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Common NLP Tasks

* Word-level Tasks
* Understanding word synonyms, word senses...

* Sentence/Document Classification
* Sentiment Mining, Fake news detection, Racist tweet classification

* Sequence Labeling
* POS Tagging, Noun Phrase Chunking, Named Entity Recognition

* Parsing: converting sentence to its syntactic structure

* Generation Tasks
* Machine Translation, Summarization, Dialogue Systems
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Main Challenge in Text Data

* Input (sentence) is variable length

* Classification: Output may be a single bit

This book is a fantastic read. Model Positive
This movie should never have been made. Negative

* Sequence Labeling: Output may be a sequence of same length as input

Rama killed Ravana with an arrow. Model NNP VBD NNP PREP DT NN

* Generation: Output may be sequence of length different from input

Rama killed Ravana with an arrow. Model JH o Teh dX I JJUT Y Il T



Dealing with Sequences

* For an input sequence x1,...,Xn, we can:

If nis fixed: concatenate and feed into an MLP.
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Some of these approaches consider local word order

How can we consider global word order?
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Recurrent Neural Networks (Encoder)

* Model to handle variable length input with global word order:
* Parameters/model cannot be position dependent
 Same computation will be repeated at every position

v(This) v(This book) v(This book is)

RNN RNN

v(This) v(book) v(is)




Recurrent Neural Networks (Encoder)




Recurrent Neural Networks (Encoder)

Y, output

Vv, = Rdout
S, = Rdstate

RNN(S¢—1,X¢) = St, Yt

prev
state

St = R(S¢—1,X¢)

Vi = 0(st)

* They are called recurrent nets
* because the same computation recurs at each position

* There's a vector y; for every prefix xq.; parameters
don’t depend ©

on position



Unrolling an RNN

This movie

should

never




Yy, depends on X, .,

Vi = 0(st)
St = R(St-1,X¢t)
= R(R(S¢—2, X¢—1), X¢)
= R(R(R(S¢—3, X¢t—2), Xt—1), X¢)

= R(R(R ...R(sg, X1),X2), ...), X¢)



Yy, depends on X, ,

Ve = 0(s¢)
St = R(S¢—1, X¢)

= R(R(St-2,Xt-1), X¢)
= R(R(R(St-3,Xt-2), Xt-1), X¢)

= éER(R ..R(S5g,%1),Xx3), ...), X¢)

Ve = 0(S¢)
5. = RNN (s, X1.¢)

Classification: To make a single bit prediction for the full sentence decode vy,



Sentiment Classification

never




Sentence Classification (Sentiment Mining)

p(pos.)

2-layer MILP
- sigmoid/softmax

Y7

This movie should never have been made



Training: BPTT e Loss
Backpropagation through Time d(‘ |
POS.
oL Decode

% output

Y7
S 0= C0 - CO S Gl CI = O

This movie should never have been made



Building a Simple RNN

What are good functions for Rand O ?

Suggestion 1. s; = S;_1 + X
What are the parameters?
Problem?

Suggestion2: s; = tanh(s;_; + x; + b®)
Problem?

St = R(S¢—1,X¢)

Ve = 0(S¢)




Building a Simple RNN

St = R(S¢—1,X¢)

Ve = 0(S¢)

* What are good functions for Rand O ?

* Suggestion 1:s; = S;_1 + X¢
* Problem?

 Suggestion2: s; = tanh(s;_; + x; + b®)
* Problem?

e Elman’s RNN: St = tanh(WSSt_l + Wxxt + bS) —_— 5t = R(St—l' xt)
yt — tanh(WySt ~+ by) C—— yt — O(St)



Sequence problems

* Many problems in NLP have data which is a sequence of characters, words,
phrases, lines, or sentences ...

* We can think of our task as one of labeling each item

VBS NN LN DT NN Ny e B LB 8 e e

Chasing  opportunity in upheaval ﬁﬁ 7[;5 y_J‘ 0 3( ﬂ;b l:ll:l[II Hﬁ El/j ,f“
POS tagging Word segmentation

Q
m_mnmm L Text
Murdoch  discusses future News Corp. 2 segmen-

A tation
Named entity recognition Q

A




POS Tagging

DT NNP NN VBD VBN RP NN NNS
The Georgia branch had taken on loan commitments ...

