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Introduction

What is Named Entity Recognition?

e The task of identifying person names, location names, organization names
and other miscellaneous entities in a given piece of text.

e Example:
o Malinga omitted from squad for Pakistan ODIs

Malinga will be tagged as Person and Pakistan as Location entity



You thought NER was trivial

“will will smith smuth?” is a grammatically comect
sentence

s0 is “Will Smith will smith.”

Smith Will Smith will

| also just realized this could be a conversation
Will Will Smith smith?
Will Smith Will Smith
"Yoda nods in agreement™ Smith Will Srith waill

imagine someone who isnt that good at english reading this and st thinking
“what is wrong with these pegple’

more ¢



Challenges

e Named Entities are ambiguous
o | wentto Washington
o | met Washington

e Named Entities form an open class
o DBox8

Alphabet

(@)
(@)
(@)



Challenges

List of Unique/Crazy Person Names

e Ahmiracle e Apple

e Anna... e Facebook

e ['munique e Danger

e Baby Girl e Colon

e Abcde e Mercury Constellation Starcuiser
e North West e Pilot Inspektor
e Melanomia e Rage

e Heaven Lee e Billion

e Tu Morrow e Audio Science
e Moxie Crimefighter e Sadman

e Abstinence e Hashtag

Source: http://www.momjunction.com/articles/worst-baby-names-in-the-world_00400377/#gref®



Traditional ML Approaches
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Problem Formulation

Given a word sequence ( W, W,, ..., w, ) find the most probable tag sequence
(y17 yg! e yn)

i.e, find the most probable entity label for every word in the sentence

Best Tag

V'=P(Y., VY, e , Y | W, , W, ..., W)
Sequence 1772 nt ot n

Why sequence labeling and not classification task?
Sequence labeling performs better at identifying named entity phrases
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Problem Formulation (CRF)

Given a word sequence ( W, W,, ..., w, ) find the most probable tag sequence
(y11 )/2, e yn)

PCylw)=exp (2" 2 Af (VY .X))

Here, f (y,. Y., X ) is a feature function whose weights A, needs to be learned during training

The feature function is used to define various features
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Typical Features

Word Features
Subword Features
Context Words
POS Tag
Gazetteers

Suffix Gazetteers

Handcrafted Features
o Does the word begin with an uppercase character?
o Contains any digits?
o  Contains special characters?
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Why Deep Learning?



Why Deep Learning?

e Neural networks provide an hierarchical
architecture

e Lower layers of the network can discover
subword features

e Layers above it can be used to discuss word
specific features

e The higher layer can use the information
coming from lower layers to identify named

entities

NER Tagging

POS Tagging

Morphology
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Word Embeddings

2-d plot of word embeddings annotated with named entity tags

e Plot of word Spectral word embedding for
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Deep Learning Solutions



We have looked at various neural network architectures

What are the important features for NER?

What neural network architectures can we use to make the model learn these
features?
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Deep Learning Model for NER Timeline

Model Subword Word

CNN Bi-LSTM CNN Bi-LSTM

Hammerton [2003] v
Collobert et al. [2011] v
dos Santos et al. [2015] v (V4
Huang et al. [2015]

Chiu and Nichols [2016] v

Murthy and Bhattacharyya [2016] v

Lample et al. [2016] (V4

Ma and Hovy [2016] v

SR XN X /X X

Yang et al. [2017] v



Deep Learning Model for NER [ Murthy and Bhattacharyya [2016]]

e Given a dataset D consisting of tagged sentences

o LetX= {x,, X, ..., X} be the sequence of words in a sentence
o LetY={y,v, ...,y } bethe sequence of corresponding tags
e Goal is to maximize the likelihood of the tag sequence given the word
sequence
o maximize P(Y | X)
o maximize P(y,, ¥,, ---» ¥ | X, Xy oo 5 X )
o  maximize TT_"P (y. | X;,X,, ..., X V. )

e \We maximize the log-likelihood for every tag sequence in the training data
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Deep Learning Architecture for NER
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Deep Learning Architecture for NER

The input to the model is words and the character sequence forming the word
One-hot representation of the word is sent through a Lookup Table

