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B H3JE: http://ai.stanford.edu/blog/linkbert/
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EESRIE: https://arxiv.org/pdfi2011.04946 Pretraining Dataset Size
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GPT-1 2018 700024
GPT-2 2019 40GB3 A

GPT-3 2020 MASTBEHIEBIEIERI570GBX A
Llama3 2024 15TBMA
Qwen 2.5 2024 KHI60TBEL

"RENEHE"
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EERZ

[

-

In terms of Qwen2.5, the language models, all models are pretrained on our latest
large-scale dataset, encompassing up to 18 trillion tokens.

S https://qwenim.github.io/blog/qwen2.5/
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Sequence to Sequence Learning
with Neural Networks

Ilya Sutskever Oriol Vinyals Quoc V. Le
Google Google Google
ilyasu@google.com vinyals@google.com gvl@google.com
Abstract

Deep Neural Networks (DNNs) are powerful models that have achieved excel-
lent performance on difficult learning tasks. Although DNNs work well whenever
large labeled training sets are available, they cannot be used to map sequences to
sequences. In this paper, we present a general end-to-end approach to sequence
learning that makes minimal assumptions on the sequence structure. Our method
uses a multilayered Long Short-Term Memory (LSTM) to map the input sequence
to a vector of a fixed dimensionality, and then another deep LSTM to decode the
target sequence from the vector. Our main result is that on an English to French
translation task from the WMT’ 14 dataset, the translations produced by the LSTM

KR https://arxiv.org/pdf/1409.3215
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BHXR: https://d2l.ai/chapter_recurrent-modern/seq2seq.html
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Teacher Forcing

Teacher forcing is a procedure ..., in which
during training the model receives the ground
truth output y® as input at time 7 + 1.

Train time Test time

B H3R: Deep Learning, lan Goodfellow, Yoshua Bengio and Aaron Courville. 2016
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Published as a conference paper at ICLR 2015

NEURAL MACHINE TRANSLATION
BY JOINTLY LEARNING TO ALIGN AND TRANSLATE

Dzmitry Bahdanau
Jacobs University Bremen, Germany

KyungHyun Cho  Yoshua Bengio*
Université de Montréal

ABSTRACT

Neural machine translation is a recently proposed approach to machine transla-
tion. Unlike the traditional statistical machine translation, the neural machine

tranaclatinn aimo ot husildinas o cinala naneal natioaels that Ann lha cAtntler finad ¢4

KR https://arxiv.org/pdf/1409.0473
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Encoder Decoder
Encoder Decoder |
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FC T A
T ———> Attention <
n X Recurrent — State —> Recurrent X n
T T n X Recurrent > Recurrent <X n
Embedding Embedding 4 $
1 1 Embedding Embedding
Sources Targets 4 4
Sources Targets
Seq-2-Seq The Bahdanau Attention Mechanism

B H3JR: https://d2l.ai/chapter_attention-mechanisms-and-transformers/bahdanau-attention.html
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Transformer

Attention Is All You Need

Ashish Vaswani”*
Google Brain
avaswani@google.com

Llion Jones™
Google Research
1lion@google.com

Noam Shazeer* Niki Parmar™* Jakob Uszkoreit*
Google Brain Google Research Google Research
noam@google.com nikip@google.com usz@google.com

Fukasz Kaiser™
Google Brain
lukaszkaiser@google.com

Aidan N. Gomez* |
University of Toronto
aidan@cs.toronto.edu

Illia Polosukhin* *
illia.polosukhin@gmail.com

F3RIE: https://arxiv.org/pdf/1706.03762
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 The chicken didn’t cross the road
because it was too tired.

 The chicken didn’t cross the road
because it was too wide.

