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ComputationGraph,
EXpression

import dynet as dy

dy.renew cg()

vl = dy.inputVector([1l,2,3,4])

vZ2 = dy.inputVector ([5,6,7,8])

v = vl + vZ

vd = v3 *

vd = vl +

vo = dy.concatenate([vl,v2,v3,v5])
print vo

print vo.npvalue ()



ComputationGraph,
EXpression

import dynet as dy

dy.renew cg/()

vl = dy.1lnputVector ([1l,2,3,4])

vZ2 = dy.inputVector ([5,6,7,8])

v = vl + vZ

vd = v3 *

vo = vl +

vo = dy.concatenate([vl,v2,v3,v5])

print v6 |expression 5/1
print vo6.npvalue ()




ComputationGraph,

EXpression

import dynet as dy

dy.renew cg/()

vl = dy.inputVector([1l,2,3,4])

vZ2 = dy.inputVector ([5,6,7,8])

v = vl + vZ

vd = v3 *

vd = vl +

vo = dy.concatenate([vl,v2,v3,v5])
print vo

print vo.npvalue ()

array ([

1.,

2., 3., 4., 2., 4., 6., 8.,

8.,

12 .,

16.1)




ComputationGraph,

EXPression
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.value ()
.npvalue ()
.scalar _value()
.vec value()
.forward()



Vodel, Parameters
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Vodel, Parameters

model = dy.Model ()

PW = model.add parameters (( , 4))
pb = model.add parameters( )

dy.renew cg()

X dy.inputVector ([1l,~2,3,4])
W = dy.parameter (pW)

b = dy.parameter (pb)

y =W * x + Db



Parameter D #JER{k

model = dy.Model ()

pW = model.add parameters ((4,4))
pWZ = model.add parameters((4,4), 1nit=dy.GlorotInitializer())
pW3 = model.add parameters((4,4), i1nit=dy.Normallnitializer (0,1))

pW4d = model.parameters from numpu(np.eye (4))
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Trainer& B A M= EE

model = dy.Model ()
trainer = dy.SimpleSGDTrainer (model)

P v = model.add parameters (10)

for 1 1n xrange (10) :
dy.renew cg/()

v = dy.parameter (p Vv)

vZ2 = dy.dot product (v, V)
vZ2.forward ()

v2.pbackward ()

trailner.update ()



Trainer& B A M= EE

model = dy.Model ()

trainer = dy.SimpleSGDTrainer (model, .. .)

P VvV = mode dy .MomentumSGDTrainer (model, .. .)

for 1 in dy.AdagradTrainer (model, .. .)
dy.rer
dy.AdadeltaTrainer (model, .. .)
Vo= df
ve = ( dy.AdamTrainer (model, ...)
vZ2.fo1

v2.pbackward ()

trailner.update ()
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7 —4 €5
xor(0,0) = 0 y = o(v-tanh(Ux + b))
xor(1,0) =1
+ BRE
xor(0,1) =1
—log y y =1
_ { =
XOI’(l,l) =\ {log(lg) y:O



import dynet as dy :& — O'(V ' tanh(UX -+ b))
import random

data =]

~

~

S— S’ S’ SN
~

(

(1
(LU, 01,
¥

model = dy.Model ()

pU = model.add parameters ((4,2))
pb = model.add parameters (4)

pv = model.add parameters(4)

trainer = dy.SimpleSGDTrainer (model)
closs =

for ITER 1n xrange ( ) :
random.shuffle (data)
for x,y 1n data:



for ITER in xrange ( ) :& — O-(V ' ta’nh(UX T b))

for x,y 1n data:




for ITER in xrange ( ) :& — O-(V ' ta’nh(UX T b))

for x,y 1n data:

dy.renew cg()

