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Abstract
We consider the problem of controlling a partiallyobserved dynamic process on a graph by a limited
number of interventions. This problem naturally
arises in contexts such as scheduling virus tests to
curb an epidemic; targeted marketing in order to
promote a product; and manually inspecting posts
to detect fake news spreading on social networks.
We formulate this setup as a sequential decision
problem over a temporal graph process. In face of
an exponential state space, combinatorial action
space and partial observability, we design a novel
tractable scheme to control dynamical processes
on temporal graphs. We successfully apply our approach to two popular problems that fall into our
framework: prioritizing which nodes should be
tested in order to curb the spread of an epidemic,
and influence maximization on a graph.

1. Introduction
Consider an epidemic spreading in the population. To contain the disease and prevent it from spreading, it becomes
critical to detect infected carriers and isolate them; see Fig. 1
for an illustration. As the epidemic spreads, the demand
for tests outgrows their availability, and not all potential
carriers can be tested. It becomes necessary to identify the
most likely epidemic carriers using limited testing resources.
How should we rank candidates and prioritize vaccines and
tests to prevent the disease from spreading? As a second example, imagine a seemingly very different problem, where
one would like to promote an opinion or support product
adaption by advertisements or information sharing on a
social graph. If an impactful node is convinced, it may influence other nodes towards the desired opinion, creating a
cascade of information diffusion.
These two problems are important examples of a larger
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Figure 1. A viral infection process on a graph and an intervention
aimed to stop its spread. Here, graph nodes represent people and
edges represent interactions. At t = 1 only two people are infected
(red). At t = 2 several interactions resulted in new exposed people
(yellow); At t = 3 the blue node was selected to be quarantined to
stop the viral spread. This paper presents a general framework for
learning how to control such dynamic processes on graphs.

family of problems: controlling diffusive processes over networks through nodal interventions. Other examples include
viruses inflicting computer networks or cascades of failures
in power networks. In all these cases, an agent can steer the
dynamics of the system using interventions that modify the
states of a (relatively) small number of nodes. For instance,
infected people can be asked to self-quarantine, preventing
the spread of a disease, and key twitters may be targeted
with coupons. However, a key difficulty is that the current
state is often not fully observed, for example, we don’t know
the ground truth infection status for every node in the graph.
More formally, we consider a graph G(t) = (V, E(t))
whose structure changes in time. V is the set of nodes
and E(t) = {euv (t)} is the set of edges at step t. The state
of a node v ∈ V is a random variable that depends on the
interactions between v and its neighbors. At each turn, the
agent may select a subset of nodes and attempt to change
their state. The goal is to minimize an objective that depends on the number of nodes in each state. For example,
consider a setup where the agent tries to promote its product
or opinion. At each step, the agent may select a set of seed
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nodes and attempt to influence them by presenting relevant
information or ads. If those nodes are convinced, they may
spread the information through future contacts. The optimization goal, in this case, is to maximize the number of
influenced nodes.
The problem of controlling the dynamics of a system using
localized interventions is very hard, and for several reasons.
First, it requires making decisions in a continuously changing environment with complex dependencies. Second, to
solve the problem one must assess the potential downstream
ripple effect for any specific node that becomes affected,
and balance it with the probability that the node indeed
becomes affected. Finally, models must handle noise and
partial observability. In particular, it is well known that even
the single-round, non-sequential, influence maximization
problem is computationally hard (Kempe et al., 2003).
Current approaches for solving this problem can be divided
into two main families: (1) Monte Carlo simulation that
estimates the utility of each decision (see e.g. Goyal et al.,
2011). These approaches can find good solutions for small
to moderate-sized (∼ 103 nodes) graphs, but do not scale to
larger graphs. (2) Heuristics based on topological properties
of the known graph. For example, act on nodes with a high
degree (e.g. Liu et al., 2017). These approaches can be
scaled to very large graphs, but are often sub-optimal. In
addition to these two families, learning approaches have
been used to mix different heuristics (Chung et al., 2019;
Tian et al., 2020).
We pose the problem of controlling a diffusive process on a
temporally evolving graph as a partially-observed Markov
decision process (POMDP). We then formulate the problem
of selecting a subset of nodes for dynamical intervention as
a ranking problem, and design an actor-critic RL algorithm
to solve it. We use the observed changes of nodes states and
connections to construct a temporal multi-graph, which has
time-stamped interactions over edges, and describe a deep
architecture based on GNNs to process it.
The main challenge in our setup is that the underlying dynamics is not directly and fully observed. Instead, partial
information about the state of some nodes is given at each
point in time. While the diffusive process spreads by point
contacts, new node information may impact our belief on
the state of a node a few hops away from the source of new
information. For example, consider an epidemic spreading
on a network. Detecting an infected person directly modifies the probability that nodes that are connected to it by
a path in the temporal graph are also infected (Fig. 2). To
address this issue, our architecture contains two separate
GNN modules, one updates the node representation according to the dynamic process and the other is in charge of long
range information propagation. These GNNs take as input a
multi-graph over the nodes, where edges are time-stamped

