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NLP Topics
!

NLP Basics, Foundations, and Core Tasks:
!
!
!
!
!
!
!
!
!
!

!

Human-like Language Understanding and Generation:
!
!
!

!

Language Modeling
Part-of-speech tagging
Syntactic parsing: Constituent, Dependency, CCG, others
Coreference Resolution
Distributional Semantics: PMI, NNs, CCA
Compositional Semantics: Logical-form, Semantic Parsing, Vector-form
Question Answering: Factoid-based, Passage-based
Sentiment Analysis
Generation: Summarization, Dialogue Models
Machine Translation
Ambiguities: Attachment ambiguities, Coreference ambiguities
Non-literal: Metaphors/Idioms, Politeness, Sarcasm, Humor
Generating Non-literal/Ambiguous Language, Coherent and Intelligent Dialogue

Language and Vision: Image-Text Alignment, Language Disambiguation via Images, Image/
Video Captioning, Image/Video Question Answering, Text to Image Generation, Visual Story
Entailment

!

Language for Robotics: Instructions for Navigation, Articulation, Manipulation, Skill learning

!

Several interesting machine/deep learning models along the way, e.g., deep+structured
models, interpretable models, adversarial models, reward-based models (reinforcement learning)

What is NLP?
!

Question answering
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!

Dialogue / Email Smart Reply and Compose

(images credit: CNET, Fortune articles)

What is NLP?
!

Machine Translation

What is NLP?
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Sentiment Analysis

What is NLP?
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Natural Language Generation: Summarization
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Figure 1: Example of three consecutive utterances occurring between two Twitter users A and B.

However, an approach such as that presented in Ritter et al. (2011) does not address the challenge of
generating responses that are sensitive to the context

[Sordoni et al., 2015]

What is NLP?
!

Natural Language Generation: Image Captioning

[UToronto]
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Natural Language Generation: Video Captioning
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What is NLP?

Natural Language Generation: Visual Question Answering
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What color are her eyes?
What is the mustache made of?

How many slices of pizza are there?
Is this a vegetarian pizza?

Is this person expecting company?
What is just under the tree?

Does it appear to be rainy?
Does this person have 20/20 vision?

Fig. 1: Examples of free-form, open-ended questions collected for

[Antol et al., 2015]

What is NLP?
!

Automatic Speech Recognition

What is NLP?
!

Other Real-World Applications of Potential Interest to You:
!

Automatic Drug-Disease Relation Discovery

!

Automatic Analysis of Doctor’s Notes & Electronic Health Records

!

Summarization, Q&A on Large Encyclopedias / General Knowledge

!

Healthcare Old-Age Home / Personal Assistants

!

Visual and Speech Disability Assistance

!

Intelligent Tutoring

Some Exciting NLP Challenges
1) Human-like Language Understanding: metaphors/idioms, humor,
sarcasm, politeness/rudeness

2) Language Generation and Dialogue: document summarization, database
to language summary, coherent and intelligent conversation models

3) Grounded Language with Vision and Speech: image-text alignment,
language disambiguation via images, image/video captioning, image/video
question answering, text to image generation, visual story entailment

4) Embodied Language for Robotic Tasks: instructions for navigation,
articulation, manipulation, skill learning, commonsense for robotics

5) Machine Learning Models: deep+structured models, interpretable models,
adversarial models, reward-based models (reinforcement learning), lifelong
learning, transfer learning

Human-like Ambiguous Language
! Non-literal: Idioms, Metaphors

You:
Siri:

I am under the weather today.
Here is the weather today… 50 F

Human-like Ambiguous Language
! Non-literal: Idioms, Metaphors

Break a leg!

Human-like Ambiguous Language
! Humor, Sarcasm, Politeness/Rudeness

I bet I can stop
gambling!
Yeah, right!
Please do not …

Human-like Ambiguous Language
! Prepositional Attachment, Coreference Ambiguities

Clean the dishes
in the sink.

Human-like Ambiguous Language
! Prepositional Attachment, Coreference Ambiguities

Visually Grounded Language
! Text-Image Alignment: Most of our daily communication
language points to several objects in the visual world

Get the mug on the
table with black stripes.

Visually Grounded Language
! Visual Question Answering: Humans asking machines about
pictures/videos, e.g., for visually impaired, in remote/
dangerous scenarios, in household service settings

Is there milk in the
refrigerator?

