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Tobay WE WILL COVER

X CNN for Text Classification
o PyTorch Tutorial

X RNN for Text Classification

X Advanced CNN/RNN Architectures for NLP



CNN FOR TEXT CLASSIFICATION

Word-CNN
Dynamic-CNN
Char-CNN
Very Deep CNN



CoNvoLUuTIONAL NEURAL NETWORKS
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CNN IN NLP
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WoRrp—CNN

n x k representation of Convolutional layer with Max-over-time Fully connected layer
sentence with static and multiple filter widths and pooling with dropout and
non-static channels feature maps softmax output

“Convolutional neural networks for sentence classification” (2014)




WoRrp—CNN

activation function
convolution 1-max softmax function

oolin regularization
LS 9 in this layer

3 region sizes: (2,3,4) 2 feature
2 filters for each region maps for 6 univariate
i each vectors
region size concatenated
together to form a
single feature

vector

“A Sensitivity Analysis of (and Practitioners’ Guide to) Convolutional Neural Networks for Sentence Classification” (2015)
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WoRrp—CNN

activation function
convolution 1-max softmax function

oolin regularization
LS 9 in this layer

3 region sizes: (2,3,4) 2 feature
Sehtencermatrix 2 filters for each region maps for 6 univariate
7 x5 size each vectors
totally 6 filters region size concatenated
together to form a
single feature

“A Sensitivity Analysis of (and Practitioners’ Guide to) Convolutional Neural Networks for Sentence Classification” (2015)
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DyNamic CNN (DCNN)

Dynamic K-pooling Max-3
o Pooling Al 1TEHHB ==0tH HE £40| US pooling
o 2H0 Ol&4= Ct= CNNlayerZ & A=Kt
@)

- Max-5
pooling

“A Convolutional Neural Network for Modelling Sentences” (2014)


https://discuss.pytorch.org/t/resolved-how-to-implement-k-max-pooling-for-cnn-text-classification/931/5

CAN WE sTACK CNN DEEPLY?



VANISHING / EXPLODING GRADIENT

X & Ql:Internal Covariate Shift
o Network® 2t 9| activationOtCl input2| distribution0| EctXl= & &
X  ex)10-layer NN +sigmoid 2| 2t 2| activation

9 had mean 8
2r 10 had mean -9,




VANISHING / EXPLODING GRADIENT

Gradient & I => weight 200l E Gradient Jt &5 => HOI0|EJt LKl &S
== 2 F A= &)

Sweet spot!

Gradient O Gradient 0.25 Gradient O



How 1O AVOID VANISHING / EXPLODING GRADIENT

Proper initialization (weight ZJ| gt HZE5IH £ 3)
o Initialize weight within proper scale
o Ex) Xavier initialization

Skip Connection (gradient FlowS 0f2 2l S0 A GHLDF Z2H A S S HI0IEJF ZAHD
o Loss can be directly propagated to earlier layers
o  Ex) Residual connection, Highway network..

Different activation (gradient =1)
o Ex) RelLU variants (RELU, ELU, Leaky RELU, SELU.)

Normalization (Ol layer 2| 222 A& & 73})
o Add extra modules that normalize activations of previous layer
o Ex)Batch / Layer / Weight/ Instance / Cosine normalizations



REsibuaL CONNECTION

X  Add a skip connection!
X  Loss can be back-propagated directly to original input

weight layer

X
identity

“Deep Residual Learning for Image Recognition” (2015)



REsIDuAL CONNECTION AS ENSEMBLE

Building block

Skip
connection

Residual
module

ys = fs(y2) + 42 -+-(3)

ys = fa(f2(y1) + 31) + (1) + 91 ---(4)

= f.(f_’(fl(!/lﬂ + Yo) + fl ﬂ ’;’u) + !/n) T j_’( f[ ( ,"/'u.} + f_ln) + fl(,’/’u_} T+ Yo (5)

“Residual Networks Behave Like Ensembles of Relatively Shallow Networks” (2016)



REsIDuAL CONNECTION AS ENSEMBLE

“Residual Networks Behave Like Ensembles of Relatively Shallow Networks” (2016)



REsIDuAL CONNECTION AS ENSEMBLE

“Residual Networks Behave Like Ensembles of Relatively Shallow Networks” (2016)



AbvANCED REsibuaL CONNECTION

X Whatis the most effective combination of submodules?
o Residual connection, RELU, Batch Norm...

