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Competition and collaboration are at the heart of multiagent probabilistic spreading processes. The battle
for public opinion and competitive marketing campaigns are typical examples of the former, while the joint
spread of multiple diseases such as HIV and tuberculosis demonstrates the latter. These spreads are
influenced by the underlying network topology, the infection rates between network constituents, recovery
rates, and, equally important, the interactions between the spreading processes themselves. Here, for the
first time, we derive dynamic message-passing equations that provide an exact description of the dynamics
of two, interacting, unidirectional spreading processes on tree graphs, and we develop systematic low-
complexity models that predict the spread on general graphs. We also develop a theoretical framework for
the optimal control of interacting spreading processes through optimized resource allocation under budget
constraints and within a finite time window. Derived algorithms can be used to maximize the desired spread
in the presence of a rival competitive process and to limit the spread through vaccination in the case of
coupled infectious diseases. We demonstrate the efficacy of the framework and optimization method on

both synthetic and real-world networks.
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I. INTRODUCTION

Spreading processes have become increasingly more
important in the fast-moving modern world, where physical
mobility is cheaper and easier than ever before, and where
information is passed instantaneously on multilayered inter-
woven webs of contacts. Consequently, pandemics—
whether physical or virtual, in the form of computer viruses,
internet rumors, or marketing campaigns—spread very
rapidly. For instance, the ongoing COVID-19 pandemic
[1,2] caused an unprecedented disruption in the world’s
functioning. Previously, an outbreak of African swine fever
caused by Asfivirus in China [3] in 2018 posed the risk of
spreading globally. In 2017, a worldwide cyberattack by the
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WannaCry ransomware cryptoworm was estimated to have
affected more than 200,000 computers across 150 countries,
with total damages ranging from hundreds of millions to
billions of dollars [4].

Very often, spreading processes do not diffuse on their
own but instead show a complex dynamics, characterized
by a collaboration or competition between them. An
example of a collaborative spreading process is the
coinfection of HIV and tuberculosis, the latter being a
major factor that influences death rates of AIDS patients
[5]. The risk of developing tuberculosis is estimated to be
16-27 times higher in people living with HIV than
among uninfected individuals [6]. AIDS patients are more
susceptible to tuberculosis, due to their weakened immune
system, and tuberculosis can also activate the replication
of the HIV virus. Epidemiological studies have also shown
that coinfection exists between HIV and many other
diseases, including malaria parasites [7], herpes [8],
fungal [9] and bacteria [10], and between Zika and
dengue viruses [11]. An example of asymmetric collabo-
rative spreading is given by hepatitis D, which can
only transmit to people who are already infected with
hepatitis B.
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The spreading of rumors is an example of a competitive
process. Recently, the “antivaxx movement” in the U.S. has
attracted the public’s attention—for instance, through
Twitter messages—Ileading to a growing number of parents
who believe that vaccination is a violation of human rights,
and that vaccines cause autism and brain damage and do
not benefit the health and safety of society. This belief has
been spreading rapidly through social media. As a result,
the measles virus, which was declared to be eliminated in
2000, is making a comeback [12]; consequently, the World
Health Organization named vaccine hesitancy as one of the
top 10 global threats [13], and social network platforms
have been requested to block the spread of related infor-
mation [14]. A realistic competitive scenario is given by a
situation where “valid information” and “unsubstantiated
rumors” spread on the network simultaneously, and where
individuals exposed to one tend to believe in its content and
are less susceptible to the other.

Two important problems that recurrently arise in the
analysis of spreading processes are (1) forecasting the
dynamics and (2) the optimal use of resources to control
the dynamics, for instance, to maximize or minimize the
spread. Forecasting is based on a probabilistic modeling and
inference of the system state, such as the prediction of
infection probability over time for given initial conditions
and interaction type. Optimization is often referred to
resource allocation tasks such as the initial choice of best
spreaders or to the best vaccination strategy to contain an
outbreak of a disease. In this paper, we develop novel
methods that address current gaps pertaining to both infer-
ence and optimization of interaction spreading processes.

There exists a large body of work on probabilistic
modeling of spreading processes. The most commonly
studied models include single spreading processes that
follow the susceptible-infected-recovered/removed (SIR),
susceptible-infected (SI), and susceptible-infected-suscep-
tible (SIS) dynamics [15,16], where variables can have a
small set of statuses, such as S, 7, and R, and transition from
one status to another depending on their original status and
that of their neighbors. The exact prediction of the spread
within these models is NP-hard [17], and therefore, the
dynamics has been approximately analyzed using a variety
of mean-field methods (see Refs. [15,18-23] for a review).
A mean-field method of the message-passing type that is
particularly suited for approximating dynamics of continu-
ous and discrete SIR-type models on sparse networks has
been introduced in Refs. [24-26]; in particular, it gives an
exact prediction of the spread on tree graphs. When
averaged over an ensemble of graphs, this method is
equivalent to the edge-based compartmental modeling
(EBCM) method [27-29] derived using the -cavity-
method-type arguments and the correct choice of dynamic
variables that allows one to close the system of equations.
Yet another equivalent representation is given in terms of
dynamic belief propagation (DBP) equations on time

trajectories, which was presented in Refs. [30-32]. A
framework introduced in Ref. [32] showed how starting
from a DBP representation allows one to systematically
derive closed-form dynamic message-passing (DMP) equa-
tions for any models with unidirectional dynamics (so that
variable statuses cannot be revisited). In particular, the
method of Ref. [32] not only recovers previously known
DMP equations for simple SIR-type models [24,25,28,33]
but also allows one to derive DMP equations for more
complex models with multiple neighbor-dependent tran-
sitions, where guessing the correct dynamic variables
becomes incomparably harder.

The analysis of multiagent spreading is much more
involved because of the interaction between processes
and its impact on the spreading dynamics. Numerical studies
of multiagent processes [34] have revealed the existence of
new transitions, as a result of the cross-process interaction,
and an aggressive spreading mode, which points to a
percolation transition. These results highlight the risk of
an unpredictable and violent outbreak in cooperative spread-
ing scenarios. The most relevant studies to the current work
focus on the analysis of multiagent spreading in a competi-
tive scenario on a specific network, using continuous
equations similar to those of dynamic message passing
[35], and on a two-stage infection process, which is a
specific case for multiagent spreading processes [36].
Also relevant to our work are studies of complex contagions
[37,38], characterized by the requirement for multiple
transmissions before a network node changes status.
While this scenario is not exactly the same as the interacting
processes that we analyze in this paper, its dynamics depend
on the infection history, similarly to the scenarios we
examine. In this case, the interplay between topology and
initial conditions may give rise to hybrid phase transitions
when cascades are only possible for sufficiently prevalent
initial infections. We can envisage similar phenomena in the
scenarios studied here for some infection probabilities, but
have not observed them in the experiments carried out here
as they are not the focus of our study. Interestingly, recent
work [39] shows a mapping between interacting multiagent
spreading processes and social reinforcement infections
through multiple transmissions.

Competitive [35,40-45] and collaborative [46-56]
spreading processes have been studied in different contexts
and in a variety of scenarios. The foci of many of these
studies have been the fixed-point properties of the system,
such as a phase diagram [40,41,44,49], describing regimes
where one spreading process dominates the infection map
or where both processes coinfect the system nodes and the
type of transition between phases, epidemic thresholds, and
the infection cluster size [35,42,45,46,48,50-54]. These
analyses, for the most part, do not require a full solution
of the dynamics. Other studies focus on dynamical proper-
ties of the fraction of infected network nodes, by one
of the processes or both [42,44], by investigating the

011048-2



COMPETITION, COLLABORATION, AND OPTIMIZATION IN ...

PHYS. REV. X 11, 011048 (2021)

corresponding differential equations to identify phenomena
such as hysteresis [56] (particularly in the SIS model
scenario), the relation between topology and dynamics
[50,52], and the emergence of infected clusters [57] linked
to temporal correlations. Additionally, most studies focus
on analyzing networks of different degree distributions
[35,41,42,49-51,53,54], rather than specific network
instances.

A recent attempt to extend message-passing equations to
the case of cooperative epidemic spreading [58], which is
most relevant to the current study, only focused on a
particular case where transmission is independent of the
status of the target node. Additionally, this work studies
different degree distributions, rather than specific instances,
and concentrates on the fixed point properties such as the
phase diagram and infected cluster size, falling short of a
complete description of the dynamics. Hence, unlike in the
case of single dynamics, exact equations for describing the
complete dynamics of general interacting processes on tree
graphs remain unknown. In this work, our first major
contribution consists in a derivation of DMP equations for
interacting unidirectional spreading processes that are exact
on tree graphs, including low-complexity message-passing
equations for the case of collaborative interactions.
Moreover, we study approximate schemes to these equa-
tions that result in simplified expressions that can be
applied on general sparse networks.

Optimal resource deployment in various spreading set-
tings has mostly been investigated in the case of a single
spreading process. One of the most commonly studied
problems is identifying the most influential spreaders, on
which the deployment of resources at time zero would
maximize the spread at a given end time. Most of these
studies rely on the network’s topological properties, and
selection strategies are based on high-degree nodes [59],
neighbors of randomly selected vertices [60], betweenness
centrality [61], random walk [62], graph partitioning [63],
and K-shell decomposition [64]. These approaches mostly
ignore important dynamical aspects that impact perfor-
mance [65,66]. A related approach, termed network dis-
mantling [67-69], aims at identifying the nodes that, if
removed, lead to the fragmentation of the giant component
and prevent the global percolation. The optimal deploy-
ment of immunization has been addressed using a belief
propagation algorithm [70], based on cavity method tech-
niques developed previously for deterministic threshold
models [30,31]. Several scenarios that incorporate the
dynamical properties of the spreading process—such as
the optimal seeding problem, where one allocates the set of
initially infected nodes that maximize the spread asymp-
totically—have been studied and analyzed [71-73]. The
optimal seeding problem has been analyzed for the simple
diffusion models of independent cascade (IC) and linear
threshold types, and the optimal seeding problem has been
shown to be NP-hard [73] for both; i.e., there are no

deterministic algorithmic solutions that grow polynomially
with the system size. A different perspective is given by the
study of scenarios with a finite time horizon, as studied for
the IC [74] and other spreading models [75]. Most relevant to
the current study is the application of a recurrent optimiza-
tion framework [76] to the DMP-based probabilistic mod-
eling of spreading processes [32]. The framework also
facilitates both open-loop resource allocation (a preplanned
assignment) and a closed-loop (dynamical resource deploy-
ment with feedback) under a limited remedial budget. We
utilize a similar framework to investigate and optimize the
dynamics of multiple spreading processes.

To the best of our knowledge, no analysis or optimiza-
tion algorithms have been offered to address the general
case of multi-process modeling and optimization, namely,
incorporating both detailed topologies and dynamical
properties within a fixed time window for both inference
and optimization. Special cases, such as optimal seeding,
have been addressed mostly via linearized fixed-point
analysis [58] and for a simple dynamic that lends itself
to single time-step optimization. Moreover, most optimi-
zation algorithms for single-agent processes follow the
spread on a static network topology and cannot fully
capture the intricate dynamics of multiple spreading proc-
esses; they are therefore less effective for the optimization
tasks we aim to solve. As a second major contribution, we
build an optimization framework for both competitive and
collaborative scenarios based on the derived DMP equa-
tions that enable an accurate probabilistic forecasting.