Figure 2. The difference between two types of data propagation
on the graph. Red nodes are positively tested epidemic carriers.
Yellow nodes are undetected epidemic carriers. Blue nodes are
inferred to be infected. Left - infection propagation involves only
direct neighbours. Right - long range information propagation:
The top node is detected as infected at time t = 2. As it must have
been infected by its neighbor, our belief regarding the infection
state of people on this long infection chain, including those that
are found many hops away, change. We use two separate GNNs in
order to model these two processes.

with the time of interactions. In addition, we show that
combining RL with temporal graphs requires stabilizing information aggregation from other neighbors when updating
nodes hidden states, and control how actions are sampled
during training to ensure sufficient exploration. We show
empirically the benefits of these components.
We test our approach on two very different problems, Influence Maximization and Epidemic Test Prioritization, and
show that our approach outperforms state-of-the-art methods, often significantly. Our framework can be possibly
further extended for problems beyond the ones mentioned
here, e.g. traffic control, active sensing for complex scenes,
etc.
This paper makes the following contributions: (1) A new
RL framework for controlling partially-observed diffusive
processes over graphs. We present a novel formulation of
two challenging problems: the testing allocation problem
and the partially-observed influence maximization problem.
(2) A new architecture for controlling the dynamics of diffusive processes over graphs. Our architecture prioritizes
interventions on a temporal multi-graph by leveraging deep
Graph Neural Networks (GNNs). (3) A set of benchmarks
and strong baselines, including network-based real-world
contact tracing statistical data for COVID-19. Our RL approach achieves superior performance over these datasets.
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mains: Epidemic test prioritization, and dynamic influence
maximization. Formal definitions are given in Appendix B.
3.1. General formalism

Figure 3. A double star configuration. The state of v2 is unknown
at the t = 1. v1 is infected at t = 0.

2. A motivating example
We begin with an example to illustrate the trade-offs of the
problem (Figure 3). In this example, our goal is to minimize
the number of infected nodes in a social interactions graph.
Given a list of time-stamped interactions between nodes, we
form a discrete time-varying graph as follows. If u and v
interact at time t, then the edge e = (u, v) exists at time t.
Each interaction is characterized by a transmission probability pe (t), meaning that a healthy node that interacts with an
infected node at time t becomes infected with probability
pe (t).
For the purpose of this example, assume that we can test a
single node only at odd timesteps. If the node is positively
tested as infected, it is quarantined and cannot further interact with other nodes. Otherwise, we do not perturb the
dynamics and it may interact freely with its neighbors.
Consider the ”two stars” network in Figure 3. The left hub
(node v1 ) has m1 neighbors, and the right hub (v2 ) has m2 .
At t = 0, only the edge (v1 , v2 ) is present with transmission
probability p. For all t ≥ 1, all edges depicted in Figure 3
exist with transmission probability 1. Assume that this is
known to the agent, and that at t = 1 we suspect that v1 was
infected at t = 0. Clearly, we should either test v1 or v2 . It
is easy to compute the expected number of infected nodes
in both cases (details in Appendix A). The decision would
be to test v2 if 2p ≥ 1 + m1 /m2 and otherwise test v1 .
This example illustrates that an optimal policy must balance
two factors: the probability that the dynamics is affected that a test action yields a “positive”, and the future consequences of our action - the strategic importance of selecting
v1 vs. v2 , expressed by the ratio m1 /m2 . A policy targeting
likely-infected nodes will always pick node v1 , but since it
only focuses on the first term and ignores the second term,
it is clearly suboptimal.

3. Problem Formulation
We start with a general formulation of the control problem,
and then give two concrete examples from different do-

