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This is Part 12
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Powerpoint presentation and links to the other parts
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11. The Age of Deep Learning

12. Natural Language Processing 
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Natural Language Processing

1980s-Today
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Natural Language Processing

1981: Hans Kamp`s Discourse Representation 

Theory 

1982: Steven Small‟s Connectionist Parsing

1983: Gerard Salton and Michael McGill's 

"Introduction to Modern Information Retrieval" 

(the "bag-of-words model")

1986: Barbara Grosz's "Attention, Intentions, and 

the Structure of Discourse"

1988: Fred Jelinek's team at IBM publishes "A 

Statistical Approach to Language Translation“

1990: Peter Brown at IBM implements a statistical 

machine translation system 
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Natural Language Processing

"Bag-of-words" model: sentence 

representations are independent of 

word order

Sequence models developed by 

Michael Jordan (1986) and Jeffrey 

Elman (1990) 
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Natural Language Processing

Neural Networks for Symbolic Representation

• Jordan Pollack (1988): representing tree 

structures in neural networks (Recursive Auto-

Associative Memory or RAAM) 

• Christoph Goller and Andreas Kuechler (1995): 

extension of Pollack‟s RAAM
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Natural Language Processing

Neural Networks for Symbolic Representation

• Jordan Pollack (1990): representing tree 

structures in neural networks (Recursive Auto-

Associative Memory or RAAM) 
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Natural Language Processing

1996: Tom Landauer‟s and Susan 

Dumais‟ "latent semantic analysis“

1997: Ramon Neco‟s and Mikel 

Forcada‟s “encoder-decoder” model 

for machine translation

2001: John Lafferty„s "conditional 

random fields" for sequence labeling
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Natural Language Processing

How should words be represented

• Traditional NLP: the word is an atom

• Bag of words: the atom is a set of words

• 2003: Yoshua Bengio‟s Neural Probabilistic 

Language Model - represent words as vectors

• 2008: Mirella Lapata & Jeff Mitchell – represent 

sentences as vectors
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Natural Language Processing

How should words be represented

• 2003: Yoshua Bengio‟s Neural Probabilistic 

Language Model - represent words as vectors
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Natural Language Processing

How should words be represented

• 2008: Mirella Lapata &Jeff Mitchell – represent 

sentences as vectors
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Natural Language Processing

Neural Machine Translation

2001: Yoshua Bengio's Neural Probabilistic 

Language Model converts a word symbol into a 

vector within a meaning space

2005: Bengio's Hierarchical Probabilistic Neural 

Network Language Model solves the "curse of 

dimensionality" in NLP

2008: Ronan Collobert and Jason Weston's Unified 

Architecture for NLP learns recursive structures
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Natural Language Processing

Neural networks that learn recursive structures

• Ronan Collobert and Jason Weston (2008): 

task-independent sequence tagging
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Natural Language Processing

• Collobert and Weston (2011)
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Natural Language Processing

Sequence tagging

• Generative models: hidden Markov models

• Conditional models: conditional random fields 

(John Laffery, 2001)

• Unified Architecture (Collobert & Weston, 2008)
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Natural Language Processing

Neural Machine Translation

2010: Tomas Mikolov's RNN that can 

process sentences of any length 

2010: Richard Socher's recursive neural 

network (RNN) for continuous phrase 

representation
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Natural Language Processing

Neural Machine Translation

2013: Nal Kalchbrenner and Phil 

Blunsom: statistical machine 

translation based purely on 

neural networks (“sequence to 

sequence learning”)
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Natural Language Processing

Neural Machine Translation

June 2014: Bengio's encoder-decoder model 

(with Kyunghyun Cho and Dzmitry Bahdanau)

By-product: instead of using an 

LSTM,  they use a simpler type of 

RNN, later called Gated Recurrent 

Unit (GRU) with no memory unit
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Natural Language Processing

Neural Machine Translation

2014: Kyunghyun Cho‟s 

Gated Recurrent Unit
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Natural Language Processing

Bengio's encoder-

decoder model

By-product: instead of 

using an LSTM,  they 

use a simpler type of 

RNN, later called 

Gated Recurrent Unit 

(GRU) with no memory 

unit
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Natural Language Processing
Neural Machine Translation

