
Convolutional neural network



How human recognize an image?

Stanford, cs231n 2017



Hierarchical organization

-Simple cells:
Response to light orientation

-Complex cells:
Orientation & movement

-Hypercomplex cells:
Response to movement with
an end point

-Each neuron has a different role



MLP / simple fully connected later

-10 filter
 10 row * 1-3072  dot product  1-10 activation layer

3 color channel intensity



Explosion of model parameters

-Layer1: Node [n]  Layer2: Node [m] (all pairwise)  n*m
-Multiple layers  n*n*n*n … 
Too many parameters to learn
Even some of them might  be meaningless



Convolutional neural network



Convolutional neural network

-Chunk filter Sliding  compress the information



Convolutional neural network

-32 X 32  28 X 28 (1 activation map)



Convolutional neural network

Only green neuron can be activated

Only blue neuron can be activated

Only magenta neuron can be activated



Convolutional neural network

-Artificial filter  so that only some of the neuron can pass the information
Ex: blue filter  only blue neuron can pass the information  1 activation map

green filter …



Convolutional neural network

-# of activation map  number of x in the next layer



Convolutional neural network



Convolutional neural network

-1X1 filter with a certain depth 
 can modulate the output layer without changing the dimension
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Convolutional neural network

KAIST, cs492, 2017
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Calculating the dimension



Calculating the dimension



Zero padding

-Often the boundary is not very neat or discrete
-Compatibility between new source of data



Calculating the dimension



Pooling layer

-Down sampling  reduce computational cost
(Usually averaging)



Max pooling



FC: Fully connected layer
 MLP
 Usually, MLP classify really well
 After CNN, FC can be used for classifier



Convolutional neural network





Deeper  No benefit for improving “error”



Residual block

*Deeper: hard to learn everything, keep what you’ve learned before

-N-layer input: output (x) from the previous layer
-N-layer output: H(x)  start to learn from what you’ve learned before (x)
-Training: F(x): H(x) – x



No pooling, instead stride 2



1X1 bottleneck layer 
 reduce the computational cost

Return 256 dimesion





GCN



Graph structure



Graph structure

Training
Query 

classification



Graph structure



Graph structure
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Graph convolutional network

CNN updates values in activation map in each layer.
Values of activation map determine the state of image.

Values of each node feature determine the state of graph.
 Make each layer of network update values of each node feature



Graph convolutional network

Self Neighbor

Every nodes

Layer
Node feature matrix
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Graph convolutional network

H: feature matrix

# Node

X

# filter

W: weight matrix

Only takes the weight from the direct neighbors
New node feature matrix (H) = #node X #filter 



Readout layer (or Permutation invariance)

-The result should be same while the order 
of the nodes change (same graph)

H (feature matrix)  MLP 
 1 linear vector

Mathematically proved



Graph convolutional network



Inception

-Different filtering, pooling, … concatenate later depth increase
+ α



Inception

Information from direct neighbors Information from the second
direct neighbors



Inception

Math: GCN(i) * GCN(j)



Graph attention network

-Use different W from each neighbor  a!


