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Announcements
• Final exam: same format as the midterm, just 

longer 

• Same cheat sheet specification as for the midterm 
(one 8.5x11” page, double-sided) 

• Practice exam questions out next Wednesday 12/6 

• NLP seminar write-up due tomorrow 12/1 (if you 
choose to do it)



How do you go out and solve new 
problems involving text?



1. Language has structure



“I hated this movie. Hated hated hated 
hated hated this movie. Hated it. Hated 
every simpering stupid vacant audience-
insulting moment of it. Hated the 
sensibility that thought anyone would like 
it.”

“… is a film which still causes real, not figurative, 
chills to run along my spine, and it is certainly the 

bravest and most ambitious fruit of Coppola's genius”

Roger Ebert, North

Roger Ebert, Apocalypse Now



Bag of 
words

Apocalypse  
now North

the 1 1

of 0 0

hate 0 9

genius 1 0

bravest 1 0

stupid 0 1

like 0 1

…

Representation of text 
only as the counts of 
words that it contains



Language model

“Hillary Clinton seemed to add Benghazi to her 
already-long list of culprits to blame for her upset loss 
to Donald ________”

http://www.foxnews.com/politics/2017/09/13/clinton-laments-how-benghazi-tragedy-hurt-her-politically.html



POS tagging

Fruit flies like a banana Time flies like an arrow
NNNNNN NN

VBZ

VBP

VB

JJ

IN

DT

LS

SYM

FW

NNP

VBP

VB

JJ

IN

NN

VBZ

NNDT

Labeling the tag that’s correct 
for the context.

(Just tags in evidence within the Penn Treebank — more are possible!)



Word senses

original It urged that the city take steps to remedy this problem

lemma sense It urge1 that the city2 take1 step1 to remedy1 this problem2

synset number It urge2:32:00 that the city1:15:01 take2:41:04 step1:04:02 to remedy2:30:00 this 
problem1:10:00



Supersense tagging

The station wagons arrived at noon, a long shining line  

that coursed through the west campus. 

artifact artifact motion time group

motion locationlocation

Noun supersenses (Ciarmita and Altun 2003)



Doris gave the book to Cary 

Doris gave Cary the book

Agent

Agent

Theme Goal

ThemeGoal

Thematic roles
• The thematic roles for verbs generally are predictable by 

the syntactic position of the argument (specific to each 
verb class).  Some allow for consistent alternations:

SLP3



Phrase-structure syntax
Every internal node is a phrase 

• my pajamas 
• in my pajamas 
• elephant in my pajamas 
• an elephant in my pajamas 
• shot an elephant in my pajamas 
• I shot an elephant in my pajamas

Each phrase could be 
replaced by another of the 
same type of constituent



Dependency syntax



I bought a car from you

BUYER GOODS SELLER

nsubj

dobj

det

prep

pobj

You sold a car to me

SELLER GOODS BUYER

nsubj

dobj

det

prep

pobj

Two different 
perspectives on a 
commercial transaction

Semantic Frame



Compositional semantics

Utah borders Idaho

NP 
idaho

(S\NP)/NP 
λx.λy(borders(y,x)

NP 
utah

S\NP 
λy(borders(y,idaho)

S 
borders(utah,idaho)



Discourse structure

• John hid Bill’s car keys.  He was drunk 

• John hid Bills car keys.  He likes spinach.

BECAUSE



With its 
distant orbit,

Mars 
experiences 
frigid 
weather.

Surface 
temperature
s average 
-60 C

and can dip 
to -123 C

Only the 
midday sun at 
tropical 
latitudes is 
warm enough

to thaw the 
ice

background list purpose

elaboration

evidence

Arrows are directed from nucleus to satellite (undirected edges are nuclei)



Coreference



Information extraction

• Who is on the current roster of every NFL team? 

• If there are trades between teams, when and who 
was involved?



2. Most new problems can solved 
with a familiar class of algorithms



• Classification 

• Sequence labeling 

• Trees 

• Graphs

• Counting and 
normalizing (NB, 
PCFG, HMM) 

• Loglinear (logistic 
regression, MEMM, 
CRF) 

• Neural (CNN, RNN, 
LSTM, seq2seq)



classification



Bayes’ Rule

P (Y = y|X = x) =
P (Y = y)P (X = x|Y = y)P
y P (Y = y)P (X = x|Y = y)

Prior belief that Y = positive  
(before you see any data)

Likelihood of “really really the 
worst movie ever” 

given that Y= positive

This sum ranges over  
y=positive + y=negative 

(so that it sums to 1)
Posterior belief that Y=positive given that  

X=“really really the worst movie ever”



Naive Bayes training

P (Y = y|X = x) =
P (Y = y)P (X = x|Y = y)P
y P (Y = y)P (X = x|Y = y)

