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RNN (Recurrent Neural Network)
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RNN (Recurrent Neural Network)
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LSTM. GRU
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Seq2Seq
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seg2seq with Attention
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Transformer
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The lllustrated Transformer

Discussions:
Translations:

Watch: MIT's ecture referencing this post

Featured in courses at and others

OREILLY
Hands-On

Large Language
Models
Language Undersinding Update: This post has now become a bookl Check out LLIM-book com which contains (Chapter 3) an
updated and expanded version of this post speaking about the latest Transformer models and how they've
evolved in the seven years since the original Transformer (like Multi-Query Attention and RoPE Positional
embeddings).

Jery Blememesr &
Masarten Grantendesst

In the previous post, we looked at Attention — a ubiquitous method in modern deep learning models. Attention is a
concept that helped improve the performance of neural machine translation applications. In this post, we will look at
The Transformer — a model that uses attention to boost the speed with which these models can be trained. The
Transformer outperforms the Google Neural Machine Translation model in specific tasks. The biggest benefit,
however, comes from how The Transformer lends itself to parallelization. It is in fact Google Cloud's recommendation

https://www.dropbox.com/scl/fi/p9vpn7rnrijwnci2wnad4m/Transformer-to-LLaMA .pdf?rlkey=7utoz00ectj7Ipet7Islvisrg&e=3&dI=0

https://github.com/pilsung-kang/Text-Analytics/tree/master/08%20Seq2Seq%20Learning%20and%20Pre-trained%20Models
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Transformer

« Transformer= Encoder-Decoder +Z & 34
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Transformer
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Transformer

« Decoder=
(1) Masked Mult-Head Attention, (2) Mult-Head Attention, (3) Feed Forward Networkz
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Transformer
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Embedding

« T (token) HEHS| LIO|HE +X|=
= 2

- =20|A Base RE 2 512Xt&l9

Add & Norm
Feed
Forward
J

e l A (Add & Norm Je~
Add & Norm Multi-Hoad

Feed Attention
Forward 7 Nx
N Add & Norm
Add & Norm Nasked
Multi-Head Multi-Head
Attention Attention
t ==
| ) \_ _J)
Positional ®—<9 Positional
Encoding Encoding
Input Output
["noedd ing Embedding
Inputs Outputs

(shifted right)

HIE S A E S

Output : | am a student

)
g | R
Encoder Decoder
4 4
Encoder Decoder
4 4
Encoder Decoder
4 L
Encoder Decoder
4 t
Encoder Decoder
4 t
Encoder Decoder
\_ 1 J

|
Inputs : L= 344 O|C}

—

I
rr

ot
or
>
—

i

O|Cf




Transformer= CH{E
=

U AZANM TH
57| 2I8l A=l HIE{Z Positional Encoding O|2+1 8},

Of2{et Hets +H




Positional Encoding

i
i
0P
Ot
R
o
G
10
i
1>
=
i
0
(@]
@,
=,
(@)
)
L
m
)
O
o
Q
)
(@)
N
o
A
of
i}l

- sin &2} cos e

« 7 > -1~ 1 A0 /IO HEH L
PLE P‘E
Len'gth Lel:gth

=100 -1
Linear PE Sinusoidal PE

PEI{prH.,Ei] Sin (pﬂﬂf’(ll}””[}:gi;d'mq
PE (s 2i41) = €05(pos /100007 dme)

https://www.youtube.com/watch?v=-z20BUZfL20



https://www.youtube.com/watch?v=-z2oBUZfL2o

Positional Encoding
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Positional Fnecodina

class PositionalEncoding(nn.Module):

Position of v

def _init_ (self, d_hid, n_position=200):|

def

def

super({PositionalEncoding, self).__init_ ()

# Not a parameter

self.register_buffer('pos_table', self._get_sinusoid_encoding_table(n_position, d_hdid)})

_get_sinusoid_encoding_table(self, n_position, d_hid):
'"' Sinusoid position encoding table 't
# TODO: make it with torch instead of numpy

def get_position_angle_vec{position):

return [position / np.power(l@@d@, 2 * (hid_j // 2) / d_hid) for hid_3J in range(d_hid)]
sinusoid_table = np.array([get_position_angle vec{pas_i) for pos_i in range(n_position)}])
sinusoid_table[:, @::2] = np.sin(sinusoid_table[:, @::2])} # dim 2i
sinusoid_table[:, 1::2] = np.cos(sinusoid_table[:, 1::2])} # dim 2i+1

o |
return torch.FloatTensor{sinusoid_table}.unsqueeze(@) I:]

forward(self, x):

return x + self.pos_table[:, :x.size(l)].clone().detach(}

“embedding vector
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Encoder: Self-Attention

