Wfear 20

24

From Text Generation
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» Text Generation Using Transformer

» An improved Approach to Text Generation
» Machine Translation Using RNN
» Machine Translation Using Transformer




Self-Supervision Using Text Data

*» Encode the sequential relationship

O N N N N N N L oy
natural language processing Is a branch of artificial intelligence

naral  ® Text Model = |  language

_______________________________________



Implementation Using RNN

Using all the features

(\Y)



Example tokenizer - get tokenizer('basic _english')

(examples):
text examples:
COpUS tokenizer(text)

_1d | Text

0 An qua nhé ké trong cay

vocab size =13

| Token | _Id__

vocab_size - 13 <unk>
build vocab_ from_iterator(yield_tokens(corpus),
1 C6 chi thi nén max_tokens-vocab _size,
specials=["<unk>", "<pad>", "<sos>"]) <S0s>
chi

cay

<pad>

Special tokens

co
<unk> || <pad> || <sos>

An nhd ké

qua Add nhd
cay Build vocab nén
ké qua
thi thi
trong 11
Vocab an

A 4

© 0 N oo o A W N B, O

trong

[N
o

chi co

=
N




_d Tt

corpus [

0 An qua nhé ké trong cay P . <unk> 0
. “an qua nhé ke trong cay”,
1 Co chi thi nén "eé chi thi nan" <pad> 1
l <s0s> 2
chi 3
_ data_x [] A 4
<s0s> An data y - [] cay
<s0s> An qua vector corpus: oL S
<sos> An qui b vector - vector.split() ké 6
< > A 2 2 A nhO” 7
505 1§n(pnlnh0 Fe i range(len(vector)): nén 8
<sos> An qua nh¢ ke trong data_x.append(['<sos>'] + vector[:i
<s0s> An qua nhd ké trong cay data_y.append(vector[i]) qua J
<s0s> Cé thi 10
<s0s> Co chi i trong 11
<sos> C6 chi thi i an L2
<s0s> C6 chi thi nén 5 . vocab_size = 13



__1d | Text i Token | id [T

0 An qua nho keé trong cay
1 Co chi thi nén

l

Input tokens Target token

<s0s> An
<sos> An qua
<sos> An qua nhé
<sos> An qua nho ke
<sos> An qua nhé ké trong
<s0s> An qua nhé ké trong cay
<s0s> Co
<sos> Co chi
<sos> Co chi thi
<s0s> C0 chi thi nén

6

<unk> 0 nho 7
<pad> 1 nén 8

<s0s> 2 qua 9
chi 3 thi 10
cay 4 trong 11
co 5 an 12

Next token prediction dataset

sequence length = 6

2,1,1,1,1,1] 12
2,12, 1,1, 1, 1]

[2,12,9, 1,1, 1] 7
[2,12,9,7, 1, 1] 6
[2,12,9,7,6,1] 11
[2,12,9, 7,6, 11] 4

*[2,1,1,1,1,1]

2,5, 1,1,1, 1] 3
[2,5,3,1, 1, 1] 10
[2,5,3, 10,1, 1] 8

Training data




data_x_ids []
Example data_y_ids []

d | Tt st toren] o e e
2 X_1ids [vocab| token | token x| [ :sequence_length]

0 An qua nhé ké tréng cay x_ids - x_ids + [vocab["<pad>"]]"(sequence_length - len(x))
1 Co chi thi nén Liley Vel ]
X, Y zip(data x, data y):
l x_ids, y_ids - vectorize(x, y, vocab, sequence_length)
data_x_ids.append(x_ids)
. data_y ids.append(y_ids)
<S0S> An
<sos> A :
SOS Vn qua [2,1,1,1,1,1] 12
<sos> An qua nhé sequence length = 6
- h ) = [2,12,1, 1,1, 1] 9
<sos> An qua nh¢ ¢
S . : [2,12,9,1, 1, 1]
<sos> An qua nho ké tron
e ‘ e [2,12,9,7, 1, 1] 6
<s0s> An qua nhd ké trong cay
cé [2,12,9,7,6, 1] 11
<S0s> 0
[2,12,9,7, 6, 11] 4

