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» Long Input/output sequence
— Long term dependency
— Vanishing gradient
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» Attention Mechanism
= RNN Encoder-Decoder(Cho et al, 2014)
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Cho, Kyunghyun, et al. "Learning phrase representations using RNN encoder-decoder for statistical machine translation." arXiv preprint arXiv:1406.1078 (2014).
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» Seq2seq Model(Sutskever et al, 2014)
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Seq2seq Model
= RNN Encoder-Decoder 2 21} &2t A4 (Encoder?| OFX[2F RNN layer2| output = Context vector)
— Long term dependency / Gradient vanishing

Sutskever, llya, Oriol Vinyals, and Quoc V. Le. "Sequence to sequence learning with neural networks." Advances in neural information processing systems. 2014
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“ Attention Mechanism
» Seq2seq Model with Attention(2014), Bahdanau attention

> Motivation of Attention
» Decoder?} EtO{E O|=% [If encoder?| HEE &ILI2| context vector@ 2 QA48I= AL SEEIX| QU
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. Model
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Seq2seq Seq2seq with Attention
— _ — \T
Pelye—1, s ¥1,€) = g(St, Ye—1,€) PYelVe—1, - ¥1,6) = g(S6, Ve—1,Ce), € = Xij—1 aihy

Bahdanau, Dzmitry, Kyunghyun Cho, and Yoshua Bengio. "Neural machine translation by jointly learning to align and translate." arXiv preprint arXiv:1409.0473 (2014).
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“ Attention Mechanism
» Seq2seq Model with Attention(2014), Bahdanau attention
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% Attention Mechanism
= Seq2seq Model with Attention(2014), Bahdanau attention Alignment Model
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Bahdanau, Dzmitry, Kyunghyun Cho, and Yoshua Bengio. "Neural machine translation by jointly learning to align and translate." arXiv preprint arXiv:1409.0473 (2014).
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= Seq2seq Model with Attention(2014), Bahdanau attention Alignment Model
softmax exp(e;)
poommmsmmeomeoes qmmmmmenmnoenees e pommmemmmmmm oo . let1, ec2 €03, €04] ———> ar; = 4—t]
: | : ! k=1€Xp(erk)
iil iiz Hg h4 T [at1, Atz Ar3, Aral

[ Concat ] [ Concat ] [ Concat ] [ Concat ]

Encoder T T T T é [ Fezd;f STrlw?rzjl;l N ] l

4
= - [St-1,ha][st-1, h2] [St-1, R3] [St—1, 4l Cy— Z agjh;
=
LSTM | | LST™ | | LST™ LSTM J
Layer Layer Layer Layer
Y1 Y2 <EOS>
A A A A Decoder T T
S1
LSTM | LSTM | LSTM LSTM So = LSTM LSTM LSTM
Layer Layer Layer Layer tanh (VVS ) ‘h_l) Layer Layer Layer
X1 X2 X3 X4 <EOS> = YO Y1 Yt

Bahdanau, Dzmitry, Kyunghyun Cho, and Yoshua Bengio. "Neural machine translation by jointly learning to align and translate." arXiv preprint arXiv:1409.0473 (2014).
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Bahdanau, Dzmitry, Kyunghyun Cho, and Yoshua Bengio. "Neural machine translation by jointly learning to align and translate." arXiv preprint arXiv:1409.0473 (2014).
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» Seq2seq Model with Attention(2015), Luong Attention

» Luong Attention
= Context vector A4k Al s, 0] Ofil s, AHE

= Attention score &4t Al computation cost |
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Luong, Minh-Thang, Hieu Pham, and Christopher D. Manning. "Effective approaches to attention-based neural machine translation." arXiv preprint arXiv:1508.04025 (2015).
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> Hierarchical Attention Network for Document Classification
* Yang, Zichao, et al
» Carnegie Mellon University / Microsoft
+ 2016 NAACL Conference
(S0lAFE 0t st3l)

[PDF] Hierarchical attention networks for document classification
Z Yang, D Yang, C Dyer, X He, A Smola... - Proceedings of the 2016 ..., 2016 - aclweb.org

We propose a hierarchical attention network for document classification. Our model has two
distinctive characteristics:(i) it has a hierarchical structure that mirrors the hierarchical

structure of documents: (i) it has two levels of attention mechanisms applied at the wordand ..

