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✓ Machine learning / Deep learning

✓ Natural Language Processing / Graph Neural Networks
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01 Introduction
▪ Seminar Topic

• Deep learning

✓ 깊고 복잡한 신경망 구조 -> End-to-End learning

• Attention

✓ 모델이 집중해서 학습해야 하는 곳 까지도 모델이 학습

✓ Explainability + model performance
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01 Introduction
▪ Seminar Topic

✓ Graph Neural Networks

Graph   Neural  Networks
Node-Edge로 구성된 그래프 데이터의 구조를 학습하는 딥러닝 모델
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01 Introduction
▪ Seminar Topic

• Graph Attention Networks

✓ Graph Neural Networks + Attention

Graph Attention Networks
Node-Edge로 구성된 그래프 데이터의

중요 Node에 가중치를 부여하는 어텐션 메커니즘을 사용하여

구조를 학습하는 딥러닝 모델
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▪ Text data & Recurrent Neural Network (RNN)

• RNN은 sequential data의 학습에 적합한 신경망 모델

• Text data는 co-occurence와 sequential pattern을 고려한 분석이 필요

RNN
Cell

RNN
Cell

RNN
Cell

RNN
Cell

RNN
Cell

h1 h2 h3 h4

h𝑠𝑒𝑛𝑡𝑒𝑛𝑐𝑒

RNN Is Suitable Text datafor

02 Attention
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▪ Seq2seq 

• RNN encoder + RNN decoder

• Machine translation

Context vector

Input Output

Encoder: RNN

Here at the beach again

Decoder: RNN

다시 여기 바닷가

02 Attention
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Input Output

Encoder: RNN Decoder: RNN
Context vector

난 너를 믿었던 만큼 난 내 친구도 믿었기에 난 아무런
부담없이 널 내 친구에게 소개 시켜줬고 그런 만남이
있은후로부터 우리는 자주 함께 만나며 즐거운 시간을
보내며 함께 어울렸던 것뿐인데 그런 만남이 어디부터
잘못됐는지 난 알 수 없는 예감에 조금씩 빠져들고
있을때쯤 난 나보다 내 친구에게 관심을 더 보이며 날
조금씩 멀리하던 그 어느날 너와 내가 심하게 다툰 그 날
이후로 너와 내 친구는 연락도 없고 날 피하는 것 같아

As much as I

▪ Seq2seq 

• Long term dependency

• Vanishing/Exploding gradient

02 Attention

fought

trusted

met
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Input Output

Encoder: RNN Decoder: RNN

난 너를 믿었던 만큼 난 내 친구도 믿었기에 난 아무런
부담없이 널 내 친구에게 소개 시켜줬고 그런 만남이
있은후로부터 우리는 자주 함께 만나며 즐거운 시간을
보내며 함께 어울렸던 것뿐인데 그런 만남이 어디부터
잘못됐는지 난 알 수 없는 예감에 조금씩 빠져들고
있을때쯤 난 나보다 내 친구에게 관심을 더 보이며 날
조금씩 멀리하던 그 어느날 너와 내가 심하게 다툰 그 날
이후로 너와 내 친구는 연락도 없고 날 피하는 것 같아

As much as I

▪ Seq2seq with Attention

• Relieve the encoder from the burden of having to encode all information into a fixed length vector

fought

trusted

met

Context vector

02 Attention
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02 Attention

Key Value

이효리 천옥

엄정화 만옥

제시 은비

화사 실비

유재석 지미 유

부캐 DictionaryQuery: 유재석 Output: 지미 유

▪ Key, Query, Value

• Dictionary 자료 구조

• Query와 Key가 일치하면 Value를 return
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02 Attention

Key Sim Value

이효리 0 천옥

엄정화 0 만옥

제시 0 은비

화사 0 실비

유재석 1 지미 유

부캐 DictionaryQuery: 유재석

① def Similarity(Query, Key)

if Query = Key:

return 1

else:

return 0

▪ Key, Query, Value

• Dictionary 자료 구조

• Query와 Key가 일치하면 Value를 return
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02 Attention

Key Sim Value

이효리 0 천옥

엄정화 0 만옥

제시 0 은비

화사 0 실비

유재석 1 지미 유

부캐 DictionaryQuery: 유재석

SimXValue

0

0

0

0

지미 유

② def SimXValue(Sim,Value)

output = Sim X int(value) 

return output

① def Similarity(Query, Key)

if Query = Key:

return 1

else:

return 0

▪ Key, Query, Value

• Dictionary 자료 구조

• Query와 Key가 일치하면 Value를 return
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02 Attention

Key Value

이효리 천옥

엄정화 만옥

제시 은비

화사 실비

유재석 지미 유

부캐 Dictionary

SimXValue

0

0

0

0

지미 유

③ def Result(outputs)

return sum(outputs)

Result

지미 유

② def SimXValue(Sim,Value)

output = Sim X int(value) 

return output

① def Similarity(Query, Key)

if Query = Key:

return 1

else:

return 0

▪ Key, Query, Value

• Dictionary 자료 구조

• Query와 Key가 일치하면 Value를 return

Query: 유재석
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02 Attention
▪ Key, Query, Value

• Dictionary 자료형의 결과 리턴 과정

① Similarity(key, value)

✓ Key와 value의 유사도를 계산한다

② SimXValue(sim, value)

✓ 유사도와 value를 곱한다

③ Result(outputs)

✓ 유사도와 value를 곱한 값의 합을 리턴한다

③ def Result(outputs)

return sum(outputs)

② def SimXValue(Sim,Value)

output = Sim X int(value) 

return output

① def Similarity(Query, Key)

if Query = Key:

return 1

else:

return 0

𝑟𝑒𝑠𝑢𝑙𝑡 = ෍

i

𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 𝑘𝑒𝑦, 𝑞𝑢𝑒𝑟𝑦 ∗ 𝑣𝑎𝑙𝑢𝑒
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02 Attention
▪ Key, Query, Value in Attention