Embodied Language (Robot Instructions)
! Task-based instructions, e.g., navigation, grasping,
manipulation, skill learning

Turn right at the
butterfly painting, then
go to the end of the hall

Embodied Language (Robot Instructions)
! Task-based instructions, e.g., navigation, grasping,
manipulation, skill learning

Cut some onions, and
add to broth, stir it

Grounded Language Generation/Dialogue
! Both for answering human questions, and to ask
questions back, and for casual chit-chat

What food is in the
refrigerator?

Apples and
oranges

Grounded Language Generation/Dialogue
! Both for answering human questions, and to ask
questions back, and for casual chit-chat

Crack the
window!

You mean open it
or break it?

Some NLP Basics and Core Tasks
!

Part-of-Speech Tagging

!

Syntactic Parsing: Constituent, Dependency, CCG, others

!

Coreference Resolution

!

Distributional Semantics: PMI, Neural, CCA

!

Compositional Semantics: Logical-form, Semantic Parsing, Vectorform, Neural (RNNs/CNNs)

!

Sentiment Analysis

!

Language Modeling

!

Machine Translation
My full NLP class slides available at:
http://www.cs.unc.edu/~mbansal/teaching/nlp-course-fall17.html

Part-of-Speech Tagging
! Tag sequence of words with syntactic categories (noun,
verb, preposition, …)
! Useful in itself:
!
!
!

Text-to-speech: read, lead, record
Lemmatization: saw[v] → see, saw[n] → saw
Shallow Chunking: grep {JJ | NN}* {NN | NNS}

! Useful for downstream tasks (e.g., in parsing, and as
features in various word/text classification tasks)
! Demos: http://nlp.stanford.edu:8080/corenlp/

Penn Treebank Tagset
CC
CD
DT
EX
FW
IN
JJ
JJR
JJS
MD
NN
NNP
NNPS
NNS
POS
PRP
PRP$
RB
RBR
RBS
RP
TO
UH
VB
VBD
VBG
VBN
VBP
VBZ
WDT
WP
WP$
WRB

conjunction, coordinating
numeral, cardinal
determiner
existential there
foreign word
preposition or conjunction, subordinating
adjective or numeral, ordinal
adjective, comparative
adjective, superlative
modal auxiliary
noun, common, singular or mass
noun, proper, singular
noun, proper, plural
noun, common, plural
genitive marker
pronoun, personal
pronoun, possessive
adverb
adverb, comparative
adverb, superlative
particle
"to" as preposition or infinitive marker
interjection
verb, base form
verb, past tense
verb, present participle or gerund
verb, past participle
verb, present tense, not 3rd person singular
verb, present tense, 3rd person singular
WH-determiner
WH-pronoun
WH-pronoun, possessive
Wh-adverb
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Assumptions:
! Trigram
HMM: states = tag-pairs
States are tag n grams
Usually a dedicated start and end state / word
! Estimating
Transitions: Standard smoothing w/ backoff
Tag/state sequence is generated by a markov model
Words are chosen independently, conditioned only on the tag/state
! Estimating
Emissions: Use unknown word classes (affixes,
These are totally broken assumptions: why?

shapes) and estimate P(t|w) and invert
! Inference: choose most likely (Viterbi) sequence under model
[Brants, 2000]

Syntactic Parsing -- Constituent
! Phrase-structure parsing or Bracketing
S
VP

NP
NNP
John

VBD
met

NP
PRP
her

! Demos: http://tomato.banatao.berkeley.edu:8080/parser/parser.html

Probabilistic Context-free Grammars
! A context-free grammar is a tuple <N, T, S, R>
N : the set of non-terminals
Phrasal categories: S, NP, VP, ADJP, etc.
Parts-of-speech (pre-terminals): NN, JJ, DT, VB

T : the set of terminals (the words)
S : the start symbol
Often written as ROOT or TOP
Not usually the sentence non-terminal S

R : the set of rules
Of the form X → Y1 Y2 … Yk, with X, Yi ∈ N
Examples: S → NP VP, VP → VP CC VP
Also called rewrites, productions, or local trees

Probabilistic Context-free Grammars
! A PCFG:
!

Adds a top-down production probability per rule P(Y1 Y2 … Yk |
X)

!

Allows us to find the ‘most probable parse’ for a sentence

!

