do anything but it should hopefully be relevant to the class topic – vision and 
language. e.g. not prediction of the weather using ML – or email spam 
classification.
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Last Class
• Intro to NLP
• Why is NLP hard
• Common NLP Tasks
• The bag of words representation
• The bag of n-grams representation
• Distributional Semantics – word embeddings
• Continuous Bag of Words (CBOW) – Word2Vec
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Today
• Recap on Word Embeddings (CBOW)
• More on Tokenization
• Recurrent Neural Network – Transition Cell
• Recurrent Neural Network (Unrolled)
• Understanding Issues with Batching…
• Variations with gated connections: LSTMs and GRUs
• Stacked and Bidirectional RNNs
• Use in vision and language: Neural Image Captioning
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Word2Vec – CBOW Version
• First, create a huge matrix of word embeddings initialized with 

random values – where each row is a vector for a different word in 
the vocabulary.
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Word2Vec – CBOW Version
• Then, collect a lot of text, and solve the following regression problem 

for a large corpus of text: 
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Practical Issues - Tokenization
• For each text representation we usually need to separate a sentence 

into tokens – we have assumed words in this lecture (or pairs of 
words) – but tokens could also be characters and anything in-
between.

• Word segmentation can be used as tokenization. 
• In the assignment I was lazy I just did “my sentence”.split(“ “) and called it a 

day.
• However, even English is more difficult than that because of punctuation, 

double spaces, quotes, etc. For English I would recommend you too look up 
the great word tokenization tools in libraries such as Python’s NLTK and Spacy 
before you try to come up with your own word tokenizer.
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Issues with Word based Tokenization
• We already mentioned that tokenization can be hard even when 

word-based for other languages that don’t use spaces in-between 
words. 

• Word tokenization can also be bad for languages where the words can 
be “glued” together like German or Turkish.
• Remember fünfhundertfünfundfünfzig? It wouldn’t be feasible to have a word 

embedding for every number in the German language.

• It is problematic to handle words that are not in the vocabulary e.g. a 
common practice is to use a special <OOV> (out of vocabulary) token 
for those words that don’t show up in the vocabulary.
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Tokenization can be complex
• Think of Japanese 
• Three vocabularies/sets of symbols: 

Katakana and Hiragana symbols represent syllables / sounds 
く= ku, ぎ = gi, ナ = na, ア= a
Kanji represent ideas / words (Chinese characters).
⽇ = day, sun, ⼤ = big, 凸= convex 凹 = concave

• They can be combined – e.g. tomorrow = 明⽇

• Each symbol also has some structure within the symbols. They are not 
independently created. e.g. bright= 明るい , rising sun = 旭

• And of course there are no spaces in between the characters.
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Solution: Sub-word Tokenization

• Byte-pair Encoding Tokenization (BPE)
• Start from small strings and based on 

substring counts iteratively use larger 
sequences until you define a vocabulary that 
maximizes informative subtokens. That way 
most will correspond to words at the end.

• Byte-level BPE Tokenizer
• Do the same but at the byte representation 

level not at the substring representation level.
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BPE Tokenization Overview

• Learn BPE operations (python code on the 
right) – from the paper.

• Use said operations to construct your sub-
word vocabulary.

• Treat each sub-word token as a “word” in 
any models we will discuss. 



Recurrent Neural Networks
• These are models for handling sequences of things.

• Each input is not a vector but a sequence of input vectors.

• e.g. Each input can be a “word embedding” or any “word” 
representation – we will use in our first examples one-hot encoded 
tokens but in practice continuous dense word embeddings are used.
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Recurrent Neural Network Cell
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Recurrent Neural Network Cell
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Recurrent Neural Network Cell
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Recurrent Neural Network Cell

𝑅𝑁𝑁

𝑥" = [0 0 1 0 0]

ℎ! = [0 0 0 0 0 0 0 ]

𝑦" = [0.1, 0.05, 0.05, 0.1, 0.7]

ℎ" = [0.1 0.2 0 − 0.3 − 0.1 ]