B H3J&R: https://web.stanford.edu/~jurafsky/slp3/9.pdf
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Transformen@II5 | N=/"MXE5EFE, Bx,"rmQ. KRV :
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Vi

WQ = RdXdk,WK = Rdxdkle = ]Rdxdv_

score(X;,X;)

FERBIEX P, d=512,d, =d, = 64
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2. 23k (Multi-Head)
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B F3E: https://web.stanford.edu/~jurafsky/slp3/9.pdf
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Hello, I am learning BAIEE4¥E. unhappiness

AN A DA S EEE
KE Nt (Token) 41,
BH—LEERERFIRY,

Clear Show example

Tokens Characters

12 40

Hello, I am learning B?AIESA¥. unhappiness

https://platform.openai.com/tokenizer
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FRATFEIR . https://levelup.gitconnected.com/understanding-transformers-from-start-to-end-a-step-by-step-math-example-16d4e64e6eb 1
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class PositionalEncoding(nn.Module):

‘ .
1‘hﬁ_§ "Implement the PE function."

def __init__ (self, d_model, dropout, max_len=5000):
super(PositionalEncoding, self).__init__ ()
self.dropout = nn.Dropout(p=dropout)

# Compute the positional encodings once in log space.
pe = torch.zeros(max_len, d_model)
position = torch.arange(@, max_len).unsqueeze(1)
div_term = torch.exp(
torch.arange(@, d_model, 2) x —(math.log(10000.0) / d_model)

)

pel:, 0::2] torch.sin(position * div_term)
pel:, 1::2] torch.cos(position x div_term)
pe = pe.unsqueeze(0)
self.register_buffer("pe", pe)

def forward(self, x):
X = X + self.pel:, : x.size(1)].requires_grad_(False)
return self.dropout(x)
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P 5.4.1 BRMBHLE

BlF: RITERAHUBERA

When you play game of thrones
5 17 7 12 15 19
Position Embedding Matrix
pl p2 p3 pd pS p6
0 0.8415 0.9093 0.1411 | -0.7568 | -0.9589
1 0.0464 0.9957 0.1388 | 0.1846 | 0.9732
0 0.0022 0.0043 0.0065 | 0.0086 | 0.0108
1 0.0001 1 0.0003 | 0.0004 1
0 0 0 0 0 0
1 0 1 0 0 1
+
Word Embedding Matrix
el e2 ed ed e5 eb
0.79 0.38 0.01 0.12 0.88 0.6
0.6 0.12 0.51 0.6 0.41 0.33
0.96 0.06 0.27 0.65 0.79 0.75
0.64 0.79 0.31 0.22 0.62 0.48
0.97 0.9 0.56 0.07 0.5 0.94
0.2 0.74 0.59 0.37 0.7 0.21

Positional @_ég (
Encoding
Input
Embedding
Inputs
epl ep2 epd epd epd epb
0.79 1.22 0.92 0.26 0.12 -0.36
1.6 0.17 151 0.74 0.59 1.3
0.96 0.06 0.27 0.66 0.8 0.76
1.64 0.79 1.31 0.22 0.62 1.48
0.97 0.9 0.56 0.07 0.5 0.94
1.2 0.74 350 0.37 0.7 1.21




p 5.4.1 ERIMBEBEN

2. w3 > Add & Norm
i it |
f |
Wt AR RERE C - 4:’35
£l Feed
" Encoder > “: Forward
A
i & Enc:der > : A
| < Encoder > : I
} t | > Add & Norm
: < Enc:der > :
|
I Encoder
: ‘ ! ‘ | Multi-Head
{  Encoder > .
Lﬁ____t_____l Attention
B §
4:;513 MINBFRREERE X
£ HHHE-




P 5.4.1 BRMBHLE
2. 4mf3

class Encoder(nn.Module):
"Core encoder is a stack of N layers"

def __init__ (self, layer, N):
super(Encoder, self).__init_ ()
self.layers = clones(layer, N)
self.norm = LayerNorm(layer.size)

def forward(self, x, mask):
"Pass the input (and mask) through each layer in turn."
for layer in self. layers:
x = layer(x, mask)
return self.norm(x)
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C
C .
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C
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MatMul
i
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—
A
Mask(opt.)
i
Scale -
)
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5.4.2 {HBIT
Gl=: Q, KFIVitERSE

