GC-Flow: A Graph-Based Flow Network for Effective Clustering
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GCN's Limitation

Graph convolutional network (GCN) [1] is a seminal deep learning model for semi-
supervised learning on graphs. It capitalizes on the graph structure underlying data
to achieve effective classification.

However, GCN and other GNNs may not produce node representations with useful
information for goals different from classification; e.g., the representations do not
cluster well.

GC-Flow

Probability Model and Training Objective

More Results

Question: Can we build a graph representation model that is effective for not only
classification but also clustering?

Answer: Rather than construct a discriminative model p(y|x) as all GNNs do, we
build a generative model p(x|y)p(y) whose class conditional likelihood is defined
oy explicitly modeling the representation space.

FlowGMM [2]: FlowGMM is a normalizing flow that maps the distribution of input
features to a Gaussian mixture, resulting in well-structured clusters.
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Figure: The framework of FlowGMM.

GC-Flow: We propose graph convolutional normalizing flow (GC-Flow), which

A major distinction between GC-Flow and a usual GNN lies in the training objec-
tive (which requires a probability model). We use a maximum-likelihood type of
objective, which is equivalent to maximizing the likelihood that Z forms a Gaussian

mixture:
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where D; and D,, denote the set of labeled and unlabeled nodes, respectively.
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We use p(X) and w(Z) to denote the joint distribution of the node feature vectors
and that of the representations, respectively. The change-of-variable formula gives

p(X) = (Z)| det VF(X)]. (3)

We assume the node features to be iid p(X) = p(x1)p(x2) - - - p(x,) and also model
the representations to be iid p(Z) = p(z1)p(22) - - - p(z,).

Determinant Lemma

The Jacobian determinant of the GC-Flow F is

T n ,
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Based on the lemma, we model the class prior p(y) and the class conditional likeli-
hood p(x|y) as
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Comparison with more clustering methods:

Table: Clustering performance of various GNN methods (Cora).
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GC-Flow 0.621 +0.013 0.631 £+ 0.008 0.734 + 0.006
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Figure: Convergence of the training loss

(Cora).

Analysis on depth:
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Figure: Performance variation w.r.t. the

labeling rate (Cora).
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GC-Flow for semi-supervised clustering and classification. Figure: Performance variation w.r.t. the network depth (i..e, number of constituent flows).

Figure: Representation space of Cora. Left to right: FlowGMM; GCN; GC-Flow.
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Code Is available at: https:.//github.com/xztcwang/GCFlow
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