We demonstrate that the inference method that we
construct in this paper provides an accurate dynamical
description of both competitive and collaborative scenarios
on both toy and large-scale problems; it is asymptotically
exact on treelike networks and provides a good approxi-
mation on networks with loops. We develop a related
optimization algorithm for maximizing the spread within a
given time window against a competing spread, as well as
the containment of spreads in a collaborative spreading
scenario through an optimized vaccination strategy that
curbs one of the spreading processes. We demonstrate the
efficacy of the suggested algorithm, offering excellent
results with a scalable computational complexity.

The paper is organized as follows: In Sec. II, we derive
exact and approximate DMP equations for general models of
multiple interacting spreading processes. In Sec. III, we
validate the efficacy of the probabilistic modeling by com-
paring the results with Monte Carlo simulations on synthetic
and real networks. The optimization algorithm is introduced
in Sec. I'V for both competitive and cooperative scenarios and
is tested on synthetic networks in Sec. VA. In Sec. V B, we
apply the optimization algorithm to real-world networks for
demonstrating its usefulness in more realistic scenarios,
including both competitive and collaborative cases, and the
optimal deployment of vaccines to contain an epidemic.
A summary and outlook are provided in Sec. VL
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II. MODEL AND DYNAMIC MESSAGE-PASSING
EQUATIONS

Spreading models studied in this work are based on the
discrete-time SI process, where a couple of spreading
agents are active in parallel and they interact with one
another. The implication is that the status of a network
vertex determines its susceptibility to be infected by either
(or both) of the spreading processes. For instance, in
mutually exclusive competitive processes that describe,
for instance, the battle for public opinion, once a vertex has
been infected by one process, it cannot be infected by any
other and retains its status, which is also termed a “cross-
immunity” [36]. In a collaborative spreading scenario that
describes, for example, the spread of multiple diseases,
being infected by one process increases the susceptibility of
being infected by another according to some predefined
conditional probability. Another variant of the model
considered here is that of vaccination in the presence of
collaboratively spreading diseases, where vaccination
against one agent affects the spread of both processes.
Although the framework for the various scenarios is
similar, it includes some important differences and will
therefore be developed separately. It is important to point
out that the introduction of cooperative or competitive
spreading processes cannot simply be reduced to a sto-
chastic process with more statuses, which would include
coinfection statuses; the new interactions between statuses
complicate the dynamics due to the dependence of the
interaction probability on the status of neighboring
variables.

In both competitive and collaborative scenarios, we
assume that two SI-type processes are spreading in discrete
time on a graph G = (V, E) comprising the set of vertices
V and edges E such that each node i can generally be found
in one of four statuses at any time step t: susceptible
[0;(¢) = )], infected by disease A [o,(t) = A], infected by
disease B [o;(t) = B], or activated by both processes A and
B [0;(t) = AB]. In what follows, we define the spreading
model in two scenarios and derive the corresponding DMP
equations.

A. From dynamic belief propagation to dynamic
message passing

DMP equations can be hard to guess beyond the simplest
models, but they can be systematically derived starting
from the general dynamic belief propagation algorithm that
approximates the probabilities of time trajectories of
individual nodes [32]. We use this approach here to obtain
exact equations on tree graphs. For the two-process
dynamics considered in this work, the dynamics of a single
node i is fully described by a pair of activation times,
(z4,78), where 7/ denotes the first time when node i is
found in the status A, and similarly for z2. For instance,
r‘i“ = 0 means that node i was initially in the active status A,

and we denote by 7/ = x the situation where node i did not
get A-activated before some final observation time, in other
words * absorbs all the history that happens after the end of
the observation window. For the convenience of presenta-
tion, in what follows, we consider two separate “observa-
tion windows,” for the A and B processes.

We start our derivations with the general DBP equations
[32,77,78] on the interaction graph, where the goal is to
approximate the probability mj. ,, (¢}, 7) that node i
exhibits a trajectory (%', 7%) during the observation time
window of length T4 for process A and Ty for process B
(we keep the flexibility of having two separate time
windows, although in most situations we use
T, = Ty = t). Exact equations that compute the proba-
bility mj 7, (¢!, 7F) of a given time trajectory (7}, z7)
of node i are explained in Appendix A. Because of the
properties of the belief propagation algorithm [79,80], the
fixed-point solution of the DBP equations is guaranteed to
be exact on tree graphs, and it provides good estimates of
marginal probabilities on loopy but sparse graphs [32].

Given the computed value of the marginals
my 7 (},77), one can straightforwardly define quantities
of interest, such as probabilities for a given node i to be
found in a given status:

Pi(0) = mi, 5,z 7F), (1)

h>re8>1

Pi(r) =Y mp g, (7 2P), (2)
o
Py(t) = mh 1, (7 F), (3)

o<

Pip(t) =Y mi, 1,(wP). (4)

<<

The definition of P, (z) [P}(¢)] indicates that at time 7, the
vertex i is A activated (B activated) irrespective of the other
process. Therefore, P!, (t) [P (r)] represents the probability
that at time 7, vertex i is in status A (B) alone or in status
AB. Initial condition probabilities where the node is
exclusively found as status A (B) will be denoted as
Pi.(0) [P%.(0)]. In principle, one can solve the DBP
equations to obtain mj ., . (7!, 7}) and then use the
expressions (A5)—(A8) to obtain final aggregated expres-
sions for the dynamic messages Pi(t), P (1), Pi(t), and
Pi,5(7). However, because of the generality of the DBP
equations that are valid for any dynamics, this approach
may not be the most efficient one: Computing a single
marginal m;_, .., (z},z¥) may require as many as O(r*?)
operations for a single marginal, where d is the degree of
the node i. On the other hand, for the concrete dynamics
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such as the processes considered here, which often have a
special structure, it is beneficial, from a computational
point of view, to explore this structure in order to drastically
reduce the complexity of computing the dynamic marginals
Pi(1), Pi(t), P5(t), and P',5(7). When this special struc-
ture is exploited to produce closed-form algebraic equa-
tions for computing Pi(t), P',(t), Py (1), and Pi,(t) with
low algorithmic complexity, the resulting computational
scheme will be referred to as dynamic message-passing
equations for the given process.

Therefore, the procedure we adopt below for deriving
DMP equations will be as follows: (i) Specify DBP
equations based on a given two-process dynamics;
(i1) where possible, exploit the structure in the dynamics
to derive low-complexity closed-form DMP equations that
iteratively compute the quantities of interest P(z), P’ (1),
Pi(1), and Pi (1) starting with the algebraic definitions
(A5)—(A8), which will inherit the exactness of prediction
on tree graphs; and (iii) to further reduce the computational
complexity or the algebraic form of the exact equations,
derive approximate DMP equations that could be used as
an algorithm for inference or optimization problems on
general graphs.

B. Mutually exclusive competitive processes

The dynamics in mutually exclusive competitive proc-
esses can be made explicit by listing the allowed transitions
and their respective probabilities at every discrete time
step:

a/'\i
S(i) + A(j) — A(i) + A(j),
S(i) + B(j) — B(i) + B(j). (5)

In other words, the two infection processes A and B are
mutually exclusive: Any node can be infected by a
neighboring node, assuming one of the two statuses, but
once infected by one of the two processes, it cannot change
its status. Since the infection is based on a two-vertex
interaction through an edge, the processes in Eq. (5) seem
deceptive as two completely independent parallel proc-
esses; however, they clearly interact through the graph
topology and the exclusivity of the adopted statuses.
Indeed, we assume that at any given time step, the infection
probabilities of process A (denoted a‘]-‘i) or process B
(denoted afi) are treated as independent, but the probability
of being infected by both A and B simultaneously is forced
to be 0 (thus creating probabilistic dependence between the
two processes). For closing the dynamic update rule, we
need to define what happens in the case where both
processes jointly infect the vertex in the same time step,
resulting in an invalid status. There are many possible ways
to deal with this case, which could be accommodated in
both analysis and simulations, depending on the needs of a

particular application. For the sake of simplicity, we
consider the rule where the probabilities of transitioning
to either status A or B, or staying in status S is propor-
tionally renormalized in such a way that they sum to one.
Alternatively, in simulation, one could think of this
procedure as resampling in the case where the joint
infection occurs: If a joint infection status by both proc-
esses A and B is sampled, it is rejected, and resampling is
carried out. This process is done repeatedly until a valid
status without progressing the dynamics, such that no
spurious probabilistic dependencies emerge. According
to the dynamic rules defined above, the probability of
the transition to the status A from status S for a node 7 is
given by

vh(1) = 1= TT(1 = a)1fo;(1) = 4)). (6)

JjEDi

where 0i denotes the set of neighbors of node 7, and 1 is an
indicator function. Similarly, define

vy(t) = 1= [[(1 = ab1fo;(r) = B]), (7)

jeoi
Zi=1-vy(n)vp(t). (8)

Then, under the resampling procedure explained above, the
final renormalized transition probabilities at time step ¢ read

AOETA0)

qs_a(t) = 0 )
dhplr) = G2, (10)

(1) + v} (1) vp(1))
Zi(1) ’

(1- v} (1) -

(11)

qg—n?(t) =

where the notation o,(¢f) = A/B/S refers to anode i at time
t, being in one of the statuses A, B, or S.

Given expressions (B1)—-(B3), we can straightforwardly
specify the respective DBP equations for the mutually
exclusive competing dynamics of the two processes that are
given in Appendix B. In Table I, we numerically verify that
the DBP equations are exact on tree graphs. With a naive
implementation, DBP marginals can be computed explic-
itly in time max (O(|E|T2(¢=1), O(NT?)), where c is the
maximum degree of the graph, and T is the final obser-
vation time. It is important to note that transition proba-
bilities defined as in Egs. (B1)—(B3) reflect the complexity
of interactions between processes that result from the
renormalization of probabilities. Indeed, these expressions
depend on the particular realization of statuses for all
neighbors and hence lack any iterative structure at each
time step. Because of this lack of structure, exact
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TABLE L

Demonstration of exactness of DBP equations for mutually exclusive competitive processes via numerical comparison with

the results from 108 Monte Carlo simulations on random trees. Case 1: Four-node random tree with uniform parameters a4 = 0.5 and
ag = 0.5 and initial conditions P%(0) = 1 and P3(0) = 1. Marginal probabilities for node i = 0 at time # = 3 are presented. Case 2:
Four-node random tree with uniform parameters a4 = 0.2 and az = 0.8 and the initial conditions P4 (0) = 1 and P3(0) = 1. Marginal
probabilities for node i = 0 at time ¢ = 3 are presented. Case 3: Five-node random tree with uniform parameters ay = 0.4 and ag = 0.6
and the initial conditions P3(0) = 1 and P3(0) = 1. Marginal probabilities for node i = 0 at time ¢ = 4 are presented. Here and in the
following tables and figures, the index of the chosen node has no significance but emphasizes that a specific node is investigated.

Case 1 Case 2 Case 3
DMP MC DMP MC DMP MC
Pi(1) 0.07986111 0.0799122 0.0077903 0.0078026 0.02302213 0.0230145
Pi (1) 0.13194444 0.1318928 0.00257234 0.0025947 0.00967836 0.0096883
Pi(1) 0.78819444 0.788195 0.98963737 0.9896027 0.967299512 0.9672972

low-complexity DMP equations cannot be straightfor-
wardly derived for the chosen dynamics.