Word Embedding + Positional Embedding Linear weights for query

Q — X . [/[/Q When 0.79 1.6 0.96 1.64 0.97 12 0.52 0.45 0.91 0.69
you 1.22 0.17 0.06 0.79 0.9 0.74 0.05 0.85 0.37 0.83

K — X . VVK play 0.92 1.51 0.27 1.31 0.56 1.59 X 0.49 0.1 0.56 0.61
game 0.26 0.74 0.66 0.22 0.07 0.37 0.71 0.64 0.4 0.14

V . X . W of 0.12 0.59 0.8 0.62 0.5 0.7 0.76 0.27 0.92 0.67
14 thrones | -0.36 1.3 0.76 1.48 0.94 1.21 0.85 0.56 0.57 0.07

6x6 6x4




5.4.2 BT
Gl=: Q, KFIVitERSE

Query
3.88 3.8 4.08 3.42
2.55 1.86 | 277 1.78
Q — X " W 3.39 3.6 3.49 2.72
Q 1.02 1.18 1.24 1.3
1.9 1.56 1.88 1.53
K — X . WK 3.04 2.9 2.73 2.22

6x4
V — X : WV key value

3.71 4.04 4.15 3.41 3.88 3.8 4.08 3.42

2.18 2.51 1.64 1.93 2.55 1.86 2.77 1.78

3.28 3.11 3.65 3.01 3.39 3.6 3.49 2.72

1.07 1.13 1.64 1.35 1.02 1.18 1.24 1.3

1.49 1.97 2.14 1.81 1.9 1.56 1.88 1.53

2.51 3.04 3.45 2.28 3.04 2.9 2.73 2.22
6x4 6x4
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BIF: RRRiEE7

Q € RnXdk
K € RnXdk

Attention(Q, K, V) = softmax

Query
Transpose ( Key)
3.88 3.8 4.08 3.42
2.55 1.86 T 1.78 371 2408 3.28 1.07 1.49 2.51
3.39 3.6 3.49 279 X 4.04 2.51 3.11 1.13 1.97 3.04
1.02 1.18 1.24 1.3 4.15 1.64 3.65 1.64 2.14 3.45
1.9 1.56 1.88 1.53 3.41 1.93 3.01 1.35 1.81 2.28
3.04 2.9 2.73 2929 4X6
6x4
MatMul
58.341 | 31.2882 | 49.7306 | 19.7538 | 28.1886 | 43.1644 1 1
SoftMax
34.5402 | 18.2058 | 29.6169 | 11.7761 | 16.6133 | 25.6698 )
— | 50.8796 | 27.3994 | 43.2409 | 17.0909 | 24.5349 | 37.695 MaSk‘(Opt-)
18.1304 | 9.728 | 15.4544 | 6.2134 | 8.851 | 13.3894 Scale
26.3707 | 14.0937 | 22.5509 | 8.9445 | 12.6967 | 19.4858 4
MatMul
41.8941 | 22.668 | 35.6369 | 14.004 | 20.103 | 30.9265 | —— ; 7

Q K

\Y
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BIF: q85%

Attention(Q, K, V) = softmax

58.341

31.2882

49.7306

19.7538

28.1886

43.1644

34.5402

18.2058

29.6169

11.7761

16.6133

25.6698

50.8796

27.3994

43.2409

17.0909

24.5349

37.695

18.1304

9.728

15.4544

6.2134

8.851

13.3894

26.3707

14.0937

22.5509

8.9445

12.6967

19.4858

41.8941

22.668

35.6369

14.004

20.103

30.9265

Vdy

where d (dimension) is 6

t

MatMul

%

SoftMax

)

23.81721

12.77409

20.30219

8.062904

11.50852

17.62

Mask (opt.)

