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Deep Learning for Vision &
Language

Natural Language Processing: Representing Words and Text

N RICE UNIVERSITY




How to represent a phrase/sentence?

bag-of-words representation

person holding dog {1, 3, 4} 1 0 1 1 0 0 0 0 0 O
person holding cat {2, 3, 4} 0 1 1 1 0 0 0 0 0 O
person using computer {3, 7, 6} 0 0 1 0 0 1 1 0 0 O
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person using computer

3,3,7,6,2y 10 1 2 1 0 1 1 0 0 O
person holding cat { H |

What if vocabulary is very large?



Sparse Representation

bag-of-words representation

person holding dog {1, 3, 4} indices =[1, 3,4] wvalues=1[1,1, 1
person holding cat {2, 3, 4} indices =[2, 3,4] wvalues=1[1,1, 1
person using computer {3, 7, 6} indices =[3, 7,6] values=1[1,1, 1]

erson using computer
Eerson hoId?ngcaf 3,3,7,6,2}  indices=[3,7,6,2] values=[2,1,1,1]



Recap

* Bag-of-words encodings for text (e.g. sentences, paragraphs,
captions, etc)

You can take a set of sentences/documents and classify
them, cluster them, or compute distances between them
using this representation.



Problem with this bag-of-words representation

my friend makes a nice meal

These would be the same using bag-of-words

my nice friend makes a meal



Bag of Bi-grams
indices =[10132, 21342, 43233, 53123, 64233]
values=1[1,1,1,1, 1]
my friend makes a nice meal {my friend, friend makes, makes 3,

a nice, nice meal}

indices = [10232, 43133, 21342, 43233, 54233]
values=1[1,1,1,1, 1]

my nice friend makes a meal {my nice, nice friend, friend makes,

makes a, a meal}

A dense vector-representation would be very inefficient
Think about tri-grams and n-grams



Modern way of representing Phrases/Text

Y

Pre-trained Neural Network

Continuous Bag of Words (CBOW) — Word embeddings
Sequence-based representations (RNNs, LSTMs)
Transformer-based representations (e.g. BERT, GPT-2, T5, etc)

]

my friend makes a nice meal



Back to how to represent a word?

Problem: distance between words using one-hot encodings always the same

dog 1 1 0 0 0 0 0 0 0 0 O
cat 2 0o 1 0 0 0 0 0 0 0 O
person 3 0o 0 1. 0 0 0 0 0 0 O

|dea: Instead of one-hot-encoding use a histogram of commonly co-occurring words.



Distributional Semantics

Dogs are man’s best friend.
| saw a dog on a leash walking in the park.
His dog is his best companion.

He walks his dog in the late afternoon

sleeps
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Distributional Semantics

cat sla]r afzfo plafo 3 .
person 5 5 1 5 0 2 5 5 0 0 ..]
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This vocabulary can be extremely large



Toward more Compact Representations

cat 514 |1 (4 (2 0 3 |4 (0 3 ..]
person 5 5 1 5 0 2 5 5 0 0 ..]
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This vocabulary can be extremely large



dog

Toward more Compact Representations

5 0 0 0
5 1 0 0
0 0 0 1
5 1 0 0
0 0 0 0
= 0 = wl| g + w2 0 + w3 0 +
5 0 0 0
5 1 0 0
0 0 0 1
2 0 1 0
legs, running, tail, fur, mirror, window,

walking ears door



Toward more Compact Representations

dog = wl w2 w3

The basis vectors can be found using Principal Component Analysis (PCA)

This is known as Latent Semantic Analysis sometimes in NLP,
maybe not anymore?



Toward more Compact Representations:
Word Embeddings

pr— —_—

= wl w2 w3

— —

The weights w1, ..., wn are found using a neural network

Word2Vec: https://arxiv.org/abs/1301.3781



https://arxiv.org/abs/1301.3781
https://arxiv.org/abs/1301.3781
https://arxiv.org/abs/1301.3781

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. q
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Efficient Estimation of Word Representations in
Vector Space

Tomas Mikolov
Google Inc., Mountain View, CA

tmikolovlgoogle.com

Greg Corrado
Google Inc., Mountain View, CA

gcorradoldgoogle.com

Kai Chen
Google Inc., Mountain View, CA

kaichenflgoogle.com

Jeffrey Dean
Google Inc., Mountain View, CA
jeffl@google.com



Word2Vec — CBOW Version

* Then, collect a lot of text, and solve the following regression problem

for a large corpus of text:
“the big dog drinks water”

INPUT PROJECTION OQUTPUT
Wl —
the w(t-2)
W2 .
big w(t-1)
\SUM
/ —+ "0 dog
drinks w(t+1)
water  W(t+2)
Wy, |

CBOW
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INPUT PROJECTION OUTPUT INPUT PROJECTION  OUTPUT

w(t-2) w(t-2)
w(t-1) w(t-1)
\SUM
> w(t) w(t) %»
w(t+1) 7 w(t+1)
w(t+2) w(t+2)

CBOW Skip-gram



The Embedding Layer nn.Embedding

EMBEDDING

CLASS torch.nn.Embedding (num_embeddings, embedding_dim, padding_idx=None,
max_norm=None, norm_type=2.0, scale_grad_by_freq=False, sparse=False,

_weight=None, device=None, dtype=None) [SOURCE]

A simple lookup table that stores embeddings of a fixed dictionary and size.

This module is often used to store word embeddings and retrieve them using indices. The input to
the module is a list of indices, and the output is the corresponding word embeddings.

Parameters:

¢ num_embeddings (int) - size of the dictionary of embeddings

» embedding_dim (int) - the size of each embedding vector

» padding_idx (int, optional) - If specified, the entries at padding_idx do not contribute
to the gradient; therefore, the embedding vector at padding_idx is not updated during
training, i.e. it remains as a fixed “pad”. For a newly constructed Embedding, the
embedding vector at padding_idx will default to all zeros, but can be updated to

another value to be used as the padding vector.
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dog
cat
apple
work#
the

under

wizard

zealot
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The Embedding Layer
nn.Embedding

nn.Embedding(n, d)
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Questions?
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