Although DBP equations for the mutually exclusive
competing processes are exact on trees (see Table I), their
polynomial but potentially high computational complexity
makes them a less attractive choice in applications. To
address this issue, we notice that real application problems
are typically defined on sparse but nontree graphs. Even if
low-complexity DMP equations were available, they would
still yield only approximate solutions in general loopy
networks. This observation motivates us to search for a
tractable approximation of the message-passing equations
on tree graphs: If the approximation is good, the resulting
error on treelike loopy networks may be similar to the
application of exact DBP or DMP equations. In
Appendix C, we implement this strategy and derive
approximate DMP equations for the mutually exclusive
competing scenario with a computational complexity
O(|E|T), where |E| is the number of edges in the graph
and T is the observation window, which makes them
scalable for very large sparse networks with millions of
nodes. The approximation that we use is inspired by the fact
that, in the absence of renormalization, the dynamics of
each process follows the dynamics of the usual SI-type
process, and hence it is natural to try to perform the
renormalization procedure at the level of dynamic margin-
als. In what follows, we present numerical tests that
illustrate the accuracy of the employed approximation.

C. Collaborative process

In the two-process collaborative scenario considered
here, when a node is infected by one process, its suscep-
tibility to activation by another process increases (or
decreases). Unlike in the mutually exclusive case, a node
can be infected by both processes, and the influence of the
different processes is not necessarily symmetric. The
dynamics in collaborative processes can be made explicit
by listing the possible transitions and their respective
probabilities at every discrete time step:

S() + AG) 2 A1) + AL, (12)

ab

S(i) + B(j) — B(i) + B(j). (13)

A(i) + B(j) — AB(i) + B(j). (14)

B

A(i) + B(j) — A(i) + AB(j). (15)

In this scenario, status AB can be regarded as a
combination of status A and status B. The nontriviality
of the interaction between both processes comes from the
fact that a?]-B and aﬁ-A are different from aj‘l and afi,
respectively: when a node is infected by one process and
becomes more (or less) vulnerable to another, and vice
versa. Notice that unlike the mutually exclusive scenario
where the status AB is forbidden, under the general
collaborative scenario, the process S(i) - AB(i) is
allowed, and in discrete time the rule

oA xab
S(i) +AB(j) —" AB(i) + AB()) (16)
follows from the transition rules above, simply as coac-
tivation that happens at the same time.

Following the scheme outlined above, we can start by
forming a dynamic transition kernel that encapsulates the
various transition rules and allows us to write the DBP
equations for this spreading model. The resulting DBP
equations are given in Appendix D. The special structure of
the dynamic kernel is written as a sum of possible transition
sequences factorized over the neighbors of a given node,
making it possible to derive low-complexity and exact
DMP equations for the collaborative model. The algebraic
form of equations for the dynamic marginals is given a
simple and intuitive meaning. The probability of finding
node i in status S can be written as
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TABLE IL

Demonstrating the exactness of the DMP equations for collaborative processes via numerical comparison against results

from 10% Monte Carlo simulations on random trees. Case 1: Six-node random tree with uniform parameters a, = 0.1, az = 0.2,
ayp = 0.8, and g, = 0.9, and the initial conditions P%(0) = 1 and P%(0) = 1. Marginal probabilities for node i = 3 at time ¢ = 5 are
presented. Case 2: Six-node random tree with uniform parameters a, = 0.6, az = 0.5, aypz = 0.2, and ag, = 0.3, and the initial
conditions P%(0) = 1 and P%(0) = 1. Marginal probabilities for node i = 3 at time ¢ = 5 are presented. Case 3: Five-node random tree
with uniform parameters ay = 0.5, az = 0.4, a4 = 0.8, and ag, = 0.6, and the initial conditions P%(0) = 1 and P}%(0) = 1. Marginal

probabilities for node i = 3 at time ¢ = 3 are presented.

Case 1 Case 2 Case 3
DMP MC DMP MC DMP MC

Pi(1) 0.22111846 0.22111299 0.0152 0.0152037 0.06912 0.06908835
Pi (1) 0.02838733 0.02837872 0.02859 0.02859528 0.11808 0.1180704
Pi(1) 0.07848602 0.07845333 0.67248 0.67248319 0.12416 0.12412187
Pl (1) 0.67200819 0.67205496 0.28373 0.28371783 0.68864 0.68871938

Pi(1) = P(0) ] 63 (r.1), (17) Wi (0) =S mi(1.78) = Pi(0) = Pi(e = 1), (21)

kedi\ j 8

where Qf‘fl}i(t, t) is an aggregated dynamic message
defined through the fundamental messages on time
trajectories:

From the definition of Gﬁ"g (1,1), it is easy to “read off” its
physical meaning: It corresponds to the probability that
node k did not send activation signals A or B before time ¢,
while i follows a fixed (z/,7%) = (*, *) dynamics; i.e., it
does not activate until time ¢ (see Appendixes A and D for
more details). This case conveys the following meaning to
the expression (17): PL(t) is given by the probability that i
is in status S at the initial time, times the probability that
none of its neighbors has activated it with any of the
processes until time ¢ (which exactly factorizes over
neighbors on a tree graph).

In a similar way, the marginals corresponding to statuses
A and B can be expressed as activations by time ¢:

Py(1) = Zﬂﬁ(f’)» (19)
Py(1) = Zﬂﬁe(ﬂ), (20)

where reduced marginals y/, (#') and p(7') are defined as
follows:

up(0) =y _mi (el 1) = Py(t) = Py(t=1). (22)
o

Finally, using the normalization of probabilities [notice
that, by definition, P’,z(7) is contained in both P’ () and
P (1)], we finally get

Pyy(t) = Py(1) + Py(1) + Py(1) — 1. (23)

The exact forms of the DMP equations for collaborative
processes, along with detailed derivations, are provided in
Appendix D. Because of the exploitation of the structure
properties, the DMP equations have a much lower compu-
tational complexity O(|E|T?) for a final observation time T
compared to the DBP equations while still providing exact
predictions on tree graphs. We numerically verify this fact
in a number of instances as shown in Table II.

In the search for simplified equations that are easier to
use for inference and optimization purposes, as well as
reduced computational complexity in time, we implement a
strategy similar to the one used for the mutually exclusive
scenario and derive approximate equations that could be
used in lieu of exact DMP equations on a general graph. To
do so, we notice that the special case of transmission
probabilities }f = a7 and ! = af for collaborative
dynamics (12)—(15) corresponds to noninteracting spread-
ing processes: Activation by one process does not change
the activation dynamics for the other. In this case, the DMP
equations should simplify into the product of two inde-
pendent Sl-like processes:

my (e} 77) = py (e} s (c7) (24)
if aff =af, and ot =af. (25)
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We use this observation to produce a simplified version of

DMP equations, expanding the exact equations for inter-

acting spreading processes around the noninteracting point.

We keep certain first-order corrections in the update

equations only, so the resulting equations are similar to

the SI-type equations. This approximate version is expected
B

B BA
to be good as long as o and a7 and o* and af); are

similar. It would clearly break down if af‘/ =0or afi. =0
while the other infection probabilities remain finite. The
full derivation and expressions for the approximate DMP
equations are provided in Appendix E.

III. INFERENCE USING APPROXIMATE
DYNAMIC MESSAGE-PASSING EQUATIONS

In Sec. II, we considered DBP and DMP equations that
are exact on tree graphs, which follows from their deriva-
tion and supporting numerical checks. In this section, our
goal is to numerically establish the validity of approximate
DMP equations introduced in the previous section.

These equations enjoy an improved computational com-
plexity and a simpler algebraic form, and are expected to
provide a good approximation in the regimes dis-
cussed above.

To validate the approximate DMP equations obtained for
competitive or collaborative processes, we test the accuracy
of the inferred node values against numerical results
obtained via Monte Carlo simulations. Testing is carried
out on both synthetically generated networks and real
instances.

A. Inference in competitive spreading

Validation is carried out on two synthetic networks
generated by the package NetworkX, a tree network and
a network with loops, and on a real-world undirected
benchmark Polbooks [81] network. The latter is provided
as an example of a sparse network. With the given initial
condition, we apply both Monte Carlo simulation and the
DMP method to all models.

0.0

(a) (b)

FIG. 1.

Exhaustive numerical experiments reveal that DMP-
based inference provides accurate marginal posterior prob-
abilities for the variable statuses, with the exception of
very-high-infection parameter values (very close to 1).
Therefore, we do not examine cases with extreme infection
parameter values in the examples provided. The location of
seeds initializing the processes and target nodes to be
observed are chosen randomly and have no significance.

In Fig. 1, we show three synthetically generated net-
works: (a) a toy tree network of 10 nodes, (b) a network of
10 nodes with loops, and (c) the Polbooks [81] network
with 105 nodes. The choice of network has no significance;
it is a standard benchmark network used in the literature (of
books about U.S. politics sold by Amazon) [81]. The
network comprises two sparsely connected hubs, where
edges represent books (vertices) bought jointly by the same
individuals. To validate the efficacy of DMP in modeling
competitive scenarios, we compare results obtained from
running Eqs. (A4)-(A9) against results obtained using
Monte Carlo simulations. Simulations are carried out 10
times for gathering statistics; each round includes 10°
samples per node (about 10 samplings in total, depending
on the network size). The parameters used in the toy
model tests are @y = 0.3 and ay = 0.7, and we observe the
marginal posterior probabilities P3(¢) in both Figs. 2(a)
and 2(c), and P53(¢) in Figs. 2(b) and 2(d) for the tree and
loopy graphs, respectively. The seeds initializing the
processes are placed on nodes 7 for process A and on
nodes 2 for process B. The choice of these particular
nodes is arbitrary and has no significance. The results
obtained show excellent agreement between theory and
simulations. We also test the accuracy of the method on
the benchmark Polbooks network as shown in Figs. 2(e)
and 2(f) for the parameters @y = 0.2 and ap = 0.2. In this
case, process A starts from nodes 1 and 2, and process B
from nodes 4 and 37 (again, both are arbitrary choices).
The observed probabilities Pi=°(¢) in Fig. 2(e) and P5(r)
in Fig. 2(e) show good agreement between theory and
simulations.

2.00 20.0
1.75 17.5
1.50 15.0
1.25 12.5
.
1.00 10.0
0.75 7.5
0.50 5.0
0.25 2.5
0.00 0.0

Networks used for validation. (a) Toy tree network of 10 nodes. (b) Toy network with loops of 10 nodes. (c) Polbooks network

[81] with 105 nodes. The color scale represents the degree of nodes.
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FIG. 2. Comparison of DMP-based results and Monte Carlo simulations for competitive processes. For each of the graphs, 10°
samples have been used, and both mean values and error bars are shown, unless they are smaller than the symbol size. (a) Competitive
process on a treelike network using the parameters a, = 0.3, ag = 0.7 and observing P’=3(t). The seeds initializing the processes are
placed in nodes 7 for process A and in nodes 2 for process B. (b) Same as in panel (a) but observing P§:3 (7). () Comparing results from
the DMP method and Monte Carlo simulation for the network with loops using the same parameters as in panel (a) and observing
Pi=3(1). (d) Same as panel (c) but observing P5>(¢). For the Polbooks experiment, we observe (e) Pi°(¢) and (f) P5O(1); the
parameters used are oy = 0.2 and ag = 0.2, and the seeds initializing the processes are placed in nodes 1 and 2 for process A and in

nodes 4 and 37 for process B.