Yr D9 9973 218 T shEXE FA 107He HE 6

Hierarchical Attention Networks for Document Classification

Zichao Yang', Diyi Yang', Chris Dyer', Xiaodong He?, Alex Smola', Eduard Hovy!
1Came.gie Mellon University, Microsoft Research, Redmond
{zichaoy, diyiy, cdyer, hovy}@cs.cmu.edu
xiache@microsoft.com alex@smola.org

Abstract

We propose a hierarchical attention network
for document classification. Our model has
two distinctive characteristics: (1) it has a hier-
archical structure that mirrors the hierarchical
structure of documents; (ii) it has two levels
of attention mechanisms applied at the word-
and sentence-level, enabling it to attend dif-
ferentially to more and less important con-
tent when constructing the document repre-
sentation. Experiments conducted on six large
scale text classification tasks demonstrate that
the proposed architecture outperform previous
methods by a substantial margin. Visualiza-
tion of the attention layers illustrates that the
model selects qualitatively informative words
and sentences.

pork belly = delicious . || scallops? || I don’t even
like scallops, and these were a-m-a-z-i-n-g . || fun
and tasty cocktails. || next time I in Phoenix. I will
go back here. || Highly recommend.
Figore 1: A simple example review from Yelp 2013 that con-
sists of five sentences, delimited by period, question mark. The
first and third sentence delivers stronger meaning and inside,
the word delicions, a-m-a-z-f-n-g contributes the most in defin-
ing sentiment of the two sentences.

Although neural-network—based approaches to
text classification have been quite effective (Kim,
2014; Zhang et al., 2015; Johnson and Zhang, 2014;
Tang et al., 2015), in this paper we test the hypoth-
esis that better representations can be obtained by

Yang, Zichao, et al. "Hierarchical attention networks for document classification." Proceedings of the 2016 conference of the North American chapter of the association for computational linguistics: human language technologies. 2016.
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> Key Idea for Document Representation
@ 2ME B0 A0 M - 2T -0 AT =& &AL
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@ Hierarchical Attention2 &3l EA2 52 MEE

Document
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Sentence,,
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Sentence,
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" Wn1 Whno2 "t Whyr
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Yang, Zichao, et al. "Hierarchical attention networks for document classification." Proceedings of the 2016 conference of the North American chapter of the association for computational linguistics: human language technologies. 2016.
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> Key Idea for Document Representation
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sl 2M2 T8 EE A=
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sentence
attention

@ Hierarchical Attention2
CHojol HEE ot&0| o Bt

> Hierarchical Structure sentence
encoder
@ Word Sequence Encoder

@ Word-level Attention

3 Sentence Encoder
. word
@ Sentence-level Attention Atention
® Classifier
word
encoder

Yang, Zichao, et al. "Hierarchical attention networks for document classification." Proceedings of the 2016 conference of the North American chapter of the association for computational linguistics: human language technologies. 2016
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«» Hierarchical Attention Network
= Model Architecture

» Terminology

docy, Si
I S1 Wi --> Xi1
S5 Wiz --> Xi2
S; Wit Xit
Sp—1 Wit—1 --> XiT—1
- SL Wit --> Xit
Documents Sentences Words
v' L = # of sentences in document k v w; = t'" word in sentence i
v T = # of words in sentence i v x; = Embeding vector of w;;

Yang, Zichao, et al. "Hierarchical attention networks for document classification." Proceedings of the 2016 conference of the North American chapter of the association for computational linguistics: human language technologies. 2016.
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«*»Hierarchical Attention Network
= Model Architecture