The probability of a parse is just the product of the
probabilities of the individual rules

CKY Parsing Algorithm (Bottom-up)
bestScore(s)
X
for (i : [0,n-1])
for (X : tags[s[i]])
Y
Z
score[X][i][i+1] = tagScore(X,s[i])
for (diff : [2,n])
for (i : [0,n-diff])
i
k
j
j = i + diff
for (X->YZ : rule)
for (k : [i+1, j-1])
score[X][i][j] = max{score[X][i][j], score(X->YZ)
*score[Y][i][k]
*score[Z][k][j]}

[Cocke, 1970; Kasami, 1965; Younger, 1967]

Syntactic Parsing -- Dependency
! Predicting directed head-modifier relationship pairs
prep
num
dobj

raising

num

$

30

pobj

million

from

! Demos: http://nlp.stanford.edu:8080/corenlp/

debt

Visual Recognition Cues
! Joint parsing and image recognition

the mug on the table with a crack

[Christie et al., 2016]

Visual Recognition Cues
! Joint parsing and image recognition

the mug on the table with a crack
red chair and table
light green table
[Christie et al., 2016]

Coreference Resolution

President Barack Obama received the Serve America
Act after congress’ vote. He signed the bill last
Thursday. The president said it would greatly increase
service opportunities for the American people.
! Mentions to entity/event clusters
! Demos: hDp://nlp.stanford.edu:8080/corenlp/process

Mention-pair Models
Pair-wise classification approach:

President Barack Obama received the Serve America Act after congress’

a3

a2

a1

vote . He signed the bill …

m

A(m)

(a1, m)

Features f

Pair-wise
classifier

wTf

coref(a1, m)

[Soon et al. 2001, Ng and Cardie 2002; Bengtson and Roth, 2008; Stoyanov et al., 2010]

Mention-pair Model
For each mention m,

m

[Soon et al. 2001, Ng and Cardie 2002; Bengtson and Roth, 2008; Stoyanov et al., 2010]

Standard features
NPi

Type

Feature

LEXICAL

SOON_STR

GRAMMATICAL

POSITIONAL

Description
Do the strings match after removing determiners ?

NUMBER

Do NPi and NPj agree in number ?

GENDER

Do NPi and NPj agree in gender ?

APPOSITIVE
SEMANTIC

NPj

WORDNET_CLASS
ALIAS
SENTNUM

Are the NPs in an appositive relationship ?
Do NPi and NPj have the same WordNet class ?
Is one NP an alias of the other ?
Distance between the NPs in terms of # of sentences

! Weaknesses: All pairs, Transitivity/Independence errors
(He – Obama – She), Insufficient info ! Entity-Centric Models
[Soon et al. 2001, Ng and Cardie 2002; Bengtson and Roth, 2008; Stoyanov et al., 2010]

What are you talking about? Text-to-Image Coreference

1

Visual Cues for Coreference

Dahua Lin3
Mohit Bansal3
Raquel Urtasun2,3
Sanja Fidler2,3
1
Tsinghua University, 2 University of Toronto, 3 TTI Chicago

tsinghua.edu.cn, {dhlin,mbansal}@ttic.edu,{fidler,urtasun}@cs.toronto.edu

! Joint coreference and 3D image recognition
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object class
scene
color
size

precision
94.7%
85.7%
64.2%
55.8%

recall
94.2%
85.7%
93.0%
96.0%

F-measure
94.4%
85.7%
75.9%
70.6%

Table 3. Parser accuracy (based on Stanford’s parser [31])

Figure 1. Our model uses lingual descriptions (a string of dependent sentences) to improve
visual scene parsing as well
MUC
B3 as to determine whichprecision
visual objects
the text
to. We
also deal
Method
recall
F1is referring
precision
recall
F1
with coreference within text (e.g., pronouns like “it” or “them”).

Stanford [15] 61.56 62.59 62.07 75.05 76.15 75.59
Ours
83.69 51.08 63.44 88.42 70.02 78.15
system
for the deployment
of [15]
suchand
systems.
To date,
Tableis4.key
Co-reference
accuracy of
our model.
however, attempts to utilize more complex natural descrip[Kong,
Lin, of
Bansal,
tions are rare. This is due to the inherent
difficulties
both

Urtasun, and Fidler, 2014]

Compositional Semantics I: Logic form
! Logic-form based, Semantic Parsing
! Useful for Q&A, IE, grounding, comprehension tasks
(summarization, reading tasks)
! A lot of focus has been on KB-based Question
Answering in this direction

Question Answering
! Initial approaches to Q&A: pattern matching, pattern
learning, query rewriting, information extraction
! Next came a large-scale, open-domain IE system like
IBM Watson

Articles

[Ferrucci et al., 2010]