- Step 1: Y= HE 0| ol 37HX] HIEH S 4
- Query: CIE EO{SS 104ol0] 00X} o= L A THofof| CHet 2yH|E HE
- Key: Query?t SOIZS W CFE OS2 0fE S ob7| I3 AFE &= 20|22 AFEE= |iHIE HH

- Value: Key2t HEE &KX EHO{S LIEfLi= RHIE HE

—_
0%
o
il
rir

I-

c
rir
1o

=

O|Cf




Encoder: Self-Attention
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Encoder: Self-Attention
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Encoder: Self-Attention
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Encoder: Self-Attention

1 | ety
Add & Norm qz (TTT T vl UZ US
qs
softmax ( )
posi v dy

Attention(Q, K, V) = softmax(




Encoder: Multi-Head Attention
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Encoder: Multi-Head Attention
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Encoder: Add & Normalize
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Encoder: Feed Forward Network
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Encoder: Feed Forward Network

LTI S12 dim. (ITTTTTT]
hWs + by hWs + by
8 1 | A I 2048 dim, HEEEEEEEEREEEBE
max(0, 2W; + by) max(0, Wy + by)
5 5 v I 512 dim. [TTTTTT]
Z, 4

In addition to attention sub-layers, each of the layers in our encoder and decoder contains a fully
connected feed-forward network, which is applied to each position separately and identically. This
consists of two linear transformations with a ReLU activation in between.

FFN(z) = max(0,zW; + by )Wy + by (2)

While the linear transformations are the same across different positions, they use different parameters
from layer to layer. Another way of describing this is as two convolutions with kernel size 1.
The dimensionality of input and output 18 d,;odel 512, and the inner-layer has dimensionality
dyy = 2048.



class Encoder({nn.sodule):

"'Yoa encoder model with self attention mechanism.

def

def

_init_(

self, n_src_wvocab, d_word vec, n_layers, n_head, d_k, d_v,

d_mecdel, d_inner, pad_idx, dropout=28.1, n_positicn=288, scale_emb=False):

super(y._ init_ (

self.src_word_emb
self.position_enc
self.dropout = nn

2

= nn.Embedding{n_src_vocab, d_word_vec, padding_idx-pad_idx)
= PositicnalEncoding(d_word_vec, n_position=n_position}
Dropout{p=dropout)

self.layer_stack = nn.ModuleList([

EncederLayer{d_model, d_immer, n_head, d_k, d_v, dropout=dropout}

for _ in rangei{n_layers)])

self.layer_norm =

nn.Layerdorm{d_model, eps=le-&)

self.scale_emb = scale_emb
self.d_model = d_model

forward(self, src_seq, src_mask, return_attns=False):

enc_s1f attn_list

# -- Forward
enc_owutput = self

=[]

Lsrc_word_emb{src_seq)

if self.scale_emb:

enc_ocutput *=
enc_output = self
enc_output = self

self.d_model ** @.5
Jdropout{self.position_enc{enc_output)})
.layer_normfenc_owtput)

for enc_layer in self.layer_stack:

enc_output, enc_s1f_attn = enc_layver{enc_output, slf_attn_mask=src_mask)
enc_slf_attn_list += [enc_slf_attn] if return_attns slse []

if return_attns:

return enc_output, enc_slf_attn_list

return enc_output

x

def

def

class EncoderLayer{nn.Module):

Compose with two layers

_imit_ (self, d_model, d_inner, m_head, d_k, d_v, dropout=2.1):

super (EncoderLayer, self)}._ init_ ()

self.s1f_atitn = Multideadattention(n_head, d_model, d_k, d_v, dropout=dropout)
self.pos_ffn = PositionwiseFeedrorward(d_model, d_inner, dropout=dropout)

forward(self, enc_input, slf_attn_mask=Hone):
enc_owutput, enc_slf_attn = self.slf_attn{
enc_input, enc_input, enc_input, mask=slf_attn_mask)
enc_output = self.pos ffn{enc_output)
return enc_ocutput, enc_slf attn
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Decoder: Multi-Head Attention
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class Decoder{nn.sodule):