• Attention: Query와 key의 유사도를 계산한 후 value의 가중합을 계산하는 과정

• Attention score: Value에 곱해지는 가중치

• Considerations

✓ Key, Query, Value = Vectors (Matrix/Tensor)

✓ Similarity function

𝑜𝑢𝑡𝑝𝑢𝑡 = ෍

i

𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 𝑘𝑒𝑦, 𝑞𝑢𝑒𝑟𝑦 ∗ 𝑣𝑎𝑙𝑢𝑒 𝐴(𝑞, 𝐾, 𝑉) = ෍

i

𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑓 𝐾, 𝑞 ) 𝑉

AttentionDictionary 자료 구조



200911 Open HCAI Seminar – Graph Attention Networks 16/77

02 Attention
▪ Attention in Seq2seq Machine Translation

• Attention: Query와 key의 유사도를 계산한 후 value의 가중합을 계산하는 과정

• Key, Value = Hidden states of encoder h𝑖

• Query = Hidden state of decoder 𝑠2

• Feature = Context vector at time step 2

h1

h2

h3

h4

h5

𝑠1

𝑠2

𝑠3

𝑠4

𝑠5

𝑠2

Machine Translation

𝑋1

𝑋2

𝑋3

𝑋4

𝑋5

𝑌1

𝑌2

Encoder RNN

{𝛼𝑖2} = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑓(h𝑖 , 𝑠2)){𝛼i2}

𝑓𝑒𝑎𝑡𝑢𝑟𝑒 = ෍

𝑖=1

5

𝛼𝑖2 ∗ h𝑖

Query

{Key = Value}

Key Value

h1 h1

h2 h2

h3 h3

h4 h4

h5 h5

Query

𝑠1

𝑠2

𝑠3

𝑠4

𝑠5

Output

𝛼12 ∗ h1

𝛼22 ∗ h2

𝛼32 ∗ h3

𝛼42 ∗ h4

𝛼52 ∗ h5

Feature

෍

𝑖=1

5

𝛼𝑖2 ∗ h𝑖

Decoder RNN

𝐴(𝑞, 𝐾, 𝑉) = ෍

i

𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑓 𝐾, 𝑞 ) 𝑉
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02 Attention
▪ Attention in Seq2seq Machine Translation

• Attention: Query와 key의 유사도를 계산한 후 value의 가중합을 계산하는 과정

• Key, Value = Hidden states of encoder h𝑖

• Query = Hidden state of decoder 𝑠3

• Feature = Context vector at time step 3

h1

h2

h3

h4

h5

𝑠1

𝑠2

𝑠3

𝑠4

𝑠5

𝑠3

Machine Translation

𝑋1

𝑋2

𝑋3

𝑋4

𝑋5

𝑌1

𝑌2

Encoder RNN

{𝛼𝑖3} = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑓(h𝑖 , 𝑠3)){𝛼i3}

𝑓𝑒𝑎𝑡𝑢𝑟𝑒 = ෍

𝑖=1

5

𝛼𝑖3 ∗ h𝑖

Query

{Key = Value}

Key Value

h1 h1

h2 h2

h3 h3

h4 h4

h5 h5

Query

𝑠1

𝑠2

𝑠3

𝑠4

𝑠5

Output

𝛼13 ∗ h1

𝛼23 ∗ h2

𝛼33 ∗ h3

𝛼43 ∗ h4

𝛼53 ∗ h5

Feature

෍

𝑖=1

5

𝛼𝑖3 ∗ h𝑖

Decoder RNN

𝐴(𝑞, 𝐾, 𝑉) = ෍

i

𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑓 𝐾, 𝑞 ) 𝑉

𝑌3
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02 Attention
▪ Attention in RNN-based Document Classification

• Attention: Query와 key의 유사도를 계산한 후 value의 가중합을 계산하는 과정

• Feature = Document vector

• Key, Value = Hidden states of RNN h𝑖

• Query = Learnable parameter vector c (context vector)

h1

h2

h3

h4

h5

c

Doc

𝐶𝑙𝑎𝑠𝑠1

𝐶𝑙𝑎𝑠𝑠2

𝐶𝑙𝑎𝑠𝑠𝑘

…

𝑋1

𝑋2

𝑋3

𝑋4

𝑋5

RNN

{𝛼i}

Query

{Key = Value}

Document Classification

Key Value

h1 h1

h2 h2

h3 h3

h4 h4

h5 h5

Query

c

Output

𝛼1 ∗ h1

𝛼2 ∗ h2

𝛼3 ∗ h3

𝛼4 ∗ h4

𝛼5 ∗ h5

Feature

෍

𝑖=1

5

𝛼𝑖2 ∗ h𝑖

{𝛼𝑖} = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑓(h𝑖 , 𝑐))

𝑓𝑒𝑎𝑡𝑢𝑟𝑒 = ෍

𝑖=1

5

𝛼𝑖 ∗ h𝑖

𝐴(𝑞, 𝐾, 𝑉) = ෍

i

𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑓 𝐾, 𝑞 ) 𝑉
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▪ Similarity Function (Alignment model)

• Vector간 유사도를 계산하는 다양한 방법을 similarity function으로 사용 가능

• Bahdanau Attention (2014), Graph Attention Network (2018) -> Additive / Concat

• Luong (2015) -> 다양한 similarity function을 제시

• Transformer (2017) -> Scaled-dot product 

𝑓(𝐾𝑒𝑦, 𝑄𝑢𝑒𝑟𝑦)= 𝑠𝑐𝑜𝑟𝑒

02 Attention

𝐴(𝑞, 𝐾, 𝑉) = ෍

i

𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑓 𝐾, 𝑞 ) 𝑉
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▪ Feature Representation by RNN-based Network

• Bi-RNN with Attention

• Hierarchical Attention Network (2016)

Bidirectional RNN with Attention Hierarchical Attention Network

Liu, Tengfei, et al. "Recurrent networks with attention and convolutional networks for sentence representation and classification." Applied Intelligence 48.10 (2018): 3797-3806.

Yang, Zichao, et al. "Hierarchical attention networks for document classification." Proceedings of the 2016 conference of the North American chapter of the association for computational linguistics 2016.

