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Problem Setting

* Previous problem in Unsupervised representation learning in graph

* Traditional metrics such as personalized PageRank use random walk for unsupervised
representation learning

* However, random walk objective is known to over-emphasize proximity information
at the expense of structural information

* Also, performance depends highly on hyperparameters such as temperature in
heat kernel

* What about Mutual Information Maximization?

* Deep InfoMax (DIM) trains encoder to maximize the mutual information between
high-level global representation and local part of the input

* In Deep Graph Infomax (DGIl) adapts idea from DIM to graph-structured domain
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Deep Graph Infomax (DGl)

* Contributions
* Learn node representation in an unsupervised manner

* Maximize mutual information between node representation and global representation

* First approach to use mutual information maximization in graph structured data
* Outperform both supervised and unsupervised baselines



Method

* Local — Global Mutual Information Maximization
* Maximize M| between node representation, h and summary representation, s
* Summary representation of the graph is obtained by readout function

* For implement, DGI use discriminator, D which represents scores that measures the
closeness between h and s

* Negative samples required for the discriminator is provided by corruption function C
* In inductive setting, choice of corruption function may govern the property of encoder

* Use noise-contrastive type objective with standard binary cross-entropy loss



Method

|. Sample a negative example by using corruption function C
2. Get patch representation h by encoder: H = (X, A) = {hl,hz S -,EN}

3. Get patch representation h by encoder: H = s(X A) {hl, h,, ,I_{N} from
negative sample graph

4. Summarize input graph by readout function: s = R(H)

5. Update ¢, R, D maximizing mutual information
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Method

 Mutual Information Maximization

N

I M
]' # T —F : —_
TN+ M (Z Eoca) [loe? (R 5) ] + 3 Eix |:l{}g (1 P (h'j’ﬁ) >”
i=1 =1

* Based on MINE[Hjelm et al. (2018)] which has noise-contrastive objective with binary
cross-entropy loss between the samples from the joint and marginal distribution: in

this case positive sample vs negative sample
« Maximize Ml between h; and S, based on Jensen Shannon divergence between the
joint and the product of marginals
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Experiment

Table 1: Summary of the datasets used in our experiments.

Dataset Task Nodes Edges Features Classes Train/Val/Test Nodes
Cora Transductive 2,708 5,429 1,433 7 140/500/1,000
Citeseer Transductive 3,327 4,732 3,703 6 120/500/1,000
Pubmed Transductive 19,717 44,338 500 3 60/500/1,000
Reddit Inductive 231,443 11,606,919 602 41 151,708/23,699/55,334
. 56,944 121 44,906/6,514/5,524
PPI Inductive 94 oraphsy  S18:716 0 multilbl.) (20/2/2 graphs)

* Dataset for the experiment
e Cora, Citeseer, Pubmed for node classification task
e Reddit, PPl for inductive task



Experiment

* Transductive learning
* For transductive dataset; Cora, Citeseer, Pubmed
* One layer GCN model with following propagation rule,
E(X,A) =0 (ﬁ—%iﬁ—%xe)

* In transductive setting, corruption function only corrupts node feature matrix, leaving adjacency
matrix identical

* Inductive learning on large graph
* In inductive learning since number of nodes are not fixed, they apply the mean-pooling rule from
GraphSage
MP(X,A) = D"'AX® MP(X,A) = 0 (XO'|MP(X,A))  &(X,A) = MP3(MPy(MP;(X,A),A),A)
* Use 3 layer mean pooling with skip connection
* Inductive learning on multiple graphs
* Randomly select different graph with dropout ratio for corrupted graph



Experiment

Transductive
Available data Method Cora Citeseer Pubmed
X Raw features 479+ 04% 493+02% 69.1+03%
AY LP (Zhu et al., 2003) 68.0% 45.3% 63.0%
A DeepWalk (Perozzi et al., 2014) 67.2% 43.2% 65.3%
X, A DeepWalk + features 707 +£06% 514+05% 743+09%
X, A Random-Init (ours) 693+14% 619+1.6% 69.6+19%
X, A DGI (ours) 823+06% 718+0.7% 768+ 0.6%
X,AY GCN (Kipf & Welling, 2016a) 81.5% 70.3% 79.0%
X,AY Planetoid (Yang et al., 2016) 75.7% 64.7% 77.2%

