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Why Beyond GCN?
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Why Beyond GCN?
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Review: What Does GCN Do?

• Aggregate information from 

neighboring nodes

• Share the same transformation 

across all nodes

• Update node representations layer 

by layer

• Repeat across multiple GCN layers
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Limitation 1: Equal Importance of Neighbors
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Limitation 2: Fixed Aggregation
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Limitation 3: Limited Expressive Power

• Because GCN uses only MEANof neighbor features,

• GCN ignores how neighbors are connected

➔ lose important structural information
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Limitation 4: Over-Smoothing
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From GCN to Modern GNNs

Modern GNNs do NOT replace GCN.

They EXTEND& IMPROVEit by addressing its key limitations.
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A Unified Message Passing Framework
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A Unified Message Passing Framework

GNN Layer: Compressa set of vectors into single vector!

• Two- step process: Message Computation + Aggregation
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Two-step Process: (1) Message Computation

Message Function:

𝑚𝑢
𝑙 = 𝑀𝑆𝐺𝑙 ℎ𝑢

𝑙−1

• Intuition: Each node will create a message, which 
will be sent to other nodes later

• Example: 
A linear layer 𝑚𝑢

𝑙 = 𝑊𝑙ℎ𝑢
𝑙−1 Multiply node features 

with weight matrix 𝑊𝑙
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Two-step Process: (2) Aggregation

• Intuition: Node 𝑣 will aggregate the messages 
from its neighbors 𝑢

• Example: Sum( ⋅ ), Mean( ⋅ ), or Max( ⋅ )

ℎ𝑣
𝑙 = 𝐴𝐺𝐺𝑙 𝑚𝑦

𝑙 , 𝑢 ∈ 𝑁 𝑣

ℎ𝑣
𝑙 = 𝑆𝑢𝑚 𝑚𝑦

𝑙 , 𝑢 ∈ 𝑁 𝑣
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Issue on Message Aggregation
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Issue on Message Aggregation – Formal Solution
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Nonlinearity (activation): Adds expressiveness
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Message + Aggregation + Nonlinearity
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Comparative Analysis of Representative 
GNN Models
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Recap: Graph Convolutional Networks 1/2
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Recap: Graph Convolutional Networks 2/2
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GraphSAGE (1/4)

GraphSAGE (GraphSample And aggreGatE)

Introduced in the paper "Inductive Representation Learning on Large 

Graphs" (NeurIPS 2017), is a graph neural network (GNN) model designed 

to efficiently learn node embeddings on large-scale graphs.

Feature GCN GraphSAGE

Self Feature Self-loop Concatenate

Aggregator Mean Mean / Pool / LSTM

Learning Transductive Inductive

Normalization Degree Normalization Optional L2 Normalization

Scalability Moderate High

Main Strength Simple & Effective Flexible & Scalable

William Hamilton, Rex Ying, Jure Leskovec
CS, Stanford University, CA, USA

https://arxiv.org/abs/1706.02216 

https://arxiv.org/abs/1706.02216
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GraphSAGE (2/4) - Embedding

ℎ𝑣
𝑙 = 𝜎 𝑊𝑙 ⋅ 𝐶𝑂𝑁𝐶𝐴𝑇 ℎ𝑣

𝑙−1, 𝐴𝐺𝐺 ℎ𝑢
𝑙−1, ∀𝑢 ∈ 𝑁 𝑣

Two-stage Aggregation

Stage 1: Aggregate from node neighbors

ℎ𝑁 𝑣
𝑙−1 ← 𝐴𝐺𝐺 ℎ𝑢

𝑙−1, ∀𝑢 ∈ 𝑁 𝑣

Stage 2: Combine with the node itself

𝐶𝑂𝑁𝐶𝐴𝑇 𝐻𝑣
ℎ, ℎ𝑁 𝑣

𝑙−1

• GCN: The node itself is included in 

the aggregation.