ℎ" = [0.1 0.2 0 − 0.3 − 0.1 ]
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Recurrent Neural Network Cell
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Recurrent Neural Network Cell
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Recurrent Neural Network Cell
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(Unrolled) Recurrent Neural Network
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How can it be used? – e.g. Tagging a Text Sequence
One-to-one Sequence Mapping Problems
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How can it be used? – e.g. Tagging a Text Sequence
One-to-one Sequence Mapping Problems

my car works <<possessive>> <<noun>> <<verb>>

my dog ate the assignment <<possessive>> <<noun>> <<verb>> <<pronoun>> <<noun>>

my mother saved the day <<possessive>> <<noun>> <<verb>> <<pronoun>> <<noun>>

the smart kid solved the problem <<pronoun>> <<qualifier>> <<noun>> <<verb>> <<pronoun>> <<noun>>

Training examples don’t need to be the same length!

input output



How can it be used? – e.g. Tagging a Text Sequence
One-to-one Sequence Mapping Problems

L(my car works) = 3 L (<<possessive>> <<noun>> <<verb>>) = 3

L( my dog ate the assignment ) = 5 L (<<possessive>> <<noun>> <<verb>> <<pronoun>> <<noun>>) = 5

L( my mother saved the day ) = 5 L (<<possessive>> <<noun>> <<verb>> <<pronoun>> <<noun>>) = 5

L( the smart kid solved the problem ) = 6 L (<<pronoun>> <<qualifier>> <<noun>> <<verb>> <<pronoun>> <<noun>>) = 6

Training examples don’t need to be the same length!

input output



How can it be used? – e.g. Tagging a Text Sequence
One-to-one Sequence Mapping Problems

T: 1000 x 3 T: 20 x 3

T: 1000 x 5 T: 20 x 5

T: 1000 x 5 T: 20 x 5

T: 1000 x 6 T: 20 x 6

Training examples don’t need to be the same length!

input output

If we assume a vocabulary of a 1000 possible words and 20 possible output tags



How can it be used? – e.g. Tagging a Text Sequence
One-to-one Sequence Mapping Problems

T: 1000 x 3 T: 20 x 3

T: 1000 x 5 T: 20 x 5

T: 1000 x 5 T: 20 x 5

T: 1000 x 6 T: 20 x 6

Training examples don’t need to be the same length!

input output

If we assume a vocabulary of a 1000 possible words and 20 possible output tags

How do we create batches if inputs and outputs have different shapes?



How can it be used? – e.g. Tagging a Text Sequence
One-to-one Sequence Mapping Problems

T: 1000 x 3 T: 20 x 3

T: 1000 x 5 T: 20 x 5

T: 1000 x 5 T: 20 x 5

T: 1000 x 6 T: 20 x 6

Training examples don’t need to be the same length!

input output

If we assume a vocabulary of a 1000 possible words and 20 possible output tags

How do we create batches if inputs and outputs have different shapes?

Solution 1:  Forget about batches, just process things one by one.



How can it be used? – e.g. Tagging a Text Sequence
One-to-one Sequence Mapping Problems

T: 1000 x 3 T: 20 x 3

T: 1000 x 5 T: 20 x 5

T: 1000 x 5 T: 20 x 5

T: 1000 x 6 T: 20 x 6

Training examples don’t need to be the same length!

input output

If we assume a vocabulary of a 1000 possible words and 20 possible output tags

How do we create batches if inputs and outputs have different shapes?

Solution 2:  Zero padding. We can put the above vectors in T: 4 x 1000 x 6



How can it be used? – e.g. Tagging a Text Sequence
One-to-one Sequence Mapping Problems

T: 1000 x 3 T: 20 x 3

T: 1000 x 5 T: 20 x 5

T: 1000 x 5 T: 20 x 5

T: 1000 x 6 T: 20 x 6

Training examples don’t need to be the same length!

input output

If we assume a vocabulary of a 1000 possible words and 20 possible output tags

How do we create batches if inputs and outputs have different shapes?

