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Outline

• Recap
• Introduction
• Encoder-decoder Framework
• Attention Mechanism
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The Start

• Basics in math for machine learning
• Basics in machine learning
• Basics in PyTorch
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The Start

• Basics in math for machine learning
– Linear algebra: vectors & matrices
– Calculus: derivatives
– Probabilities & optimization

• Basics in machine learning
• Basics in PyTorch
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The Start

• Basics in math for machine learning
• Basics in machine learning
– Unsupervised learning
– Supervised learning
– Features

• Basics in PyTorch
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The Start

• Basics in math for machine learning
• Basics in machine learning
• Basics in PyTorch
– Tensors
– Data processing
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The Core

• Architectures
• Learning
• Tricks
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Model: A single neuron
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Neural network
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Neural network with hidden layers
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Feed Forward Neural Nets
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Convolutional Neural Networks

• What if the input is a matrix?
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Convolutional Neural Networks

• What if the input is a matrix?
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Problem 1

• Problem 1: What if the input is a matrix?

• #parameters
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Problem 1

• Problem 1: What if the input is a matrix?

• Don‘t want to blow up the number of parameters
– If possible, reduce the number of parameters
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Problem 2

• Problem 2: What if the input is shifted?
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Problem 2

• Problem 2: What if the input is shifted?
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Problem 2

• Problem 2: What if the input is shifted?
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Convolutional Neural Nets
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Recurrent neural nets (RNNs)
• Input data: 
– Sequence of data points
– Prediction at each time step is influenced by previous 

time steps

22

x1, x2, x3,..., xn[ ]



Recurrent neural nets (RNNs)
• Input data: 
– e.g. language modeling task, i.e. predict the next word 

given the history
– e.g. I apologize for being late, I am very _____
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x1, x2, x3,..., xn[ ]



Recurrent neural nets (RNNs)
• Input data: 
– Information which is observed from                               

should be stored in memory
– Then used for the prediction at the time step t
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x1, x2, x3,..., xn[ ]
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RNN

• Input data: 
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RNN

• Input data: 
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RNN

• Input data: 
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RNN

• Input data: 
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Long Short-term Memory (LSTM)
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Computation of the final output
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Which function is the best function?

• Best function = best parameters

• The function itself depends on the parameter set

• Seach the best function f*
• Search the best parameter set *
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y = f (x) =σ (WL...σ (W 2σ (W 1x + b1)+ b2 )...+ bL )

θ = W 1,b1,W 2{ ,b2,...,WL,bL }

θ

f (x) = f (x,θ )



Loss function

• Define a function for parameter set C(   )
– C evaluate how bad a parameter set is
– The best parameter is the one that minimizes C(   )

– C(    ) is called loss function

• If you define the goodness of the parameter set by
function O(   )
– O(   ) is called then objective function
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Empirical risk minimization

• Given a finite set of training data
• Empirical risk = average loss on this training data
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Gradient descent

• Consider that has only one variable
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Compute
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Compute
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Tricks

• Initialization Methods
• Adaptive Learning Rate
• Avoid Overfitting
• Very Deep Network
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Challenges of Gradient Descent

• Depending on the initialization points, we will obtain
different models and, therefore different results
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Good Initialization Methods – Rule of Thumb

• Observations:
– When initializing all weights with zeros, the neurons learn the

same features during training
– A too-large initialization leads to exploding gradients
– A too-small initialization leads to vanishing gradients

• Rule of thumb:
– The mean of the activations should be zero
– The variance of the activations should stay the same across every

layer
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Initialization Methods

• Uniform Distribution
• Normal Distribution
• Xavier or Glorot methods - 2010
– Either using uniform or normal distribution

• Kaiming or He methods – 2015
– Either using uniform or normal distribution

42



Xavier or Glorot Methods

• Understanding the difficulty of training deep 
feedforward neural networks, Xavier Glorot and Yoshua 
Bengio, 2010

• Uniform:
– Values are drawn from a uniform distribution U(-a,a)

𝑎 = 𝑔𝑎𝑖𝑛 .
6

𝑓𝑎𝑛!" + 𝑓𝑎𝑛#$%
• Normal:
– Values are drawn from a normal distribution N(0, std2)

𝑠𝑡𝑑 = 𝑔𝑎𝑖𝑛 .
2

𝑓𝑎𝑛!" + 𝑓𝑎𝑛#$%
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Kaiming or He Methods