U dy.parameter (pU
b = dy.parameter (pb
\% pVv
X (

)
)
= dy.parameter (pv)
= dy.lnputVector (x)

vhat = dy.logistic(dy.dot product (v,dy.tanh (U*x+b)))

if v == 0:

loss = —-dy.log(l - vhat)
elif v == 1:

loss = —-dy.log(yhat)

closs += loss.scalar value()
loss.backward ()
trailner.update ()



for ITER in xrange ( ) :& — O-(V ' ta’nh(UX T b))

for x,y 1n data:

dy.renew cg()

U dy.parameter (pU
b = dy.parameter (pb
\% pVv
X (

)
)
= dy.parameter (pv)
= dy.lnputVector (x)

vhat = dy.logistic(dy.dot product (v,dy.tanh (U*x+b)))

if v == 0:

loss = —-dy.log(l - vhat)
elif v == 1:

loss = —-dy.log(yhat)

closs += loss.scalar value()
loss.backward ()
trailner.update ()



for ITER in xrange ( ) :& — O-(V ' ta’nh(UX T b))

for x,y 1n data:

dy.renew cg()

U dy.parameter (pU
b = dy.parameter (pb
\Y pVv
X (

)
)
= dy.parameter (pv)
= dy.lnputVector (x)

vhat = dy.logistic(dy.dot product (v,dy.tanh (U*x+b)))

if vy == 0: | A
loss = -dy.log(l - yhat) ) — log y y =1

elif y == 1: =9 - -
loss = -dy.log(yhat) log(1—9) y=0

closs += loss.scalar value()
loss.backward ()
trailner.update ()



for ITER in xrange ( ) :& — O-(V ' ta’nh(UX T b))

for x,y 1n data:

dy.renew cg()

U dy.parameter (pU
b = dy.parameter (pb
\Y pVv
X (

)
)
= dy.parameter (pv)
= dy.lnputVector (x)

vhat = dy.logistic(dy.dot product (v,dy.tanh (U*x+b)))

if vy == 0: | A
loss = -dy.log(l - yhat) ) — log y y =1

elif y == 1: =9 - -
loss = -dy.log(yhat) log(1—9) y=0

closs += loss.scalar value()
loss.backward ()
trailner.update ()



for ITER in xrange ( ) :& — O-(V ' ta’nh(UX T b))

for x,y 1n data:

dy.renew cg()

U dy.parameter (pU
b = dy.parameter (pb
\Y pVv
X (

)
)
= dy.parameter (pv)
= dy.lnputVector (x)

vhat = dy.logistic(dy.dot product (v,dy.tanh (U*x+b)))

if v == 0: _
loss = -dy.log(l - vyhat) -—uogz} y =1
elif == 1: { = - -
’ —log(l—y) y=0
loss = —-dy.log(yhat)

closs += loss.scalar value()

if ITER > and ITER % == :
print "Iter:",ITER,"loss:", closs/
closs =



for ITER 1n xrange ( ) :
for x,y 1n data:

dy.renew cg()
= dy.parameter (pU
.parameter (pb
= dy.parameter (pv
= dy.1nputVector (

X < O G
|
Q,
e

)
)
)
X)

vhat = dy.logistic(dy.dot product (v,dy.tanh (U*x+b)))

if v == 0:

loss = —-dy.log(l - vhat)
elif v == 1:

loss = —-dy.log(yhat)

closs += loss.scalar value()
loss.backward ()
trailner.update ()



for ITER in xrange (1000): a—FORHZ L K9 |

for x,y 1n data:
# create graph for computing loss
dy.renew cg()
= dy.parameter (pU
= dy.parameter (pb
= dy.parameter (pv
= dy.1inputVector (
predict
vhat = dy.logistic(dy.dot product (v,dy.tanh (U*x+b)))
# loss
1f v ==
loss = —-dy.log(l - vhat)
elif v == 1:
loss = —-dy.log(yhat)

)
)
)
X)

=X < O g

closs += loss.scalar value() # forward
loss.backward ()
trailner.update ()



for ITER in xrange (1000): a—FORHZ L K9 |

for x,y 1n data:
# create graph for computing loss
dy.renew cg()

x = dy.1lnputVector (x)

