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Machine

b Z0[9| H|o| =2 LIEfLHEH| O H[O|Zi= Shitel 7|25 elalg += A= 37|

o| IMNAHSE ZNMRUCE ANMEX] 7|AE0E stLtel 7|27F 07t 0
O] 7IAl= "eigl 71="E HHE & =0l 3 717[2] 32 23 ¢l 7|=Tho] ZFEIL. Ho|Z= &F =
S = AN BE 7|2S52 HO stHA2 7|A oA e1ed Ho|Ct.

A. M. Turing



Translation



Translation

Dim(Source Language’s Dictionary) Dim(“Another” Language Dictionary)

AN /

T - IRATDst — ]Rn;'XT'
N\

Dim(Source Sentence) Dim(Generated Sentence)



Machine Translation

Rule Based

A2 Qlofet Ci elofoll chat
chof AFH 20| TRt
> MZOfo| w7

=h

(AR

Statistical

7| &0 2/ 4st0] H|o[E 2
X&HE| Holo 2 HE] 5t

- - "1—

— HIOJE{2] =& ?

X2 AESh= AN ZHEH
21t EEE
— 9| Zy?



History of MT Research

Two Most Important Moments in MT Research
e 1949: Warren Weaver's Memorandum <Translation>
e 1991-1993: Statistical MT from IBM

Peter F. Brown Vincent & Robert L. Mercer Warren Weaver
Stephen Della Pietra

10

Kyunghyun Cho, Natural Language Understanding



Neural Machine Translation - Big Picture

Source Source Source
Sentence Sentence Sentence
SMT SMT
Target Target Target
Sentence Sentence Sentence

Neural MT (Schwenk et al. 2006) (Devlin et al. 2014)

11

Kyunghyun Cho, Introduction to Neural Machine Translation with GPUs, NVDIA Dev Blog



Neural Machine Translation - Motivation

),(619)

5(‘00%)

22l SYsP sl N2 O 23S O0-0O
GIMZRE] Ustsiol polg Bhast 4 Rl "

OCO00 -0

ub= 0% ZEt

HIZE|S H|oretr)”

r(‘1011°) =

DECODER

5(°001°)

OCO000 -0

ENCODER

0000 -0

K

u(‘1’)

r(°101°)

12



Neural Machine Translation - Motivation cont’d

“deo getE Sl de=E= O S5t Output Units
=45t Q{0 Mo Hojo| JH53HE 2oz ! =
Bolct, J2iLt 1 &g Helols (32|11 |
st&0ll Zal= AlZHof| ) H[2ko] U2 ZiolCh |
Context Units
Hidden Units
l v 4 b X
¢ /
Context Units <+ Inputs |«




Neural Machine Translation - Basic Architecture

Encoder-Decoder Architecture for Machine Translation

1]

0.0, Q
A »Q—»Q—>Q_> A g A

Jlil

Front View Slde iew

14



Neural Machine Translation - Front View

La croissance économique a ralenti ces derniéres années .
\ Decode /

Encode

|
!
|
!
|
!
|
!
|
!
N
!
N
N
=
|
!
|
!
|
!
|
!
|
!

Economic growth has slowed down in recent years .

15

Kyunghyun Cho, Natural Language Understanding



Neural Machine Translation - Side View

f=(La, croissance, économique, s'est, ralentie, ces, derniéres, années, .)

Word Ssample
=

ontnu

1-of-K coding Word Re
-
-

—

e = (Economic, growth, has, slowed, down, in, recent, years, .

16

Kyunghyun Cho, Natural Language Understanding



Embedding



Convert Language to Code

Lt2to| 2107 S=1t Eet S70{2k= M2 SEX| 220, #i40] ZSt At Sh= HEZE U E
7 XS MtHZ FSHX| X5ts A0 BTt

Input to Machine

But, how to input
whole language?

Kwa sababu ya lugha mbalimbali na
Kichina na Kichina haziendani, hata
bar Unataka watu wanasema kuna
watu wengi ambao wanaweza
kufikisha maana sahihi.