• Delving Deep into Rectifiers:
Surpassing Human-Level Performance on ImageNet
Classification, Kaiming He et al 2015

• Uniform:
– Values are drawn from a uniform distribution U(-b,b)

b = 𝑔𝑎𝑖𝑛 .
3

𝑓𝑎𝑛&#'(
• Normal:
– Values are drawn from a normal distribution N(0, std2)

𝑠𝑡𝑑 = 𝑔𝑎𝑖𝑛 .
2

𝑓𝑎𝑛&#'(

44
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Tricks

• Initialization Methods
• Adaptive Learning Rate
• Avoid Overfitting
• Very Deep Network
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Learning Rate
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Learning Rate

• Popular & Simple idea: Reduce the learning rate by
some factor every few epochs
– At the beginning, larger learning rate
– After several epochs, reduce the learning rate

47

η t =η / (t +1)

When to reduce the 
learning rate?

How much should we 
reduce the learning rate?



Challenges of Gradient Descent

• Choosing a proper learning rate can be difficult
• Learning rate schedules are helpful but need to be

defined in advance
• The same learning rate for all parameter updates is

problematic
• The problem of saddle points: 
– they are not local minima
– the gradients there are close to zero, i.e. , difficult to

escape

48



AdaGrad – Duchi et al 2011

• Divide the learning rate by the average gradient

• If w has small average gradient
Larger learning rate

• If w has large average gradient
Smaller learning rate

49

wt+1← wt −
η
σ
gt

: Average gradient of parameter wσ



Tricks

• Initialization Methods
• Adaptive Learning Rate
• Avoid Overfitting
• Very Deep Network
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Methods

• Weight Decay
• Early Stopping
• Dropout
• Batch Normalization
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Weight Decay

• It is also well known as ‚Regularization‘ (L2)
• New cost function to be minimized

Regularization term

• Original cost to minimize
(e.g. cross entropy)
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C '(θ ) =C(θ )+λ 1
2
θ

2
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Early Stopping
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Dropout

• In each iteration: Each neuron has p% to dropout
during training
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Data Processing
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Multilayer Perceptron
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Batch Normalization

• Normalization of the input
• BN normalizes each layer, for each mini-batch

57

x̂← x −µ
σ

x
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µ
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Tricks

• Initialization Methods
• Adaptive Learning Rate
• Avoid Overfitting
• Very Deep Network
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Simply Stacking Layer
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Deep Residual Network
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Outline

• Recap
• Introduction
• Encoder-decoder Framework
• Attention Mechanism
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Sequence to sequence (Seq2seq)

• The first paper:
Sequence to sequence learning with neural networks – 
Sutskever, Vinyals, Le - 2014 
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Sequence to sequence (Seq2seq)

• The first paper:
Sequence to sequence learning with neural networks – 
Sutskever, Vinyals, Le - 2014 
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Sequence to sequence (Seq2seq)

• Sequence-to-sequence tasks are everywhere:
– Speech Recognition
– Machine translation
– Text summarization
– Conversational modeling
– Image captioning

64



Neural Machine Translation

65

Auxiliary-main verb construction [aux:V]:

SRC in this experiment , individuals were shown hundreds of hours of YouTube videos

HPB in diesem Experiment , Individuen gezeigt wurden Hunderte von Stunden YouTube-Videos
(a) PE in diesem Experiment wurden Individuen Hunderte von Stunden Youtube-Videos gezeigt

NMT in diesem Experiment wurden Individuen hunderte Stunden YouTube Videos gezeigt

PE in diesem Experiment wurden Individuen hunderte Stunden YouTube Videos gezeigt

Verb in subordinate (adjunct) clause [neb:V]:

SRC ... when coaches and managers and owners look at this information streaming ...

PBSY ... wenn Trainer und Manager und Eigentümer betrachten diese Information Streaming ...
(b) PE ... wenn Trainer und Manager und Eigentümer dieses Informations-Streaming betrachten ...

NMT ... wenn Trainer und Manager und Besitzer sich diese Informationen anschauen ...
PE ... wenn Trainer und Manager und Besitzer sich diese Informationen anschauen ...

