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FISTORY OF M1 RESEARGES

Topics: Two Most Important Moments in M'T Research
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". It Is very tempting to say that a book written
in Chinese is simply a book written in English
which was coded into the "Chinese coae." [f we
have useful methods for solving almost any ; ‘
cryptographic problem, may it not be that with S0
broper interpretation we already have useful ,

methods for translation?” S d
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Maybe, there is something about CIMS, NYU
with machine translation. ..

i you find a double
della-pietra I'll be super
impressed :)




WWarning



‘It will be all too easy for our somewhat artificial
brosperity to collapse overnight when it Is
redlized that the use of a few exciting words like

information, entropy, redundancy, do not solve dall
our problems”

- Shannon (1956)

1956 IRE TRANSACTIONS—INFORMATION THEORY 3

4 S 4

==

The Bandwagon

CLAUDE E. SHANNON

Claude Shannon, 1916-200|
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NEURAL MACHINE TRANSLATION

Topics: Statistical Machine Translation
3 10g p( f ‘ 6) | lOg p(e ‘ f) L 10g p( f) f=(La, croissance, économique, s'est, ralentie, ces, dernieres, années, .)

» Translation model: log p(e|f)

 Fit it with parallel corpora l L 0

» Language model: logp(f)

e = (Economic, growth, has, slowed, down, 1n, recent, years, .)

* Fit it with monolingual corpora

» The whole task logp(f|e)is conditional language modelling



NEURAL MACHINE TRANSLATION

Topics: Statistical Machine Translation - In Reality

f= (La, croissance, ¢conomique, s'est, ralentie, ces, dernieres, années, .)
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— ( Parallel ) PSR
+ Log-linear model Commors =
\_/.). W[ WN
» Feature function fn(e, f) (MonoY | [Feature Featur
=
D Silepk -

(1) Experts engineer useful features

e = (Economic, growth, has, slowed, down, 1n, recent, years, .)

(2) Use a simple log-linear model

(3) Use a strong, external language model



Neural Machine Iranslation



Vigo

’ortugal

n

Badajoz

SPAIN IN 99/

Salamanca
o)

Seville
O

Valladolid
0O

Madrid
®

Toledo
o

Spain

Cordoba
o

Rranara

Zaragoza
Bar
¢
.\(f)
e%‘
Q)e}
Valencia
Q
Benidg
O
0
Alicante
o .
Murcia



NEURAL MACHINE TRANSLATION

CO-0[0000 -0

DECODER

“We propose .. Recursive Hetero-Associative
Memory which .. may be applied to learn general

translations from examples in which different
sentences may have the same translation.’

r(‘1011°’) = 5(°001°)

QOO0 -0

ENCODER

— Forcada & Neco, 1997 OO-Ol0O 0O G

u(‘1r’) r(‘101°)



NEURAL MACHINE TRANSLATION

CONTEXT UNITS

CONTEXT UNITS N CINPUTS J<—|

HIDDEN UNITS

“Based on these encouraging performances, future work dealing with more
complex limited-domain translations seems to be feasible. However, the size
of the neural nets required for such applications (and consequently, the

learning time) can be prohibitive”
(Castano&Casacuberta, 1997)



NEURAL MACI—HNETRANSLAT\ON
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NEURAL MACHINE TRANSLATION

Topics: Sequence-to-Sequence Learning — Encoder

* Encoder

(1) I-of-K coding of source words

(2)Continuous-space representation

St/ — WTCEt/, W

here W € RIVIxd

(3)Recursively reac

ht — f(ht_l,St), for t = 1, B ,T

words

e = (Economic, growth, has, slowed, down, 1n, recent, years, .)
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NEURAL MACHINE TRANSLATION

Topics: Sequence-to-Sequence Learning — Decoder

S eco d er gf = (La, croissance, économiql(lg, )s'it, ralentie, ces, dernieres, annies, )
(1)Recursively update the memory o
Zy — JH A e o g i ..... S VAW (2)?4 ......... S8 W 0 W W W T%
(2)Compute the next word prob. 2 P,
p(ue |u<y) o eXP(RIt,Zt’ + bu,, ) f ..... SN SR U b\ WY SR I W W SRS W W
- .z,
(3)>ample a next wora T e N

*Beam search is a good ided

e = (Economic, growth, has, slowed, down, 1n, recent, years, .)
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NEURAL MACHINE TRANSLATION

Topics: Sequence-to-Sequence Learning — Issue

f= (La, croissance, ¢conomique, s'est, ralentie, ces, derni¢res, années, .)