02 Attention
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TextCNN Character-level CNN

Zhang, Xiang, Junbo Zhao, and Yann LeCun. "Character-level convolutional networks for text classification." Advances in neural information processing systems. 2015.

Kim, Yoon. "Convolutional neural networks for sentence classification." arXiv preprint arXiv:1408.5882 (2014).

▪ Feature Representation by CNN-based Network

• TextCNN (2014)

• Character-level CNN (2015)

02 Attention
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▪ Attention to Self-Attention

• RNN-based Network

✓ Sequential data → Parallel computing X

✓ Calculation time and complexity ↑

✓ Vanishing gradient / Long term dependency

• CNN-based Network

✓ Long path length between long-range dependencies

RNN-Based CNN-Based

ℎ1,𝑛

ℎ2,𝑛

…

ℎ𝑡−1,𝑛

ℎ𝑡,𝑛

ℎ1,𝑛−1

ℎ2,𝑛−1

…

ℎ𝑡−1,
𝑛−1

ℎ𝑡−1,𝑛 ℎ𝑛

N-1 state N state

02 Attention

N-1 state N state

ℎ1,𝑛−1

ℎ2,𝑛−1

…

ℎ𝑡−1,
𝑛−1

ℎ𝑡,𝑛−1
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▪ Self-Attention 

• RNN, CNN 구조를 사용하지 않고 attention만을 사용하여 feature representation

✓ Key = Query = Value = Hidden state of word embedding vector

✓ Scaled dot-product attention

✓ Multi-head attention

Self-Attention

𝐴(𝑞, 𝐾, 𝑉) = ෍

i

𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑓 𝐾, 𝑞 ) 𝑉

RNN-Based CNN-Based

ℎ1,𝑛

ℎ2,𝑛

…

ℎ𝑡−1,𝑛

ℎ𝑡,𝑛

ℎ1,𝑛−1

ℎ2,𝑛−1

…

ℎ𝑡−1,
𝑛−1

ℎ𝑡−1,,𝑛 ℎ𝑛

N-1 state N state N-1 state N state

ℎ1,𝑛−1

ℎ2,𝑛−1

…

ℎ𝑡−1,
𝑛−1

ℎ𝑡,,𝑛−1

ℎ1,𝑛

ℎ2,𝑛

…

ℎ𝑡−1,𝑛

ℎ𝑡,𝑛

ℎ1,𝑛−1

ℎ2,𝑛−1

…

ℎ𝑡−1,
𝑛−1

ℎ𝑡,,𝑛−1

N-1 state N state

𝐾𝑒𝑦 = 𝑄𝑢𝑒𝑟𝑦 = 𝑉𝑎𝑙𝑢𝑒

02 Attention
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▪ Transformer

Transformer Multi-Head AttentionScaled Dot-Product Attention

Q K V

02 Attention

Q K V

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

• Scale-dot product attention (Self-Attention)

✓ Key = Query = Value = Hidden state of word embedding vector (X)

✓ Similarity function = Dot-product

𝑓 𝐾, 𝑄 = 𝑄𝐾T

Generalized 
Attention Form

MatMul①

02 Attention

Q K V

Scaled Dot-Product Attention

𝐴(𝑞, 𝐾, 𝑉) = ෍

i

𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑓 𝐾, 𝑞 ) 𝑉

While the two are similar in theoretical complexity, dot-product

attention is much faster and more space-efficient in practice, since

it can be implemented using highly optimized matrix multiplication

code. (…)

(𝐾 = 𝑋𝑊𝐾 , 𝑄 = 𝑋𝑊𝑄 , 𝑉 = 𝑋𝑊𝑉)

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

• Scale-dot product attention (Self-Attention)

✓ Similarity function: Scaled-dot product

𝑓 𝐾, 𝑄 = 𝑄𝐾T

Generalized 
Attention Form

MatMul①

02 Attention

Q K V

Scaled Dot-Product Attention

𝐴(𝑞, 𝐾, 𝑉) = ෍

i

𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑓 𝐾, 𝑞 ) 𝑉

𝑄𝐾𝑇

dk

Scale②

We suspect that for large values of dk, the dot products grow large in

magnitude, pushing the softmax function into regions where it has extremely

small gradients . To counteract this effect, we scale the dot products (…)

(𝐾 = 𝑋𝑊𝐾 , 𝑄 = 𝑋𝑊𝑄 , 𝑉 = 𝑋𝑊𝑉)

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

• Scale-dot product attention (Self-Attention)

✓ Weight-sum of value vectors

𝑓 𝐾, 𝑄 = 𝑄𝐾T

Generalized 
Attention Form

MatMul①

02 Attention

Q K V

Scaled Dot-Product Attention

𝐴(𝑞, 𝐾, 𝑉) = ෍

i

𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑓 𝐾, 𝑞 ) 𝑉

(𝐾 = 𝐾𝑊𝐾 , 𝑄 = 𝑄𝑊𝑄 , 𝑉 = 𝑄𝑊𝑉)

𝑄𝐾𝑇

dk

Scale②

𝑠𝑜𝑓𝑡𝑚𝑎𝑥(
Q𝐾𝑇

dk
)

𝑠𝑜𝑓𝑡𝑚𝑎𝑥(
Q𝐾𝑇

dk
)𝑉Self-

Attention

Softmax

MatMul

③

④

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



Linear

Self-Atten

Concat

Linear

Multi-Head Attention
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▪ Transformer

• Multi-head Attention

✓ Learning diverse input features

Self-Attention

①

02 Attention

𝑆𝐴(𝑞, 𝐾, 𝑉) =

②

③

④ [head1, head2, … , headℎ]𝑊𝑂

head𝑖 = 𝑆𝐴(Q`, K`, V`)

V` = 𝑉𝑊𝑖
V𝑄` = 𝑄𝑊𝑖

𝑄 K` = 𝐾𝑊𝑖
K

[head1, head2, … , headℎ]