One Hot Encoding

Dictionary

banana HiLILt
boy 4

cat 10|

dog ZO}X|
girl 214

king &

man =Xt
mango &1
woman O{X}
queen 0{

English Encoding

boy
girl
king
queen

Korean Encoding

Al
INE

2f
01



One Hot Encoding - Limitation

e Popular similarity function cosine similarity
e Words / Tokens come from some tokenization and transformation

voy | (0) (1) (0)(0) (0) (0) (0) (o) (0) (o)
ot [ (0) (o) (o) (o) (1) (o) (o) (0) (o) (o)
ng | (0) (0) (0) (o) (0) (1) (o) (o) (o) (o),
aween | (0) (0) (0) (0) (0) (0) (o) (0) (0) (1)

Similarity(boy, girl) = Similarity(boy, king) = Similarity(boy, queen)

It’'s Meaningless Metric!



Embedding

Actually, we understand our language as such...

Male-Female

walked

swam
©)

walking ; @

P

swimming

Verb tense

sPain \
Italy \Madrid

Germany —_— Rome

Berlin

Turkey \
Ankara

Russia —_—
Moscow
Canada Ottawa

Japan ———— o kvo

Vietnam ~——————oou__ Hanoi
China -————— Beijing

Country-Capital

21



Embedding - Count based vs Direct prediction

Count based

LSA, HAL (Lund & Burgess),
COALS (Rohde et al),
Hellinger-PCA (Lebret & Collobert)

Direct Prediction

NNLM, HLBL, RNN,

word2vec Skip-gram/CBOW
(Bengio et al; Collobert & Weston;

Huang et al; Mnih & Hinton; Mikolov et al;

Mnih & Kavukcuoglu)

« Corpus 37|0f| [2} scale &

- =7 &2 0|E0] 034 Z

o TH0] RALE Of&fQ| =&fet EHoqQ
HES HOHE = AUS

22



Distributional

Semantics

A

Embedding - Count Based

— Word-Document

Word-Word

— Word-WordDist

Word hash
(not context-based)

wer (OQOOCOQTCOOTOO0OT

Doc. 2 Doc. 7 Doc. 9

awen (0QOQOQO0Q0O00Q)
\ 2 Z \Z v

(palace) (in) (lives) (crown) (england)

aueen [QOO0O0QOOO00O000O00O0]
v \ R / v v

(palace, -1) (in, +2)(lives, +1) (crown, +3)(england, +5)
aueen [(OOQOOOOOOO)
v YVY VvV v

#qQu  en# uee ee que

23



Using Word-Document context

boy

girl

king

qgueen

Doc.1 Doc.2 Doc.3 Doc. 4

)]
@0 OO
@000
000

[oXeXTX0)

e This is Topical or Syntagmatic similarity.

>simi|ar
>similar

24



Using Word-Word context

boy king woman kid school palace power man
| girl queen female | student | baby crown | respect | male

VYYVYVYY VYV VY

P

W:QQQQQQQQQQQQQQ@Qt>mw

o= == =

ot [@0000 00000000000
mg@©©©@@©©©©©©©©©©t>mw

N =

queen (O 0000000000000 00

. =

1. Word-Word is less sparse than Word-Document (Yan et al., 2013)
2. A mix of topical and typical similarity (function of window size)

25


http://epubs.siam.org/doi/abs/10.1137/1.9781611972832.83

Using Word-WordDist context

(boy, -1) (king, -1) (man, + 1) (power, +1)
‘ (girl, +1) ‘ (queen, +1) (man, + 2) (power, +2)

- OQ@ 000000
an () (00 00 O™
ing | () () (0 () (0 () ) <
awoon () () (00

e This is Typical or Paradigmatic Similarity.

26



Vector Space Models

For a given task:
Choose matrix

choose s;weighting:

[Example] Positive Pointwise Mutual Sl A MG ISR I Ml
Information (Word-Word Matrix) W,
V:vocabulary, C:set of contexts, S: sparse matrix |V] x |C| 1
S,; = PPMI(uw;,c;) i
0 PMI(w,c) <0
PPMI(w,c) = ] w, S,
() {PM I(w,c) otherwise '
. P(w,e) _ freq(w,c)|corpus|
PMI(’UJ,C) = log —(w)P(c) = log freq(w) freq(c) Wy,
27

Turney and Pantel. From frequency to meaning: Vector space models of semantics. Journal of artificial intelligence research 2010



http://www.jair.org/media/2934/live-2934-4846-jair.pdf

Embedding - LSA

LSA (Latent Semantic Analysis) : Count model

* (Weighted or Log-scaled) term-document Matrix (Deerwester et al.
1990), EE= Word-Context Matrix (Schitze 1992)2 SVDE Eali&f