» This i1s quite an unrealistic model. == - -
» Why? E

Word Ssample

“You can’t cram the meaning of a
whole %&!$# sentence into a
smgle $&”1'L* vector!” Ray Mooney

Recurrent
State
N

Recurrent

Word Representation  State

Continuous-space

1-of-K coding

¢ = (Economic, growth, has, slowed, down, in, recent, years, .)
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NEURAL MACHINE TRANSLATION

f=(La, croissance, ¢conomique, s'est, ralentie, ces, dernicres, annees, .)

Topics: Attention-based Model L, m _ :
* Encoder: Bidirectional RNN Zm ..... Y SN ? .............. AN SN S S WY
* A set of annotation vectors : g L (= = —( —
{hi,hs,... At} :
» Attention-based Decoder ;;
(YCompute attention weights : .
Z 2

g/ ¢ X eXp(e(zt’—la Uy —1, ht))

(2)Weighted-sum of the annotation vectors

T
Cpa== thlat’ t hi

(3)Use ¢ instead of At



NEURAL MACHINE TRANSLATION

English-French
TOpiCSZ Attention-based Model Economic growth has slowed down in recent years

+ Encoder: Bidirectional RNIN % \ %

A set of annotation vectors La croissance économique s' est ralentie ces derniéres années .

{hi,hs,... At}

» Attention-based Decoder |
Economic growth has slowed down in recent years

(ICompute attention weights /\ W
Qyr ¢ X eXp(e(zt’—h Ut —1, ht))

English-German

Das Wirtschaftswachstum hat sich in den letzten Jahren verlangsamt .

(2)Weighted-sum of the annotation vectors
T
Cpra== E :tleét',tht

(3)Use ¢ instead of At

23



NEURAL MACHINE TRANSLATION

Topics: Attention-based Model

* How far does the attention mechanism get us!

Model All Rel. Improvement
RNNencdec-30 13.93 —
RNNsearch-30 | 21.50 54.3%
RNNencdec-50 17.82 —
RNNsearch-50 | 26.75 50.1%

RNNsearch-50* | 28.45 59.7%

Moses 33.30 —
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NEURAL MACHINE TRANSLATION

Topics: Very large target vocabulary (Jean et al., 2015)

o Where are we Speﬂd | NG mos—t —tl me? f= (La, croissance, économique, s'est, ralentie, ces, dernieres, années, .)
= ' O O ] L ] ] ]
p(up |ty ) X exp-|- O ) N E

» Complexity: O(|V |d)

* Where are we spending most memory!

pluy [u<y) eXPt/ + bu,, ) 5

» Complexity: O(|V'|d)

V| iS huge, aﬂd we mUS‘t Compute |'t e = (Economic, growth, has, slowed, down, in, recent, years, .)
more than twenty times per sentence palrst

=
HEE

Word Ssampl

ENEEEC _lNNNEN
]

Word Probability
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NEURAL MACHINE TRANSLATION

Topics: Very large target vocabulary (Jean et al., 2015)

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

* (Blased) Importance Sampling without Sampling ;
i exp {w; & (yi—1,2t,¢t)} "
N Zk:ykev CXp {w,;rgb (Ye—1, 2t Ct)}
e exp {w, ¢ (yi—1,2t,¢t) }

i Zk:ykGV’ eXp {w/;r¢ (Ys—1, 22, Ct)}

p(ye | Y<t, )

Word Probability

Tent

R
State

- d . . d _

A —w%’ w%, w§’ L ’U}é ._ (w%’ w%’ w%, . wcli —A;\ e = (Economic, growth, has, slowed, down, in, recent, years, .)
WT, W, W3,y WG | W3, W3, W, WS (| A
VI | w?, wd, wd, ... w3~ | E V=

n n n
Y | wy,wy,wsy, ..., w]]




NEURAL MACHINE TRANSLATION

Topics: Very large target vocabulary (Jean et al., 2015)

* How we do choose V7
* Iraining [ Ime:
* Divide a training corpus into D subsets

» Build a vocabulary V' for each subset separately

* lest [Ime:
- K-most frequent words pTwlwh,wl, . wi 3 Rwl, whw, L wl S
2 2 2 2 3 3 3 3
: / : W, W, W3, e v ey Wy | o s yWi, W5, W3, ..., Wy ||A
K" words that are aligned T 0 SO B _ : =

to source words

n n n
Y | wl,wy,wsy, ..., Wy

27



NEURAL MACHINE TRANSLATION

Topics: Very large target vocabulary (Jean et al., 2015)