= 𝑴𝒖𝒍𝒕𝒊𝑯𝒆𝒂𝒅 𝑸, 𝑲, 𝑽

(𝑖 = 1 … ℎ)

𝑠𝑜𝑓𝑡𝑚𝑎𝑥(
Q𝐾𝑇

dk
)𝑉

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

• Contributions

▪ One is the total computational complexity per layer. (…)

▪ Another is the amount of computation that can be parallelized, (…)

▪ The third is the path length between long-range dependencies in the

network. Learning long-range dependencies is a key challenge in

many sequence transduction tasks. (…)

▪ As side benefit, self-attention could yield more interpretable models.

http://jalammar.github.io/

02 Attention

Transformer 

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

http://jalammar.github.io/
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03 Graph Neural Networks
▪ Graph Data Structure

• Node = Vertex

✓ Represent elements of a system

• Edge 

✓ Relationship or interaction between nodes

1

3

5

2

4
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03 Graph Neural Networks
▪ Graph Data Structure

• Image data: Euclidean space   

[3 X W X H] 
dimension
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03 Graph Neural Networks
▪ Graph Data Structure

• Text data: Euclidean space   

노홍철

BTS

1 0

0 1

노홍철

BTS

노홍철

BTS
노홍철

BTS

0.6 0.4

0.4 0.6

One-hot encoding Distributed representation
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03 Graph Neural Networks
▪ Graph Data Structure

• Graph data: Non-Euclidean Space 

Social Network Molecular Graph 3D Mesh Euclidean Space
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03 Graph Neural Networks
▪ Matrix Representation of Graph

• Node-Feature matrix

✓ N by D dimension 

1

3

5

2

4

[Node-Feature Matrix]
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03 Graph Neural Networks
▪ Matrix Representation of Graph

• Adjacency matrix: Undirected graph

✓ N by N square matrix

✓ Symmetric

1

3

5

2

4

[Adjacency Matrix]

0 1 0 1 0

1 0 1 0 1

0 1 0 1 1

1 0 1 0 1

0 1 1 1 0



200911 Open HCAI Seminar – Graph Attention Networks 36/77

03 Graph Neural Networks
▪ Matrix Representation of Graph

• Adjacency matrix: Directed graph

✓ N by N 

✓ Asymmetric

1

3

5

2

4

0 1 0 1 0

0 0 0 0 1

0 1 0 0 0

1 0 1 0 1

0 0 1 1 0

[Adjacency Matrix]
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03 Graph Neural Networks
▪ Matrix Representation of Graph

• Adjacency matrix: Directed graph

✓ Adjacency matrix + Identity matrix

1

3

5

2

4

1 1 0 1 0

0 1 0 0 1

0 1 1 0 0

1 0 1 1 1

0 0 1 1 1

[Adjacency Matrix]
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03 Graph Neural Networks
▪ Matrix Representation of Graph

• Adjacency matrix: Weighted directed graph

✓ Edge information

✓ 𝑎𝑖𝑗 ≠ 𝑎𝑖𝑗 , 𝑖 ≠ 𝑗

1

3

5

2

4

𝑎11 𝑎12 0 𝑎14 0

0 𝑎22 0 0 𝑎25

0 𝑎32 𝑎33 0 0

𝑎41 0 𝑎43 𝑎44 𝑎45

0 0 𝑎53 𝑎54 𝑎55

[Adjacency Matrix]
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03 Graph Neural Networks
▪ Graph Neural Networks

• Neural Networks for learning the structures of graphs
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03 Graph Neural Networks
▪ GNN Tasks

• Node Level

• Edge Level

• Graph Level

1

3

5

2

4

1

3

5

2

4

1

3

5

2

4

Node Level Edge Level Graph Level

1 3 52 4

Attention Is All You Need

Noun Verb Noun VerbNoun
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03 Graph Neural Networks
▪ GNN Tasks

• Node Level

• Edge Level

• Graph Level

1

3

5

2

4

1

3

5

2

4

1

3

5

2

4

Node Level Edge Level Graph Level

1 3 52 4

논문1 논문2 논문3 논문4 논문5

인용?

1 3 52 4

서울 대한민국 파리 프랑스 영국

국가

국가 국가수도수도
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03 Graph Neural Networks
▪ GNN Tasks

• Node Level

• Edge Level

• Graph Level

1

3

5

2

4

1

3

5

2

4

1

3

5

2

4

Node Level Edge Level Graph Level

1 3 52 4

세미나 ... 아직 반절 남았다

긍정

부정



200911 Open HCAI Seminar – Graph Attention Networks 43/77

03 Graph Neural Networks
▪ Graph Task

• Computer Vision

• Natural Language Processing

• Etc.

Image Graph Text Graph

Zhou, Jie, et al. "Graph neural networks: A review of methods and applications." arXiv preprint arXiv:1812.08434 (2018).
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03 Graph Neural Networks
▪ GNN Learning Process

• RNN learning process  

RNN
Cell

𝑥1

RNN
Cell

RNN
Cell

RNN
Cell

RNN
Cell

𝑥2 𝑥3 𝑥4 𝑥5

h1 h2 h3 h4

ℎ𝑡 = 𝑐𝑜𝑚𝑏𝑖𝑛𝑒(ℎ𝑡−1, 𝑥𝑡) 𝑐𝑜𝑚𝑏𝑖𝑛𝑒∈ {RNN, LSTM, GRU}
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03 Graph Neural Networks
▪ GNN Learning Process

• Graph: different with sequential data

✓ No sequences(ordering)

✓ Various graph structures 

✓ Multiple in-edge per node

• Considerations for encoding graphs

✓ Information passes along edges

✓ Information passes in parallel

✓ Target nodes affected by multiple nodes
1

3

5

2

4
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03 Graph Neural Networks

GNN Layer
# 1

…

GNN Layer 
# 2

GNN Layer 
# T

Graph Neural Networks

Input Output

① Aggregate

② Combine

③ Readout

① Aggregate

② Combine

③ Readout

① Aggregate

② Combine

③ Readout

▪ GNN Layer

• Node feature update reflecting graph structures

① Aggregate / Massage passing

② Combine / Update

③ Readout
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03 Graph Neural Networks

