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Language Model

« Language model

- The language model is modeling the probability of generating natural
language sentences or documents

- We can use the language model to estimate how natural a sentence or a
document is, Also, with the language model, we can generate new sentences
or documents

» Probabilistic Language Models
- Language models assign a probability to each sentence

14 wW+1

POW) = Pwo,wi, .owy) = | [Powd = | | Powitwi, o wi)
i=0 i=1

- Example
+ ‘“this is a language model”
P(this, is,a,language, model)
= P(this)P(is|this) P(althis,is)P(language|this,is,a) P(model|this, is, a, language)
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Language Model

* Probabilistic Language Models
- Machine translation
* P(this is language model) > P(this are language model)
- Spell correction
* P(I have a runny nose ) > P(I have a runny noise)
- Speech recognition
* P(Ineed acup of water ) > P(I neat a cup of water)
- Etc...

« Count based word probability

.. count(this is a language model
- P(model|this,is, a,language) = ( guag )

count(this is a language)

» This sentence is likely. However, it is likely to be a low probability depending on the
characteristics of the corpus we have

* If we don’t have “this is a language” sentence?
- The denominatoris 0

- It is sparsity problem

Artificial Intelligence Laboratory



Language Model

* N-gram language model
- Unigram, Bigram, Trigram, N-gram

» Bigram example
- P(Wi|WO! "'!Wi—l) ~ P(Wilwi—l)
- Example
» ‘“this is a language model”

P(this is a language model)
= P(this)P(is|this) P(is|this,is)(language|this,is,a) P(model|this,is, a, language)
~ P(this)P(is|this)P(a|is)P(language|is)P(model|language)

- Sitill, It has a sparsity problem
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Neural Language Model
 NPLM(Neural Probabilistic Language Model)

- P(w;|wy, ...,w;_;) is obtained from neural networks

i-th output = P(w; = i| context)

softmax
[ X ) 000 )

. \
most| computation here \

...........................................
shared parameters
across words

index for w;_, 4 index for wy_» index for w;,_1

* Bengio, Yoshua, et al. "A neural probabilistic language model." Journal of machine learning research 3.Feb (2003): 1137-1155.
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Neural Language Model
 NPLM(Neural Probabilistic Language Model)

- Words are represented with a one-hot vector
« This=[1,0,0,0,0...,0],1s=1[0,1,0,0,0...,0],a=[0,0,1,0,0 ..., 0]
Language =[0,0,0,1,0 ..., 0], Model =0, 0, 0, O, 1,..., 0]

- That’s a large vector - limit to 20,000 most frequent words

- Map each word first into a lower-dimensional real-valued space
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Neural Language Model
 NPLM(Neural Probabilistic Language Model)

- Add direct connections from embedding layer to output layer
- Activation functions

* input—embedding: none

» embedding—hidden: tanh

» hidden—output: softmax

Word Embedding
00000000 e 0000
000000000 C 0000
000000000 0000

- By-product: embedding of word into continuous space
- Similar contexts — similar embedding
- Recall: distributional semantics
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Neural Language Model
 NPLM(Neural Probabilistic Language Model)

- Word embedding (distributed representation)
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Word Embedding

 Word embedding model
- Sparse representation
» one-hot encoding = [0, 0,...1,..., 0]
- Distributed representation
* dense vector= =[0.2,0.7,...1.23,...,-2.3]

- One-hot representation - word embedding model - distributed
representation(embedding vector)

- Embedding vector
* Low dimensional
* Trainable
* Float type

Artificial Intelligence Laboratory
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Word Embedding

 Word2vec

- 2 basic neural network models:
« Continuous Bag of Word (CBOW): use a window of word to predict the middle word
» Skip-gram (SG): use a word to predict the surrounding ones in window

INPUT ~ PROJECTION  OUTPUT INPUT ~ PROJECTION  OUTPUT
w(t-2) w(t-2)
wt-1) w(t-1)
\SUM
/ — wit) wit)| ——
wi(t+1) / w(t+1)
w(t+2) w(t+2)
cBow Skip-gram

* Mikolov, Tomas, et al. "Distributed representations of words and phrases and their compositionality." Advances in neural information processing systems. 2013.
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Word Embedding

 Word2vec
- E.g. “this is a word embedding model”
- Window size = 2
- P(word|a,is,embedding, model; 0)

INPUT PROJECTION QUTPUT

SUM

L w(t)  word

embedding wit+1)

N

model  w(t+2)
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Word Embedding

