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Assignment 1

e do notincrement counts for the center word
when counting context words:

<s> the cat ran . </s>

e for center word cat, do not increment count
for (cat, cat)

* sorry for not making this clearer in the
assignment



Roadmap

words, morphology, lexical semantics

text classification

simple neural methods for NLP

language modeling and word embeddings
recurrent/recursive/convolutional networks in NLP
sequence labeling, HMMs, dynamic programming
syntax and syntactic parsing

semantics, compositionality, semantic parsing
machine translation and other NLP tasks



Text Classification

simplest user-facing NLP application
email (spam, priority, categories):

Primary e _ Social [FET Promotions I Updates 1 -1

G :.{E)Googlet YouTube, Emi... % Google Offers, Zagat o Shoehop, Blitz Air
Google+ [iZ7] You were tagged in 3 photos on Google+ - Google+ You were tagged in three pl
YouTube (57 LauraBlack just uploaded a video. - Jess, have you seen the video LauraBlack u

.
S e ntl I I l e nt : SEARCHED TERM POSITIVE TWEETS NEUTRAL TWEETS NEGATIVE TWEETS TOTAL TWEETS
starbucks 708 4495 234 5437

k i feel dumb.... apparently | was | like how that girl @ starbucks @macoy §0f8 throat from the dark
[% meant to 'dm' for the starbucks [% tonight let me stand in line for 10 [% roast cheesecake? @rom have
competition! | guess its late ;) i mins w/ another dude in front of you tried the dark roast
would have won too! (view) me, before saying "oh. I'm cheesecake at starbucks? its my
TR AR | closed..” (view) addiction for the week (view)

topic classification
others?



Text Classification

e datasets

e classification
— modeling
— inference

— |learning



What is a classifier?

e a function from inputs x to classification labels y
* one simple type of classifier:

— for any input x, assign a score to each label y

score(x, y, w)

— classify by choosing highest-scoring label:

classify(x, w) = argmax score(x, y, w)
J



Modeling, Inference, Learning

classify(x, w) = argmax score(x,y, w)
Y



Modeling, Inference, Learning

modeling: define score function

v

classify(x, w) = argmax score(x,y, w)
Y

* Modeling: How do we assign a score to an
(x,y) pair using parameters w?



Modeling, Inference, Learning

’inference: solve argmax ‘ modeling: define score function

v

classify(x, w) = argmax score(x,y, w)
Y

* Inference: How do we efficiently search over
the space of all labels?



Modeling, Inference, Learning

‘inference: solve argmax ’ modeling: define score function

v

classify(x, w) = argmax score(x,y, w)
Y

’Iearning: choose w \

* Learning: How do we choose the weights w?

10



Text Classification

e datasets
e classification

— modeling
— inference

— |learning



Linear Models

e parameters are arranged in a vectorw
e score function is linearin w:

score(x, y, w) =w ' f(x,y) = Zwifz'(fﬂa y)

e f:vector of feature functions



* all features look at the label y!
fi(x,y) = [y = positive] A [[x contains great]
fo(x,y) = Ily = negative| A [|x contains great|

* this may be different from what you’re used to

— when using dense feature vectors in machine
learning, the machine learning algorithm may create
weights for every output label for every feature



* all features look at the label y!
fi(x,y) = [y = positive] A [[x contains great]
fo(x,y) = Ily = negative| A [|x contains great|

* this may be different from what you’re used to

— when using dense feature vectors in machine
learning, the machine learning algorithm may create
weights for every output label for every feature

— e.g., you specify a feature like:
f3(x,y) = I[x contains great]

— and then the ML code creates weights for all labels for

this feature: positive  negative
W3 » W3



Example: Part-of-Speech Tagging

there are 45 part-of-speech (POS) tags in the
Penn Treebank

we don’t want to create features for all 45* | V|

combinations of tags and words

— too many features to store in memory and too many
feature weights to learn

most words appear with <= 3 unique POS tags in
the training set

so we use feature count cut-offs and only create
features for combinations that appear enough
times in the training data



Text Classification

e datasets

e classification
— modeling
— inference

— learning



Modeling, Inference, Learning

‘inference: solve argmax ’ modeling: define score function

v

classify(x, w) = argmax score(x,y, w)
y /

learning: choose w \

* Learning: How should we choose values for
the weights?