B. Inference in collaborative spreading

Similar experiments were run for a collaborative process
on the toy tree network: graphs with loops and the
benchmark football network. The latter is an undirected
network of American football games between colleges
during the 2020 fall season [82], which are quite uniformly
connected.

The results are shown in Fig. 3 for the various cases.

The experimental results indicate that modeling based on
approximate DMP equations is very accurate on treelike
networks, as expected for message-passing algorithms. It is
less accurate on small loopy graphs at longer times, as
expected, because of the small loops that violate the cavity
method’s assumption (the specific 10-node network used
includes two small loops). This effect is suppressed to some
extent on larger networks, where loops are typically longer
as demonstrated in the real benchmark network examples.

As discussed in Appendix E, the approximation quality
is expected to degrade when a, and ap are very different
from a,p and apy, respectively. Indeed, in this case, the
prediction of the dynamics by the approximate DMP
equations can become inaccurate. To illustrate this point,

let us consider an extreme example on a chain of three
nodes and two links, with node 2 connected to nodes 1 and
3.Letusassumethat ay = 1,z =0, and aup = azy = 1,
i.e., that the infection B can be transmitted only to nodes
that are already infected with A. Interestingly, this scenario
is relevant for several disease pairs, such as hepatitis D,
which can only be transmitted to individuals already
infected with hepatitis B. Given the initial conditions
PL(0) =1, PZ(0) = 1, and P3(0) = 1, node 1 will become
infected with disease B at time ¢ = 3: It first infects node 2
with process A at time ¢ = 1; this leads to infection of node
2 by infection B coming from node 3 at time ¢ = 2; and
finally, node 2 transmits infection B to node 1 at time ¢ = 3.
This example represents an extreme case where the
approximate DMP equations are not valid and indeed
preclude node 1 from being infected by process B, which
illustrates that they may not be exact even on tree graphs
when the approximation criterion is not satisfied. However,
it is easy to check that exact DMP equations provide an
accurate answer in this case as well, as it should. This
counterexample reiterates the trade-off between the exact-
ness and the computational complexity between exact and
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FIG. 3. Comparison of DMP-based results and Monte Carlo simulations for collaborative processes. For each of the graphs, 10°

samples have been used per node (about 10° samples in total), and both mean values and error bars are shown (unless they are smaller
than the symbol size). (a) Collaborative process on a treelike network using the parameters ay, = 0.3, ag = 0.7, a,p = 0.6, and
agy = 0.6, observing Pi=3 (1) (the node to monitor has been selected arbitrarily). Process A was seeded at node 7 and process B at node
2. (b) Same as in panel (a) but observing P53 (#). (c) Comparing results for the network with loops using the same parameters as in panel
(a), observing P53(z) and (d) Pi3(z). (e) Comparing results obtained from the DMP method and Monte Carlo simulations of a
collaborative process on the football network. The parameters used are ay = 0.1, ag = 0.2, ayp = 0.3, and ap, = 0.4. The probabilities
represent observations of node 2, while process A was seeded at nodes 3 and 4, and process B at nodes 0 and 1 (there is no significance to

any of these choices).

approximate DMP equations discussed in the previous
section. However, as illustrated in numerical examples, in
applications with plausible parameters, one could expect
that the approximate DMP method provides a good
description for cooperative spreading processes on sparse
networks.

IV. DMP-BASED OPTIMIZATION METHOD

Competition and collaboration of spreading processes on
graphs can be optimized through the judicious use of
resources. We demonstrate how managing a spreading
process against an adversarial competing agent can be
optimized within a given time frame and how joint
collaborative processes can be affected through the best
use of resources. The latter can take the form of spreading
maximization while making use of the process interdepen-
dencies, or of containment through vaccination to impact
on the spread of both processes.

We outline a general procedure for optimization in this
section. Details for the specific optimization problems we
address here are given in Appendix F for competitive
processes and in Appendix H for collaborative processes.

The core approach for optimization is based on a
discretized variational method, whereby a functional over
a time window (Lagrangian) is optimized through changes
in control parameters throughout the time interval. The
dynamics, resource constraints, initial conditions, and other
restrictions on the parameters used are enforced through the
use of Lagrange multipliers. A similar method is used in
optimal control.

We denote the components of the Lagrangian function
used in a way similar to [76]:

L= 0O +B+P+I+D (26)

objective constraints

where L is the Lagrangian function, O is the objective to be
optimized, B is the budget or constraints on the resource
used, Z represents the component that forces initial con-
ditions, P are restrictions on the probabilities used, and D
represents the dynamical constraints that take the form of
approximate DMP equations. All of the terms B, Z, P, and
D are forced through the use of Lagrange multipliers.
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For different problems, the constraints and objectives
vary. We take the competitive process as an example. In this
problem, we want to find an optimal allocation of a limited
number of spreaders (representing a budget, potentially time
dependent) for process A, which minimizes the spreading of
process B. These objectives could represent a competition in
a political or commercial setting. The objective function in
this case is

OIZ(I - PY(T)), (27)

where T is the end of the set time window. Our goal is to
maximize this objective function, thus minimizing the
spread of process B. The resources at our disposal for
seeding nodes with process A are represented by the budget
constraint at time zero (although more elaborate budget
constraints could be accommodated as in Ref. [76] and in
some of the examples that follow):

B, = > 0 (0). (28)

where 1/(0) is the deployment of a fraction of the budget
for process A on node i. The budget constraint is forced
through the Lagrange multiplier A*", such that

B = (By - Zui(0)> . (29)

The fraction or probability ¢/ is kept within a certain range,
determined by the upper and lower bounds o and v,
respectively. This process is also enforced using a
Lagrange multiplier

P =3 (log(z = 1/(0)) +1log (+/(0) - »)). (30)

The term D is given by enforcing the approximate DMP
equations for the competitive case using a set of Lagrange
multipliers, as detailed in Appendix H for the competitive
case. The remaining term Z forces the initial conditions for
the dynamics.

The extremization of the Lagrangian (26) is performed as
follows. Variation of £ with respect to the dual variables
(Lagrange multipliers) results in the DMP equations starting
from the given initial conditions, while derivation with
respect to the primal variables (control and dynamic param-
eters) results in a second set of equations, coupling the
Lagrange multipliers and the primal variable values at
different times. Ending conditions for the forward dynamics
provide the initial conditions for the backward dynamics.

We solve the coupled system of equations by forward-
backward propagation, a widely used control method
detailed in Ref. [76]. This method has a number of
advantages compared to other localized optimization pro-
cedures. It is simple to implement, of modest computational
complexity O(ET), where E is the number of edges in the

graph and T the time window, and does not require any
adjustable parameters. The forward-backward optimization
provides resource (budget) values to be placed at time zero
(or at any time within the time window if we so wish) in
order to optimize the objective function, e.g., that of
Eq. (27). One potential drawback of the method is the
possible nonconvergence of the dynamics to an optimal
solution. This drawback can be mitigated, to some extent,
by solving the equations for the backwards dynamics using
other available solvers and by storing the best solutions
found over time, or approaching a fixed point via gradient
descent. In general, as the functions used become more
nonlinear, it will become more difficult to obtain optimal
solutions, although we have not experienced significant
problems in the cases studied here.

V. NUMERICAL STUDY OF THE
OPTIMIZATION ALGORITHM

To validate and demonstrate the efficacy of the opti-
mization method, we carry out experiments on both
synthetic and realistic networks. Before embarking on a
large-scale application, we study the performance of the
derived method on a treelike network of 30 nodes.

A. Validation of the optimization algorithm

To validate the DMP-optimization algorithm on a prob-
lem that could be exhaustively studied and intuitively
presented, we restrict the study to a small, exemplar,
treelike synthetic model. Moreover, we select a small
number of nodes (3) on which resources could be deployed.
The objective is to maximize the spread of both agents or to
minimize the spreading of one of them (the disease-control
scenario) in both competitive and collaborative processes.

4.0
o

O ® 3.5

e __©
O 3 30

o

o

® { ] - 2.5

o ©%

e x (®1 15
. Y 1.0
o o ®
°® ® 0.5
0.0

FIG. 4. Tree network of 30 nodes used for carrying out the
experiments. The color scale represents the degree of nodes.
Controllable nodes in the various experiments are marked.
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The 30-node network used for carrying out these experi-
ments is presented in Fig. 4. Comparison between the
DMP-based optimization algorithm and the exhaustive
search is implemented in the following way: We consider
a scenario where the entire budget is available at time t = 0.
The optimization problem minimizes the spreading of
process B in a competitive process through judicious
budget allocation of the seeds for process A; i.e., we
aim at minimizing Y_; P?(T), where T is the end time
of the process.

In the experiments, resources for process A were
deployed on three nodes: 0, 19, and 28 (determined by

Sampling
DMP

1.0

0.8
0}

0.
0.4
0.2Contro\\ab\e_n<>de

(a) Competitive process - minimizing the spreading of process B.

e Sampling

DMP

26.2

26.0

25.8
25.6
25.4
25.2
25.0
24.8

Objective Function

(c) Competitive process - minimizing the susceptible nodes.

FIG. 5. Comparison of results obtained using the DMP-based

the choices for nodes 0 and 19 because of the total budget
constraint). The fixed seed for process B is node 3; this
choice is arbitrary and insignificant. The objective function
landscape has been explored by sampling for different
parameter values as denoted by the green points in
Fig. 5(a). The collaborative scenario with specific infection
parameters is plotted in Fig. 5(b). A different set of
controllable nodes is presented in Figs. 5(c) and 5(d) for
the competitive and collaborative cases, respectively. The
maximum value obtained for the objective function is
contrasted with the results obtained using the DMP-based
optimization procedure, marked by the red dot, in all cases.
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(b) Collaborative process - minimizing the spreading of process B.
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(d) Collaborative process - minimizing the susceptible nodes.

optimization method and random sampling in parameter space.

(a) Competitive process with a time window 7 = 3 and infection probabilities @4 = 0.5 and ap = 0.5. Sampled values for the various
control parameters are marked by green points, while the DMP-optimal value is marked by a red point. Nodes 0, 28, and 19 were
infected by process A as controllable nodes, with a total budget of one, while the fixed seed for process B is node 3. The objective, in this

case, is to contain the spread of process B, namely, minimize > ; P3(

T). The DMP-based optimization maximizes the objective function

as 24.17, while the optimal sampling result is 24.1. (b) Similar experiment to panel (a), with the same conditions and objective, for the
collaborative process with double infection parameters a,z = 0.8 and ag, = 0.8. The DMP-optimal objective value is 12.11 against
12.1 from sampling. (c) Competitive process using the time window and infection parameters as in panel (a) but a different objective

function—maximizing the infection Y, (1 — P$(7)). Controllable

nodes are 6, 8, and 15, and node 3 is infected by process B. The

optimal DMP objective function value is 26.11 against 26.2 from sampling. (d) Similar experiment to panel (c) for the collaborative
process with double infection parameters as in panel (b). The DMP-optimal result is 10.32 and 10.3 from sampling.
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It is clear that there is good agreement between the DMP-
optimal values obtained and the optima discovered through
sampling, although in some of the cases they are not
identical. The corresponding objective function values for
Fig. 5 are denoted in the various subfigures.