« Word2vec
- Computation
*  NPLM: (n*m)+(n*m*h)+(h*V)
* Word2vec: (n*m)+(m*V)
+ Word2vec: (n*m)+(m*log V) with negative sampling

Output layer v ! v
- ! =
|
|
Hidden layer h |
F |
|
i
Projection layer n=m | n=m
|
i
|
i
|
|
Input layer | | | | | | | | il | | | | | |
Feed forward MMNLM : Word 2Vec{CEBOW)

- Similar language model
* Glove, Fast-text, ...

e https://wikidocs.net/22660
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Contextual Language Model

 RNNLM: recurrent neural network based language model
- P(w;|wy, ...,w;_1) is obtained from recurrent neural networks

t)’

INPUT (L) QUTEUT (t)

o e P(v;|wd) P(v;|wd) P(vyw§™)
— CONTEET(E) — i=12..k i=12..k i=12..k
— . | softmax | [ softmax | - softmax

— 4 vV 14

— N WO W (o

. s s

— — Gy N &

u

— U U
xo[.. .] xl[.. .] xt_l| o0 - .l
L C(wo) C(wy) C(Wi—1)
CONTEXT (t-1) [ | . .
Wy wy Wi—1

Figure 1: Simple recurrent neural network.

Mikolov, Tomas, et al. "Recurrent neural network based language model." Eleventh annual conference of the international speech communication association. 2010.
e https://dengliangshi.github.io/2017/01/01/neural-network-language-models.html
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Contextual Language Model

 ELMo: Embeddings from Language Models

- Bidirectional language model

* Forward pass
[w|+1

P(wy, Wy, ...,wy) = 1_[ P(w;|lwy, ..., W;_1)
i=1

» Backward pass

[Ww|+1
P(wy, Wy, ...,wy) = 1_[ P(W;|Wiyq, s Wy)
i=1

* Peters, Matthew E., et al. "Deep contextualized word representations." arXiv preprint arXiv:1802.05365 (2018).
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Contextual Language Model

 ELMo: Embeddings from Language Models

- Bidirectional language model
* Objective function - negative log likelihood

n —
L=-3% (]ng(mi | 15- -, Zi-15 O, O15TM, O )+

i=1

%
]'Ggp(mi | LTitly- -« Ln; 861 OL-STB'I: 83 ))

O, [ Softmax ]

Embedding

© © ©® ©

¢ https://www.topbots.com/generalized-language-models-cove-elmo/
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Contextual Language Model

 ELMo: Embeddings from Language Models
- Bidirectional language model

Target Word
I

Rubin, how are you?

|
Left Context Right Context
Forward RNN Backward RNN Forward RNN  concat! Backward RNN
how are you EOS BOS how are you EOS
r1T 171 1T 17T 11 T
r7T 1717 17 1T 7171 T
BOS how are you how are you EOS BOS how are you

https://medium.com/@plusepsilon/the-bidirectional-language-model-1f3961d1fb27
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Contextual Language Model

 ELMo: Embeddings from Language Models
- ELMo Representations - dynamic representations
« Example: “Broadway play produced by him”

L
v; = f(Ra: Btask} _ ,Ytask Z S;_:a.sl-:hz_,g

£=0
(Forwarc_i__l___e_lﬂgg_aﬂe_a Model) [Eackwartt_j__l___g_r!g}._l_a_ge Model)
1 | 1
E8] === B NLP Tasks
- ot I
embedding !_..--"‘"
| | ELMo representation Embedding vecter

Broadway |  play | produced

3 =2
N

[ T 11 | x5
XG5 = P
+ —_—;;-—
[TTTTT x sa —
Corpus
Y % =TT TTTT]

¢ https://wikidocs.net/33930
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Contextual Language Model

 ELMo: Embeddings from Language Models
- dynamic representations

- Disambiguate both the part of the speech and word sense in the source
sentence

Source Nearest Neighbors

playing, game, games, played. players, plays, player.
Play, football, multiplayer

Chico Ruiz made a spec- | Kieffer , the only junior in the group , was commended
tacular play on Alusik 's | for his ability to hit in the clutch , as well as his all-round
grounder |...} excellent play .

Olivia De Havilland | {...} they were actors who had been handed fat roles in
signed to do a Broadway | a successful play , and had talent enough to fill the roles
ﬂfﬂ]‘ Garson {...} compctcmlymh nice understatement .

GloVe play

biLM

Table 4: Nearest neighbors to “play” using GloVe and the context embeddings from a biLM.