« 9|9| k7l singular valuesZ generalization

ex. SVD with k=2

(% * * H* K]
* *  *
* = | * %
* Xk * w
- o N
v s
A U

28

[Cf. Baroni: Don’t count, predict! A systematic comparison of context- counting vs. context-predicting semantic vectors. ACL 2014]



Embedding - Word2Vec

CBOW / SkipGram [Mikolov et al. 2013] :
- EHO] #E{Q| st5 S 26l
Predict a word given its bag-of-words context (CBOW)

Predict a context word (position independent) from the center word

. OIZ0| H25| & B x| £of HElQ| AL0|ES ph

Input Projection Output
.|| w2
o wit-1)

|| w(t+2)




Embedding - Glove Word similarities

Nearest words to ‘frog’

1. frogs

2. toad

3. litoria

4. leptodactylidae

5. rana

6. lizard

7. eleutherodactylus

[Pennington et al., EMNLP 2014]

rana eleutherodactylus

30

http://nlp.stanford.edu/projects/glove/


http://nlp.stanford.edu/projects/glove/

Named Entity Recognition Performance

F1 score of CRF trained on CoNLL 2003 English with 50 dim word vectors

Model on CoNLL CoNLL ’03 dev CoNLL ’03 test ACE 2 MUC 7
Categorical CRF 91.0 85.4 77.4 73.4
SVD (log tf) 90.5 84.8 73.6 71.5
HPCA 92.6 88.7 81.7 80.7
C&WwW 92.2 87.4 81.7 80.2
CBOW 93.1 88.2 82.2 81.1
GloVe 93.2 88.3 82.9 82.2




Embedding - Conclusion

Glove= EH0{7F SA| & == (co-occurrence counts)9
o|0|H AZME T vector SZHOAMQ] MY 22

Glove= BfM HIE 9| Count!?t Prediction! AFO|Q] IRt S HOIS
count0]| CHSE MESt scaling2 0| 2| I{EHAE SFAA|Z

XO I'.I-E=| O:|__|.I.
Dependency-Based Word Embeddings
[Levy & Goldberg, 2014]

Enriching Word Vectors with Subword Information
[Joulin, Armand, et al, 2016]

[Arora, Li, Liang, Ma & Risteski, 2015]
[Hashimoto, Alvarez-Melis & Jaakkola, 2016]



Embedding Example in NMT

4+

3r OMary admires John

2f OMary is in love with John

1r or O | was given a card by her in the garden

o- 10+ O In the garden , she gave me a card

OMary respects John O She gave me a card in the garden
b OdJohn admires Mary 5
-2t OdJohn is in love with Mary or
3k -5 She was given a card by me in the garden
O In the garden , | gave her a card

-4+ -10F
-5r OJohn respects Mary sy O Il gave her a card in the garden
—6 1 1 1 1 | 1 1 1 | _20 1 1 1 L 1 1 J

-8 -6 -4 -2 0 2 4 6 8 10 -15 -10 -5 0 5 10 15 20



RNN



Our input is...

< Lt2te| 2107 S=1 E2t S50{2t= MZ X §0tA, .. (=8

< LIZHNNG+2|/JKG 210{/NNG+7}H/JKS SZ/NNP+2H/JKB E/VV+EH/EC ...(32)

€1 €9 €3 €4

Our inputs are Sequential!



NN is not sufficient

Single Output \

®
l
<ID\

Single Input

Basic neural network can’t manage sequential inputs



Recurrent Neural Network

@1 >

& O
o0
& &

@—>—@

RNN can handle a sequential input

>

®
:
6




RNN- Applications

one to one

one to many

many to one many to many many to many

(oo | e [ 0®

1to 1

1to N

N to 1

NtoN

N to N

Image Classification
Image Captioning
Sentiment Analysis
Machine Translation

Chat Bot

Image — Class

Image — Sentence

Sentence — Class; positive or Negative
Sentence; source lang. — Sentence; target lang.

Sentence; question — Sentence; answer

38

http://colah.github.io/posts/2015-08-Understanding-LSTMs/



Long Short Term Memory

A
e T\ a8 I 'a
- —® S
A Lele
\I )_> _J >\I
&) x) &)

In short, we have an advanced RNN

39



Seg-2-Seq

<<<<<

A 4
X —s3 <
\ 4
<— |—>N
—

Let’s see how seq-2-seq works in NMT



Neural Machine Translation - Encoder

Recurrent
State

Continuous-space

1-0f-K coding Word Representation

e = (Economic, growth, has, slowed, down, in, recent, years, .)