> Hierarchical Structure

@ Word Sequence Encoder sentence
) attention
* Word Embedding Layer
Distributed representation of word
Wie —— i
Xie = Wewye, t € [1,T]
« Word Encoder(Bidirectional GRU Layer) :'t?;ﬁﬁon
_______________________________________________ .
- —_— 1
hit = GRU(xlt) 4 t E [1' T] concat - — :
> 1
- P hit = [hit, hytl ! word
| hit = GRU(Xit) ,t E [1,T] i encoder
1
S R 1
output

Yang, Zichao, et al. "Hierarchical attention networks for document classification." Proceedings of the 2016 conference of the North American chapter of the association for computational linguistics: human language technologies. 2016.
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«*»Hierarchical Attention Network
= Model Architecture

> Hierarchical Structure

@ Word Attention contonce
- — attention
hie = [hit, hitl
Pass one-layer MLP
\E with tanh activation sentence
encoder
u;; = tanh(W,,h;y + h,,) ---» Hidden representation of word
Dot product
v word
Ty, oo , Similarity between word and attention
word context vector
Softmax
\ T word
_ exp(uituw) ] ] ' encoder
Qi = T~ —---- + Normalized importance weight
2 exp(uzly) _

= Attention score of word

Yang, Zichao, et al. "Hierarchical attention networks for document classification." Proceedings of the 2016 conference of the North American chapter of the association for computational linguistics: human language technologies. 2016.
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«*»Hierarchical Attention Network
= Model Architecture

> Hierarchical Structure

3 Sentence Encoder
sentence
attention
Weight sum of word vectors
= Sentence representation
sentence
encoder
» Sentence Encoder(Bidirectional GRU Layer)
_______________________________________________ .
1
Concat ' word
T 5 | attention
—> by =[hy k]
1
1
_____________________________________________ 1
Output word
encoder
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«*»Hierarchical Attention Network
= Model Architecture

> Hierarchical Structure
@ Sentence Attention contence
-« attention
h; = [h;, h]
Pass one-layer MLP
\E with tanh activation sentence
. . encoder
u; = tanh(W;h; + hg) ---» Hidden representation of
sentence
Dot product
v word
u?us ___________________ , Similarity between sentence attention
and sentence context vector
Softmax
Vv T word
_ eXp(ui Uy ) N ived o encoder
i — T. N ~~°°° ¥ Normalized importance weignt
Zt exp (ui uw) —

= Attention score of sentence
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«» Hierarchical Attention Network
= Model Architecture

> Hierarchical Structure

® Classifier sentence
Weigh ¢ attention
eight sum of sentence vectors
= . A:N;: e =——= > .
v Zl aih; = Document representeation
p = softmax(W.v + b,) ---+ Probability of document class sentence

encoder

(W, = Class weight)

.. Minimize negative log-likelihood
Training Loss = = Z log(pdj ) =% of the correcgt labels °
d

word
attention

word
encoder
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«*»Hierarchical Attention Network
» Experiment

> Experiment Details

@ Dataset
1) Yelp : MH|A & 2|, 58 M Data set classes documents average#s max#s average #w max#w vocabulary
2) IMDB : @3} 2|2, 10™ ML Yelp 2013 5 335018 89 151 1516 1184 211245
— Yelp 2014 5 1,125,457 9:2 151 156.9 1199 476,191

ow - AFZ g|E oA A

3) Amazon review : & & Z|&F, 58 & Yelp 2015 5 1,569,264 9.0 151 151.9 1199 612,636
4) Yahoo Answer : §|9| %EI'-/ ‘]07H 9|-E-||_T|_E| IMDB review 10 348,415 14.0 148 325.6 2802 115,831
Yahoo Answer 10 1,450,000 6.4 515 108.4 4002 1,554,607
_____ + Multi-class classification Amazon review 5 3,650,000 49 99 91.9 596 1,919,336