Consider a graph G(t) = (V, E(t)) whose structure changes
in time. V is the set of nodes and E(t) = {euv (t)} is the
set of edges at step t. Each edge euv (t) is associated with
features φuv (t) which may vary in time, and each node v is
characterized with features ζv (t).
The state of a node v ∈ V is a random variable STv (t)
which can have values in Y = {y1 , y2 , ..}. The node’s
state dynamic depends on the interactions between v and
its neighbors, its state and the state of those neighbors, all
at time t − 1. At each step, the agent selects a subset a(t)
of k nodes, and attempt to change the state of any selected
node v ∈ a(t), namely, apply a stochastic transformation
on a subset of the nodes. Selecting nodes and setting their
states defines the action for the agent, and plays the role of
a knob for controlling the global dynamics of the process
over the graph. The action space consists of all possible
selections of a subset a(t) of k nodes a(t) ⊂ V . Even for
moderate graph,
with ∼ 100 − 1000 and small k the action

space |V|
is
huge.
k
The optimization criterion depends only on the total number
of nodes inP
state yi , ci (t). The objective is therefore of the
form max t γ t−t0 g(c1 (t), c2 (t), ..), where future evaluations are weighted by a discount factor γ ≤ 1. Additionally,
the agentPmay be subject to constraints written in a similar
manner i fi (c1 (t), c2 (t), ..) ≥ zi (t).
3.2. Epidemic test prioritization
We consider the recent COVID-19 outbreak that spreads
through social contacts. The temporal graph G is defined
over a group of nodes (people) V, and its edges E(t) are
determined by their daily social interactions. An edge (u, v)
between two nodes exists at time t iff the two nodes interacted at time t. Each of these interactions is characterized
by features euv (t), including its duration, distancing and
environment (e.g., indoors or outdoors). Additionally, each
node v has features ζv (t) (e.g., age, sex etc.).
The SEIR model dynamics (Lopez & Rodo, 2020). Every node (person) can be in one of the following states:
susceptible – a healthy, yet uninfected person (S state), exposed/latent – infected but cannot infect others (L state),
infectious – may infect other nodes (I state), or removed –
self-quarantined and isolated from the graph (R state).
A healthy node can become infected by interacting with its
neighbors. The testing intervention changes the state of a
node. If infected or exposed, its state is set to R, otherwise it
remains as it is. More details can be found in the appendix.
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Optimization goal, action space. The objective is to minimize the spread of the epidemic, namely, minimize the
number of infected people (in either L, R or I states), over
time. Our setup differs from previous work (e.g., (Hoffmann et al., 2020; Wang et al., 2020)) in two important
aspects. First, we do not assume a node can be vaccinated
or immunized against the epidemic. Second, we do not
assume a node can be quarantined or disconnected from
the graph without justification, namely, without a positive
test result. Often, nodes perform required social functionality. Isolating a high-degree node from the network, like
putting a bus-driver in quarantine, will either deteriorate
the transportation network quality, or will require using a
replacement driver that will have the same interactions pattern. A preemptive node removal would either not affect the
network connectivity or impair the network functionality.
Observation space. At each time t, the agent is exposed to
all past interactions between network nodes, {E(t0 )|t0 < t}.
In addition, we are given partial information on the nodes
state. The agent is provided with information on a subset
of the infectious nodes at t = 0. At every t > 0, the agent
observes all past test results, i.e, for every v ∈ a(t0 ), t0 < t
we observe if node s was healthy at t0 or not.
3.3. Dynamic influence maximization
The classical multi-round influence maximization problem
(Domingos & Richardson, 2001; Kempe et al., 2003; Lei
et al., 2015) assumes the agent knows the groundtruth state
of every node at every turn. More often than not, that is
an unrealistic assumption. The agent can only know if a
person is influenced if the person actively signals it, for
example by using a coupon code. Furthermore, there might
be a substantial delay from the time the information was
presented to the time a feedback was received. Therefore,
we extend this setup to include partial observability.
Model Dynamics. Each node is either Influenced or Susceptible. Influenced nodes try to influence their neighbors,
following a dynamic generalization of two canonical models: Linear Threshold (LT) and Independent Cascades (IC).
In an IC model, if u is Influenced and (u, v) ∈ Et , then u
may influence v according to a probabilistic model. In a LT
model, each node v is associated with a threshold wv , and
each edge e carries an impact weight of qe . If the sum of
edge weights, the cumulative ”peer pressure”, of neighboring infected nodes exceeds wv , node v is influenced. See
Appendix B for details on these models.
Optimization goal, action space. The goal is to maximize
the number of Influenced nodes. All nodes start at the
Susceptible state. At each step the agent selects a seed
set a(t) of k nodes, and attempts to influence them. Each
attempt succeeds with some probability q independently for
every v ∈ a(t).

Figure 4. Schematic of our approach. The Ranking module receives as input a sequence of graphs and outputs scores over nodes.
Scores are then used to sample actions, selecting nodes for intervention. Here, the person circled in blue is selected for quarantine
and its connections are canceled (dashed blue lines). The downstream effect on epidemic progression is then fed as a loss to the
ranking module.

Observation space. At every step, an influenced node may
reveal that it is influenced, e.g. by clicking on ads, with
some probability η. The set of these signals at previous
times along with past interactions between nodes consists
the observation space.