GNN Layer 
# k

ℎ2
(𝑘−1)

ℎ3
(𝑘−1)

ℎ1
(𝑘−1)

ℎ4
(𝑘−1)

ℎ5
(𝑘−1)

ℎ2
(𝑘)

ℎ3
(𝑘)

ℎ1
(𝑘)

ℎ4
(𝑘)

ℎ5
(𝑘)

① Aggregate

② Combine

③ Readout

▪ GNN Notation

• ℎ𝑣
(𝑘)

: hidden embedding node v at kth GNN layer

• 𝑣 = 𝑡𝑎𝑟𝑔𝑒𝑡 𝑛𝑜𝑑𝑒

• 𝑁 𝑣 = 𝑛𝑒𝑖𝑔ℎ𝑡𝑏𝑜𝑟 𝑛𝑜𝑑𝑒𝑠 𝑜𝑓 𝑣

• 𝑢 = 𝑛𝑒𝑖𝑔ℎ𝑡𝑏𝑜𝑟 𝑛𝑜𝑑𝑒 ∈ 𝑁 𝑣

g𝑟𝑎𝑝ℎ = 𝐺 𝐴, 𝑋

𝑋 = 𝑁𝑜𝑑𝑒 − 𝐹𝑒𝑎𝑡𝑢𝑟𝑒 𝑀𝑎𝑡𝑟𝑖𝑥

𝐴 = 𝐴𝑑𝑗𝑎𝑐𝑒𝑛𝑐𝑦 𝑀𝑎𝑡𝑟𝑥
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03 Graph Neural Networks

ℎ2
(𝑘−1)

ℎ3
(𝑘−1)

ℎ1
(𝑘−1)

ℎ4
(𝑘−1)

ℎ5
(𝑘−1)

𝑎1
(𝑘−1)

= 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒𝑘({ , })

𝑎𝑣
(𝑘−1)

= 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒𝑘({ℎu
𝑘−1

, ∀𝑢∈ 𝑁 𝑣 })

▪ GNN: ① Aggregate

• 타겟 노드의 이웃 노드들의 k-1 시점의 hidden state를 결합
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03 Graph Neural Networks

ℎ2
(𝑘−1)

ℎ3
(𝑘−1)

ℎ1
(𝑘−1)

ℎ4
(𝑘−1)

ℎ5
(𝑘−1)

𝑎1
(𝑘−1)

= 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒𝑘({ , })

=

ℎ1
(𝑘)

= 𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑘(𝑎1
(𝑘−1)

, )

ℎ𝑣
(𝑘)

= 𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑘(𝑎𝑢
𝑘−1

, ℎ𝑣
(𝑘−1)

)

▪ GNN: ② Combine

• k-1 시점 target node의 hidden state와 aggregated information을 사용하여

k 시점의 target node의 hidden state를 update



▪ GNN: ③ Readout

• K 시점의 모든 Node들의 hidden state를 결합하여 graph의 hidden state 생성

• Graph level classification
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03 Graph Neural Networks

ℎ𝐺
(𝑘)

= 𝑟𝑒𝑎𝑑𝑜𝑢𝑡𝑘 =

ℎ2
(𝑘)

ℎ3
(𝑘)

ℎ1
(𝑘)

ℎ4
(𝑘)

ℎ5
(𝑘)

ℎ2
(𝑘)

ℎ3
(𝑘)

ℎ1
(𝑘)

ℎ4
(𝑘)

ℎ5
(𝑘)

ℎ𝐺
(𝑘)

= 𝑟𝑒𝑎𝑑𝑜𝑢𝑡𝑘(ℎ𝑣
𝑘

, ∀𝑣 ∈ 𝐺)
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03 Graph Neural Networks
▪ Stacking GNN Layer

• CNN: Increase the receptive filed  

• GNN: Increase hop of the graph

1

3

5

2

4

1

3

5

2

4

GNN Layer
# 1

GNN Layer 
# 2

Graph Neural NetworksConvolutional Neural Networks
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03 Graph Neural Networks
▪ GNN: Summary

• Aggregate

✓ 𝑎𝑣
(𝑘−1)

= 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒𝑘({ℎu
𝑘−1

, ∀𝑢∈ 𝑁 𝑣 })

• Combine

✓ ℎ𝑣
(𝑘)

= 𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑘(𝑎𝑢
𝑘−1

, ℎ𝑣
(𝑘−1)

)

• Readout

✓ For graph level task

✓ ℎ𝐺
(𝑘)

= 𝑟𝑒𝑎𝑑𝑜𝑢𝑡𝑘(ℎ𝑣
𝑘

, ∀𝑣 ∈ 𝐺)

• Stacking GNN Layer

✓ Increase hop of the graph



▪ GNN Variants

• Aggregate / Combine function의 정의에 따라 다양한 방식의 모델이 존재함

• Differentiable function
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03 Graph Neural Networks

Zhou, Jie, et al. "Graph neural networks: A review of methods and applications." arXiv preprint arXiv:1812.08434 (2018).
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03 Graph Neural Networks
▪ GNN

• Aggregate

✓ 𝑎𝑣
(𝑘−1)

= σ𝑢∈ 𝑁 𝑣 ℎu
𝑘−1

• Combine

✓ ℎ𝑣
(𝑘)

= 𝑅𝑒𝑙𝑢 Wselfℎ𝑣
𝑘−1

+ Wneigh𝑎𝑣
𝑘−1

• Matrix form

✓ 𝐻(𝑡) = 𝑅𝑒𝑙𝑢(𝐻(𝑡−1)𝑊𝑠𝑒𝑙𝑓 + 𝐴𝐻(𝑡−1)𝑊𝑛𝑒𝑖𝑔ℎ𝑎𝑣
(𝑘−1)

)

ℎ2
(𝑘−1)

ℎ3
(𝑘−1)

ℎ1
(𝑘−1)

ℎ4
(𝑘−1)

ℎ5
(𝑘−1)

