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Some slides were inspired by:

Kevin Duh, Shinji Watanabe, Marine Carpaut,

Graham Neubig, Jacob Eisenstein



AGENDA

• Impact of Deep Learning on HLT

• Intro to Deep Learning

• What changed? Why recently?

• Deep Learning in HLT

• PyTorch



QUICK ASIDE

• BLEU Scores

• Modified n-gram precision metric for Machine Translation

• 0 – 100.0 (higher is better)

• Reviewers generally like ~+1.0 gain over a baseline



IMPACT OF DEEP LEARNING
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CATS!



ACL 2014 BEST PAPER



IS NEURAL MACHINE TRANSLATION READY FOR 
DEPLOYMENT?

• Junczys-Dowmunt et al., 2016
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DEEP LEARNING BACKGROUND

• Deep Learning is Neural Networks …. That are Deep!



SUPERVISED LEARNING

• Model: 𝜃

• Input: X

• Output: Y

• P𝜃(Y|X)



SUPERVISED LEARNING (LANGUAGE ID)
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• P𝜃(Y|X)
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SUPERVISED LEARNING (LANGUAGE ID)

• Model: 𝜃

• Input: X (Salut, je m’appelle)
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• P𝜃(Y|X)



SUPERVISED LEARNING (LANGUAGE ID)

• Model: 𝜃

• Input: X (Imanalla, nuqap suti Murray kan)
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• P𝜃(Y|X)
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مرحبا بالعالم
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CLASSIFICATION

• One of the first tasks public thinks of

• Sentiment Analysis

• Speaker/Writer ID

• Language ID

• Phoneme Recognition



BINARY CLASSIFICATION
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LINEAR MODELS

xi𝜗𝑖 + xj𝜗𝑗 + 𝑏 > 0; 𝐸𝑛𝑔𝑙𝑖𝑠ℎ

xi𝜗𝑖 + xj𝜗𝑗 + 𝑏 ≤ 0; 𝑆𝑝𝑎𝑛𝑖𝑠ℎ
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PERCEPTRON

• Make it a probability

• P(y=English|x) = 1.0 if 𝜃𝑇𝑥 > 0

• P(y=English|x) = 0.0 if 𝜃𝑇𝑥 ≤ 0
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LOGISTIC REGRESSION

• Make it a probability

• P(y=English|x) = 𝜎 (𝜃𝑇𝑥)

• P(y=English|x) = 
1

1+𝑒𝜃𝑇𝑥

• Softer

• Differentiable
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LOGISTIC REGRESSION

• Make it a probability

• P(y=English|x) = 𝜎 (𝜃𝑇𝑥)

• P(y=English|x) = 
1

1+𝑒𝜃𝑇𝑥

• Softer

• Differentiable
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xi xj

𝜗𝑖1 𝜗𝑗1



2 NEURON FEED-FORWARD
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𝜎

xi xj

𝜗𝑖1 𝜗𝑗1

𝜎

𝜗𝑖0 𝜗𝑗0

2 Neuron Feed-Forward

𝑆𝑝𝑎𝑛𝑖𝑠ℎ 𝐸𝑛𝑔𝑙𝑖𝑠ℎ



SOFTMAX

• Make the output a probability distribution

• 𝜎 𝑧𝑖 =
𝑒𝑧𝑖

σ𝑗=0
𝑍 𝑒𝑧𝑗



SOFTMAX

• Make the output a probability distribution

• P(y=English|x) = 
1

1+𝑒𝜃𝑇𝑥

• 𝜎 𝑧𝑖 =
𝑒𝑧𝑖

σ𝑗=0
𝑍 𝑒𝑧𝑗

• Training: Differentiable through it

• Testing:Take the Max



DEEP

𝜎

𝜗𝑖1 𝜗𝑗1

𝜎

𝜗𝑖0 𝜗𝑗0

𝜎 𝜎

𝜗𝑧0 𝜗𝑘0 𝜗𝑧1 𝜗𝑘1



OTHER NON-LINEARITIES
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OTHER NON-LINEARITIES

𝑡𝑎𝑛ℎ

xi xj

𝜗𝑖1 𝜗𝑗1

𝑡𝑎𝑛ℎ

𝜗𝑖0 𝜗𝑗0

• A lot like sigmoid

• Range: (-1.0, 1.0)



OTHER NON-LINEARITIES

𝑟𝑒𝑙𝑢

xi xj

𝜗𝑖1 𝜗𝑗1

𝑟𝑒𝑙𝑢

𝜗𝑖0 𝜗𝑗0

relu(x)= 0; 𝑖𝑓 𝑥 < 0

relu(x)= 𝑥; 𝑖𝑓 𝑥 ≥ 0



TENSORS!
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TENSORS!

𝜃/W

X

𝜎

DEPENDS ON DEFINITION!

Row: weights into a single neuron

Cols: Number of neurons in layer



WHY NOW? (LAST 10 YEARS)
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WHY NOW? (LAST 10 YEARS)

• Murray and Chiang, 2015

• 5-gram Language Model ~28 Days CPU (Grid restrictions)

• Today ~Couple of hours GPU



WHY NOW? (LAST 10 YEARS)

• Data availability



WHY NOW? (LAST 10 YEARS)

• Data availability

Forbes, 2018



LANGUAGE MODELS

• Throwback to first week

• Predict the next word in a sequence
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LANGUAGE MODELS

• Historically: vocab, V

• n-gram language model was |V|n

• Data Sparsity issues (5-gram was common)



RNN LMS
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BRNN

• Schuster and Paliwal, 1997



LSTMS

• Long-Short Term Memory

• Cell

• Input Gate

• Output Gate

• Forget Gate

• S. Hochreiter and J. Schmidhuber, 1997



LSTMS

• https://colah.github.io/posts/2015-08-Understanding-LSTMs/



BI-LSTM

• Graves et al., 2013



BI-LSTM

• Graves et al., 2013



MACHINE TRANSLATION

• Source Sentence, f: “Yo tengo hambre”

• Target Sentence, e:“I am hungry”

• P(e|f) …….. Neural Network
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• Cho et al., 2014



MACHINE TRANSLATION

• Cho et al., 2014

• WMT ‘14 En-Fr



MACHINE TRANSLATION

• Sutskever et al., 2014



MACHINE TRANSLATION

• Sutskever et al., 2014

• WMT ‘14 En-Fr



ATTENTION

• Bahdanau et al., 2015



ATTENTION

• Bahdanau et al., 2015

• WMT ‘14 En-Fr



ATTENTION

• Bahdanau et al., 2015



ATTENTION IS ALL YOU NEED

• Vaswani et al., 2017

• Transformer
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BERT

• Devlin et al., 2018

• Bidirectional Encoder Representations from Transformers

• Masked Language Model



BERT
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GPT-3

• Brown et al., 2020

• Auto-Regressive (Looks to previous context)



GPT-3



GPT-3

• WMT ‘14 MT

• SacreBLEU (proper eval)

• Trained only on English