4. Approach
This section introduces our main contribution. Our goal is
to select a subset of nodes for influencing the dynamics. The
direct approach would be to perform a Monte Carlo simulation of the diffusive process for every possible action at
every step, and choose the best performing action. However,
this approach does not scale, and is unfeasible even for moderate networks (see Liu et al., 2017; Banerjee et al., 2020,
and Appendix C for discussion). An alternative popular
approach uses predefined heuristics or greedy approaches
(e.g., (Yang et al., 2020; Preciado et al., 2014; Murata &
Koga, 2018)), but this is arbitrary and often sub-optimal.
We propose a learning-based approach, which generalizes
from past patterns collected during training. Since our goal
is to maximize an objective over time in a dynamic environment, RL is a natural choice (Figure 4).
Yet, even with a learning approach, solving the general case
of the subset selection problem would be combinatorially
hard (Kempe et al., 2003) and is difficult to scale to large
graphs. At the other extreme, a simple approximated solution can be achieved by scoring each node independently
and then selecting the top-ranked nodes. Unfortunately, this
approximation would potentially be far from optimal because it neglects correlations across nodes that are crucial.
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Therefore, it is important that node selection would consider
other nodes, at least locally. For example, creating tight
clusters of Influenced nodes is critical in Influence Maximization under the Linear Threshold model (see Appendix
B). Assume that the intervention budget is sufficient for
establishing a single cluster but there exist two equally beneficial regions to promote such cluster. The agent should
learn to focus on one region rather than spread on two regions. This requires learning to choose optimal subsets
rather than choosing nodes independently.
Our approach takes a mid-road: We use a graph neural
network to compute per-node scores, where each node is
exposed to the features of nodes in its extended m-hop
neighborhood (where m is the depth of the GNN). This way,
agent can learn to take into account complex correlations,
and to select high-quality subsets by ranking nodes by their
scores.
4.1. The Ranking Module
Overview. In our approach, an RL agent receives as input
the node and edge features of the temporal graph, and scores
each node. The module that performs that scoring is called
the ranking module (Figure 5). Scores are used to generate
a probability distribution over nodes, and then for sampling
a subset of k nodes for testing. Namely, the scores encode
the agent policy. The ranking module also updates the
internal representation of each node, which aggregates past
observations and information.
The score of a node is affected both by propagation dynamics and by information available to the agent. One may
hope that on a short time scale the node score would only
be affected by its neighboring nodes. Unfortunately, information can propagate long distances in the graph almost
instantaneously, because revealing the state of one node in
a long chain affects other nodes.To handle this effect, the
ranking module contains two GNNs (see Fig. 5). (1) A local
diffusion component D updates the diffusion process state;
and (2) a long-range information component I updates the
information state.
We use Proximal Policy Optimization (PPO) (Schulman
et al., 2017) to optimize our agent. We sequentially apply
the suggested action, log the (state, action) tuple in an experience replay buffer, and train our model based on the PPO
loss term. We further motivate our framework and extended
the discussion on our design choices in Appendix C.
4.2. Modules
Input. The input to the ranking module consists of three
feature types: (1) Static node features ζvs (t): e.g., topological graph centralities (betweenness, closeness, eigenvector,
and degree centralities) and random node features. (2) Dy-

Figure 5. The ranking module. It is composed of 4 neural networks
I,D,G,F , which update the nodes scores and hidden states at each
time step.

namic node features ζvd (t) : All intervention results up to
the current timestamp. We denote all nodes features as
a concatenation ζv (t) = [ζvs (t), ζvd (t)]. (3) Edge features
and the structure of the temporal graph E(t): All previous
interactions up to the current step, including the transmission probability for each interaction. All these features are
scalars, except the dynamic node features, which are encoded as one hot vectors. Figure 5 illustrates the basic data
flow in the ranking module.
Local diffusion GNN. The spread through point contact is
modeled by a GNN D. As the diffusive process spreads by
only one hop per step, it is sufficient to model the spread
with a single GNN layer. Formally, denote by u ∼t v
an interaction between u and v at time t, and by pvu the
probability of transmission during this interaction. For each
v, the output of D(·) is a feature vector denoted by dv (t):
X
dv (t) =
pvu (t) · Me (ζv (t), ζu (t); θme ),
u∼t v

where M is multilayer perceptron (MLP). Rather than considering the probability as an edge feature, this component
mimics the dynamic process transition rule to accelerate
learning.
Long-range information GNN. GNN I computes the information state of each node. As discussed above, updated
information on a node u a few hops away from node v may
abruptly change our belief on the state of v. Furthermore,
this change may occur even if v and u did not interact in
the last time step but rather a while ago. To update the
information state, we construct a cumulative multi-graph G0
where the set of edges between nodes v and u at time t are
all the interactions that occurred during the last τ steps. The
features of each edge φvu (t0 ) at time t0 are the interaction
delay t − t0 and the transmission probability pv,v0 (t0 ). The
information features are the output of k-layer GNN; the lth
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layer is:
xlv (t) =

