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Housekeeping
✴ Midterm project III  

➡ Abstract submission deadline (Jan 10th) 

✓ Evaluation after final exam (1st week of Feb) 

✴ Final Exam (as per IISc schedule) 

✓ Jan 23rd afternoon!
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Deep learning on graphs
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Lets start with an example 
✴ Citation dataset 

✴ Citeseer (collection of papers) or Cora 
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Input features 
✴ Each paper in the dataset is converted to features (say Bag of Words)
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Standard deep learning 
✴ Find a relationship between the inputs and outputs 

✴ Find a relationship between the BoW features  and output class labels 

✴ Ignored any dependence between samples.



E9:309 Advanced Deep Learning

Given additional information between inputs
✴ For example in the citation dataset 

with N papers 

➡ If we know which papers cite 
which other papers 

➡ This can be represented as a 
binary matrix of size NxN   

➡ Relationship among documents 
exist which are not exploited in 
standard deep models. 
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Representing relationships in the input as graph
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Representing relationships in the input as graph
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Graph convolutional networks 
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Graph definition (Undirected)
✴ (V,E) denotes the vertices and edges in a graph 

✓ |V| - denotes the number of vertices N 

✴                        denote the adjacency matrix of the graph 

✓ Similarity or affinity of the vertices. Can also be binary matrix.  

✓ Symmetric and typically sparse matrix  

✴                                             denote the degree matrix 

<latexit sha1_base64="cgr2j9Oh/PTedBInT8YKHzfhch0="></latexit>

A = [aij ]

<latexit sha1_base64="DObK/PaIbe4sU3k7MVBt2l8fwSc="></latexit>

D = diag[d1, d2, ..., dN ]

<latexit sha1_base64="09stPg8pdoeSLlUuFsLlOG2I9kk="></latexit>

di =
X

j

aij
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Defining graphs 
✴ Input features 

✴ Input feature space  

✴ Hidden layer initialization  

<latexit sha1_base64="oeD0WdT6HKrPgJN2s2Hk5n4lGDc="></latexit>

xi 2 RD i = 1...N

<latexit sha1_base64="MPy/LbTQjLhvkiABF3PdyFDRE3c="></latexit>

X 2 RN⇥D

<latexit sha1_base64="aIgsiVRMMqB9q+//gYJbRP03DCs="></latexit>

H
0 = X
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3-steps in Graph convolutional networks
✴ I. Feature propagation 

<latexit sha1_base64="rKTlBWxQi9zmkKmk0WyYAXdOgSw="></latexit>

h̄k
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hi

di + 1
+

NX

j=1

aijp
(di + 1)(dj + 1)
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j

<latexit sha1_base64="HJF++TFOCgAhVbd37dxvvpSSUog="></latexit>

Ā = A+ I
<latexit sha1_base64="1zLd64WA10Zc7jTQrzNDoAnXH2U="></latexit>

D̄ = D+ I
<latexit sha1_base64="N5+2F51vY4Bed0OeyqhibGhen5c="></latexit>

S = D̄� 1
2 ĀD̄� 1

2

Adding  
self 

connections

Normalized Adjacency matrix

<latexit sha1_base64="uXjjMPvy1WI/o0IjzicRxM6tiuk="></latexit>

H̄
l+1 = SH

l

✴ Intuitively, this step smoothes the hidden representations locally along the 
edges of the graph and encourages similar predictions among locally 
connected nodes.
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Graph convolutions
✴ II. Weights and non-linearity  

➡ Sigma is any non-linearity like sigmoid or ReLU 

➡ A GCN layer is identical to a standard MLP. Each layer is associated with a 
learned weight matrix, and the smoothed hidden feature representations 
are transformed linearly.  

➡ Finally, a nonlinear activation function such as ReLU is applied pointwise 
before outputting feature representation

<latexit sha1_base64="RykuyEvkhioGN0HP9/8sCCL9hNo="></latexit>

H
l+1 = �(H̄l+1

W
l+1)



E9:309 Advanced Deep Learning

Graph convolutions
✴ II. Output layer 

➡ where the predicted model outputs and the true targets are   

➡ The model can be trained using a cross entropy loss  

๏ or other types of logistic loss functions 

<latexit sha1_base64="U7UsGeZjz3+cgcXB38epSqjMvSs="></latexit>

Ŷ = Softmax(SHL�1
W

L)

<latexit sha1_base64="B1Qv0lZvu/fM46joNL+PTIYkYq0="></latexit>

(Ŷ,Y) 2 RN⇥C
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Overview of GCN
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Application
✴ Note - GCN cannot be used for predictions of test data like standard MLP 

➡ The test data must be embedded in the graph and must be learned 
during training. 

✴ Semi-supervised learning 

➡ Only a subset of the nodes have labels 

✓ Model can still be learned using loss function defined on the subset of 
the labelled nodes 

✓ Learning in GCN happens as full-batch learning on entire training set. 
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Semi-supervised learning using GCN


