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MEMM Training

n

HP(yZ ‘ yi—lvxaﬁ)

1=1

For all training data, we want probability of the
conditioned on the previous to be high.

This is simply multiclass logistic regression



MEMM Training

n

HP(yZ ‘ yi—lvxaﬁ)

1=1

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



| abel bias

n

HP(yZ ‘ yi—lvxaﬁ)

1=1

* For a given conditioning context, the probability of
atag (e.q., ) only competes against other tags
with that same context (e.q., )



| abel blas

will to fight
10 to is relatively deterministic
Xi:tl\cl)N 100000000 (almost always TO) so it doesn'’t
Yi-1=

matter what tag precedes it.
Vi-1=MD 0

Toutanova et al. 2003



| abel blas

will to fight

n Because of this local
[1Pi|yi-1,2,.8)  normalization, P(TO | context) wil
=1 always be 1 if x="t0”

Toutanova et al. 2003



will to fight

These probabillities must
sum to 1 because the

conditioning context is the
same (local normalization)

Ditferent conditioning

contexts; P(y2 = TO) will be
1 no matter the context.

. . VS.
will to fight
P(y; =MD |y, = START, x, f) 0.9
P(y; = NN | y = START, x, §) 0.1
P(y, =TO | y; =MD, x, §) 1.0
P(y, =TO |y, = NN, x, §) 1.0
P(y; =VB |y, =T0O,x, p) 1.0

P(NN TO VB|x,5) = 0.1

P(MD TO VB|x, §) = 0.9



, , VS. , ,
will to fight will to fight
P(y; = MD | y, = START, x, f) 0.9
Here, the information that
P(y; = NN | yo = START, x, §) 0.1 TO almost never follows
MD is lost and can't
influence the tagging
decision. We end up with
P(y, =TO | y; =MD, x, §) 1.0 an incorrect tagging.
P(y;=VB |y, =T10,x,p) 1.0 P(NN TO VB|x,p) = 0.1

P(MD TO VB|x, §) = 0.9



Conditional random fields

* \We can solve this problem using global
normalization (over the entire sequences) rather
than locally normalized factors.

n

P(y ‘ xaﬁ) :HP(y’L | yi—laaj)ﬁ)

1=1

exp(®(z,y) ' B)

P(y ‘ 3376) — Zy/ey eXp((I)(a?,y/)Tﬁ)




Conditional random fields

exp(®(x,y) ' B)
> ey exp(®(z,y') T B)

Plyl|z,B) =

n

Feature vector scoped over the (I)(.CIS y) — Zgb(x ] Vi, Ui 1)
) VARG ) —
1=1

entire input and label sequence

¢ is the same feature vector we

used for local predictions using
WISHVIVES




In an MEMM, we estimate P(y: | yi-1, X, B)
from each ¢(x, t, yi, yr.1) iIndependently

will
®(x, 1, y1, Yo)

Xi=Will A yi = NN

{0

d(X, 2, Y2, y1)

Via=START A yi = NN

fight

(X, 3, Y3, Y2)

Xi=will Ny = MD

Vii=START A yi = MD

oI | | —

xi=to Ny =TO

| o | OO

Vi-i=NN A yi = TO

)

oo | OO

Vi-i=MD Ay = TO

@)

xi=fight A yi = VB

yia=TO A yi = VB




In a CRF, we use features from the entire sequence (by
summing the individual features at each time step)

Xi=WIill A yi = NN

Vii=START A yi = NN

Xi=will Ny = MD

Via=START A yi = MD

Xi=to Ny =TO

Vi-i=NN Ay = TO

Vi-i=MD Ay = TO

Xi=fight A yi = VB

yia=TO A yi = VB

will to fight  ex nvToVE)
O(x, 1, ¥1, Yo)  d(X, 2, y2, y1)  P(X, 3, Y3, y2)
1 0 0] 1
1 0 0] 1
0 0 0 0
0 0 0] 0]
0 1 0] 1
0 1 0 1
0 0 0] 0]
0 0 1 1
0 0 1 1




This lets us isolate the global sequence teatures that
separate good sequences (in our training data) from
bad sequences (not in our training data)

®(x, NN TO VB) ®(x, MD TO VB)
GOOD BAD
Xi=Will A yi = NN 1 0
Vi-i=START N yi = NN 1 0 these are the
. ._ different (and so
xi=will A yi = MD 0 1 are potentially
Vi-1=START Ay = MD 0 1 predictive of a
good label
— sequence)
Vi-t=NN A y; = TO 1 0
Vi.i=MD A yi = TO 0 1
Xi=to Ny = TO 1 1
these are the
_ same (and so
xi=fight N yi = VB 1 1 are not)
yi-i=TO Ny = VB 1 1