Inductive

Available data Method Reddit PPI
X Raw features 0.585 0.422
A DeepWalk (Perozzi et al., 2014) 0.324 —
XA DeepWalk + features 0.691 —
X, A GraphSAGE-GCN (Hamilton et al., 2017a) 0.908 0.465
X, A GraphSAGE-mean (Hamilton et al., 2017a) 0.897 0.486
X, A GraphSAGE-LSTM (Hamilton et al., 2017a)  0.907 0.482
X, A GraphSAGE-pool (Hamilton et al., 2017a) 0.892 0.502
X, A Random-Init (ours) 0.933 £ 0.001 0.626 + 0.002
X, A DGI (ours) 0.940 + 0.001 0.638 + 0.002
X,AY FastGCN (Chen et al., 2018) 0.937 —
X,AY Avg. pooling (Zhang et al., 2018) 0.958 4+ 0.001 0.969 + 0.002

* DGI allows every node to have access to structural properties of the entire graph,
whereas supervised GCN is limited to only two-layer neighborhoods



Open Source Code

* Link
* https://pytorch-
geometric.readthedocs.io/en/latest/_modules/torch_geometric/nn/models/deep_graph

infomax.html#DeepGraphlnfomax

* Experiment Code
* https://github.com/snubeaver/pytorch_geo/blob/master/examples/infomax.py
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Open Source Code Review

Init 20| M= encode® =2} summary, corruption

def init (self, hidden_channels, encoder, summary, corruption):

super(DeepGraphInfomax, self). init ()

self.hidden_channels = hidden_channels

self.encoder

self.summary

self.corruption

self.weight =

= encoder

= SUmMmary

corruption

Parameter(torch.Tensor({hidden_channels, hidden_channels))

self.reset parameters()
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Open Source Code Review

def forward(self, *args, **kwargs):
"""Returns the latent space for the inpuit arguments, their
corruptions and their summary representation.”""

pos_z = self.encoder{*args, **kwargs)

cor = self.corruption(*args, **kwargs)

cor = cor if isinstance(cor, tuple) else (cor, )

neg 7z = self.encoder{*cor)

summary = self.summary(pos_z, *args, **kwargs)
return pos_z, neg_z, summary
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Open Source Code Review

def loss(self, pos_z, neg_z, summary):

r"“"Computes the mutal information maximization objective. """
pos_loss = -torch.log(

self.discriminate(pos_z, summary, sigmoid=True) + EPS).mean()
neg loss = -torch.log(

1 - self.discriminate(neg _z, summary, sigmoid=True) + EPS).mean()

return pos loss + neg_loss

o 2N forwardO|Al LI M|7H2| I = loss® 0| £ =ICt Ol EA= 2HH7| =92l discriminator
O Z1tzx2! 0,104 CHSH binary cross entropy = ':'f: O‘|I| C.

def discriminate(self, z, summary, sigmoid=True):

r"""Given the patch-summary pair :obj: z" and :obj:  summary”, computes
the probability scores assigned to this patch-summary pair.

Args:
z (Tensor): The Llatent space.
sigmoid (bool, optional): If set to :ohj: False™, does not apply
the Llogistic sigmoid function to the output.
(default: :obj: True)

value = torch.matmul({z, torch.matmul{self.weight, summary))
return torch.sigmoid{value) if sigmoid else value
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Open Source Code Review

def train():
model.train()
optimizer.zero grad()
pos z, neg 7, summary = model(data.x, data.edge index)
loss = model.loss(pos z, neg z, summary)
loss.backward()

optimizer.step()
return loss.item()
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Reproduced Experiment using open-source

e Cora Dataset

* 300 epochs, latent dimension=512,Adam optimizer
* Accuracy:0.8190

e Citeseer Dataset

* 400 epochs, latent dimension=512,Adam optimizer
* Accuracy:0.7220

* Pubmed Dataset
* 400 epochs, latent dimension=512,Adam optimizer
* Accuracy: 0.7390
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