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Best scores of the two filters:
to what extent they match
anywhere in the sentence.

..........................................................
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Convolutional Neural Networks

+ activation function

convolution

\

Sentence matrix
T3¢:5h

Rows are word
: embeddings.

3
«
5
‘e

“ren d=5

ﬂ\

3 region sizes: (2,3,4)
2 filters for each region
size
totally 6 filters

Filter looking
for negative
bigrams like

29 ¢¢

: “never buy”, “not i

i get”, “dont like”.

Filter looking

for positive i .

: bigrams like “I +*
: like™, “I adore”.

1-max softma?( fu_nction
1 _Aooang | | e

ey gy [Eickasees |
roobmelic e N
A From “A Sensitivity Analysis of :
i (and Practitioners’ Guide to)
Convolutional Neural Networks i
for Sentence Classification”, i
Zhang et al., 2015.
http://arxiv.org/abs/1510.03820
feeeeemsaeemssrsmsseessseesssresssresssrenserensss

The numbers in each filter are

\ : learned by backpropagation.

The embeddings can also be
I : learned during backpropagation. :

Max pooling: Max score of the yellow

bigram filter. Best evidence that there

was a bigram like “I like” or “I adore”
anywhere in the sentence.

% How well the yellow bigram filter matched
<= T each bigram of the sentence (scores). : 9
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Convolutions on text — closer to reality

Words

like
this
movie

very

much

Embeddings
dq d, ds dy
X1,1 X1,2 X1,3 X1,4
X2,1 X2 2 X23 X2 4
X31 X3 2 X33 X3 4
X41 X4,2 X4,3 X4,4
X511 Xs5,2 Xs5,3 Xs5,4
X6,1 X6,2 X6,3 X6,4
X71 X7.2 X7.3 X7 4
A bigram filter
W11 Wi2 Wi3 W14
W31 W32 W3 3 W3 4

ReLU(wx + b)

T _
X = (x1,1;x1,2;x1,3; ---»x2,3:x2,4>

W = <W1,1: W12, W13, .., W23, W2,4>
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Convolutions on text — closer to reality

Words

like
this
movie

very

much

Embeddings
dy d; d3 dy
X1,1 X1,2 X1,3 X1,4
X2,1 X2,2 X2,3 X2,4
X3,1 X3,2 X3,3 X3,4
X4,1 X4,2 X4,3 X4,4
X5,1 X5,2 X5,3 X5,4
X6,1 X6,2 X6,3 X6,4
X7,1 X7,2 X7,3 X7,4
A bigram filter
W11 Wi,2 W1,3 W1,4
W21 W22 W23 W2 4

ReLU(wx + b)

T _
X = (Xz,l;xz,z»xz,s: ---;x3,3;x3,4>

W = <W1,1: W12, W13, .., W23, W2,4>
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Now applying three bigram filters

Embeddings
WOl‘dS dl dz d3 d4
I X1,1 X1,2 X1,3 X1,4
like X X X X
2,1 2,2 2,3 24 h, = ReLU(Wx + b) e R3*1
this X31 X3 2 X33 X3 4 T 1x8
. ‘ ‘ - - X = (lel, Xle, cen X3’3, X3’4_> e R
movie x4,1 x4,2 x4,3 x4’4
very X5 1 Xs5,2 Xs5,3 X5,4
much X6,1 X6,2 X6,3 X6,4
! X71 X7.2 X7.3 X7.4
Wi11 Wi1i12 W113 -« Wi23 Wi24 b4
_ 3x1
W= |[W211 Wz12 W13 ... W23 Wi4| € R3*8 b=|b,]ER
Wsz11 W312 W313 ... W333 W34 b3
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Applying 3 bigram filters

Embeddings
WOl‘dS dl dz d3 d4
I X1,1 X1,2 X1,3 X1,4 .
. — 3X1
like X211 X22 X23 X2 4 h, = (hz,l» h2,2»h2,3> €ER
this X31 X3 X33 X3 4
movie x4,1 x4,2 x4,3 x4’4
very Xs5,1 X5 2 X5 3 Xs5,4
mU.Ch x6,1 x6,2 x6,3 x6’4
! X71 X7.2 X7.3 X7.4
Wi11 Wi1i12 W113 -« Wi23 Wi24 b4 ;
_ X1
W= |[W211 Wz12 W13 ... W23 Wi4| € R3*8 b=|b,]ER
Wsz11 W312 W313 ... W333 W34 b3
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Applying 3 bigram filters

