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Real-world graphs
• Graphs are everywhere: financial transaction networks, protein-protein interactions, 

social networks

• Learn complex properties of and relationships within graphs

• Use cases: fraud detection, bioinformatics, recommendation systems

2

The 30-day analyses constructed a new graph for each 30-day
window. We then deleted isolated nodes, those that had no
incident edges in each given 30-day graph. The resulting graph
most accurately represents what transpired in a 30-day span, as it
has only nodes for active agents and edges for transactions that
occurred, but plots over time must be interpreted keeping in
mind that the number and identity of nodes each 30-day span is
changing.

Visualizations of the transactions simple-graph for typical
spans in the pre-incentives period (span −5) and in the incentives
period (span 15) are shown in Fig. 2. Node size represents degree,
and color represents agent type: blue for users, green for
companies, red for macro-agents, and black for the central bank.
In the figure, many users are directly related to macro-agents or
companies. In addition, it is clear that the degree of macro-agents
and companies is much greater than users. We can also see that
there are peripheral users that only made transactions with one
other user (isolates were removed).

Results of temporal analysis
Figures 3–14 show the temporal progression of various metrics.
The plot for each metric shows the metric value on the y-axis,
organized by 30-day spans on the x-axis. The x-axis is labeled
numerically, where 0 is the time span that include the tax-incentive
laws, “before” includes the time spans −1, −2, −3, etc. and “after”
includes the time spans 1, 2, 3, etc. Major economic events are

marked with vertical lines in time span 0: the OLEPF and the
OLSRRAZE, also the OLSRRAZE expiration line is presented.

Transaction network. Figure 3 shows that every 30 days more
actors (circles, Fig. 3) were part of the real economics transaction
network once the OLEPF and OLSRRAZE were effective at time
0. This graph has a peak of 22,106 agents in time 16 (August
2017). After a new government came into power and the dis-
continuation of the MM project was made public, more agents
appear in our graph and started to make economic transactions.
Possibly these are agents who had other means of payment such
as debit or credit cards and activated MM accounts due to the
incentives. They were accumulating e-money in their MM
accounts and at the end of the project, they have to use what they
had left in their accounts (e.g., spending in stores). That is why we
see more agents appear at the end of the time line. The number of
actors in the MM project who made real transactions is modest
given that the economically active population in Ecuador is ~8
million (Instituto Nacional de Estadísticas y Censos, 2016a) and
the ratio of people with mobile phones is ~60% in 2016 (Instituto
Nacional de Estadísticas y Censos, 2016b).

Before the incentive laws, few transactions were made
(diamonds, Fig. 3), and there was an increase in the number of
real transactions after the laws. The network goes from almost no
transactions to over 40,000 transactions per 30-day span in the
last 10 time spans, peaking at 60,572 transactions in time 16.
When the balance of users’ MM accounts falls below the
minimum that can be withdrawn from an ATM, users may be
finding other ways to use the e-money such as small purchases in
stores. Agents that were removed as inactive from networks in
prior 30-day spans become active as they conduct these small
transactions, leading to the peak seen in Fig. 3. This shows that
incentives motivated agents and transactions; however, it will be
important to compare this result with the mean number and
value of transactions per agent.

The mean number of transactions per agent (diamonds, Fig. 4)
was increasing before the tax-incentive laws, reaching about 5.2
transactions per agent. This coincided with an expansion on the
number of companies entering the network, so there were more
places where people can use their MM. After the first year of life
of the project, the mean number of transactions per agent starts
to decrease, and then, with the incentives, there is a new
increasing trend that stabilized at around five transactions per
agent per 30-day.

Fig. 2 Example transaction network. a The visualization of the transactions simple-graph pre-incentives period (span -5). The network includes 873 agents
and 1117 transactions. b The visualization of the transaction simple-graph in the incentives period (span 15). The network includes 20,387 agents and
23,886 transactions. Node size represents degree, and color represents agent type: blue for users, green for companies, red for macro-agents, and black for
the central bank. The degree of macro-agents and companies is much greater than users. Many users are directly related to macro-agents or companies.
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Fig. 3 Actors and total number of transaction counts. Temporal
representation of the number of actors (circles) and transactions
(diamonds) for 30-day spans. After the tax-incentives laws (span 0), more
actors and transactions appeared. At the termination of the MM project,
more agents and transactions appear, users are taking advantage of the
incentives for the last time and using what they had left in their MM
accounts.
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Tasks on graphs

• Node-level: predicting the class of individual nodes

• Edge-level: determine if an edge exist or predict the type of edge

• Graph-level: even categorize entire graphs
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Graph Neural Networks
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Thomas Kipf and Max Welling. Semi-Supervised Classification with Graph Convolutional Networks. ICLR 2017
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Graph Neural Networks

• Type of neural network to learn from graph datasets

• Graph Convolutional Networks (GCNs) have become widely popular in recent years 
for studying properties of graphs
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Thomas Kipf and Max Welling. Semi-Supervised Classification with Graph Convolutional Networks. ICLR 2017
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Graph Neural Networks

• Type of neural network to learn from graph datasets

• Graph Convolutional Networks (GCNs) have become widely popular in recent years 
for studying properties of graphs

• Systems challenges with GNNs:

• Graphs are irregular as opposed to images or text

• Input datasets representing extremely large graphs do not fit within memory
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Full-graph versus mini-batching
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Full-graph versus mini-batching
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Full-graph versus mini-batching
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Challenges with Parallel GNN Training

• Very large graphs require effective parallelization over multiple GPUs

• Irregularity in graph structure leads to highly imbalanced and highly sparse adjacency 
matrices

• Leads to load imbalance when distributing work

• Sparse kernels can be slow on GPUs

• Significant communication for synchronizing activations and gradients: N X D 
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