Training a Naive Bayes classifier consists of estimating 
these two quantities from training data for all classes y

At test time, use those estimated probabilities to 
calculate the posterior probability of each class y 
and select the class with the highest probability



Independence Assumption

P(x1, x2, x3, x4, x6, x7 | c) = P(x1 | c)P(x2 | c) . . .P(x7 | c)

P(xi...xn | c) =
N�

i=1
P(xi | c)

We will assume the features are independent:

really really the worst movie ever
x1 x2 x3 x4 x5 x6



Logistic regression

Y = {0, 1}output space

P(y = 1 | x, β) =
1

1 + exp
�
�

�F
i=1 xiβi

�



Feature Value

the 0

and 0

bravest 0

love 0

loved 0

genius 0

not 0

fruit 1

BIAS 1

x = feature vector

27

Feature β

the 0.01

and 0.03

bravest 1.4

love 3.1

loved 1.2

genius 0.5

not -3.0

fruit -0.8

BIAS -0.1

β = coefficients



• As a discriminative classifier, logistic 
regression doesn’t assume features 
are independent like Naive Bayes 
does. 

• Its power partly comes in the ability 
to create richly expressive features 
with out the burden of independence. 

• We can represent text through 
features that are not just the identities 
of individual words, but any feature 
that is scoped over the entirety of the 
input.

28

features

contains like

has word that shows up in 
positive sentiment 

dictionary

review begins with “I like”

at least 5 mentions of 
positive affectual verbs 

(like, love, etc.)

Features



W V

we can express y as a function only of the input x and the weights W and V

x1

h1

x2

x3

h2

y

ŷ = σ
�
V1

�
σ

� F�

i
xiWi,1

��
+ V2

�
σ

� F�

i
xiWi,2

���



h1

h2

h3

Convolutional 
networksx1

x2

x3

x4

x5

x6

x7

W

x

h

h1 = �(x1W1 + x2W2 + x3W3)

h2 = �(x3W1 + x4W2 + x5W3)

h3 = �(x5W1 + x6W2 + x7W3)

I

hated

it

I

really

hated

it

h1=f(I, hated, it)

h3=f(really, hated, it)

h2=f(it, I, really)



Pooling7

3

1

9

2

1

0

5

3

• Down-samples a layer by 
selecting a single point 
from some set 

• Max-pooling selects the 
largest value

7

9

5



Zhang and Wallace 2016, “A Sensitivity 
Analysis of (and Practitioners’ Guide to) 

Convolutional Neural Networks for 
Sentence Classification”



sequences



Sequence labeling

• For a set of inputs x with n sequential time steps, one 
corresponding label yi for each xi 

• Model the structure that exists between within y

x = {x1, . . . , xn}

y = {y1, . . . , yn}



HMM

P (x1, . . . , xn, y1, . . . , yn) �
n+1�

i=1

P (yi | yi�1)
n�

i=1

P (xi | yi)



P (y) = P (y1, . . . , yn)

P (y1, . . . , yn) �
n+1�

i=1

P (yi | yi�1)

Hidden Markov Model

Prior probability of label 
sequence

• We’ll make a first-order Markov assumption and calculate the 
joint probability as the product the individual factors 
conditioned only on the previous tag.



P (x | y) = P (x1, . . . , xn | y1, . . . , yn)

P (x1, . . . , xn | y1, . . . , yn) �
N�

i=1

P (xi | yi)

Hidden Markov Model

• Here again we’ll make a strong assumption: the probability of 
the word we see at a given time step is only dependent on its 
label



MEMM

arg max
y

n�

i=1

P (yi | yi�1, x)

arg max
y

P (y | x,�)General maxent form

Maxent with first-order Markov 
assumption: Maximum Entropy 

Markov Model



MEMM

NNP

Mr.

NNP

Collins

VB

was

RB

not

DT

a

JJ

sensible

NN

man



Features

f(ti, ti�1; x1, . . . , xn)

Features are scoped over 
the previous predicted 

tag and the entire 
observed input

feature example

xi = man 1

ti-1 = JJ 1

i=n (last word of 
sentence) 1

xi ends in -ly 0



MEMM Training
n�

i=1

P (yi | yi�1, x, �)

Locally normalized — at each time step,  
each conditional distribution sums to 1



Conditional random fields
• We can solve this problem using global 

normalization (over the entire sequences) rather 
than locally normalized factors.

P (y | x,�) =
exp(�(x, y)��)�

y��Y exp(�(x, y�)��)

P (y | x,�) =
n�

i=1

P (yi | yi�1, x, �)MEMM

CRF



• For POS tagging, predict the tag conditioned on the 
context

Recurrent neural network

The into town

DT NN VBD IN NN

dog ran



Bidirectional RNN
• A powerful alternative is make predictions 

conditioning both on the past and the future. 