@ Process

1) Dataset split : Training : Validation : Test = 8 : 1 : 1
2) Word embedding W, : Initialized by using Word2vec
3) Context vector u,,, u, : Initialized randomly

4) Evaluation : Classification Accuracy
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«*»Hierarchical Attention Network
» Experiment

. N Methods Yelp’13  Yelp’l4 Yelp’l5 IMDB Yahoo Answer Amazon
> Experiment Details 2 d 4
Zhang et al., 2015 BoW = : 58.0 s 68.9 54.4
3 Result BoW TFIDF - . 59.9 ) 71.0 55.3
ngrams - - 56.3 - 68.5 543
ngrams TFIDF - - 54.8 - 68.5 524
Bag-of-means - - 52.5 - 60.5 441
“the neural network-based methods E
a 5 Tang et al., 2015 Majority 35.6 36.1 36.9 17.9 - -
that do not explore hierarchical SYM.+ Utigriiis 8.9 60.0 611 9.9 i i
document structure, such as LSTM, SVM + Bigrams 57.6 61.6 624 409 = 2
CNN-WOI‘d, CNN char have little SVM + TextFeatures 59.8 61.8 62.4 40.5 - -
e . SVM + AverageSG 543 55.7 56.8 31.9 - -
advantage over traditional methods for SVM + SSWE 535 543 554 262 i i
large scale text classification”
Zhang et al., 2015 LSTM = - 58.2 - 70.8 59.4
CNN-char = - 62.0 - 712 59.6
‘ CNN-word - - 60.5 = 710 57.6
Tang et al., 2015 Paragraph Vector 577 59.2 60.5 34.1 - -
CNN-word 59.7 61.0 61.5 37.6 - -
. Non hierarchical NN-based model Conv-GRNN 63.7 65.5 66.0 425 - -
° MEXO| Count-based model} LSTM-GRNN 65.1 67.1 67.6 453 = -
=7 ds0 & Xt0|E EO|X| &= This paper HN-AVE 670 693 699 478 752 62.9
. M 22 ENOAME 42 EF HN-MAX 66.9 69.3 70.1 48.2 75.2 62.9
Olo] EA HIZJ} 22 mic} HN-ATT 68.2 70.5 71.0 49.4 75.8 63.6
Table 2: Document Classification, in percentage
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«*»Hierarchical Attention Network
» Experiment

. . Methods Yelp'13  Yelp’l4 Yelp’l5S IMDB Yahoo Answer Amazon
> Experiment Details 2 d P
Zhang et al., 2015 BoW - 2 58.0 < 68.9 54.4
3 Result BoW TFIDF ; ‘ 59.9 . 71.0 553
ngrams - - 56.3 - 68.5 543
ngrams TFIDF - - 54.8 - 68.5 524
. . . Bag-of-means - - 52.5 - 60.5 44.1
“Exploring the hierarchical structure )

. Tang et al., 2015 Majority 35.6 36.1 36.9 17.9 - -

only, as in HN-AVE, HAN-MAX can SVM+Unigrams 589 60.0  6L1 399 . 4

significantly improve over LSTM, CNN- SVM + Bigrams 57.6 61.6 62.4 40.9 - -

WOf'd, and CNN-Char SVM + TextFeatures 59.8 61.8 62.4 40.5 - -
SVM + AverageSG 543 557 56.8 319 - -

() SVM + SSWE 535 543 554 262 = i
Compared to HN-AVE, the HN-ATT

; ; Zhang et al., 2015 LSTM - - 58.2 - 70.8 59.4
model gives superior performance CNN-char : ; 62.0 ) 712 596
across the board” CNN-word - = 60.5 : 712 57.6

Tang et al., 2015 Paragraph Vector 577 59.2 60.5 34.1 - -

‘ CNN-word 59.7 61.0 61.5 37.6 . .