Conditional random fields

B exp((I)(a:,y)Tﬁ)
P(y ‘ 3776) — Zy’Ey exp(q)(ﬂﬁ,y/)—rﬁ)

 In MEMMSs, we normalize over the set of 45 POS
tags

e CRFs are but the
normalization complexity Is huge — every

possible sequence of labels of length n. But we
can do this efficiently in NK2 time using the



Conditional random fields

With a CRF, we have exactly the same
parameters as we do with an equivalent MEMM;
but we learn the best values of those parameters
that leads to the best probability of the

overall (in our training data)

TO TO
Xi=to Ny = TO 10000000 Xi=to N yi = TO 7.8
Vi-i=NN Ay = TO 0 Vi-i=NN Ay = TO 1.4
Vi-i=MD Ay = TO 0 Vi-i=MD Ay = TO -5.8




Recurrent neural network

* RNNs allow arbitarily-sized conditioning contexts
and condition on the



RNNSs for language modeling are already performing
a Kind of sequence labeling: at each time step,
predict the word from P conditioned on the context

-

movie

-

loved

.

2.7131|-1.4(-2.3| 0.7 -0.7(-0.8]-1.3(-0.2]-0.9 23151114113 -0.91-1.5(-0.7]10.9 0.2 -0.11-0.7]-1.6( 0.2 0.6
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For POS tagging, predict the tag from Y conditioned

on the context

-6 666

2.7

3.1 -

-2.3

0.7

-0.7

-0.81-

-0.2(-

-0.9]-

-0.7

0.9

-0.1

-0.71-

0.2
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RNNs for POS

will to fight

o make a prediction for y;, RNNs condition on all
input seen through time t (x4, ..., Xt)

e But knowing something about the can help
(Xt+1, ..., Xn)



Bidirectional RNN

* A powertul alternative is make predictions
conditioning both on the and the

* Two RNNs

* One running left-to-right
* One right-to-left

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



Bidirectional RNN

backward ENN

0.7H1.115.4 0.7-.15.4 0.7H.115.4 0.7H1.115.4 0.7-.115.4
A A

— loved — — D @
23|07 0.7/-0.8]-1.3|-0.2|-0.9 23|15(1.1]14]1.3 0.9-15|-0.7109(0.2 0.1{-0.7|-1.6/0.2| 0.6
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Bidirectional RNN

0.7(11

2.7

3.1

1.4

0.7

0.7H11

-0.7

-1.3

-0.9

0.7H11

2.3

1.5

1.1

1.4
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0.7(11

-0.9
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0.7k1.1:5.4

-0.11-0.7]-1.6]0.2] 0.6

0.7(1.1:5.4

-0.9]-1.5]-0.7]10.9]0.2

0.7k1.1:5.4

231151114113

0.7k1.1:5.4

-0.7]-0.8]-1.3]-0.2|-0.9

0.7(1.1:5.4

2.7131(-1.4]|-23|0.7
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Training BIRNNS

e (Given this definition of an BIRNN:

s = Rolat, si™) = g(sE1I; +21WF +1y)

Sf’f — Rf(mi,s;_l) = g(s;_1Wf + asZWf + b¢)

y; = softmax ([s%; s;]1V° + b°)

* \WWe have 8 sets of parameters to learn (3 for each
RNN + 2 for the final layer)
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How do we fix this?

C--
C--
C--

B
|
|
|

-

-0.9]-1.5(-0.7]0.9(0.2

23|1.5(11(1.4]11.3

-0.7]-0.8(-1.3]-0.2(-0.9

27131(-1.4|-23|0.7
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Subword information

* We saw subword information used for creating
embeddings (FastText)

e Another alternative Is to use standard word

embeddings and reason about subword
information



BILSTM for each word;
concatenate final state of
forward LSTM, backward
LSTM, and word embedding
as representation for a word.

Lample et al. (2016), “Neural Architectures for Named
Entity Recognition”

character BILSTM

word embedding

28



BILSTM for each word;
concatenate final state of
forward LSTM, backward
LSTM, and word embedding
as representation for a word.

Lample et al. (2016), “Neural Architectures for Named
Entity Recognition”

character BILSTM

word embedding

29



Character CNN for each word;
naracter CNN
'd embeddi

concatenate c
output and wo
as representat

on for a wo

Chu et al. (2016), “Named Entity Recognition with

Bidirectional LSTM-CNNs”

9

.

max pooling

convolution

character
embeddings

word embedding

30



RNNs for POS

amazon and spotify’'s streaming services are going to

@appe anch purchasing model




RNNs for POS

amazon and spotify’s streaming services are going to

devour apple and its music purchasing model

Can the information from far away get to the time

Prediction: step that needs it?
SR Can error reach that far back during
Irainin g backpropagation?