X

l−1
l
M l (xl−1
v (t), xv 0 (t), φvv 0 (t); θM ).

v 0 ∼t v

As before, M l is an MLP, with x0v (t) = ζv (t) and iv (t) =
xkv (t) are the final node features.
Score and hidden state update. For every node we hold a
hidden state hv (t), updated according to a neural network
G,
hv (t) = G(hv (t − 1), ζv (t), dv (t), iv (t); θg )

(1)

After updating the new node hidden states, we use them to
calculate the node scores using a neural network F ,
sv (t) = F (hv (t), hv (t − 1), ζv (t); θf )

(2)

Here, F and G are two additional components (see Fig. 5).
F is an MLP, while G can be either an MLP or recurrent
module such as GRU.
4.3. Sampling and scoring
During inference, we pick the top k scored nodes. During
training, to encourage exploration we use the score per node
sv (t) to sample k nodes. We (1) map the score of n nodes to
a probability distribution (2) sample a node, and (3) adjust
the distribution by removing its weight. We repeat this
process k iterations (sample without replacement).
Score-to-probability. Usually, node scores are converted to
a distribution over actions using a softmax. As demonstrated
in (Mei et al., 2020), this approach is problematic as node
probabilities decay exponentially with their scores, leading
to two major drawbacks: it discourages exploration of lowscore nodes, and also limits sensitivity to the top of the
distribution rather than at the k-th ranked node. Instead, we
set the probability to sample an action ai to
x0
Pr(ai ) = P i 0
xi

, with x0i = xi − min xi + ,
i

(3)

where {xi } is the set of scores and  a constant. The probability difference between low scoring nodes and high scoring nodes becomes less extreme than softmax. Furthermore, the parameter  controls the initial exploration ratio.
We compare our approach with the recent escort transform
(Mei et al., 2020) that is considered to be a state-of-the-art
score-to-probability method. As shown in Appendix D, our
method outperforms the escort transform in this problem.

5. Experiments
We evaluated our approach in two tasks: (1) Epidemic test
prioritization, and (2) Dynamic influence maximization.
More experiments and details are in Appendix D.

Real-World Datasets. We tested our algorithm and baselines on graphs of different sizes and sources, ranging from
5K to over 100K nodes. (1) CA-GrQcA A research collaboration network (Rossi & Ahmed, 2015). (2) Montreal,
based on WiFi hotspot tracing(Hoen et al., 2015). (3) Portland: a compartment-based synthetic network (Wells et al.,
2013; Eubank et al., 2004). (4) Email: An email network
(Leskovec et al., 2007) (5) GEMSEC-RO: (Rozemberczki et al., 2019), friendship relations in the Deezer music
service. All these networks have been extensively used in
previous works, in particular in epidemiological studies, as
key networks models (Sambaturu et al., 2020; Yang et al.,
2020; Herrera et al., 2016; Wells et al., 2013; Eubank et al.,
2004). Table S4 summarizes the datasets.
Synthetic Datasets. We considered three synthetic, random network families: (1) Community-based networks
have nodes clustered into densely-connected communities,
with sparse connections across communities. We use the
Stochastic Block Model (SBM, (Abbe, 2017)), for 2 and 3
communities. (2) Preferential attachment (PA) networks
exhibit a node-degree distribution that follows a power-law
(scale-free), like those found in many real-world networks.
We used the dual Barbarsi-Albert model (Moshiri, 2018).
(3) Contact-tracing networks. We received anonymized
high-level statistical information (see Appendix D) about
real contact tracing networks, collected during April 2020.
Generating temporal graphs. For all networks except CT
graphs, at each time step t we select uniformly at random a
subset of edges E(t) and then assign to each edge a transmission probability qe (t) sampled uniformly in [0.5, 1]. We use
a different methodology for the CT graphs, See Appendix
D for details.
Training procedure. Algorithms were trained on randomly
generated PA networks with 1000 nodes. Each experiment
was performed with at least three random seeds.
5.1. Epidemic test prioritization
5.1.1. BASELINES
We compare methods from three categories.
A. Preprogrammed heuristic (no-learning) baselines.
Rank nodes based on: (1) Infected neighborhood: Number of known infected nodes in their 2-hop neighborhood
(Meirom et al., 2015; 2018). (2) Probabilistic risk: Probability of infection at time t − 1. Using dynamic programming
to analytically solve the probability propagation. (3) Degree
centrality (Salathé & Jones, 2010; Sambaturu et al., 2020).
(4) Eigenvector centrality: (Preciado et al., 2014; Yang et al.,
2020).
B. Supervised learning. Learn the risk per-node using
features of the temporal graph, its connectivity, and infection
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T REE - BASED (2)
C OUNTER MODEL (1)
D EGREE (3)
E IGENVECTOR (4)
SL ( VANILLA ) (5)
SL + GNN (6)
SL + DEG (7)
SL + DEG + GNN (8)
RL ( VANILLA ) (9)
RLGN ( OURS )