14.1009

7.434201

12.09231

4.809165

6.781004

10.47973

20.77167

11.186

17.65266

6.976963

10.01433

15.39096

)

Scale

1

MatMul

7.401542

3.972256

6.307436

2.535222

3.612997

5.466445

10.76551

5.752218

9.205999

3.64974

5.184753

7.956759

17.10152

9.254989

14.54997

5.715476

8.205791

12.62712

t 1
Q K

A

Vv
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QKT = Rnxn

Attention(Q, K, V) =|softmax
Vdg
o : 4=
ll+: Softmaxit®E (WEB—17T)
4
: SoftMax
— 23.82 12,77 20.3 8.06 11.51 17.62 x;
141 | 743 | 12.09 | 481 | 678 | 10.48 g ( xi) __
2077 | 1119 | 1765 | 698 | 10.01 | 15.39 E;’: 1 e’
7.4 3.97 6.31 2.54 3.61 5.47
10.77 5.75 9.21 3.65 5.18 7.96
17.1 9.25 14.55 5.72 8.21 12.63
023.82
—> softmax(23.82) = 02382 | o1277 | 203 | 8.06 1 1151 | 17.62 A
\L MatMul
f A
0.9693 0 0.0287 0 0 0.002 ) SoftMax
0.86 0.0011 | 0.1152 | 0.0001 | 0.0006 | 0.023 Mask*(opt)
— 0.9534 0.0001 0.0421 0 0 0.0044 A
Scale
0.6476 | 0.021 0.2177 | 0.005 0.0146 | 0.094 T
0.7803 | 0.0052 | 0.164 | 0.0006 | 0.0029 | 0.047 MatMul
0.9174 0.0004 0.0716 0 0.0001 0.0105 g} }1< V

QK




- e - -
} 5.4.2 &S Attention(Q, K, V) =|softmax
[ ] ® -
Bl MNPEKF
[ ]
P
QKT
softmax
Jdk Value
0.9693 0 0.0287 0 0 0.002 3.88 3.8 4.08 3.42
0.86 | 0.0011 | 0.1152 | 0.0001 | 0.0006 | 0.023 2.55 1.86 277 1.78
0.9534 | 0.0001 | 0.0421 0 0 0.0044 3.39 3.6 3.49 2.72
0.6476 | 0.021 | 0.2177 | 0.005 | 0.0146 | 0.094 1.02 1.18 1.24 1.3
Q KTV c Rnde 0.7803 | 0.0052 | 0.164 | 0.0006 | 0.0029 | 0.047 1.9 1.56 1.88 1.53
0.9174 | 0.0004 | 0.0716 0 0.0001 | 0.0105 3.04 2.9 2.73 2.22
6x6 6x4

3.864257 | 3.79246 | 4.060367 | 3.39751

3.801295| 3.75252 [ 3.977937| 3.30861

— 3.855542 | 3.787426 | 4.04909 | 3.385086

3.622841 | 3.584936 | 3.750419 | 3.081834

3.745786 | 3.706744 | 3.904894 | 3.233519

3.835366 | 3.77523 | 4.022837 | 3.356435




QK'
vy,

D 5.4.2 fEEIMT  Attention(Q, K, V) ={softmax

(AR EEEY

def attention(query, key, value, mask=None, dropout=None):
"Compute 'Scaled Dot Product Attention'"
d_k = query.size(-1)
scores = torch.matmul(query, key.transpose(-2, -1)) / math.sqrt(d_k)
if mask is not None:
scores = scores.masked_fill(mask == 0, -1e9)
p_attn = scores.softmax(dim=-1)
if dropout is not None:
p_attn = dropout(p_attn)
return torch.matmul(p_attn, value), p_attn
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Scaled Dot-Product BE—ERNERREW O € Rhdvxd
Attention h ZSLAE R R}

