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ABSTRACT

Graph convolutional networks have risen in popularity in recent
years to tackle problems that are naturally represented as graphs.
However, real-world graphs are often sparse, which means that
implementing them on traditional accelerators such as graphics
processing units (GPUs) can lead to inefficient utilization of the
hardware. Spiking neuromorphic computers natively implement
network-like computation and have been shown to be successful
at implementing certain types of graph computations. In this work,
we evaluate the use of a simulated network of spiking neurons to
perform semi-supervised learning on graph data using only the
graph structure. We demonstrate that our neuromorphic approach
provides comparable results to graph convolutional network results,
and we discuss the opportunities for using neuromorphic computers
for this task in the future.
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1 INTRODUCTION

Graph convolution extends regular convolution in deep learning
to problems naturally represented as graphs (e.g., see [7, 10, 16]).
For a wide range of real-world machine learning applications such
as text classification [20], traffic pattern prediction [3], material
design [18] and drug discovery [15], graph convolutional network
(GCN) demonstrates superior performance in comparison to prior
approaches. Since their inception, GCN's have received much atten-
tion from the research community.

One of the most impressive result that GCN's achieve is in semi-
supervised learning (also known as transductive learning), where
few data samples are labeled. Graph neural networks (GNNs) ef-
fectively leverages both graph structures and graph features (e.g.,
node features) for learning. As acquiring labels in real-world sce-
narios is extremely labor intensive and costly, GNNs can play an
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important role in semi-supervised learning. For several popular
benchmarks (e.g., the citation network datasets [14]), where the
number of training samples is below 6%, GNNs are able to achieve
high accuracy.

An important challenge in the current GNNs is related to sparsity
of real-world graphs. Real-world graphs often exhibit power-law
in its connectivity pattern among vertices in a graph. In a power-
law graph, a few vertices are highly connected to other vertices,
while most of them are sparsely connected to one or two other
vertices. Because of this, computation pattern of GNNs is often
irregular, depending upon sub-regions of the target graph. In turn,
such an irregular computation pattern leads to inefficient utilization
of popular hardware accelerators like graphics processing units
(GPUs).

At the same time, neuromorphic computers have increasingly
been used to perform a variety of graph algorithms, including
shortest path [2, 11] and minimum spanning tree [9]. Neuromor-
phic computers have several qualities that make them attractive for
implementation of graph operations, including massively parallel
computation, event-driven operation, and collocated processing and
memory [12]. Moreover, neuromorphic computers can potentially
operate with orders of magnitude less power than their conven-
tional computing counterparts.

In this work, we investigate whether the properties of neuromor-
phic computers can be used to address the same semi-supervised
challenges that GNNs address. Rather than attempting to map GNN
algorithms onto neuromorphic implementations directly, instead
we develop our own approach that leverages the properties of net-
works of spiking neurons with plastic synapses to address this task.
We present a neuromorphic algorithm for using networks without
features to predict node labels.

2 METHOD

In this work, we consider three citation graph datasets [13]: Cora,
Citeseer, and Pubmed. In these datasets, nodes correspond to doc-
uments, edges correspond to citation links, and each node has a
sparse bag-of-words feature vector as well as a class label. The
characteristics of these datasets are summarized in Table 1. For
each of the three citation network graphs, we randomly select 20
papers per topic to serve as our training set.

Cora Citeseer Pubmed
# nodes 2,708 3,327 19,717
# edges 5,278 4,552 44,324
# features 1,433 3,703 500
# classes 7 6 3
# nodes in training | 140 120 60
# nodes in test 1,000 1,000 1,000

Table 1: Characteristics of the three citation networks

For each citation network graph, we construct a spiking neural
network in the NEST neural simulator [5]. We create a neuron for
each node/paper in the citation network, and we create a neuron
for each possible topic. We turn off leak for both sets of neurons
by setting their 7., (membrane time constants) value to 100,000 ms,
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and we set their reset voltages to 0 mV and their threshold voltages
to 1 mV. For the test neurons, we set their refractory periods to be
very high so that they will only fire once. For each neuron, we also
create a spike recorder to track their firing output. Though we track
all firing output across the network, we do not use the output fires
of any of the neurons in our predictions.

For each edge connecting nodes A and B in the citation network,
we create two synapses: one from A to B and one from B to A. We
set these synapses to have a weight of 100 and a delay of 1 ms. Since
we know the topics of the papers in the training set, we create two
synapses between paper N’s neuron and topic T’s neuron: one from
N to T and one from T to N, each with a weight of 1 and delay
of 1. Finally, because the topics are not known for the remainder
of the papers (the testing set), we create a synapse to and from
each of the topics for each paper neuron in the testing set. Those
synapses have a weight of 0.0001 and a delay of 1 ms. The synapses
between papers and topics all have STDP turned on, with a 7_ (time
constant for the depression part of STDP window) value of 30 ms.
An example of this process is shown in Figure 1.