# predict

vhat = predict (x)

# loss

loss = compute loss(yhat, vy)

closs += loss.scalar value() # forward
loss.backward ()
trailner.update ()



for ITER 1n xrange ( ) :
for x,y 1n data:

dy.renew cg()

X = dy.lnputVector (x)
yhat = predict (x)

loss = compute loss(yhat, vy)

closs += loss.scalar value()
loss.backward ()
trailner.update ()

def predlct (expr) : Zl) — O'(V . tanh(UX —+ b))
U = dy.parameter (pU)
b = dy.parameter (pb)
v = dy.parameter (pv)
dy.d

y = dy.logistic(
return vy

y.dot product (v,dy.tanh (U*expr+b) )]



for ITER 1n xrange ( ) :
for x,y 1n data:

dy.renew cg()

X = dy.lnputVector (x)
yhat = predict (x)

loss = compute loss(yhat, vy)

closs += loss.scalar value()
loss.backward ()
trailner.update ()

def compute loss (expr, V):

return -dy.log(l - expr)
elif ==
return -dy.log(expr)
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argmax
Us ™ ur + us
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Ui ™ ur + us
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MNIST D £ =]

* O1-mnist-mlp.py

Loss Accuracy
? 0.90 -
2.0
? 0.85 -
1.8 -
1.6 _ 0.80 ]
1.4 - 0.75 -
1.2 -
0.70 -
1.0 -
0.65 -
0.8 -
—&— ftrain
0.6 - 0.60 - L —— test
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* 02-mnist-learningrate.py

Loss Accuracy Loss Accuracy

0.90 - 40 .
055 | —®— tran
2.0 —— test
? 0.85 - - 0.50 -
1.8 -
0.15 A
16 - 0.80 ©
0.40
. 0.75 A
25 4 0.35
0.70 - 0.30 4

0.65 - Loss |I’=OO1 )

Accuracy
’ 0.96 - —8— train 0.70
0.60 - 0.50 1
T T T L 0.15 T T
0 20 40 0 0.4% 0.94 - ) 7 40

|I’ZO 1 e 0.92 -

0.35 4

0.20 -
0.30 4
0.25 4 098 -
0.20

.36 -L
0,15 1

o z0 40 0 20 40




Simple SGD -

=IECT)

AdaGrad : &/\ToX—% —
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AdaDelta : AdaGrad TE&:3
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* 03-mnist-adam.py

2.0—T

1.8

1.6

1.4 -

1.2

1.0 -

0.8 A

0.6 -

0 20 40

SGD (Ir=0.1)

Accuracy

0.90 -

0.85 -

0.80 -

0.75 A

0.70 -

0.65 -

0.60 -

—&— ftrain
—&— test

20

40

0.65 -

0.60 -

0.50

0.45 -

0.40 -

0.35 -

0.30 -

Loss Accuracy

0.92

0.90 4

0.38 -

0.36

0.34 A

0.32 A

—8— ftrain
L —9— test
| | | |
20 40 0 20 47

Adam (Ir=0.001)
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Operations w/o Minibatching
W x, b W x, b W
o © ® o
tanh(eee @ + ®) tanh(eee® e + e ) tanh(eee
e @ e e

Operations with Minibatching
X, X, X, -+ concat |y

W

tanh(::g

,~ | broadcast <— b
B

E::x
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0.65 -

0.60 -

0.50

0.45 -

0.40 -

0.35 -

0.30 -

== )Ny FEDHB

Loss

I
0

\

~

1 3

O4-mnist-minibatch.py

Accuracy

0.92 1

0.90 -

0.38 A

0.26

0.34 A

0.32 A1

!