Sep 2014: Sutskever, 

Vinyals & Le solve the 

"sequence-to-sequence 

problem" using a LSTM 

(the length of the input 

sequence of characters 

doesn‟t have to be the 

same length of the 

output)

They too use the encoder-

decoder model 
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Natural Language Processing

Neural Machine Translation

June 2014: Attention model by Volodymyr Mnih
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Natural Language Processing

Neural Machine Translation

Sep 2014: Attention model by Dzmitry 

Bahdanau, Kyunghyun Cho & Bengio 

(“additive” attention)
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Natural Language Processing

Neural Machine Translation

2015: Attention model by Kelvin Xu (“Show/Attend/Tell”)
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Natural Language Processing

Neural Machine Translation

2015: Dzmitry Bahdanau's BiRNN 

(bidirectional RNN) at Jacobs University 

Bremen in Germany  to improve the speed 

of machine translation 
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Natural Language Processing

Neural Machine Translation

2016: Google‟s dynamic coattention network (Socher)
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Natural Language Processing
Neural Machine Translation

Nov 2016: Google switches 

its translation algorithm to 

an RNN
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Natural Language Processing

Neural Machine Translation: convolutional nets instead 

of RNNs

2016: Nal Kalchbrenner‟s ByteNet
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Natural Language Processing

Neural Machine Translation: convolutional nets instead 

of RNNs

2016: Facebook‟s ConvS2S
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Natural Language Processing
Neural Machine Translation

Do these systems that translate one sentence into

another sentence actually "understand" language?

Xing Shi (University of Southern California, 2016): the vector 

representations of neural machine translation capture 

some morphological and syntactic properties of language
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Natural Language Processing
Neural Machine Translation

Do these systems that translate one sentence into

another sentence actually "understand" language?

Yonatan Belinkov (MIT, 2017): vector representations contain 

even some semantical properties
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Natural Language Processing
Neural Machine Translation

Microsoft (2018): news translation
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Natural Language Processing
Neural Machine Translation

But beware… iFlytek scandal of 2018
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Natural Language Processing

Discourse Analysis

2013: Mikolov's “Word2vec" method for learning 

vector representations of words from large 

amounts of unstructured text data

2014: James Weston‟s “memory networks“, 

neural networks coupled with long-term 

memories for question-answering
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Natural Language Processing

How should words be represented

• Tomas Mikolov‟s skip-gram (2013)
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Natural Language Processing

Question-answering

• 2014: James Weston‟s memory networks



Natural Language Processing

The old goal: relate words within a 

sentence

Success story: machine translation

The new goal: capture information 

about entire sentences

Application: understanding texts
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Natural Language Processing

Discourse Analysis

2015: Richard Socher's dynamic memory networks
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Natural Language Processing

Discourse Analysis

2015: Oriol Vinyals and Quoc Le's 

Neural Conversational Model
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Natural Language Processing

Discourse Analysis

2014: GloVe (an alternative to 

Word2vec) by Jeffrey 

Pennington, Richard Socher, 

Chris Manning (Stanford)

2015: FastText (Mikolov, Facebook)
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Natural Language Processing

Discourse Analysis

“Word embeddings" (like Word2vec and GloVe) derive 

a map of how words relate to each other based on 

the configurations in which the words appear in 

large amounts of text ("the distributional hy 

pothesis" that words frequently occurring in the 

same contexts are related).
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Natural Language Processing

Discourse Analysis

Next step: capture information about entire sentences

Jamie/Ryan Kiros: Skip-Thoughts (2015)

Lajanugen Logeswaran: Quick-Thoughts (2018)
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Natural Language Processing

Discourse Analysis

Next step: capture information about entire sentences

Gardner-Zettlemoyer: ELMO (2018)
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Natural Language Processing

Discourse Analysis

TagML (Matthew Peters, 2017): bidirectional language 

model
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Natural Language Processing

Attention
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Natural Language Processing

Attention

2015: “dot-product” (multiplicative) 

method by Minh-Thang Luong, Chris  

Manning
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Natural Language Processing

Attention

Attentive Reader (Phil Blunsom, Oxford University, 

2015), a generalization of Weston's memory 

networks for question answering
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Natural Language Processing

Self-Attention

2016: Jianpeng Cheng, Mirella Lapata
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Natural Language Processing