RNNS

* Recurrent networks are deep In that they involve
one “layer” for each time step (e.g., words in a
sentence)

. . as error Is back
propagated through the layers of a deep network,
they tend toward O.



. ong snhort-term memory
network (LSTM)

* Designed to account for the vanishing gradient
poroblem

 Basic idea: split the s vector propagated between
time steps into a component and a
component






(Gates

_STMs gates control
the flow of
information

* A sigmoid sguashes its input to between 0 and 1

By multiplying the output of a sigmoid elementwise
with another vector, we forget information in the
vector (if multiplied by 0) or allow it to pass (if
multiplied by 1)



INput

gate

output

3.7

14

-0.7

1.4

7.8

0.03

1.4

-0.35

-1.38

0.08




Forget gate: as a function of the previous
hidden state and current input, forget
information in the memory @

memory -

hidden state

elementwise product @




Input gate (but forget some information
about the current observation)

memory -

hidden state _’

elementwise product @




Update the memory (but forget some
information about the current observation)

memory -

hidden state _’

elementwise product @




The memory passes directly to the
next state

memory -

hidden state _’

elementwise product @




Output gate: forget some information
to send to the hidden state

memory -

hidden state _’

elementwise product @




The hidden state Is updated with the
current observation and new context.

memory -

hidden state _’

elementwise product @




How much context”

ow would we design an experiment to measure how
context an LSTM is using”



How much context”

0.7
* for language o\ R
modeling, LSTMs are s
aware of about 200 S g
words of context 9
2 02
e |gnores word order 0
1
beyond 50 words
0.0

5 10 20 50 100 200 500 1000
Context Size (number of tokens)

Khandelwal et al. (2018), “Sharp Nearby, Fuzzy Far Away: How Neural Language Models Use Context” (ACL)



GRU

e A gated recurrent unit T
adopts the same 1) P N R
gating mechanism as S >
an LSTM, but reduces ||
the number of - ~

x
=

parameters to learn.

* Only one context vector (not a separate memory and
hidden state vector) gets passed between timesteps.

e 2 gates (reset and update) instead of 3.



Stacked
RNN

 Multiple RNNs/
LSTMs/GRUS,
where the output
of one layer
becomes the
iInput to the next.

EEETT] BEEETT] BEEECTT] BT T]

, |6161é-16-1é
o-0-0-0-

26%666
-0-0-0-0

i f

A

16$6
o-0-0-

47



Neural sequence labeling

* Large design space for exploration in these
models:

e RNN/LSTM/GRU
* Stacking
e Hidden dimension size

* Training with dropout and other forms of
regularization.



Paading

* Many neural network libraries require each
seguence within the same batch to be

 We can make artiticially make this so by padding
shorter sequences with a special symbol not
otherwise used (e.g. 0)



he ran to the house

he stopped

he went iInside




2 4 5 1 0
2 /
2 8 9

word embedding ids



word embedding ids



L STM/RNN

* |s an RNN the same kind of sequence labeling
model as an MEMM or CRF?

* |t doesn’t use nearby INn making predictions!
(More like logistic regression in this respect)



Seqguence labeling models

Hidoli/legdl\éllzrkov llljp(xi RieCalldn asl\s/lfr;ks;i/on "o
- Mark
MEMM gp(yi Y1 %) assfr;p())t\i/on yes
A
N
RNN HP(yi | X1 ) none distributed
i=1




VBZ 0.51
NNS 0.48
JJ 0.01
NN 0

2713.1[-14

-1.41-2.3

0.7

PN

The information that’s passed between

states is not the categorical choice

(VB/) but a hidden state that generated

the distribution.

2713.1(-1.4|-2.3

0.7

- - _>‘

2.7 (31|-1.4(-23|0.7 2.713.1(-1.4|-23|0.7 27|31 |-1.4(-2.3

0.7

55




VBZ 0.51
NNS 0.48
JJ 0.01
NN 0

2.7

3.1

1.4

-2.3

0.7

It we knew the categorical choice of
VBZ at to, P(VB) at t3 would be much
lower.