41



Neural Machine Translation - Encoder cont’d

Recurrent

Continuous-space

1-of-K coding Word Representation

HE EE
HEE B

[TT1L1
[TT111
H_EN

e = (Economic, growth, has, slowed, down, in, recent, years, .)

42



Neural Machine Translation - Decoder

f=(La, croissance, économique, s'est, ralentie, ces, derniéres, années, .)

o
z £ U -
B [ |
=z a

---------------------------------------------------------------------------------------------------------

I Recumrent
State

g Z “\. . Attention

KA - N 24~

z:s { e

._:_ \“‘ R =< s Y\ ] | j

g g h/_ 0‘7: 1 i i Zi ii
| i i i AN AN 1
g2 O— OO~ O~ OO OO0

e = (Economic, growth, has, slowed, down, in, recent, years, .)



Neural Machine Translation - Decoder cont’d

I Recurrent  Word

Attention

Annotation

f=(La, croissance, économique, s'est, ralentie, ces, derniéres, années, .)

Ssample

State

E “\‘ Altention
Za, P ’O weight . (3)20,:1
= ! \ 1/
- :'.‘ ’7 $§4§\\5\~
‘\“ — =< o A , | j
ch, N OO OO OO
5 ' ! ! ! i ! I ! :
2 O— OO —~ OO OO

e = (Economic, growth, has, slowed, down, in, recent, years, .)

44



Neural Machine Translation - Results

20

~ | | I | | |

<. | =™ Source text

""" Reference text
! — - Both

I

| | | | |
20 30 40 50 60 70 &0
Sentence length

45



Alignment

e Applying attention mechanism in the decoder for machine translation

Tell Decoder what is now translated:

The agreement on European Economic Area was sig

L'accord sur ???

ed in August 1992,

L'accord sur I'Espace économique européen a été signé en ???

Have such hints computed by the net itself!

e The attention mechanism builds attention pairs between source sentences
and target sentences.

e Such pairs can be even transformed into heatmap-like matrix to demonstrate

a kind of soft alignment between these two sentences.



http://arxiv.org/abs/1409.0473

Alignment - cont’d

Benefits
e [t can handles long length sentence without merging or folding their semantics
into a vague and incomplete representation.
e |t can conquer the order variation and discrepency between sources and
targets by soft alignment, which can be learned without any external

knowledge.



Alignment - cont’d

New Decoder

Step i:
compute alignment
compute context

generate new output

compute new decoder state

Yi
A

48



Alignment - cont’d

Alignment Model

e;j = v tanh(Ws;_, + Vh;) (1)
exp(e;ij) 2)

L
5 exples)
k=1

(),’j -

e nonlinearity (tanh) is crucial!

e simplest model possible

e V'h; is precomputed =>
quadratic complexity with low
constant

49



Alignment - cont’d

Learnt alignments

change
my
future
with
<end>

my
family
man
said

Rl
ofn
=

will
the

agreement
European
Economic
Area

was
signed

in

August
1992
<end>

)
o=
-

the

on

L
accord

Cela

va
changer
mon
avenir
avec
ma
famille

sur

la

zone
économique
européenne
a

été

signé

en

ao(t

1992

<end>




Neural net will capture underlying structures

Economic growth has slowed down in recent years

Das Wirtschaftswachstum hat sich in den letzten Jahren verlangsamt .

Economic growth has slowed down in recent vyears

La croissance économique s' est ralentie ces derniéres années .

As long as the structures are needed to achieve the goal

51



Multilingual Translation

Beijing est une ville capitale de la Chine.

Peking on paakaupunki Kiinassa. \
Y| {

Peking ist eine Hauptstadt von China.

Beijing is a capital city of China. ‘ '

N ‘\\_’//"\ e

/
/
/
/

\
L=

'

___________ Universal Language Space???

\\
N,
.
~

on paakaupunki Kiinassa.
Beijing is a capital city of China.

Beijing est une ville capitale de la Chine.

Peking ist eine Hauptstadt von China.

52



Definition of Optimization

Optimization

Minimization
Consider a objective function J : © — R.

Maximization
Consider a objective function J : © — R.

For any 6 € ©, finds the 0* such that J(6*) < J(6).

For any 6 € ©, finds the 6* such that J(6*) > J(0).