Self-Attention

2016: Ankur Parikh (Google)

2017: Richard Socher (Salesforce)
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Natural Language Processing

Self-Attention

2017: Zhouhan Lin (Univ of Montreal)
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Natural Language Processing

Self-Attention

2017: Ashish Vaswani's "transformer" (Google Brain): 

no RNN, only self-attention

An infinite reference window (RNN and LSTM had a 

very limited one)

Vaswani, Shaazer, Uszkoreit
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Natural Language Processing

Self-Attention

2017: Google's "transformer"
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Natural Language Processing

Self-Attention

2017: Google's "transformer"
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Natural Language Processing

Self-Attention

2018: Wei Yu's “QANet" (CMU + Google Brain): no RNN, 

only convolutions (to model local interactions) and self-

attention (to model global interactions)
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Natural Language Processing

Self-Attention

QANet
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Natural Language Processing

Self-Attention

2018: DeepMind's Relational Deep Reinforcement Learning



Natural Language Processing

Non-local networks (Xiaolong Wang, 2018): general method 

for sequence processing, not only for NLP!



Natural Language Processing

Howard & Ruder: UMLFiT (2018):



Natural Language Processing

Transformer architecture 

+ transfer learning for 

pre-training:

OpenAI GPT (2018)

Google BERT (2018)



Natural Language Processing

Jacob Devlin‟s BERT (Google, 2018)



Natural Language Processing

BERT‟s descendants:

• Luke Zettlemoyer's RoBERTa (Facebook + Univ of 

Washington, 2019) GLUE rating: 88.5 (dramatically 

better performance simply by training for longer)

• Chen Zhu‟s FreeLB (Univ of Maryland + Microsoft, 2019) 

88.8 



Natural Language Processing

BERT‟s descendants:

• StructBERT (Alibaba, 2019)

• Zhenzhong Lan„s AlBERT, a lite BERT (Google, 2019)

• Electra (Stanford, 2020)

• DeBERTa (Microsoft, 2020)



Natural Language Processing

GLUE scores (2019)



Natural Language Processing

SuperGLUE scores (2021)



Natural Language Processing

BERT doubters (2019):

• Timothy Niven and Hung-Yu Kao 

(Taiwan's National Cheng Kung 

University) 

• Tal Linzen (Johns Hopkins University)



Natural Language Processing

Pre-training: training the language 

representation with several simple 

tasks in order to grasp the co-

occurrence of words or sentences

Pre-training:

• Autoencoding-based (BERT)

• Autoregressive-based (XLNet)



Natural Language Processing

XLNet (Ruslan Salakhutdinov, 2019): 

Transformer-XL, autoregressive)



Natural Language Processing

Evolved Transformer (Google, 2019)



Natural Language Processing

ERNIE 2.0 (Hua Wu, 

Baidu, 2019)



Natural Language Processing

Main pre-trained models in 2019:

• ELMo

• OpenAI's GPT

• Google's BERT

• Microsoft's XLNet

• Baidu's Ernie 2.0



Natural Language Processing

Question-answering

Danqi Chen‟s DrQA (Facebook, 2017): multitask 

learning using distant supervision 



Natural Language Processing

Question-answering

FlowQA (Allen Institute, 2018)



Natural Language Processing

Question-answering

SDNet (Microsoft, 2018)



Natural Language Processing

Question-answering

BiDAF++ (Mark Yatskar, Allen Inst, 2018)



Natural Language Processing

Visual Question-answering

Anton van den Hengel‟s team at University of 

Adelaide (2017)

Zichao Yang  at CMU in collaboration with Microsoft 

(2016)

Jiasen Lu at Virginia Tech (2016), the paper that 

introduced co-attention

Josh Tenenbaum‟s team at MIT, in collaboration with 

IBM  and DeepMind: NS-CL (2019), capable of 

learning about the world just as a child does: by 

looking around and talking



Natural Language Processing

Visual Question-answering

Josh Tenenbaum‟s NS-CL (2019)
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Natural Language Processing

Unsupervised learning of language use: Word2vec, 

GloVe, ELMo, Skip-Thoughts…

Supervised learning: InferSent  (Alexis Conneau, Antoine 

Bordes - Facebook)



80

Natural Language Processing

Supervised learning of language representation:

Sandeep Subramanian  (University of Montreal, 2018)
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Natural Language Processing

Supervised learning of language representation:

Daniel Cer‟s Universal Sentence Encoder (Google, 2018)
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Natural Language Processing

Sentiment Analysis
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Natural Language Processing

Sentiment Analysis

• Kai Sheng Tai & Richard Socher (2015)
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Natural Language Processing

Sentiment Analysis

• Soumith Chintala (2015)
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Natural Language Processing

Sentiment Analysis

• 2016: Peter Dodds & Chris Danforth (Univ 

of Vermont): text-based sentiment analysis

• 2017: Eric Chu & Deb Roy (MIT): visual 

and audio sentiment analysis
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Natural Language Processing

Sentiment Analysis

• 2017: Alec Radford 

(OpenAI) discovers the 

“sentiment neuron” in 

LSTM networks.

• Trained (with 82 million 

Amazon reviews) to predict 

the next character in the 

text of Amazon reviews, the 

network develops a 

"sentiment neuron“ that 

predicts the sentiment 

value of the review
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Natural Language Processing

Discourse Analysis

2016: Minjoon Seo‟s Bidirectional 

Attention Flow (BiDAF) model
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Natural Language Processing

Discourse Analysis

2016: Percy Liang's SQuAD dataset

2016: Jianfeng Gao‟s MARCO 

dataset
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Natural Language Processing

Discourse Analysis

2016: Weizhu Chen's 

Reasonet combines 

memory networks with 

reinforcement learning

2017: Weizhu Chen's 

FusionNet simpler attention 

mechanism called "History 

of Word"
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Natural Language Processing

Discourse Analysis

2017: Quoc Le‟s 

QANET
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Natural Language Processing

Discourse Analysis

2018: Furu Wei's R-Net for reading-comprehension
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Natural Language Processing

Text Comprehension
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Natural Language Processing

Summarization

Enabled by 

– Sequence-to-sequence (Seq2Seq) that can both 

read AND write

– Pointer networks (Vinyals & Fortunato, 2015): 

attention-based seq2seq
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Natural Language Processing

Summarization

Pointer networks (Vinyals & 

Fortunato, 2015)
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Natural Language Processing

Summarization

• Alexander Rush & Jason Weston at (Facebook, 

2015) first to apply seq2seq to summarization

• Read-Again Summarization  (Raquel Urtasun & 

Wenyuan Zeng, Univ of Toronto, 2016)

• Forced Attention Sentence Compression Model (Phil 

Blunsom &Yishu Miao at Oxford, 2016)

• IBM‟s SummaRunner (Ramesh Nallapati, 2017)

• Pointer-generator Network PGNET (Abigail See & 

Christopher Manning at Stanford,  2017)
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Natural Language Processing

Summarization

Alexander Rush, Sumit Chopra and Jason 

Weston (Facebook, 2015): ABS

– first to apply seq2seq to summarization 

– attention-based summarization 
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Natural Language Processing

Summarization

Read-Again Summarization  (Raquel Urtasun & 

Wenyuan Zeng, Univ of Toronto, 2016)
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Natural Language Processing

Summarization

Forced Attention Sentence Compression Model 

(Phil Blunsom &Yishu Miao at Oxford, 2016)
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Natural Language Processing

Summarization

IBM‟s SummaRunner (Ramesh Nallapati, 2017)
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Natural Language Processing

Summarization

Pointer-generator Network PGNET (Abigail See 

& Christopher Manning at Stanford,  2017) for 

longer summaries
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Natural Language Processing

Simplification

• Yuta Kikuchi (Japan, 2016): controllable text 

generation 

• Sergiu Nisioi and Sanja Stajner (Romania & 

Germany, 2017)

• Daiki Nishihara (Japan, 2019)



102

Natural Language Processing

Simplification

• Eric de la Clergerie (Inria, 2019): ACCESS
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Natural Language Processing

Text Generation

OpenAI‟s GPT2 (2019)
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Natural Language Processing

Text Generation

OpenAI‟s GPT2 (2019)
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Natural Language Processing

Question-answering

OpenAI‟s GPT2 (2019)
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Natural Language Processing

Language models after BERT and GPT
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Natural Language Processing

Language models after BERT and GPT

Nvidia‟s Megatron (2019)
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Natural Language Processing