I I
20 40

SN F 11X

R 7 39

—&— train
—9— test

I I
20 43

Jd.t -

0.4 -

0.3-

0.2

Loss

|
40

Accuracy

—&— train
—9— test

I I
0 20 43

=Z)\wF 50X

]

Ny 7 10
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step

tanh

rectifier
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/& : Wikipedia



* 05-mnist-activation.py

FEIRIZ B2 D FHZE ]

Loss

0.94 A

0.92 1

0.90 -

0.38 A1

0.36 -

0.34 A

0.92 -

ACCUF&CY
—&— ftrain
—9— test
| |
20 47

1.5 1

1.0 -

0.5 1

Loss

0.83 1

0.86 1

Accuracy
- Udin
L —9— [est
n 40

relU
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* 0b-mnist-widerdeeper.py

SNE1E. 18128

Loss Accuracy
2.5 1
? 0.95 -
2.0 0.96 -
0.u%
1.5 -
0.97
1.0 -
0.90 1
Loss
1.00
0.5 0.83 - Lb-r
[
0.8'3 . 3‘43
T .
0 ? a0 0 1
1.0 0.94
0.8-
0.94
0.6
4 0.9
0n2-
0.90
0.0 - ,
Q 20 40

Accuracy

—&— ftrain
- test

2'0 4'0

C’ﬁ(
S
I
S
]
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Dropout® {#H &
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-log(u
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tanh(u)




Dropout® 43l

do=0.0

do=0.2

l.b-T

1.4
1.2
1.0
0.8 -

0.6

0.2 -

00-,

Loss

Loss

2.0 1

Accuracy
1.00 A
0.23 1
.96 -
0.94
0.92 1
L -8~ tran
0.80 ~ - test
' ' '
0 20 40
Accuracy
0.08 -
0.06 -
0.94 -
0.9z -
—&— frain
—o— ot
0 z0 40

Loss ACcuracy
2.00 4
1.75 0.90
150
.96 -
1.25 -
0.94
1.00
(.70 0.92 -
0.50 4 .90
0.25 —&— frain
0.98 -L —&— ot
20 0 z0 40
Loss Accuracy
e 0.9% -

0.00 -

2.30 -

it -

* O7-mnist-dropout.py

do=0.1
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C3: f. maps 16@10x10
INPUT C1: feature maps S4:1. maps 16@5x5

6@28x28
rr C5: layer F6: layer  OUTPUT

32x32 S2: f. maps
120

r

‘ Full conAectlon Gaussuan connections
Convolutions Subsampling Convolutions Subsampllng Full connectlon
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Neural Networks
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* 08-mnist-cnn.py
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HEENT KNL &
L ookupParameters

* DyNet™C [FEENT N %
=

LookupParameters& UCESR

vocab size =
emb dim =

E = model.add lookup parameters ((vocab size, emb dim))



BHEBENT N E
L ookupParameters

° DyNetTCiE—nm/\7 N 7%
LookupParameters& UTESR

vocab size =
emb dim =

E = model.add lookup parameters ((vocab size, emb dim))

dy.renew cg()
x = dy.lookup (E, )
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—»very bad

hate this movie —

gooad
neutral
bad

very bad
love this movie

gooa
neutral
bad

| do n't hate this mowe very bad
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Bag of Words (BOW)

| hate this  movie

| | | |
Gookup] Gookup] Gookup] Gookup] bias Scores
S
+ + + + =
@2 probs
[softmax]—i




Bag of Words D4l

* 10-sentiment-bow.py



Continuous Bag of Words
(CBOW)

hate this  movie

Cookup ) (ookun) (1ookup ) (fookup)

+ + +

£ED an

2 b < b <

% - -

W |8 + e = @
=

2 - -

bias scores




CBOW®DH!

* 11-sentiment-cbow.py
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tanh(
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Deep CBOW®D A

e 12-sentiment-deepcbow.py
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JAL>NZa—Z)LRY &
(RNN)

 NLP is full of sequential data

e \Words In sentences
e Characters in words
e Sentences in discourse

- How do we represent an arbitrarily long history?