PA
10 ± 7
7±7
30 ± 2
30 ± 1
13 ± 3
34 ± 3
15 ± 3
33 ± 3
17 ± 1
52±2

CT
11 ± 3
14 ± 5
16 ± 1
16 ± 1
17 ± 1
32±2
18 ± 1
32 ± 1
16 ± 1
40±1

Table 1. % of healthy
nodes achieved on a
preferential attachment
(PA) network, and contact tracing (CT) network. Here, two nodes
were selected for testing at each step, k = 2.

state. Each time step t and node vi is a sample, and its label
is determined by the next step. (5) Supervised (vanilla).
Features include a static component described in Section
4.1, and a dynamic part that contains the number of infected
neighbors and their neighbors. (6) Supervised (+GNN).
Like #5, the input is the set of all historic interactions of
vi ’s and its d-order neighbors.(7) Supervised (+weighted
degree). Like #6, the loss weighs nodes are by their degree.
(8) Supervised (+weighted degree +GNN). Like #6 above,
using degree-weighted loss like #7.
C. RL algorithms: RLGN is our algorithm described in
Section 4. The input to (9) RL-vanilla is the same as in
(#1) and (#6) above. Correspondingly, the GNN module
described in Section 4 is replaced by a DNN similar to (#6).
Evaluation Metric. The end goal of quarantining and epidemiological testing is to minimize the spread of the epidemic. Our success metric is therefore the percent of nodes
kept healthy throughout the simulation. An auxiliary metric
we sometime used was %contained: The probability of
containing the epidemic. This was computed as the fraction
of simulations having cumulative infected nodes smaller
than a fraction α = 0.4.
5.1.2. R ESULTS
In the first set of experiments, we compared RLGN with the
9 baselines described in Section 5.1.1 on the synthetic networks described above. The results reported in Table 1 show
that RLGN outperforms all baselines on all network types.
We selected the top-performing algorithms and evaluated
them on the large, real-world networks dataset.
Table 2 compares the performance of the RLGN and the best
baseline (SL) on the large-scale datasets. We included the
centralities baselines (#3,#4) in the comparison as they are
heavily used in epidemiological studies. Table 2 shows that
RLGN consistently performs better than the baselines, and
the gap is clearly statistically significant. We also evaluated
the performance of RLGN on a Preferential Attachment
network with 50, 000 nodes (mean degree = 2.8), as this
random network model is considered a reasonable approximation for many other real-world networks. The mean
percentile of healthy nodes at the end of the episode was
51 ± 1 for RLGN, while for the SL+GNN it was only 21 ± 2,

a difference of more than 15 STDs.
Analysis. To gain insight into these results, Figure 6 traces
the fraction of contained epidemics and infected nodes during training in 3-community networks. Supervised learning
detects substantially more infected nodes than RLGN (right
panel), but these tend to have a lower future impact on the
spread, and it fails to contain the epidemic (left). A closer
look shows that RLGN, but not SL, successfully learns to
identify and neutralize the critical nodes that connect communities and prevent the disease from spreading to another
community. See a video highlighting these results online 1 .
When would RLGN be successful? In sparsely connected
networks, it is easy to cut long infection chains, and both
approaches succeed. In densely connected networks, there
are no critical nodes, because there are many paths between
any two nodes. This can also be viewed in terms of the
R0 coefficient, the mean number of nodes infected by a
single diseased node. The greater R0 , the more difficult it
is to contain the epidemic. Therefore, we expect RLGN to
excel in intermediate regimes. Fig. S1(a) indeed shows that
RL has a significant advantage over supervised+GNN for a
range of R0 values between 2.0 and 2.9.
We have deepened our analysis, and investigated: (1) Can
we quantify the algorithm by their ability to reduce R0 ,
the mean number of nodes infected by a single diseased
node? Can we quantify the performance by the number
of tests required to achieve the same level of performance,
measuring their effective test utilization? (2) How robust
the trained algorithms to variations in the epidemiological
parameters? (3) How does the performance gap between
the algorithms scale with the network size? Due to lack of
space, we expand on these topics in Appendix D.
Appendix D also includes a comparison between RLGN
and the best performing baselines across a range of network
sizes, initial infection sizes and testing capacities (Table
S6).
Ablation studies. We assess the importance of key elements in our framework using ablation studies. First, to
quantify the contribution of the information module, we
removed it completely from our DNN module, keeping only
the epidemic module. The full DNN module achieved a
contained epidemic score of 0.77 ± 0.06, while the ablated
DNN module corresponding score was 0.62 ± 0.10, a degradation of more than 20%. This shows that the information
module has a critical role in improving the performance of
the RLGN framework.
Second, in the opposite direction, one may wonder: Why
separate local and long-range GNNs, rather than a single
higher-capacity network? We found that using a local1