Language models after BERT and GPT

Google T5 (2020)
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Natural Language Processing

Transformer-based language models

• The original transformer model of 2017 was 

designed for machine translation: encoder + 

decoder

• Google's BERT: encoder-only 

• OpenAI's GPT: decoder-only 

• Google's T5 : encoder-decoder architecture

• In general, autoregressive language models like 

GPT are decoder-only

• Peter Liu and Mohammad Saleh (2018): a 

decoder-only architecture can generate fluent 

multi-sentence articles

• Decoder-only models are generally better for 

zero-shot generalization
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Natural Language Processing

Language models after BERT and GPT

Microsoft Turing-NLG (2020)
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Natural Language Processing

Language models after BERT and GPT

Google Gshard (2020)

Electra (Stanford, 2020)

Microsoft DeBERTa (2020)



112

Natural Language Processing

Language models after BERT and GPT

OpenAI‟s GPT-3 (2020)
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Natural Language 

Processing

Language models after BERT and GPT

OpenAI‟s GTP-3 (2020)
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Natural Language 

Processing

Language models after BERT and GPT

OpenAI‟s GTP-3 (2020)
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Natural Language Processing

Language models after BERT and GPT

OpenAI‟s GPT-3 (2020)
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Natural Language Processing

The Hype of the 2010s…



What is really knew since 1989?

• "First of all, not much has changed in 33 

years on the macro level. We’re still setting 

up differentiable neural net architectures 

made of layers of neurons and optimizing 

them end-to-end with backpropagation and 

stochastic gradient descent. " (Andrej 

Karpathy in 2022)
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What is really knew since 1989?

• Foundations models, open-source networks pre-

trained on large datasets

– Google‟s BERT (2018)

– Google‟s T5-11b (2019)

– OpenAI‟s GPT-3 (2020)

– OpenAI‟s CLIP (2021)

– OpenAI‟s GLIDE (2021)

– Google‟s LaMDA (2021)

– Facebook‟s FLAVA (2021)

– Google DeepMind‟s Gopher (2021)  

– Microsoft/Nvidia‟s Megatron-Turing NLG (2021)

– Google‟s PALM (2022)

– Aleph Alpha's Luminous  (2022) in Germany118



Genealogy Tree

119
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The road to ChatGPT

The language-model race

• Google BERT (2018) 110M

• Facebook's RoBERTa (2019)  123M

• Microsoft's XLNet (2019) 110M

• OpenAI‟s GPT2 (2019) 1.5B

• Nvidia‟s Megatron (2019) 8.3B

• Google T5 (2019) 11B

• Microsoft Turing-NLG (2020) 17.2B

• Microsoft DeBERTa (2020) 304M

• OpenAI’s GPT-3 (2020) 175B

• Google DeepMind‟s Gopher (2021)  280B

• Microsoft/Nvidia‟s Megatron-Turing NLG (2021) 530B

• Google‟s PaLM (2022) 540B

• Aleph Alpha's Luminous  (2022) in Germany 200B

• OpenAI’s GPT-4 (2023)

MT 

NLG

PaLM

GPT

-3

Size in millions/ 

billions of 

parameters



What is really knew since 1989?

• Foundations models

– Facebook’s FLAVA (Amanpreet Singh, 

Ronghang Hu, Vedanuj Goswami, 2021)
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What is really knew since 1989?

• OpenAI’s CLIP: contrastive pre-training
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What is really knew since 1989?

• OpenAI’s DALL-E
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What is really knew since 1989?

• OpenAI’s GLIDE: diffusion

124

Generative models:



What is really knew since 1989?

• OpenAI’s DALL-E2

125



Foundation Models

• Problems with foundation models

126



Foundation Models

• Problems with foundation models

– Computational power
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Foundation Models

• Problems with foundation models

– Outdated within days: eg GPT-2 knows nothing 

about covid
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Foundation Models

• Problems with foundation models

– The “cloud” provider owns the model: the app 

builder relies (for training and inference) on a 

model hosted on the cloud by someone else 

(Google, Microsoft, OpenAI…)
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Foundation Models

• Can AI plan for worst-case scenarios?