<sos> CoO chi
<s0s> CO chi thi >
: [2,5,1,1,1,1] 3
<so0s> Co6 chi thi nén padding
[2,5,3,1,1,1] 10

[21 51 31 101 11 1] 8
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vocab size =13

sequence length = 6

2,1,1,1 1, 1] Loy ey o e .

model
outputs

(nn.Module):
(self, vocab size, sequence_length):
super(). init ()
self.recurrent = nn.RNN(4, 4, batch_first )
self.linear nn.Linear(sequence_length 4, vocab_size)

(self, x):

X, = self.recurrent(x)
X = nn.Flatten()(x)
X = self.linear(x)

X

TG_Model(vocab size, sequence_length)
model(data_x_ids)




sequence length = 6

—_— —_—
<unk> 0 [2,1,1,1,1,1] [ceey ey e e ey e
<pad> 1
<S0s> 2
, nn.Module):
chi 3 ( ) :
(self, vocab _size, sequence length):
cay 4 super(). init ()
co 5 self.embedding = nn.Embedding(vocab_size, 4)
Ké 5 self.recurrent = nn.RNN(4, 4, batch_first )
self.linear nn.Linear(sequence_length 4, vocab size)
nhé 7
nén 8 (self, x):
qué 9 x = self.embedding(x)
. X, = self.recurrent(x)
thi 10 X = nn.Flatten()(x)
trong 11 x - self.linear(x)
an 12 X
Vocab_size =13 model - TG_Model(vocab_size, sequence_length)

outputs - model(data x_ids)



Example

 dataxids

2,1,1,1,1,1]
[2,12,1,1,1, 1]
[2,12,9, 1,1, 1]
[2,12,9,7, 1, 1]
[2,12,9,7,6, 1]
[2,12,9,7, 6, 11]
2,1,1,1, 1, 1]
2,5, 1,1, 1, 1]
[2,5,3,1, 1, 1]
[2,5,3, 10,1, 1]

-

(RNN / Transformer)

"

Model

~

/

predicted ids

12
9

o

-> 12

0 © W U1 b

Update params

datay ids_

12
9

11

10



sequence length = 4 Feed Forward
hidden dim = 4
X, = [-07521 16487 03925 —14036]

<sos> Co0 chi thi nén 2 5 3 10] X, =[-0.7581 1.0783 0.8008 1.6806]
X3 =[-0.7279 —0.5594 —0.7688 0.7624]

Inputids | Targetids X, =[-0.8371 —0.9224 1.8113 0.1606]

[2,5, 3, 10] [8] l

Whh Win '\ hy =[-0.7409 —0.4739 —05055 —0.6786] |
0.3035 —0.1187 0.2860 —0.3885 ~0.2982 —0.2982 0.4497 0.1666] | h, =[0.2170 —0.9590 0.6681 —0.6519] |
—0.2523  0.1524  0.1057 —0.1275 0.4811 —0.4126 —0.4959 —03912[ ! :
0.2980  0.3399 —0.3626 —0.2669 -0.3363 02025 0.1790 04155 [ | hs=104735 -0.2915 -0.4692 —0.1583] |
0.4578 —0.1687 —0.1773 —0.4838 ~0.2582 03409 02653 —02021] | h,=1[0.8327 —0.8839 0.2449 0.6446] |

bnn biy,
[0.0117 —0.3415 —0.4242 —0.2753 ] [-0.2863 0.1249 —0.0660 —0.3629] Flatten




Back-Propagation

CrossEntropyLoss (L)

[-0.0235 0.1788 0.3628 0.0449]

i . VWth
0.0896 —0.0204 0.0843  0.0201
om0 Yoy o wm, o0
5 0.1334 0 i 0.0827 —0.1736 0.0291
0.0742 0
0.0896 0
| 0.0648 0 [-0.0235 0.1788 0.3628 0.0449]
0.0569 0

k_» 0.0956 0 ‘_’ Loss
| 0.0744 o | 2.5884
: : 0.0187 —0.1589 —0.0991 —0.0988
| 0.0751 1 i -0.1285  0.1600 —0.1825 —0.0411
- - bacRy —0.2816  0.0904  0.1933  0.1014
| 0.0809 0 | —0.0437 0.1782  0.2889 —0.0192
0.0636 0
0.0490 0
0.0304 0