F. Scarselli, M. Gori, A. C. Tsoi, M. Hagenbuchner, and G. Monfardini, “The graph neural network model,” IEEE TNN 2009, vol. 20, no. 1, pp. 61–80, 2009.
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03 Graph Neural Networks
▪ GNN (Self-loop) 

• When aggregating, self information is needed

• Wself= Wneigh= W

• Aggregate

✓ 𝑎𝑣
(𝑘−1)

= σ𝑢∈ 𝑁 𝑣 ℎu
𝑘−1

+ ℎ𝑣
(𝑘−1)

• Combine

✓ ℎ𝑣
(𝑘)

= 𝑅𝑒𝑙𝑢(W𝑎𝑣
(𝑘−1)

)

✓ ℎ𝑣
(𝑘)

= 𝑅𝑒𝑙𝑢(𝑊 σ𝑢∈ 𝑁 𝑣 ∪{𝑣} ℎ𝑢
𝑘−1

)

• Matrix form

✓ 𝐻(𝑡) = 𝑅𝑒𝑙𝑢((𝐴 + 𝐼)𝐻 𝑡−1 𝑊)

ℎ2
(𝑘−1)

ℎ3
(𝑘−1)

ℎ1
(𝑘−1)

ℎ4
(𝑘−1)

ℎ5
(𝑘−1)

F. Scarselli, M. Gori, A. C. Tsoi, M. Hagenbuchner, and G. Monfardini, “The graph neural network model,” IEEE TNN 2009, vol. 20, no. 1, pp. 61–80, 2009.
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03 Graph Neural Networks
▪ Graph Convolutional Networks (2016)

• Amsterdam Univ., CIFAR

• If graph size is too large

✓ Unstable and sensitive to node degrees

✓ Degree = # of neighbor nodes for each node

• Normalized aggregate function

✓ 𝑎𝑣
(𝑘−1)

= σ𝑢∈ 𝑁 𝑣 ∪{𝑣}
ℎu

𝑘−1

|𝑁 𝑣 ||𝑁 𝑢 |

• Combine

✓ ℎ𝑣
(𝑘)

= 𝑅𝑒𝑙𝑢(W𝑎𝑣
(𝑘−1)

)

• Matrix form

✓ 𝐻(𝑡) = 𝑅𝑒𝑙𝑢((𝐷−
1

2(𝐴 + 𝐼) 𝐷−
1

2𝐻 𝑡−1 𝑊)

Kipf, Thomas N., and Max Welling. "Semi-supervised classification with graph convolutional networks." arXiv preprint arXiv:1609.02907 (2016).
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03 Graph Neural Networks
▪ Gated Graph Neural Networks (2016)

• Stacking deep layers lead overfitting / vanishing gradient

• ICLR, Toronto Univ., Microsoft

• Aggregate

✓ 𝑎𝑣
(𝑘−1)

= σ𝑢∈ 𝑁 𝑣 σ ℎu
𝑘−1

• Combine

✓ ℎ𝑣
(𝑘)

= 𝐺𝑅𝑈(ℎ𝑣
𝑘−1

, 𝑎𝑣
(𝑘−1)

)

• Matrix form

✓ 𝐻(𝑡) = 𝐺𝑅𝑈(((𝐴 + 𝐼)W, 𝐻 𝑡−1 )

Li, Yujia, et al. "Gated graph sequence neural networks." arXiv preprint arXiv:1511.05493 (2015).
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03 Graph Neural Networks
▪ GraphSAGE (2017)

• NIPS, Stanford Univ.

• Consider node importance or ordering

• Aggregate

• Mean aggregate

✓ 𝑎𝑣
(𝑘−1)

= σ𝑢∈ 𝑁 𝑣
ℎu

𝑘−1

|𝑁 𝑢 |

• LSTM aggregate (Random permutation of neighbors)

✓ 𝑎𝑣
(𝑘−1)

= 𝐿𝑆𝑇𝑀(σ{Waggℎu
𝑘−1

, ∀𝑢∈ 𝑁 𝑣 })

• Pooling aggregate

✓ 𝑎𝑣
(𝑘−1)

= 𝑃𝑜𝑜𝑙({Wpoolℎu
𝑘−1

, ∀𝑢∈ 𝑁 𝑣 })

✓ Pool = element-wise mean or max

• Combine

✓ ℎ𝑣
(𝑘)

= 𝑅𝑒𝑙𝑢(𝑊[ℎ𝑣
𝑘−1

, 𝑎𝑣
(𝑘−1)

])

• Residual connection / Skip connection

Hamilton, Will, Zhitao Ying, and Jure Leskovec. "Inductive representation learning on large graphs." Advances in neural information processing systems. 2017.
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03 Graph Neural Networks
▪ GNN Variants

• Challenges

✓ Self-loop (Vanilla GNN)

✓ Node degrees (GCN)

✓ Node importance (GraphSAGE)

✓ Overfitting / Vanishing gradient (GGNN)
Attention is 

All You Need!
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04 Graph Attention Networks
▪ Graph Attention Networks: Paper

• ICLR 2018

• Cambridge University

• Veličković, Petar, et al.

• Recite: 1951

Veličković, Petar, et al. "Graph attention networks." arXiv preprint arXiv:1710.10903 (2017).
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Wℎ2
(𝑘−1)

Wℎ3
(𝑘−1)

Wℎ1
(𝑘−1)

Wℎ4
(𝑘−1)

Wℎ5
(𝑘−1)

e11

Wℎ1
(𝑘−1)

Wℎ1
(𝑘−1)

1-Layer Feed-Forward
Neural Network

𝐴(𝑞, 𝐾, 𝑉) = ෍

i

𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑓 𝐾, 𝑞 ) 𝑉
▪ Model Architecture

• Aggregate

✓ 𝑎𝑣
(𝑘−1)

= 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛( ℎu
𝑘−1

, 𝑢∈ 𝑁 𝑣 ∪ {𝑣} )

