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Motivation

1. GCN ignores some local information at each node in the
graph, so data preprocessing is incomplete and the

model generated is not accurate enough.

2. Unsupervised graph analysis methods pay more attention
to the local adjacency of nodes in the graph, so it is a
feasible idea that they can solve the problem and optimize

data processing of GCN.

3. When processing GCN data, we do not hope to expand
the scale of the original data.



Main idea

1. Feature mapping in the spectral domain is required
during training. The mapped matrix is the decomposition
matrix of the Laplacian matrix, so we think that adding local
features to the Laplacian matrix can achieve the goal.

2. Define the rules of local features to make the nearest
local features more important.

3. When calculating the high-order matrix, we can adjust
the calculation order of each node because the calculation
IS synchronous.



Method

1. Unbalanced method: For the input original matrix, we
directly calculate the high-order degree matrix of each node
one by one, and then use the degree matrix to calculate the

Laplacian matrix.
2. Balanced method: For the original input matrix, we first

sort it according to the local density of each node, and then
calculate their higher-order matrix.
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Algorithm 1 Third-order degree matrix computation

Input: adjacency matrix 4
Output: Laplacian matrix L
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D=sum(.4 row)
define D, and D;
D, D:=D
for 4;1n 4
for 4; in 4;
if nodes v; and v; are connected do
calculate D=D+a,D
for 4; mn 4;
if nodes v; and v; are connected do
calculate D=D+a,D;
end if
end for
end if
end for
end for
calculate L=p 24D ™"
return matrix L
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Major results (Cont’d)

Table 8 Comparison of our LDGCN algorithm and five
mainstream algorithms in terms of classification
accuracies

Method ;.%L‘CI.II‘HC}-'
Cora Citeseer Pubmed

SenuEmb 0.590 0.596 0.717
DeepWalk 0.672 0.432 0.653
Planetoid 0.757 0.647 0.619
GCN 0.815 0.703 0.790
Graphite 0.821 0.710 0.793
LDGCN 0.819 0.721 0.798

Best results are in bold



Conclusions

1. The existence of the extreme values indicates that the
optimal coordination parameters are related to the dataset.

2. This optimization of input data is not affected by the
epoch size.

3. When using different orders, the higher the order, the
smaller the improvement of the algorithm, and the more
time it takes to calculate the variable.

4. This improvement means that the focus of a GCN can
move slightly into the graph structure like the unsupervised
model.
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