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DISCLAIVIER 2

After this presentation, you will hopefully understand how neural
MT works, but you will not understand what it does.
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DISCLAIMER 2

After this presentation, you will hopefully understand how neural
MT works, but you will not understand what it does.

~100 million parameters
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OUTLINE

- Brief recap: previous MT approaches
-~ How do neural networks work?

-~ How do words get into and out of a neural
network?
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WIT APPROACHES

- Rules based:
Basically just grammar + dictionary

e Statistical MT:
Chop sentences up into n-grams (sequences of n words) or

phrases.
Training of the engine: Calculate frequency = probability in

source and target language.
Translation after training: Chop source sentences into n-
grams or phrases, apply previously calculated probabilities.

1-gram SMT = ?
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WIT APPROACHES

- Rules based:
Basically just grammar + dictionary

e Statistical MT:
Chop sentences up into n-grams (sequences of n words) or
phrases.
Training of the engine: Calculate frequency = probability in
source and target language.
Translation after training: Chop source sentences into n-
grams or phrases, apply previously calculated probabilities.
1-gram SMT = dictionary

Pros: Output is deterministic. No words missing.
Cons: Context!

- Neural MT — this presentation

@2 Carola F. Berger, An Introduction to NMT, ATA59



STATISTICAL MT
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HOW D0 NEURAL NETWORKS WORK?

i TR T L e
A (not so) brief recap of last year’s

presentation at ATAS58. See also handouts

as PDF in the app or on my website (see
references)
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BIOLOGICAL NEURON

Cell body
Axon Telodendria
/ir
;
Nucleu§ \ - /
Axon hillock Synaptic terminals
4 v-\;‘
Golgi apparatus
Endoplasmic /
reticulum L
| W
Mitochondrion \\ Dendrite
/ }QDendritic branches

"\
Bruce Blaus, https://commons.wikimedia.org/wiki/File:Blausen_0657 MultipolarNeuron.png
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ARTIFIGIAL NEURON

X2
W3
inputs output
Wi
X1
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ARTIFIGIAL NEURON

X2 1
W3
inputs
Wi
X1 ’.
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ARTIFIGIAL NEURON - PERCEPTRON

If blob > 3 => output 1,

X2 1 else output O
W3
inputs output
Wi
X1 )
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ARTIFIGIAL NEURON - PERCEPTRON

If blob > 3 => output 1,

1 x 1 else output O
W2

inputs output
W

1 X1 21
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ARTIFIGIAL NEURON - PERCEPTRON

If blob > 3 => output 1,

1 x 1 else output O
W2

inputs output
w 0

1 X1 21
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ARTIFIGIAL NEURON - PERCEPTRON

If blob > 3 => output 1,

2 X 1 else output O
W2

inputs output
w

1 X1 21
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ARTIFICIAL NEURON - PERGEPTRON
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ARTIFIGIAL NEURON - PERCEPTRON
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ARTIFIGIAL NEURON - PERCEPTRON
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ARTIFIGIAL NEURON - PERCEPTRON
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_ ARTIFIGIAL NEURON - PERCEPTRON

30 T —r e T T T ] r
i.' . % L° AL "’"‘l
%% .é .¢~'.. ® g 00 .: ..'
- 3.0, Lo ’ % &° -]
'! i ) 0‘. o ® | 4 L L 8 s. & .‘M:
2'5.‘:. (4 &£ ( .. g ®
' o’o’g..‘.l..o’.o: - s& P30 W
20:&. .... ® s .‘. ‘“. ® ’.0 ‘:':
Or .. .“ 2 e ¢ ® & q
-;.o.‘ .o... 0.. “‘o.:" :. .:
ge |s® =) .‘#Q“.. & 0® e® o ° .: * .:’
S %@ -
:.... {..“ ‘.. ® .. .. ..‘ o ... }.. .xO
:. ..J....$v.. °. .. ..‘. .‘. g
1.0; & & % ... o s ® "' " 4
..o o™ o 8 ’0..{.. - .0.. J
o 0.‘.30.. e b :o‘dl,.

0318 o ".‘:. L ‘!:' % o "
. .: o ¢ 'o.‘ e ‘...::o % ‘z:
0.0 Se .“. .‘- 1.. n.n...‘t‘ - L.l 4 ... et '_._.j

0.0 0.5 1.0 1.5 2.0 2.5 3.0

@: Carola F. Berger, An Introduction to NMT, ATA59

1 ez






ARTIFIGIAL NEURON

X2 1
W3
inputs
Wi
X1 ’.
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NEURAL NETWORK

-~ Human brain:
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Hagmann P, Cammoun L, Gigandet X, Meuli R, Honey C|, Wedeen V]|, Sporns O (2008)
Mapping the structural core of human cerebral cortex. PLoS Biology Vol. 6, No. 7, el 59.
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ARTIFIGIAL NEURAL NETWORK

Time

Adapted from: Cburnett, https://commons.wikimedia.org/wiki/File:Artificial_neural _network.svg
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120 Years of Moore’s Law

