[TocnegoBaTenbHOCTL -> [locrnegoBaTenbHOCTL
MalunHHbIM NepeBoa

Mpumep:
ITA: Il gatto si e’ seduto sul tappetino.
EN: The cat sat on the mat.
NMpoGnemsi:

- BelpaBHMBaHMe: nocneagoBaTeNbHOCTU Ha BXoAe / BbIXOAE MOIrYT UMETb Pa3Hyl AJTUHY
- HeonpeneneHHocTb (0TOOpaXkeHne 1-Ko-MHOMMM: MHOXECTBO BO3MOXHbIX COcob0B nepesoaa)
- MeTpuka: kKak aBTOMaTU4YeCKM OLIEHMBATb, O3HAYaloT NN NMPEeasIoKEHNS K OOHO U TO Xe?



[TocnegoBaTenbHOCTL -> [locrnegoBaTenbHOCTL
MalunHHbIM NepeBoa

Mpumep:
ITA: Il gatto si e’ seduto sul tappetino.
EN: The cat sat on the mat.
NMoaxoAa:

Mmeem oanH RNN ans kogupoBaHua ncxogHoro npeanoxeHus, a gpyrom RNN - ans
npeackasanuna uernesoro npeanoxerHud. Lleneson RNN yuntca (MArko) BoipaBHMBaTb
npeanoXxeHne ¢ NOMOLLbI0 MeXxaHn3Ma BHUMaHUA.

Neural machine translation by jointly learning to align and translate, Bahdanau et al. ICLR 2015



[TocnegoBaTenbHOCTL -> [locrnegoBaTenbHOCTL
MalunHHbIM NepeBoa

Source Target

1) Represent source
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\Source Encoder (RNN/CNN) Sl
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il gatto si e’ seduto sul tappetino sat Y. LeCun’s diagram++




[TocnegoBaTenbHOCTL -> [locrnegoBaTenbHOCTL
MalunHHbIM NepeBoa

Source Target

2) score each source word (attention)

QRYYYHQ

F -> softmax
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il gatto si e’ seduto sul tappetino sat Y. LeCun’s diagram++




[TocnegoBaTenbHOCTL -> [locrnegoBaTenbHOCTL
MalunHHbIM NepeBoa

Source Target

3) combine target hidden with source vector

BOOOES

JF -> softmax
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il gatto si e’ seduto sul tappetino sat Y. LeCun’s diagram++




[TocnegoBaTenbHOCTL -> [locrnegoBaTenbHOCTL
MalunHHbIM NepeBoa

Mpumep:
ITA: Il gatto si e’ seduto sul tappetino.

EN: The cat sat on the mat.

3amMeTKum:

+ lAlcxogHoe 1 LuerneBoe npeasiokeHne MOXET UMETb By ANVHY, XOpoLo paboTaeT 1 Npu OfMHHbIX
npegnoXxeHmax!

+ Yyntcsa HesIBHO BbipaBHMBATb

+ RNN moxHo 3ameHunTb Ha CHC. A convolutional encoder model for NMT, Gehring et al. 2016
+ [eHepupyeT bernble nNpeanoxXeHns

- meeT npobnemsl ¢ peako BCTpevaeMbiMU CrioBaMu, TOYHbIM BbIODOPOM CrioB

- O6bIMHO 00y4YaeTcs Kak A3blIkoBasg MOAENb (KPOCC-3HTPOMNKUS ), XopoLla A5 BbIYNCIIEHUSA OLEHKU, HO He
ONs reHepaumn



[TocnegoBaTenbHOCTL -> [locrnegoBaTenbHOCTL
MalunHHbIM NepeBoa

3aknro4yeHue:

+ MexaHn3m BHUMaHUS ABNsSeTcA OOBOJIbHO O6LLI,I/IM n MOXET NUCTOoJb30BaTbCA OJ14.