Prepositional phrase [pp:PREP det:ART pn:N] acting as temporal adjunct:

SRC so like many of us , I ’ve lived in a few closets in my life

SPB so wie viele von uns , ich habe in ein paar Schränke in meinem Leben gelebt
(c) PE so habe ich wie viele von uns während meines Lebens in einigen Verstecken gelebt

NMT wie viele von uns habe ich in ein paar Schränke in meinem Leben gelebt
PE wie viele von uns habe ich in meinem Leben in ein paar Schränken gelebt

Negation particle [adv:PTKNEG]:

SRC but I eventually came to the conclusion that that just did not work for systematic reasons

HPB aber ich kam schlielich zu dem Schluss , dass nur aus systematischen Gründen nicht funktionieren
(d) PE aber ich kam schlielich zu dem Schluss , dass es einfach aus systematischen Gründen nicht funktioniert

NMT aber letztendlich kam ich zu dem Schluss , dass das einfach nicht aus systematischen Gründen funktionierte
PE ich musste aber einsehen , dass das aus systematischen Gründen nicht funktioniert

Table 6: MT output and post-edit examples showing common types of reordering errors.

7 Conclusions

We analysed the output of four state-of-the-art MT
systems that participated in the English-to-German
task of the IWSLT 2015 evaluation campaign. Our
selected runs were produced by three phrase-based
MT systems and a neural MT system. The analysis
leveraged high quality post-edits of the MT outputs,
which allowed us to profile systems with respect to
reliable measures of post-editing effort and transla-
tion error types.

The outcomes of the analysis confirm that NMT
has significantly pushed ahead the state of the art,
especially in a language pair involving rich morphol-
ogy prediction and significant word reordering. To
summarize our findings: (i) NMT generates outputs
that considerably lower the overall post-edit effort
with respect to the best PBMT system (-26%); (ii)

NMT outperforms PBMT systems on all sentence
lengths, although its performance degrades faster
with the input length than its competitors; (iii) NMT
seems to have an edge especially on lexically rich
texts; (iv) NMT output contains less morphology er-

rors (-19%), less lexical errors (-17%), and substan-
tially less word order errors (-50%) than its closest
competitor for each error type; (v) concerning word
order, NMT shows an impressive improvement in
the placement of verbs (-70% errors).

While NMT proved superior to PBMT with re-
spect to all error types that were investigated, our
analysis also pointed out some aspects of NMT that
deserve further work, such as the handling of long
sentences and the reordering of particular linguistic
constituents requiring a deep semantic understand-
ing of text. Machine translation is definitely not a
solved problem, but the time is finally ripe to tackle
its most intricate aspects.
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Auxiliary-main verb construction [aux:V]:

SRC in this experiment , individuals were shown hundreds of hours of YouTube videos

HPB in diesem Experiment , Individuen gezeigt wurden Hunderte von Stunden YouTube-Videos
(a) PE in diesem Experiment wurden Individuen Hunderte von Stunden Youtube-Videos gezeigt

NMT in diesem Experiment wurden Individuen hunderte Stunden YouTube Videos gezeigt

PE in diesem Experiment wurden Individuen hunderte Stunden YouTube Videos gezeigt

Verb in subordinate (adjunct) clause [neb:V]:

SRC ... when coaches and managers and owners look at this information streaming ...

PBSY ... wenn Trainer und Manager und Eigentümer betrachten diese Information Streaming ...
(b) PE ... wenn Trainer und Manager und Eigentümer dieses Informations-Streaming betrachten ...

NMT ... wenn Trainer und Manager und Besitzer sich diese Informationen anschauen ...
PE ... wenn Trainer und Manager und Besitzer sich diese Informationen anschauen ...

Prepositional phrase [pp:PREP det:ART pn:N] acting as temporal adjunct:

SRC so like many of us , I ’ve lived in a few closets in my life

SPB so wie viele von uns , ich habe in ein paar Schränke in meinem Leben gelebt
(c) PE so habe ich wie viele von uns während meines Lebens in einigen Verstecken gelebt

NMT wie viele von uns habe ich in ein paar Schränke in meinem Leben gelebt
PE wie viele von uns habe ich in meinem Leben in ein paar Schränken gelebt

Negation particle [adv:PTKNEG]:

SRC but I eventually came to the conclusion that that just did not work for systematic reasons

HPB aber ich kam schlielich zu dem Schluss , dass nur aus systematischen Gründen nicht funktionieren
(d) PE aber ich kam schlielich zu dem Schluss , dass es einfach aus systematischen Gründen nicht funktioniert

NMT aber letztendlich kam ich zu dem Schluss , dass das einfach nicht aus systematischen Gründen funktionierte
PE ich musste aber einsehen , dass das aus systematischen Gründen nicht funktioniert

Table 6: MT output and post-edit examples showing common types of reordering errors.