Lookup Table is initialized with pre-trained embeddings

Additionally character sequence is fed to CNN to extract sub-word features
The word embeddings and sub-word features are concatenated to get final
word representation

This representation is fed to a Bi-LSTM layer which disambiguates the word
(w.r.t NER task) in the sentence

Finally, the output from Bi-LSTM model is fed to softmax layer which predicts
the named entity label

21



Word Embeddings

e Word embeddings represent words using d-dimensional real valued vector

e \Word embeddings exhibit the property that named entities tend to form a
cluster in the embedding space

e Providing word embedding features as input is more informative compared to
the one-hot representation

e \Word embeddings are updated during training

22



Subword Features

e \We use multiple CNNs of varying width to extract sub-word features

e Every character is represented using one-hot vector representation

e The input is a matrix with i"" row indicating the one-hot vector of i" character in
the word

e The output of CNN is fed to max-pooling layer

e \We extract 15-50 features from the CNN for every word

e This forms the sub-word features for the word
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Subword Features

e This module should be able to discover various subword features
e The feature could be capitalization feature, affix features, presence of digits
etc.
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CNNs to Extract Subword Features

How to go from
variable length to
fixed length
representation?

Simple Linear layer looking
at 3 characters at a time | L || i | | RS |
One-hot representation of G

the characters |||o|h|a|g|a|d|
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CNNs to Extract Subword Features

How to go from
variable length to
fixed length
representation?

What are we
expecting the
Subword Feature
Extractor to do?

Simple Linear layer looking
at 3 characters at a time | L || iy | | RS |
One-hot representation of G

the characters |||o|h|a|g|a|d|
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CNNs to Extract Subword Features

How to go from
variable length to
fixed length
representation?

ad$ —

gad What are we
aga expecting the
hag Subword Feature

Extractor to do?

Cluster all words
ending with the

suffix “gad”
together

Simple Linear layer looking
at 3 characters at a time | L || iy | | RS |
One-hot representation of ﬁ

the characters |||o|h|a|g|a|d|




CNNs to Extract Subword Features

Select most of the
features from the
ngrams gad and

ad$

How to go from
variable length to
fixed length
representation?

ad$

gad What are we
aga expecting the
hag Subword Feature

Extractor to do?

Mo
Cluster all words
Simple Li I looki ending with the
a1 3 characters al a fime. Ly | [, | [w, | suffix “gad”
together
One-hot representation of ﬁ
the characters | I | o | h | a | g | a | d |
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CNNs to Extract Subword Features

Select most of the
features from the
ngrams gad and

ad$

How to go from
variable length to
fixed length
representation?

ad$

gad What are we
aga expecting the
hag Subword Feature

Extractor to do?

Mo
Cluster all words
Simple Li I looki ending with the
a1 3 characters al a fime. Ly | [, | [w, | suffix “gad”
together
One-hot representation of ﬁ
the characters | I | o | h | a | g | a | d |

Use

Max-Pooling
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CNNs to Extract Subword Features

Simple Linear layer looking
at 3 characters at a time

One-hot representation of
the characters

Max
ad$ ——  Pooling
gad
aga
hag o O
loh
Mo

i)

[|w1||w2||w3|]

)

[t Jofh[afgfald]
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CNNs to Extract Subword Features

e Use CNNs to extract various sub-word features

e By extracting, we mean word with similar features to be closer in the feature
space

e The features could be capitalization features, similar suffixes, similar
prefixes, all time expressions, etc.

e This is similar to say suffix embeddings except that the suffix pattern is
discovered by the model
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Subword Features
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Plot of subword features for different
Marathi words

We observe that the CNN was able to
cluster words based on their suffixes
The CNN model was able to cluster
words with similar suffixes
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Bi-LSTM Layer

We have observed that both word embeddings and subword features are able
to cluster similar words together

All location names forming a cluster in word embedding space

All words with similar suffixes forming a cluster in the sub-word feature space

This acts as a proxy feature for suffix features used in traditional ML methods

Till now we have looked at only global features

What about local features like contextual features?
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Bi-LSTM Layer

