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Transformer 

BERT 340M GPT-2 (1.5B) GPT-3 (175B)

GPT-4 (2T)

2017

Transformer



Source of image: https://huaban.com/pins/1714071707/

ELMO 
(94M)

BERT 
(340M)

GPT-2 
(1542M)

Generative Pre-Training (GPT)

Transformer Encoder 
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Why Transformer?  

RNNs: slow sequential processing

LSTMs/GRUs: limited long-range memory (LLM has the same 
problem!!)
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Sequence-to-sequence (Seq2seq)

Speech
Recognition

N
T

The output length is determined by model.

Machine
Translation

N’N

機 器 學 習 machine learning

Speech
Translation

機 器 學 習
machine learning

B A D

Language without text 5
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Seq2seq for Chatbot

seq2seqinput

Training
data:

response
“Hi”

“Hello! How are you today?”
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Most Natural Language Processing applications … 

QA can be done by seq2seq

Seq2seqquestion, context

Question 
Answering 
(QA)

(sentiment analysis)

7
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Seq2seq for Syntactic Parsing 

deep      learning is very powerful

VP

S

NP ADJV

Model
Input

Model
Output

Is it a sequence?
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Seq2seq for Syntactic Parsing 

deep      learning is very powerful

VP

S

NP ADJV

Seq2seq! 

(S (NP deep learning ) (VP is

(ADJV very powerful ) ) )
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Seq2seq for Syntactic Parsing

deep      learning is very powerful

https://arxiv.org
/abs/1412.7449

(S (NP deep learning ) (VP is

(ADJV very powerful ) ) )
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Seq2seq for Multi-Label Classification 

Seq2seq

Class 9 Class 7 Class 13

https://arxiv.org/abs/1909.03434
https://arxiv.org/abs/1707.05495

Class 1

Class 3

Class 1 Class 3

Class 9

Class 10

Class 17

An object can belong 
to multiple classes.
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Seq2seq 

Encoder Decoder

output sequence 

https://arxiv.org/abs/1706.03762

Sequence to Sequence Learning with 

Neural Networks

https://arxiv.org/abs/1409.3215
Transformer 

12

Input sequence 
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Encoder

Encoder Decoder

Input sequence 

output sequence 
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Encoder

Encoder

𝒉𝟒𝒉𝟑𝒉𝟐𝒉𝟏

𝒙𝟒𝒙𝟑𝒙𝟐𝒙𝟏

Transformer’s Encoder 

You can use RNN or CNN.
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𝒉𝟒𝒉𝟑𝒉𝟐𝒉𝟏

𝒙𝟒𝒙𝟑𝒙𝟐𝒙𝟏

Block

Block

Block

… … … …

FC FC FC FC

Self-attention
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Residual Connection

Self-attention

+

norm

norm

…

norm

𝑥1
𝑥2
⋮
𝑥𝐾

𝑥1
′

𝑥2
′

⋮
𝑥𝐾
′

mean 𝑚

https://arxiv.org/
abs/1607.06450

Layer Norm

𝑥𝑖
′ =

𝑥𝑖 −𝑚

𝜎

standard 
deviation 𝜎

+

𝒂𝒃

𝒂 + 𝒃

FC

16
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Encoder

𝒉𝟒𝒉𝟑𝒉𝟐𝒉𝟏

𝒙𝟒𝒙𝟑𝒙𝟐𝒙𝟏

I use the same network 
architecture as 

transformer encoder.

Residual
+ Layer 
norm 

17
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To learn more ……

• On Layer Normalization in the 
Transformer Architecture

• https://arxiv.org/abs/2002.047
45

• PowerNorm: Rethinking Batch 
Normalization in Transformers

• https://arxiv.org/abs/2003.078
45
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Decoder

Encoder Decoder

Input sequence 

output sequence 



20

Decoder – Autoregressive (AT) 

Encoder Decoder

Input sequence 

output sequence 
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Autoregressive 

DecoderEncoder

START

Learning 0.0

Machine 0.1

Bing 0.8

Dong 0.1

…… ……

Size V
(common 
characters)

softmax

distribution

( Machine Learning )

max

(Speech Recognition as example)

Bing

(special token)
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Autoregressive 

Dong

max

Machine

max

Learning

Encoder

START
(Bing Dong Machine Learning )

max

Bing

Bing Dong Machine

Decoder

max
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Autoregressive 

max maxmax max

START

Decoder

ignore the input from the encoder here ☺

Dong Machine LearningBing

Bing Dong Machine
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Encoder Decoder
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What’s inside Self-attention layer?