53



Optimization in RNN

+1

0
St+1

s, s
1'% 4%
U TU
X

<
<

X

SIHA | input vectorE &3l RNN cellof| A 0|58t predictionit
H[0|E12| labelnte] X} g5 2N 7= U W, V E &

54



on

imulati

tion S

imiza

Opt

= SGD

- Momentum

-  NAG
- Adagrad

Adadelta
-  Rmsprop

1.0—1.0

0.5

0.0

55


http://www.denizyuret.com/2015/03/alec-radfords-animations-for.html

Adam Optimizer

Update Equation

my = ﬂlmf;_l + (1 - ﬁl)gt
ve = Bavi_1 + (1 — B2)g?

N my
My —
1— Bt
" Ut
Vs =
1— B4
n A
9t+1 =0 — ———ny

Vi + €

Key ldea

Adam Simulation

e AdaDeltaZ} Hessian term0 momentum&
F8t WX, gradient2t Hessian0l| 250
momentum approachs Xg§t

n=0.1, B = B = 0.9, e =107%, iter = 20

56



NAG Optimizer

Update Equation NAG Simulation
n=0.1, y=0.9, iter = 60
vp =7y V41 +NVeJ(Or — 7 ve_1)

9t+1 =0 — vy

Key ldea

e Momentum H4|1t A5t gradient2]
Z3 Kol CHE

e [C}2 iteration@Z estimation E X|&0f|A2]
gradients 388t e

15 —15

57



Performances of RNN with different size

U score

BLE

l0H — RNNsearch-50 F...............i. STUTRS ORI DI N i
""" RN Nscarch-30 N i .;'
,')._. - I{\\ql“q')“ : ceceeeleay P o e e e e e e e .
--= RNNene-30 | el
“ | J 1 1
() 10) ) 30 I S0) Ol)

Sentence length
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Toward Discourse-level MT

lake erie cleveland indian
prediction —A
decoder
initial recurrent state
session-level C© @ getnjtrated COMCD)
recurrent state Iake erie o cleveland indian art
suggestion
3 3
0 query-level O
recurrent state
(o)
cleveland gaIIery O lake erie art

59

Hierarchical Recurrent Encoder—Decoder (HRED) by Sordoni et al. (2015)



Machine Comprehension
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Machine Comprehension

2S2X] 7|8 7[A| Sl
MR BA AIS R £YE Fetstn
Heistel FEIS E5101 F2ot= WA
P2
oo
Bt FHSE Ao H=F UHE
20| ststo £=2 Zuprt Hatst
thy
o M L £Mo| AF|Of 2| HI
o JHHQ| HESH Bt L £M0| EMM
I} == H|8
o H|FHHSIE AH| HO|EQt HAHSHE
2] Ato]e]| 1|2|o)| 15t Hs Hst

o O3 HiE| Ct¥YS 1EfsHX| Xet

W 7=

o' 71 1A =3

et&S Sdll Z2l0)| Chet Bt

—

71| S5l 2nE|E
RNN, BIiLSTM, Paragraph2Question, Pointer Network -

aiz} ojo} mel
State-based Response Model,
Multi-context Response Model ---

0] O[3 S 0| &35tH, XNIEH2 2 shgS
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Machine Comprehension - cont’d

o2 38
et 22| 7|A| =5l b= HIo[E 374
— Microsoft (MCTest, MSMARCO), Facebook (bAbl), Stanford (SQUAD),
CNN/DailyNews &
z[2 Held XA0] M| il =7 FEOf
— Microsoft, Google, Facebook, IBM, Salesforce & M| 2| 7|1t
Stanford, Carnegie Mellon, Singapore CHst S StA[0f| A Cho| 171 A

Iy $a

st=2012| 7|7 S 27 sH4 ClolE M2

—

T
e
M

ot=0{ 7[dt 7|A =5ll 20F && MH|A At HE

r

7|1A =l et=0{ A+ ot Aol S



Deep Learning based Machine Comprehension

e Machine Comprehension x| sHZ &
o ZFO0{Zl X|Z20f| cHst ofaH

o YHEE ZE0 Clist ofsH

o X|Z UoiM Z=0| et E'HE HoF S

- ....
A X . o o. .
X2 o|sH 0—~—I1I 0I‘H '
..‘ oa® / ‘ . .. -
0:0°4 y

Xteiof 2| gk mef MeEleot e 53
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Deep Learning based Machine Comprehension - cont’d

o EHEld RES V[ECZ =0 B0 & z[Halst0] #E Al

o H|IZY HIOIH| =Xl Eaid 7|8 HE YHIE 7| HE

= a1
X2 gl xl= [ 10 S S
- |"_|_ x‘l El—l—. _O| iy D—.” I'O—|I- IC-Jl 2—!’5 °QI:AOI'