Deep Q&A: Semantic Parsing
! Complex, free-form, multi-clause questions

Deep Q&A: Semantic Parsing
! Complex, free-form, multi-clause questions

Semantic Parsing: Logic forms
Parse tree with associated
! Parsing with logic (booleans, individuals, functions) and
semantics
lambda forms

Sentence
loves(john,mary)

Noun Phrase
john
Name
john
“John”
john

Verb Phrase
λx.loves(x,mary)
Verb
λy.λx.loves(x,y)
“loves”
λy.λx.loves(x,y)

Noun Phrase
Name
mary
“Mary”
mary

[Wong and Mooney, 2007; Zettlemoyer and Collins, 2007; Poon and Domingos, 2009;
Artzi and Zettlemoyer, 2011, 2013; Kwiatkowski et al., 2013; Cai and Yates, 2013;
Berant et al., 2013; Poon 2013; Berant and Liang, 2014; Iyyer et al., 2014]
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Semantic Parsing on Freebase
Occidental College, Columbia University

Execute on Database

Type.University u Education.BarackObama
Type.University

bridging
Education

alignment
BarackObama

alignment

Which
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?

Mapping questions to answers via latent logical forms. To narrow down the logical
predicate space, they use a (i) coarse alignment based on Freebase and a text corpus and
Figure
1: Our
is topredicates
map questions
viapredicates.
la(ii) a bridging
operation
that task
generates
compatible to
withanswers
neighboring

tent logical forms. To narrow down the space of logical
predicates, we use a (i) coarse alignment based on[Berant
Free-et al., 2013]

Compositional Semantics II: NNs
! Composing, combining word vectors to representations
for longer units: phrases, sentences, paragraphs, …
! Initial approaches: point-wise sum, multiplication
[Mitchell and Lapata, 2010; Blacoe and Lapata, 2012]

! Vector-matrix compositionality [Baroni and Zamparelli, 2010;
Zanzotto et al., 2010; Grefenstette and Sadrzadeh, 2011; Socher et al., 2011;
Yessenalina and Cardie, 2011]

! Linguistic information added via say parses in RvNNs
[Socher et al., 2011b, 2012, 2013a, 2013b, 2014; Hermann and Blunsom, 2013]

! Now: Sequential RNNs (with GRU/LSTM gates)
(Simple vector averaging w/ updating sometimes competitive)

First: Distributional Semantics
!

Words occurring in similar context have similar linguistic
behavior (meaning) [Harris, 1954; Firth, 1957]
food

!

Traditional approach: context-counting vectors
!

Count left and right context in window

!

Reweight with PMI or LLR

!

Reduce dimensionality with SVD or NNMF

0.6
-0.2
0.9
0.3
-0.4
0.5

[Pereira et al., 1993; Lund & Burgess, 1996; Lin, 1998; Lin and Pantel, 2001;
Sahlgren, 2006; Pado & Lapata, 2007; Turney and Pantel, 2010; Baroni and
Lenci, 2010]

!

More word representations: hierarchical clustering based on
bigram LM LL
root
[Brown et al., 1992]
nmod
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Figure 1: An example of a labeled dependency tree. The
tree contains a special token “*” which is always the root
of the tree. Each arc is directed from head to modifier and
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Figure 2: An example of a Brown word-cluster hierarchy.
Each node in the tree is labeled with a bit-string indicating the path from the root node to that node, where 0

Unsupervised Embeddings
!

Vector space representations learned on unlabeled linear context
(i.e., left/right words): distributional semantics (Harris, 1954; Firth, 1957)

Skipgram word2vec
[Mikolov et al., 2013]

INPUT

PROJECTION

OUTPUT

w(t-2)
w(t-1)
w(t)
w(t+1)
w(t+2)
Few mins. vs. days/weeks/months!!

context
window
w
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of the Skip-gram
model is Objective
to find word representations
that are us
Skip-gram
word2vec
Function
ting the surrounding words in a sentence or a document. More formally, given a sequ
et al., 2013]
g words w1 , w2 , w3 , . . . , wT , the objective of the Skip-gram model[Mikolov
is to maximize
the
! Objective of Skip-gram model is to max. the avg. log probability:
obability
T
1!
T t=1

!

log p(wt+j |wt )

−c≤j≤c,j̸=0

c is the size of the training context (which can be a function of the center word wt )
lts in !more
training examples and thus can lead to a higher accuracy, at the expens
The above conditional probability is defined via the softmax function:

ning time. The basic Skip-gram formulation defines p(wt+j |wt ) using the softmax function:
!
"
⊤
′
exp
2 vwO vwI
!
"
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W
⊤
′
w=1 exp vw vwI

′
ere vw and vw
are the “input” and “output” vector representations of w, and W is the nu
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the formulation
“input” and is
“output”
vector
representations
of words in the vocabulary.
impractical
because
the cost of computi
5
7
w, and W is the number of words in the vocabulary
og p(wO |wof
I ) is proportional to W , which is often large (10 –10 terms).