JAL>NZa—Z)LRY &
(RNN)

 NLP is full of sequential data

e \Words In sentences
e Characters in words

e Sentences in discourse

- How do we represent an arbitrarily long history?

o we will train neural networks to build a representation of these
arbitrarily big sequences



JAL>cNZa—Z)LFRY b

BE Dfeed-forward NN
h=g(Vx—+c)
¥ =Wh+b




JAL>cNZa—Z)LFRY b

B Dfeed-forward NN Recurrent NN
h =g¢(Vx+ c) h; = g(Vx; + Uh;_1 + c)

X = —P]<
) g g B




K5l & & [ICER S 1172RNN

ht — g(VXt —+ Uht_l -+ C)
y: = Wh; + b

RNND/INTZA—=F &2 EDFEIT DM 7




K5l & & [ICER S 1172RNN

ht — g(VXt -+ Uht_l -+ C)
y: = Wh; +b




e FECEICERINIRNNIZEBO A KD
7 i BEONNERU KD ICAREDETEN T EE

o IN\TA—=HIFEHOEFBTHE | HECIFREEICXK
YN HOEY=

» “backpropagation through time” (BPTT)& &



JINTOX—F DHAF

ht — g(VXt -+ Uht_l -+ C)
y: = Wh;y + b







DL

RN EIRDFRIFEZ 3
h; = ¢(Vx; + Uh;_1 + c)
y = Why, +b

ZHE R E T DONRYT KL

h, > hy > hs
_ﬁ 1 i ;
| x1 | | X | | X3 |




DyNet?@ RNN

o “*Builder’ 5 X % FIF (*=SimpleRNN/LSTM)

o INIX—=TZETILNENM (ZERIBE 1O H)

RNN = dy.LSTMBuilder (1, , , model)

» NOA=FTZTZTNEML, BIRREZERCRIIC L)
s = RNN.1initial state()

c REZEHL., B (ADTL)
s.add 1nput(x t)

S:
h t s.output ()



RNN T X % 5t A CHIH

l halte thl|s molvie
2 5 5 2
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bias scores
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RNNI(Z &K & R5 5B DB

* 13-sentiment-rnn.py
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RNN D118 D2 IR ix

e [Long short-term memory (LSTMs; Hochreiter and
Schmidthuber, 1997)

C, > + > C
h,, |-+ uz tanh(x#) |-+ l{tanh 51— »[h

 Gated recurrent units (GRUs; Cho et al., 2014)
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* 15-sentiment-Istm.py
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* moaA HETE

this is a pen

PRN VB DET NN
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| hate this movie




5 JHEE DB

e 20-tagging-bilstm.py



CTC
(Connectionist Temporal Classification)

s ANEYTDOXIGHERTIZRWEDLH S

« BETTITERIDDDDNT ZAXY MH5
M5 780\

o CTCIFEIVETEIET, EDT7L—LNEDHFRITH
DT oD EHELURBRLSEE
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probability

label
-

CTCOH#EZX (Graves et al. 2006)

-

Waveform
Framewisce
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) CTC
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softmax
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softmax

sardines

p(e) =p(e1)X

(€2
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€

€
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€1, €2, 63)><

/fﬁl‘l = =4
— A
u=Wh+b

exp U;
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D, €XD U;
e1) X
: SET
61,62))(

h ¢ R
V| = 100, 000
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Bl EEBETI

p(tom | (s)) xp(likes | (s), tom)
xp(beer | (s), tom, likes)
xp((/s) | (s), tom, likes, beer)

alill

tom likes beer </s>
D1 | I I | | | | |
softmax softmax softmax softmax
h, 11 h, 11 h; 11 h,




D1 |

beer </s>
{ %
| | | |
ftma softmax
- h3 1 h
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=ZET)LDOA

e 30-Im-Istm.py
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o BEID-
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< DXRINEESIT/OM?
this is an example </s>
this Is another </s> </s>
A ioat: 274
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softmaxztH D XNE1E