EE xteio] M| Al2H

[00] Super Bowl 50

Paragraph

<«

The Panthers finished the regular season with a 15-1 record, and What team did the Panthers defeat?
quarterback Cam Newton was named the NFL Most Valuable Player )

(MVP). They defeated the Arizona Cardinals 49-15 in the NFC b

Championship Game and advanced to their second Super Bowl m

appearance since the franchise was founded in 1995. The Broncos

finished the regular season with a 12—4 record, and denied the New Arizona Cardinals

England Patriots a chance to defend their title from Super Bowl XLIX
by defeating them 20-18 in the AFC Championship Game. They
joined the Patriots, Dallas Cowboys, and Pittsburgh Steelers as one
of four teams that have made eight appearances in the Super Bowl.
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Paragraph/Question Understanding

Ozl X|=0f CHgt Of

=
T

h9,

h%

hY,

b,

hPy

b

BIiLSTM
Fasttext

65

Xgm

Xq1

Xpa

Xp2

xpl



Paragraph and Question Coupling

o X[Z21 ZEZ AtO|Q| £tA| Tt
e Attention Network 7| E &350 ZZ9| LiEu X| 22| HHEE 53
o X[22| BHO|M HRO| 2t Tt

= O'I Al' —
o ETEo| BH0|A XI22| 2} £Ho] Ato]2] o1ty mpof

1 = -_L- O —
7|4l =3l: Paragraph2Question 22! 7|1A1=3H: Question2Paragraph &2
P, P, P,
A hrI hrl o hxn
T ] b4 )
|
i i i hQI ( “ ) )
8 e |
? * ‘ hqm A AA Al

by h¥y - b¥y

hP, hP, hP,



Answer Finding

o XZ UolM BES| EtH
o 7|H =3l ZH0IM EH2 X|Z 2to U= HHE HOM HojF= LAl
o O|X CHA0f|A motst Rt X|Z2f 2| & 3! Pointer Network 7|2S X &30
k=)
=

ANEQ T S o= AESH=X] ALt

L2
fun
fujo
N
ot
ol
S
i
|-II

7|A4I53l: Answer Generation
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Relational Reasoning

Non-relational question:

Original Image:

What is the size of
the brown sphere?

A

2 i
|}
or Ho

i o2
d
-

Relational question:

Are there any rubber
things that have the
same size as the yellow
metallic cylinder?

=

=
w2 217|S Dero| 2ol tht FE 0l2] 1 L
CIE AF2STtO| 2 HES TlofaORat Bt Ths

o

l

From CLEVR dataset
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Relation Networks

A simple neural network module for relational reasoning DeepMind (2017)

Basic Model
Neural network to compute

(potential) relations between all object pairs

/

RN(O) = f, 293(01:: 05)

ij \

Neural networks to infer pairwise relations

For Visual QA

RN(O) = fs | > gsl0i.05,q)
i.j



Relation Networks Performances

CLEVR Cl|O|E{E AtE¢l visual question answering 28|01 H&

SIM7ER| EeiTl 2 CiH| ESet ds &

—

. Compare uer Compare
Model Overall Count Exist Numlt))ers Agriblz’te Att rigute
Human 92.6 86.7 96.6 86.5 95.0 96.0
Q-type baseline 41.8 34.6 50.2 51.0 36.0 51.3
LSTM 46.8 41.7 61.1 69.8 36.8 51.8
CNN+LSTM 52.3 43.7 65.2 67.1 49.3 33.0
CNN+LSTM+SA 68.5 52.2 71.1 73.5 85.3 52.3
CNN+LSTM+SA* 76.6 64.4 82.7 77.4 82.6 75.4
CNN+LSTM+RN 95.5 90.1 97.8 93.6 97.9 97.1




Generative Models for
Natural Languages



Ideas

A generative model describes how data is generated

A quick sketch

comparison between discriminative models

build a model to learn p(y|x)

/ learn p(x]y) and p(y) > indirectly Generative
data X

learn p(y|x) L
label Y > directly Discriminative
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1) OpenAl blog: Generative Models (https://blog.openai.com/generative-models/)



Ideas - cont’d

Intuition

A model for randomly generating observable data values,

typically given some hidden parameters

unit gaussian

generative

model
(neural net)

generated distribution

true data distribution

p(X)

image space

image space
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The Generative Models in Natural Language

Generative models in Language that we are familiar with :
Naive Bayes, GMM, LDA, HMM, Boltzman machines, Seq-to-Seq,...