(a) English—French (WMT-14)

(b) English—German (WMT-15)

(c) English—Czech (WMT-15)

28

NMT(A) | Google | P-SMT
NMT 32.68 30.6"
+Cand 33.28 - .
+UNK 33.99 32.7° 37.03
+Ens 36.71 36.9°

Model Note

24.8 Neural MT

24.0 U.Edinburgh, Syntactic SMT
23.6 LIMSI/KIT

22.8 U.Edinburgh, Phrase SMT
22.7 KIT, Phrase SMT

Model Note
18.3 Neural MT
18.2 JHU, SMT+LM+OSM-+Sparse
17.6 CU, Phrase SMT
17.4 U.Edinburgh, Phrase SMT
16.1 U.Edinburgh, Syntactic SMT




NEURAL MACHINE TRANSLATION

Topics: Subword-level Machine Translation (Sennrich et al., 2015)

» Character n-grams (byte pair encoding) [+ Frequent words]

66|9’

system sentence system sentence

source health research institutes source Mirzayeva

reference Gesundheitsforschungsinstitute reference Mmnpzaepa (Mirzaeva)

WDict Forschungsinstitute WDict Mirzayeva — UNK — Mirzayeva
C2-50k Folrslchlunlgslinlstlithutliolneln C2-50k Milrzlaylevia — Mu|p3|ae|Ba (Milrzlaelva)
BPE-60k Gesundheits/forschlungsinstitulten BPE-60k | Mirzlayeva — Mup|3aleBa (Mirlzaleva)
BPE-J90k | Gesundheitslforschlungsinlstitute BPE-J90k | Mirlzalyeva — Mup|3aleBa (Mirlzaleva)
source asinine situation source rakfisk

reference dumme Situation reference pakducka (rakfiska)

WDict asinine situation — UNK — asinine WDict rakfisk — UNK — rakfisk

C2-50k aslinlinle situation — Aslinlenlsiltulatlioln C2-50k ralkflisikk — pa|kd|uc|k (ralkflislk)
BPE-60k aslinline situation — Alinlline-|Situation BPE-60k | raklflisk — mpa|d uck (pralflisk)
BPE-J90K | aslinline situation — Aslinlin-I/Situation BPE-J90k | raklflisk — pak|d mcka (raklfliska)

Table 6: English—German translation examples.
marks subword boundaries.

Table 7: English—Russian translation examples.
marks subword boundaries.

66|99



NEURAL MACHINE TRANSLATION

Topics: Subword-level Machine Translation (Sennrich et al., 2015)

» Character n-grams (byte pair encoding) [+ Frequent words]

BLEU
vocabulary newstest2014  newstest2015
name segmentation shortlist ~ source target | single ens-4 single ens-4
syntax-based (Sennrich and Haddow, 2015) 22.6 - 24 .4 -
WUnk - - 300000 500000 17.1 18.8 RS
MDict morfessor - 300000 500000 18.1 20.0 AMUS)

C2-3/500k char-bigrams 3/500000 310000 510000 184 203 21.8 230
C2-50k char-bigrams 50000 60000 60000 187 5 205/ =D RGN 2SS
C3-50k char-trigrams 50000 100000 100000 189 205 2SR 5L
BPE-60k  BPE - 60000 60000 186 208 21.1 23.6
BPE-J90k BPE (joint) - 90000 90000 194 2 20.800 1 22280

Table 2: English—German translation performance (BLEU) on newstest2014 and newstest2015 test sets.
Ens-4: ensemble of 4 models. Best NMT system in bold.



NEURAL MACHINE TRANSLATION

Topics: Subword-level Language Modelling (Kim et al., 2015; Ling et al., 2015)

* Directly processing characters

—

Character
Lookup
Table

vvvvvv

000000

e i e e

I

00000

|

"""

Bi-LSTM

00

]

s

embeddings :
for word "cats" ;

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

moment the iabsurdity:

|

iIs recognized

(Optional)
Highway network

Max-over-time
pooling layer

Convolution layer
with multiple filters
of different widths

Concatenation
of character
embeddings

3



NEURAL MACHINE TRANSLATION

Model

(d) German— English (WMT-15)