Solution 3:  Advanced. Dynamic Batching or Auto-batching  
https://dynet.readthedocs.io/en/latest/tutorials_notebooks/Autobatching.html

https://dynet.readthedocs.io/en/latest/tutorials_notebooks/Autobatching.html


How can it be used? – e.g. Tagging a Text Sequence
One-to-one Sequence Mapping Problems

Solution 4:  Pytorch
stacking, padding, and 
sorting combination



How can it be used? – e.g. Tagging a Text Sequence
One-to-one Sequence Mapping Problems

Solution 4:  Pytorch
stacking, padding, and 
sorting combination



Pytorch RNN
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How can it be used? – e.g. Scoring the Sentiment of a Text Sequence
Many-to-one Sequence to score problems
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How can it be used? – e.g. Sentiment Scoring
Many to one Mapping Problems

this restaurant has good food Positive

this restaurant is bad Negative

this restaurant is the worst Negative

this restaurant is well recommended Positive

Input training examples don’t need to be the same length!
In this case outputs can be.

input output



How can it be used? – e.g. Text Generation
Auto-regressive model – Sequence to Sequence during Training, Auto-regressive during test
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How can it be used? – e.g. Text Generation
Auto-regressive Models

<START> this restaurant has good food

<START> this restaurant is bad

<START> this restaurant is the worst

<START> this restaurant is well recommended

Input training examples don’t need to be the same length!
In this case outputs can be.

input output

this restaurant has good food <END>

this restaurant is bad <END>

this restaurant is the worst <END>

this restaurant is well recommended <END>



How can it be used? – e.g. Text Generation
Auto-regressive model – Sequence to Sequence during Training, Auto-regressive during test
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How can it be used? – e.g. Text Generation
Auto-regressive model – Sequence to Sequence during Training, Auto-regressive during test
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How can it be used? – e.g. Text Generation
Auto-regressive model – Sequence to Sequence during Training, Auto-regressive during test
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How can it be used? – e.g. Text Generation
Auto-regressive model – Sequence to Sequence during Training, Auto-regressive during test
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How can it be used? – e.g. Text Generation
Auto-regressive model – Sequence to Sequence during Training, Auto-regressive during test
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Character-level Models 
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How can it be used? – e.g. Machine Translation
Sequence to Sequence – Encoding – Decoding – Many to Many mapping
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How can it be used? – e.g. Machine Translation
Sequence to Sequence Models

<START> este restaurante tiene buena comida 

Input training examples don’t need to be the same length!
In this case outputs can be.

input output

this restaurant has good food <END>

<START> this restaurant has good food

<START> el mundo no es suficiente the world is not enough <END>

<START> the world is not enough



How can it be used? – e.g. Machine Translation
Sequence to Sequence – Encoding – Decoding – Many to Many mapping
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DURING TRAINING – (Alternative)
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Bidirectional Recurrent Neural Network
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Stacked Recurrent Neural Network

𝑥!

𝑅𝑁𝑁

+ℎ!

𝑥#

𝑅𝑁𝑁

𝑥$

𝑅𝑁𝑁

c a t

𝑦! 𝑦# 𝑦$

𝑅𝑁𝑁ℎ" ℎ!

ℎ!

𝑅𝑁𝑁 ℎ#

ℎ#

𝑅𝑁𝑁 ℎ$

ℎ$

+ℎ# +ℎ$

+ℎ" +ℎ! +ℎ# +ℎ$



Stacked Bidirectional Recurrent Neural Network

𝑥!

𝑅𝑁𝑁

+ℎ!

𝑥#

𝑅𝑁𝑁

𝑥$

𝑅𝑁𝑁

c a t

𝑦! 𝑦# 𝑦$

𝑅𝑁𝑁ℎ" ℎ!

ℎ!

𝑅𝑁𝑁 ℎ#

ℎ#

𝑅𝑁𝑁 ℎ$

ℎ$

+ℎ# +ℎ$

+ℎ" +ℎ! +ℎ# +ℎ$



RNN in Pytorch



LSTM Cell (Long Short-Term Memory)
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LSTM in Pytorch



GRU in Pytorch



RNNs for Image Caption Generation
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RNNs for Image Caption Generation
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Questions?