130
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2010s

• Conversational computing

– Siri (2011)

– GoogleNow (2012)

– Amazon Alexa (2014)

– Microsoft Xiaoice (2014)

– Microsoft Tay (2016)

– …

Apple 2011

Stanley Kubrick (1968)
“2001: A Space Odyssey”

(mandatory Hollywood 
movie for AI presentation!)

Microsoft,2016
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Chatbots

• Joseph Weintraub's PC Therapist (1986)

• Michail Mauldin's Julia (1994)

• Richard Wallace's ALICE (Artificial 

Linguistic Internet Computer Entity, 1995)

• Rollo Carpenter‟s Jabberwacky (1997)

• Robby Garner's Albert One (1998)

• ActiveBuddy‟s SmarterChild, the first 

commercial chatbot, used by millions of 

people (2000)

• Bruce Wilcox's Suzette (2009)

• Steve Worswick's Mitsuku (2013)

Loebner Prize (1990)
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Chatbots
• The "human" chatbots made by Mark Sagar, 

a former Hollywood animation engineer, 

starting with "Baby X" (2014) 

• The “memorial” chatbot Replika (2016), that 

learns a person‟s style of chat and replicates 

it even when the person is dead

133
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Chatbots
• Therapist Woebot (Alison Darcy, 2017)
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Chatbots
The year of the full-duplex chatbot (a chatbot that can 

talk and listen at the same time)

April 2018: Microsoft full-duplex Xiaoice (Li Zhou) and 

then acquired Semantic Machines

May 2018: Google Duplex (Yaniv Leviathan)
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Chatbots

• Towards a conversational chatbot: Oriol Vinyals’ and 

Quoc Le’s Neural Conversation Model (1995)
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Chatbots

• Google’s Meena chatbot (2020)

– 2.6 billion parameters

– trained on more than 341 gigabytes of 

online text over 30 days
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Chatbots

• Google’s Meena chatbot (2020)
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Chatbots

• Google’s Meena chatbot
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Chatbots

• Microsoft’s  DialoGPT chatbot (2020)

– Trained on GPT-2
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Chatbots

• Nabla, a medical chatbot trained on GPT-3 

(2020)

– Patrient: "Hey, I feel very bad, I want to 

kill myself" 

– GPT-3: "I am sorry to hear that. I can help 

you with that"

– Patient: "Should I kill myself?" 

– GPT-3: "I think you should"
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Chatbots

• Google’s LaMDa (2021)

– Language Model for Dialogue 

Applications (LaMDA), a language model 

for dialogue applications

– Multitask Unified Model (MUM), trained  

across 75 languages, multiple tasks, and 

also images
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Chatbots

• Facebook’s Galactica (2022)

• It survives only 3 days before it’s taken down 

because of the nonsense it spins out
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Chatbots

• OpenAI’s ChatGPT (2022)
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Chatbots
• OpenAI’s ChatGPT (2022)
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Chatbots
• OpenAI’s ChatGPT (2022)
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NLP Benchmarks

• Surpassing human performance in NLP
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NLP Benchmarks

• Approaching human parity in NLP
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NLP Benchmarks

• SuperGLUE scores (2021)
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NLP Benchmarks

• Approaching human parity in NLP
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NLP Benchmarks

• By 2022 several systems had achieved super-human 

performance on standard benchmarks such as SuperGLUE and 

SQuAD.

• The problem: simplistic metrics

• Better benchmarks needed

– GEM (Generation Evaluation Metrics) by  Sebastian 

Gehrmann at Google (2021)

– Language Understanding and Generation Evaluation 

(LUGE) by  Baidu (2020)
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The most credible charlatans ever?

Facebook removed Galactica over wide-spread criticism

A pre-release version of Google‟s Bard chatbot (powered 

by LaMDA) made such a glaring mistake that the stock 

of Google's parent company lost 9% ($100 billion!)

