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Introduction to neural networks



Log-linear model

抗⽣生素免疫 解药疫苗接种

vaccination

immunisation
antidote

inoculation

immunization

wimmunization,免疫

P(c|e) ∝ exp we,c



Word translation

免疫 
miǎnyì

接种 
jiēzhòng

疫苗 
yìmiáo

immunization 0.04 0.1 0.04

immunisation 0.1 0.06 0.06

vaccination 0.06 0.2 0.2

inoculation 0 0.1 0.1

English-to-Chinese



Features

h(e) = 1 iff… 
	 e = immunization 
	 pos(e) = NN 
	 e[:5] = immun- 
	 |e| < 5



Log-linear model

w1,免疫

P(c|e) ∝ exp Σi wi,c hi(e)

h1(immunization) 
(fixed)

抗⽣生素免疫 解药疫苗接种

vaccination

immunisation
antidote

inoculation

immunization



Conjunctions of features

h(e) = 1 iff… 
	 e = immunization 
	 pos(e) = NN 
	 e[:5] = immun- 
	 |e| < 5 
	 e = immunization and pos(e) = NN 
	 e = immunization and e[−7:] = -ization 
	 e = immunization and |e| < 5 
	 pos(e) = NN and e[−7:] = -ization 
	 pos(e) = NN and |e| < 5 
	 e[−7:] = -ization and |e| < 5 



“Programmable” features

½ − (pos(e) = NN) > 0 not (pos(e) = NN)

(|e| < 5) + (pos(e) = NN) − 1½ > 0 |e| < 5 and pos(e) = NN

(|e| < 5) + (pos(e) = NN) − ½  > 0 |e| < 5 or pos(e) = NN



“Programmable” features

|e| < 5 pos(e) = NN

v1(|e| < 5) +v2(pos(e) = NN) + b > 0

v1 v2



Activation functions

0

0.5

1

-5 -4 -3 -2 -1 0 1 2 3 4 5

> 0 sigmoid



“Programmable” features as hidden layer

basic features

“programmable” features

P(c|e) ∝ exp Σj wj,c sigmoid(Σi vi,j hi(e) + b)

抗⽣生素免疫 解药疫苗接种

vaccination

immunisation
antidote

inoculation

immunization



Feedforward neural network

word embedding

hidden layer

P(c|e) ∝ exp Σj wj,c sigmoid(Σi vi,j ue,i + b)

抗⽣生素免疫 解药疫苗接种

vaccination

immunisation
antidote

inoculation

immunization









Fast training of neural networks 
Ashish Vaswani, Yinggong Zhao, Victoria Fossum, and David Chiang. Decoding with 
large-scale neural language models improves translation. In Proc. EMNLP 2013.



Neural network language model 
Bengio, 2003

Predict next English word w given previous English 
words u

immunization

for

polio

received

network



Neural network language model 
Bengio, 2003
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Problem: normalization factor Z makes both training and 
decoding slow 

Neural network language model 
Bengio, 2003
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Speed vs. vocabulary size
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Maximum likelihood estimation

For each training example (u, w):
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Maximum likelihood estimation

For each training example (u, w):

P(
w

 | 
u)



Noise contrastive estimation 
Gutmann and Hyvarinen, 2010

For each training example (u, w): 

generate k noise samples 

train model to classify real examples and noise samples



Noise contrastive estimation 
Gutmann and Hyvarinen, 2010

For each training example (u, w):
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Noise contrastive estimation 
Gutmann and Hyvarinen, 2010

For each training example (u, w):

P(
re

al 
| u

)



Bonus: this estimates Z also 

!

!

Mnih and Teh: just freeze Z = 1 

⇒ During decoding, we can skip expensive calculation of Z 

Noise contrastive estimation 
Gutmann and Hyvarinen, 2010
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Neural networks for machine translation



Neural network language model 
Bengio, 2003

Predict next English word w given previous English 
words u

immunization

for

polio

received

network



Translation results

2004 2005 2006

baseline 38.4 37.7 34.3

neural LM 
n-best reranking 38.6 37.8 34.7

neural LM 
during decoding 39.5 38.8 34.9

Chinese-English 
BLEU



Translation results 

BL
EU

37.5

37.8

38.1

38.4

38.7

39

baseline neural LM

38.8

38.1

BOLT Chinese-English forum



BLEU vs. Vocabulary size
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…that have diplomatic relations with North…

澳洲 是 与 北韩 有 帮教 的 少数 国家 之⼀一

Neural network translation models 
Devlin et al., 2014

Predict next English word given Chinese words and 
previous English words

P(relations | 帮教, …)



Translation results
BL

EU

39.5

40

40.5

41

41.5

baseline word translation

40.6

39.9

BOLT Arabic-English forum



…that have diplomatic relations with North…

澳洲 是 与 北韩 有 帮教 的 少数 国家 之⼀一

Neural network translation models 

Fertility: Predict number of English words 
given Chinese words

P(2 | 帮教, …)



…that have diplomatic relations with North……that have diplomatic relations with North…

澳洲 是 与 北韩 有 帮教 的 少数 国家 之⼀一

Neural network translation models 

Distortion: Predict reordering given Chinese 
words and previous English words

P(−3 | 帮教, …)

−1−2−3



Translation results
BL

EU

39.5

40

40.5

41

41.5

baseline word translation fertility distortion

41.3

41

40.6

39.9

BOLT Arabic-English forum



Conclusions

• Neural networks can be thought of as automatically 
inventing features, even for very large contexts 

• A major obstacle (large output vocabulary) is removed 

• Deep networks, pretraining, etc. are not needed? 

• Large improvements are possible


