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Named Entity Recognition (NER)

Identify names of entities (i.e., persons, organizations, locations, etc.) in text

Can be casted as a sequence labeling problem via the BIO (beginning-inside-
other) tagging schema, thus can be solved by HMM

Alternative tagging scheme: BIOES (E=end; S=start of a single-token chunk)
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HMM for Sequence Labeling

Simple and fast to train and to use

Effective for POS tagging (one PQOS, one state)

can be made effective for name tagging (can capture context) by
splitting states

but further splitting could lead to sparse data problems
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We Want ...

We want to have a more flexible means of capturing our linguistic
intuition that certain conditions lead to the increased likelihood of
certain outcomes (i.e., feature engineering)

o that a name on a ‘common first name’ list increases the chance that this is
the beginning of a person name

> that being in a sports story increases the chance of team (organization)
names

Maximum entropy modeling (logistic regression) provides one
mathematically well-founded method for combining such features in a
probabilistic model

o But it’s not for sequence tagging



Maximum Entropy Markov Model
(MEMM)

Starting with the conditional probability distribution
n

Plx) =p(y1,y2, o Walx) = | | POely<e X)
t=1

Using the first-order Markov assumption (the probability of the current
state only depends on the previous state):

Pely<r, x) = P(yelVeei, x) The probability for one
n step depends on the

P(ylx; 0) = 1_[ PyelVi—i, x;0) entire input sentence y

Using logistic regression to model the probabilities P(y:|yi—1, x; 6),
allowing flexible feature engineering



Maximum Entropy Markov Model
(MEMM)

Using logistic regression to model the probabilities P(y:|y:—1, x; 0)

Defining K binary features f;(y;_41, x) over the the prior label y;_; and the entire input
sentence x. For examples:

_ _ )1 ifx; = Smithand y,_y = B_PER
fi0t-1,%) = {0 otherwise
. |1 ifx; is capitalized
fi0t-1,%) = {O otherwise
_ _ |1 if x; is in the list of common names and y;_; = O
fi¥e-1,2) {0 otherwise

Then:
K
exp ( Z 1=1 Wiytfi (yt—lr X))
Z(yt—ll X)

Where z is the normalizing factor and w”t=[w.”*, Wzyt, " WIJ(“] is the model parameter

specific to y;

P()’tl}’t—l;x; 9) =



Maximum Entropy Markov Model
(MEMM)

In order to train the MEMM model (i.e., finding the model parameters),
we can also optimize the likelihood function over the training dataset:

L) == ) logP(ylx,0)
(x,y)ED

There is no closed-form solution for this optimization problem (as
HMM); an iterative solver is required

The good thing is the function is convex, so easier to solve those with
gradient descent




Feature Engineering

The main task when using a MaxEnt classifier (e.g., MEMM)
is to select an appropriate set of features

o

words in the immediate neighborhood are typical basic features: w;_4, w,,
Wit1

patterns constructed for rule-based taggers are likely candidates: w; 1 is an
initial

membership on word lists: w; is a common first name (from Census)




Greedy Decoding for MEMM

Ati = 0, select:

y; = argmax,P(y; = s|y, = start,x) = argmax,P(y; = s|x)

Ati > 0, select:

yi = argmaxsP(y; = slyi-1 = yi_1,X)

Note that we need to condition on the predicted label from the
previous step y;_, here as this is now known in the inference/test
time.



Viterbi Decoding for MEMM

In HMM, we infer the best label sequence via the
argmax,P(x,y) using the recurrence:

ve(s) = maxgrey[Ve—1(s") |

In MEMM, we infer the best label sequence via the
argmaxy P (y|x) using the recurrence:

vi(s) = maXyl,yz,...,yt_lp(yby2r vy Ve—1, Yt = S|x)
vi(s) = maxg ey (Ve—1(s") P(y; = slyi—1 = s',x))

p" = MaXseyVn(S)