Example Model R predictions ____
]

“ sequence length = 6
<unk> 0 [ ]
<pad> 1
<S0S> 2 ;
chi 3 ?
' [ Feed Forward ]
cay 4 i |
co 5 |
, ;- Multi-head =
— 6 !' [ Attentlon } |
nho 7 : [ Feed Forward ] I : Nx
nén 8 i ' |
Lo N (adavom ) s
qua : Masked
thi 10 = [ Multi-head ] ; | Multi-head | | |
X ! Attention ! : Attention
trong 11 i T L]

an 12 Positional | + ----------------- ‘ Positional
. Embedding :T: Embedding

vocab size =13
[ Input Embedding ] [ Output Embedding ]




(d_model-3,

Softmax
nhead-1, : ¥
batch_first Linear

]

/ Add & Norm
\

src - torch. ([[[ .69, ©.72, -1.41]

: Feed Forward
[ ©.21, 1.10, -1.31]

A

out - layer(src)

A

: Add & Norm
|

-

Multi-head
Attention

A

—>[ Add & Norm ]
\

[ Feed Forward }

A

A

: Add & Norm

\
f Masked b

\ 4

OAGaeNorm <N
| :

Multi-head Multi-head
AAtteArthion A K AAtteArk]tion A j
aword aword  aword aword "\
vector vector vector vecor ~ —»F 1

| Embedding | [ Embedding




Encoder
In Pytorch

Embedding

[UNK] [-0.188, ..., 0.7013]

1 [pad] 1 [1.7840..., 1.3586]
2 ai 2 [1.0281, ..., 0.4211]
3 di 3 [-1.308, ...,-0.3680]
4 hoc 4 [0.2293, ..., 2.0501]

i e

| I- Linear '

| 2 Multi hea_d ea Rel U Linear

' L Self-Attention (3,4) (4, 3)

: N

Feed Forward

_______________________________________________________________________________

Transformer Encoder

15



Encoder

In Pytorch (d_model-3,

nhead-1,
batch_first

src torch.

out - layer(src)

B e e e e

1

Bl Bl eroecding mmm 5 wutihead || Adde
- - B | " Self-Attention Norm
(N,2,3) 1~
Feed Forward |
Transformer Encoder S

""""""""""""""""""""""""""""""""""""""""""""""" 16



(d_model-3, nhead-1, )
batch first ) __Softmax

]

src = torch. ([[[ .69, ©.72, -1.41], o

[ 0.21, 1.10, -1.31], ~ [_Add & Norm |

[-9.88, ©0.60, -0.31]]1])
mask - torch. (torch. (3, 3), diagonal-1).

: Feed Forward

A

out - layer(src, src_mask-mask)

A

: Add & Norm
|

-

e e o e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e

|
; | . [ Multi-head
| —>[ Add & Norm ] | i Attention
: \ | ! 3
Yo h o Y i [ Feed Forward } | 5
L - N [ Add & Norm
 |_Add & Norm | ¥ - | -
| ‘ i i Masked
| Multi-head | ; Multi-head
DO D]_ D2 “o DTL i Attention i i L Attention )
aword aword  aword aword .
vector vector vector vectorr  —~———

| Embedding | [ Embedding




Masked Encoder
in Pytorch

[UNK] [-0.188, ..., 0.7013]

Feed Forward

1 [pad] 1 [1.7840..., 1.3586]

2 ai 2 [1.0281, ..., 0.4211]

3 di 3 [-1.308, ...,-0.3680]

4 hoc 4 [0.2293, ..., 2.0501]

|’I
- - Embedding N Ma_sked Linear Linear
- —> - > 1 Multi-head 3, 4) RelLU 4. 3)
- - B @ [ Self-Attention ’
(N, 3,3+ NI ' (N, 3,3)

Transformer Encoder .