DT NN IN NN VBD NNS VBD
The average of interbank offered rates plummeted ...



POS Tagging Ambiguity

 Words often have more than one POS: back
=JJ
= NN
= RB
= VB

* The POS tagging problem is to determine the POS tag for a particular
instance of a word.



Named Entity Recognition (NER)

* A very important sub-task: find and names in text,
for example:

* The decision by the independent MP Andrew Wilkie
to withdraw his support for the minority Labor
government sounded dramatic but it should not
further threaten its stability. When, after the 2010
election, Wilkie, Rob Oakeshott, Tony Windsor and the
Greens agreed to support Labor, they gave just two
guarantees: confidence and supply.
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Named Entity Recognition (NER)

* A very important sub-task: find and names in tex
for example:

* The decision by the independent MP

Person
t;
Location
Organi-
zation

to withdraw his support for the minority Labor
government sounded dramatic but it should not
further threaten its stability. When, after the

election, Wilkie, Rob Oakeshott, Tony Windsor and the

Greens agreed to support Labor, they gave just two
guarantees: confidence and supply.




The Named Entity Recognition Task

Task: Predict entities in a text

Foreign ORG
Ministry ORG
spokesman O
Shen PER

} Standard
Guofang PER evaluation
told O IS per entity,

Reuters ORG not per token

O



Precision/Recall/F1 for IE/NER

* Recall and precision are straightforward for tasks like IR and text
categorization, where there is only one grain size (documents)

* The measure behaves a bit funnily for IE/NER when there are
(which are common):

* First Bank of Chicago announced earnings ...

* This counts as both a fp and a fn
e Selecting nothing would have been better

 Some other metrics (e.g., MUC scorer) give partial credit (according to
complex rules)



Encoding classes for NER

1O encoding |OB encoding
Fred PER B-PER
showed O O
Sue PER B-PER
Mengqiu PER B-PER
Huang PER I-PER
‘s O O
new O O
painting O O

Practically negligible differences in performance. BIO is more standard..



Simple RNN for Sequence Labeling

* ElIman’s RNN: s; = tanh(W?®s;,_; + W*x; + b°>)
y; = tanh(WYs; + b”)



RNN Transducer for Sequence Labeling (POS Tagging)

p(?Osl) p(P‘OSz) p(PIOsg) p(P‘OSz;) p(PIOSS) p(P‘Ost) p(?OSy)
Y1 Y> VE! Yq Ys Ye Y7
2 RNN s RNN B RNN 2| RNN > m % RNN

This movie should never have been made



RNN - Bidirectional RNN

* An RNN s, encodes all history x,, .

* But, future can also help in making a prediction

 Example: “the length is 6 hours” vs. “the length is 6 metres”
* A bidirectional RNN runs two unidirectional RNNs

* The final state encodes x,..,and x,.;



Bidirectional RNN

p(POS,) p(POS,) p(POS;) p(POS,) p(POS;) p(POS,) p(POS,)

RNN 4 RNN

This movie should never have been made



Bidirectional RNN

p(POS,) p(POS,) p(POS;) p(POS,) p(POS:) p(POS) p(POS,)

o

This movie should never have been made



Bidirectional RNN

p(POsl) p(POSz) p(POsg) p(POS4) p(POSs) p(?Oss) p(?Osy)
+Z1; Y1 222 ;Y2

o

This movie should never have been made

Infinite window around a word



Bidirectional RNN for Classification

p(class)
é Y7

(o

This movie should never have been made



ElIman’s RNN

e s, = tanh(W?°s;_; + W*x; + b°>)
e v, = tanh(W”Ys; + b”)

* Theorem: Any non-linear dynamical system can be approximated to any accuracy
by an Elman’s RNN, provided that the network has enough hidden units.

* Just because it can approximate it, doesn’t mean it knows how to!
* In practice: ElIman’s RNN is very hard to train
* This is because of vanishing/exploding gradients!

