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Word2Vec
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Skip-grams %
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| want a glass of orange juice to go along with my cereal.
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[Mikolov et. al.,, 2013. Efficient estimation of word representations in vector space.]
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Model %\7
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Problems with softmax classificationPﬂV

Hierarchical Softmax
oTe O
e t €c k‘.«'-h S / K"E}
t C — - » 15,0 & \‘-’
p(tlc) §110,000 0] ec AN +Lfi 6N
j=1 N LS T T &
<Y
. ?
Jorier

https://manara.edu.sy/


https://manara.edu.sy/

Y

6)jliaJl
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Defining a new learning problem “%‘\7
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[Mikolov et. al,, 2013. Distributed representation of words and phrases and their compositionality]
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GloVe word vectors
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GloVe (global vectors for word [Z
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[Pennington et. al., 2014. GloVe: Global vectors for word representation]

https://manara.edu.sy/


https://manara.edu.sy/

Model

%L‘E«;&):D )
Qb ‘hie | ¢,

LILEE PSS et

%1 Qr: T
- KL& T 0

So,

//T-"
&J\'m
7

https://manara.edu.sy/


https://manara.edu.sy/

>y

6)jliaJl

Sentiment

classification

https://manara.edu.sy/


https://manara.edu.sy/

Sentiment classification problem [A
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The dessertis excellent.

Service was quite slow.

Good for a quick meal, but nothing special.
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Simple sentiment classification model [A
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RNN for sentiment classification PAV
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The problem of bias in word PA
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Man:Woman as King:Queen
Man:Computer_Programmer as Woman:

Father:Doctor as Mother:

Word embeddings can reflect gender, ethnicity, age, and other biases

of the text used to train the model
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Addressing bias in word embeddings %
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[Bolukbasi et. al., 2016. Man is to computer programmer as woman is to homemaker? Debiasing word embeddings]
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Sequence to sequence model %
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Jane visite I"Afrique en septembre
— Jane Is  visiting Africa in  September.
<1> ,,<2> ,,<3> <4> <5> <6>
y y y y y y

[Sutskever et al., 2014. Sequence to sequence learning with neural networks)

[Cho et al., 2014. Learning phrase representations using RNN encoder-decoder for statistical machine translation]
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Image captioning
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[Mao et. al., 2014. Deep captioning with multimodal recurrent neural networks]
[Vinyals et. al., 2014. Show and tell: Neural image caption generator]
[Karpathy and Li, 2015. Deep visual-semantic alignments for generating image descriptions]
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Finding the most likely translation [:A
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Jane visite |'Afrique en septembre.

— Jane is visiting Africa in September.

— Jane is going to be visiting Africa in September.

— In September, Jane will visit Africa.

—> Her African friend welcomed Jane in September.

argmax P(y<'>,..,y<»?|x)
y<i> y<Ty>
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Why not a greedy search? %‘\7
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— Jane is visiting Africa in September.

L v L

Jane is going to be visiting Africa in September.

?(5'3% \ S0 LF—) > PNene © uadn-\‘&)

e

https://manara.edu.sy/


https://manara.edu.sy/

	Slide 1
	Slide 2
	Slide 3: Skip-grams
	Slide 4: Model
	Slide 5: Problems with softmax classification
	Slide 6
	Slide 7: Defining a new learning problem
	Slide 8: Model
	Slide 9
	Slide 10: GloVe (global vectors for word representation)
	Slide 11: Model
	Slide 12
	Slide 13: Sentiment classification problem
	Slide 14: Simple sentiment classification model
	Slide 15: RNN for sentiment classification
	Slide 16
	Slide 17: The problem of bias in word embeddings
	Slide 18: Addressing bias in word embeddings
	Slide 19
	Slide 20: Sequence to sequence model
	Slide 21: Image captioning
	Slide 22
	Slide 23: Machine translation as building a conditional language mode 
	Slide 24: Finding the most likely translation
	Slide 25: Why not a greedy search?

