
Lecture 20: Graph Neural Networks (cont)

Topics in AI (CPSC 532S): 
Multimodal Learning with Vision, Language and Sound



Logistics

Relatively short lecture today … RL next class 



Graph Neural Networks (GNNs)

Main Idea: Pass massages between pairs of nodes and agglomerate 

Alternative Interpretation: Pass massages between nodes to refine node 
(and possibly edge) representations

* slide from Thomas Kipf, University of Amsterdam
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Message Passing in GNNs

Node State 

(t+1)-th message passing step/layer 

Slide from Renjie Liao

Message Network

Message

Compute  
Messages

Aggregated Message

State Update Network

Updated Node State

Update 
Representation

Note: We can do all updates in parallel! (but can also be serial) 



GNN Instantiations
1. Compute Messages 

2. Aggregate Messages 

3. Update Node Representations
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A Brief History of Graph Neural Nets

* slide from Thomas Kipf, University of Amsterdam
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GCN with different node types and feature dimensions
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Kipf & Welling (ICLR 2017), related previous works by Duvenaud et al. (NIPS 2015) and Li et al. (ICLR 2016) 
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GNNs with Edge Embeddings
Battaglia et al. (NIPS 2016), Gilmer et al. (ICML 2017), Kipf et al. (ICML 2018) 

* slide from Thomas Kipf, University of Amsterdam

Note: The nodes and edges need  
not to have same dimensional  
representations; (the FC layers) 
will take care of this 
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GNN Relationship to Transformers 

Image	Credit:	[9]	&	https://towardsdatascience.com/illustrated-guide-to-transformers-step-by-step-explanation-f74876522bc0

— Attention can be viewed as the weighted 
adjacency matrix of a fully connected graph! 
— Transformers (esp. encoder) can be viewed as 
GNNs applied to fully connected graphs!

Slide from Renjie Liao

https://towardsdatascience.com/illustrated-guide-to-transformers-step-by-step-explanation-f74876522bc0


GNN Relationship to Transformers 

Image	Credit:	[9]	&	https://towardsdatascience.com/illustrated-guide-to-transformers-step-by-step-explanation-f74876522bc0

— Apply the adjacency matrix as a mask to the attention and renormalize it, is like 
Graph Attention Networks (GAT) [10] 
— Encoder connectivities/distances as bias of the attention [11]

Slide from Renjie Liao
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So far … we mainly focused on graph filtering

Goal: Refine node (or possibly) edge feature



We can also do graph pooling

Graph	Pooling

Goal: Generate a smaller graph that captures original graphs information



Global pooling vs. Graph Pooling



Issue: Global pooling over a (large) graph will lose information 

Toy example: we use 1-dim node embeddings 
Node embeddings for 𝐺1 = {−1, −2, 0, 1, 2} 
Node embeddings for 𝐺2 = {−10, −20, 0, 10, 20} 

Clearly 𝐺1 and 𝐺2 (have very different node embeddings) 

If we do global ReLU(Sum()) pooling: 
Prediction for 𝐺1 = 0 
Prediction for 𝐺2 = 0  

We cannot differentiate 𝐺1 and 𝐺2
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A solution: Let’s aggregate all the node embeddings hierarchically 

Toy example: We will aggregate via ReLU(Sum()). We first separately aggregate the 
first 2 nodes and last 3 nodes. Then we aggregate again to make the final prediction.  

𝐺1 node embeddings: {−1, −2, 0, 1, 2}  
Round 1:  ReLU(Sum({−1, −2})) = 0, ReLU(Sum({0,1,2})) = 3 
Round 2:  ReLU(Sum({0,3})) = 𝟑 

𝐺2 node embeddings: {−10, −20, 0, 10, 20} 
Round 1: ReLU(Sum({−10, −20})) = 0,  ReLU(Sum({0,10, 20})) = 30 
Round 2: ReLU(Sum({0, 30})) =𝟑𝟎 

Now we can tell the difference!

Global pooling vs. Graph Pooling
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Graph Pooling



Deeper GNNs (more layers)

Depth in GNNs increases receptive field and model capacity 
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Deeper GNNs (more layers)

Depth in GNNs increases receptive field and model capacity 

However, unlike in CNNs, deeper GNN models generally do not work well



Deeper GNNs (more layers)



Latent node vectors get closer to each other as the number of GCN layers 
increases, this makes it difficult to distinguish nodes in deeper GCNs

Deeper Insights into Graph Convolutional Networks for Semi-Supervised Learning. AAAI 2018

Deeper GNNs (more layers) — Oversmoothing



Recall GCN propagation equation: 

Lets assume we have no non-linearity 

where       is an eigenvector corresponding to largest eigenvalue of 
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GNN Oversmoothing

Oversmoothing is theoretically proven 

— Deeper GCN converge to a solution where connected nodes will have similar 
latent vectors  
— Such convergence in GCN happens very quickly (exponential to the depth), 
regardless of the initial node vectors 

Similar results can be derived for other generic “vanilla” GNNs



Combining a proper normalizer and a residual node update formulation 
addresses oversmoothing (in many cases) 

— Normalization (PairNorm) 

— Residual update

•  –  Residual terms keep the norm of loss gradients in a moderate scale [Kipf_Welling17GCN]  

