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Regularization

• Methods to prevent OVERFITTING

1. Adding some constraints to objective function:
• L1-, L2-regularization

• Kullback-Leibler Divergence

2. Adding some (noisy) information to data/model:
• Noise Layer

• Dropout Layer

• Batch Normalization

3. Early stopping

4. ...
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Regularization in Regression

• L1, L2 Regularization

• Basic Idea:
• To make parameters as small as possible.

y=0x^5+0x^4+0x^3+0x^2+0.0021 x – 0.0021

y=x^5-7.5x^4+22.2x^3-32.5x^2+23.2x-6.5
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Graph Autoencoder
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Regularization in Autoencoder

• We want the embeddings to follow a certain 
distribution (such as Gaussian).

1. KL-regularization?

2. Adversarial regularization
• We make a discriminator to distinguish real embeddings from 

random embeddings (e.g. drawn from N(0,1)). 

• We train both encoder and discriminator adversarially.
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Adversarially Regularized Graph Autoencoder

• Reconstruction loss:

• X: input feature, A: graph structure

• Z: embedding

• A: reconstructed graph structure:

• Adversarial regularization

• D(z): discriminator
• Returns 1 if z is randomly generated, 0 otherwise.

• G(X,A): encoder
• Returns the embedding given X and A

∧
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Performance (described in the paper)
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Visualization (described in the paper)

• Dimension reduction with tSNE
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ARGA in PyTorch Geometric
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see 01-ARGA-link-prediction.py

Encoder: 2-layer GCN

Discriminator: MLP

Decoder: InnerProduct (default)



ARGA in PyTorch Geometric
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see 01-ARGA-link-prediction.py

training the discriminator

reconstruction loss
loss regarding the discriminator

(without this line, it is identical to a GAE)



GAE vs ARGA (자체실험)

• Data: Synthetic random tree

• Embedding: 2D vector

• Color: Leaf/Nonleaf

• see 02-ARGA-on-tree.py
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GAE ARGA


