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ANALISE DE SENTIMENTOS




Analise de Sentimentos

“Tratamento computacional de

opinioes, sentimentos e subjetividade”
(Pang & Lee, 2008)




Taxonomia

Opinion Emotion
Mining Mining
Subjectivity I?EII;]:?WH Others Emotion E:;; tr:?: Emotion  ||Emotion Cause
Detection S Detection R Classification || Detection
Classification Classification

pp—

Sentiment
Analysis

Opinion Spam Opinion
Detection Summarization

Argument
Expression
Detection

Taxonomia do campo de Analise de Sentimentos. Retirado de “Current state of text sentiment
analysis from opinion to emotion mining” (YADOLLAHI, SHAHRAKI, ZAIANE; 2017)
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- Tem que manter isso, viu?"

Eu t6 de bem com o Eduardo.

Retirado de https://gl.globo.com/economia/mercados/noticia/bovespa-fecha-em-forte-queda-de-olho-em-denuncias-sobre-temer.ghtml
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WORD EMBEDDING
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Retirado de https://yp.scmp.com/over-to-you/poems-and- Retirado de https://www.yyshtools.com/image/research-
short-stories/article/94227/bookaholic engineers.html

Como representar Linguagem Natural
matematicamente?



Ever tried. No matter. Fail again.
Ever failed. Try again. Fail better.

Ever 2 0 0
tried l 0 0
tailed 1 0 0
No 0 1 0
matter 0 1 0
Try 0 1 0
again 0 1 1
Fail 0 0 2
better 0 0 1

Retirado de (MANNING, C. D.; RAGHAVAN, P.; SCHUTZE, H.

Introduction to Information Retrieval, 2008)

Word Embedding

Bag of Words

chair (-0.37,-0.23, 0.33, 0.38, -0.02, -0.37)
on (-0.21,-0.11,-0.10, 0.07, 0.37, 0.15)
dog (0.26, 0.25,-0.39, -0.07, 0.13, -0.17)

the (-0.43,-0.37,-0.12,0.13,-0.11, 0.34)

mouth (.32, 0.43, -0.14, 0.50, -0.13, -0.42)
gone (0.06, -0.21, -0.38, -0.28, -0.16, -0.44)

Retirado de (GOLDBERG, Y. A Primer on Neural Network
Models for Natural Language Processing, 2016)



GloVe

Global Vector for Word Representation
(Pennington, Socher, Manning; 2014)
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Figura elaborada pelos autores

King - Man + Woman =7




GloVe

Global Vector for Word Representation
(Pennington, Socher, Manning; 2014)
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REDES NEURAIS
RECORRENTES
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Redes Neurais Recorrentes

a< = g(W,, a*> + W,, X +b,)
S‘l<t> — g(Wya a<t> + by)

® Lo, y) =-y=log §° - (1-y) log (1 - §)

® LY. y) =2 L™, y™)
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Diferentes tipos de RNNs
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Retirada do curso Deep Learning Specialization

15



Long Short-Term Memory (LSTM)

c”<t> = tanh(W_ [T, % c<t1>, x<t>] +

bc)

GRU
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LSTM

c <> = tanh(W_[a<t'>, x<*>] + b)
r, = oW, [a<t1>, x<*] + b,)
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[, = o(W, [a<t1>, x=*] + b,)

ct> =T, % c < + [ % ct1>

a<t> =T _ % tanh(c=*)

16



Long Short-Term Memory (LSTM)
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4.
DESAFIO IMDB




Retirada de https://www.amazon.jobs/es/teams/imdb

This past weekend, | saw the movie Harry Potter and the Goblet of Fire. As part of the popular
Harry Potter book and movie series, it was definitely one to remember.

This movie is mainly about a large-scale competition between wizards that takes place at
Hogwarts over the course of the school year. Harry has been entered into the contest, which is
known as The Triwizard Tournament, and many twists and turns make for quite the adventurous
competition. True to Harry Potter form, the encounter i

challenges, and mysterious behavior that they are forced to decode.

New characters were introduced in this film, which was an enjoyable aspect and added a new
element of intrigue that the previous Harry Potter films did not possess. Furthermore, this
installment of the series seemed to follow its literary counterpart the most closely and

accurately, Also, this film was a good length: not excessively long but long enough to tell the
story. Another great aspect of the film was the special effects, particularly with regard to all of the
scenes featuring the dragons.

This movie was also different from the rest because it had more story concerning the
characters’ love lives. In one particular scene, there was a dance that all of the tournament
contestants were to attend. The characters went to the ball, and it was so much fun to watch
First of all, the scenery of the ball was exquisite, and it was so cool to actually feel like you were
there! This was definitely one of the highlights of the movie.

Overall, this was, in my opinion, the best Harry Potter film yet and portrays the fantastical story
of wizards and the world of Hogwarts extremely well. With the addition of new characters, the
fast-paced nature of the film, and the added romantic aspects, this movie was truly a great one.