B. Results on real networks
1. Competitive processes

We study the performance of our optimization algorithm
on networks assuming that all resources are available at
time zero. Other optimization strategies where resources’
availability is time dependent could also be considered
[76], as shown later. One of the problems in comparing the
performance of our method to other approaches is the
limited number of dedicated, competing optimization
methods for the multiple-agent scenario, especially in cases
where resource availability and its deployment are spread
over the whole time window. Therefore, we compare the
DMP-optimized spreading process with known heuristics
for the single-agent scenario such as a uniform allocation of
resources over all nodes (except seed nodes induced with
process B), the high degree deployment strategy [83] HDA,
and K-shell decomposition [64]. “Free spreading” refers to
an uncontrolled spread of process B. “Blocking” refers to
the allocation of a competing agent that is noninfectious
(p =0). In all cases, resources are used to contain the
spreading of process B.

Multiagent spreading processes exist in different
settings—from social networks, energy grids, and road
networks to the graph of random interactions between
individuals. There is no specific network type that is more
relevant to the scenarios we examine. Therefore, we choose
a set of sparsely connected benchmark networks of differ-
ent characteristics to test the efficacy of our algorithm
compared to competing approaches. The description of the
different networks and their specific properties appear in
the corresponding references. We aim to show that the
suggested methods work well on all of the sparse networks
examined, and we therefore expect it to work well on most
other sparse networks.

In these experiments, we allocate seeds of process B on
0.05N nodes at time zero, where N is the total number of
nodes in the network. The same amount of resource is
allocated to the controlled competing process A. Infection
parameters are a4, = 0.2 and ap = 0.3. This choice of
parameters is arbitrary, and the performance for other
parameter choices provides qualitatively similar results.
The free parameter that forces the upper or lower limits of
the resource variables (F2) is set to ¢ = 0.1 initially and
decays exponentially with iteration steps. Experimental
results show that decaying € in this manner leads to an
improved performance, arguably since it allows one to
obtain solutions that are closer to the limit values. The
optimization procedure is iterated 10 times, and the best
result is selected. The objective is to minimize the spread-
ing of process B, and the normalized total spreading
S Po(T)/N at time T =3 is shown in Table IIl. The
short time window used is due to the small diameter of the
networks.

In competitive processes, we observe that the contain-
ment of process B is carried out effectively by optimal
deployment of spreading agents of process A, compared to
static blocking, HDA deployment, K-shell, and uniform
seeding. This scenario corresponds to marketing, rumor
spreading or fake news, and opinion setting. We also
evaluate the improvement obtained for a given budget in
blocking the spread, which allows one to allocate the
appropriate budget for containment (e.g., addressing the
spread of fake news or antivaxxing rumors by releasing
verifiable information). Clearly, key factors in determining
the spread are the actual infection parameters associated
with the various processes, which can be obtained through
data analysis. The football network is highly connected,
and we speculate that this is the reason for the success of
uniformly allocating the spreading agents.

When the budget allocation is performed dynamically at
different times, several optimization procedures can be
used. Conventional stochastic optimal control [87] is based

TABLE III. Comparing different deployment methods for a competitive scenario on various networks. In each network, we randomly

choose 0.05N nodes as seeds of process B and the same total budget for the competitive process A, where N is the number of nodes in the
network. The infection parameters are a4 = 0.2 and apz = 0.3. The initial parameter ¢, which forces the budget limits per node as in
Eq. (F2), is initially set to 0.1 but decays exponentially with the iteration steps. The optimization procedure is iterated 10 times, and the
best result is selected. The objective is to minimize the spreading of process B; the normalized total spreading >, PL(T)/N at time
T = 3 is shown. In all methods, budgets are available at time zero. Uniform allocation assumes that all the budgets are uniformly
allocated to all nodes at time zero (except those infected with process B). In free spreading, no agents are allocated for process A. In
blocking, competitive agents are not infectious (p = 0); all the budget is used to contain the spreading of B. The best results are denoted

by bold font.

Network Number of nodes DMP Uniform K-shell HDA Blocking Free spreading
Football [82] 115 0.5829 0.5674 0.8264 0.7731 0.7860 0.8264
Lesmis [84] 77 0.0834 0.2211 0.1962 0.0990 0.1016 0.3549
Karate [85] 35 0.4206 0.4902 0.5470 0.4212 0.4966 0.5472
Power [86] 4941 0.0500 0.0621 0.0641 0.0632 0.0501 0.0644
Polbooks [81] 105 0.2243 0.3733 0.3102 0.2779 0.4316 0.5744
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on planning ahead for the entire time window, taking into
account future uncertainties. An optimal solution in dis-
crete time can be stated through a solution of the Bellman
equation that, in our setting, would result in an algorithm
with a high computational complexity due to the curse of
dimensionality [88]. To mitigate this issue, we adopt a
procedure that is similar to the one used in the closed loop
control setting, which updates the resource allocation at
every step based on the information on the realization of the
stochastic dynamics. This approach does not strictly
guarantee the solution optimality, but it quantitatively takes
into account realization of uncertainties while keeping
computational complexity under control. We carry out
the optimization for the end time 7 at each step, on a
shrinking time window, incorporating the newly available
information. We consider a case where one process spreads
randomly, while for the other, a unit budget is available per
time step, to be optimally deployed. Given the information
at hand for each time step, one may then consider the
following dynamic allocation strategies: (a) The DMP-
greedy strategy deploys the unit to optimize the objective
function for the next time step; (b) the DMP-optimal
strategy optimizes the objective function for the end time
T while incorporating information available at each time

step. Note that the latter represents a closed-loop-like
optimization in the sense that updated information on
realization of dynamics at each time step is incorporated
to produce a better resource allocation plan.

To demonstrate the efficacy of our method and the
differences between the DMP-greedy and DMP-optimal
resource deployment, we use the football network [82] and
infect node 1 at time O (blue point to the left of center; total
budget for B is 1); we then optimally deploy a budget of 1
for process A at each time step t = 1,2, ..., 5. The infection
parameters used are oy = ay = 0.7. The results are shown
in Fig. 6, where the heat bar represents the dominating
process per node through the value P, () — P5 (). Red and
blue represent dominating processes A and B, respectively.
It is clear that the DMP-optimal process (b) is much more
effective than the DMP-greedy one (a) in restricting the
spread of process B by maximizing the spread of process A.
Numerical comparisons between the two methods for the
same network and conditions are presented in Table I'V. It is
clear that while the DMP-greedy process is successful at
earlier time steps, the DMP-optimal process minimizes the
spread of process B at T = 5. A second example on a more
densely connected network is given in Appendix G.

1.00

0.50
0.25
0.00
-0.25
—0.50
-0.75

-1.00

-0.25
-0.50
-0.75

-1.00

FIG. 6. Football network with infection parameters @y = ag = 0.7. The budget for B is 1, allocated on node 1 at # = 0, and a budget of
1 per time step is optimally assigned for process A. The figures represent the containment of process B at different times r = 1,2, ..., 5
due to the judicious allocation of resources of process A. (a) DMP-greedy strategy; (b) DMP-optimal strategy. The heat bar represents
the dominating process per node through the value P/, () — Py (). Red and blue represent dominating processes A and B, respectively.
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TABLE IV. DMP-based resource deployment methods for the
football network under the same conditions as in Fig. 6. The
objective is to minimize the spreading of B, i.e., minimize
the fraction of B nodes at time 7 =5, >_; PL(T)/N.

Time DMP optimal DMP greedy
r=1 0.0767 0.0556
t=2 0.2157 0.1871
t=3 0.3109 0.4336
t=4 0.3211 0.5615
t=>5 0.3211 0.5628

To demonstrate the improvement in reducing the spread
of agent B given a budget by against an optimally deployed
budget b, of process A, we plot the ratio of infected A and
B statuses at time 7' = 5 against the budget ratio b, /bg.
This process has been used for the Lesmis network [84] (77
nodes, representing the coappearance of characters in the
novel Les Miserables) with infection probabilities a4 =
ag = 0.5 and time window T = 5. The results shown in
Fig. 7(a) have been averaged over five instances for both
uniform and optimal DMP-based deployment. It is clear
from the figure that the optimal DMP-based deployment
provides much better results than uniform deployment,
which exhibits a linear increase. The saturation for high
ratios is limited by the size of the graph.

We observe several instances in which the ratio of
infected probabilities exhibits a fast transition at specific
points. Figure 7(b) shows a fast transition towards a
process-A-dominated network as the ratio between the
budgets allocated exceeds a certain value b,/bg ~ 0.28.
The y axis represents the ratio of process probabilities

N PL(T)/ SN PA(T). These results clearly depend

on the topology, budgets, and infection rates used. The
example given here is based on the Lesmis network with
infection probabilities a4 = 0.5 and az = 0.7, fixed budget
bgp =1, time window T =35, and optimal DMP-based
deployment.

To evaluate the interplay between infection parameter
values and budget allocated to each of the processes, we
study a competitive case on the Lesmis network, with a
varying ratio between budgets (bp = 1, b, = 0.5, ...,4.5)
and infection probabilities (az = 0.7, a, =0.1,...,0.7).
The points where the processes end up with equal prob-
abilities at 7 =5 are plotted in Fig. 7(c) for the DMP-
optimized deployment of resource A (green line) and for
uniform deployment (red line). The results are averaged
over five randomly chosen initial positions for the seed
of B. From the figure, it is clear that, in this case, DMP-
optimized deployment can effectively mitigate significantly
inferior infection rates or budget ratios (area above the
green curve); only when both ratios are very low does the B
process dominate the network after T steps (yellow area).
Uniform deployment results in much inferior performance
(area above the red line).

2. Collaborative processes

Results obtained for collaborative scenarios, shown in
Table V, exhibit a similar behavior, showing that collabo-
rative processes can be optimized to spread quickly due to
the mutually supportive role played by the two processes.
In this case, some nodes (0.05N) are infected by process B,
and we allocate a given budget of process A such that the
joint spreading will be maximized and the number of
noninfected nodes (in status §) minimized. This case could
represent, for instance, the spread of opinions on the basis

—e— Uniform
—¥— Optimal

balbg

, ' ‘_N\‘\\‘_.

704 Uniform 225
—v— Optimal 2.00

Q 60
° 1.75
8 50
% 1.50
£ 40
~ Q 1.25
3 30 =
K 1.00
o
o 20
“_E 0.75 A

10 0.50

v v vV
0 0254 "
0 1 2 3 4 0.20 0.22 0.24
balbg
(a)

FIG. 7.