* Peters, Matthew E., et al. "Deep contextualized word representations." arXiv preprint arXiv:1802.05365 (2018).
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Transformer

Seg2Seq (encoder-decoder)
- Missing long-term memory
- Vanishing gradients

target output words

<

suis étudiant </s> iloss layer

projection layer

|
3 > m I Ihldden layer 2
> > > Ihldden layer 1

A 4

—
o

BLEU score

o

T T T L) T U T

— Source text
----- Reference text

..................................................

B T T

embedding layer 0 1 L L
f 0 10 20 30 40 50 60 7O 80O
am a student <s> suis étudiant Sentence length
encodlng decoding
e https://towardsdatascience.com/seg2seg-model-in-tensorflow-ec0c557e560f
* Cho, Kyunghyun, et al. "On the properties of neural machine translation: Encoder-decoder approaches." arXiv preprint arXiv:1409.1259 (2014).
20
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Transformer

« Seq2Seq (encoder-decoder) with attention

_ X Y Z <eos>
hy

Attention Layer

A B C D <eos> X Y Z

https://machinelearningmastery.com/how-does-attention-work-in-encoder-decoder-recurrent-neural-networks/
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21


https://machinelearningmastery.com/how-does-attention-work-in-encoder-decoder-recurrent-neural-networks/

Transformer

« Seq2Seq (encoder-decoder) with attention

T\

Decoder —
Attardion layer

addition
000 -

t
| | [ |

miultiplication rultiplication multiplication miultiplication

000 l 000 l ©00-| 000 1

hidden siate Score SCOME SCOME

00 . [~ |—e |—e
| T T I W

hmmO?O O?O O?O O?O

https://towardsdatascience.com/attn-illustrated-attention-5ec4ad276ee3
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Transformer

« Seq2Seq (encoder-decoder) with attention

exp (score(hy, hy))

Qg = ~ Attention weights 1
’ S5, exp (score(hy, hy)) [ ghts] @
C = Z ayshs [Context vector] (2)
a; = f(e;, hy) = tanh(W,[ey; hy]) [Attention vector] (3)

i} A A ‘E
attention ..........
vector
context B il
vector : 1

attention - ey

nUon 0.5

weights =77 : : :

e ng TR g LR -
h, h, 7 hy " hy I I I

h ] Py —— h = - h
h1 hz.‘ h3 — hT 3 : :! : :!

I am a student <s> Je suis étudiant

Bahdanau, Dzmitry, Kyunghyun Cho, and Yoshua Bengio. "Neural machine translation by jointly learning to align and translate." arXiv preprint arXiv:1409.0473 (2014).
e https://www.tensorflow.org/tutorials/text/nmt_with_attention
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 Transformer
- Removing RNN

Transformer

- How can we obtained attention score? = self attention

_ X Y Z <eos>
hy
Attention Layer .
A A A A A L A . A A
removing RNN encoder decoder
| I | I I I I |
A B C D <eos> X Y Z
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Transformer

Encoder

Transformer

» Positional embedding

* Multi-head attention

* Add & layer normalization

Decoder

* Inputs

 Masked multi-head attention

* QOutputs

Output
Probabilities
g N\
Feed
Forward
D
_ :
Aol iy Multi-Head
Feed Attention
Forward I MNx
 S—
N Add & Norm
A I
(—n-l Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
1 At
L\_' v, . — )
Positional Positional
Encodin % & sodi
coding Encoding
Input Output
Embedding Embedding
Inputs Outpuls
(shifted right)

Figure 1: The Transformer - model architecture.

Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information processing systems. 2017.
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Transformer

 Transformer

- Encoder
+ Positional embedding

- Actual word representations are byte-pair encodings

- Also added is a positional encoding so same words at different locations
have different overall representations

EMBEDDING
WITH TIME
SIGNAL

POSITIONAL
ENCODING

£ 30 EMBEDDINGS

INPUT

POSITIONAL
ENCODING

PE(pos,2i) = sin(pos /100002i/dmodel)
PE(pos,2i+1) = COS(pOS/lOOOOzi/dmodel)

EMBEDDINGS

INPUT

e http://jalammar.github.io/illustrated-transformer/

Add & Norm Mut-Head
Feed Attention
Forward F ) Nx
x

Output
Probabilities

Add & Norm
Feed
Forward

Add & Norm

Add & Norm

Add & Norm Vacked
Multi-Head Multi-Head
+ + + Attention Attention
x: [ . [ S — L
\. \ J
Positional Positional
studiant Encading Encoding
Input Output
Embedding Embedding
Inputs Quiputs
(shifted right)