' i Al

\' K Q



P 5.4.2 HEREP

flF: SLEST

Our Case

Single Head Attention

3.864257

3.79246

4.060367

3.39751

3.801295

3.75252

3.977937

3.30861

3.855542

3.787426

4.04909

3.385086

3.622841

3.584936

3.750419

3.081834

3.745786

3.706744

3.904894

3.233519

3.835366

3.77523

4.022837

3.356435

Multi Head Attention (N Heads)
Real world Case Concatenation

T I ey
3801296 | 3.75252 | 3.977507 | 3.30851
N | 3855542 | 3.787426 | 4.04909 | 3385025
7 [362281| 3584506 | 3750410 | 3 ce1634
3745785 3.706744 | 3.904894 | 3.233519 |
38I8366| 377523 | 4.022837 | 56435
3864257 3.79246 | 4.060367 | 339751
787426 | 4.04909 | 3385088 |
Sezaais |3 st [ oo scensa|
3745785 | 3706744 | 3904894 | 3 233519
3835366 | 3.77523 | 4.022837 | 3356435
L
sosizer] 3o | o] 071
4909 | 3335085 | £,
3 3750019 | 3e1831| &
45785 4804 | 3.239519|
samsses| 37757 [ oz s
[ Matviu | | Matvul |
| Softvax | | SoftMax |
[} [}
[ Mask (opt.) ] [ Mask (opt.) ] o000
1 1
[ Scale ] [ Scale ]
| matviul ] | matvul |
Q K VvV Q K V




5.4.2 E8{HTH

Gl+: SLiF=

QKTV = ]Rnxdv

WO € ]thvxd ’

=y i8]

ZLATHISL R R

{511+

BiR

~1

5S—MNERSIL

P

K Linear weigh
S°ftma"(Q\/1;_k ) o bl column: ?engfhgmtjst be
3.80 3.79 2.0 34 (embedding+positional) matrix columns length
3.8 3.75 3.98 3.31 0.8 0.34 0.45 0.54 0.07 0.53
3.86 3.79 4.05 3.39 X 0.85 0.74 0.78 0.5 0.75 0.55
3.62 3.58 3.75 3.08 0.53 0.81 0.55 0.59 0.49 0.14
3.75 3.71 3.9 3.23 0.7 0.6 0.12 0.42 0.29 0.87
3.84 3.78 4.02 3.36
4Xx6
6x4
10.84 9.45 71.33 7.8 6.09 7.66
10.65 9.28 .22 7.67 5.99 1.9
—] 10.83 9.43 133 7.79 6.08 7.65

10.08 8.77 6.85 F s 5.67 7.09

10.48 D12 11 7.54 5.89 7.38

10.77 9.38 7.29 7.75 6.05 7.6




) 5.4.2 wmRMT
B

XEBA996x128UN{aFEMkE?

The smallest GPT-3 model (126M) has 12 attention layers, each with 12x64
dimension heads. The largest GPT-3 model (175B) uses 96 attention layers,
each with 96x128 dimension heads.
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) 5.4.2

IRBHD

| = 80

LayerNorm (

X + MultiHead Attention (X))

Word Embedding + Positional Embedding
When 0.79 1.6 0.96 1.64 0.97 1.2
you 1.22 0.17 0.06 0.79 0.9 0.74
play 0.92 1.51 0.27 1.31 0.56 1.59
game 0.26 0.74 0.66 0.22 0.07 0.37
of 0.12 0.59 0.8 0.62 0.5 0.7
thrones | -0.36 1.3 0.76 1.48 0.94 1.21
6Xx6
—
——
Output of Multi Head attention
10.84 9.45 7.33 7.8 6.09 7.66
10.65 9.28 723 7.67 5.99 7.51
10.83 9.43 7.33 7.79 6.08 7.65
10.08 8.77 6.85 7.25 5.67 7.09
10.48 9.12 7.11 7.54 5.89 7.38
10.77 9.38 7.29 7.75 6.05 7.6
6x6