GNN Oversmoothing

PairNorm: Tackling Oversmoothing in GNNs. ICLR 2020



Deeper GNNs (more layers)



GNN Scalability 
Node-wise local neighborhood sampling  
— Sample a set of neighborhoods instead of using the entire local neighborhood 

• Inductive	Representation	learning	on	Large	Graphs	(NIPS’17)
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Subgraph-wise sampling 



1.	Select	a	subgraph

GNN Scalability 
Node-wise local neighborhood sampling  
— Sample a set of neighborhoods instead of using the entire local neighborhood 
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2.	Run	the	GNN	only	on	the	
subgraph

1.	Select	a	subgraph

GNN Scalability 
Node-wise local neighborhood sampling  
— Sample a set of neighborhoods instead of using the entire local neighborhood 

Subgraph-wise sampling 



3.	Repeat

2.	Run	the	GNN	only	on	the	
subgraph

1.	Select	a	subgraph

GNN Scalability 
Node-wise local neighborhood sampling  
— Sample a set of neighborhoods instead of using the entire local neighborhood 

Subgraph-wise sampling 



1. Run	a	clustering	algorithm	
2. Select	subgraph/cluster	
3. Run	full-batch	GNN	on	the	

small	subgraph

GNN Scalability 
Node-wise local neighborhood sampling  
— Sample a set of neighborhoods instead of using the entire local neighborhood 

Subgraph-wise sampling 

Clustering algorithms (Cluster GCN)



• Some	edges	are	lost/
ignored	

• GNN	is	now	split	into	
different	batches/clusters

Block	diagonal	approximation	of	A

GNN Scalability 
Node-wise local neighborhood sampling  
— Sample a set of neighborhoods instead of using the entire local neighborhood 

Subgraph-wise sampling 

Clustering algorithms (Cluster GCN)



GNN Scalability 
Node-wise local neighborhood sampling  
— Sample a set of neighborhoods instead of using the entire local neighborhood 

Subgraph-wise sampling 

Clustering algorithms (Cluster GCN)



How do we use GNN / GCN for real 
problems? 



Classification and Link Prediction with GNNs / GCNs

* slide from Thomas Kipf, University of Amsterdam
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Semi-supervised Classification on Graphs
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Semi-supervised Classification on Graphs

* slide from Thomas Kipf, University of Amsterdam



Protein Interface Prediction



Protein Interface Prediction



Node features only:

Node features + edge features:

Neighbor nodes j are ordered by distances from the node i 

Protein Interface Prediction

Node features + edge features:



Protein Interface Prediction



Recommender Systems

Graph Neural Networks in Recommender Systems: A Survey, Wu et al

Typical framework of GNN in user-item collaborative filtering



Recommender Systems

Graph Neural Networks in Recommender Systems: A Survey, Wu et al



Graph Neural Networks in Recommender Systems: A Survey, Wu et al

Recommender Systems



G3raphGround: Graph-based  
Language Grounding

1

Leonid SigalMohit Bajaj Lanjun Wang



Image Grounding: Beyond Object Detection  

Given the image and one or more natural language phrases, locate regions 
that correspond to those phrases. 



Image Grounding: Beyond Object Detection  

Given the image and one or more natural language phrases, locate regions 
that correspond to those phrases. 

Fundamental task for image / video understanding  
— Helps improve performance on other tasks (e.g., image captioning, VQA)
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Proposed Architecture



Experiments

Datasets 

— Flickr30K Entities: (mostly noun) Phrases parsed from image captions 

— ReferIt Game: Unambiguous single phrases  

Evaluation  

— Ratio of correctly grounded phrases to the total phrases



Qualitative Results: Flickr30K



Quantitative Results 
Flickr30k Entities:
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Flickr30k Entities:



Quantitative Results 
Flickr30k Entities: ReferIt Game:



Ablation



Ablation



Visualizing Graph Attention



Energy-Based Learning for 
Scene Graph Generation

Mohammed Suhail

+ + +



Scene Graphs:
A graph based data structure for semantically representing image content



Scene Graphs 
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Scene Graph Generation 
Pipeline



OBJECT DETECTOR

person

beach

surfboard

EXTRACTION

LABEL

PREDICTION

STATE INITIALIZATION

CONTEXT

ENCODING

SCENE GRAPH

beach surfboard

person

sta
nding 

on
holding

FEATURE
EMBEDDING

LABEL
EMBEDDING

FEATURE
LOSS 

COMPUTATION
beach surfboard

person

sta
nding 

on
holding



OBJECT DETECTOR

person

beach

surfboard

EXTRACTION

LABEL

PREDICTION

STATE INITIALIZATION

CONTEXT

ENCODING

SCENE GRAPH

beach surfboard

person

sta
nding 

on
holding

FEATURE
EMBEDDING

LABEL
EMBEDDING

FEATURE
LOSS 

COMPUTATION

beach

surfboard

person

standing 
on

holding

Cross 
Entropy 

Loss



KERN Architecture



Graph RCNN
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Visualizations
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Conclusions
— Deep learning on graphs works and is very effective! 

— Exciting area: lots of new applications and extensions (hard to keep up) 

Open problems: 
— Theory 

— Scalable, stable generative models 

— Learning on large, evolving data 

— Multi-modal and cross-model learning (e.g., sequence2graph) * slide from Thomas Kipf, University of Amsterdam
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