« HEELULUTHDS 1 D2OXR VIV KBEELRES O
9 SsoftmaxEtE

« BABIRITTE BBk, YV TUYI NS
IJ__I\

—




P = softmax(

W

SoftmaxDFTEH]

h +b)



) 7‘\/Noise Contrastive

Estimation|ic
PRERICHT 258

=h
* oo

Okt

D
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URD

DyNetTrnnim-batch-nce & LW\ 5 4l




7 = X CE D < softmax

« XITHBOIUVTRAEHEL., TDHEEEZHTE

softmax(C W, 'h + b_)

softmax( W, 'h + b, )

DyNet® ClassFactoredSoftmaxBuilder

Goodman 2001. Classes for Fast Maximum Entropy Training



[ & Y softmax

o BB NS CRAICHETE

<

O 1 1 1 O - word 14

Morin and Bengio 2005: Hierarchical Probabilistic NNLM



AN (v aih e El

BEZED /N1 ) 2 BEHTE

ol W h+ b)=
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word 14

Oda et al. 2017. Neural Machine Translation via
Binary Code Prediction.
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%@‘U CX+ 9 BCNN (TDNN)

R USRI DR WRID 5 F5E0E = HiE

hate this MOoVie
[ )

EA[ softmax)—» negative



CNNIC K2 RHETILDA

* 14-sentiment-cnn.py



Tree-structured RNN/LSTM

| hate this movie

! ! ! !

@b e e e

[V'VY‘
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Y N
b b
< _ b
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b b

bias scores



Tree-LSTM D4

* 15-sentiment-treenn.py



Dilated Convolution

o MAICKIEZTL LTW XY ~

5l : WaveNet (van den Oord 2016)

© © 0 0 0. 0. 0. 0 0 0 0 0 0 O

O
O
O
O
O
O
O\
o\
O\
O
O
O
O
OO0

Output
Dilation = 8

Hidden Layer
Dilation = 4

Hidden Layer
Dilation = 2

Hidden Layer
Dilation = 1

Input



Pyramidal RNN

» AU KHEZRRICHS

5l : Listen, Attend, and Spell (Chan et al. 2015)

S N
s ~.

Listener / ~~ —~—
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BN 5N

he ate an apple = K& D A ZZBN]C

5 JETE

he ate an apple = PRN VBD DET NN

X 5

RIEDODASZBN » B ok | 87 —X 2 d->HhD
Xz s sm s BT CLEICIE > Tz,
—~ANII— — T (D A BN

Z D1t

010001110010 — 1101100101110



Encoder-Decoder

 Encoder : AJIFZ G HAIAHNT )L %z FAX

e Decoder : HJEDXRDEEEDMER % HTE

« HIDKRE




EnCOder—Decoder

l hellte th|s mowe </s>
HBHDH®D 'XXX] 'XXX] 'IXI]
‘ LSTI\/I “ LSTI\/I “ LSTI\/j

7':)§\ : \

HDHDD HDHDD 'XXX]
LSTI\/I [j LSTI\/I 2

dargmax dargmax argmax argmax argmax
v v v

=D A M 85, </5>




Encoder-Decoder TD ARk
(EAE)

e EncoderT7 MNLZETHE

¢ XEKRBE</s>DERSNDET

¢+ ROBEDOHXEFE

c ROEEXRDSVEEZTER




Encoder-Decoder D

* 40-translation-encdec.py



Encoder-Decoder TD ARk

(E—LKER)

log P(e.|F) logP(e|Fe,) logP(e.|Fe, e,)




Attention



Fncoder-Decoder® &2

e REBEDENIRE TCATIXDINTOIFERZ T Z TLVRL
& WV T 780N 20—

- —  Source text
o 15 ‘-\.' ----- Reference text |
= ' 1 = - Both
N . >
\ ~ -
o« X hDVNELY: g -
2| ‘
* 3 \
an

BENTNE IFIcRWX)