11.63

11.05

8.29

9.44

7.06

8.86

11.87

9.45

7.28

8.46

6.89

8.25

11,79

10.94

7.6

By |

6.64

9.24

10.34

9.51

1.91

7.47

5.74

7.46

10.6

9.71

791

8.16

6.39

8.08

10.41

10.68

8.05

9.23

.99

8.681




) 5.4.2 ERIMT
flF: EIR—1L

LayerNorm (X + MultiHead Attention (X))

> s S (X — p)?
mean = —/——— | e 1=
N standard dev N
Row Wise Implementation
Mean Standard Deviation
11.63(11.05(8.2919.44 | 7.06 | 8.86 > 9.26 1.57
11.87 | 9.45 (7.28 |1 8.46 [ 6.89| 8.25 > 8.56 1.64
11.75(10.94( 76 | 9.1 |6.64|9.24 > 9.04 1.76
10.34| 9.51 |7.51(7.47(5.74 | 7.46 > 7.86 1.51
106 | 9.71 |7.91(8.16|6.39| 8.08 ? 8.37 1.35
10.41 (10.68 (8.0519.23|6.99 | 8.81 > 8.93 1.28
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LayerNorm (X + MultiHead Attention(X))

filF: ER—

Mean Std
11.63(11.05(8.29|9.44(7.06 | 8.86 9.26 | 1.57
11.87| 9.45 | 7.28 (8.4616.89 | 8.25 856 | 1.64
11.75110.94| 7.6 | 9.1 |6.64|9.24 9.04 | 1.76
10.34| 9.51 [7.51(7.47(5.74|7.46 7.86 | 1.51
10.6 | 9.71 |7.91(8.16(6.39( 8.08 8.37 | 1.35
10.41|10.68 |8.05(9.23|6.99 | 8.81 8.93 | 1.28

value — mean 1168 —9:20

\.

std + error 1.57 + 0.0001
l
1.51 1.14 -0.62 | 0.11 -1.4 -0.25
2.02 0.54 -0.78 | -0.06 -1.02 -0.15
1.54 1.08 -0.82 | 0.03 -1.36 0.11
1.64 1.09 -0.23 | -0.26 -1.4 -0.26
1.65 0.99 -0.34 | -0.16 -1.47 -0.21
1.16 1.37 -0.69 | 0.23 -1.52 -0.09

_

Add & Norm

Multi-Head
Attention

At

_

~N
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KB

class LayerNorm(nn.Module):
"Construct a layernorm module (See citation for details)."

def __init_ (self, features, eps=le-6):
super(LayerNorm, self).__init_ ()
self.a_2 = nn.Parameter(torch.ones(features))
self.b_2 = nn.Parameter(torch.zeros(features))
self.eps = eps

def forward(self, x):
mean = x.mean(-1, keepdim=True)
std = x.std(-1, keepdim=True)
return self.a_2 % (x — mean) / (std + self.eps) + self.b_2
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4. BT ML

- Add & Norm

Feed

ReLU(z) = max(0, z)

Linear Layer = X - W + b

Forward
A

- Add & Norm

Multi-Head

Attention

our case (one linear layer)

RELU

Real world case
(multiple layers)