Note

29.3
29.1
28.9
28.7
28.7
27.9

U.Edinburgh, Phrase SMT
KIT, Phrase SMT
Aachen, Phrase SMT
JHU, Phrase SMT
U.Edinburgh, Syntax SMT

Neural MT

Topics: Very large target vocabulary (Jean et al., 2015)

(e) Czech—English (WMT-15)

(f) Finnish—English (WMT-15)

Model Note

20.2 JHU, Phrase SMT
245 U.Edinburgh, Syntax SMT
23.8 Neural MT

20.4 Dublin, Phrase SMT
14.5 lllinois

Model Note
17.9 U.Edinburgh, Syntax SMT
17.6 Dublin, Rule-based SMT
16.4 Uppsala, Phrase SMT
15.9 Prompsit Language Engineering
15.7 lllinois
13.6 Neural MT

Is neural MT particularly weak when translating to English?

32
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NEURAL MACHINE TRANSLATION

Topics: Statistical Machine Translation - Recap

. logp(fle) ~

f= (La, croissance, ¢conomique, s'est, ralentie, ces, dernieres, années, .)
Z fn(

W W, Ws
Feature| |Feature| |Feature
/i /5 VE

e = (Economic, growth, has, slowed, down, 1n, recent, years, .)

( Parallel )
N

e | oo-linear model Shora
=  Compora

...);
f) Aone

Corpora
D Silepk —

- Feature function fn(e,

Feature

(1) Experts engineer useful features

(2) Use a simple log-linear model

(3) Use a strong, external language model



NEURAL MACHINE TRANSLATION

Topics: Incorporating Target Language Model (Gulcehre&Firat et al., 2015)

» Shallow Fusion: Log-Linear Interpolation between T™M and LM
log p(y:|y<t, ) = logp™ ™ (yely<s, ©) + Blog p™™ (y¢ly<+)

5 2P 0O O OO O
TR Co A

& E
53 :
= . "

34



NEURAL MACHINE TRANSLATION

Topics: Incorporating Target Language Model (Gulcehre&Firat et al., 2015)

» Shallow Fusion: Log-Linear Interpolation between T™M and LM
log p(y:|y<t, ) = logp™ ™ (yely<s, ©) + Blog p™™ (y¢ly<+)

» Advantages: :32P0)—0 O— OO~ O—(O—
. ¥ v [y . vy [y [y :
» Single tunable parameter 5 §; 0 ]

» Disadvantages:

Probability

Word

* Is s really linear?




NEURAL MACHINE TRANSLATION

Topics: Incorporating Target Language Model (Gulcehre&Firat et al., 2015)

* Deep Fusion: Nonlinear interpolation betvveen [Mand ™M

p(yt‘y<t7$) X eXP(y;(Wofo,e( , gt - 7yt 17615) + 0 ))

N
N.h
<

Recurrent State

Language Model

Probability

N

~,

Translation Model
Recurrent State  Word
S

36



NEURAL MACHINE TRANSLATION

Topics: Incorporating Target Language Model (Gulcehre&Firat et al., 2015)

 Deep Fusion: Nonlinear interpolation between LM and T™M
P(Ye|y<s, ) < exp(yy (Wofo,0(ze™ 9t 2 s Y—15¢t) + bo))
» Advantages
* No linearity assumed: the core philosophy of deep learning
» Context-Dependent Fusion
» Disadvantages
* Works only with a continuous-space LM: NLM or RNN-LM

» Computationally demanding (comparatively to shallow fusion)
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NEURAL MACHINE TRANSLATION

Topics: Deep Fusion of Target Language Model (Gulcehre&Firat et al., 2015)

(a) German/Czech—English

(WMT-15)
De-En | Cs-En
Neural MT | 23.61 21.89
+Shallow 23.69 | 22.18
+Deep 24.00 | 22.36

(b) Turkish—English (IWSLT-2014)

(b) Chinese*—English
(OpenMT-15)

SMS/Chat | CTS
Phrase SMT 14.73 21.68
Hiero SMT 14.71 21.43
Neural MT 17.36 23.59
+Shallow 16.42 22.83
+Deep 17.64 23.5

tst2011  tst2012 tst2013 Test 2014
Previous Best 18.83 18.93 18.70 .
Neural MT 18.40 18.77 19.86 18.64
+Shallow 18.48 18.80 19.87 18.66
+Deep 20.17 20.23 21.34 20.56




* and the list continues. ..