• GraphSAGE: The node itself is 

concatenated with the aggregated 

neighbor representation.Message is computed with 𝐴𝐺𝐺 ⋅
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GraphSAGE (3/4) - Aggregation Approaches

Mean Aggregator

𝐴𝐺𝐺 = ෍

𝑢∈𝑁 𝑣

ℎ𝑢
ℎ−1

𝑁 𝑣

• Very simple

• Similar to GCN aggregation

• No complex transformation

Pooling Aggregator

𝐴𝐺𝐺 = 𝑀𝑒𝑎𝑛 𝑀𝐿𝑃 ℎ𝑢
𝑙−1 , ∀∈ 𝑁 𝑣

Can apply 𝑀𝑎𝑥 ⋅  instead

LSTM Aggregator 𝐴𝐺𝐺 = 𝐿𝑆𝑇𝑀 ℎ𝑢
𝑙−1, ∀∈ 𝑁 𝑣

• More expressive than the Mean aggregator.

• Uses a nonlinear transformation to extract important patterns.

• Remains permutation- invariant by applying Mean or Max aggregation.

• Learns complex interactions among neighboring nodes.

• However, LSTM is sensitive to the input order and is not inherently permutation- invariant.

• To reduce this issue, the neighbors are randomly shuffled before being processed by the LSTM.
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GraphSAGE (4/4) - L2 Normalization

Why normalization?

• Embedding magnitudes may vary across layers.

• L2 normalization keeps all embeddings at the same scale.

• This helps stabilize training and may improve performance.

ℎ𝑣
𝑙 =

ℎ𝑣
𝑙

ℎ𝑣
𝑙

2

, where ⋅ 2 = ෍

𝑖

𝑢𝑖
2

What does it help?

• Optionally apply L2 normalization after each layer.

• It rescales every embedding vector to have unit length.

• This stabilizes training by keeping all embeddings on the same scale.

• The vector direction is preserved, while only its magnitude is normalized.

• Whether it improves performance depends on the dataset.
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Why GraphSAGE is Inductive?

GraphSAGElearns a parameterized aggregation functionthat generates 
embeddings based on node features & local neighbors

Once learned, the same function can embed unseen nodesor even unseen graphs.
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Graph Attention Networks (GAT)

GAT (Graph ATtentionNetworks)

Introduced in the paper "Graph Attention Networks" (ICLR 2018), GAT is a 

graph neural network (GNN) model that learns the importance of 

neighboring nodes using an attention mechanism.

Feature GCN GraphSAGE GAT

Self Feature Self-loop Concatenate Self-loop

Neighbor Weight Fixed Fixed Learnable Attention

Aggregator Mean Mean/Pool/LSTM Attention-weighted Sum

Learning Transductive Inductive Transductive

Normalization Degree 
Normalization

Optional L2 
Normalization

Softmax Attention

Scalability Moderate High Moderate

Main Strength Simple & Effective Flexible & Scalable Adaptive Neighbor 
Importance

P. Veličković, G. Cucurull, A. Casanova, A. Romero, P. Liò, Y. Bengio
(Cambridge Univ.; Centre de Visio per Computador, UAB; Montreal Institute for Learning Algorithms) 

https://arxiv.org/abs/1710.10903

https://arxiv.org/abs/1710.10903
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Graph Attention Networks (GAT)

ℎ𝑣
𝑙 = 𝜎 ෍

𝑢∈𝑁(𝑣)

𝛼𝑣𝑢 𝑊
𝑙ℎ𝑢

𝑙−1

GCN & GraphSAGE

𝛼𝑢𝑣 =
1

𝑁(𝑣)
The weighting factor (importance) of 
node 𝑢’s message to node 𝑣

Defined explicitly based on the 
structural properties of the graph
(Node Degree)

All neighbors 𝑢 ∈ 𝑁 𝑣 :  equally importantto node 𝑣

This is problematic
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Graph Attention Networks (GAT)

ℎ𝑣
𝑙 = 𝜎 ෍

𝑢∈𝑁(𝑣)

𝛼𝑣𝑢 𝑊𝑙ℎ𝑢
𝑙−1

Attention Weights

Not all node’s neighbors are equally important!