• Two RNNs  

• One running left-to-right 
• One right-to-left 

• Each produces an output vector at each time step, 
which we concatenate



sequence labeling problems?



Supertagging
• The CCG lexicon + very small set of combinators 

dictates the overall parse for a sentence. 

• The base categories in CKY for syntactic parsing are 
POS tags (~45 in PTB) 

• The base categories in CKY for CCG parsing are the 
lexical rules (~1,363 in CCGBank) 

• This blows up the complexity of parsing; supertagging 
reduces the lexical categories to a much small reset by 
predicting the likeliest tags in context.



I shot an elephant in my pajamas

(NP\NP)/NP 
((S\NP)\(S\NP))/
NP 
PP/NP 
(S/S)/NP 
(S\NP)\(S\NP) 
((S\NP)/(S\NP))/
NP 
((S\NP)\(S\NP))/
(S[ng]\NP) 
(((S\NP)\(S\NP))\
((S\NP)\(S\NP)))/
NP 
(NP\NP)/(S[ng]
\NP) 
((S[adj]\NP)\
(S[adj]\NP))/NP 
PP/(S[ng]\NP) 
(S\S)/NP 
(PP\PP)/NP 
(((S\NP)\(S\NP))/
(S[to]\NP))/N 
S[adj]\NP 
((NP\NP)\
(NP\NP))/NP 
(NP\NP)/(S[adj]
\NP) 
… 

(N\N)/NP 

(NP\NP)/N 
(S/S)\(S/S) 
N/N 
NP[nb]/N 
NP\NP

NN 
N/N

NP[nb]/N 
(NP\NP)/N 
((S\NP)\(S\NP))/N 
(((S\NP)\(S\NP))\((S\NP)\(S\NP)))/N 
N/N 
NP/NP 
((S\NP)\(S\NP))/((S\NP)\(S\NP)) 
(N/N)/(N/N) 
(S[qem]/(S[dcl]/NP))/N 
((S/S)\(S/S))/N 
(S\S)/N 
, 
NP

N 
(S[dcl]\NP)/NP 
S[dcl]\NP 
S[pss]\NP 
(S[pss]\NP)/NP

NP 
N 
N/N 
N\N



I shot an elephant in my pajamas

(NP\NP)/NP 
((S\NP)\(S\NP))/
NP 
PP/NP

(NP\NP)/N NN

NP[nb]/N 
(NP\NP)/N 

(S[dcl]\NP)/NP NP 
N 



Supervised WSD

• We have labeled training data; let’s learn from it. 

• Decision trees (Yarowsky 1994) 

• Naive Bayes, log-linear classifiers, support vector 
machines (Zhong and Ng 2010) 

• Bidirectional LSTM (Raganato et al. 2017)



trees



PCFG
• Probabilistic context-free grammar: each 

production is also associated with a probability. 

• This lets us calculate the probability of a parse for a 
given sentence; for a given parse tree T for 
sentence S comprised of n rules from R (each A → 
β):

P (T, S) =
n�

i

P (� | A)



Estimating PCFGs
�

�

P (� | A) =
C(A � �)�
� C(A � �)

�

�

P (� | A) =
C(A � �)

C(A)

(equivalently)



A β P(β | NP)
NP → NP PP 0.092
NP → DT NN 0.087
NP → NN 0.047
NP → NNS 0.042
NP → DT JJ NN 0.035
NP → NNP 0.034
NP → NNP NNP 0.029
NP → JJ NNS 0.027
NP → QP -NONE- 0.018
NP → NP SBAR 0.017
NP → NP PP-LOC 0.017
NP → JJ NN 0.015
NP → DT NNS 0.014
NP → CD 0.014
NP → NN NNS 0.013
NP → DT NN NN 0.013
NP → NP CC NP 0.013



Dependency parsing
• Transition-based parsing 

• O(n) 
• Only projective structures (pseudo-projective [Nivre 

and Nilsson 2005]) 

• Graph-based parsing 

• O(n2) 
• Projective and non-projective trees



Transition-based parsing

• Basic idea: parse a sentence into a dependency 
by training a local classifier to predict a parser’s 
next action from its current configuration.



Configuration

• Stack 

• Input buffer of words 

• Arcs in a parsed dependency tree 

• Parsing = sequences of transitions through space 
of possible configurations



• This is a multi class 
classification problem: 
given the current 
configuration — i.e., the 
elements in the stack, 
the words in the buffer, 
and the arcs created so 
far, what’s the best 
transition?