Linear layer

RELU

Linear layer

—>I+

RELU

I%

Linear layer




5.4.2 E8{HTH
BlF: BliRHRERILE

p
Matrix afrer add and norm step W
1.51 1.14 062 | 0.11 14 -0.25 0.5 0.05 0.97 0.22 0.56 0.02 ReLU(:C) - ma’X(07 x)
2.02 054 | -078 | -0.06]| -1.02 | -0.19 047 | 052 | 063 | 048 | 0.06 0.6
1.54 196 (e85 [0os| w3 | pax | X 05 | 067 | 047 Lo git L &
1.64 1.09 | -0.23 | -0.26 1.4 -0.26 g-:i 2‘22 8.3181 g-gg g-gi« g-ig I 0.91 1.25 1.09 0.56 0.57 1.15
1.65 099 | -0.34|-016| -1.47 -0.21 b o 555 T T 5.0 0.66 1.44 1.36 0.54 0.81 1.42
116 | 137 [-069] 023 | -152 [ -0.09 = 0.95 1.36 -0.57 0.81 0.68 1.04
6x6 0.95 1.15 1.23 0.57 0.51 0.97
0.98 1.29 -0.62 0.53 0.55 1.09
X W 1.04 1.2 0.86 0.68 0.49 0.97
’ 6x6
0.49 1.07 0.84 0.14 0.22 0.7 Blas
0.24 1.26 1.3 0.12 0.46 0.97
053 | 118 | -0s | 035 | 03 | 0% | 4 b1 b2 b3 b4 b5 b6 HEN maX(O, 091)
053 | 097 | 098 | 015 | 016 | 052 [ 042 018 | 025 [ o042 0.35 0.45
0.56 111 -0.87 0.11 0.2 0.64
0.62 1.02 0.61 0.26 0.14 0.52 l
6x6 - f
__Add&N
0.91]1.25[1.09] 0.56 | 0.57 | 1.15 ———
0‘91 1.25 1-09 0.56 0-57 1.15 0.66 1.M 1.36 0.54 0.81 1.42 > Forward
0.66 1.44 1.36 0.54 0.81 1.42 095]1.36| 0 |0.81)0.68]1.04 =
= 0.95 1.36 -0.57 0.81 0.68 1.04 095|1.15(1.23 | 057 | .51 | 0.97 ~{ Add &Norm 1
0.95 1.15 1.23 0.57 0.51 0.97 098(1.29| 0 0.53 | 0.55 | 1.09
0.98 1.29 -0.62 0.53 0.55 1.09 1.04| 1.2 |0.86| 0.68 | 0.49 | 0.97
1.04 1.2 0.86 0.68 0.49 0.97
6x6 -
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Matrix from Feed Forward Network

Matrix from Previous Add and Norm Step

0.91[1.25[1.09] 0.56 [ 0.57 | 1.15 TR AR R R TR
0.66(1.44|11.36| 0.54 | 0.81 | 1.42 2.02 0.54 -0.78 -0.06 -1.02 -0.19
0.95]1.36 0 081|068 1.04 + 1.54 1.08 -0.82 0.03 -1.36 0.11
0.95(1.15|1.23| 0.57 | 0.51 | 0.97 S T e e ey B
098(1.29| 0 | 0.53 | 0.55 | 1.09 1.16 1.37 -0.69 0.23 -1.52 -0.09
1.04] 1.2 |0.86( 0.68 | 0.49 | 0.97
Mean Std
1.0033 |[1.103534
242 | 239 [ 047 | 067 | -0.83 0.9 1.1233 |1.214349
2.68 198 | 058 | 048 | -021 | 123
— 2.49 2.44 -0.82 0.84 -0.68 1515 % 09033 1301837
w— | 259 | 224 1 031 | -089 | 071 0.9933 |1.289055
263 | 228 | -034 | 037 | -092 | 088
2.2 2.57 017 091 | -1.03 | o088 0.8167 |1.306016
0.95 1.320773
1.28 1.26 -0.48 -0.3 -1.66 -0.09
1.28 0.71 -0.45 -0.53 -1.1 0.09 Add&'N ~\
— 1.22 1.18 132 | -005 | -1.22 0.19 —FeedO"”
- 1.24 0.97 0.01 -0.53 -1.46 -0.22 Forward
1.39 112 -0.89 -0.34 -1.33 0.05
0.95 1.23 -0.59 -0.03 -1.5 -0.05 P e
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class SublayerConnection(nn.Module):
A residual connection followed by a layer norm.
Note for code simplicity the norm is first as opposed to last.