Attention:
𝛼 focuses on the important parts of 
the input data & fades out the rest.

Idea: 
NN should devote more small computing but important part of data

• Which part of data is more important depends on context

• The importance is learned through training
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Graph Attention Networks (GAT)

Research Question:

Can we do better than simple neighborhood aggregations?

Goal: 
Specify arbitrary importance to different 
neighbors of each node in the graph

Idea: 
Compute embedding ℎ𝑣

𝑙 of each node in the 
graph following attention strategy!

• Nodes attend over their neighborhoods’ message

• Implicitly specifying different weights to different 

nodes in a neighborhood
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Attention Mechanism in Graphs (1/2)

Use an attention mechanism 𝑎 to compute the attention weight 𝛼𝑣𝑢

For each pair of connected nodes 𝑢 and 𝑣,
compute an attention score:

𝑒𝑣𝑢 = 𝑎 𝑊𝑙ℎ𝑢
𝑙−1,𝑊𝑙ℎ𝑣

𝑙−1

𝑒𝑢𝑣 measures how important 
node 𝑢’s message to node 𝑣

𝑎 ⋅,⋅ : attention mechanism (function)

Note: 
• 𝑒𝑢𝑣 is scalar score,
• 𝑢: source (neighbor), 𝑣: target (𝑢 → 𝑣)
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Attention Mechanism in Graphs (2/2)

𝑒𝑣𝑢 = 𝑎 𝑚𝑣
𝑙 , 𝑚𝑢

𝑙

= LeakyLeRU 𝐚𝑇 𝐦𝑣
𝑙 ||𝐦𝑢

𝑙 , where 𝐚 ∈ ℝ2×𝐹′

Transform a node feature to message:

𝐦𝑢
𝑙 = 𝑊𝑙ℎ𝑢

𝑙−1, where 𝑚𝑢
𝑙 ∈ ℝ𝐹′

𝐦𝑣
𝑙 = 𝑊𝑙ℎ𝑣

𝑙−1, , where 𝑚𝑣
𝑙 ∈ ℝ𝐹′

Compute raw attention score:

Where || denote concatenate operator,
𝐚 is learnable attention parameter vector

𝐹′is the output dimension

Two node features

Concatenate

Dot product with a

One score (scalar)
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Attention Weight & Weighted Aggregation

Raw score → Attention weight

𝑒𝑣𝑢 = LeakyLeRU 𝐚𝑇 𝐦𝑣
𝑙 ||𝐦𝑢

𝑙 , where 𝐚 ∈ ℝ2×𝐹′

ℎ𝑣
𝑙 = 𝜎 ෍

𝑢∈𝑁(𝑣)

𝛼𝑣𝑢 𝑊𝑙ℎ𝑢
𝑙−1

𝛼𝑣𝑢 =
exp 𝑒𝑣𝑢

σ𝑘∈𝑁 𝑣 exp 𝑒𝑣𝑘

Applying softmax so that σ𝑢∈𝑁 𝑣 𝛼𝑣𝑢 = 1
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How Are Attention Parameters Learned?

GAT has two main types of learnable parameters:

𝐖𝑙 and 𝐚

Computes attention scores 
between connected nodes

Transforms node features 
into messages

Both parameters are updated together through 
backpropagation to minimize the final task loss

𝐖𝑙 and 𝐚 𝑒𝑣𝑢 𝛼𝑣𝑢
softmaxNode features
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Multi-Head Attention in GAT

Use multiple attention heads to learn different neighbor importance.



36 소프트웨어 꼰대 강의 | 노기섭 교수

Why Use Attention in GNNs?

Different Importance for Different Neighbors
• Learns which neighbors are more important for each target node.

𝛼𝑣𝑢1 ≠ 𝛼𝑣𝑢2 ≠ 𝛼𝑣𝑢3

Computationally Efficient
• Attention scores for different 

edges can be computed in 
parallel.

Localized
• Attention is computed only over 

the local neighborhood 𝑁(𝑣).

Inductive
• The same attention mechanism can be 

applied to unseen nodes and graphs.
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