T

T
dL _ 2 dL O0dsy 1—[ JR(s;_1,x;) s
aWs dsr dWs dd;

k=1 1=k+1




Vanishing Gradients "

Rsrnn(Si—1,Xi) = tanh(W?®-sj_1 + W* . x; + b®)

T
JdL L
00 Lu0d6
t=1
T
oL Z((’?L 0Sr 0sk>
s S
aw £t dsr 0s; oW
T
dsr 1—[ ds;
ds, 0s;_,

i=k+1
T

T
oL ZZ dL 0Jsy 1_[ OR(S;—1,%;) s
oWs 6ST ows adl

k=1 i=k+1




A Memory View of EIman’s RNN

e s, = tanh(W?°s;_; + W*x; + b°>)
e v, = tanh(W”Ys; + b”)

* Think of RNN as a computer. Input (x,) arrives. Memory s gets updated

* In ElIman RNN entire memory is rewritten at every time step!
* There is no explicit inertial

* Memory predicts the output PLUS maintains the history
* |deally those two calculations should be separated.




Selectivity to Control Writing

* Write Selectively: when taking class notes, we only record the most
important points; we certainly don’t write our new notes on top of our old
notes

* Read Selectively: focus on most relevant new knowledge

* Forget Selectively: in order to make room for new information, we need to
selectively forget the least relevant old information



Building Towards LSTM

* Main Idea: control the reading and writing of memory

sy = tanh(W?®s;_; + W*x; + b>)

e

write (current) memory

We'd like to:

read (previous) memory write (current) input

* Selectively read from some memory "cells".

* Selectively write to some memory "cells".

* Selectively write from the “input”.




Building Block: Vector of Gates

* Read/write selectivity

5 1 5
(element-wise —2 0 0
multiplication) 12 0 0 _{ 0
Hadamard product | 4.2 1 4.2
—7 1 —7
11 0 0

vector Aes gate controls access Si_q € Rdstate

s;_10g g € {Ojl}dstate



Gating to Control Access in an LSTM

* Main Idea: control the reading and writing of memory

dstate
St = St-10Of + x O f €01

i € {0,1}dstate
/ \

forget gate input gate
what to forget/remember? what to write from the input?



Building Block: Problem with 0-1 Gates

* They are fixed
* They don’t depend on inputs or outputs

 \We need to make them differentiable!

* Solution: make the gates “soft” and “input dependent”

e Instead of f € {0,1}95¢%t¢ use f € [0,1]9state
* Moreover, compute f = o(Ws;,_y + W'x; + b)

d —~—

sigmoid 2 dependent on state & input
number between 0 and 1



Differentiable Gating to Control Access in an LSTM

* Main Idea: control the reading and writing of memory

dstate
St = S—10ft + x Ol fe € 10,1]

/ ‘\it = [O’l]dstate

time-dependent soft time-dependent soft
forget gate input gate

fi= oW sy + W x, + b))
ir = o(WSts;_; + W¥x, + b')



Differentiable Gating to Control Access in an

* Not a good idea adding input to state

LSTM

_ foxt -

Se=S=1Ofr 2O fo=o(Ws_; -

—bf)

it — O-(WSiSt_l —+ lext + bl)

St = St—10Of¢ + 5:O1;

St = O(St-1,X¢) \

proposal for new state




From Elman RNN to Prototype LSTM

* RNN: s, = tanh(W?®s,_; + W*x; + b*)
yt — tanh(WySt T by)

* Prototype LSTM:
St = St—10f¢ + 501,

S, = tanh(W?®s;_{ + W*x; + b°>)
y, = tanh(W?Ys, + b¥) Problem: same s; will be
used for output and

_ Sf xf f
fo= o(Ws;y + W x, +b7) maintaining state

it — O-(WSiSt_l ~+ lext + bl)



Prototype LSTM =2> LSTM by Splitting the State

* Prototype LSTM: * LSTM:

S, = tanh(W?®s;_{ + W*x; + b°>) ¢; = tanh(W>h;_{ + W*x; + b°>)
St = Se-10fe + 5,0k Ct = C—1Of + G OL

h; = tanh(c;)®o;

ft — O-(WSfSt_l + foxt _I_ bf) ft — O—(Wtht_l _|_ foxt + bf)
Ly = U(WSlSt_l + W*x, + b‘) i, = U(WSiht—1 + Wxixt n bi)
Ot = O-(Wsoht_l + onxt + bo)