Hierarchical Softmax

Analogy Properties Learned
[Mikolov et al., 2013]

Figure 2: Left panel shows vector offsets for three word
pairs illustrating the gender relation. Right panel shows
a different projection, and the singular/plural relation for
two words. In high-dimensional space, multiple relations
can be embedded for a single word.

Method
LSA-80
LSA-320
LSA-640
RNN-80
RNN-320
RNN-640
RNN-1600

Table 2: Resu
different word

Method

Analogy Properties Learned
[Mikolov et al., 2013]
Country and Capital Vectors Projected by PCA
2
China
Beijing
1.5

Russia
Japan
Moscow
Tokyo
Ankara

1
Turkey
0.5
Poland
Germany
France

0

Warsaw
Berlin
Paris

Italy

-0.5

Athens
Rome

Greece
-1

Spain

-1.5

Portugal

Madrid
Lisbon

-2
-2

-1.5

-1

-0.5

0

0.5

1

1.5

2

Figure 2: Two-dimensional PCA projection of the 1000-dimensional Skip-gram vectors of countries and their
capital cities. The figure illustrates ability of the model to automatically organize concepts and learn implicitly
the relationships between them, as during the training we did not provide any supervised information about
what a capital city means.

Analogy Properties Learned
[Mikolov et al., 2013]

New York
San Jose
Boston
Phoenix
Detroit
Oakland
Austria
Belgium
Steve Ballmer
Samuel J. Palmisano

Newspapers
New York Times
Baltimore
San Jose Mercury News
Cincinnati
NHL Teams
Boston Bruins
Montreal
Phoenix Coyotes
Nashville
NBA Teams
Detroit Pistons
Toronto
Golden State Warriors
Memphis
Airlines
Austrian Airlines
Spain
Brussels Airlines
Greece
Company executives
Microsoft
Larry Page
IBM
Werner Vogels

Baltimore Sun
Cincinnati Enquirer
Montreal Canadiens
Nashville Predators
Toronto Raptors
Memphis Grizzlies
Spainair
Aegean Airlines
Google
Amazon

Table 2: Examples of the analogical reasoning task for phrases (the full test set has 3218 examples).
The goal is to compute the fourth phrase using the first three. Our best model achieved an accuracy
of 72% on this dataset.
This way, we can form many reasonable phrases without greatly increasing the size of the vocabulary; in theory, we can train the Skip-gram model using all n-grams, but that would be too memory

Analogy
Properties
Learned
NEG-15 with
10 subsampling HS
with 10 subsampling
−5

Vasco de Gama
Lake Baikal
Alan Bean
Ionian Sea
chess master

Lingsugur
Great Rift Valley
Rebbeca Naomi
Ruegen
chess grandmaster

−5

Italian explorer
Aral Sea [Mikolov et al., 2013]
moonwalker
Ionian Islands
Garry Kasparov

Table 4: Examples of the closest entities to the given short phrases, using two different models.
Czech + currency
koruna
Check crown
Polish zolty
CTK

Vietnam + capital
Hanoi
Ho Chi Minh City
Viet Nam
Vietnamese

German + airlines
airline Lufthansa
carrier Lufthansa
flag carrier Lufthansa
Lufthansa

Russian + river
Moscow
Volga River
upriver
Russia

French + actress
Juliette Binoche
Vanessa Paradis
Charlotte Gainsbourg
Cecile De

Table 5: Vector compositionality using element-wise addition. Four closest tokens to the sum of two
vectors are shown, using the best Skip-gram model.
To maximize the accuracy on the phrase analogy task, we increased the amount of the training data
by using a dataset with about 33 billion words. We used the hierarchical softmax, dimensionality
of 1000, and the entire sentence for the context. This resulted in a model that reached an accuracy
of 72%. We achieved lower accuracy 66% when we reduced the size of the training dataset to 6B
words, which suggests that the large amount of the training data is crucial.
To gain further insight into how different the representations learned by different models are, we did
inspect manually the nearest neighbours of infrequent phrases using various models. In Table 4, we
show a sample of such comparison. Consistently with the previous results, it seems that the best
representations of phrases are learned by a model with the hierarchical softmax and subsampling.