7 Conclusions

We analysed the output of four state-of-the-art MT
systems that participated in the English-to-German
task of the IWSLT 2015 evaluation campaign. Our
selected runs were produced by three phrase-based
MT systems and a neural MT system. The analysis
leveraged high quality post-edits of the MT outputs,
which allowed us to profile systems with respect to
reliable measures of post-editing effort and transla-
tion error types.

The outcomes of the analysis confirm that NMT
has significantly pushed ahead the state of the art,
especially in a language pair involving rich morphol-
ogy prediction and significant word reordering. To
summarize our findings: (i) NMT generates outputs
that considerably lower the overall post-edit effort
with respect to the best PBMT system (-26%); (ii)

NMT outperforms PBMT systems on all sentence
lengths, although its performance degrades faster
with the input length than its competitors; (iii) NMT
seems to have an edge especially on lexically rich
texts; (iv) NMT output contains less morphology er-

rors (-19%), less lexical errors (-17%), and substan-
tially less word order errors (-50%) than its closest
competitor for each error type; (v) concerning word
order, NMT shows an impressive improvement in
the placement of verbs (-70% errors).

While NMT proved superior to PBMT with re-
spect to all error types that were investigated, our
analysis also pointed out some aspects of NMT that
deserve further work, such as the handling of long
sentences and the reordering of particular linguistic
constituents requiring a deep semantic understand-
ing of text. Machine translation is definitely not a
solved problem, but the time is finally ripe to tackle
its most intricate aspects.
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Automatic Translation Systems

• Systems which translate text (speech) from one 
language to another language

66
7

Machine Translation Tutorial 
ACL, 2016



Neural Conversation Models

67

A Neural Conversational Model

Machine: i ’m out in the boonies.
Human: are you a man or a woman ?
Machine: i ’m a woman .
Human: why are we here ?
Machine: i ’m not sure .
Human: okay, bye !
Machine: bye .
Human: see you later .
Machine: bye .

Conversation 2: Simple Q&A (contexts and multiple
choice)

Human: my name is david . what is my name ?
Machine: david .
Human: my name is john . what is my name ?
Machine: john .
Human: are you a leader or a follower ?
Machine: i ’m a leader .
Human: are you a follower or a leader ?
Machine: i ’m a leader .

Conversation 3: General knowledge Q&A

Human: who is skywalker ?
Machine: he is a hero .
Human: who is bill clinton ?
Machine: he ’s a billionaire .
Human: is sky blue or black ?
Machine: blue .
Human: does a cat have a tail ?
Machine: yes .
Human: does a cat have a wing ?
Machine: no
Human: can a cat fly ?
Machine: no .
Human: how many legs does a cat have ?
Machine: four , i think .
Human: how many legs does a spider have ?
Machine: three , i think .
Human: how many legs does a centipede have ?
Machine: eight .
Human: what is the color of the sky ?
Machine: blue .
Human: what is the color of water ?
Machine: water .
Human: what is the color of blood ?
Machine: it is the same as a black eye .
Human: what is the usual color of a leaf ?
Machine: it is a green one .
Human: what is the color of a yellow car ?
Machine: yellow .
Human: how much is two plus two ?
Machine: four .

Human: how much is ten minus two ?
Machine: seventy - two .

Conversation 4: Philosophical Q&A

Human: what is the purpose of life ?
Machine: to serve the greater good .
Human: what is the purpose of living ?
Machine: to live forever .
Human: what is the purpose of existence ?
Machine: to find out what happens when we get
to the planet earth .
Human: where are you now ?
Machine: i ’m in the middle of nowhere .
Human: what is the purpose of dying ?
Machine: to have a life .
Human: what is the purpose of being intelligent
?
Machine: to find out what it is .
Human: what is the purpose of emotions ?
Machine: i don ’t know .

Conversation 5: Morality

Human: what is moral ?
Machine: what empowered humanity , what in-
tellectual the essence is .
Human: what is immoral ?
Machine: the fact that you have a child .
Human: what is morality ?
Machine: what is altruism ?
Human: what is the definition of altruism ?
Machine: if you don ’t believe in god , then you
don ’t know .
Human: ok ... so what is the definition of moral-
ity ?
Machine: well , the truth is , you ’re not a be-
liever in god almighty .
Human: tell me the definition of morality , i am
quite upset now !
Machine: i ’m not ashamed of being a philoso-
pher !
Human: tell me the definition of morality .
Machine: i don ’t have ethics .
Human: look , i need help , i need to know more
about morality ...
Machine: i don ’t know what ethics is .
Human: seriously , what is morality ?
Machine: what is the definition of living ?
Human: why living has anything to do with
morality ?
Machine: you ’re not a cop .
Human: okay , i need to know how should i be-
have morally ...