✓ Key = Query = Value = ℎu
𝑘−1

✓ 𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 𝐹𝑢𝑛𝑡𝑖𝑜𝑛 𝑓 = 1 − 𝑙𝑎𝑦𝑒𝑟 𝐹𝑒𝑒𝑑 − 𝐹𝑜𝑟𝑤𝑎𝑟𝑑 𝑁𝑁

LeakyRelu(             )

04 Graph Attention Networks

Veličković, Petar, et al. "Graph attention networks." arXiv preprint arXiv:1710.10903 (2017).
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▪ Model Architecture

• Aggregate

✓ 𝑎𝑣
(𝑘−1)

= 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛( ℎu
𝑘−1

, 𝑢∈ 𝑁 𝑣 ∪ {𝑣} )

✓ Key = Query = Value = ℎu
𝑘−1

✓ 𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 𝐹𝑢𝑛𝑡𝑖𝑜𝑛 𝑓 = 1 − 𝑙𝑎𝑦𝑒𝑟 𝐹𝑒𝑒𝑑 − 𝐹𝑜𝑟𝑤𝑎𝑟𝑑 𝑁𝑁

Wℎ2
(𝑘−1)

Wℎ3
(𝑘−1)

Wℎ1
(𝑘−1)

Wℎ4
(𝑘−1)

Wℎ5
(𝑘−1)

e12

Wℎ2
(𝑘−1)

Wℎ1
(𝑘−1)

1-Layer Feed-Forward
Neural Network

𝐴(𝑞, 𝐾, 𝑉) = ෍

i

𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑓 𝐾, 𝑞 ) 𝑉

LeakyRelu(             )

04 Graph Attention Networks

Veličković, Petar, et al. "Graph attention networks." arXiv preprint arXiv:1710.10903 (2017).
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▪ Model Architecture

• Aggregate

✓ 𝑎𝑣
(𝑘−1)

= 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛( ℎu
𝑘−1

, 𝑢∈ 𝑁 𝑣 ∪ {𝑣} )

✓ Key = Query = Value = ℎu
𝑘−1

✓ 𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 𝐹𝑢𝑛𝑡𝑖𝑜𝑛 𝑓 = 1 − 𝑙𝑎𝑦𝑒𝑟 𝐹𝑒𝑒𝑑 − 𝐹𝑜𝑟𝑤𝑎𝑟𝑑 𝑁𝑁

Wℎ2
(𝑘−1)

Wℎ3
(𝑘−1)

Wℎ1
(𝑘−1)

Wℎ4
(𝑘−1)

Wℎ5
(𝑘−1)

e14

Wℎ4
(𝑘−1)

Wℎ1
(𝑘−1)

1-Layer Feed-Forward
Neural Network

𝐴(𝑞, 𝐾, 𝑉) = ෍

i

𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑓 𝐾, 𝑞 )𝑉

LeakyRelu(             )

04 Graph Attention Networks

Veličković, Petar, et al. "Graph attention networks." arXiv preprint arXiv:1710.10903 (2017).



𝐴(𝑞, 𝐾, 𝑉) = ෍

i

𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑓 𝐾, 𝑞 )𝑉
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03 Graph Neural Networks
▪ Model Architecture

• Aggregate

✓ 𝑎𝑣
(𝑘−1)

= 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛( ℎu
𝑘−1

, 𝑢∈ 𝑁 𝑣 ∪ {𝑣} )

Wℎ2
(𝑘−1)

Wℎ3
(𝑘−1)

Wℎ1
(𝑘−1)

Wℎ4
(𝑘−1)

Wℎ5
(𝑘−1)

e11 e12 e14

e21 e22 e23 e25

e32 e33 e34 e35

e41 e43 e44 e45

e25 e53 e54 e55

04 Graph Attention Networks
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e11 e12 e14

e21 e22 e23 e25

e32 e33 e34 e35

e41 e43 e44 e45

e25 e53 e54 e55

𝐴(𝑞, 𝐾, 𝑉) = ෍

i

𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑓 𝐾, 𝑞 )𝑉
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▪ Model Architecture

• Aggregate

✓ 𝑎𝑣
(𝑘−1)

= 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛( ℎu
𝑘−1

, 𝑢∈ 𝑁 𝑣 ∪ {𝑣} )

Wℎ2
(𝑘−1)

Wℎ3
(𝑘−1)

Wℎ1
(𝑘−1)

Wℎ4
(𝑘−1)

Wℎ5
(𝑘−1)

Softmax

Softmax

Softmax

Softmax

Softmax

04 Graph Attention Networks
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▪ Model Architecture

• Aggregate

✓ 𝑎𝑣
(𝑘−1)

= 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛( ℎu
𝑘−1

, 𝑢∈ 𝑁 𝑣 ∪ {𝑣} )

𝑎11 𝑎12 𝑎14

𝑎21 𝑎22 𝑎23 𝑎25

𝑎32 𝑎33 𝑎34 𝑎35

𝑎41 𝑎43 𝑎44 𝑎45

𝑎25 𝑎53 𝑎54 𝑎55

Wℎ2
(𝑘−1)

Wℎ3
(𝑘−1)

Wℎ1
(𝑘−1)

Wℎ4
(𝑘−1)

Wℎ5
(𝑘−1)

𝐴(𝑞, 𝐾, 𝑉) = ෍

i

𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑓 𝐾, 𝑞 )𝑉

04 Graph Attention Networks
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▪ Model Architecture

• Aggregate

✓ 𝑎𝑣
(𝑘−1)

= 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛( ℎu
𝑘−1

, 𝑢∈ 𝑁 𝑣 ∪ {𝑣} )

• Masked Attention

✓ Using adjacency matrix, masked value with negative values before softmax.