Three most popular approaches that utilize neural networks :

e Autoregressive models: pixel-RNN (char-RNN)
e Generative Adversarial Networks (GANSs)

e Variational Autoencoders(VAEs)
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VAE as a generative model

e Generative models are known to have following drawbacks:
1. They might require strong assumptions about the structure in the data
2. They might make severe approximations, leading to suboptimal models

3. They might rely on computationally expensive inference procedures like MCMC
e VAE handle these problems by
1. Building the model on top of standard function approximators — neural networks

2. Training with stochastic gradient descent, making the training faster

e \Why so popular: weak assumptions, fast training, relatively small error in approximation



Latent Variable models with Neural Network

Recall
The generative model

p(z,2) =p(2)p(z|2)
e \We assume P (x, Z) is parameterized by neural networks with parameter

Do (x, 2)

e Traintofind @ that maximize some objective function



Variational Autoencoders

e Typically in VAE, we define by
po (2) =N (0,1)

Prior

po (2]z) = N (@|uo (2) , 05 (2))

Generation

po (z) = / po (z]2)ps (2) dz

= [N (40 (), 03 (2)po (2) 2

Qo

&

plate notation
we can sample N times from z and X,
while 0 fixed
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Difficulties

e Posterior Pg (Z|£U) is intractable

Po(T|zZ)po\2
pg(z|a:): ( | ) ( ) A
po(z) Easy Difficult
_ po(z|2)pe(2) po (z2) o (212)
[ po(z, 2")dz' v

_ po(z]2)pe(2)
J po(z|2")po(2')dz’

e Note that it is not able to calculate the integral analytically

!/
e when < is in high dimension, the integral is difficult to estimate
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Variational Inference

Instead of Py (2|2)

we approximate it with ¢, (=

7)
~

In addition to {, we find Q
that approximates Dy (z|:c) well

Choice of 4y (93 Z) should be easy

to be calculated or to be sampled from

approximate

po (2]2)
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Evidence Lower Bound (ELBO)

e The objective : maximize ELBO instead of the original

log pe(z) » L(z;0)
Y- :
Dk (q(2|z) || p(z|z))
~ log / 9p(2|2)po (2, 2)
qy(2|) ¢

9, (2|z) log po(z, z) .
> dz —> L (z:0,
/ qso(zlx) (x ﬁ,D)
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Calculating the gradients

e Reinforce
e Control variate

e Reparameterization trick (Stochastic Gradient Variational Bayes, SGVB)

o move the sampling to an input layer

encoding decoding

X Z
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Why reparametrization trick

e Backpropagation cannot flow through a random node

e Introducing a new parameter € allows to reparameterize z in so that backprop to flow

through the deterministic nodes

Original form Reparameterised form

Y < 3t/d¢; @
= 0L/0¢;
: Deterministic node [Kingma, 2013]
[Bengio, 2013]
. - Random node [Kingma and Welling 2014]

[Rezende et al 2014]
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Training Procedure

The ELBO can be decomposed into 2 parts

E__ | logp(xlz) |-Dy[q(zl0)lIp(xl2) ]

Reconstruction loss Regularization loss

A

Sampling with NN . Sampling with NN
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Generation

We can generate data points with trained generative models

Sampling with
NN
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VAE applied to sentence

Neural Variational Inference for Text Processing

Modeling

i 000000 X

q(h|X) (Inference Network)

h

p(X|h) i

000000 | X

Figure 1. NVDM for document modelling.

Figure 2. NASM for question answer selection.
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VAE applied to sentence

Empirical Results

Q1 | how old was sue lyon when she made lolita
Anasy the actress who played lolita , sue lyon , \. fourteen at the time of filming .

A;stv| the actress who played lolita , sue lyon , was fourteen at the time of filming .

Q2 | how much is centavos in mexico
Anasu| the peso is subdivided into 100 cem#@vos , represented by " _UNK_ "
Aistm | the peso is subdivided into 100 centavos , represented by " _UNK_ "

Q3 |what does a liquid oxygen plant look like
Anasy | the blue-‘ liquid oxygen in a dewar flask
A;styv |the blue color of liquid oxygen in a dewar flask
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http://proceedings.mir.press/v48/miao16.pdf



VAE applied to conversation

Learning Discourse-level Diversity for Neural Dialog Models using
Conditional Variational Autoencoders

Intuition

_____ »B: Tell me your hobby first.

[ A: What is your hobby?