Self-attention

𝒂𝟒𝒂𝟑𝒂𝟐𝒂𝟏

𝒃𝟒𝒃𝟑𝒃𝟐𝒃𝟏

Can be either input or a hidden layer
26



Self-attention

𝒂𝟒𝒂𝟑𝒂𝟐𝒂𝟏

relevant?
𝛼

Find the relevant vectors in a sequence 

𝒃𝟏

27



𝑊𝑞 𝑊𝑘

Dot-product

𝛼

𝒒 𝒌

= 𝒒 ∙ 𝒌

Additive

𝑊𝑞 𝑊𝑘

𝛼

+

𝑡𝑎𝑛ℎ

𝑊

28

Self-attention



𝒒𝟏 𝒌𝟐

Self-attention

𝒂𝟒𝒂𝟑𝒂𝟐𝒂𝟏

𝒒𝟏 = 𝑊𝑞𝒂𝟏

𝒌𝟑 𝒌𝟒

𝒌𝟐 = 𝑊𝑘𝒂𝟐 𝒌𝟑 = 𝑊𝑘𝒂𝟑 𝒌𝟒 = 𝑊𝑘𝒂𝟒

𝛼1,2 𝛼1,3 𝛼1,4

𝛼1,2 = 𝒒𝟏 ∙ 𝒌𝟐

query key

attention score

𝛼1,3 = 𝒒𝟏 ∙ 𝒌𝟑 𝛼1,4 = 𝒒𝟏 ∙ 𝒌𝟒

29



𝒒𝟏 𝒌𝟐

Self-attention

𝒂𝟒𝒂𝟑𝒂𝟐𝒂𝟏

𝒒𝟏 = 𝑊𝑞𝒂𝟏

𝒌𝟑 𝒌𝟒

𝒌𝟐 = 𝑊𝑘𝒂𝟐 𝒌𝟑 = 𝑊𝑘𝒂𝟑 𝒌𝟒 = 𝑊𝑘𝒂𝟒

𝛼1,2 𝛼1,3 𝛼1,4

𝒌𝟏

𝒌𝟏 = 𝑊𝑘𝒂𝟏

𝛼1,1

Soft-max

𝛼1,1
′ 𝛼1,2

′ 𝛼1,3
′ 𝛼1,4

′

𝛼1,𝑖
′ = 𝑒𝑥𝑝 𝛼1,𝑖 /෍

𝑗
𝑒𝑥𝑝 𝛼1,𝑗

30



Self-attention

𝛼1,1
′ 𝛼1,2

′ 𝛼1,3
′ 𝛼1,4

′

𝒌𝟏𝒒𝟏 𝒗𝟏 𝒌𝟐 𝒗𝟐 𝒌𝟑 𝒗𝟑 𝒌𝟒 𝒗𝟒

𝒂𝟒𝒂𝟑𝒂𝟐𝒂𝟏

𝒃𝟏

𝒃𝟏 =෍

𝑖

𝛼1,𝑖
′ 𝒗𝒊

Extract information based 
on attention scores

𝒗𝟏 = 𝑊𝑣𝒂𝟏 𝒗𝟐 = 𝑊𝑣𝒂𝟐 𝒗𝟑 = 𝑊𝑣𝒂𝟑 𝒗𝟒 = 𝑊𝑣𝒂𝟒

31



Self-attention

𝒂𝟒𝒂𝟑𝒂𝟐𝒂𝟏

𝒃𝟒𝒃𝟑𝒃𝟐𝒃𝟏

Can be either input or a hidden layer
32
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𝒗𝟏𝒌𝟏𝒒𝟏 𝒗𝟐𝒌𝟐𝒒𝟐 𝒗𝟑𝒌𝟑 𝒗𝟒𝒌𝟒