def

def

& decoder model with self attemtion mechanism. '"!
_imit
self, n_trg_vocab, d_word_vec, n_layers, n_head, d_k, d_v,

d_model, d_inner, pad_idx, n_positicn=20@, dropout=2.1, scale_emb=False):

super(y.__init_ ()

self.trg_word_emb = nn.Embedding{n_trg_wvocab, d_word_vec, padding_idx=pad_idx)
self.position_enc = PositicnalEncoding(d_word_wvec, n_position=n_position}
self.dropout = nn.Dropout(p=dropout)
self.layer_stack = nn.ModuleList([
DecoderLayer{d_model, d_inner, n_head, d_k, d_v, dropout=dropout}
for _ in rangei{n_layers)])
self.layer_norm = nn.Layerdorm{d_model, eps=le-&)
self.scale_emb = scale_emb
self.d model = d_model

forward(self, trg_seq, trg_mask, enc_cutput, src_mask, return_attns=False)}:

dec_s1f attn_list, dec_enc_atin_list = [], []

# -- Forward
dec_output = self.trg_word_emb{trg_seq}
if self.scale_emb:
dec_output *= self.d_model ** 8.5
dec_output = self.dropout{self.positicn_enc{dec_owutput)})
dec_output = self.layer_nocrm{dec_output}

for dec_layer in self.layer_stack:
dec_output, dec_s1f_attn, dec_enc_atin = dec_laver(

dec_output, enc_cutput, s1f_attn_mask=trg_mask, dec_enc_attn_mask=src_mask}

dec_slf attn_list += [dec_slf_attn] if return_attns else []
dec_enc_attn_list += [dec_enc_atitn] if return_attns else []

if return_attns:
return dec_output, dec_slf_attn_list, dec_enc_attn_list
return dec_output,

class DecoderLayer{nn.Module):

def

def

Compose with three layers

_imit_ (self, d_model, d_inner, n_head, d_k, d_v, dropout=2.1):
super(DeccderLayer, self).  init_ ()

self.slf_attn = MultiHeadattention(n_head, d_model, d_k, d_v, dropout=dropout)
self.enc_attn = MultiHeadattention(n_head, d_model, d_k, d_v, dropout=dropout)

self.pos_ffn = PositionwiseFeedrorward(d_model, d_inner, dropout=dropout)

forward(

self, dec_input, enc_output,

s1f attn_mask=None, dec_enc_attm_mask=Nonez):
dec_output, dec_slf attn = self.s1lf_attn{

dec_input, dec_input, dec_imput, mask=slf_attn_mask}
dec_output, dec_enc_attn = self.enc_attn{

dec_output, enc_output, enc_output, mask=dec_enc_atitn_mask)
dec_output = self.pos ffn{dec_owutput}
return dec_output, dec_slf _attn, dec_enc_attn



Why Self-Attention

Table 1: Maximum path lengths, per-layer complexity and minimum number of sequential operations
for different layer types. n is the sequence length, d is the representation dimension, & is the kernel
size of convolutions and r the size of the neighborhood in restricted self-attention.

Layer Type Complexity per Layer Sequential Maximum Path Length
Operations

Self-Attention (')u.n:' . u") 0(1) (1)

Recurrent O(n - d?) O(n) O(n)

Convolutional Ok -n-d?) 0O(1) O(logy(n))

Self-Attention (restricted) O(r-n-d) 0(1) O(n/r)
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(1) Machine Translation

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.

Model BLEU Training Cost (FLOPs)
=
EN-DE EN-FR EN-DE EN-FR
ByteNet [18] 23.75
Deep-Att + PosUnk [39] 39.2 1.0 - 1020
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'"  1.2.1p20
Deep-Att + PosUnk Ensemble [39] 40.4 8.0-10%0
GNMT + RL Ensemble [38] 26.30  41.16 1.8-10°  1.1-10%
ConvS2S Ensemble [9] 2636 41.29 7.7-10"% 1.2.1p%
Transformer (base model) 273 38.1 3.3-10%
Transformer (big) 28.4 41.8 2.3-1019
Transformer (Base) 22 % 7|& ZE 2E 5 AM=2 S71,
Transformer (Big) 20| O|M %[0 ds (4= L) CiH| 2.0 BLEU 0|



(1) Machine Translation

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.