17



Text Classification

* modeling

* inference

* |learning
— empirical risk minimization
— surrogate loss functions

— gradient-based optimization

18



Learning: Empirical Risk Minimization

* In a machine learning course, you learn about
many different learning frameworks



Learning: Empirical Risk Minimization

* In a machine learning course, you learn about
many different learning frameworks

* Since we have limited time, we will be greedy
and focus on a single framework that

maximizes

« ease_of _use + 3 effectiveness + v applicability

(for some positive constants «, 5,7 )
We will start it today but continue to add to it later



Cost Functions

cost function: scores outputs against a gold standard
cost : L X L = R>g

should be as close as possible to the actual
evaluation metric for your task

usual conventions: cost(y,y) =0
cost(y,y’) = cost(y’, y)



Cost Functions

cost function: scores outputs against a gold standard
cost : L X L = R>g

should be as close as possible to the actual
evaluation metric for your task

for classification, what cost should we use?



Cost Functions

cost function: scores outputs against a gold standard
cost : L X L = R>g

should be as close as possible to the actual
evaluation metric for your task

for classification, what cost should we use?

cost(y,y") = Iy # /]

how about for other NLP tasks?



Risk Minimization

+ given training data: 7 = {(z®,y) 71
where each ¢ e £ is a label

* assume data is drawn iid (independently and identically
distributed) from (unknown) joint distribution P(x,vy)



Risk Minimization
given training data: T = {(®,y)}7]
where each ¢ e £ is a label

assume data is drawn iid (independently and identically
distributed) from (unknown) joint distribution P(x,vy)

we want to solve the following:

w = argmin Epg ) [cost(y, classify (z, w))]



Risk Minimization
given training data: 7 = {(z®, y)}I7]
where each 3% ¢ £ is a label

assume data is drawn iid (independently and identically
distributed) from (unknown) joint distribution P(x,vy)

we want to solve the following:

w = argmin Ep(, ) [cost(y, classify(z, w))]

problem: P is unknown

w

26



Empirical Risk Minimization
(Vapnik et al.)

* replace expectation with sum over examples:

A

w = argmin Ep, ) [cost(y, classify (x, w))]
i | |
W = argmin Z cost(y'V, classify (", w))

w i=1

27



Empirical Risk Minimization
(Vapnik et al.)

* replace expectation with sum over examples:

A

w = argmin Ep(y ) [cost(y, classify(z, w))]

-

7]
w = argmin Z cost(y(i), classify(x(®, w))
w i=1

problem: NP-hard even for binary

classification with linear models

28



solution: replace “cost loss” (also

called “0-1” loss) with a surrogate
function that is easier to optimize

T
W = argmin Z cost(y'V, classify (z'¥, w))
w i=1

l generalize to permit any loss function
7]

w = argmin Z loss(w(i), y (D w)
w i=1

29



solution: replace “cost loss” (also
called “0-1" loss) with a surrogate

function that is easier to optimize

W = argmin Z cost(y'V, classify (z'¥, w))

l generalize to permit any loss function
7]
w = argmin loss a:(i), (i),fw
gmin 3 _loss(@!”,y", w)

1=1

costloss / 0-11oss:  losScost (@, y, w) = cost(y, classify(x, w))

30



Text Classification

* modeling

* inference

* |learning
— empirical risk minimization
— surrogate loss functions

— gradient-based optimization

31



Surrogate Loss Functions

costloss / 0-1loss:  108Scost (@, y, w) = cost(y, classify(x, w))

why is this so difficult to optimize?

32



Surrogate Loss Functions

costloss / 0-1loss:  108Scost (@, y, w) = cost(y, classify(x, w))

why is this so difficult to optimize?
not necessarily continuous, can’t use
gradient-based optimization

33



Surrogate Loss Functions

costloss / 0-1loss:  losscost (2, y, w) = cost(y, classify(x, w))

max-score loss:

1OSSlrnaXS(:ore(wa Y, ’U)) — —score(w, Y, ’UJ)

34



Surrogate Loss Functions

costloss / 0-1loss:  losscost (2, y, w) = cost(y, classify(x, w))

max-score loss:

1OSSmaxscore(wa Y, ’U)) — —score(w, Y, ’UJ)

this is continuous, but what are its drawbacks?