Masked Encoder
In Pytorch , (d_model

, hhead-1,

batch_first )

src torch. s

J

s ) )
mask - torch. (torch. (3, 3), diagonal-1).

out - layer(src, src_mask-mask)

i -

| Masked

1 Multi-head ?\I‘i‘ir‘s‘
| Self-Attention

: N
| Feed Forward |

Transformer Encoder 18




Masked Multi-
head Attention

—0.35 051 0.50
W,=| 036 —0.47 —0.29
~0.51 —0.14 —0.56

=1-044 —-0.46 0.18

—0.49 -0.68 0.18
w
0.07 —-0.10 0.44

=1-040 —0.07 —0.34

—0.41 0.39 -—0.65
14
—0.55 —-0.13 -0.29

W,=| 027 0.5 0.15

—0.36 —0.08 0.32]
—0.05 —0.28 0.05

—0.1 0.1 0.3
104 —1.1 —-0.3

—0.35
Q=XW, = [ - - ] 0.36
0. 4 1 1 O 3 _051
—0.08 —0.14 —0.24
—0.39 0.77 0.69
—0.49
—-0.1 0.1 0.3
K=XWy = [ ] [—0.44
0.4 1.1 — 0.3 0.07
_ 0.02 —0.01 0.13]
0.27 0.27 —0.26]
\ —0.41
—-0.1 0.1 0.3
V = XWV — —0.40
. 04 —1.1 —0.3 _oco
_ —0.16 — 0.08 — 0.05
| —0.02 —0.02 0.05
_[0 —w
M= [o 0]

0.51 0.50
— 047 —-0.29
—0.14 —0.56

—0.68 0.18
— 046 0.18
—0.10 0.44

0.39 —0.65
—0.07 —0.34
—0.13 —-0.29

head = 1



Masked Multi-head Attention

s Example approximately

KT

A = softmax <Q

LnH

= softmax [_0'08 - 014 =024 —(())(())i (())33 i+[O _Oo] =006 =0y =008
—0.39 0.77 0.69 0'13 —0.26 JVda L0 0 —0.02 —0.02 0.05

_ —0.019 0.002 0 —oo]\[-0.16 —0.08 —0.05
= softmax + 0 0

0.043 —0.046 —0.02 —-0.02 0.05

_|l 1.0 0.0”—0.16 — 0.08 —0.05]=[—0.16 —0.08 —0.05
0.52| 0.48/1-0.02 —0.02 0.05 0.12 0.08 0.06

—0.16 — 0.08 —0.05
0.12 0.08 0.06

0.03 0.02 —0.06

Y =AW, = —0.02 —0.02 0.05

0.27 0.05 0.15

][—0.36 — 0.08 0.32]
—0.05 —0.28 0.05



Masked-Attention

Training process

Embedding size

Sequence length
>

<
<

d

< [
< »

-

0000 —"

Input







nn.TransformerEncoderLayer(d_model=3,
nhead-1, | Softmax |
batch_first r : 3
nn.TransformerDecoderLayer(d_model=3,

nhead-1, R ,
batch_first | Add & Norm |

] -

: Feed Forward

|
- |_Add & Norm |
src = torch.Tensor([[[0.48, 0.44, 0.71], i e - i Multi-head
[EaE5 Gtz Carallllll) [ Add & Norm ] \E Attention
tgt = torch.Tensor([[[©.3516, ©.9509, ©.2771], [Feed Forward]
[0.1993, 0.0177, 0.2628], | o ,
[0.0774, ©.5253, 0.6413], oREReEm <N Add & Norm |
[0.6749, 0.5501, ©.1641]]]) ‘ & [ Masked
Multi-head i ; Multi-head
context - encoder_layer(src) Attention . \_ Attention )
mask - torch.triu(torch.ones(4, 4), i {
diagonal-1).bool() | A = I N S — g
out decoder layer(tgt, context, { Embedding } { Embedding }

tgt _mask-mask)



Transformer in PyTorch

+* Transformer Encoder

o = e = e e e Em e mm e Em e mm o mm e mm e mm e mm e M mm e M m M e e mm m M e mm e M m e e M m e e e e e e e e e e e e e e e e e e

| valuef : I
Bl | Multi-head Add& | |' | Linear 1 Linear | i
[T 17 : quer: Eelf-Attention Norm | | (3,4) @,3) .
(N, 2, 3) ! - N U —

i :X: Feed Forward |

encoder_layer - nn. (d_model-3, nhead-1,
batch_first ,
dim_feedforward-4,
dropout-0.0, bias

src - torch. ([[[e.48, ©.44, 0.71],
[6.65, ©0.80, 0.79]]])
context - encoder_layer(src) 20




encoder_layer = nn.TransformerEncoderLayer(...)