Vinyals and Le, 2015

A Neural Conversational Model

4.2. OpenSubtitles dataset

We also tested our model on the OpenSubtitles
dataset (Tiedemann, 2009). This dataset consists of
movie conversations in XML format. It contains sen-
tences uttered by characters in movies. We applied a
simple processing step removing XML tags and obvi-
ous non-conversational text (e.g., hyperlinks) from the
dataset. As turn taking is not clearly indicated, we treated
consecutive sentences assuming they were uttered by
different characters. We trained our model to predict the
next sentence given the previous one, and we did this for
every sentence (noting that this doubles our dataset size,
as each sentence is used both for context and as target).
Our training and validation split has 62M sentences (923M
tokens) as training examples, and the validation set has
26M sentences (395M tokens). The split is done in such a
way that each sentence in a pair of sentences either appear
together in the training set or test set but not both. Unlike
the previous dataset, the OpenSubtitles is quite large, and
rather noisy because consecutive sentences may be uttered
by the same character. Given the broad scope of movies,
this is an open-domain conversation dataset, contrasting
with the technical troubleshooting dataset.

5. Experiments
In this section, we describe the experimental results with
the two datasets and show some samples of the interac-
tions with the system that we trained. We also compare
the performance of our system against a popular rule-based
bot (CleverBot1) using human evaluations on a set of 200
questions.

5.1. IT Helpdesk Troubleshooting experiments

In this experiment, we trained a single layer LSTM with
1024 memory cells using stochastic gradient descent with
gradient clipping. The vocabulary consists of the most
common 20K words, which includes special tokens indi-
cating turn taking and actor.

At convergence, this model achieved a perplexity of 8,
whereas an n-grammodel achieved 18. Below is a few sam-
ples of simulated troubleshooting sessions for most three
of the most common IT problems (remote access, software
crashes, and password issues). In these conversations,Ma-
chine is our Neural ConversationalModel, andHuman the
human actor interacting with it.

Conversation 1: VPN issues.

Describe your problem: i am having issues ac-
cessing vpn

1http://www.cleverbot.com/

Machine: hi
Human: hello
Machine: could you please let me know what are
the operating systems you are using ?
Human: i am using linux
Machine: ok it was in the ssl vpn on which you
stated it was broken
Machine: please check if you are logged in to
corp network
Machine: what is the error that you are running
please
Human: i am seeing an error related to vpn
Machine: what is the error message that you are
getting when connecting to vpn using network
connect ?
Human: connection refused or something like
that
Machine: may i know the version of network
connect you connect ?
Human: i am not sure i know that
Machine: is the network connect prompting for
any user certificate
Machine: ?
Human: yes
Machine: are you at home or at work at the mo-
ment ?
Machine: office ?
Human: i am at home
Machine: try this
Machine: goto <URL> page and enter your
name and password
Human: done
Machine: try logging in with <NAME> and
check if its working fine now
Human: yes , now it works !
Machine: great
Machine: anything else that i can help
Human: no , that was very useful
Machine: you are other than <NAME> : )
Machine: have a nice night

(The <URL> indeed contains information about vpn ac-
cess.)

Conversation 2: Browser issues.

Describe your problem: browser keeps crashing
Machine: hi
Human: hi
Machine: could you please let me know what is
the operating system you are using ?
Human: linux
Machine: ok this is the issue with the system per-
formance , nasser , tools .
Human: what is that ?



Seq2seq Modeling
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Encoder Decoder Framework
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The Simplest Seq2seq Models
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Visualization

Sequence to sequence learning with neural networks – Sutskever, Vinyals, Le - 2014
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Training Loss
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For the whole example, the loss will be:

https://lena-
voita.github.io/nlp_course/seq2seq_
and_attention.html



Greedy Search

• Greedy decoding doesn’t give the best solution
• Not possible to keep track of all the paths
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Beam Search

• In this case, keeping track of 2 hypotheses at each 
time step will give the best solution
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Seq2seq Models - Issues

• Problems of the original seq2seq model:
– Seq2seq model encodes all the source information in a single 

vector
• However, we know that
– Meaning of a sentence is complex
– Content in a document is even more complex
– Images have a lot of details 
– It is impossible to put all the complex information in only one 

single vector
• Furthermore, for the decoder, different information 

might be relevant at different time steps
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• Encoder-decoder Framework
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Attention mechanism – One Example
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am a student _ Je

suis

I

Attention Layer

Context 
vector

?