Neural MT Is comparable to, or better than, phrase-based M1

Multi-task learning for multiple language translation (Dong et al.,, 2015)

Neural Machine Translation of Rare VWords with Subword Units (Sennrich et al,, 2015)

* Variable-Length Word Encodings for Neural Translation Models (Chitnis&DeNero, 2015)
 Addressing the rare word problem in neural machine translation (Luong et al., 2015)

Effective Approaches to Attention-based Neural Machine Translation (Luong et al,, 2015)

.. an extremely
promising approach

to MT through .. deep
learning ..

Advances In natural language processing
by Hirschberg & Manning (2015)

39



VWhat next!

40



MULTILINGUAL TRANSLATION

Beijing est une ville capitale de la Chine.

%
Peking on paakaupunki Kiinassa.
A /
{ Peking ist eine Hauptsfadt von China.
Beijing is a capital city of China.
r ‘\ Pl NS d /

,,,,,,,,, niversal Language Space???

N
~
T
~

Peking’'on paakaupunki Kiinassa.
Beijing is a capital city of China.

Beijing est une ville capitale de la Chine.

Dong et al. (2015)

Peking ist eine Hauptstadt von China.

41
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TOWARD DISCOURSE-LEVEL MT

lake erie a cleveland indian a

r O n O
prediction —
initial recurrent state
session-level 9 ©O generated (@O) (00) (©©)
d

recurrent state lake erie context-aware gleyeland indian art
suggestion

il il

cleveland gallery lake erie O

)

L

@000

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



* Teaching machines to read and comprehend (Hermann et al,, 2015)

43

Neural M| beyond M1

Memory Networks (Weston et al., 2014)
Neural Turing Machines (Graves et al., 2014)
Pointer Networks (Vinyals et al,, 2015)

Grammar as a Foreign Languages (Vinyals et al., 2014)
Any supervised

learning task is a
translation task

Reasoning about Entallment with Neural Attention (Rocktaschel et al., 2015

and the list continues. ..



Going beyond Natural Languages

Is a human language special?

44
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BEYOND NATURAL LANGUAGES

f=(a, man, 1s, jumping, into, a, lake, .)

Topics: Beyond Natural Languages

Ssample

Word

— Image Caption Generation

Recurrent

* [ask: conditional language modelling

-
-
”
4

Mechanism

p(Two, dolphins, are, diving|

Attention

e ncoder: convolutional network

Admotation
Vectors

h.

J

* Pretrained as a classifier or autoencoder

e Decoder: recurrent neural network

Convolutional Neural Network

* RNIN Language model

*\With attention mechanism (Xu et al,, 2015)



BEYOND NATURAL LANGUAGES

Topics: Beyond Natural Languages — Image Caption Generation (Examples)

~ Al0.98) zebra(0.23) andingl(0.20)

46



BEYOND NATURAL LANGUAGES

Topics: Beyond Natural Languages — Image Caption Generation (Examples)

A(0.97) stop(0.36) sign(0.19)

=
I,"'f b,
: |
|
F/
o - =, - =l

on(0.25) a(0.21) road(0.26)

with(0.28) a(0.30) mountain(0.44) in{(0.37)

P S

47



BEYOND NATURAL LANGUAGES

Topics: Beyond Natural Languages — Attention Models
*End-to-End Speech Recognition (Chorowski et al., 2015; Chan et al., 2015)

*Video Description GGeneration (Yao et al., 2015)

*Discrete Optimization (Vinyals et al., 2015)

- é
. ~y L
III III -II III

4 and many more... +Local+Global: A man and a woman are talking on the

(Cho et al., 2015) and references therein Ref: Aman and a woman ride a motorcycle

- B .
N % - - ~
: ' D ‘ )
Y 3 X B
~ - L«
: ’ ‘ i €
§ . ; 4 . Ee .
' ' o’ b 7Y Fe
= 5 \ ) ;o
5 2 X
¥ - - ) a - — .‘ -7" 7 ;'v ¥ - 2 S
II- I _ Ill III

+Local+Global: Someone is frying a fish in a

Ref: A woman is frying food

43
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Jeaching Machines to Read, Comprehend
and Answer

Based on (Hermann et al, 201 5; Blunsom, 201 5)

50



READING COMPREHENSION

Topics: Teaching machines to read and comprehend

CNN article:

Document The BBC producer allegedly struck by Jeremy Clarkson will not
press charges against the “Top Gear” host, his lawyer said
Friday. Clarkson, who hosted one of the most-watched
television shows in the world, was dropped by the BBC
Wednesday after an internal investigation by the British
broadcaster found he had subjected producer Oisin Tymon “to
an unprovoked physical and verbal attack.” ...