The Label Bias Problem in MEMM

State 1

State 2

State 3

State 4

State 5

Observation 1

Observation 2

Observation 3

0.4 (20) 0.5 (10)
0.510)
0.6 (30) 0.2 (100) 0.2 (100)
0.2 (100)" 0.3 (150)
0.2 (100) 0.1 (50)
0.2 (100) 0.1 (50)
0.2 (100} 0.3 (150)

1>1->1,1->1-
2->2->2,2->2-

The scores in the bracket
represent the ability to go
from one state to another
state given the
observation, i.e.,

eXp(Zle Wiytfi (Vi-1,%))

Based on these scores, the
best paths should be: 2 ->
2->20r2->2->5

However, if we normalize
at each state to obtain the
probabilities, the best
paths should be: 1->1->1
orl->1->2

>2:0.4*0.5=0.2
>5:0.2*0.3=0.06



The Label Bias Problem in MEMM

Observation 1 Observation 2 Observation 3

This is because the
prediction at each
> 0.5 (10)) > state/word is modeled by a
0.5(10 probability, thus
0.2 (100) 0.2 (100) necessitating the
normalization at each state

( )

0.4 (20)

State 1

0.6 (30)

State 2

0.2 (100)" 0.3 (150)

0.2 (100 0.1(50
(100) (50) So, we want to avoid the

normalization at each step
and only normalize once
0.2 (100) 0.1(50) over the entire input
sequence to obtain the
overall probability P(y|x)

( )

State 3

State 4

State 5



An Example of Label Bias

Consider a simple MEMM for person and location names, in which
states are (all names are two tokens):

o other
° B-person and e-person for person names
o B-locn and e-locn for location names

Corpus:
o Harvey Ford : person 9 times, location 1 time

o Harvey Park: location 9 times, person 1 time
o Myrtle Ford: person 9 times, location 1 time
o Myrtle Park: location 9 times, person 1 time

Second token a good indicator of person vs. location



An Example of Label Bias

Conditional probabilities:

> p(b-person | other, w = Harvey) = 0.5 Corpus:
_ _ Harvey Ford : person 9 times, location 1 time
’ p(b-locn | other, W= Harvey) =0.5 Harvey Park: location 9 times, person 1 time
o p(b_person | other, W = Myrtle) =0.5 Myrtle Ford: person 9 times, location 1 time
Myrtle Park: location 9 times, person 1 time

o p(b-locn | other, w = Myrtle) = 0.5

> p(e-person | b-person, w = Ford) =1
> p(e-person | b-person, w = Park) = 1
° p(e-locn | b-locn, w = Ford) =1

° p(e-locn | b-locn, w = Park) =1

Role of second token in distinguishing person vs. location completely lost

Problem: probabilities of outgoing arcs normalized separately for each state: the
“label bias” problem



Conditional Random Fields (CRF)

Conditional Random Fields (CRFs) address this problem:
o MEMMs use a per-state exponential model

o CRFs have a single exponential model for the joint probability of the entire label
sequence

Graphical comparison among HMMs, MEMMs and CRFs

HMM MEMM CRF
Yy Y; Yii Y Y; Yi Yi_1 Y; Yii
I | I | I T | ]. | I X [ X
[ ] [ ] [ ] O O @] O @] @]
Xi—1 X Xit1 Xio1 X Xit1 Xi1 X Xit1

Figure 2. Graphical structures of simple HMMs (lett), MEMMSs (center), and the chain-structured case of CRFs (right) for sequences.
An open circle indicates that the variable is not generated by the model.

From Lafferty et al.



Conditional Random Fields (CRF)

Both MEMM and CRF directly model P(y|x)

MEMM:

n
P(ylx; 0) = HP(Yt|3’t—1»X; )
t=1

CRF:
exp(P(x,y)"6)

Yyrey €xp(@(x, y)"6)

P(ylx; 0) =



Conditional Random Fields (CRF)

exp(@(x,y)79) _ exp(@(x,y)70)
Y rey eXp(@ynTo)  Z(x)

P(ylx;0) =

Where
CD(X, y) — [q)l(xr y)r ...,CDk(x, }’), ""CI)K('X' y)]

