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Named Entity Recognition 
(as a tagging task)

Example tagset: {I-PER, I-ORG, I-LOC, I-TIME, O}



NER as Ambiguity 
Resolution



Discrete Features for NER
curr_word=‘Somerset’


next_word=‘cricket’

next_next_word=‘club’


next_bigram=‘cricket club’

…


prev_word=‘for’

prev_prev_word=‘bowled’

prev_bigram=‘bowled for’


…

curr_pos=‘NNP’

next_pos=‘NN’


next_next_pos=‘NN’

next_bigram_pos=‘NN NN’


….


Botham bowled for Somerset cricket club in the 1980s 
NNP      VBD    IN     NNP          NN    NN  IN  DT  NNS



Indicator Features for NER

Botham bowled for Somerset cricket club in the 1980s 
NNP      VBD    IN     NNP          NN    NN  IN  DT  NNS

fi(C, t) =

(
1 if word(C) = Somerset & t = I-ORG

0 otherwise

word(C) = Somerset is a contextual predicate



Log-Linear Classification 
Model

Botham bowled for Somerset cricket club in the 1980s 
NNP      VBD    IN     NNP          NN    NN  IN  DT  NNS

Z(C) =
X

t2T

exp

 
nX

i=1

�ifi(C, t)

!
where T is the tagset



Decoding a Log-Linear 
Tagging Model

Botham bowled for Somerset cricket club in the 1980s 
NNP      VBD    IN     NNP          NN    NN  IN  DT  NNS

I-PER            O    O    I-ORG   I-ORG I-ORG O O  I-TIME



NER Feature Set I 

Taken from Curran and Clark (2003)



NER Feature Set II 



Some Accuracy Numbers

Taken from Curran and Clark (2003)



What’s the Problem?

• Huge number of features (potentially millions)


• All features (esp. the combinations) defined manually


• All features are equally unlike each other (no ‘sharing of 
statistical strength’)


• curr_word=‘Somerset’ no closer to curr_word=‘Kent’ 
than curr_word=‘Botham’ or curr_word=‘cat’



Dense Features for 
Classification

Botham bowled for Somerset cricket club in the 1980s 

… …

words pos tags

NNP      VBD    IN     NNP          NN    NN  IN  DT  NNS

suffix caps hyphen

MLP   I-ORG



The MLP Classifier

one-hot input

embedding

matrix

… …

… …

dense input

… … …

hidden layer
… …affine trans +


non-linearity

I-ORG, I-LOC, I-PER, I-TIME, O

softmax

probabilistic

output

linear trans …
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Word Embeddings

Botham bowled for Somerset cricket club in the 1980s 

curr_word

NNP      VBD    IN     NNP          NN    NN  IN  DT  NNS

wi = f i E

 is the embedding for the ith wordwi

f i      is the one-hot vector for the ith word

E      is the word embedding matrix (lookup table)

wi 2 R1⇥n, f i 2 {0, 1}1⇥|V |, E 2 R|V |⇥n



Word Embeddings

one-hot input (learnable) embedding

matrix word embedding



The MLP Classifier
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The MLP Classifier

one-hot input

embedding

matrix

… …

… …

dense input 

… … …

xi = [ewi�bk/2c ; . . . ; ewi�1 ; ewi ; ewi+1 ; . . . ; ewi+bk/2c ; swi ; cwi ;hwi ]

; is concatenation, k is the window size

(xi)
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The MLP Classifier

… …dense input

hidden layer
… …affine trans +


non-linearity

hn
i = S(hn�1

i Wn + bn)

h1
i = S(xi W

1 + b1) xi 2 R1⇥N , W1 2 RN⇥h1

, b1 2 R1⇥h1



The MLP Classifier

one-hot input

embedding
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… …

… …

dense input

… … …
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… …affine trans +
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The MLP Classifier

hidden layer

I-ORG, I-LOC, I-PER, I-TIME, O

softmax

probabilistic

output

linear trans …

y = hm
i U U 2 Rhm⇥|L|

m is the number of layers, L is the NER label set

Lj = P (Lj) =
eyj

P
k e

yk

hm
i

U
y

L



Supervised Training

bowled for Somerset cricket club I-ORG
for Somerset cricket club in          I-ORG
Somerset cricket club in the         I-ORG

Botham bowled for Somerset cricket  O

cricket club in the 1980s                      O

 Ian Botham bowled for Somerset        O

• (Context, Label) pairs for training data



Supervised Training
• (Context, Label) pairs for training data


• Maximize log-likelihood of the training data


• Initialize all parameters


• Calculate gradients (using a subset of the data)


• Update parameters


• Repeat



Supervised Training

… …

… …

… … …

… …

I-ORG, I-LOC, I-PER, I-TIME, O

…

Botham bowled for Somerset cricket club in the 1980s 

Backward pass (backprop) calculates gradients
Forward pass calculates loss

Gradients used for parameter updates
Correct

answer



A State-of-the-Art System

Taken from Chiu and Nichols (2016)



Some State-of-the-Art 
Numbers

Taken from Chiu and Nichols (2016)
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