𝑎11 𝑎12 0 𝑎14 0

𝑎21 𝑎22 𝑎23 0 𝑎25

0 𝑎32 𝑎33 𝑎34 𝑎35

𝑎41 0 𝑎43 𝑎44 𝑎45

0 𝑎52 𝑎53 𝑎54 𝑎55

𝐴(𝑞, 𝐾, 𝑉) = ෍

i

𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑓 𝐾, 𝑞 )𝑉

e11 e12 e13 e14 e15

e21 e22 e23 e24 e25

e31 e32 e33 e34 e35

e41 e42 e43 e44 e45

e51 e52 e53 e54 e55

e11 e12 −9𝑒10 e14 −9𝑒10

e21 e22 e23 −9𝑒10 e25

−9𝑒10 e32 e33 e34 e35

e41 −9𝑒10 e43 e44 e45

−9𝑒10 e52 e53 e54 e55

04 Graph Attention Networks

Similarity Masking Softmax
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▪ Model Architecture

• Combine

✓ ℎ𝑣
(𝑘)

= σ𝑢∈𝑁 𝑣 ∪{𝑣} 𝑎𝑢
𝑘−1

ℎ𝑢
𝑘−1

✓ Weight-sum of aggregated information & k-1 hidden state (Value)

Wℎ2
(𝑘−1)

Wℎ3
(𝑘−1)

Wℎ1
(𝑘−1)

Wℎ4
(𝑘−1)

Wℎ5
(𝑘−1)

𝑎11 𝑎12 0 𝑎14 0

𝑎21 𝑎22 𝑎23 0 𝑎25

0 𝑎32 𝑎33 𝑎34 𝑎35

𝑎41 0 𝑎43 𝑎44 𝑎45

0 𝑎25 𝑎53 𝑎54 𝑎55

𝐴(𝑞, 𝐾, 𝑉) = ෍

i

𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑓 𝐾, 𝑞 )𝑉

04 Graph Attention Networks
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𝐴(𝑞, 𝐾, 𝑉) = ෍

i

𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑓 𝐾, 𝑞 )𝑉

200911 Open HCAI Seminar – Graph Attention Networks 69/77

▪ Model Architecture

• Combine

✓ ℎ𝑣
(𝑘)

= σ𝑢∈𝑁 𝑣 ∪{𝑣} 𝑎𝑢
𝑘−1

ℎ𝑢
𝑘−1

✓ Weight-sum of aggregated information & k-1 hidden state (Value)

Wℎ2
(𝑘−1)

Wℎ3
(𝑘−1)

Wℎ1
(𝑘−1)

Wℎ4
(𝑘−1)

Wℎ5
(𝑘−1)

𝑎11 𝑎12 0 𝑎14 0

𝑎21 𝑎22 𝑎23 0 𝑎25

0 𝑎32 𝑎33 𝑎34 𝑎35

𝑎41 0 𝑎43 𝑎44 𝑎45

0 𝑎25 𝑎53 𝑎54 𝑎55

ℎ1
(𝑘)

04 Graph Attention Networks
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03 Graph Neural Networks
▪ Model Architecture

• Combine

✓ ℎ𝑣
(𝑘)

= σ𝑢∈𝑁 𝑣 ∪{𝑣} 𝑎𝑢
𝑘−1

ℎ𝑢
𝑘−1

✓ Weight-sum of aggregated information & k-1 hidden state (Value)

Wℎ2
(𝑘−1)

Wℎ3
(𝑘−1)

Wℎ1
(𝑘−1)

Wℎ4
(𝑘−1)

Wℎ5
(𝑘−1)

𝑎11 𝑎12 0 𝑎14 0

𝑎21 𝑎22 𝑎23 0 𝑎25

0 𝑎32 𝑎33 𝑎34 𝑎35

𝑎41 0 𝑎43 𝑎44 𝑎45

0 𝑎25 𝑎53 𝑎54 𝑎55

ℎ2
(𝑘)

𝐴(𝑞, 𝐾, 𝑉) = ෍

i

𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑓 𝐾, 𝑞 )𝑉

04 Graph Attention Networks
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▪ Model Architecture

• Combine

✓ ℎ𝑣
(𝑘)

= σ𝑢∈𝑁 𝑣 ∪{𝑣} 𝑎𝑢
𝑘−1

ℎ𝑢
𝑘−1

✓ Weight-sum of aggregated information & k-1 hidden state (Value)

ℎ2
(𝑘)

ℎ3
(𝑘)

ℎ1
(𝑘)

ℎ4
(𝑘)

ℎ5
(𝑘)

Wℎ2
(𝑘−1)

Wℎ3
(𝑘−1)

Wℎ1
(𝑘−1)

Wℎ4
(𝑘−1)

Wℎ5
(𝑘−1)

𝐴(𝑞, 𝐾, 𝑉) = ෍

i

𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑓 𝐾, 𝑞 )𝑉

04 Graph Attention Networks
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▪ Model Architecture

• Multi-head Attention

✓ Concatenate or average 

ℎ2
(𝑘)

ℎ3
(𝑘)

ℎ1
(𝑘)

ℎ4
(𝑘)

ℎ5
(𝑘)

ℎ2
(𝑘)

ℎ3
(𝑘)

ℎ1
(𝑘)

ℎ4
(𝑘)

ℎ5
(𝑘)

1

3

5

2

4

ℎ2
(𝑘)

ℎ3
(𝑘)

ℎ1
(𝑘)

ℎ4
(𝑘)

ℎ5
(𝑘)

1

3

5

2

4

Head_1 Head_2 Head_3

𝐴(𝑞, 𝐾, 𝑉) = ෍

i

𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑓 𝐾, 𝑞 )𝑉

04 Graph Attention Networks
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▪ Result

04 Graph Attention Networks
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▪ Attention Score Visualization

• Color = Class of node

• Edge thickness = average of multi-head attention score 

04 Graph Attention Networks
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▪ Conclusion

• Attention

✓ Attention: Query와 key의 유사도를 계산한 후 value의 가중합을 계산하는 과정

• Graph Neural Network

✓ Graph 구조를 학습하는 딥러닝 모델

✓ Text, Image 데이터를 그래프로 표현해서 학습하는 모델들도 연구가 많이 되고 있음

• Graph Attention Network

✓ Attention 개념을 GNN에 적용하여 explainability + model performance 

04 Graph Attention Networks
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▪ Pytorch-Geometric

• Message Passing(Aggregate + Combine)

04 Graph Attention Networks
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