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Approach: individual-based simulation

• Agent-based modeling to simulate epidemic diffusion

• Models agents (people) and interactions between them

• People interact when they visit the same location at the same time

• These “interactions” between pairs of people are represented as “visits” to 
locations

• A bi-partite graph of people and locations is used
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EpiSimdemics: Parallel implementation

• All the people and locations are distributed 
among all processes

• Computation can be done locally in parallel

• Communication when sending visit and 
infection messages

• Uses Charm++, a message-driven model
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TABLE II
REPORTED PERFORMANCE OF STATE-OF-THE-ART SIMULATORS

Code No. of agents Simulated period Machine No. of cores Simulation time

FRED [18] 289 million Unknown Blacklight @ PSC 16 threads 4 hours
GSAM [19] 262.9 million Unknown 2.4 GHz Opteron 8216 4 cores 72 minutes
SPaSM [20] 281 million 180 days 2.4 GHz Intel Xeon 256 cores 8–12 hours
EpiSimdemics [10] 280.4 million 120 days Blue Waters @ NCSA 16,384 cores 134.89 s

a 1-month spread of pandemic influenza A (H1N1), if using
timesteps of 10 minutes [24].

EpiSims is an MPI-based epidemic simulation system. It
was used to simulate epidemic outbreaks in Portland, Ore-
gon [6]. EpiSims is a conceptual forerunner to the current
EpiSimdemics code in terms of modeling capability and
accounting for human mobility (not in terms of the simulation
software design and implementation). Prior works on EpiSim-
demics [22], [10] are most closely related to the current work.
The first version of EpiSimdemics is an MPI-based system that
was run on high performance clusters. EpiSimdemics achieved
roughly linear speedup, up to about 350 to 400 compute cores.
For example, in epidemic simulations on the state of California
(33 million people), increasing the number of cores by 48⇥
resulted in a 42⇥ decrease in execution time.

Marked improvements in performance and scalability of
EpiSimdemics were achieved with a re-implementation that
uses the Charm++ runtime system [25]. This version surpassed
the speedup attained in [21] by achieving a speedup of 14,357
on 65,536 cores (22% efficiency) on a Cray XE6 [10]. Further
scaling resulted in a speedup of 58,649 (16% efficiency) on
360,448 cores. Table II summarizes the performance of some
of the simulation codes mentioned in this section. Since the
IPDPS publication [10], we have made significant improve-
ments to the performance and scaling of EpiSimdemics (details
in Section VII).

V. INNOVATIONS REALIZED

We now describe the parallel implementation of agent-based
simulation in EpiSimdemics to model epidemic diffusion, and
the optimizations to improve scaling and efficiency.

A. Overview of the Algorithm

EpiSimdemics [22] is an individual-based simulation frame-
work to study epidemic diffusion in a population. In our
model, a person interacts with another person when they both
visit a location at the same time. The longer the interaction
period, the higher the chance of transmitting a disease if
one person is infectious and the other person is susceptible.
This representation of interactions between people as visits
to locations avoids explicit messages between every pair of
interacting persons. We rely on a bipartite graph between
people and locations to represent the social contact network
and explicitly represent each individual person and location in
the input dataset.

EpiSimdemics uses a hybrid time-stepped and discrete-event
simulation approach. The time step is typically one simulated

day and within each time step, a discrete event simulation is
performed. There are two major computation phases in each
time step (while loop over number of simulated days) as
shown in Algorithm 1. In the first phase (lines 2–8), each
person, p, identifies locations to visit depending on the visit
schedule and the person’s health state, hp. Then, for each such
visit, it sends a message m to the destination location l. In the
second phase (lines 9–29), each location l processes received
visit messages by first converting them into events, i.e., arrival
and departure on a particular sublocation, ls (lines 10-14),
and then by executing a sequential discrete event simulation
(lines 15–28) to identify interactions and to compute disease
transmission (lines 21–26).

Algorithm 1: Simulating Epidemic Diffusion
1 while d  d

max

do
2 for p 2 P do
3 Evaluate scenario trigger conditions;
4 Update health state hp, if necessary, and reevaluate triggers;
5 foreach v 2 Vp ( visit schedule of p) do
6 Send visit message m to location l;
7 end
8 end
9 for l 2 L do

10 foreach m destined for l do
11 Determine the sublocation ls to visit;
12 Create an arrival and departure event for each visit;
13 Put the events into the event queue qe of l;
14 end
15 Reorder qe by the time of event in ascending order;
16 foreach e 2 qe do
17 if e is arrival then
18 Put p into sublocation ls;
19 else
20 Remove p from sublocation ls;
21 foreach p

0 currently in ls do
22 Compute disease transmission probability q

between p

0 and p;
23 if q > threshold then
24 Send infection message to the infected

person (p or p0);
25 end
26 end
27 end
28 end
29 end
30 d++;
31 end

In the parallel implementation of Algorithm 1, all the people
and locations in the input population data are distributed
among all processes. The computation in each phase can be
done in parallel on all processes. Each phase generates some
communication during the time step (shown in red) and results
in visit and infection messages being sent to remote locations
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Performance optimizations made challenging by 
heavy-tailed distributions
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Optimizing communication

• The first phase of the simulation sends many small “visit” messages

• Use Charm++’s TRAM library for message aggregation

• Also alternate the creation and sending of batches of visit messages
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Strong scaling performance: US dataset
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Impact of the solution

• During an epidemic outbreak, planning and government response require 
simulation turn around times of <24 hours

• The efficiency and extreme scaling of Episimdemics makes this possible
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(Blue Gene/Q), the performance based on the hybrid cost is
better than that from the visit cost by nearly 2.5⇥.