MECHANICAL VATCUUBUEM TRANSISTOR INTEGRATED CIRCUIT
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ARTIFIGIAL NEURAL NETWORK

_- Training:

Time

Adapted from: Cburnett, https://commons.wikimedia.org/wiki/File:Artificial_neural _network.svg
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ARTIFIGIAL NEURAL NETWORK

_- Training:

Input .
. Output
\‘ Adapt weights
" ’O—’ (“arrows”) according
Feed in .4" to difference between

training data

"A‘ desired output and
ﬁ | actual output, e.g. by
backpropagation

Time

Adapted from: Cburnett, https://commons.wikimedia.org/wiki/File:Artificial_neural _network.svg
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NEURAL NET EXAMPLE — DIGIT RECOGNITION

Sample input data
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NEURAL NET EXAMPLE — DIGIT RECOGNITION
Sample input (20x20 pixels)
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NEURAL NET EXAMPLE — DIGIT RECOGNITION
Sample input (20x20 pixels)
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NEURAL NET EXAMPLE — DIGIT RECOGNITION
Weights

400x25 dimensional 25x10 dimensional
weights weights

¥ Ol

—>
Input Layer Hidden Layer Output Layer
20x20 pixels 25 units 10 labels
(400 flat) digits 0-9
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NEURAL NET EXAMPLE — DIGIT RECOGNITION

Weights to hidden units —
“feature” extraction
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NEURAL NET EXAMPLE — DIGIT RECOGNITION

Weights to hidden units
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NEURAL NET EXAMPLE — DIGIT RECOGNITION

Weights to hidden units
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NEURAL NET EXAMPLE — DIGIT RECOGNITION

Hidden units to output

400x25 dimensional 25x10 dimensional
weights weights

¥ Ol

—>
Input Layer Hidden Layer Output Layer
20x20 pixels 25 units 10 labels
(400 flat) digits 0-9
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NEURAL NET EXAMPLE — DIGIT RECOGNITIO

400x25 dimensional 25x10 dimensional

weights weights

Hidden units to output -

00.

O <%
T NKN -

XK &R
NG

Input Layer Hidden Layer Output Layer

20x20 pixels 25 units 10 labels
(400 flat) digits 0-9
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NEURAL NET EXAMPLE — DIGIT RECOGNITION

Hidden units to output

400x25 dimensional 25x10 dimensional
weights weights

Input Layer Hidden Layer Output Layer
20x20 pixels 25 units 10 labels
(400 flat) digits 0-9
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NEURAL NET EXAMPLE — DIGIT RECOGNITION

Internal
conv.

2

Input Internal convolution Hidden Output

@: Carola F. Berger, An Introduction to NMT, ATA59
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NEURAL NET EXAMPLE — DIGIT RECOGNITION

What happens with unknowns?
Klingon 6 [jaVv]

a )

Input Internal convolution Hidden Output

;@2 Carola F. Berger, An Introduction to NMT, ATA59
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NEURAL NET EXAMPLE — DIGIT RECOGNITION
Klingon 6 [jaVv]

Internal
conv.

2

Input Internal convolution Hidden Output
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ARTIFIGIAL NEURAL NETWORK

Feed-forward neural net
Hidden

Input .
. Output

Time

Adapted from: Cburnett, https://commons.wikimedia.org/wiki/File:Artificial_neural _network.svg
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HOW D0 WORDS GET INTO AND
OUT OF THE NETWORK?

Challenges for NMT-:

—— Input and output length not fixed, different
sentence ordering Iin source and target
languages

-~ Context

- Training metrics

@ Carola F. Berger, An Introduction to NMT, ATA59
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HOW D0 WORDS GET INTO AND
OUT OF THE NETWORK?

Challenges for NMT-:

—— Input and output length not fixed, different
sentence ordering Iin source and target
languages =>
Use recurrent neural networks with attention or
convolutional networks

-~ Context == document (or at least paragraph)
level, not sentence level

- Training metrics
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HOw DO WORDS GET INTO AND QUT OF THE NETWORK?

Recurrent neural net
Hidden

. < Output
.2‘«' @

Adapted from: Cburnett, https://commons.wikimedia.org/wiki/File:Artificial_neural _network.svg

@ Carola F. Berger, An Introduction to NMT, ATA59 28



HOw DO WORDS GET INTO AND QUT OF THE NETWORK?

Attention mechanism

A(0.98)

person(0.38)

standing(0.28)

beach(0.32)

with(0.30) surfboard(0.33)

(b) A person is standing on a beach with a surfboard.

1 Source: K. Xu et al, https://arxiv.org/abs/1502.03044
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HOW D0 WORDS GET INTO AND QUT OF THE NETWORK?

