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NLP Neural Network Applications

» Language Models

- Word Embeddings

Tagging

Parsing

Sentiment

A neural network “dream
(Google Research)

Machine Translation
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Neural Network

input layer hidden layer
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Neural Network

imput layer  hidden layer  output layer
X h =f(WHXx) Yy =Vh
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Deep Feed-Forward Network




Output Layers

vector softmax




Backpropagation

mean squared error

oE
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. cross-entropy
- Gradient descent

- SGD, Adagrad, Adadelta, ...
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Feed-Forward Network Limitations

 Fixed-size input vector

 Fixed-size output vector

+ Fixed number of computational steps (layers)
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Recursive Neural Network (RecNN)

« One weight matrix (simplest version)

fIW(x1 @ x2))
- \
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Recurrent Neural Network

o(t) = g(Vs(t))

output layer o(t) 5

s(t) = f(Ulx(t) + Ws(t-1))

hidden layer s(t)
input layer x(t) —-
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Unfolded RNN
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Backpropagation Through Time

o(t-1)

* Problem: vanishing gradients



RNN Language Model

* As seen in Word Embeddings topic

I-th output = P(w; = i | context)
( output
(  hidden )
(Clwes) ) ((Clwea) ) ((Clwea) )

I read at my desk

I study at my desk

Bengio et al., 209?



Long Short Term Memory (LSTM)

forget gate
I self-recurrent

; " connection
memory cell . m » memory cell
input T T output

| |
Input gate output gate

* Preserves error to help with vanishing gradients

- Gate to keep or discard information

- Each cell has own set of learned weights
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Gated Recurrent Unit (GRU)
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(a) Long Short-Term Memory (b) Gated Recurrent Unit

Chung et al., arXiv 2014
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Tagging
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Tagging with Feed-Forward Network

Input Window

s word of interest

Text cat sat on the mat
Feature 1 wi wi ... wh
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Linza’f Collobert et al., JMLR 2011
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EMNLP 2014
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Tagging with RNN

e Task: detect and tag Direct Subjective Expressions, Expressive Subjective
Expressions

The committee ,  as usual ,  has
O O O BESE I_ESE O B_DSE

refused to make any statements

I DSE I DSE I DSE I_DSE IDSE O

Irsoy & Cardie, EMNLP 2014
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Deep Bidirectional RNN
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 Bidirectional RNN incorporates info from preceding and following words
* h= [Tfﬁ_] represents past and future around a word
e Deep (stacked) RNN

Irsoy & Cardie, EMNLP 201;45
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 Back to architectures for MT

 Encoder-Decoder Networks
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Constituent Parsing

NP /\ NP
I /\ /\

PRO V DT PRO PRO vV DT IN PRO

| shot an elephant in my pajamas. | shot an elephant in my pajamas.




Constituent Parsing with Feed-Forward NN

- Neural embeddings replace sparse features in CRF parser
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\ / (discrete)

Feature extraction (continuous)

Durret & Klein, ACL 2015
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Constituent Parsing with RecNN

« Used for re-ranking n-best PCFG parser output

Standard Recursive Neural Network Syntactically Untied Recursive Neural Network

Socher et al., ACL 2013
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Dependency Parsing

punct
root /g\\ Correct transition: SHIFT
nsubj Stack Buffer
A R e
ROOT He has good control . { ROOT  hasVBZ goodJJ | | control NN
PRP VBZ JJ NN «~" nsubj
He PRP
Transition Stack | Buffer A
[ROOT] | [He has good control .] | 0
SHIFT [ROOT He] | [has good control .]
SHIFT [ROOT He has] | [good control .]
LEFT-ARC (nsubij) [ROOT has] | [good control .] AU nsubj(has,He)
SHIFT [ROOT has good] | [control .]
SHIFT [ROOT has good control] | [.]
LEFT-ARC (amod) [ROOT has control] | [.] AUamod(control,good)
RIGHT-ARC (dob7j) [ROOT has] | [.] AU dobj(has,control)
RIGHT-ARC (root) [ROOT] | [ AU root(ROOT;has)

Figure 1: An example of transition-based dependency parsing. Above left: a desired dependency tree,
above right: an intermediate configuration, bottom: a transition sequence of the arc-standard system.

Chen & Manning, EMNLP 201331



Dependency Parsing with Feed-Forward NN

Softmax layer:
p = sottmax(Wah 00 00
Hidden layer: ( - | ]
= (Wz® + Wizt + Wiz' + b1)? bia ST o\ A
Input layer: [z¥, ¢, z'] [ - ‘ ~ O.. AN ]
words POS tags arc labels
Stack Buffer
Configuration ROOT has_VBZ good_ JJ control NN ..
' nsubj
He PRP

Chen & Manning, EMNLP 20134;



Dependency Parsing with RNN (v1)

Actions @@ ee - @ Correctness
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Yazdani & Henderson, CoNLL 2015
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Dependency Parsing with RNN (v2)

- Stack LSTM: adds stack pointer

push

Yo Y1 Y2
{ t {
f\\ } ,/f
PN A

Dyer et al., ACL 2015



Dependency Parsing with RNN (v2)

sentence: an overhasty decision was made
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Dyer et al., ACL 2015
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Machine Translation

Translation Model > Pieces of English > Language Model
p(f| e) p(e)

- 7

Decoder
argmax p(f|e)p(e)

French =2

-> Proper English

: 5
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And — —lLe S8 03 EG R
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program _f a the
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been ._/- mis program
implemented _.6 en has
application been
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Encoder-Decoder Network (RNN) (gen’l idea)

DECOder: Awesome sauce
Y2
Encoder ,-L
-
h, T h, T > <
_JoL WV e o)
0 > e
® O

N
ess) (eoss) (sess) prnts

Echt dicke Kiste entire phrase!

Example from Richard Socher lecture
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Encoder-Decoder Network (RNN) (v1)

- Used for scoring phrase pairs in phrase table of standard SMT system

Decoder

......
......
..............
-----
.....

Encoder
Cho et al., EMNLP 2014
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Encoder-Decoder Network (RNN) (v2)

« Used for direct translation with beam search decoder

 4-layer deep LSTM

* Input words Iin reverse order

<EOS>
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Sutskever et al., ANIPS 2014
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NLP Neural Network Applications
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