𝛼2,1
′ 𝛼2,2

′ 𝛼2,3
′ 𝛼2,4

′

𝒃𝟐

𝒂𝟒𝒂𝟑𝒂𝟐𝒂𝟏

𝒒𝟒𝒒𝟑

Why masked? Consider how does decoder work

Self-attention Masked Self-attention 𝒃𝟐 =෍

𝑖

𝛼2,𝑖
′ 𝒗𝒊



Multi-head Self-attention

𝒌𝒊 𝒗𝒊

𝒂𝒊

𝒒𝒊

(2 heads as example)

𝒒𝒊,𝟐𝒒𝒊,𝟏 𝒌𝒊,𝟐𝒌𝒊,𝟏 𝒗𝒊,𝟐𝒗𝒊,𝟏

𝒌𝒋 𝒗𝒋

𝒂𝒋

𝒒𝒋

𝒒𝒋,𝟐𝒒𝒋,𝟏 𝒌𝒋,𝟐𝒌𝒋,𝟏 𝒗𝒋,𝟐𝒗𝒋,𝟏

𝒃𝒊,𝟏

𝒒𝒊 = 𝑊𝑞𝒂𝒊

𝒒𝒊,𝟏 = 𝑊𝑞,1𝒒𝒊

𝒒𝒊,𝟐 = 𝑊𝑞,2𝒒𝒊

34

Different types of relevance 



Multi-head Self-attention

𝒃𝒊,𝟏

𝒃𝒊,𝟐

𝒌𝒊 𝒗𝒊

𝒂𝒊

𝒒𝒊

𝒒𝒊,𝟐𝒒𝒊,𝟏 𝒌𝒊,𝟐𝒌𝒊,𝟏 𝒗𝒊,𝟐𝒗𝒊,𝟏

𝒌𝒋 𝒗𝒋

𝒂𝒋

𝒒𝒋

𝒒𝒋,𝟐𝒒𝒋,𝟏 𝒌𝒋,𝟐𝒌𝒋,𝟏 𝒗𝒋,𝟐𝒗𝒋,𝟏

𝒒𝒊 = 𝑊𝑞𝒂𝒊

𝒒𝒊,𝟏 = 𝑊𝑞,1𝒒𝒊

𝒒𝒊,𝟐 = 𝑊𝑞,2𝒒𝒊

35(2 heads as example)

Different types of relevance 



Multi-head Self-attention

𝒃𝒊,𝟏

𝒃𝒊,𝟐
𝒃𝒊 = 𝑊𝑂

𝒌𝒊 𝒗𝒊

𝒂𝒊

𝒒𝒊

𝒒𝒊,𝟐𝒒𝒊,𝟏 𝒌𝒊,𝟐𝒌𝒊,𝟏 𝒗𝒊,𝟐𝒗𝒊,𝟏

𝒌𝒋 𝒗𝒋

𝒂𝒋

𝒒𝒋

𝒒𝒋,𝟐𝒒𝒋,𝟏 𝒌𝒋,𝟐𝒌𝒋,𝟏 𝒗𝒋,𝟐𝒗𝒋,𝟏

𝒒𝒊 = 𝑊𝑞𝒂𝒊
36(2 heads as example)

Different types of relevance 



37

Encoder

START

max

Bing Dong Machine

Decoder

TONG

TONG

Decoder
Output

Dong Machine LearningBing

(Bing Dong Machine Learning )
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Autoregressive 

Dong

max

Machine

max

Learning

Encoder

START
(Bing Dong Machine Learning )

max

Bing

Bing Dong Machine

Decoder

max

We do not know the correct 
output length.