Attention mechanism

agreement
European
Economic
Area

was
signed
August
1992
<end>

Q
N o
f—

on
the
in

L
accord

sur

la

zone
économique
européenne
a

été

signé

en

aolt

1992

<end>

Source: D. Bahdanau et al, ICLR conference proceedings, https://arxiv.org/pdf/1409.0473.pdf
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HOW DO WORDS GET INTO AND OUT OF THE NETWORK?

RNN with RNN with
attention attention

TEXT STATE TEXT
tokenization
(optional)
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HOW DO WORDS GET INTO AND QUT OF THE NETWORK?

RNN with RNN with
attention attention

STATE

TARGET

SOURGE
TEXT

TEXT

)
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HOw DO WORDS GET INTO AND QUT OF THE NETWORK?

https://projector.tensorflow.org

<D M (4 & projector.tensorflow.org

Embedding Projector

DATA A ] Points: 10000 | Dimension: 200 Show All Isolate Clear
Data selection selection

Word2Vec 10K v @ . Search I * word

word v . I

No color map v

Sphereize data @

Load data Publish
Checkpoint: Demo datasets

Metadata: oss_data/word2vec_10000_200d_
labels.tsv

T-SNE PCA CUSTOM . .

Component #1 ~ Component#2 ~

Component #3 =

PCA is approximate. @ ¢ o ik . .

Total variance described: 8.5%. - BOOKMARKS (0) @ A
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HOW DO WORDS GET INTO AND QUT OF THE NETWORK?
Recall: SMT
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NEURAL NETS - RECAP

v Training = extraction of
“features” (=patterns) from training data

@ Carola F. Berger, An Introduction to NMT, ATA59
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NEURAL NETS - RECAP

v Training = extraction of
“features” (=patterns) from training data

v" The more hidden layers and hidden units, the
more parameters (possible overfitting!)
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NEURAL NETS - RECAP

v Training = extraction of
“features” (=patterns) from training data

v" The more hidden layers and hidden units, the
more parameters (possible overfitting!)

v’ Beware: Garbage In -> worse garbage out!
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NEURAL NETS - RECAP

Training = extraction of
“features” (=patterns) from training data

The more hidden layers and hidden units, the
more parameters (possible overfitting!)

Beware: Garbage In -=> worse garbage out!

NEWHCUREN

ANNs work well for pattern recognition
after training, including “context”
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NEURAL NETS - RECAP

Training = extraction of
“features” (=patterns) from training data

The more hidden layers and hidden units, the
more parameters (possible overfitting!)

Beware: Garbage In -=> worse garbage out!

ANNs work well for pattern recognition
after training, including “context”

S AL LIS TN

Completely unpredictable when confronted
with new, hitherto unknown data
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TRAINING DATA

BLEU Scores with Varying Amounts of Training Data

| I | PRSI PR Y 30 B | I | | RS PR PR PO B P | |

—e— Phrase-Based with Big LM
—B8— Phrase-Based
e Neural

O | ] ] SR IS T I T [ | ! ] ] IR [ [O09Y I 3 | ! ] [
108 107 108

Corpus Size (English Words)

X Source: P. Koehn, https://arxiv.org/abs/1709.07809
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UNPREDICTABILITY

English Spanish Maori Detectlanguage ~ ".;

dog dog dog dog dog

German English Spanish ~

dog dog dog dog

"\ rf_ﬁ a4 B -
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UNPREDICTABILITY

English Spanish Maori Detect language -~ S

dog dog dog dog dog dog|

German English Spanish ~

dog dog dog - reader emaill

1w ) ¢ # Suggest an edit

;@2 Carola F. Berger, An Introduction to NMT, ATAL59 35




UNPREDICTABILITY

English Spanish Maori Detectlanguage ~

dog dog dog dog dog dog dog dog dog dog dog dog dog dog dog dog |

German English Spanish ~

Doomsday Clock is three minutes at twelve We are experiencing characters and a

dramatic developments in the world

@: Carola F. Berger, An Introduction to NMT, ATA59

35




UNPREDICTABILITY

English Spanish Maori Detect language -~ TS

dog dog dog dog dog dog dog dog dog dog dog dog dog dog dog dog dog X

German English Spanish ~

Doomsday Clock is three minutes at twelve We are experiencing characters and a
dramatic developments in the world, which indicate that we are approaching the
end times and Jesus' return
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UNPREDICTABILITY

English Spanish Maori Detectlanguage ~ ".;

dog dog dog dog dog dog dog dog dog dog dog dog dog dog dog dog dog dog *
dog dog dog dog dog|

German English Spanish ~

krist dog dog dog dog dog dog dog dog dog dog dog dog

;@2 Carola F. Berger, An Introduction to NMT, ATAL59 35




REFERENGES & FURTHER READING

- Slides at: https://www.CFBtranslations.com

e Handouts in app and also at
https://www.CFBtranslations.com

s A. Ng, Machine Learning, Coursera,
https://www.coursera.org/learn/machine-learning

el Google’s Tensorflow: https://www.tensorflow.org/

= Madly Ambiguous - game to illustrate how NMT deals with
context: http://madlyambiguous.osu.edu
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