Fig. 5. Performance impact of cost estimate used for load balancing

Communication Optimizations: The first phase of the simu-
lation sends many small visit messages. In order to minimize
the overhead of sending small messages and to utilize the
network better, we use the general purpose TRAM library in
Charm++ to aggregate messages. TRAM combines small mes-
sages and routes the aggregated messages on a virtual mesh
topology. This optimization leads to significant performance
improvements at high core counts. Another optimization to
facilitate overlap of communication and computation involves
alternating the creation and sending of batches of visit mes-
sages on each process. This ensures that we do not saturate
the network with messages in bursts.

V. IMPACT OF THE SOLUTION

The excellent efficiency and extreme scaling of EpiSim-
demics has significant implications for the epidemic studies
that can be performed using it. Real time planning and
response by governments during an epidemic outbreak often
require simulation turn around times of less than 24 hours. We
have provided this type of support to federal agencies during
H1N1 and Ebola outbreaks. It is critical to not only have the
capabilities to assess the effects of different interventions on
national and international populations, but it is also impor-
tant to perform these computations quickly, so that multiple
scenarios can be evaluated. Rapid response also enables the
team to incorporate new information in to the simulation as it
becomes available, which sometimes happens on a daily basis.

Here we present a representative study of the impact of vac-
cination on controlling an epidemic outbreak. All simulations
are seeded stochastically, but all use the following process. In
each of the first four days of a simulation, agents in two or
three U.S. cities are exogenously infected with a probability
of 5 ⇥ 10�6. These cities were chosen because they host
the busiest airports in the country and thus represent a wide
range of initiation sites that might arise from incipient virus
spreading from air travel. From day 5 onward, all infections
result only from susceptible agents contracting the virus from
infectious ones while they are co-located.

Interventions are implemented as follows. When 1% of
the population (about 2.8 million people) is infected, the
intervention is triggered. Each person still in the susceptible
state is vaccinated with probability, p. We use p = 0.10, 0.25,
and 0.50, in addition to the base case of no intervention (p =
0.0). Each person that is vaccinated has full immunity, i.e., he
or she cannot contract the virus and hence also cannot transmit
it to others.

Figure 6 provides the simulation results — the number
of currently infectious people as a function of time, with
error bars denoting ±1 standard deviation over 20 repetitions
of each scenario. Vaccinating 10% (i.e., p = 0.10) of the
remaining susceptible population reduces the peak number of
currently infectious people by about 23% at day 63. Vaccinat-
ing 50% of the remaining susceptible population reduces the
peak number of currently infectious people by about 80%. In
the latter case, there is a sufficient number of vaccinations to
decelerate the epidemic almost immediately. Figure 7 shows
the disease spread for p = 0.10 on simulated day 56, which
is the day when the rate of infection peaks for the base case
of no intervention.

Fig. 6. Simulation results of a vaccination study performed using EpiSim-
demics. The plot shows the number of infectious people per day as the
simulation progresses for different vaccination scenarios.

Fig. 7. Simulation results of a vaccination study performed using EpiSim-
demics. The visualization shows the geographical spread of the infection on
day 56 for p = 0.10.

Being able to run one repetition of an intervention scenario
described above in about 6 minutes on 16,384 cores of Blue
Waters is a key element of this process. In the study described
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and 0.50, in addition to the base case of no intervention (p =
0.0). Each person that is vaccinated has full immunity, i.e., he
or she cannot contract the virus and hence also cannot transmit
it to others.

Figure 6 provides the simulation results — the number
of currently infectious people as a function of time, with
error bars denoting ±1 standard deviation over 20 repetitions
of each scenario. Vaccinating 10% (i.e., p = 0.10) of the
remaining susceptible population reduces the peak number of
currently infectious people by about 23% at day 63. Vaccinat-
ing 50% of the remaining susceptible population reduces the
peak number of currently infectious people by about 80%. In
the latter case, there is a sufficient number of vaccinations to
decelerate the epidemic almost immediately. Figure 7 shows
the disease spread for p = 0.10 on simulated day 56, which
is the day when the rate of infection peaks for the base case
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Fig. 6. Simulation results of a vaccination study performed using EpiSim-
demics. The plot shows the number of infectious people per day as the
simulation progresses for different vaccination scenarios.

Fig. 7. Simulation results of a vaccination study performed using EpiSim-
demics. The visualization shows the geographical spread of the infection on
day 56 for p = 0.10.
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Waters is a key element of this process. In the study described