Surrogate Loss Functions
costloss / 0-1loss:  losscost (2, y, w) = cost(y, classify(x, w))
max-score loss:
l0SSmaxscore (€T, Y, w) = —score(x, y, w)
perceptron loss:

1OSSperc(ma Y, ’LU) — —SCOI'G(J}, Y, ’UJ) + H,laz:( SCOI‘G(Q’:, yla 'LU)
Y€

36



Surrogate Loss Functions

costloss / 0-1loss:  losscost (2, y, w) = cost(y, classify(x, w))

max-score loss:

1OSSmaxscore(wa Y, ’U)) — —score(w, Y, ’UJ)

perceptron loss:

1OSSperc(ma Y, ’LU) — —SCOI’G(J}, Y, ’UJ) + H,la%( SCOI‘G(QZ‘, yla 'LU)
Y€

loss function underlying perceptron algorithm
(Rosenblatt, 1957-58)



Surrogate Loss Functions
costloss / 0-1loss:  losscost (2, y, w) = cost(y, classify(x, w))

perceptron loss:

1OSSPerC(mv Y, ’UJ) — —SCOI’G(.’IJ, Y, ’UJ) + ma}é SCOI‘G((IJ, y,a ’UJ)
y'e
hinge loss:
1OSShinge(w7 Y, ’UJ) — —SCOI‘G(JJ, Y, ’UJ) + max (SCOI‘G(J}, y/7 ’UJ) +COSt<y7 y/))

y'el



Surrogate Loss Functions
costloss / 0-1loss:  losscost (2, y, w) = cost(y, classify(x, w))

perceptron loss:

1OSSPerC(mv Y, ’UJ) — —SCOI'G(.’I), Y, ’UJ) + ma}é SCOI‘G((IJ, y,a ’UJ)
y'e
hinge loss:
1OSShinge(w7 Y, ’UJ) — —SCOI‘G(JJ, Y, ’UJ) + ma}é (SCOI‘G(J}7 y/7 ’lU) +COSt<y7 y,))
y'e

loss function underlying support vector machines



Surrogate Loss Functions
costloss / 0-1loss:  losscost (2, y, w) = cost(y, classify(x, w))

perceptron loss:

1OSSPerC(mv Y, ’UJ) — —SCOI’G(.’IJ, Y, ’UJ) + ma}é SCOI‘G((E, y,a ’UJ)
y'e
hinge loss:
losshinge (2, y, w) = —score(x, y, w) + max (score(x, y', w)+cost(y, y'))
y'e

hinge loss for our classification setting:
108Shinge (@, , w) = —score(@, y, w) + masx (score(w, y', w)+01(y # ')
y'e

tunable hyperparameter

40



score

Visualization
for a single input x

1 Y2 Y3 y4 y5
Y

five possible outputs

41



cost

Visualization

for a single input x

Y2  Ys Ysg 95
Y

five possible outputs

42



cost

Visualization

for a single input x

Y3

yi Y2 Yy Ya Ys

gold standard

43



cost

St y57 yl
St y57

Y3

Yq

Visualization

for a single input x

COSt y5 ’ y5
Ys

©

gold standard

44



score + cost

Yy Y

Visualization
for a single input x

HIT

Yq ?/5

gold standard

45



1OSSmaxscore(wa Y, ’UJ) — —Score(zc, Y, ’UJ)



score

Y2

loSSmaxscore (CB, Y, ’UJ)

Y3 y4 Ys

gold standard

= —score(x, ¥,

w)

47



score

Y2

1Ossmaxscore(wa Y, ’UJ) — —SCOI’G(CE, Y, ’UJ)

i effect of learning?

Ys Y4 Y5

gold standard 48




score

Y2

1OSSmaxscore Y, ’UJ) —

Ys Y4 Y5

gold standard

—score(x, y, w)

effect of learning:

score of gold standard
will go to infinity

49



perceptron loss:

lossperc (2, y, w) = —score(, y, w) + max score(z, ', w)
Y



score

perceptron

loss:

l0SSperc (€, y, w) = —score(x, y, w) + max score(x,y’, w)

yi Yy

N

2 Y3z Y4 Y5

gold standard

‘y’EL '

51



score

perceptron loss:

lossperc (@, y, w) = —score(, y, w) 4 max score(x,y’, w)
y' e

IQIEQ

Yy Y2 Ys Ys Ys

gold standard

52



score

perceptron loss:

l0SSperc (€, y, w) = —score(x, y, w) + max score(x,y’, w)

y' eL
yr Yy

effect of learning?