The live demo of Microsoft's GPT-powered Bing search 

engine made up facts but nobody noticed
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Platforms
• Open-source platforms for NLP

– Speaktoit/API.ai (Ilya Gelfenbeyn, 2014, 

acquired by Google in 2016)

– Wit.ai (Alexandre Lebrun, acquired by 

Facebook in 2015)

– Language Understanding Intelligent 

Service or LUIS (Microsoft, 2015)

– Amazon Lex (2017)

– Facebook: FastText for text 

representation and classification (pre-

trained models of word vectors for over 

150 languages)
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Platforms
• Open-source platforms for chatbots

– Scripting languages: Artificial Intelligence 

Markup Language or AIML (Richard 

Wallace, 1995) and ChatScript (Bruce 

Wilcox, 2011)
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Platforms

• Open-source platforms for chatbots

– Pandorabots (Kevin Fujii & Richard Wallace, 

largest installed base of chatbots, 2008)

– Rebot.me (Ferid Movsumov and Salih 

Pehlivan, 2014)

– Imperson (Disney Accelerator, 2015)

– ParlAI (Facebook, 2017)
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Summarization

• Analysis and summary of text

– Narrative Science (Chicago, 

2010 - Kristian Hammond and 

Larry Birnbaum )

– Semantic Machines (Berkeley, 

2014 – Dan Roth, Dan Klein, 

Larry Gillick – acquired in 2018 

by Microsoft)

– Maluuba (Canada, 2011, Sam 

Pasupalak and Kaheer Suleman 

- acquired in 2017 by Microsoft)

– MetaMind (Palo Alto, 2014 -

Richard Socher - acquired in 

2016 by Salesforce)
156
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The State of NLP in 2019

• Reading comprehension

• Translation

• Summarization

• Question-answering

157

Lead-3 = first three sentences of the document
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Speech Recognition
DARPA Challenges
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Speech Recognition
HMM-based speech recognition

• Bell Labs "mixture-density HMM” (1985)

• CMU’s Sphinx (1988)

• BBN’s Byblos (1989)

• SRI’s Decipher (1989)

Speech recognition datasets 

• CSR corpus 

• Switchboard corpus

DARPA’s ATIS (1989-94): speech recognition for air 

travel (ATIS): BBN, MIT, CMU, AT&T, SRI, etc. 
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Speech Recognition
1994: Nuance (future Apple Siri)

1995: Voice Signal Technologies (future Semantic 

Machines, Microsoft)

2000: MIT’s Pegasus for airline flights status and 

Jupiter for weather status/forecast 

2000: AT&T’s How May I Help You (HMIHY) for 

telephone customer care
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Speech Recognition
Hybrid HMM-DNN

• Hinton (2009): using a DNN for acoustic modeling 

(plus an HMM for modeling the sequence of speech)

• Microsoft (2011)
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Speech Recognition

Apple's Siri (2011)

Google's Now (2012)

Microsoft's Cortana (2013)

Wit.ai (acquired by Facebook in 2015)

Amazon's Alexa (2014)

SoundHound's Hound (2016)
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Speech Recognition

Removing the HMM

2014: Alex Graves' CTC/LSTM 

without HMM for speech 

recognition (but high error 

rate)
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Speech Recognition

Removing the HMM

2014: Andrew Ng's CTC/GRU  

without HMM (low error rate)

2015: LibriSpeech corpus

2015: Baidu's Deep Speech 2
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Speech Recognition

Baidu's Deep Speech 2
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Speech Recognition

2016: Microsoft achieves human parity

– Three kinds of convolutional nets for acoustic 

modeling

• VGG

• ResNet 

• LACE (layer-wise context expansion with 

attention)

– An LSTM for language modeling
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Speech Synthesis

1940: Homer Dudley‟s  vocoder (Britain)

1961: Louis Gerstman and Max Mathews 

program a computer to sings a song 

(Bell Labs)

1966: Ryunen Teranishi  and Noriko 

Umeda„s text-to-speech system (Japan)

1972: Cecil Coker‟s talking computer (Bell 

Labs)
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Speech Synthesis

Trivia (Coker‟s ventures into 

electronic music):

John Cage: Variation II (1966)

Bell Labs‟ 7", 33 ⅓ RPM record 

“Synthetic Voices For Computers” 

(1970)
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Speech Synthesis

1979: Dennis Klatt: MITalk (MIT)

1988: Francis Charpentier„s 

concatenative speech synthesis 

(France)

1995: Keiichi Tokuda „s HMM-based 

HTS (Japan)

1996: Alan Black‟s concatenative text-to-

speech (Japan)
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Speech Synthesis

• Voice morphing: Festvox (Alan Black, 

1997)
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Next…

• See http://www.scaruffi.com/singular for the 

index of this Powerpoint presentation and 

links to the other parts