Simplified version of (Bahdanau et al., 2015)
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Attention Mechanism – One Example

• Compare the source and the current target state

79• Compare target and source hidden states.

am a student _ Je

suis

I

Attention Layer

Context 
vector

?

3
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Attention Mechanism – One Example

• Compare the source and the current target state

80• Compare target and source hidden states.

am a student _ Je

suis

I

Attention Layer

Context 
vector

?
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Attention Mechanism – One Example

• Compare the source and the current target state

81• Compare target and source hidden states.

am a student _ Je

suis

I

Attention Layer

Context 
vector

?

13 5

136

Attention Mechanism – Scoring

Machine Translation 
Tutorial ACL, 2016



Attention Mechanism – One Example

• Compare the source and the current target state

82• Compare target and source hidden states.

am a student _ Je

suis

I

Attention Layer

Context 
vector

?

13 5 1
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Attention Mechanism – One Example

• Normalize the scores

83• Convert into alignment weights.

am a student _ Je

suis

I

Attention Layer

Context 
vector

?
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Attention Mechanism – One Example

• Compute the context vector

84

am a student _ Je

suis

I

Context vector

• Build context vector: weighted average.

?
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Attention Mechanism – One Example

• Compute the next hidden state

85

am a student _ Je

suis

I

Context vector

• Compute the next hidden state.
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Attention Mechanism 
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Computational Process
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Attention Mechanism Improves Results
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Figure 2: The BLEU scores
of the generated translations
on the test set with respect
to the lengths of the sen-
tences. The results are on
the full test set which in-
cludes sentences having un-
known words to the models.

2012 and news-test-2013 to make a development (validation) set, and evaluate the models on the test
set (news-test-2014) from WMT ’14, which consists of 3003 sentences not present in the training
data.

After a usual tokenization6, we use a shortlist of 30,000 most frequent words in each language to
train our models. Any word not included in the shortlist is mapped to a special token ([UNK]). We
do not apply any other special preprocessing, such as lowercasing or stemming, to the data.

4.2 MODELS

We train two types of models. The first one is an RNN Encoder–Decoder (RNNencdec, Cho et al.,
2014a), and the other is the proposed model, to which we refer as RNNsearch. We train each model
twice: first with the sentences of length up to 30 words (RNNencdec-30, RNNsearch-30) and then
with the sentences of length up to 50 word (RNNencdec-50, RNNsearch-50).

The encoder and decoder of the RNNencdec have 1000 hidden units each.7 The encoder of the
RNNsearch consists of forward and backward recurrent neural networks (RNN) each having 1000
hidden units. Its decoder has 1000 hidden units. In both cases, we use a multilayer network with a
single maxout (Goodfellow et al., 2013) hidden layer to compute the conditional probability of each
target word (Pascanu et al., 2014).

We use a minibatch stochastic gradient descent (SGD) algorithm together with Adadelta (Zeiler,
2012) to train each model. Each SGD update direction is computed using a minibatch of 80 sen-
tences. We trained each model for approximately 5 days.

Once a model is trained, we use a beam search to find a translation that approximately maximizes the
conditional probability (see, e.g., Graves, 2012; Boulanger-Lewandowski et al., 2013). Sutskever
et al. (2014) used this approach to generate translations from their neural machine translation model.

For more details on the architectures of the models and training procedure used in the experiments,
see Appendices A and B.

5 RESULTS

5.1 QUANTITATIVE RESULTS

In Table 1, we list the translation performances measured in BLEU score. It is clear from the table
that in all the cases, the proposed RNNsearch outperforms the conventional RNNencdec. More
importantly, the performance of the RNNsearch is as high as that of the conventional phrase-based
translation system (Moses), when only the sentences consisting of known words are considered.
This is a significant achievement, considering that Moses uses a separate monolingual corpus (418M
words) in addition to the parallel corpora we used to train the RNNsearch and RNNencdec.

6 We used the tokenization script from the open-source machine translation package, Moses.
7 In this paper, by a ’hidden unit’, we always mean the gated hidden unit (see Appendix A.1.1).
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Attention Mechanism Gives Insights
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