def __init__ (self, size, dropout):
super(SublayerConnection, self).__init__ ()
self.norm = LayerNorm(size)
self.dropout = nn.Dropout(dropout)

def forward(self, x, sublayer):
"Apply residual connection to any sublayer with the same size."
return x + self.dropout(sublayer(self.norm(x)))
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class EncoderLayer(nn.Module):
"Encoder is made up of self-attn and feed forward (defined below)"

def

def

__init__(self, size, self_attn, feed_forward, dropout):

super(EncoderLayer, self).__init__ ()

self.self_attn = self_attn

self.feed_forward = feed_forward

self.sublayer = clones(SublayerConnection(size, dropout), 2)
self.size = size

forward(self, x, mask):

"Follow Figure 1 (left) for connections."

x = self.sublayer[0](x, lambda x: self.self_attn(x, x, x, mask))
return self.sublayer[1](x, self.feed_forward)
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5. {9 : 1@ kix= DM H

MXIMNERTES, Bz XARREEE

i7J (Causal SeIf-Attention)
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} 5.4.2 I8 BYTH Attention(Q, K, V) = softmax (Q\/ch ) vV

5. {563 : Wiz LiEE/INE
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EBH3J&R: https://towardsdatascience.com/illustrated-guide-to-transformers-step-by-step-explanation-f74876522bc0
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B EKIR: https://towardsdatascience.com/illustrated-guide-to-transformers-step-by-step-explanation-f74876522bc0
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EBH3J&R: https://towardsdatascience.com/illustrated-guide-to-transformers-step-by-step-explanation-f74876522bc0
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Transformers Transformers
Encoder Decoder

Transformers Transformers
Encoder Decoder

EBH3J&R: https://towardsdatascience.com/illustrated-guide-to-transformers-step-by-step-explanation-f74876522bc0
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BERT (Bidirectional Encoder Representations from Transformers
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1. Generative Pre-Training

GPT-1 #28YH OpenAl 12018 AFHEXIELH, T 12 E8Y Transformer
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“The quick brown”

SEIXRIR: https://huggingface.co/docs/transformers/en/lim_tutorial
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3. GPT vs BERT
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3. GPT vs BERT

BERT
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GPT-3

GPT-2

GPT- Number of
T parameters
.................................................................. *

117 Million 1.5 Billion 175 Billion o




=E

5.4 Transformer 281
5.4.1 RIS H
5.4.2 {8

5.5 MllEiES1EE
5.5.1 BERT =8¢
5.5.2 GPT-1 &8¢

1==1‘E§=1§Fﬁ:3_‘:
5.6.1 Mill&&-EHRHFBETCR
5.6.2 XIRE-Igx=IiEEN



5.6.1 Tl - HRHEREATBI
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(b) EARBIRY “FTRUZ-RA” SER

BH3E: https://www.cs.tsinghua.edu.cn/info/1088/5295.htm
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XAEIVHMABET, KRE)|I5EEE
ZFR 7T FEESF R, Bt BEEX
HYSERKEET], BEDBIEMNZZAMESS, BT
BEARESR, LIS |ISRERITSMMES,
MARZENFMESRWIG—MREL,

Prompt engineering is the process of iterating a
generative Al prompt to improve its accuracy and
effectiveness.

Pre-train, Prompt, and Predict: A Systematic Survey of
Prompting Methods in Natural Language Processing

F3RIE: https://arxiv.org/pdf/2107.13586



QMEE HEE 'iﬁmﬂlhllllé’i RASEIRE
nnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnn
5 7 A A Key Laboratory of Sichuan Province
} 7id

® iJig5.1:
BRI ERIEE Transformer IREFFHWERSVEY, NAEIAEERIGERENFFIGNIERED? |

® 137185.2:;
15LEER Transformer 1REIPRIZSL BTGS2 L ImiEes- S TR VGBI BFIER, FHERE
Bfila{a o Bl IRE A EF{ESS 14 EE.