026 028 030 032 0.2 0.4 0.6 0.8 1.0

PA/P.B

(b) (c)

Optimized competitive scenario on the Lesmis network. (a) Ratio of nodes infected by processes A and B after 7 = 5 time

steps for a given initial budget ratio b, /bg. The infection probabilities used are oy = ap = 0.5. The green curve represents the ratio in
the case of DMP-optimized deployment of the A budget, while the red curve represents the uniform deployment case. (b) Fast transition
in the ratio of expected infected statuses > ¥ | P (T)/ S_N_, P%(T) for infection probabilities a4 = 0.5 and az = 0.7 and time window
T = 5. The budget for B is fixed at bz = 1, and the budget deployment for A is optimized using DMP. (c) Interplay between infection
parameter values and budget allocated to each of the processes on the Lesmis network. The x axis represents the ratio between infection
parameters a, /ap and the y axis the ratio between budgets b, /bg. The green line represents values for which the two processes have
equal probabilities in the network at 7 = 5 when DMP-optimized deployment of resource A is used; the red line represents the same line
for uniform deployment. Results are averaged over five randomly chosen initial positions for the seed of B.
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TABLE V. Comparing different resource-allocation approaches for collaborative processes on various networks. On each network, we
randomly select 0.05N nodes as seeds of process B and the same total budget for process A to be optimally allocated, where N is the total
number of nodes in the network. The infection parameters chosen are ay = 0.2, agy = 0.3, a4p = 0.4, and ap, = 0.5. The initial
parameter €, which forces the budget limits per node as in Eq. (F2), is initially set to 0.1 but decays exponentially with the iteration steps.
The optimization procedure is iterated 10 times, and the best result is selected. The objective function, in this case, is to maximize the
spreading of processes A and B, i.e., minimize the fraction of susceptible nodes Y_; P5(T)/N at time T = 3. In DMP allocation-based
optimization, we assume the seeding budget for B is available at time zero. Uniform allocation assumes that the budget for A is initially
allocated uniformly to all free nodes. HDA deployment [83] and K-shell [64] seeding are used as before; in free spreading, no
collaborative spreading budget A is allocated. The lowest fraction of susceptible nodes is denoted by bold.

Network Number of nodes DMP allocation Uniform allocation K-shell HDA Free spreading
Football [82] 115 0.0536 0.0582 0.1736 0.1543 0.1735
Lesmis [84] 717 0.2222 0.3832 0.3151 0.3051 0.6451
Karate [85] 35 0.2771 0.3743 0.4527 0.2481 0.4529
Power [86] 4941 0.7652 0.7930 0.8434 0.9024 0.9355
Polbooks [81] 105 0.1524 0.2065 0.3347 0.2204 0.4255

of political affiliation. In this case, the DMP-based opti-
mization algorithm also works well, with the exception of
the football network where uniform spreading seems to be
successful, arguably due to the same reasons as in the
competitive case.

The final set of experiments we carry out relates to the
vaccination policy in collaborative spreading processes. In
this case, two collaborative processes A and B spread
throughout the system, and the task is to minimize the
spread through a vaccination process to one of the two, say,
B. The role of vaccination in this case is in to reduce the
infection probability by the level of vaccination deployed.
For instance, we adopt a simplistic model whereby if the
vaccine deployed at a given node is b, its probability of
being infected will reduce to ap —b. Similarly, the

TABLE VI. Different vaccine-allocation policies in a collabo-
rative process on different benchmark networks. On each net-
work, we randomly choose 0.05N of the nodes as seeds for
process B and 0.01N nodes as seeds for process A; the total
vaccination budget is 0.05N, where N is the number of nodes in
the network. Infection parameters are arbitrarily set to ay = 0.4,
ag =04, ayp = 0.9, and ap, = 0.9. The parameter € in Eq. (F2)
is set to 0.01. The optimization procedure is iterated 10 times, and
the best result is selected. The objective is to minimize the
spreading of processes A and B, i.e., maximize the fraction of
susceptible nodes >_; P(T)/N at the end of the process (time
T = 3). In DMP-based optimal allocation, we assume that all
budgets are available at time zero. Uniform allocation assumes all
budgets to be uniformly allocated to all nodes at time zero. In free
spreading, no vaccine is allocated. A detailed description of the
vaccine allocation problem can be found in Appendix L.

Number DMP Uniformed Free
Network of nodes allocation allocation spreading
Football [82] 115 0.1887 0.0607 0.0294
Lesmis [84] 77 0.9455 0.5519 0.4941
Karate [85] 35 0.4676 0.3491 0.3123
Power [86] 4941 0.8891 0.8650 0.8356
Polbooks [81] 105 0.5483 0.3071 0.2354

infection parameter ap, will also decrease by the same
amount to ag, — b. Other infection models can be easily
accommodated. The optimization task is in the deployment
of a given vaccination budget such that the fraction of
noninfected sites Y _; P¥(7T)/N at time T is maximized.

The experimental results shown in Table VI demon-
strate that the DMP-based optimization shows excellent
performance.

Generally, for the different network topologies and size,
DMP-based optimization appears to be more effective than
other methods. The main cases where it does not offer the
best result are in complex networks with bounded con-
nectivity fluctuation, where it has been shown that uniformly
applied immunization strategies are highly effective [83].

To demonstrate the efficacy of DMP-optimal resource
deployment for vaccination in the case of a collaborative
spreading process, we use the main road network of England
[89]. Livestock epidemics often spread through the transport
of infected livestock on the road network (as was the case in
the 2001 Foot and Mouth epidemic in the UK). We consider
the spread of highly infectious coupled processes through the
road network starting from the areas of Greater London (node
10, process A) and Leeds (node 11, process B); the budget for
both A and B is one unit, and infection parameters are
ay = ap = 0.2, agy = axp = 0.99. The process runs for 20
steps. The vaccination budget is one unit per time step and is
effective against process B only while being ineffective for
process A. The results shown in Fig. 8 demonstrate the
efficacy of the DMP-optimal vaccination strategy aimed at
minimizing Y, (1 — P%(#)) (b) in contrast to the free spread-
ing of both infections (a). Blue and red represent uninfected
and infected statuses, respectively; more specifically, the
node color represents 1 — P(z), where red and blue corre-
spond to 1 and 0, respectively. As we can see in Fig. 8, the
infection spreading around London remains the same, with or
without the deployment of a vaccine, as it is mainly infected
by process A; hence, the vaccination has no effect while the
spread emanating from the Leeds area is effectively blocked.
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England road network—the collaborative spread of highly infectious coupled processes. We consider the spread of highly

infectious coupled processes through the road network starting from the areas of Greater London (node 10, process A) and Leeds
(node 11, process B); the budget for both A and B is one unit, and infection parameters are ay = ap = 0.2, agy = asp = 0.99. The
process runs for 20 steps. The vaccination budget is one unit per time step and is effective to suppress process B only while being
ineffective for process A. The node color represents the value of 1 — Pg(t), where red and blue correspond to 1 and 0, respectively (the
heat bar is similar to that of Fig. 6). (a) Free spread of the epidemics with no vaccination. (b) Vaccination budget of one unit per time step
against process B deployed at each time step using the DMP-optimal algorithm. We see that in panel (b), the infection in the London area
spreads unhindered in both (a) and (b), as it is mainly infected by process A, while spread emanating from the Leeds area is effectively

blocked when the vaccination is deployed.

VI. SUMMARY AND FUTURE WORK

Competition and collaboration between spreading proc-
esses are prevalent on social and information networks and
on interaction networks between humans or livestock, to
name but a few. To better understand the expected spread
and dynamics of diseases, marketing material, opinions,
and information, it is essential to infer and forecast the
spreading dynamics. Moreover, the judicious use of limited
resources will help contain the spread of epidemics, win
political and marketing campaigns, and better inform the
public in the battle against unsubstantiated or misleading
information.

Most current studies of multispreading processes, such
as Ref. [34], heavily rely on computer simulations and
heuristics with varying results from one instance to another.
Obtaining reliable estimates therefore comes at a high
computational cost in order to obtain meaningful statistics.
We advocate the use of a principled probabilistic technique
for the analysis and employ the same framework to develop

and offer an optimization algorithm for the best use of the
resource available.

Both competitive and collaborative spreading processes
are investigated here using the probabilistic DMP frame-
work, and they provide an accurate description of the
spreading dynamics, as validated on both synthetic and real
networks. For the first time, we derive exact message-
passing equations for two interacting unidirectional
dynamic processes and study approximate DMP equations
that benefit from a simpler form and a lower algorithmic
complexity; this derivation represents the first major novel
contribution of this work. The probabilistic description
facilitates the study of multiagent spreading processes on
general sparse networks at a modest computational cost,
opening up new possibilities for obtaining insights into the
characteristics of such scenarios.

As a second major contribution in this work, we employ a
scalable optimization framework that incorporates the DMP
dynamics to deploy limited resource for an objective
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function to be optimized at the end of the time window. This
optimization task is a difficult hard-computational problem
since the resource is deployed at earlier times; the two
processes dynamically interact throughout the time window,
and the aim is to optimize the objective function at its end.
One of the scenarios we consider is that of resource
deployment in a mutually exclusive competitive case where
the deployment of an agent’s resources aims to maximize its
spread at the end of the time window with respect to the
spread of an adversarial process. This scenario can be seen as
a competition between adversarial agents, each of which
aims to contain the spread of the other, making it highly
relevant in the battle for public opinion. The collaborative
scenarios we optimize include constructive interaction
between the spreading processes, such that infection by
one process facilitates the infection by another. In this case,
the aim is to exploit the exposure optimally in order to
maximize the spread of both processes. Finally, we also
examine optimal vaccination strategies in the case of
collaborative spreading processes, where vaccination is
effective with respect to only one process but helps to reduce
the spread of both due to the interaction between them.
The optimization algorithm has been tested in several
different scenarios and on a range of small-scale and real
networks, showing excellent performance with respect to
the existing alternatives of high-degree allocation, K-shell-
based approaches, free spreading, and uniform budget
allocation. We demonstrate that the optimized deployment
makes a huge difference in the use of limited resources and
allows for a balanced competition even with significantly
inferior resource availability or lower infection rates. We
see a significant potential in the use of such principled
algorithms to make the most of limited resources.
Moreover, the suggested framework is highly adaptive
and can accommodate targeted spreading [76], where only
specific vertices are available and at specific times (as in the
case of critical vote and time-sensitive campaigns); tem-
poral deployment of resources, either of the process of
interest or of the adversarial process, where resources are
available at different times within the time window (e.g.,

because of limited production or shipment restrictions);
|

determining vaccination policies; and for more complex
collaborative scenarios. We anticipate that the developed
methods will also be useful for development of scalable [90]
algorithms for learning [91,92] of spreading models in the
context of multiple interacting spreading processes.

The application of our method for suggesting vaccina-
tion policy to contain the spread of collaborative health
conditions, for process containment (e.g., the spread of fake
news and antivaxxing messages), and for effective infor-
mation dissemination (e.g., marketing or opinion-setting
material) is promising, and timely applications that should
be explored.
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APPENDIX A: DYNAMIC BELIEF
PROPAGATION

In the two-process dynamics, the dynamics of a single
node i is described by a pair of activation times, (7%,7%),
where 7% denotes the first time when node i is found in
status A, and similarly for 7. For instance, 7% = 0 means
that node i was initially in the active status A, and we
denote by 7% = x the situation where node i did not get A-
activated before some final observation time; i.e., in some
sense * absorbs all the history that happens after the end of
the observation window. For the convenience of presenta-
tion, in what follows, we consider two separate “observa-
tion windows,” for A and B processes.

We start our derivations with the general DBP equations
[32,77,78] on the interaction graph, where the goal is to
approximate the probability m}. ., » ., (7', 7/) that node i
has a trajectory (z%,7%) during the observation time
window of length T4 for process A and T for process B:

my gy (Tl = Y Wik B (o B o) [ [mhh, (2f 2Bl 2F). (A1)
{T?Jf}ka’)i kedi
where 0i denotes neighbors of i on the graph and the sum runs over all possible values of r‘,‘(‘ and Tf e, {01, ..., 14 /B> *}.