5k

~ N\ o~

' '\

0

0 10 20 30 40 50 60 70 80
Sentence length

(a) RNNenc without
segmentation

¢ Ry RBKEL  RABHEE, 2EIAL



Attention (}_H\Ef?’f&%)

o« HEEMBIPLT) -

TEID EDEEE|CF

R D B3

FRTHEEIE. A

—g_ % 75\ /;_KLA:

okonai

kouen wWo masy </s>

v v

e

LW VAMI VY ZHAH L TOEET F T 50,

cd  HHEEEE HEEEEEEEEE
you ANEEEE N EEEE
recommend [ NI HEEEEEEEEE
an et
inexpensive [ NI H NN EEEE
restaurant |1 AN EEEN
? H= AN EEEs
<s> B ]




Attention D £+ &

e AJTHIOINRTDONRY ~)Lgi. HAOBRIOIBEDNRY
NLflcED =

s TNFNICHULUTRIOAFZETE

si = score(gi, 1)

e XA7%ZEULTIICIES K DICsoftmaxa h T3

a = softmax(s)




Attention D]

* 41-translation-attention.py
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* ETINDEEICEFTNRVEEITERART]

¢« FTLHLFELT—HICEEULRWEEE

TEEDCHICEEISFWCEE

all

o R B ULWVWBEAEIOSTEIICHTS

Thank you . I'm just looking .
_Thank _you . | "'m __just _look ing .
RIITHY I NI T !

sentencepiece (https://github.com/google/sentencepiece/)



https://github.com/google/sentencepiece/

BEEOEDIRL - BRUIRT

o BEMEDR=NDD. RUKITHZW

\ak EDT7 7T =3 VH DD EIICEWNTI DY
1Ef&: which foundation comes close to my natural skin color ?
EncDec: which foundation is my favorite foundation with a foundation 7

BRI - COBREMBEICERSNICH ZRIRT 2ET
JLOFIFE

Mi et al. 2015. Coverage Embeddings for Neural
Machine Translation.




T WEEBENDEBE SR

BERAVICIEWEBEEBEDBENT ML nh—
’E_BZT n/\j T/__}ﬁg_%)__l-‘&bllib
Input: I come from Tunisia.

Reference: F=2=27 N HEHTT.
Chunisia no shusshindesu.
(I'm from Tunisia.)

System: JLoxz— o W5 TT.
Noruue- no shusshindesu.
(I’'m from Norway.)

R R BERFEF S DB A

Arthur et al. Incorporating Discrete Translation Lexicons into
Neural Machine Translation.




SHEEE - SEENER

Input: What are you doing?

=F Fp W S . —0.86 Tdon’t know. —1.09 Get out of here.
XIFE7E & DISFA Tl —103 Idon’tknow!  —1.09 I’m going home.
r = /b Y N —1.06 Nothing. —1.09 Oh my god!
F<HD }1_5 =113 M= —1.09 Get out of the way, —1.10 I'm talking to you.
/__E\Z L 75){5 Input: what is your name?
—0.91 Idon’t know.
—0.92 I don’t know! —1.55 My name is Robert.
—0.92 Tdon’t know,sir. —1.58 My name 1s John,
—0.97 Oh, my god! —1.59 My name’s John.

Input: How old are you?
—0.79 Tdon’t know.

—1.06 I'm fine. —1.64 Twenty-live.,
—1.17 I'm all right. —1.66 Five.
—1.17 I'm nol sure. —1.71 Eight.

HERE D KK HBBDINBICRFILT 14 Z2DNT S

Li et al. 2015. A Diversity-promoting Objective for Neural
Conversation Models
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SEORA

e Al (BBEEFE ZZ/NvF. XV MDFRAE,
dropout)

e IZRZRIDIFN (BOW,. CNN. RNNZF)

o XRFZH#E (encoder-decoder. attention)
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« BHOETILO T YT

o ETILDALFIME

» GPURID D5k






