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1 Graph Representation

A main issue with handling graphs is their flexible size, which is why graph
data can not be easily arranged in tensors as it is done for example in
image processing. Especially arranging smaller graphs of different sizes in
mini-batches poses a problem with fixed sized tensors. A way to circumvent
this problem is to use zero-padding with masking or composite tensors such
as ragged or sparse tensors. Another possibility is to join small graphs into
a single large graph, where the individual subgraphs are not connected to
each other, which is illustrated in Figure 1 and is often referred to as
disjoint representation. In this representation, the graph or batch
assignment has to be stored separately for both nodes and edges. The
tensors used to describe a graph are typically given by a list of node
features or embeddings, a connection table or list of edge indices of
incoming and outgoing nodes (i, j) and a corresponding list of edge
features. Here, let N be the number of nodes, F denote the dimension of
the node representation and M the number of edges. A common
representation of a graph’s structure is given by the adjacency matrix
A ∈ NN×N

0 which has Aij = 1 if the graph has an edge between nodes i and
j and Aij = 0 otherwise. For the total number of edges in the graph follows
M =

∑
ij

Aij. With a disjoint graph representation, convolution operations

and layer-wise propagation l as defined by GCN f(H(l), A) = σ(AH(l)W (l))
can be understood as matrix multiplication of adjacency matrix and node
embeddings H with a learnable kernel matrix W and a non-linearity σ,
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Figure 1: Disjoint graph representation with adjacency matrix A, node list
X and connection table m. Edge features are added in the form of a feature
list e or a feature matrix E matching A. The indices in m match the total
graph as indicated by arrows. The subgraph distinction encoded by color has
to be stored separately. The feature or embedding dimension is considered
going into the image plane.

depicted in Figure 1b and 1c. However, with RaggedTensors, node features
and edge index lists can be passed to Keras models with a flexible tensor
dimension that incorporates different numbers of nodes and edges. For
example, a ragged node tensor of shape (batch, None, F) can accommodate
a flexible graph size in the second dimension. The edge indices directly
refer to the nodes in each graph and an additional graph assignment tensor
is not necessary, in contrast to the disjoint representation. Designing and
debugging models in a functional way is therefore simplified. It is to note
that even sparse matrices, which are commonly used to represent the
adjacency matrix in a disjoint representation, are internally stored as a
value plus index tensor. This means that the ragged tensor representation
can be cast into a sparse or padded representation with little cost, if
necessary. TensorFlow 2 further supports limited sparse matrix operations,
which can be used for graph convolution models like GCN.
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