Figure 1: The Transformer - model architecture.
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Transformer

 Transformer
- Encoder
* Multi-head attention
- Self-attention
* Input: embeddings
*  Weights: Wqg, Wk, Wv
* Queries, keys values
Embedding [T TT] [TTT]
Queries Chl:\:\:‘ qu:\:! we
Keys [(1TT] LT1]
Values E\:\:‘ E\:\:‘
Q T

REE

softmax( Hﬂ} ) @ ) B}}

{]k'

Input

Embedding
Queries

Keys

Values

Score

Divide by 8 (v/dy )
Softmax

Softmax

X

Sum

e http://jalammar.github.io/illustrated-transformer/

Output
Probabilities

Add & Norm

Feed
Forward

Add & Norm

2dd & Norm Muft-Head
Feed Attention
Forward Nx
N Add & Norm
Masked
Multi-Head Multi-Head
Attention Attention
A } A 4}
| \ —
Positt Positional
Encading Encoding
Input Output
Embedding Embedding
Inputs Quiputs
(shifted right)

Figure 1: The Transformer - model architecture.
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* Transformer

- Encoder
* Multi-head attention
- Multi-head

Thinking

Machines

ATTENTION HEAD #0

Qo

e http://jalammar.github.io/illustrated-transformer/

Q

ATTENTION HEAD #1

Transformer

Output
Probabilities

Add & Norm
Feed
Forward

Add & Norm

2dd & Norm Muft-Head
Attention
Nx
N Add & Norm
Masked
Multi-Head Multi-Head
Attention Attention
A } A 4}
| \ —
Positt A Positional
Encading Encoding
Input Output
Embedding Embedding
Inputs Quiputs
(shifted right)

Figure 1: The Transformer - model architecture.

Artificial Intelligence Laboratory

28


http://jalammar.github.io/illustrated-transformer/

Transformer

* Transformer

- Encoder
* Multi-head attention

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

with weight matrices Q/K/V matrices

W@
X Q
Thinking v 0
Machines Wo ?FIFH
W@
* In all encoders other than #0, _ Q1
we don't need embedding. W,V T
We start directly with the output i}'

of the encoder right below this one

e http://jalammar.github.io/illustrated-transformer/

Vo

V4

V7

5) Concatenate the resulting © matrices,
then multiply with weight matrix to
produce the output of the layer

Output
Probabilities

Add & Norm

Feed
Forward

Add & Norm, Mut-Head
Feed Attention
Forward Nx
N Add & Norm
Masked
Multi-Head Multi-Head
- Attention Attention
A } A >
| \ — )
Positi A Positional
Encading Encoding
Input Output
Embedding Embedding
Inputs Quiputs
(shifted right)

Figure 1: The Transformer - model architecture.
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Transformer

* Transformer

- Encoder
* Add & layer normalization

4 i

(’( Add & Normalize ) \
4
: 4 i
1
' ( Feed Forward ) ( Feed Forward )
1
e B o e 4
z1 [ z; ouput
‘ ‘ Probabilities
—
|, P LayerNorm( + )
o
o
(@] : * ‘ . e Add & Norm
(W) orm T
=\ . Y . s
w . Forward Nx
' ( Self-Attention ) 72 Nom
: Nx Add & Norm T
. A A Mult-Head Multi-Head
Attention Attention
e X1 R LLIT] J | |
| J R\ —
POSITIONAL
ENCODING é é Encoding Egigg:zl

| Input I Output |

Embeddin Embeddin
x1 T oy I T - T -
Thinking Machines e oo

) Figure 1: The Transformer - model architecture.
* http://jalammar.github.io/illustrated-transformer/
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* Transformer
- Encoder

Transformer

* Add & layer normalization

ENCODER #2

ENCODER #1

POSITIONAL
ENCODING

X1

Thinking

X2

Machines

e http://jalammar.github.io/illustrated-transformer/

Softmax

)

Linear

7y
DECODER #2

Add & Normalize

A
Encoder-Decoder Attention
................... 3

Add & Normalize
3

Qutput
Probabilities

Add & Norm

Feed
Forward
Add & Norm Muft-Head
Attention
Nx
Add & Norm
Masked
Multi-Head Multi-Head
Attention Attention
A } A >
\ —/
” A Positional
Encading Encoding
Input Output
Embedding Embedding
Inputs Quiputs
(shifted right)