The transition kernel W' is defined through the dynamical rules for a given dynamics; we provide an explicit expression for

i—j

the kernel below. The probabilities my 7 (v, 7B ||r‘j“ rf) have a sense of the probability that node i has a trajectory of length

T 4 for process A and T’y for process B [in what follows, we refer to this as the (T4, T) trajectory] equal to (!, 7%), subject

: A _B
to a fixed trajectory (7, 7}

i~ B By _
mTA+1,TB+1(T?vTi ||T?77j) =
{T?’Tf}kéai\j

of node j, satisfying the following consistency relations:

Y Wik izt hen) [ mish, @2l <P

(A2)
k€di\j
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The fixed-point solution of Egs. (A1) and (A2) is guaran-
teed to be exact on tree graphs and provides good estimates
of the marginal probabilities on loopy but sparse
graphs [32,79].

Notice that m'_’/ (@, 7P ||=},7%) is not a conditional
probability (e.g., Bayes rule does not apply). Let us state
the following fact that will be crucial for the derivations
below. (This fact is due to the properties of the DBP
equations and the dynamics specified by W'.)

Fact 1: (Fundamental property of messages) For 72 #

and 78 # x,
m, 1, (77 77) :miﬁ,zf(T?vT?) VT,>7 and Tp>7P.

A similar statement holds for messages.

Thus, future events cannot affect current or past events.
Because of Fact 1, the DBP equations can be considerably
simplified. Indeed, Eqs. (A1) and (A2) basically state that
the right-hand sides do not depend on the final times in the
observation windows, i.e., on times (74 + 1,75 + 1). In
particular, for 7! =0 or 7% = 0, the right-hand side does
not depend on 7! or 78, respectively. For other cases,
choosing T4 = 4 — 1 and Ty = 7% — 1, we see that since
the time window of messages is (¢ — 1,78 — 1), they do
not depend on the precise value of 7 and z%. Thus, the
following fact holds.

Fact 2: (Simplified DBP equations) For the dynamics
considered, the following DBP equations hold:

mi"A-i-l,TB-i-l(T?’T?) = Z Wizl o5 {2, 77 Yeeor)

{TA Tf}k&@l
X Hm’}:’TB A B, %), (A3)
kedi
ml]:il TB+1(T?’ T?HT?’ Tfi)
= Z Wiz i {7 78 hiean)
{7A Tf}kem\j
X H m’}:”rﬁ (7, 28| %, ). (A4)

kedi\ j

To simplify the notations, in what follows, we use the
notation my 'y (¢, tf) = my (¢, f||*,%). Given the
computed value of the marglnals mT(rj* 78), one can
straightforwardly define quantities of interest, such as
probabilities for a given node 7 to be found in a given status:

ZZmTA TB ’

‘r >tr >t

Pi(r) = (A5)

= my (%, %),

= Z Z miTAaTB (T? T

g

= >

<t 8e{0.1.....1.4}

mi,t(r‘?, T?)

= (mio(z1,0) + mig(eh, %), (A6)
=y

= Z Z miTA,Tf,(T?’ 7})
< o

= Z Z mf,,(T‘?,T?)
Tf‘ﬁtr‘;‘e{o.l,.‘.,t,*}

= (my (0.2F) + mj,(x.7F)), (A7)
<t

Pi (1) ZZmTA r, (77} Z mi (74, 78).

<t < h<tab<t

(A8)

In the last expression, we used Fact 1, and in the previous
expressions, we used the definition of * and hence the
equalities of the type

(e, %) = mT TB+1(TA *) + miA,TBH(T?v Tg+1).
(A9)

mTA

Hence, in principle, to each node 7, one can associate a
(t+ 1) x (¢ + 1) matrix of probabilities m! (7%, 7%), and to
each edge (ij), one can associate a fourth—order tensor of
probabilities m;,” (¢}, 77 ||z}, 7}); one can then solve the
fixed-point equations (A4), e.g., through iteration using
some initialization for the conditional probabilities next,
one uses Eq. (A3) to compute the quantities m;, (e, ©B);
and finally, one uses Eqs. (A5)—(A8) to assemble the
probabilities of finding node i in one of the statuses S,
A, B, or AB. However, the naive implementation of this
scheme would require as many as O(#2(?~1)) operations for
an estimation of a single message in Eq. (A4) and O(7*%)
operations for a single marginal in Eq. (A3), which still
produces a polynomial-time algorithm for bounded-degree
graphs but can quickly become prohibitive for large d.

On the other hand, the argument above applies to general
dynamics parametrized by the flipping times 7, 7% for
node i; however, dynamics of interest (such as processes
considered here) often have a special structure, and it is
beneficial, from the computational point of view, to explore
this structure in order to drastically reduce the complexity
of the computation of the marginal probabilities (A5)—(AS8).
Therefore, while the problem is conceptually solvable
in polynomial time at the level of the basic DBP
equations (A3) and (A4), below we derive a computational
scheme that would allow for an efficient computation of
marginal probabilities (A5)-(A8). We refer to this scheme
as the DMP equations.
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APPENDIX B: EXACT DBP EQUATIONS FOR MUTUALLY EXCLUSIVE COMPETITIVE PROCESSES

As explained in the main text, the transition rules for competitive dynamics at time step ¢ are defined as follows:

S(i) > A(i), with probability g_ (1) = v/, (1) (1 — vis(2))/Z(1), (B1)
S(i) = B(i), with probability g_ (1) = vi()(1 = v/, (2))/Z;(1), (B2)
S(i) — S(i), with probability gk_ (1) = (1 — v/, (¢) — vi(t) + v’ (1)vis(2))/ Z:(2). (B3)
where

vi (1) =1 =T (1 = ahilo;(1) = A)), (B4)

jeoi
vy(1) = 1= T](1 = a1fo,(r) = B)). (BS)

JjEedi
Z: =1 —vl,(t)vi (1), (B6)

and o;(¢) denotes the status of node i at time 7. For two subsets ®, C Ji and Oy C Ji, the transmission probabilities
introduced in Eqgs. (B1)—(B3) can be explicitly written as follows:

Qs (1:04, 0 {7}, 78 }1con)

(1 =Tles, (1 = @1z} < ) 1ieo, (1 — i 1[e7 < 1)) (B7)
H,e@A( zﬂ[T}L‘ ])+Hle®B(1_aﬁﬂ[ T <) - [ljco,.1co,(1 aAﬂ[T}L‘ )1 —e1[ef <1])’
qs_p(t:04,05; {7}, 70 }renn)
) Myco, (1 = a1} < 1)1 = Tlico, (1 ~ a1 < 1) -
[Ljco, (1 — a1z} <1]) +Hzeeg( ap1[zf <1]) = [1jeo,.ic0,(1 06? [} <t)(1 = ajl[e} <1])’
qs_5(1:04, Op; {71, 77 Frei)
_ [[co, (1 - [ < P leo, (1 —aplfe} < tD (B9)
HjeG)A<1_a§‘iﬂ[T? < 1) + [lieo, (1 “zzﬂ[ <1]) = [ljeo, 0, (1 = ji [7}4 <) —ajlfef <1])

Given the usual parametrization of marginals and messages m' (74, 7%), only the following messages can be nonzero for
this dynamics: m’(z%, %), m'(*, %), and m'(x, x). The dynamic messages are then defined as follows:

= Zmltt(rlA’ *) = PZ(I -1+ m}',,(t, *), (B10)

i<t
Zm” #,78) = PL(t = 1) + mi (x,1), (B11)
Pi(1) = mi, (%, %), (B12)

with the initial conditions m! (0, *) = P, (0) and m!,(x,0) = P5(0).

As discussed in Appendix A, the complexity of a general DBP message evaluation requires O(#>) steps, where d is the
node degree. Under the mutually exclusive scenario, some of the combinations of flipping times are forbidden since a node
cannot be simultaneously activated under both A and B processes. To reflect this structure, we rewrite DBP equations for
t > 0 in a computationally suboptimal but compact way:
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mi (1, %) Z Z Z (H‘Isqsf 04,05 {7}, Tk}keaz)>‘IS—>A( — 1:0,, 05 {7}, 7{ }reor)
gAESL {7} heo, {77t icoy, =0
@S:£9i€(®AuG)B)
x [T miz a0 TImizl i ) TT mimica (%) (B13)
ked, €0, nebg

mi (¥, 1) ) > D> Y, (Hq%sf ©4. 05; {7, Tk}keaz)>‘]s->3( — 1;04, 0p; {74, 7 }reon)

Al {7} heoy 177 Yicop
Og= O‘Q(QAUBE)
k—i [—i n—i
x Hmz 1i-1 k’*)Hmt—l,t (%, 70 me 1o (%, %) (B14)
=) €6, neds
t—1
i __ pi i /. . B
=0 Y Y E:GI%%Oﬂm%iﬂnhwo
8*‘3;5 {Tf}ke(-)A {Tf}leeg =0
QSZOiQ(GAUGB)
k—i =i n—i
x Hmt—lﬁt—l(rlé’*)Hmz—l.t (70 Hmz 1o (%, %) (B15)
=N i€y nedy

DBP messages in the expressions above are computed in a similar way, where subsets ®, and ®p are chosen from 0i\ j:

=2
w0 =P0) Y 5 S ([ heslri0n0ni (el hica) ) bt~ 11010 (e hca

OAEZi\j {Tz}kE@A {Tf}JE@B =0
O5= Ot{;(/u@,\uo,,)
x PLO) | [ mii (o) | | iz o (o ef) | mii sy (%) (B16)
S t—=1,t—=1\ k> —L— 1 ; i 1
ke®, €Oy n€ebdg

2
m;zj( .1) = P5(0) Z Z Z <H qs_5(1'; 04, Op; {T£7Tf}k€0i>> qs_p(t = 1,04, 05 {7, 77 }reni)
gggﬁ;{j {7} heo, {77 icoy ~7'=0
Bg=0i\(juB,UBR)

k—i n—i
XHmz—l.tl Hmzlrl*fz Hmtltl** (B17)

(€0, Iy, neds
i—j __ pi
) =P0) Y Y }jﬁhmwm@Mﬁmmﬁ
®A§§;§f/ {7t Hreoy (7] ticoy
Og= r)le(/UE)Au@B)
k—i I—i n—i
x Hmt—l,t—l(T?v*)Hmt i (et? Hm, o1 (%) (B18)
k€0, Iy nedy

In Sec. II of the main text, we numerically show that these equations are exact on tree graphs.

APPENDIX C: APPROXIMATE DMP the dynamics of a simple SI process. Hence, we derive
EQUATIONS FOR MUTUALLY EXCLUSIVE equations that perform the renormalization procedure at the
COMPETITIVE PROCESSES level of dynamic marginals.