decoder_layer - nn.TransformerDecoderlLayer(d_model-3, nhead 1,

src = torch.Tensor([[[©.48,
[0.65,

target = torch.Tensor( [[[©
[©

[©

valug Masked

Add &

key Multi-head

quer@KSeIf-Attention it

batch_first ,
dim_feedforward-4,
dropout-6.6, bias

711,

.79111)

.9509, 0.2771],
.0177, 0.2628],
.5253, 0.6413111)

Masked
Multi-head
Self-Attention

query

Add &
Norm

context - encoder _layer(src)

Linear Linear
34| Y @ 3

Feed Forward

mask - torch.triu(torch.ones(3, 3), diagonal-1).bool()
out - decoder_layer(target, context, tgt mask mask)




(N, 2,3)

\A'4

o e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e

vMue/»

quer

Multi-head

ke .
§elf-Attent|on

________________________________________________________________________________

P e e e e e e e

Linear Linear
3.4 | Y @3

~

~~
=z
N

w
~

-,
\*~____________\l;__________—’

____________________________________________________________________________________________________________________

Masked

- e e ] e —

\A4

key Multi-head

query

\Self-Attentlon

quer

Masked
Multi-head
Self-Attention

____________________________

Linear Linear
34| Y @3







Al VIETNAM

All-in-One Course TeXt G ene rat i on

«» Architecture

Learning Al is

Dataset

(X, y)

[ Output E‘r'nbedding ]

>—

Text Encoding N x

[ Feed Forward ]

A

)

Masked
Multi-head
Self-Attentio

A A A

Interesting

_____________________

19



Model

2,1, 1,1, 1, 1] (Transformer)

sequence length = 6

(nn.Module):
(self, vocab_size, embed dim, num_heads, sequence_ length):
super(). init ()
self.embedding - nn.Embedding(vocab_size, embed _dim)
self.mask - torch.triu(torch.ones(sequence_length, sequence_length),
diagonal-1).bool()
self.transformer nn.TransformerEncoderlLayer(d_model-embed dim,
nhead num_heads,
batch_first ,
dim_feedforward-4)
self.linear nn.Linear(sequence_length embed _dim, vocab_size)

nho&

nén

0
1
2
3
4
5
6
14
8
9

(self, x):
self.embedding(x)
self.transformer(x, src_mask self.mask)
nn.Flatten()(x)
in 12 self.linear(x)
X

qua
thi

tréng

=
=

vocab size =13

TG_Model(vocab size, 8, 2, sequence_length)



Input tokens Target token

<s0s> Co chi thi nén

[2,5, 3, 10] [8]

[2 5 3 10]

Embedding layer

1

X1 =[-0.7521 1.6487 —0.3925 —1.4036]
X, =[-0.7581 1.0783 0.8008 1.6806]

X3 =[-0.7279 —-0.5594 —0.7688 0.7624]
X, =[-0.8371 —-0.9224 1.8113 0.1606]