X  “Pre-activation” G
i
BN RelU

!
RelU

BN

Rel

X+l X/+1

(a) original (b) proposed

“Identity Mappings in Deep Residual Networks” (2016)



CHAR—CNN FOR TEXT CLASSIFICATION
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CHAR—CNN FOR TEXT CLASSIFICATION

Test Error (===
120t 2 & SEOIEI Y] — 3608t 2 &t
P

]
0
i)

W2v: pretrained word2vec Mod AG  Sogou . YelpP. YelpF.
S (= ol C BoW 3. )
LK: 2 & A2 @0 Y BoW TFIDF
s A = narams
Full: EH S=Ts I|> T ngrams TFIDF
Th: Thesaurus AtE Pazstmeats

4 1. ﬂt)
40.52

&2 HIOIEH A0l = n-gram TFIDF Ot & Al
Word-CNN / Char-CNN 20l = 2 XI0| 8is
o Parameter)t 28 HEHAM 22 &

o~ .'x-%q;.nb;q.r:_-t-muf
O~ 00 Lh o W~ o t

~ O 00 ¢
=) =}

Sm. Full C(m\

Lg. Full Conv. Th.

Sm. Full Conv. Th.

Lg. Conv.

Sm. Conv.

Lg. Conv. Th. 34
Sm. Conv. Th. 14 80

> Lh

o gl
= og LY

1.
1.
T
1.
]
1.
1
1
1
1
1
1
1
1
1
I
1
1.
1
1

4016 2984  40.43

5
Ch

“Character-level Convolutional Networks for Text Classification” (2015S)



VERY DEep CNN (VDCNN)
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X  SOTA (h-gram TF-IDF) = & X| 2&

“Very Deep Convolutional Networks for Natural Language Processing” (2016)

RelU

Temporal Batch Norm

3, Temp Conv, 256

RelU

Temporal Batch Norm

3, Temp Conv, 256




VERY DEep CNN (VDCNN)
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“Very Deep Convolutional Networks for Natural Language Processing” (2016)



SUGGESTION

Document

Sentences
lle|v]ell]_|s|e|n]tle|n|c|e].].|.

Stacked
1d convolutions & max pooling
layers

LT

Bidirectional
LSTM

= positive
Bidirectional .
LSTM

T~ negative

“Text Understanding from Scratch” (2015)



SUGGESTION

Document
Sentences

llelvlelll_|s|e|n|tle|n|cle].].].

Stacked

1d convolutions & max pooling
layers

LT

Bidirectional
LSTM

i
T

Intent 1

Intent 2

Bidirectional Intent 3
LSTM

Intent 4
Intent 5

“Text Understanding from Scratch” (2015)
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RNN FOR TEXT CLASSIFICATION

Bidirectional RNN
Recursive Neural Networks
Tree-LSTM
Dual-Encoder LSTM



RNN FOR TEXT CLASSIFICATION
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“CS231n: Convolutional Neural Networks for Visual Recognition” (2016)
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BIDIRECTIONAL RNN
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RECURSIVE NEURAL NETWORKS
X =29 EW%% oIy /=8H 2xE NE [ ]_)[ ]_)[ ]___)[ ]_>[ ]
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X  Recursive Neural Networks
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o Child nodel| #!E{ 2 parent node?l| B & H| &
o Root nodef representation® 2 & &

o  Constituency parsing / Dependency parsing

“CS224n: Natural Language Processing with Deep Learning” (2017)


https://arxiv.org/abs/1611.09100

TREE—LSTM
° Tree-LSTM O] & 0f| == SU-RNN, MV-RNN,

= So i ZotUAABL
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output
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input

“Improved Semantic Representations From Tree-Structured Long Short-Term Memory Networks” (2015)



TREE-LSTM

X  Constituency parsing X  Dependency parsing
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“Improved Semantic Representations From Tree-Structured Long Short-Term Memory Networks” (2015)