+ PaGoTaeT ¢ Bxogamu NepeMeHHON ANNHbI, MOCKONbKY «MSIFTKO BblGUpaeT oguH»

+ HesiBHOe BbipaBHMBaHWe, KOTopoe 0by4yaeTcs MoAenbto, Mo Mepe HeobxoanmMocTH

+ [1NSA BbINOMHEHNS payHO0B «0ObACHEHUNY (HanpuMep, «NepexoaoB» B CETAX NamsATH)
+ OTOT e MexaHn3M UCMonb30oBarcs arnd co3gaHnd Cy6TI/ITpOB, CYMMUPOBaAHUA N T. ,D,

- OYHKUWSA NOTEPU Ha YPOBHE CIOB (KPOCC-3HTPONUSA A8 NPeackasbiBaHNs CriefytoLLIero Crosa) sBrnaercs
cybonTMManbHoOM Ans 3a4a4 reHepauumn TEKCTOB

Sequence level training with RNNs, Ranzato et al. ICLR 2016
An actor-critic algorithm for sequence prediction, ICLR 2017
Sequence-to-sequence learning as beam-search optimization, EMNLP 2016



Generate contexualized Embeddings

The output of each encoder layer can
be used to represent the feature
for that token
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ApxuTeKkTypa Transformer
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BHYyTpeHHee BHMMaHKe

Layer:| 5§ §|Attention: | Input - Input &)

The_ The_
As we encode the word "it", one attention animal_ animal_

didn_ didn_
head is focusing most on "the animal”, while 3 :
another is focusing on "tired" -- in a sense. . -

The model's representation of the word "it"
bakes in some of the representation of both

"animal" and "tired"




BHYyTpeHHee BHMMaHKe

Multiplying x1 by the WQ weight
matrix produces g1, the "query"
vector associated with that word.
We end up creating a "query", a
"key", and a "value" projection of

each word in the input sentence.
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Several words |

Every row in the X matrix
corresponds to a word in the
iInput sentence

X WV Vv




Calculation

softmax( )

The self-attention calculation in matrix form



Attention heads

With multi-headed attention,
we maintain separate Q/K/V
weight matrices for each
head resulting in different
Q/K/V matrices. As we did
before, we multiply X by the
WQ/WK/WV  matrices to
produce Q/K/V matrices
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Attention result

1) This is our 2) We embed 3) Split into 8 heads. 4) Calculate attention
input sentence* each word* We multiply X or using the resulting
R with weight matrices Q/K/V matrices
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Machines ' Wo Ko
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*In all encoders other than #0, W1 K 01
we don't need embedding. W,V = K
We start directly with the output Vi
of the encoder right below this one 1]
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5) Concatenate the resulting ~ matrices,
then multiply with weight matrix W to
produce the output of the layer
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Positional encoding

A real example of positional encoding
with a toy embedding size of 4
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Positional encoding
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Add and Normalize
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Encoder-decoder connection
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Decoder

Decoding time step:®2 3456 OUTPUT
( 1‘ )
( Linear + Softmax )
[ ENCODER J H [ DECODER )
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SIGNAL « After finishing the encoding phase, we begin
EMBEDDINGS LLIT] CLTT] LT T the deCOdlng phase'
e s eudane ° EAch step in the decoding phase outputs an

element from the output sequence (the
English translation sentence in this case)



ITorosoe c10BO

Which word in our vocabulary
e Let’s assume that our model is associated with this index?

knows 10,000 unique English |

d d |'S ”OUt ut Get the index of the cell
words (our mode . P with the highest value
vocabulary”) that it’s learned from (argmax)
its training dataset.

log_probs HEEERIEEEEEEEEEEEE @
 This would make the logits vector Pree 4 S
10,000 cells wide — each cell ( Softmax )
corresponding to the score of a [
unique word. logits [N 1ol |‘|r| o o
e That is how we interpret the ( Linear )
output of the model followed by 4
Decoder stack output LT 1]

the Linear layer.



Model output

Trained Model Outputs

Output Vocabulary: a am thanks student <eos>
position #1

position #2

SCLE RN 0.001 0.001 0.001 0.002 0.001

position #4 EeXe[exEEVXe[or R eNe[o)

SCHICLEE 0.01 0.01 0.001 0.001 0.007 gueRel:

a am thanks student <eos>