D (x,y) = z G (Vi-1, Vi, %, 1)
1=1,..n

with ¢, (v;_1, ¥, x, 1) is a function to capture some features of the input
sentence x and the transition from state y;_; to state y; at step i

° i.e., only capturing features at the edge and node level and similar to those we
use for MEMM

The element of 8 corresponding to @, (x,y) is 8,



Conditional Random Fields (CRF)

oy exp(@@nTh)  _ exp(@(x)"6)
PO1x;0) = %oy XD@CYNTE) | Z(0)

The normalizing factor Z(x) involve summing over an exponential number
of terms (all the possible label sequence for the input sentence -- |Y|")

Using dynamic programming (i.e., the forward algorithm), we can the
normalization in O(n|Y|?)

observation
1 2 3 4 5

state

N

Score at one edge M;(s',s) = exp( z O di(s',s,x,1)
k=1.K




Conditional Random Fields (CRF)

observation
1 2 3 4

5
1 ® ®
.

state

2

3 ® ®

a;(s): the total score for the length-i subpaths of the paths whose i-th state is s.
Initialization:

ai(s) = exp(Lk=1.x Ok Pr(start, s, x,1)
Recurrence:

a;(s) = Xgrey @i—1 (s IM;(s', s)

Final normalization score:

Z(x) = Ysey an(S)




CRF Tralning

Loss function:

exp(®(x,y)76)

_ L 0) — — — _ T
L(0) = —logP(y|x;0) logzy,eyexp(¢(x,y’)T9) d(x,y)" 0 +logZ(x)
In most of the optimization technique for L(8), we will need to compute its
gradient:
aL(6 @@y TP (xy’ : :
L) -, y) + Ty DRI DNV gy (1, y) 4 |5, ey PO 1))

Re-arrange variables for DP

Yyrey PO 1) Pr(x,y') =
Zl:=1..7’l ZS,EY,SEY (pk(sl' S, X, l) Zy’;yi’_lzsl,yilzs P(y’lx)

Using this factorization, we can compute this quantity in O(n|Y|?) using the
forward-backward algorithm

For details, see: Collins, “The Forward-Backward Algorithm”



Viterbi decoding for CRF

Ve (s) = maxyl,yz,...,yt_lp(YLer vy Ye—1, Ve = S|x)

Initialization:

V1 (S) — Zk=1..K exp(0k¢k (Sta'f't, S, X, 1))

Recurrence:

vi(s) = maxgey[a;_1(s)M;(s', )]

Best score:

p* = maXsey Vn(s)



Recurrent Neural Networks (RNN)

Y1 Y2 Y3 Y4 Y5

=JR A S

(zero) <
0 ROHRO 2, RO R O Roﬁ.ss

T T T

Input vectors for words
(e.g., one-hot or distributed vectors)

R: recurrence function
O: output function
s;, ¥;: hidden vector and output vector at step i.

0: model parameters (to be learned during training) Goldberg, 2017



Recurrent Neural Networks (RNN)

At each step, the R function takes two inputs (i.e., the hidden vector from the
previous step s;_; and the input vector from the current step x;) to compute
the hidden vector for the current step s; :

dy

St = R(S¢—1,%¢)

The hidden vector s; can be used as the feature vector to make a prediction

about the label for x; (i.e., POS or NER). Essentially, we use the O function to
transform s; into a score vector o, whose dimensions quantify the likelihood
that x; has the corresponding labels (i.e., |o;| = |Y|):

Ot - O(StWO + bO)

0; can be transformed into a probability distribution via the softmax function:
d; = softmax(o;)

In the simplest version (i.e., vanilla RNN), O can be just the identity function
(i.e., O(x) = x), while R can be a simple linear transformation followed by a
non-linear function:

St = a(Se WP + x WX + b%)




Recurrent Neural Networks (RNN)

The model parameters: 8 = {W*,W*,b°,W°, b°}

The recurrence nature (i.e., using the hidden vector from the
previous step for the current computation) allows each hidden
vector s; to capture information about all the words before t: s; =

f(S0,81, ) St-1)