The word embeddings and extracted sub-word features give global
information about the word

Whether a word is named entity or not depends on the specific context in
which it is used

For example,
o | went to Washington
o | met Washington

The Bi-LSTM layer is responsible for disambiguation of the word in a
sentence
Here the disambiguation is w.r.t named entity tags

34



Bi-LSTM Layer

Given a sequence of words, {x, x,, ..., x } the Bi-LSTM layer employs two LSTM
modules
The forward LSTM module reads a sequence from left-to-right and
disambiguates the word based on left context
The forward LSTM extracts a set of features based on current word
representation and previous word’s forward LSTM output

o hl=f(x,h"
Similarly, backward LSTM reads sequence from right to left and

disambiguates the word based on right context
o hJ=f(x,h")

35



What does Bi-LSTM Layer compute?

o (& o LOC

() ()0 ) [ sonmeioe
t + 1t 1

_ e
( wWord and Sub-word
Feature Extractor

Revisiting the Deep Learning Architecture for NER
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What does Bi-LSTM Layer compute?

L)) ) Grsessansm
t ¢+t 1

Revisiting the Deep Learning Architecture for NER
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Bi-LSTM Layer

e The Bi-LSTM layer extracts a set of features for every word in the sentence
e We will now call this representation as instance-level representation

e Consider the sentence snippets,
o AT H 3T U2 & SATR drax &7 ...

m Currently Jaunsar Bavar area of Uttar Pradesh ...

o ... HTas[g ¢ IS YIcHTTRd ( HlTSTsleh ) 3eI WTo el g3im

m even after that no satisfactory answer was obtained
e The word 3ax will now have two instance-level representations one for first
sentence and the other for second sentence
e We will now query the nearest neighbors for 3 using instance-level
representations from both sentences
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B-LSTM Layer

Word Embedding Sentence 1 Sentence 2
Neighbors Score Tag Neighbors Score Tag Neighbors Score Tag
g 0.8722 - 3 0.9088 LOC 3T 0.9183 O
qieaH 0.8596 - 3T 0.9033 LOC 3T 0.9155 O
HEY 0.8502 . faesa 0.8669 LOC 3 0.9137 O
Fre) 0.8432 - IREE] 0.8641 LOC | 3™ 0.9125 O
3eudel | 0.8430 - fhealx 0.8495 LOC 3T 0.9124 O

e The table shows the nearest neighbors (using cosine similarity) for the ambiguous word 3dX using
instance-level representation
e Insentence 1, the nearest neighbors are all location entities
e In sentence 2, we observe different instances of 3<I¥ appearing as nearest neighbors
o All the instances of 3aX takes the answer meaning as in ... f& 3a% g aTel cJfFT ..



Analyzing Bi-LSTM Layer

3dY

3dY

Neighbors

0.9183

0.9155

0.9137

0.9125

0.9124

Score

Sentence 2

Tag

o o o o O

Sentence

& 39X &1 aTer <afad

I8N 3TN &3 9eq
39 S el A
TEN 37X T FeHT=TT

T M IR AT

e In sentence 2, we observe different instances of 3<IX appearing as nearest neighbors
o All the instances of 3aX takes the answer meaning as in ... f& 3a% g+ aTel SJfFT ..
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Softmax Layer (Linear + Softmax)

e The output from Bi-LSTM module and correct previous tag is fed as input to
Softmax layer

e The correct previous tag is crucial in identifying the named entity phrase
boundaries

e During testing, we do not have previous tag information

e \We use beam search to find the best possible tag sequence
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Results

e \We perform the NER experiments on the following set of languages

Language
English
Spanish
Dutch
Hindi
Bengali
Telugu

Marathi

Dataset
CoNLL 2003 Shared Task
CoNLL 2002 Shared Task

CoNLL 2002 Shared Task

IJCNLP 2008 Shared Task

In-House Data
42



Results

e The following Table shows the F1-Score obtained using the Deep Learning

system
Language F1-Score
English 90.94
Spanish 84.85
Dutch 85.20
Hindi 59.80
Marathi 61.78
Bengali 43.24
Telugu 21.11




Demo
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Thank You
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Questions?
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