Shift

LeftArc(nsubj)

RightArc(nsubj)

LeftArc(det)

RightArc(det)

LeftArc(obj)

RightArc(obj)

…

Output space 𝓨 = 



Features are scoped over the stack, 
buffer, and arcs created so far

feature example

stack1 = me 1

stack2 = book 1

stack1 POS = PRP 1

buffer1 = the 1

buffer2 = morning 1

buffer1 = today 0

buffer1 POS = RB 0

stack1 = me AND 
stack2 = book 1

stack1 = PRP AND 
stack2 = VB 1

iobj(book,*) in arcs 0

book
me

stack

the morning flight

buffer

arc



feature example β

stack1 = me 1 0.7

stack2 = 
book 1 1.3

stack1 POS = 
PRP 1 6.4

buffer1 = the 1 -1.3

buffer2 = 
morning 1 -0.07

buffer1 = 
today 0 0.52

buffer1 POS = 
RB 0 -2.1

stack1 = me 
AND stack2 = 

book

1 0

stack1 = PRP 
AND stack2 = 

VB

1 -0.1

iobj(book,*) 
in arcs 0 3.2

Use any multiclass classification 
model 

• Logistic regression 
• SVM 
• NB 
• Neural network



Training

Configuration features Label

<stack1 = me, 1>, <stack2 = book, 1>, <stack1 POS = PRP, 
1>, <buffer1 = the, 1>, Shift

<stack1 = me, 0>, <stack2 = book, 0>, <stack1 POS = PRP, 
0>, <buffer1 = the, 0>, RightArc(det)

<stack1 = me, 0>, <stack2 = book, 1>, <stack1 POS = PRP, 
0>, <buffer1 = the, 0>, RightArc(nsubj)

We’re training to predict the parser action 
(Shift, RightArc, LeftArc) given the 

featurized configuration



With its 
distant orbit,

Mars 
experiences 
frigid 
weather.

Surface 
temperature
s average 
-60 C

and can dip 
to -123 C

Only the 
midday sun at 
tropical 
latitudes is 
warm enough

to thaw the 
ice

background list purpose

elaboration

evidence

Arrows are directed from nucleus to satellite (undirected edges are nuclei)

RST



RST parsing

• Shift-reduce (Marcu 1999, Sagae 2009) 

• Neural-network shift reduce (Ji and Eisenstein 
2014) 

• Recursive neural network (Li et al. 2014)



stack action

Shift: Remove EDU from 
front of input buffer and 
push it onto stack 

Reduce(label): assert 
relation between subtree at 
stack1 and subtree at stack2: 
remove stack1 and stack2 
from stack; create a new 
subtree from stack1 and 
stack2 and place it onto the 
stack

Surface 
temperatures 
average -60 C

and can dip to 
-123 C

list

With its distant 
orbit,

background

Mars 
experiences 
frigid weather.

RST parsing



Learning from logical forms

• We can train a semantic parser in a number of 
ways: 

• Full derivational trees (CCGBank) 
• Logical forms (Zettlemoyer and Collins 2005) 
• Denotations (Berant et al. 2013)



Summarization



3. Neural methods are generally* better



Zhang and Wallace 2016, “A Sensitivity 
Analysis of (and Practitioners’ Guide to) 

Convolutional Neural Networks for 
Sentence Classification”



Goldberg 2017



How are you

0.8

-0.13

-0.78

1.78

3.2

0.1

0.20

0.31

-1.4

0.8

0.5

0.3

-0.7

3.2

0.1

0.5

0.3

-0.7

3.2

0.1

I’mEOS

I’m fine



Lexical semantics

“You shall know a word by the company it keeps”  
                                            [Firth 1957]



Distributed representation

• Vector representation that encodes information 
about the distribution of contexts a word appears in 

• Words that appear in similar contexts have similar 
representations (and similar meanings, by the 
distributional hypothesis).



x

y

cat puppy

dog

wrench

screwdriver



Raganato et al. 2017



Natural language inference

Bowman et al. 2016



4. Evaluation is critical



Experiment design
training development testing

size 80% 10% 10%

purpose training models model selection
evaluation; 

never look at it 
until the very 

end



Metrics
• Perplexity 

• Accuracy  

• Precision/recall/F1 

• Parseval (P/R/F1 over labeled constituents) 

• Correlation with human judgments 

• B3 

• BLEU



Significance

0.0

0.1

0.2

0.3

0.4

-4 -2 0 2 4
z

de
ns
ity

Hypothesis tests measure how (un)likely an observed 
statistic is under the null hypothesis



Nonparametric tests

• Many hypothesis tests rely on parametric 
assumptions (e.g., normality) 

• Alternatives that don’t rely on those assumptions: 

• permutation test 
• the bootstrap



Stance detection
• What is the stance of some text with respect to 

some target?

Anand et al. 2011; SemEval-2016 task 6



Stance detection
• What is the stance of some text with respect to 

some target?

Anand et al. 2011; SemEval-2016 task 6



5. Text is data.













Favors



Thanks!



Course evaluations!

 https://course-evaluations.berkeley.edu/berkeley/