Transformer

—>[ Add & Norm

Masked Multi-

Head Attention

ch_Z
—0.3125 —0.2126 —0.0558 0.3420 0.0511 —0.0916 0.1463 —0.1347
: —0.2288 02581 —0.1608 —0.0709 —0.3517 0.2366 02679  0.1289
! —0.2465 —03489 —02871 02636 01697 02975 0.1852  0.0895
! ~0.0035 —0.2689 —0.3029 —03307 0.1447 —0.1736 —0.0712 —0.2035
i o ~
: Feed Forward Wi 1
1 1
1 1 . _
. : . 02792 —0.1278 —0.2853 —0.1712
] | Linear (fc2) | ! _03735 0.1783 03870 —0.4707
: : 0.1161 02583 00907 —0.1781
. ReLU . 02610 02628 01870 —0.0879
! _ReLU | ! —0.1324 0.0535 —0.0883 —0.1490
: : ! 03196 04297 —0.0495 —0.1119
. | Linear (fc1) | ! 0.0073 —0.0299 0.1202  0.1401
: ol 04541 —0.1845 04211  0.1948 |
1 T T e e - —— -~
1 , N
Decoder | ,~" Masked Multi-Head Attention
: ’ \\I Wo_proj
! .
: Linear | 00782 —04400 02154 —0.2993
! . 0.0014 —0.1861 —0.0346 —0.3388
. | ~0.3432 —02917 —0.1711 —0.3946
: Scaled Dot-Product | 04192 —0.0992 04302  0.1558
: Attention :
! I
' : W proj
1
! | 02982 —0.2982 0.4497  0.1666
- | 04811 —0.4126 —0.4959 —0.3912
. ! ~03363 02025 01790 0.4155
: \V/ K Q | ~0.2582 —0.3409 0.2653 —0.2021
I N e e e e e e e e e e e e e e e e e e e e e e e e e e 1
]
1
: Wv_proj Wk_proj
—0.2863 01249 —0.0660 —0.3629 03035 —0.1187 02860 —0.3885
0.0117 —0.3415 —0.4242 —0.2753 ~02523 0.1524  0.1057 —0.1275
—0.4376 -03184 0.4998  0.0944 02980 03399 —0.3626 —0.2669
0.1541 —0.4663 —0.3284 —0.1664 0.4578 —0.1687 —0.1773 —0.4838



» Text Generation Using Transformer

» An improved Approach to Text Generation
» Machine Translation Using RNN
» Machine Translation Using Transformer




An Improved approach

*Linear can be added (where?)

optimizer

34



An Improved approach

h
h, > RNN Cell
W A
) hh Wih
hh

bin

[T 1]

seq len=2 -

2

v

h
RNN Cell
A Wih
bin

EEE
-
hoc

hidden_dim = vocab_size = 4

Embedded Input

*Linear can be added

Win

bhh

Output

Hidden

[0.25, 0.05, 0.17]
[-0.11, 0.35, 0.22]
[0.44, -0.22, -0.42]
[0.38, 0.36, -0.01]

[-0.47, 0.13, 0.46, -0.15]

[0.38, -0.06, 0.37, -0.19]
[-0.16, 0.42, 0.08, -0.02]
[-0.36, -0.01, 0.17, 0.39]
[-0.43, 0.09, 0.33, 0.03]

[0.43, 0.16, 0.34,-0.39]




Add more special tokens

seq len=3

36



seq_len=4 <s0s>

37



» Text Generation Using Transformer

» An improved Approach to Text Generation
» Machine Translation Using RNN
» Machine Translation Using Transformer




IWSLT'15 English-Vietnamese data

\V1

133K 1K3 1K3
sentences sentences sentences

Over 15,000 scientists go to San Francisco every year for that .

Neural Machine
Translation

M&di ndm , hon 15,000 nha khoa hoc dén San Francisco dé tham dy hdi nghi nay .

Ref: https://nlp.stanford.edu/projects/nmt/
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Feed Forward

III
i value/ tti-head A : 4
: Multi-hea | Linear Linear
' >ke _ >
i quen Zelf-Attention (3, 4) A (4, 3)
| Y, L\l
good morning <eos> i Feed Forward
ai books <eos> :\\
/l key value
|
E p 2
I ¢ |value Masked Masked . _
: . query .
I - —>key Multi-head Multi-head Izéne:;r ReLU L:lnesar
[T 17, queﬂ\SeIf-Attention Self-Attention ’ (4,3)
N33 T = | T T NI
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T5: Text-to-Text Transfer Transformer

[ “translate English to German: That is good."

Original transformer

[ “cola sentence: The "Das ist gut."]

course is jumping well."

"not acceptable” ]

"stsb sentencel: The rhino grazed
on the grass. sentence2: A rhino
is grazing in a field."

“summarize: state authorities
dispatched emergency crews tuesday to

"six people hospitalized after
a storm in attala county."”

J

survey the damage after an onslaught
of severe weather in mississippi..”

Encoder-Decoder model pre-trained on a multi-task mixture of unsupervised

and supervised tasks

e e

seq2seq
Input-output mapping
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Ref: https://arxiv.org/pdf/1910.10683.pdf
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