Figure 1: The Transformer - model architecture.
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* Transformer
- Decoder

* Inputs : Key(enc), Value(enc), Word embeddings (dec)

Decoding timestep:(1)2 3 4 5 6

Transformer

OUTPUT

f

( ~
( Linear + Softmax )
ENCODER DECODER )
L 3
ENCODER DECODER J
- )
EMBEDDING
WITH TIME [(ITTT1 [Tl [IIr
SIGNAL
EMBEDDINGS CITT] LIT1] LLIT]
INPUT Je suis étudiant

Output
Probabilities

Add & Norm

Add & Norm

Multi-Head
Attention

N
Masked
Multi-Head Multi-Head
Attention Attention
A } A 4}

\. | J \ J
Positional EX Positional
Encading Encoding

Input Output
Embedding Embedding
Inputs Quiputs
(shifted right)

Figure 1: The Transformer - model architecture.
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Transformer

* Transformer

- Decoder
* Inputs
Decoding time step: 1@3 456 OUTPUT
4 )
V, ( Linear + Softmax )
ENCODERS DECODERS ]
\ /
EMBEDDING * * * *
WITH TIME CITTT] ITTT] [TTT] [IT11]
SIGNAL
EMBEDDINGS [T 1171 [T (I
e suis  étudiant PREVIOUS
e J OUTPUTS

e http://jalammar.github.io/illustrated-transformer/

Output
Probabilities

Add & Norm

Feed
Forward

Add & Norm, Muit-Head
Feed Attention
Forward Nx
N Add & Norm
Add & Norm Vacked
Multi-Head Multi-Head
Attention Attention
A } A >
. | \ —
*ositional Positional
‘ncoding Encoding
Input Output
Embedding Embedding
Inputs Quiputs
(shifted right)

Figure 1: The Transformer - model architecture.
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Transformer

Transformer

Encoder
» Positional embedding
* Multi-head attention
* Add & layer normalization
Decoder
* Masked multi-head attention
* Multi-head attention

http://jalammar.github.io/illustrated-transformer/

Output
Probabilities

Add & Norm
Feed
Forward
Add & Norm

Multi-Head
Attention

Add & Norm

I M
Nx
Masked
Multi-Head Multi-Head
Attention Attention
A } L
;‘_J
Positional B Positional
Encading Encoding
Input Output
Embedding Embedding
Inputs Quiputs
(shifted right)

Figure 1: The Transformer - model architecture.
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* Transformer

- Decoder
* QOutputs

Transformer

+ Cross-entropy, KL Divergence

Which word in our vocabulary
is associated with this index?

Get the index of the cell

with the highest value
(argmax)

log_probs

logits

Decoder stack output

e http://jalammar.github.io/illustrated-transformer/

am

(Tt
5 .. vocab_size
* —
Softmax )

7y

LTt e et o

@ 12345 * . Vocab_size

Linear )

4
Ly

Output
Probabilities

Add & Norm_J<=

Feed
Forward

Add & Norm
Add & Norm, Muit-Head
Feed Attention
Forward F N3
N Add & Norm
Masked
Multi-Head Multi-Head
Attention Attention
A } A 4}

\. | J \ J
Positional o Positional
Encading Encoding

Input Output
Embedding Embedding
Inputs Quiputs
(shifted right)

Figure 1: The Transformer - model architecture.
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Transformer
« Experiments

Table 2: The Transformer achieves better BLEU scores than previous state-of-the-art models on the
English-to-German and English-to-French newstest2014 tests at a fraction of the training cost.

BLEU Training Cost (FLOPs)
Model EN-DE EN-FR EN-DE  EN-FR
ByteNet [18] 23.75
Deep-Att + PosUnk [39] 39.2 1.0 -10%
GNMT + RL [38] 24.6 39.92 2.3-10"  1.4.10%
ConvS2S [9] 25.16  40.46 9.6-10® 1.5.10%°
MoE [32] 26.03  40.56 2.0-10" 1.2-10%
Deep-Att + PosUnk Ensemble [39] 40.4 8.0 - 1020
GNMT + RL Ensemble [38] 2630  41.16 1.8-10%° 1.1-10*
ConvS2S Ensemble [9] 2636  41.29 7.7-10  1.2.10*
Transformer (base model) 273 38.1 3.3-10'8
Transformer (big) 28.4 41.8 2.3-10"

» Base model for other language models
- BERT, GPT ...

* Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information processing systems. 2017.
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