. internal/cell state o .
/ Asssumption: information

irrelevant for previous output is
irrelevant for gate computation

St
N h;: output state/state



LSTM

¢; = tanh(W>h

t—1 + Wxxt + bS)

Ce = Ct—1Of¢ + ¢ Ol
h; = tanh(c¢;)®o;

ft = O-(st_ht—l §
it — O-(WSlht_l ~

B foxt + b'f)
B Wxixt + bl)

Ot — O-(WSOht_l T onxt T bO)




LSTM
Yi




Less Problem of Vanishing Gradient

Ct = Ce—1Of + C:O1;
ft — O-(Ws‘fht_l + foxt ‘I‘ bf)

dc %) dcy_ di dc
t ftCt—1+ t1ft_|_ t&,t_l_ t

d¢Ct_q \aCt—1

Initialize such that f, 21
=> b/ =1 or more

— i,
dci—q1  0Ct—1q dcp—q



GRU (Gated Recurrent Unit)

* Impose a hard bound on the state & coordinate writes and forgets by
explicitly linking them

* instead of selective writes and selective forgets, we do selective overwrites
* by setting our forget gate equal to 1 minus our write gate



GRU (Gated Recurrent Unit)

blend of old state and

proposal state
sj = Raru(sj—1.X;) =(1 —z) ©sj_1 + 2O s;



GRU (Gated Recurrent Unit)

blend of old state and

proposal state
sj = Raru(sj—1.X;) =(1 —z) ©sj_1 + 2O s;



GRU (Gated Recurrent Unit)

Sj = RGRU(Sj—l- Xj) =(1—2z)©® Sji—1 T Z ® SJ

gate for controlling z =0(x;W** +5;_1 W™+ b?)
the blend



GRU (Gated Recurrent Unit)

81 = RGRU(Sj—l- Xj) :(1 — Z) O Sji—1 +z® SJ

gate for controlling z =0(x;W** +5;_1 W™+ b?)

the blend =0 (x;WX* + i1 W 4 by)



GRU (Gated Recurrent Unit)

sj = Raru(sj—1.X;j) =(1 —2) ©sj_1 + 20 s;

gate for controlling z =0 (x;W** 4 5;_1 W+ b?)

gate controlling effect r =o(x;W*' +s;_1 W™ +b)

of prev on proposal:
s; = tanh(x; W*° —I—O 1 JW?=2 + b?)



GRU (Gated Recurrent Unit)

e The GRU formulation.

Sj — RC:RI_T(S‘]—].X‘]) :(1 - Z) 'x?' Sj_]_ _l_ Z 'm.?' s'-_]
z =0(x;W** 4 s;_1 W)
I :U(ijxr + sj_IWS")

s; =tanh(x;W™** + (r @ s;_1 ) W?=%)



Other Variants

* Many other variants exist.

* Mostly perform similarly to each other.
 Different tasks may work better with different variants.

 The important idea is the differentiable gates.



Deep LSTMs

(a) Conventional stacked RNN



Deep Bi-LSTMs

5 —
5 p—1

b
B —

- BI,

. BI, L




Pooling in RNNs (2020)

Why and when should you pool?
Analyzing Pooling in Recurrent Architectures

Pratyush Maini', Keshav Kolluru', Danish Pruthi‘, Mausam'
"Indian Institute of Technology, Delhi, India
*Carnegie Mellon University, Pittsburgh, USA
{pratyush.maini, keshav.kolluru}@gmail.com,
ddanish@cs.cmu.edu, mausam@cse.iitd.ac.1in



Sentence Representation: Pooling in RNNs

* Encoding a single vector is too restrictive.
Instead of producing a single vector for the sentence,
produce one vector for each word.

* But, eventually need 1 vector.
Multiple vectors = Single vector

You can’t cram the meaning of —> Pooling
the whole *%#@ing sentence
in a single *%#@ing vector.