2.7

3.1

1.4

-2.3

0.7

® o006

2.7 (31|-1.4(-23|0.7 2.713.1(-1.4|-23|0.7 27|13.1|-14

-2.3

0.7

56




Recurrent neural network

* How could we incorporate nearby label information
into a single-direction RNN?
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EU rejects German call

Huang et al. 2015, “Bidirectional LSTM-CRF Models for Sequence Tagging"
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Ma and Hovy (2016), “End-to-end Sequence
Labeling via Bi-directional LSTM-CNNs-CRF” — S —

Word
Embedding

We are playing soccer



POS NER
Dev  Test Dev i Test
Model Acc. Acc. | Prec. Recall F1 : Prec. Recall F1
BRNN 06.56 96.76 | 92.04 89.13 90.56 : 87.05 83.88 85.44
BLSTM 06.88 9693 | 92.31 90.85 91.57 , 87.77 86.23 87.00
BLSTM-CNN 9734 9733 | 92,52 93.64 93.07 : 88.53 90.21 89.36
BRNN-CNN-CRF | 9746 9755 | 9485 9463 94.74 | 91.35 91.06 91.21

Ma and Hovy (2016), “End-to-end Sequence Labeling via Bi-directional LSTM-CNNs-CRF”



BERT

* Transformer-based model (Vaswani et al. 2017) to
predict masked word using bidirectional context +
next sentence prediction.

* (Generates multiple layers of representations for
each token sensitive to its context of use.



Each token in the input starts out

represented by token and position
embeddings

v
01| -0.8| -1.1 03| 03| -1.7] 07| -1.1 16| -0.3| -0.9| -
€1 1 €1,2 €1,3

The dog barked



The value for time step | at layer i is the

result of attention over all time steps in the
previous layer I-1

-0.7] -1.3| 04| -04( -0.7

€2,1
02| 1| 01| -08| -1.1 03| 03| -1.7| 0.7] -1.1 16| -0.3| -0.9| -0.7| 0.2
€1 1 €1,2 €1,3

The dog barked



-0.71 -1.3| 04| -04| -0.7

€21
-0.2 11 0.1 -0.8( -1.1 0.3| 03| 1.7 0.7 -1.1 1.6 -0.3| -0.9| -
€1,1 €12 €1,3

The dog barked



0.7 1.3 04| -04| -0.7
2.1

-0.2 1 0.1] -0.8| -1.1
€11
The

1.2 1.1 1.1 06| 0.3
€22

0.3| 0.3| -1.7| 0.7 -1.1
€12

1.6

0.2

dog

barked




0.7 1.3 04| -04| -0.7
2.1

-0.2 1 0.1] -0.8| -1.1
€11
The

1.2 1.1 1.1 06| 0.3
€22

0.3| 0.3| -1.7| 0.7 -1.1
€12

dog

-0.1| -0.7| -0.1 09| -11
€23
1.6 -0.3| -0.9| -0.7] 0.2
€13
barked




0.3

1.2

0.6

-1.3

0.4

€2,1

-1.1

1.2 1.1 1.1 06| 0.3
€22

0.3| 0.3| -1.7| 0.7 -1.1
€12

dog

-0.1| -0.7| -0.1 09| -11
€23
1.6 -0.3| -0.9| -0.7] 0.2
€13
barked




0.3

1.2

0.6

-1.3

0.4

€2,1

-1.1

-1.8| -0.2| -24| -0.2| -0.1
€32

1.2 1.1 1.1 06| 0.3
€22

0.3 0.3 1.7]1 0.7] -11
€12

dog

-0.1| -0.7| -0.1 09| -11
€23
1.6 -0.3| -0.9| -0.7] 0.2
€13
barked




0.3

1.2

0.6

-1.5

0.9

0.2

-1.3

0.4

€2,1

€3,3

0.9

-1.1

-1.1

€2,3

-1.8| -0.2| -24| -0.2| -0.1
€32

1.2 1.1 1.1 06| 0.3
€22

0.3 0.3 1.7]1 0.7] -11
€12

1.6

0.2

dog

barked




representation

-0.2

0.3

2.1

1.2

0.6

-0.7

-1.3

0.4

-0.4

-0.7

€2,1

At the end of this process, we have one
for each token
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0.2
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-0.7

-0.1

0.9

-1.1

€23

-0.2

0.1

-0.8

-1.1

1.6

-0.3

-0.9

-0.7

0.2

-1.8( -0.2| -2.4( -0.2( -0.1
€32

1.2 -1.1 1.1 0.6 0.3
€22

0.3 0.3 1.7]1 0.7] -11
€12

€1,3

The

dog

barked




BERT

* BERT can be used not only as a language model to
generate contextualized word representations, but
also as a predictive model whose parameters are

fine-tuned to a task.
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[SEP]




BERT

* Pre-training: train BERT through masked language
modeling and next-sentence prediction to learn the
parameters of BERT layers.

* Task fine-tuning: add additional linear
transformation + softmax to get distribution over

output space.