Query Producer X will not press charges against Jeremy Clarkson, his
lawyer says.

Answer Qisin Tymon

o)



READING COMPREHENSION

Topics: Teaching machines to read and comprehend

— Deep LSTM Reader
* Document Reader E‘E‘E‘E-E.E‘E‘E\
RSy apy ) for all t =1,...,T ‘
*Summary of the document; At

°Query Reader Mary went to England ||| X visited England
V) forallt=1,..., T No!l!

*Summary of the query: 27

e Answer selection
T T
pla| {ws g, \We }p—y) = GalhT, 27)

52



READING COMPREHENSION

Topics: Teaching machines to read and comprehend
— Attentive Reader

 Document Reader: BIRNN

s(2

e Annotation vectors:{h1, ha, . .. \\
*Query Reader: 1"
e Answer selection

e Attention mechanism a: o< e(hs, z7+) Mary ~ went  to  England

visited England

* Query-dependent document summary ¢ = thl&tht

e Answer selection: p(al {wt}z;l , {wt'}fﬂ) = g (Z7;:C)

53



READING COMPREHENSION

Topics: Teaching machines to read and comprehend

— Attentive Reader (Examples)

*\/Isualize the attention

by ent40 ,ent62 correspondent updated 9:49 pmet ,thumarch 19,2015 (ent62 ) a ent88 was Killedin a parachute
accidentinent87 ,ent28 ,near ent66 ,a ent47 official told ent62 on wednesday .he was identifiedthursday as special
warfare operator 3rd cl' ,of ent44 ;ent13 > ent49 distinguished himself consistently throughout his
career .he was the epitome of the quiet professionalin allfacets of his life ,and he leaves aninspiringlegacy of natural
tenacity andfocused commitment for posterity ," the ent47 said ina news release .ent49 joined the seals inseptember
after enlisting inthe ent47 two years earlier .he was married ,the ent47 said .initialindications are the parachute failed

to open during ajump as part of atraining exercise .ent49 was part of aent57 -basedent88 team .

ent47 identifies deceased sailor as X ,who leaves behind a wife

54



Connectionist Approach to
Natural Language Understanding

55



I'he relevance of the connectionist model to natural language
processing is clear enough. [ he traditional stratificational
approach to parsing and generation (morphology, syntax,
semantics) .. Is not seriously accepted .. as a psychologically real
model of how humans understand and communicate.,

W 0
INTRODUCTION Machme

" Translation

HUtChinS and Somers < | 992) W. John Hutchins & Harold L. Somers
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With a neural network, we don't encode any hard principles. [he
model infers the important structures, properties and
relationships directly from raw data, in a way that allows it to
best describe achieve its objective.

Hill (2015)

https:.//medium.com/@felixhill/deep-consequences-tad23a>388e9 /

>/


https://medium.com/@felixhill/deep-consequences-fa823a588e97
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CONNECTIONIST NLP

Topics: No such thing as (universal) word embeddings

* Word embeddings are nothing but the first layer weight matrix

\
gReisccfivetiunctions matter a lot (Hill et al,, 2014; Hill et al;, 2015 \)ed&“%s
Skipgram Glove CW FD 2l 0(6 e“} N\Nenc RNNsearch
teacher vocational student student | elemenig \)’&\\N , professor instructor
in-service pupil tutor O\'\(\% professors | instructor professor
college  university teach trainer educator
~ eaten |  spoiled  cooked RN ate eating | ate  ate
squeezed meal eat | consumed consumed
cooked salads baking tasted eat
" Britain | Nogi ((\3" and  Luxembourg | UK UK | UK  England
Kingdom Belgium British British British UK
Great Madrid London England America Syria




CONNECTIONIST NLP

Topics: Compositionality naturally arises

\
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9
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Cho et al. (2014) Okaja 5 Preident (off  ths

U pd States
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CONNECTIONIST NLP

Topics: Neural net will capture underlying structures

» As long as the structures are needed to achieve the goal

Economic growth has slowed down in recent vyears

7S 0D

La croissance économique s' est ralentie ces dernieres années .

Economic growth has slowed down in recent vyears

R i

Das Wirtschaftswachstum hat sich in den letzten Jahren verlangsamt .
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