The use of the same parameters W>, W, b* in the recurrence
function R causes the gradient vanishing problem (i..e, Fradlent
becomes small in long sentences so the models cannot learn)

In practice, the LSTM cell is often used for R to mitigate this
problem. f = 0y (Wi + User s + by)
iy = o,(Wixy + U;ci 1 + b;
LSTM units allow Ot _ GQEW mt LU ctt ' n b))
gradients to also ¢ T Pai o™ T Vol %o

flow unchanged ¢ = froci1+ i ooe(Wemy + be)
hy = O'h(Ot © Ct)




Training RNN

loss

predict and
calculate loss

predict and
calculate loss

predict and
calculate loss

predict and
calculate loss

predict and
calculate loss

R b R b
s0—>‘ RO }ﬂ{ R0 P»‘ RO ~§>{ R0 }ﬁ{ R0 ‘
X1 X X3 X4 X5




Bidirectional RNN

A city or a football team?

Liverpool suffered an upset first home league defeat of the season, beaten 1-0
by a Guy Whittingham goal for Sheffield Wednesday.

* The information on the left is not enough to predict the
label for the current word.



Bidirectional RNN

Ythe Ybrown Yfox Yjumped

} } ! }
concat concat @ @
X

Ye
Backward , 3 1 , Y4 ’ r yg , ﬂ ATyi
RNN 45‘5_# R0P }<s"4_+ Rb,0% ’j‘é__‘ RS 0P }.515_# Rb,0b ’ﬁi{ Rb.OF }.i

A A A

yi s ¥s i | 5

sf i sf A sf . sf sf sf
%, Riof }»—h) RAOS %—h\ RLOf }—h\ RLOS #A R0 |5
; ! ; , : J ] ! : | Forward
Xthe Xbrown Xfox Xjumped
Sif = G(Sl-f_lVl’sf +x,W/ + b)) So, one hidden vector has access to the context information

sP = o(sP WP + x, WP + bP) across the whole sentence

y; = softmax([sif, sf’] W° +b°),0 = [st, fo,bf, WL, Wb, b?, W, b°]



Bidirectional RNN

error
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Go Deeper (Stacked RNN)
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Incorporating CRF

RNN makes prediction for words independently
> The features/representations share the parameters

° But the output predictions are independent

We want to capture the dependencies between the output labels, i.e., | PER can
only be preceded by B_PER
o The later predictions can influence the prior predictions (e.g., fixing prior’s error)

CRF can achieve this via the global normalization of the label sequence
probabilities

Idea: Incorporate CRF as the final layer in the RNN models for sequence labeling



Incorporating CRF

B-ORG O B-MISC O

forward A
backward j\ ;

EU rejects German call

Figure 7: A BI-LSTM-CRF model.

Huang et al. 2015, “Bidirectional LSTM-CRF Models for Sequence Tagging



Incorporating CRF

Backward
LSTM Char
Embedding
Convolution
Y Y YYYVYYUVYVY
Char ] o ] ] Max Pooling BEEEnEnEnEEEnEnEE
Representation [ — T — I B S [ S e
: | - L Char
Word | L L ] Representation
Embedding

We are playing soccer

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



Layer | Hyper-parameter | POS | NER
window size 3 3
CNN number of filters 30 30
state size 200 200
LSTM | initial state 0.0 0.0
peepholes no no
Dropout | dropout rate 0.5 0.5
batch size 10 10
initial learning rate | 0.01 | 0.015
decay rate 0.05 | 0.05
gradient clipping 5.0 5.0
POS NER
Dev  Test Dev | Test
Model Acc. Acc. | Prec. Recall Fl : Prec. Recall Fl
BRNN 96.56 96.76 | 92.04 89.13 90.56 | 87.05 83.88 85.44
BLSTM 96.88 9693 | 92.31 90.85 91.57 , 87.77 86.23 87.00
BLSTM-CNN 97.34 9733 | 9252 93.64 93.07 , 88.53 90.21 89.36
BRNN-CNN-CRF | 97.46 97.55 | 94.85 94.63 94.74 1 91.35 91.06 91.21




