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This paper [1] investigating how the eigenvalues change after a edge (or a sequence of edge) is being flipped. It can be
proved that the larger eigenvalues of A in the robust interval changes less than smaller eigenvalues, indicating that the
low-frequency components in the robust interval are more robust against one-edge perturbation. Therefore, the GCNs
can be more robust against structural perturbations when their eigenvalues fall into a certain robust interval. Motivated
by the theory, they present GCN-LFR (low-frequency based regularization), a general robust training paradigm for
GCN-based models, that suggest training an auxiliary network jointly with the original model through parameter sharing
to transfer the robustness of low-frequency component. The model is shown below.

Figure 1: Overview of GCN-LFR

The update rule for the auxiliary regularization net is
feature transformation : H 0(l) = H (l) Θ,



0(l)
graph convolution : H (l+1) = σ U 0low F U 0>
H
low

where U 0low are the top-k low-frequency eigenvectors from poisoned graph and F is a learnable diagonal matrix with k
parameters as the graph filter. The F is supposed to learn the robust interval. So the auxiliary net is a learnable graph
filter that only uses low-frequency components. The supervised losses for the two network are the same and the total
loss is
Ltotal = (1 − α)LGCN + αLLFR .
In this way, we are able to compel the original model to learn a more reliable representation from the robust lowfrequency components.
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