Link: https://youtu.be/Rhqy7YY9gX8
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Table 2. Mean percentile of healthy nodes after 20 steps. RLGN
perform better on all datasets. In all cases, std < 0.1. 1% of nodes
are tested at each step.
CA-GrQc Montreal Portland Enron GEMSEC-RO
Degree
E.vector
SL
RLGN

25.5
25.4
29.8
42.7

12.8
8.1
23.1
39.7

0.7
0.04
1.6
3.71

71.1
55.1
68.5
89.2

2.4
2.4
4.3
6.5

Results. We have compared RLGN against the aforementioned baselines on the real-world datasets in Table 3. We
included an additional (CA-HEPTh) network that was frequently used as a benchmark for this problem.
Table 3 shows that RLGN performs remarkably in this domain as well. It achieves state-of-the-art performance, often
with a considerable gap. Additional experiments and experimental details appear in Appendix D.

6. Previous work

Figure 6. Supervised vs. RL with 3-community networks. Left:
RLGN successfully learns to contain the epidemic 60% of the time
(see containment definition in Appendix D), while SL fails. Right:
SL isolates many more infected nodes, but less important ones.

diffusion GNN training converges faster (Fig. S3). Presumably, because it models the process more closely to the
true spreading.
Appendix D contains additional ablation studies of key elements in our framework: (A) Our score-to-probability function outperforms the popular softmax distribution and escort
transform. (B) Internal state normalization in scale-free
networks accelerates training substantially.
5.2. Influence Maximization
Baselines. Unlike the epidemic test prioritization, in this
problem there is no supervised signal; there is no immediate
feedback that may be used for supervision. We compare our
RLGN framework against the state-of-the-art scalable algorithms. (1) LIR (Liu et al., 2017) is an algorithm for top-k
ranking for the IM problem. It was shown to achieve similar
performance to MC based methods. (2) LIR (filtered): LIR
was designed for a fully observable setup. We extend this
algorithm to a partially observed setup and filter out nodes
with an identified influenced neighbor. The motivation is
that it is likely that such nodes are already influenced or
likely to be influenced soon. (3) Degree discounted (Chen
et al., 2009) is a topology-based algorithm that was shown
to achieve a state-of-the-art performance on some networks,
and was recently extended to temporal graphs (Murata &
Koga, 2018). (4) Degree Centrality and (5) Eigenvector
Centrality, defined previously, were also used extensively
(Lei et al., 2015; Chen et al., 2014; Bozorgi et al., 2016).

Deep Learning on graphs. Graph neural networks (GNNs)
are deep neural networks that can process graph-structured
data (Sperduti, 1993; 1994; Sperduti & Starita, 1997; Pollack, 1990; Küchler & Goller, 1996; Kipf & Welling, 2016;
Gilmer et al., 2017; Duvenaud et al., 2015; Hamilton et al.,
2017; Veličković et al., 2017). Several works combine recurrent mechanisms with GNNs to learn temporal graph
data, (Liu et al., 2019; Rossi et al., 2020; Liu & Zhou, 2020;
Pareja et al., 2019). Further information can be found in
(Kazemi et al., 2020).
Ranking on graphs. The problem of ranking on graphs is
a fundamental CS problem. It has various applications such
as web page ranking (Page et al., 1999; Agarwal, 2006) and
knowledge graph search (Xiong et al., 2017).
Reinforcement learning and graphs studies can be split
into two main categories: leveraging graph structure for
general RL problems (Zhang et al., 2018a; Jiang et al., 2018),
and applying RL methods for graph problems. Our work
falls into the latter. An important line of work uses RL
to solve NP-hard combinatorial optimization problems on
graphs. (Zhu et al., 2019; Dai et al., 2017; Wei et al., 2021).
Manipulation of dynamic processes on graphs. The
problem of node manipulation (e.g., vaccination) for controlling epidemic processes on graphs was intensively studied
(Hoffmann et al., 2020; Medlock & Galvani, 2009). This
problem is often addressed in the setup of the fire-fighter
problem and its extensions (Finbow & Macgillivray, 2009;
Tennenholtz et al., 2017; Sambaturu et al., 2020). Other
work considered the problem of vaccination assignments,
and cast this problem into a minimal cover problem (Wang
et al., 2020; Song et al., 2020; Wijayanto & Murata, 2019).
Other common approaches include developing centrality
measures designed to highlight bottleneck nodes (Yang et al.,
2020), or using spectral methods for allocating resources
(Saha et al., 2015; Preciado et al., 2014; Ogura & Preciado,
2017). Alternative line of research (Miller & Hyman, 2007;
Cohen et al., 2002) developed heuristics for the same task.
In most previous work setups a single decision is taken. In
our multi-round setup, the agent performs a sequential decision making. The agent needs to balance between retrieving
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Table 3. Influence Maximization: Mean percentile of influenced nodes after 15 steps .
CA-GrQc