Conv-GRNN 63.7 65.5 66.0 45 - 2

_E_A_I 9' _—r|_£&|| o|_| gg% H._I'%:Idfﬂ% LSTM-GRNN 65.1 67.1 67.6 453 - -
If O|™O| H|sl| E5 H50| aat This paper HN-AVE 67.0 69.3 69.9 47.8 75.2 62.9
Attention mechanismO| £2 Ms HN-MAX 66.9 69.3 70.1 482 75.2 62.9
'6'I:A|'O-” =l 7| 01 HN-ATT 68.2 70.5 71.0 494 75.8 63.6

o O —
Table 2: Document Classification, in percentage
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“»Hierarchical Attention Network
» Etc : Context Dependent Attention Weights

(c)

.
(a) (b) 20 5 (a) {b) (c)
2 : 245 1.6
L 2.0 x1 Ls x2 ' §f x1 |12 X2
. 1
0.9} 15 : 18 12 0.9
1
1.0 '
0.6 1.0 E L2 0.8 0.6F
1
0.3 05 0.5 : 0.6 0.4f 03
1
1
n I i 1 I 4 L H i L L e 1 I 1 1 n
09503 o5 o5 %6 03 06 o5 00 03 o5 o8 : 095 03 o5 0290 03 06 o5 %0 03 06 o8
15 (d) 16 (e) (f) ' (d) (e) (f)
™ 12 ! 3.2
Lal x3| | 4| x5 : X3 |28 X4 |25 x5
' ' 09 1 2.4
3 ! 2.1 2.1
0.8F 0.8 1
0.6 : 16 1.4 1.4
1
0.4 0.4 0.3 : 0.8 0.7 0.7
1
1
0. . . ‘ g, . ; i 0.0 . 0.0 0.0 : :
80 03 o6 o3 %o 03 o6 o8 80 03 o5 oo 1 00 03 06 09 00 03 06 09 00 03 06 09
1
1
1
1
1
1
1

[Attention Score Distribution of ‘good’]

=

[Attention Score Distribution of ‘bad’]

2 CHOj2tE CHE ZHOA AFEE[RA S 2| Attention scorel| X7t CIE

x1 : Not good x5 : Very good ----- > Dist(a;00a) < Dist(a;,0a)
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«» Hierarchical Attention Network
= FEtc : Visualization of Attention

GT: 4 Prediction: 4
pork belly = delicious
scallops  ?
i do n't
even
like
scallops , and these were a-m-a-z-i-n-g .
fun and tasty cocktails
next time i 'm in phoenix , i will go
back here
highly recommend

GT: 1 Prediction: 1

F__ﬂ why does zebras have stripes ?
what is the purpose or those stripes ?
who do they serve the zebras in the
wild life ?
this  provides camouflage -  predator
vision is such that it is usually difficult

for them to see complex patterns

GT: 0 Prediction: 0
terrible value
ordered pasta entree

$ 1695 good taste but size was an

appetizer size

no salad , no bread no vegetable
this was

our and tasty cocktails

our second visit

i will not go back

Figure 5: Documents from Yelp 2013. Label 4 means star 5, label O means star 1.

GT: 4 Prediction: 4

how do i get rid of all the old web
searches i have on my web browser ?

i want to clean up my web browser
go to tools > options
then click * delete history ™ and

clean up temporary internet files

Figure 6: Documents from Yahoo Answers. Label 1 denotes Science and Mathematics and label 4 denotes Computers and Internet.

: Sentence attention score

: Word attention score
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«» Conclusion

> Contribution

@ Mol #+=H2 595 HISH0 £F 95 &
@ == gtgsty] thojer 29| 20| sta

> Limitation : RNN + RNN
@ Computational cost
@ Long term dependency

> Personal Review
@ ZHEHSH OfO|C|0j2 DY E TLHBIAIZ B8 5 T4

@ 8ot 7| 72 =&

> But...
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«» Conclusion

> State-of-the-Art Models in NLP(Including Classification Task)

+ Self — Attention : Break away from RNN CNN Architecture
* Pre-Trained & Fine Tuning

Transformer(2017) ELMo(2018) BERT(2018) XLNet(2019)
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