A

2 Y3z Y4 Y5

gold standard 53




score

perceptron loss:

lossperc (2, Y,

Y2

Y3

w)

y4

gold standard

= —score(x, ¥,

Ys

©

w) + max score(x,y’, w)

y' eL

effect of learning:

gold standard will
have highest score

54



hinge loss:

1OSShimge(ma Y, ’LU) — —Score(:c, Y, ’LU) T ma}g (Score(a:, ?/7 ’UJ) —I_COSt(yv y/))
y'e



hinge loss:
1OSShinge(wa Y, ’UJ) — —Score(w, Y, ’UJ) + max (SCOI‘G(.’D, yla ’UJ) —I_COSt(yv y/))

score + cost

yi Yy

2

Y3

|

Ya UYs

gold standard

\y’Eﬁ )

56



hinge loss:
1OSShinge (213, Y, ’UJ) — —SCOI‘e(J}, Y, ’UJ) + max (SCOI‘G(ZI}, y/7 ’UJ) —I_COSt(yv y/))

i !ﬂ

Yy Y2 Ys Ys Ys

gold standard 57

score + cost




hinge loss:
1OSShinge(wa Y, ’UJ) — —Score(w, Y, ’UJ) + max (SCOI‘G(.’D, yla ’UJ) —I_COSt(yv y/))

x ,

Yy Y2 Ys Ys Ys

gold standard 58

effect of learning?

score + cost




hinge loss:

10SShinge (T, U,

score + cost

Y2

w) = —score(x, Yy, w) + max (score(x,y’, w)+cost(y,y'))
y'€

effect of learning:
score of gold standard
will be higher than
score+cost of all
others

Ys Y4 Y5

gold standard 59




Log Loss

lossieg (€, ¥, w) = —logpw(y | T)

* minimize negative log.6f conditional
probability of outpdt given input

— sometimes C
likelihood”,

* but wait; we don’t have a probabilistic model,
we just have a score function

d “maximizing conditional



Score > Probability

* can turn score into probability by

exponentiating (to make it positive) and
normalizing:

pw (Y | ) o exp{score(x,y, w)}

exp{score(x,y, w)}
. exp{score(x,y’, w)}

e this is often called a “softmax” function



Log Loss

lossieg (€, Y, w) = — logpw (y | )
expq{score(x,y, w)}

D _yrer expiscore(z, ¥, w)}

= — score(x, y, w) + log Z exp{score(z, y’, w)}
y'eL

= — log

* similar to perceptron loss!
* replace max with “softmax” (a different kind of
softmax)

lossperc (@, y, w) = —score(, y, w) + max score(x,y’, w)
Y e



Log Loss

lossieg (€, Y, w) = — logpw (y | )

exp{score(x,y,w)}

= — log

D _yrer expiscore(z, ¥, w)}

= — score(x, y, w) + log Z exp{score(z,y’, w)}
y'el

. < log loss is used in:
logistic regression classifiers,
conditional random fields,

maximum entropy (“maxent”) models
: - e ;

63



Log Loss

lossieg (€, Y, w) = — logpw (y | )
expq{score(x,y, w)}

D _yrer expiscore(z, ¥, w)}

= — score(x, y, w) + log Z exp{score(z, y’, w)}
y'eL

= — log

* jssue: can be very expensive due to
summation over all possible outputs!

lossperc (@, y, w) = —score(, y, w) + max score(x,y’, w)
Y e

64



Empirical Risk Minimization

A

w = argmin Ep, ) [cost(y, classify(x, w))]
T | |
W = argmin Z loss(z'?, y) w)

w i=1



Regularized Empirical Risk Minimization
w = argmin Ep(, ) [cost(y, classify (x, w))]
= argmm Z loss(z'V, y) w) + AR(w)

1=1

66



Regularized Empirical Risk Minimization

w = argmin Ep, ) [cost(y, classify(x, w))]

regularization
l strength

a0+
W = argmin loss(2®, ¥ w) + AR(w)
w i=1 ~
regularization
term

67



Regularization Terms

= argmm Z loss(zV, y9 w) + AR(w)
1=1

most common: penalize large parameter values

intuition: large parameters might be instances of
overfitting
examples:

L, regularization:

(also called Tikhonov regularization
or ridge regression)

L, regularization:

(also called basis pursuit or LASSO)

68



Regularization Terms

L, regularization: Rps(w) = [|w[|3 =) w?

differentiable, widely-used

L, regularization: Rii(w)=|lw|i =) |u;

not differentiable (but is subdifferentiable)
leads to sparse solutions (many parameters become zero!)