TREE-LSTM

X Forget Gate Activation
o HEH B I T ES=a [ = =5t
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o ‘awaste’vs ‘of good performance’

performances

“Improved Semantic Representations From Tree-Structured Long Short-Term Memory Networks” (2015)



TREE-LSTM
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“Improved Semantic Representations From Tree-Structured Long Short-Term Memory Networks” (2015)



DuaL—-LSTM
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“The Ubuntu Dialogue Corpus: A Large Dataset for Research in Unstructured Multi-Turn Dialogue Systems” (2015)
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ADVANCED CNN/RNN ARCHITECTURE

Char-CNN for Language Modeling
Character and Word embedding
CNN+RNN: QRNN
Fast RNN: SRU
Dilated Causal Convolution: ByteNet
Depthwise Separable Convolution: SliceNet
Sequential Tagging: Bi-directional LSTM-CNNs-CRF



CHAR—-CNN FOR LANGUAGE MODELING

absurdity recognized

X  Classification il & Language Modeling
X  Highway Network
o  Residual Connection CHAl AtE
o ZEZd0IH2 0lA &0l E gating

z=g(Wy+Db)

LSTM-Char
Small Large
84.6

Two Highw

One MLP Layer

moment the /i is  recognized

“Character-aware neural language models” (2016)



CHARACTER AND WORD EMBEDDING
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“Character-Word LSTM Language Models” (2017)




Quasi—RNN (QRNN)

x

HES I JIS8 CNN+=Al B2 E 213 EGl= RNN 2| & A&t
F2 312] LSTMO| HIol & 2 Parameter & it E SFS

x
my of

Linear Convolution Convolution

LSTM/Linear Max-Pool fo-Pool

Linear Convolution Convolution

LSTM/Linear —| Max-Pool fo-Pool

= tanh(Wlx,_; + Wx,) Matrix multiplication Z = tanh(W_ x X)
o (Whx; 1 + Wix;) => Element-wise product F = o(W;x*X)

— 0 = o(W, * X),

e b = Oh; 1 + 1-f)0z

o(Wlx, 1 + W3x,).

fo-pooling h; =

ifo-pooling [N frOci1+1 Oz
“Quasi-Recurrent Neural Networks” (2016) b oo




Quasi—RNN (QRNN)

X 2AX™=2A4A

(=] (=) T, —]

o IMDBZ/RE 2=
D.C.: DenseNet

X o0 222

o Penn Treebank (PTB)

Training speed advantage

I RNN
Softmax
Optimization Overhead

Batch size

LSTM (cuDNN)

X Char-level 21
o IWSLT German-English

“Quasi-Recurrent Neural Networks” (2016)

Sequence length

64
8.8x
6.7x
4.5x
3.0x
1.9x
14x

128

11.0x
7.8x
4.9x
3.0x
2.0x
1.3x

256

Model
BSVM-bi (Wang & Manning, 2012)

2 layer sequential BoW CNN (Johnson & Zhang, 2014)
Ensemble of RNNs and NB-SVM (Mesnil et al., 2014)

2-layer LSTM (Longpre et al., 2016)

Residual 2-layer bi-LSTM (Longpre et al., 2016)

Our models

Deeply connected 4-layer LSTM (cuDNN optimized)

Deeply connected 4-layer QRNN
D.C. 4-layer QRNN with k = 4

Model
LSTM (medium) (Zaremba et al., 2014)

Variational LSTM (medium) (Gal & Ghahramani, 2016)
LSTM with CharCNN embeddings (Kim et al.,
Zoneout + Variational LSTM (medium) (Merity et

Our models

LSTM (medium)

QRNN (medium)

QRNN + zoneout (p = 0.1) (medium)

Model

Word-level LSTM w/attn (Ranzato et al
Word-level CNN w/attn, input feeding (

Our models
Char-level 4-layer LSTM
Char-level 4-layer QRNN with &

16)
iseman & Rush,

| Time / Epoch (s)

| Parameters
20M
20M
19M

2016) }

Train Time

4.2 hrs/epoch
1.0 hrs/epoch

Test Acc (%)

BLEU (TED.tst2014)




SIMPLE RECURRENT UNIT (SRU)