Never stop!
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Adding “Stop Token”

DecoderEncoder

START

Learning 0.0

Machine 0.8

Bing 0.0

Dong 0.1

…… ……

END 0.0

Size V
(common 
characters)

softmax

distribution

( Machine Learning )

max

Machine

(special token)
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Autoregressive 

Dong

max

Machine

max

Learning

Encoder

START
(Bing Dong Machine Learning )

max

Bing

Bing Dong Machine

Decoder

max

Never stop!END

max

Learning
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Encoder-Decoder 

Encoder Decoder

Input sequence 

output sequence 
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Transformer

Cross 
attention
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𝒂𝟏 𝒂𝟐 𝒂𝟑

𝒒

𝒗

FC

Encoder

START

𝛼1
′ 𝛼2

′ 𝛼3
′

Self-attention (Mask)

Cross 
attention

𝒗𝟏𝒌𝟏 𝒗𝟐𝒌𝟐 𝒗𝟑𝒌𝟑
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𝒒′

𝒗′

FC

START

𝛼1
′ 𝛼2

′ 𝛼3
′

Bing

Self-attention (Mask)

𝒂𝟏 𝒂𝟐 𝒂𝟑

𝒗𝟏𝒌𝟏 𝒗𝟐𝒌𝟐 𝒗𝟑𝒌𝟑

Encoder
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Cross Attention 
Source of image: 
https://arxiv.org/abs/2005.08081



46

Training 

Encoder Decoder

Input sequence 

output sequence 
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DecoderEncoder

<BOS>

softmax

B 1

D 0

M 0

L 0

…… ……

B 0.7

D 0.1

M 0.1

L 0.1

…… ……

Size V
(common 
characters)

distribution
B

Ground 
truth 

minimize cross entropy 

Label: Bing Dong Machine Learning
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Teacher Forcing: using the ground truth as input.

Encoder

<BOS>

minimize cross entropy 

B

B

D M

D M L

L

<EOS>

Decoder

Ground Truth
Label: Bing Dong Machine Learning
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Large Language Model----A Self-Supervised Learned Transformer
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Self-Supervised Learning

Supervised 

𝑥

𝑦

label

Model

ො𝑦

𝑥

𝑥′

𝑥′′

Model

Self-
supervised 

𝑦



51

Masking Input

BERT

Bing

MASK

Random

(special 
token)

Dong Machine Learning

Transformer 
Encoder

Linear

Bing 0.1

Dong 0.7

Machine 0.1

Learning 0.1

…… ……

(all characters)
=

=

or

Randomly masking 
some tokens

Did、Dong、
Dog、Don …

softmax
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Masking Input

BERT

Bing

MASK

Random

(special 
token)

Dong Machine Learning

Transformer 
Encoder

Linear (all characters)
=

=

or

Randomly masking 
some tokens

Did、Dong、
Dog、Don …

softmax
Dong

Ground 
truth 

minimize cross 
entropy 
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• Masked token prediction
• Next sentence prediction 

BERT
Self-supervised 

Learning

Model for 
Task 1

Downstream Tasks 

Model for 
Task 2

Model for 
Task 3

• The tasks we care 
• We have a little bit labeled data.

Fine-tune

Pre-train
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How to use BERT

• Extraction-based Question 
Answering (QA)

𝐷 = 𝑑1, 𝑑2, ⋯ , 𝑑𝑁

𝑄 = 𝑞1, 𝑞2, ⋯ , 𝑞𝑀

QA
Model

output: two integers (𝑠, 𝑒) 

𝐴 = 𝑑𝑠 , ⋯ , 𝑑𝑒

Document:

Query:

Answer:

𝐷

𝑄

𝑠

𝑒

17

77 79

𝑠 = 17, 𝑒 = 17

𝑠 = 77, 𝑒 = 79
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How to use BERT

q1 q2

BERT

[CLS] [SEP]

question document

d1 d2 d3

inner product

Softmax

0.50.3 0.2

s = 2

Random 
Initialized 
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How to use BERT

q1 q2

BERT

[CLS] [SEP]

question document

d1 d2 d3

inner product

Softmax

0.20.1 0.7

The answer is “d2d3”.

s = 2 e = 3

Random 
Initialized 
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Training BERT is challenging! 

GLUE scores

Our ALBERT-base

Google’s ALBERT-base

https://arxiv.org/abs/2010.02480

Google’s BERT-base

Training data has more than 3 billions of words. 

3000 times of Harry Potter series  

8 days with TPU v3



58

Transformer 

BERT 340M GPT-2 (1.5B) GPT-3 (175B)

GPT-4 (2T)

2017

Transformer
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Any Questions? 

bidong@syr.edu
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