Retirada de http:/acasignups.net/18/07/15/risk-adjustment-transfer-payment-freeze-how-much-heartburn-your-insurance-carrier
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Problema

e Descricao do dataset

o Dataset aberto, pode ser importado
diretamente com a biblioteca Keras [1]

© 50.000 resenhas de filmes, categorizadas em
negativo / positivo

o Cada filme possui no maximo 30 resenhas

o Reviews pré-processados (indexados pela sua
frequéncia no dataset)

o Dataset balanceado (50% de dados de cada
classe)

Treinamento e Testes
o Divisao do dataset em 80% treino; 10%
validacao; 10% teste

[1] https://keras.io/datasets/#imdb-movie-reviews-sentiment-classification 20




Exemplo de dado no dataset:

---review---

[1, 194, 1153, 194, 2, 78, 228, 5, 6, 1463, 4369, 2, 134, 26, 4, 715, 8, 118, 1634, 14,
394, 20, 13, 119, 954, 189, 102, 5, 207, 110, 3103, 21, 14, 69, 188, 8, 30, 23, 7, 4, 249,
126, 93, 4, 114, 9, 2300, 1523, 5, 647, 4, 116, 9, 35, 2, 4, 229, 9, 340, 1322, 4, 118, 9, 4,
130, 4901, 19, 4, 1002, 5, 89, 29, 952, 46, 37, 4, 455, 9, 45, 43, 38, 1543, 1905, 398, 4,
1649, 26, 2, 5, 163, 11, 3215, 2, 4, 1153, 9, 194, 775, 7, 2, 2, 349, 2637, 148, 605, 2, 2,
15, 123, 125, 68, 2, 2, 15, 349, 165, 4362, 98, 5, 4, 228, 9, 43, 2, 1157, 15, 299, 120, 5,
120,174, 11, 220, 175, 136, 50, 9, 4373, 228, 2, 5, 2, 656, 245, 2350, 5, 4, 2, 131, 152,
491, 18, 2, 32, 2, 1212, 14,9, 6, 371, 78, 22, 625, 64, 1382, 9, 8, 168, 145, 23, 4, 1690,
15, 16, 4, 1355, 5, 28, 6, 52, 154, 462, 33, 89, 78, 285, 16, 145, 95]

---label---

0

---review with words---

big hair big bad music and a giant safety these are the words to best describe this
terrible movie i love cheesy horror movies and i've seen hundreds but this had got to be on of the
worst ever made the plot is paper thin and ridiculous the acting is an the script is completely
laughable the best is the end showdown with the cop and how he worked out who the killer is it's
just so damn terribly written the clothes are .......

21
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Retirado de https://www.python.org/ Retirado de https://keras.io/
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Solucao - Teste Inicial

e Tamanho do vocabulario: 5000

o Palavras desconhecidas sao todas marcadas com
um mesmo ndmero

e Padding em 80 palavras

o Possibilita treinamento em batches —» diminui
tempo de treinamento e testes

e Embeddings de tamanho 32

e Arquitetura utilizada:

o Uma camada do tipo Embedding, que espera
vetores de entradas com tamanho igual ao
tamanho do vocabulario (5000) e cuja saida é do
tamanho do embedding (32)

o Uma camada do tipo LSTM, com 100 unidades

o Uma camada densa de saida, com 1 unidade, e
funcao de ativacao do tipo sigmdéide s



Solucao - Teste Inicial

e Funcao de perda: binary cross-entropy

e Algoritmo de otimizacao: Adam

e Métrica: acuracia

¢ Treinamento por 3 épocas com batch
Size = 64

e Acuracia de treino: 91,96 %

e Acuracia de validacao: 83,77 %

24




Solucao - Comparacao de
Hiperparametros

Variacao nos seguintes parametros:

o Tamanho do vocabulario: 2500, 5000, 10000,
20000

o Tamanho dos vetores de embeddings: 1, 2, 4,
16, 32, 128, 256

o Tamanho maximo das reviews: 64, 128, 256,
512, 1024

o Quantidades de neurdnios na camada LSTM: 1,
2,4,8, 16, 32, 64, 128

25




Resultados - Comparacao de
Hiperparametros

tam. vocab tam. max. review tam. embedding neuronios camada LSTM acuracia validacao (%)

5000 512 32 128 89.2

5000 512 32 128 89.2

5000 256 32 128 88.62
5000 1024 32 128 88.74
20000 6} ¥ 32 128 88.46
5000 128 128 128 87.7

5000 128 256 128 87.38
2500 128 32 128 86.98
5000 128 32 16 86.94
5000 128 32 32 86.72
5000 128 32 128 86.6

10000 128 32 128 86.62
5000 128 32 8 86.52
20000 128 32 128 86.36
5000 128 16 8 86.46
5000 128 2 2 86.08
5000 128 4 - 86.06
5000 128 32 64 85.98
5000 128 32 2 85.8

5000 128 1 1 84.7

5000 64 32 128 82.86

Figura elaborada pelos autores



Solucao Final

Acuracia de teste:

Parameters

- vocabulary size: 5000

- sequence_maximum length: 128
- embedding size: 32

- lstm _neurons: [32]

Accuracies
- Training: 0.94815
- Validation: 0.8672

accuracy loss
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Figura elaborada pelos autores
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Exemplo de acerto

Review: please give this one a miss br br and
the rest of the cast terrible performances the
show is flat flat flat br br i don't know how
michael could have allowed this one on his he
almost seemed to know this wasn't going to work
out and his performance was quite so all you
fans give this a miss

Label esperada: O
Saida do modelo: 0.01855629



Exemplo de erro

Review: this film requires a lot of because it
focuses on mood and character development the
plot is very simple and many of the scenes take
place on the same setin the dennis character
apartment but the film builds to a disturbing
climax br br the characters create an atmosphere
with sexual tension and psychological it's very
Interesting that robert directed this considering
the style and structure of his other films still
the ...

Label esperada: 0
Saida do modelo: 0.84447217



Trabalhos Futuros

e Algumas outras coisas poderiam ser

testadas:
o Utilizar embeddings pré-treinados
o Arquiteturas diferentes (quantidade e tipos de
camadas, quantidade de unidades por
camadas)
o Utilizacao de técnicas de regularizacao, para
evitar sobrejuste, como Dropout
o Variacao de outros hiperparametros
B Quantidade de épocas
B Tamanho dos lotes (batches)
m Funcao de otimizacao
B Taxa de aprendizagem (learning rate)

27
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