X RNNALLE S h 0l Ci et dependency XA

= Wx;
£ = o(Wyxy +tht—1 —be) ; O’(Wfo +bf)
o(W,x: +b,)
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Dglc) + (1 —1) O x¢ i :W L= re) @ Xt
=r1r;Og(cy) + (1 —1y) Ox

X c= 102 7 Al => 01 & 5| Autoregressive
X  CNNEBHZ B E RNN &H &

I=32,d=256 1=128,d=512

conv2d (k=3) I

conv2d (k=2) I
m forward

proposed I backward

0 2 4 6 0 10 20 30 40

Figure 1: Average processing time (in milliseconds) of a batch of 32 samples using cuDNN LSTM,
word-level convolution conv2d, and the proposed RNN implementation. {: number of tokens per
sequence, d: feature dimension and k: feature width. Numbers reported are based on PyTorch with
an Nvidia GeForce GTX 1070 GPU and Intel Core i7-7700K Processor.

“Training RNN as Fast as CNNs” (2017)



BYTENET

X =i &g s adl
X  Encoder, Decoder0f| Dilated Causal CNN
o =4 gd/elal DEOI WaveNet Ol A Ml Al

<4+ causal convld
kernel size=3,
rate=1, 2, 4, 8, 16
repeat=3, dim=892

concat merge —————p
«4—— zero pad

target
embedding

< convld dilated(=atrous convld)
kernel size=5,
rate=1, 2, 4, 8, 16
repeat=3, dim=892

source

embedding
S8 89 810 S11 $12 S13 S14 815 S16

“Neural Machine Translation in Linear Time” (2016)



SLICENET

x

oAt B 24
X  Depthwise Separable Convolution
o Xception (Extreme Inception) Ml A Kl Al
m Spatial 8 & /Chonnel 8 28E A filter =2
m =2 Parameter & 4= SHat
Encoder-Decoder il multi-layer Depfhwise Separable Convolution
Attention 0l = Convolution & &

X X

Translation Model BLEU (difference from baseline)

3 days on 8 GPU 28.4 (+7.8)

| 6dayson32GPUs | 26.1 (+5.5)

1 day on 64 GPUs 26.0 (+5. 4:

1 day on 96 GPUs
8 days on 32 GPUs
N/A

VMT Eng

“Depthwise Separable Convolutions for Neural Machine Translation” (2017)

— N —
1

(a) Standard Convolution Filters

«J 3G ~ O

Dy —M—

(b) Depthwise Convolutional Filters

(c) 1 x 1 Convolutional Filters called Pointwise Convolution in the con-
text of Depthwise Separable Convolution




BiI—DIRECTIONAL LSTM—-CNNs—-CRF

X  Base model: Bi-LSTM + CRF (2015)
o S AH(POS) EHZ /OHAIZE 1Al (NER)
SOTA
o End-to-End
o 90% Jt ¥ &= accuracy

X Char-CNN 22 =X 2 H, GloveZ tH0{ B H

AH M
S S

o B=

oI

RO ElR2l

rir

X - FIFEC= SSRGS

X CRF=>4ds el /=5 Hot
o Viterbialgorithm? A A0 S

Embedding

Convolution

Max Pooling

Char
Representation

BRNN 96.56 96.76
BLSTM 96.88  96.93
BLSTM-CNN 97.34 97.33
BRNN-CNN-CRF | 97.46 97.55

“End-to-end Sequence Labeling via Bi-directional LSTM-CNNs-CRF” (2016)

Forward

Corme” —>{ s )

Char
Representation

R
=HBHBE

are playing soccer

Recall F1 | Prec. Recall Fl
90.56 : 87.05 3. 85.44
91.57 | 87.77 86. 87.00
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REVIEW

X CNN for text classification

o Word-CNN

o Dynamic-CNN
o Char-CNN

o  Very Deep CNN

X  RNN for text classification
Bidirectional RNN
Recursive Neural Networks
Tree-LSTM

Dual-Encoder LSTM
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X  Advanced CNN/RNN Architecture
o  Char-CNN for Language Modeling
Character and Word embedding
CNN+RNN: QRNN
Fast RNN: SRU
Dilated Causal Convolution: ByteNet
Depthwise Separable Convolution: SliceNet
Sequential Tagging: Bi-directional LSTM-CNNs-CRF
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THANKS!

Any questions?