Text Classification

* modeling

* inference

* |learning
— empirical risk minimization
— surrogate loss functions

— gradient-based optimization

70



Gradient Descent

* minimizes a function F by taking steps in proportion

to the negative of the gradient: —
%/f:\\\\
AR

) -
(),

9U+D) — g _ iy p(e(®

71



Gradient Descent

* minimizes a function F by taking steps in proportion
to the negative of the gradient: B

n'Y) : stepsize at iteration t

VF(0"): gradient of
objective function

* with conditions on stepsize and objective function,
will converge to local minimum



Gradient Descent

* minimizes a function F by taking steps in proportion
to the negative of the gradient: J—

o mo_roren [

1 | | J 'r
J , |’ || !’ ',A f
| ‘ | | 1 || (' \

n'Y) : stepsize at iteration t

to speed convergence,
can use line search to
choose better stepsizes;
also see L-BFGS

VF(0"): gradient of
objective function

* with conditions on stepsize and objective function,
will converge to local minimum



Gradient Descent

* minimizes a function F by taking steps in proportion
p(t+1) — g(t) _ n(t)VF(g(t))

to the negative of the gradient:
/ N\

n®) : stepsize USRS ANER111

objective function ,
choose better stepsizes;

also see L-BFGS

* with conditions on stepsize and objective function,
will converge to local minimum
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Gradient Descent

* minimizes a function F by taking steps in proportion
to the negative of the gradient:

p(t+1) — gt) _ 77<t>VF(9(t))
f =\

n®) : stepsize USRS ANER111

every parameter update K=

requires iterating through

« with conditio entire training set on,
will converge to local minimum

75




Gradient Descent

* minimizes a function F by taking steps in proportion
to the negative of the gradient:

p(t+1) — gt) _ 77<t>VF(9(t))
f =\

n®) : stepsize USRS ANER111

every parameter update K=

requires iterating through
e with conditiol entire training set on,
will converge

“batch” algorithm

76




Stochastic Gradient Descent

e applicable when objective function is a sum

* like gradient descent, except calculates gradient on a
single example at a time (“online”) or on a small set
of examples (“mini-batch”)

77



Stochastic Gradient Descent

applicable when objective function is a sum

like gradient descent, except calculates gradient on a
single example at a time (“online”) or on a small set
of examples (“mini-batch”)

converges much faster than (batch) gradient descent

with conditions on stepsize and objective function,
will converge to local minimum

there are many popular variants:
SGD+momentum, AdaGrad, AdaDelta, Adam, RMSprop, etc.



What if Fis not differentiable?

e some loss functions are not differentiable:

lossperc(ma Y, ’UJ) — —SCOI'G(QZ, Y, ’lU) + ma}é SCOI‘G(Q?, y/a ’U))
y' €
1OSShinge(wa Y, ’lU) — —SCOI'G(CU, Y, ’lU) + ma}g (SCOI‘G(CE, y/7 w) +COSt(y7 y,))
(VS

* but they are subdifferentiable, so we can compute
subgradients and use (stochastic) subgradient
descent

79



Subderivatives

subderivative: generalization of derivative for

nondifferentiable, convex functions R

there may be multiple
subderivatives at a point —

(red lines) g 20

this set is called the subdifferential

a convex function g is differentiable at point x, if and
only if the subdifferential of g at x, contains only the
derivative of g at x,

80



Stochastic Subgradient Descent

* just like stochastic gradient descent, except
replace gradients with subgradients

* similarly strong theoretical guarantees



Calculating Subgradients

e at points of differentiability, just use your
rules for calculating gradients

e at points of nondifferentiability, just find a
single subgradient; any subgradient will do



Subgradient Examples

x|

N\
f(@) = 2] = max(z, —z)

r<0: 0f(x)
r>0: 0f(x) =
r=0: Jf(z) =

83



Subgradient Examples

x|

N\
f(@) = 2] = max(z, —z)

r<0: df(x) ={-1}
r>0: 0f(x)={1}
r=0: Jf(z) =

84



Subgradient Examples

x|

N |
f(@) = 2] = max(z, —z)

-1 |

e to find a subgradient of max
z<0: 9f(z) =1-1} of convex functions at a point,
r>0: Of(x) ={1} choose one function that
r=0: 0f(x) =[-1,1] achieves the max at that point
and choose any of its
subgradients at the point