Pooling

) emb

t
max (or mean)




Vanishing Gradients @~Start of Training

— MaxAtt — BiLSTM —— MeanPool
—  Att — MaxPool e BILSTM; e

1073
— 1076
T
Ol
— 107°

0 20 40 60 80 100
Word Position

(a) Gradient Norms



Vanishing Ratio

)

vanishing ratio (H ahm. p |/ ” ah,e,,d

1 _
10 Mmmm -100
® go0ee®

= é _evee*™® -90 <
7107 - . oSprHHHHHT =
o ® 2 -80
g HF ]
=70 <
g10°- \ M 1% =
© -60 ©
> <

- 50

0 200 400 600 800 1000
Training Batches

(b) BILSTM

— Vanishing Ratio ® Training Acc. + Validation Acc. B 1K B 20K



Size-Accuracy-Vanishing

Vanishing ratio Validation acc.

IK 5K 20K 1K 5K 20K

BiLSTM  5x107° 0.03 0.06 | 64.9 82.8 88.4
MEANPOOL 2.5 0.56 1.32 | 78.4 82.6 88.5
MAXPOOL 0.40 042 0.53 | 78.0 84.7 89.6
ATT 3.87 1.04 1.19 | 77.1 84.6 90.0
MAXATT 0.69 0.69 0.64 | 78.1 86.0 90.2

Table 2: Values of vanishing ratio as computed when
different models achieve 95% training accuracy, along
with the best validation accuracy for that run.



Important Words in Middle?

How well can different models be trained to skip
unrelated words?

3* length original

Left Original | Wiki ' Wiki

-\._ I,-"—"'q.

Mid Wiki  Original | Wiki

Right Wik L Wik || Original




Results

IMDb

IMDb (mid) + Wiki

IMDb (right) + Wiki

1K 2K 10K

1K 2K 10K

1K 2K 10K

BiLSTM 64.7 +23 75.0 £ 04 86.6 +038
MEANPOOL 73.0 +30 81.7 +0.7 87.1 +06
MAXPOOL 69.0 +39 80.1 +05 87.8 +06

49.6 +07 49.9 +05 50.3 +03
69.8 +21 76.2 +1.0 84.1 +07
64.5 +18 77.2 +£20 86.0 +08

53.5 £25 64.7 +28 85.9 +05
70.0 £1.1 76.8 £1.0 84.8 £09
65.9 +46 77.8 £09 87.2 +06

ATT 75.7 +26 82.8 +08 89.0 +03 | 75.0 +08 79.4 +08 86.7 +14 | 74.7 +14 80.2 +18 87.1 +10
MAXATT 759 +22 82.5 +04 885 +05 | 754 +24 80.9 +18 86.8 +05 | 77.9 +09 81.9 +05 87.2 +05
Yahoo Yahoo (mid) + Wiki Yahoo (right) + Wiki
1K 2K 10K 1K 2K 10K 1K 2K 10K
BiLSTM 38.3 +48 514 +21 635 +06 | 12.7 11 127 +11 114 +08 | 18.8 +25 37.3 +09 60.1 +15

MEANPOOL 48.2 +23 56.6 +05 64.7 +06
MAXPoOOL 50.2 +2.1 56.3 +£18 63.9 + 1.1
ATT 47.3 +22 54.2 +1.1 65.1 +15
MAXATT 51.8 +1.1 57.0 £ 1.1 65.1 +1.1

31.9 +23 43.1 £20 58.5 +06
33.0+10 40.1 +14 584 412
394 +05 45.1 +18 61.5 +17
39.6 +09 48.5 +06 62.2 + 16

33.9 +21 43.2 +1.0 58.6 +04
33.1 £25 41.2 +£09 60.9 +10
37.9 +14 47.6 £23 62.2 +09
40.3 +15 50.1 + 16 63.1 +07




Conclusions

* pooling mitigates the problem of vanishing gradients
* pooling eliminates positional biases

e gradients in BiLSTM vanish only in initial iterations, recover slowly during
further training

* We link the observation with training saturation to provide insights as to
why BiLSTMs fail in low resource setups but pooled architectures don’t

* BiLSTMs suffer from positional biases even when sentence lengths are
short: ~30 words

e pooling makes models significantly more robust to insertions of words on
either end of the input regardless of the amount of training data
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