Model BLEU Training Cost (FLOPs)
© EN-DE EN-FR EN-DE EN-FR

ByteNet [18] 23.75

Deep-Att + PosUnk [39] 39.2 1.0 - 1020
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'"  1.2.1p20
Deep-Att + PosUnk Ensemble [39] 40.4 8.0-10%0
GNMT + RL Ensemble [38] 26.30 41.16 1.8-10"  1.1-10%
ConvS2S Ensemble [9] 2636 41.29 7.7-10"% 1.2.1p%
Transformer (base model) 273 38.1 3.3-10%
Transformer (big) 28.4 41.8 2.3-1019

Transformer (Base) 22T 7|Z 2 E HH S AMEE STt

2
Transformer (Big) 220| 0|™ %/ 10 M5 ZE(AAE reh) CHH| 2.0 BLEU 0|4 2FA



(2) Model Variations

o A EH: Transformer?| 2t +M A7 M0 O|X|= gofF EM

Table 3: Variations on the Transformer architecture. Unlisted values are identical to those of the base
model. All metrics are on the English-to-German translation development set, newstest2013. Listed
perplexities are per-wordpiece, according to our byte-pair encoding, and should not be compared to
per-word perplexities.

N dposa dg b dp  dy  Piep € ::;:; {ﬂzﬁ} %S}J Sy
base | 6 512 2048 8 64 64 0.1 0.1 100K | 492 258 65
I 512 512 520 249
4 128 128 500 255
(A) 16 32 32 491 258
216 16 501 254
®) 16 516 25.1 58
32 501 254 60
2 611 237 36
4 519 253 50
8 488 255 80
(€) 256 2 32 575 245 28
1024 128 128 466 260 168
1024 512 254 53
4096 475 262 90
0.0 571 246
0.2 495 255
(D) 0.0 461 253
0.2 547 257
(E) \ positional embedding instead of sinusoids 4.92 259
big | 6 1024 409 16 0.3 300K | 433 264 213

(A) Head’ 3| B2 B2 g5 = 7|the = ALt

o o
KILFX|A| 250HX|H 25|21 450 of=

(B) Key2| 27| £0|H 22| 50| st2tet = UAS

(C)&(D) 2HO| AtO| X7} 242 M50| SHatE|= 20| o,
A

Drop-out2t Label Smoothing0| 45 7H40]| Z2H&

(E) AtlmH(Sinusoidal) > 8H&El (Learned): A5 X
= ARIIKSinusoidal) 2HAl JCHE AFRSHE SE8ICH= o[



+ English Constituency parsing

. M¥ 2H: Transformer7} 7|2/ 0|20 CHE ZHRA0IM LLISHE 4 QUK EHQI5}| I3

« B0 1= 240|EF?
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The cat sat on the mat.
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+ English Constituency parsing

- H|o[E{Al
WSJ semi-supervised
WSJO| L2 7|AF & 40K (= 42t 7Y
HOIES] B8 4+ | wsJoll LIS JIAF 2 40K (= 421 H) (=427
+ BerkleyParser ZIHA 17M (170024
Vocabu|ary size 16K EZ (= 16,000 Eé) 32K EZ (= 32,000 EE)

g X gl sto|mntziole A
« 4F(4- layer) Transformer A2, d model = 1024
- Dropout, Attention, Residual, Learning Rate, Beam Size S X|A$19| M0t 431
- OIRE9 282 Ho-5¢0] HY nda 3
- TE A Z[C =4 Z0| = &8 ZO0| + 300

« Beam Size = 21,0 =0.3



+ English Constituency parsing

Table 4: The Transformer generalizes well to English constituency parsing (Results are on Section 23

of WSI)

Parser Training WhI23F1

Vinyals & Kaiser el al. (2014) [37] | WSJ only, discriminative %53

Petrov et al. (2006) [29] WS5J only, discriminative 0.4

Zhu et al. (2013) [40] W5J only, discriminative 00.4

Drver et al. (2016) [8) | WSIJ only, discriminative | 01.7

I'ransformer (4 lavers) | WS5I onlv. discriminative | 913

Zhu et al. (2013) [40] semi-supervised Q1.3

Huang & Harper (2009) [14] semi-supervised 91.3

McClosky et al. (2006) [26] semi-supervised 021

Vinyals & Kaiser el al. (2014) [37] semi-supervised 92.1

Transformer (4 layers) semi-supervised 92.7

Luong et al. (ZU13) [£3] | mult-task ] E AN

Dwyer et al. (2016) [&] generative 933
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