Montreal

Enron

LIR (Liu et al., 2017)
7.3 ± 0.3
86.2 ± 0.7
29 ± 0.3
LIR (filtered)
8.0 ± 0.2 86.4 ± 0.7 28.8 ± 0.3
Degree
8.4 ± 0.2
85.5 ± 0.8 31.6 ± 0.6
Degree Discounted (Murata & Koga, 2018) 8.7 ± 0.2
85.6 ± 0.7
26.7 ± 0.6
Eigenvector (Bozorgi et al., 2016)
8.3 ± 0.2
82.9 ± 0.8 31.8 ± 0.5
RLGN (ours)
10.2 ± 0.6 87.4 ± 0.5 31.3 ± 0.6

information (for better informed future decisions), maximizing the probability that the intervention will be successful,
and optimizing the long-term goal.
Influence Maximization, (IM) is a canonical optimization
problem of dynamical processes on graphs. IM was first
presented in (Kempe et al., 2003), and proved to be NP-Hard
and hard to approximate. Key approximation algorithms
were derived in (Goyal et al., 2011; Nguyen et al., 2016),
but since they do not scale to large graphs, many alternative
heuristics were developed (Murata & Koga, 2018; Liu et al.,
2017). For surveys, see Banerjee et al. (2020); Li et al.
(2018). Multi-armed Bandit was used for estimating model
parameters (Vaswani et al., 2017; Lei et al., 2015). The IM
formulation was extended to a multi-round framework by
Lin et al. (2015). Chung et al. (2019); Tian et al. (2020);
Lin et al. (2015) used RL to find the optimal combination
of heuristics from a short list of hand-designed features.
These approaches are limited by the small number of preselected heuristics and by the problem-specific, hand-crafted
features. In contrast, our approaches is general and it is not
limited to reweighting or a predefined subset of policies,
neither uses hand-designed, problem-specific features. Our
agent learns a policy from scratch and uses GNNs to generalize to different domains (Yehudai et al., 2021).

7. Conclusions
This paper shows that combining RL with GNNs provides
a powerful approach for controlling diffusive processes on
graphs. Our approach handles an exponential state space,
combinatorial action space and partial observability, and
achieves superior performance on challenging tasks on large,
real-world networks.
The approach and model discussed in this paper can be
applied to important problems other than epidemic control
and influence maximization. For example, fake news can
be maliciously distributed, and spread over the network. A
decision maker can verify the authenticity of items, but only
verify a limited number of items per a time period. The
objective would be to minimize the total number of nodes
that observe fake items.

GEMSEC-RO CA-HEPTh
0.25 ± 0.02
0.22 ± 0.02
0.07 ± 0.01
0.05 ± 0.01
0.07 ± 0.01
5.8 ± 0.3

9.2 ± 0.3
8.5 ± 0.3
9.2 ± 0.3
8.4 ± 0.2
2.2 ± 0.2
9.1 ± 0.5

Our approach assumes that a decision taken by considering
only k hops neighborhood of each node is a fairly good
approximation to the optimal policy which takes into account the whole graph. If long range correlations exists,
this may deteriorate performance. As such, it is sufficient to
train our model on small graphs and infer on a larger graph.
An interesting question is the ability of our approach to address edge cases that may result from this training protocol,
and the generalization ability of our model as a function of
long-range correlations in the data.
A key concern for real world application is privacy preservation of individual nodes. Our approach requires local aggregated information about the node’s neighborhood, compared
to other approaches (e.g., (Kempe et al., 2003; Yang et al.,
2020) which required detailed information on the complete
graph. Furthermore, recent papers (Zhou et al., 2021) have
shown that it is possible to use graph neural network while
preserving privacy, and we leave it for future research to
apply such approaches in this setup.
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