Compositional Semantics II: NNs
! Feed-forward NNs with back-propagation
Softmax (= logistic regression) is not very powerful
• Softmax only linear decision boundaries

•

à Lame when problem
is complex

•

Wouldn’t it be cool to
get these correct?
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Compositional Semantics II: NNs
! Feed-forward NNs with back-propagation

Neural Nets for the Win!
• Neural networks can learn much more complex
functions and nonlinear decision boundaries!
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Compositional Semantics II: NNs
! Feed-forward NNs with back-propagation
A neuron is essentially a binary logistic regression unit

T

hw,b (x) = f (w x + b)

b: We can have an “always on”
feature, which gives a class prior,
or separate it out, as a bias term

1
f (z) =
1+ e−z

33

w, b are the parameters of this neuron
i.e., this logistic regression model

Compositional Semantics II: NNs
! Feed-forward NNs with back-propagation
A neural network
= running several logistic regressions at the same time
Before we know it, we have a multilayer neural network….

Compositional Semantics II: NNs
! Feed-forward NNs with back-propagation

Training with Backpropagation
• Let’s consider the derivative of a single weight Wij

• This only appears inside ai

U2

s

• For example: W23 is only
used to compute a2

a1

a2

W23
b2

x1
19

x2

x3

+1

Syntactically Recursive NNs
root

nsubj

!

det

dobj

partmod

det

prep
prep

pobj
poss

pobj
det

Socher
et al.,
2013a,
2014:
RvNNs
on
constituent
and
dependency
A
man
wearing
a
helmet
jumps
on
his
bike
near
a
beach
parse trees

Figure 2: Example of a full dependency tree for a longer sentence. The DT-RNN will compute vector representations
at every word that represents that word and an arbitrary number of child nodes. The final representation is computed
at the root node, here at the verb jumps. Note that more important activity and object words are higher up in this tree
structure.
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Figure 3: Example of a DT-RNN tree structure for computing a sentence representation in a bottom up fashion.

dency tree for this sentence can be summarized by
the following set of (child, parent) edges: d =
{(1, 2), (2, 0), (3, 2), (4, 2), (5, 4)}.
The DT-RNN model will compute parent vectors
at each word that include all the dependent (chil-

Recurrent Neural Networks!
Recurrent NNs
• ! RNNs
tie the weights at each time step
Recurrent NNs (RNNs) are non-tree, sequential versions of
recursive RvNNs

• Condition the neural network on all previous words
!

Weights tied together for each time step

• ! RAM
requirement only scales with number of words
Loss function on identity of predicted word at each time step
yt−1

yt

ht−1

xt−1

9

yt+1
ht+1

ht
W

W

xt

xt+1
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LSTM RNNs
!

LSTM (Long short term memory) RNNs have gates for forgetting,
allowing learning of longer-term connections by avoiding vanishing/
exploding gradients

hj =

annot

Forget gate

Input gate

Output gate

c
Memory cell

Figure 3: Long Short-term Memory (LSTM) unit.
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Character RNNs
!
!

Can directly process each character as a unit!
Helps learn prefixes, stems, suffixes (form vs. function, rare/
unseen words, etc.)

http://karpathy.github.io/2015/05/21/rnn-effectiveness/

RNN Generations
!

Automatically generate Shakespeare from RNNs!

http://karpathy.github.io/2015/05/21/rnn-effectiveness/

RNN Generations
!

Automatically generate Wikipedia-style text from RNNs!

http://karpathy.github.io/2015/05/21/rnn-effectiveness/

RNN Generations
!

Automatically generate source code from RNNs!

http://karpathy.github.io/2015/05/21/rnn-effectiveness/

Various Applications of such RNNs
! Classification: Sentiment Analysis
! Language Modeling
! Generation: End-to-end Machine Translation
! Others: Parsing, Captioning, Summarization, Q&A,
Dialogue
! Demos: hDp://deeplearning.net/demos/,

hDp://cs.stanford.edu/people/karpathy/deepimagesent/rankingdemo/,
hDps://www.metamind.io/

Recent: Transformers!

[Vaswani et al., 2017]

Recent: Transformers!

Recent: Transformers!

!

More samples/models at: https://openai.com/blog/better-language-models/
[Radford et al., 2019]

Thanks!
Check out more details at http://www.cs.unc.edu/~mbansal/
and feel free to ping me!
My Fall 2017 NLP class slides available at:
http://www.cs.unc.edu/~mbansal/teaching/nlp-course-fall17.html