pmax — (maX(h*,1) , max(h*lz) ) max(h*,3)>T
>,

Embeddings global max F .............. KN :
. : Peature vector :
dl dz d3 d4 pOOIIHg - sent _tO a :
T & classifier,
| xp | oms | x| =gl hyg) freeressor e
X2,1 X2,2 X2,3 X2.4 h, = (hz,l» h2,2» h2,3>
T
x3,1 x3,2 x3,3 x3,4 h3 - <h3,1, h312, h3’3>
T
X X X X _
4,1 4,2 4,3 4,4 h4 = <h4’1, h4’2, h4’3>
Xs5,1 X5 2 X5 3 X5 4
X6,1 X6,2 X6,3 X6,4 .
X71 X7.2 X7.3 X7.4 h7 — <h7 1 h7 21 h7 3)
Wi11 Wi1i12 W113 -« Wi23 Wi24 b4 ;
_ x1
Wy11 Wa12 W13 ... W23 Wioa|l e R3%8 b=|b]€R
Wsz11 W312 W313 ... W333 W34 b3
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Stacked CNNs for classification/regression

hMmax = <max (h( )) max (hgz)) max(h( ) > e RIxm

'.
G
e,
L]
L]
L]

global max Feature vector sent to a
: : document classifier or regressor :
pooling ; (e.g., MLP). '

pad p® p®D p® & @ @ @ pad | 4" convolution layer (m filters) £

h(4) pad i 3 convolution layer (m filters) :
n cnnnnnnnnnn

pad h§2) hgz) h(Z) hf) hz(SZ) h(Z) hng) pad i 2nd convolution layer (m filters)

pad D KT R D D D, A pad f Dconalution layer (n fler)

pad x; X, X3 X4 Xg oo Xp_q X, pad i m-dimensional word
: embeddings

h(l) ReLU(W(l) Xi_1; Xi Xiv1] + b(l)) + xl e R"™*1

h(]) Rel.U (W(]) [h(f 1), h(] 1), h(] 1)] _I_b(]))_l_h(l 1) e RmMmx1

+1



Stacked CNNs for token classification

B-Pers I-Pers O B-Loc I-Loc [-Org QO <eeeeeeeee Predicted labels of words _
dense + dense + dense +
softmax softmax softmax
@ “ “ W " “ 4th1 t ..... N f 1 .........
pad hY Y hg hy”  hg he  hy pad convolution layer (m filters)

pad h§3) hES) h§3) hz(Lg) hz(sg) hS—)1 hg}) pad 3rdconvolut10nlayer(mﬁlters)

pad p® @ p@ @ @ @ @ pad § 2 convolution layer (m filters) :

pad D KT R D D D, A pad f Dconalution layer (n fler)

pad x; X, X3 X4 Xg oo Xp_q X, pad i m-dimensional word
: embeddings

h(l) ReLU(W(l) Xi_1; Xi Xiv1] + b(l)) + x; € RM*1

+1

h(]) Rel.U (W(]) [h(f 1), h(] 1), h(] 1)] _I_b(]))_l_h(] 1) e RmMmx1
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CNNs/RNNs that produce word embeddings
from character embeddings

Character-level J e . Character-level
representation representation -
----- 0
Max-pooling = = k== I — L et | R -E
' BiLSTM —

— 7 7 iy encoder BiLSTM |4» BiLSTM |«4» BiLSTM |4» BiLSTM
Convolution { y \ y

O R it i i e i WS S =

Character <
Embeddings

Character -

B n Embeddings
) K ) ) > ) ~ ) )
Padding | M a r Padding M a 3 k
T e - L. \ ) % J \ J e

(CNN-based character-level word representation) (LSTM-based character-level word representation)

Figure 2: Character-level word representations. This figure is also adapted from Reimers and Gurevych (2017a).

Z. Zhai, D.Q. Nguyen and K. Verspoor, “Comparing CNN and LSTM Character-
Level Embeddings in BILSTM-CRF Models for Chemical and Disease Named
Entity Eecognition”. 9th Int. Workshop on Health Text Mining and Information

Analysis, Brussels, Belgium, 2018. http://aclweb.org/anthology/W18-5605
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Recommended reading

* Y. Goldberg, Neural Network Models for Natural Language :
Processing, Morgan & Claypool Publishers, 2017.

o Mostly Chapter 13.

* Jurafsky and Martin’s, Speech and Language Processing 1s
being revised (3™ edition) to include DL methods.

o http://web.stanford.edu/~jurafsky/slp3/ (free draft)

* F. Chollet, Deep Learning in Python, 15t edition, Manning
Publications, 2017.

o 1%t edition freely available (and sufficient for this course):
https://www.manning.com/books/deep-learning-with-python

o See Chapter 6 for CNNs in Computer Vision.

o 2 edition (2022) now available, requires payment. Highly
recommended.
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