To predict the topic of each paper in the testing set, we create
the network as defined above, and then we create a single spike on
the corresponding testing neuron at simulation time 1. We allow
the network to simulate for 20 time steps. Then, we look at the
synapses between all of the topics and that test paper (from the
topic to the test paper). The synapse with the lowest weight value is
our predicted topic. It is worth noting that we could similarly check
the highest weighted synapse between the test paper and all of the
topics. The topic with the lowest weighted synaptic connection to
the test paper is the predicted topic for that paper. We repeat this
approach for each of the papers in the test set to obtain our testing
accuracy.

It is worth noting that the network construction process here can
be extended to any semi-supervised graph structure learning prob-
lem. In these problems, the goal is to predict other node labels in a
graph based on a training set of labels of the nodes. In this particular
case, the labels are the topics, and the nodes represent papers. The
network construction process described above can be applied to any
other semi-supervised graph structure by constructing networks
where both the nodes and the labels are constructed as neurons,
and the connectivity of the network is based on connectivity in the
graph and the known labels from the training set.

3 PRELIMINARY RESULTS

In Table 1, only a small fraction of nodes, that is, 20 per class, are
included in the training set. Some recent studies [8, 17] report
significantly higher accuracies than Kipf and Welling [10], and
Velickovi¢ et al. [16]. We note that these studies use more training
data [17] and/or stronger optimizers [8].

We show the results of our neuromorphic approach in Table 2.
Because we use a random train/test split (where 20 random papers
are selected for each topic on each run), the neuromorphic results
reported are the average accuracy across five runs. As can be seen in
the table, for the Cora dataset, the results are comparable with GCN,
but neither of those are approaching the state-of-the-art results

*This is the result at time of submission for 6300 samples in the testing set. We expect
this result to decrease a small amount as the remaining test results are collected.
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Corresponding Spiking Neural Network

Figure 1: Example of a citation network converted to a spiking neural network for node classification label prediction. The
two nodes belonging to the training set are shown as darker colors and are strongly connected to their corresponding topic
neurons. All other paper nodes are weakly connected to both topics.

Cora Citeseer Pubmed
Node2Vec[6] | 0.71 048 0.70
node2vec-a [1] 0.68 0.51 -
Planetoid-G [19] | 0.69  0.49 0.66
GraphSAGE [7] | 0.71  0.48 0.64
GCN [4] 059  0.34 0.42
Neuromorphic | 0.56 0.41 0.54*

Table 2: Test accuracy comparison with other implementa-
tions on plain input citation graphs (without node features)

without node features. It is worth noting here that we are primarily
targeting comparing against GCN and not the other approaches,
though we include those for reference.

It is also worth noting that we are not optimizing any of the
hyperparameters associated with the neuromorphic approach. We
expect to see an increase in performance when we tune the hyper-
parameters of this approach.

4 DISCUSSION AND FUTURE WORK

In this work, we leverage spike-timing dependent plasticity as a
way to perform semi-supervised learning in graphs. We show that
even with an initial implementation without any tuning of the pa-
rameters of the spiking neural network, we can achieve accuracies
that outperform other implementations. We are still far from state-
of-the-art accuracy on these tasks; as such, there are several future
directions that we intend to investigate to improve performance.

We will implement a Bayesian meta learner along with the spike-
timing dependent plasticity to optimize the hyperparameters and
adaptively guide the learning toward optimum performance. We
envision that this hierarchical learning paves the way to not only
improve the plasticity learning for GNNs, but also optimize several
performance metrics such as accuracy, latency, and resiliency.

We restricted our attention in this work to learning based on the
structure of the graph only. In future work, we intend to incorporate

in the feature information of the graph as well as part of the learning
process. We will investigate several approaches for leveraging the
features in a spiking neural network implementation, including
representing the feature vectors as spike patterns on each of the
nodes, representing features as separate nodes in the graph that are
connected to the nodes that include those features, and representing
features as synaptic connections between nodes that share those
features. It is not clear which of these approaches will be most
appropriate, nor is it clear what the performance implications in
terms of energy usage or network size and density will be. Metrics
such as these will be critical to evaluate as we move to neuromorphic
hardware rather than neuromorphic simulation.

We plan to compare and contrast learning on graphs through
SNNs vs. GNNs on traditional architectures such as GPUs or CPUs.
We need to understand the fundamental properties of graph learn-
ing with SNNs. For example, what are the canonical ways to repre-
sent graphs and the corresponding paradigm; mathematically, what
are the properties of the class of functions learned through SNN
in comparison to GNNs; are the issues in (vanilla) GNNs such as
over-smoothing present also with SNN, if yes, how to address this
issue; and are there fundamental advantages and disadvantages of
learning with SNNs. From our preliminary study with the citation
network it is already clear that although both approaches operate
on the graph (e.g., nodes) and leverage the structure for learning,
there are very clear differences. With SNNs there is a natural recur-
rence through the propagation of spikes that for a node in the graph
may receive information from another node several hops away. In
GNNe, this is achieved through adding more layers, and that may
result in over-smoothing. So it is reasonable to expect that learn-
ing achieved on SNNs may be quite different than that on GNNs
(and we cautiously believe there can be advantages for learning on
SNNis). There are also challenges associated with SNNs as research
in this area is in its nascent stage. Research in theory, software
support, and application study is needed for graph learning with
SNNGs.
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