-

--->B: hmm

-------- »B: | like play tennis.

Figure 1: Given A’s question, there exists many
valid responses from B for different assumptions
of the latent variables, e.g., B’s hobby.
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VAE applied to conversation - cont’d

Training & Testing

(b) Training of (kg)CVAE

| like cats </s>
pia P x“_ 4 _|Recognition - = [
I like cats ¢ Network | —
dialog act |} ‘ : " ;KL(qIIp)
N Prior ——» mi Y
"Utletwork > IO
|
[ x A

(S S 8

1 1 0 = f->like *bow

u; Uz Uk-1 c% -

0 1 0 4cats

(c) Testing of (kg)CVAE
! | like cats </s>
Prior
(meta |
( N ) { DS o like cilts
b A A

A A A y'----J _____ Lmmmde e
u, Uz Uk-1 c .
0 1 0
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VAE applied to conversation - cont’d

Empirical Results

Example 1-Topic: Recycling Context: A: are they doing a lot of recycling out in Georgia? Target-B (statement): well
at my workplace we have palaces for aluminium cans and we have a separate trash can for recyclable paper

Baseline+Sampling

kgCVAE+Greedy

1. well I’'m a graduate student and have two kids
2. well I was in last year and so we’ve had lots of recycling

3. I’'m not sure
4. well I don’t know I just moved here in new york

1. (non-understand) pardon

2. (statement) oh you’re not going to have a curbside pick
up here

3. (statement) okay I am sure about a recycling center

4. (yes-answer) yeah so

Example 2-Topic: Child Care Context: A: you know a private home to take their children to when they’re young until
they hit the preschool age and they Target-B (backchannel): uh-huh

Baseline+Sampling kgCVAE+Greedy

1. um - hum 1. (backchannel) uh-huh

2. yeah 2. (turn-exit) um-hum

3. um - hum 3. (backchannel) yeah

4. uh-huh 4. (statement) oh yeah I think that’s part of the problem
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Deep Learning and NLP : A Controversy

The original Paper: Adversarial Generation of Natural Language

(https://t.co/HGEijW2KkA)

An Adversarial Review of “Adversarial Generation of Natural Language

(https://t.co/bkj2EbOICP)

Yann’s Response

(https://www.facebook.com/yann.lecun/posts/10154498539442143)

A Response to Yann LeCun’s Response.
(https://t.co/elwEJXpXvQq)

RealData (MO0 'yoav)))
l @yoavgo ;
(1] eoe [ [ ] owe ] [rrovees | am not sure why Stanford NLP retweeted
\- this now, but | thought it'd be a good time to
[T won L1 T oee 1) S5 say again that | really dislike this work.

\ / \ / T Nenad Tomasev @weballergy

'Adversarial Generation of Natural Language': producing realistic
sentences arxiv.org/abs/1705.10929 #deeplearning
#machinelearning #NLP #Al

:eetweels ;;es 20 % Y *’ 030

12:02 AM - 9 Jun 2017

Gaussian
Noise

O 4 n 16 Q 52 ]

| Yann LeCun
June 10 at 7:10am - @

Posting on ArXiv is good, flag planting notwithstanding.

This piece by Yoav Goldberg has been widely circulating over the
Interwebz the last couple of days.

It mostly complains about the methodology used in a particular paper
from MILA about text generation.

But it also complains about the habit of the deep learning community of
posting papers quickly on ArXiv. | vehemently disagree with that point.
I'm not going to defend the paper Yoav discusses. | haven't read it. But a
lot of Yoav's argument sound awfully defensive to me, including the sub-
title: "for fucks sake, DL people, leave language alone and stop saying you
solve it" and the statement "I have a lot of respect for language. Deep-
learning people seem not to". This sounds to me a lot like what people in
various communities have been saying just when neural nets/deep
learning started to get good results in their field: character recognition in
the early 90s, speech recognition until around 2010, computer vision until
about 2014, and now NLP. | understand the reasons, but this sounds
awfully like a read-guard battle, which is very surprising coming from
‘Yoav who has been quite involved in applying deep learning to NLP.

To be fair, the piece has now been augmented by a significant amount of
clarification (aka back ing): ht jum.comy. ifications-re-
adversarial-review-o...

Nikos Paragios (someone who is "not that old", as he puts it) wrote a
similarly defensive piece that laments the methodological shift in
ccomputer vision brought about by DL: https://www.linkedin.com/
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