In the search of low-complexity equations that could be Let us start by reminding the equat.lons for the SI model.
used on general graphs, in this section we derive approxi- We closely follow the ?gtat10ns used in Refs. [32?93]. Fora
mate DMP equations for mutually exclusive competitive ~ Single process A, let 0, (1) denote the probability that no
processes. As outlined in the main text, our approximation ~ infection message A has been passed from node i to node j
scheme is based on the idea that in the absence of  until time 7, and let qﬁ’_” () denote the probability that no
renormalization, the dynamics of each process follows  infection message A has been passed until time # — 1, while
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node i is infected with A at time ¢. Exact DMP equations for
a single-process SI model read [32]

Ol 0] (C1)
keoi
Pi(t) =1-P7(1), (C2)
P& = T 65, (C3)
kedi\ j
P =1-P5(1), (C4)
0y (1) =07 (1= 1) — (1= 1), (CH)

0) = (== 1)+ [P0 P = )

(Co)

For the two competitive and mutually exclusive proc-
esses A and B, we approximate the total spreading as a
product of two independent spreading processes that follow
Egs. (C1)—(C6). Our goal is to derive approximate dynamic
marginals, which we denote by IS’S( 1), Pi,(1), and PB( ). For
simplicity, let us assume that o}, < 1, and hence 077 type
messages are Nonzero (treatment of the case of determin-
istic spreading is straightforward and results in several
additional equations). Under the chosen approximation, the
non-normalized probability of staying in the susceptible
status can be written as

e 9k—>i( )gk—n(t)
P (t-1) — b .
N S e

P (1) = (C7)

Under this approximation, the transition to status A
happens when the target node is susceptible, and the B
infection is not transmitted:

Pir) = (- 1){ 1T <1 M)

k— i
kedi\ j O (1=1)

(-0 )

+ P (1 1),
Py (r) = P (1 - 1){ I1 (1 _M>

k—i
kedi\j 05 (t=1)

+ P (1 =1). (C8)

We then compute the renormalized messages for the three
pi=J .
statuses P4 p(1):

133711/3(0

Pgi () = (C9)

The dynamic marginals are calculated iteratively in a
similar fashion:

P = o= T o).

Pato = o= (1- )
<(-I0-%E5)
+ Pyt =1),

P = o= [T (1- %275
<(-T(- )]
+ Pyt = 1),

P{a5(0) = Pyt (C10)

Pi(1) + Py (1) + Py(1)’

We numerically study the performance of these approxi-
mate DMP equations in the main text.

APPENDIX D: EXACT AND DMP EQUATIONS
FOR COLLABORATIVE PROCESSES

1. DBP equations for collaborative processes

Let us start by recalling the transition rules for the
collaborative spreading, as discussed in the main text:

S() + AG) 2 A1) + A,

(1)

() + BU) = BG) + B(). (2)
A)+BU) 5 ABG) +BG). (DY)
A +BG) A +ABG). (D)

We start by specifying the transition kernel
Wi(eh, 28, {4, 78} cp;) based on the dynamic rules
(D1)— (D4)
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Wileh, o8 (o 2B o) = PLO) [ < P1{S(i) ~o A(i) ~ AB(i)} (D5)
R
| G
+PL(0)1[8 < z4{S(i)—B(i)—AB(i)} (D6)
(2)
, dmt
+P5(0)1[c} = P]{S(i) — AB(i)} (D7)
(3)
FPL(0) 1] = 0]1]e8 > O{A(i)—>AB(i)} (D8)
(4)
P (O)1[e = O]1[et > 0){B() > AB(i)} (D9)
(5)
+PL(0)1[ = 8 — 0], (D10)

In the expression above, it is assumed that when 72 = x or 7% = x, the corresponding transition does not happen during the
given observation window, or, alternatively, it happens eventually, beyond the observation horizon. Here, P(0), Pi.(0),
P.(0), and Pi4(0) denote probabilities that at initial time, node i is initialized in the statuses S, A exclusively, B
exclusively, or AB, respectively.

We can now provide explicit forms of the expressions that correspond to the transitions inside curly brackets; specifically,
in the following, we refer to the numbered items in (D5)—(D10). In the case rf = * and rlB = %, we have

(1) = PL0) 1 < TA>0HH1—ak, s})(l—H( it <o - D>

/=0 kedi keoi

A-activation with prob af; at time 7!
1

< [T TI( - efi1lef <o) H (1—aPA[f < t”’])(l -] - oAl << - 1])); (D11)

=0 kedi =2 kedi keoi

. ’ B
no B-activation with prob oy, by 7/ B-activation with prob a4 at time 7%

(2) = Py(0)1[e? < )1[c? >0HH1—a D( 10 -d [fsTf—H))

=0 kedi kedi

B-activation with prob a ~at time r

ITT0- et <en T1 IT0 —apii < (1= [I0 el <t -1 (012

1'=0 kedi 1" =8 k€di kedi

. ’ 5
no A-activation with prob a}; by 7| A-activation with prob & at time 7/
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)
> o[ TT0-

(3) = Py (1]} = 1 <) (1-T[0-atilet <=t -1))
1'=0 kedi keoi
A-activation with prob af; at time ¢
H t-aiif <) (1- T[0 - el <ot - 1) (D13)
=0 ke€di kedi
B-activation with prob a?; at time 7%
7; 5_p
(4):P2*(0)]][T > 0]1[% = H H ]—ak Tk St’])(l—H(l—akAT][TEST?—l])); (D14)
=0 ki kedi
B-activation with prob a A at time r
rf‘—2
) = PhO1lst > 01l = o[ [J0 -ttt <D (1-T[a-atftist <t -1))s @13
=0 kedi keoi
A-activation with prob af at time 7
|
(6) = Plyp(0)1[z}! = 0]1[z} =0]. (D16) wy(r) = mi(1.7f) = Pi(1) = Pj(r=1).  (DI8)
no activation in status AB E
pip(t) Py(t) = Pg(t—1).  (D19)

l
replaced by an absence of activation. For instance, in the

case of 7% = x, the last term in Eq. (D11) would read

H H(l — abi

" :1?‘ kedi

If either 74 =% or 78 =x, the activation above is

[k <) (D17)

absence of B-activation with prob o at time 7%
for the (#+4 1,7+ 1) trajectory of node i.

The DBP equations for collaborative processes are given
by Egs. (A3) and (A4) using the Wi(z8, o8; {z, 78} coi)
defined above. In what follows, we explain how to derive
the equivalent low-complexity DMP equations for the
collaborative processes from the DBP equations (A3)
and (A4), state their full iterative form, and finally expand
the exact DMP equations around the noninteracting point,
which yields approximate DMP equations that have a more
compact form and a lower algorithmic complexity.

2. Definitions of dynamic messages

Let us introduce the mathematical definitions for the
dynamic messages as the functions of fundamental

probabilities on time trajectories, m} Y. (t4,78) =
AL B
m’Tj’TB (72, 78||*, *), which will be used in the computations

scheme below. First, it is useful to consider reduced

marginals:

011048-

= Zmi,t(f?’ 1) =
7

They have the physical meaning of probabilities of indi-
vidual activation with one of the processes, when we are
not concerned with the activation by the other process. In a
similar way, we also define reduced messages:

Zm =P (1)
- i

l—)]

— Pt —1), (D20)

l—’j

=Py (1)~ Py (1~

1). (D21)

Similarly to dynamic marginals (A5)—(AS), one can define
the aggregated dynamic messages. In principle, we can
define them for a general fixed dynamics (z},7%) of the
“cavity” node j, but in what follows, we only use the

messages for the fixed dynamics (7}, 7%) = (x, ):
H’ (1) = Z Z mlT:]TB 8) = my Y (x, %), (D22)
>8>t
Pl =233 mil, (e el) = 3 (). (D23)
@ i< s
Pyl = > mip (el = Y iy (). (D24)
o B B<r

24
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Pt =33 my7 (D25)

A<t B<r

These quantities have the same physical interpretation, except that they are defined on the “cavity” graph where node j follows a
fixed (¢}, z}) dynamics.
Let us also define the following dynamic messages that are weighted combinations of messages:

ta—1 ty—1

055 (ta. 1) Z Z H <?)) [Tt =afu[ef < Dmih, (2. 7f). (D26)
‘L' 71=0
-1 tg—1
O i ap(ta. 1 tags 77 ZZ H (1 —aglz < 7)) H(1 —ag1ef < 1))
1_,;: TB /= =0
tap—1
x [T (1= aftfef < embh, (o 2f). (D27)
tl//:TA

i

tp—1 -1

O i pa(lps 1, 1pas 77 ZZH 1= a1z} <tl]>H<1_ak1 [z} <))

=0
tpa—1
< [T (1 = afu[ed < e mbzh (zh.2F). (D28)
=78
tg—1
0551 (t5) = 055 45(0.0.15:0) = > T (1 — aBA[F < ¥))ulsi(<F), (D29)
Tf =0
ty—1
053 (1a) = 053 54(0.0,2230) = > T (1 = afB [z} < Db~ (2). (D30)
f;j =0

These messages have the meaning of the probabilities that node k did not send A and B activation signals to node i on the
“cavity” graph where node i follows a fixed (x,*) dynamics.
Next, we define the following quantities:

P (tar 1) ZZWS H - 1w <)) [] (1 = e 3[f < e)ymbi (. 28), (D31)
=0 =0
ty—1 tp—1

1t tp) = (e <] [T = agi1fef <)) [T (01— afi1[ef < e )ymbh (7. 2F). (D32)
LA /=0 '=0

$hs (tantg) =) > ek < a1 <up] [T (1= af1lef <o) [T - a1 [ <o mfs, (ef2f). (D33)
,[12 =
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141 tp—1
fhan(tas g tags 7 ZZ B < t48] H(l—a‘,?iﬂ[r‘,? St/])H(l_ag_]][Tfsﬂ/])
=0 "=0
tap=1
X H (1-abMf < t’”])ml}:’}g(fﬁvff)’ (D34)
15—1 141
bttt 7?) = SN Uep < 1] [T (1 = @B < o) [T = a1 [ < 1)
T =0 =0
tga—1
x [T (- affet < emiy, ot 2f), (D35)

1 — Tf}

tp—1

K5 (p) = D 1[ef < ap] [[ (1= af1[ef < /N (2F),
rf =0

(D36)
1h—1

fai(ta) =D 1fep <t [T (1 = afBA[ef < £k ()
o =0

(D37)

These messages have the meaning of the probabilities that
node k did not send A and B activation signals to node i on
the “cavity” graph where node i follows a fixed (,*)
dynamics, but node k is in an active status itself.

Finally, we define auxiliary expressions

t—1

05(1.0) =3 [[ (1= a1led <P (e, (D38)
‘rf 1"=0
01 (1) =S T[(1 a1 <t (ehr).  (D39)

3. Update equations for dynamic messages
We start with the definition

Pi(t+1) = m§+1,t+1(*’ *). (D40)

From the DBP equations on time trajectories (A3), we get

m;+l,t+l(*’ *)

— Z Wik, % {8, 78 b rear)
{TAff}keai
% Hmk—n TA7TE||*’*)’

keoi

(D41)

where
Wi (%, % {7 70 o)

= HH afifef <)) [T - aufef < ).

kedi ¢ = 1"=0
(D42)
Using the definition (D26),
Pi(t+1) = Py(0) J] 057t + 1.6+ 1]lx.%).  (D43)
kedi\j
For simplicity, let us denote Qﬁ}i(t +1,t+1)= ej;fo (t+1,

t+1]

,*). With this simplified notation, we finally write

Pi(t+1) 0) [] ¢+ 1.e+1).
kedi\ j

(D44)

We use the same simplified notation for all quantities
of the type #~(...) = #~1(...||*, *). Using the previously
defined quantities ¢4, ¢p, and ¢, p, through Eqs. (D31)-
(D33), we derive the following update equations:

O (t+1,1+1) :Hﬁ—g(t 1) — aldh7i(t, 1)
k_”(t t) + kl(xkt(ﬁk_”( )
(D45)
Using the equality 1[cf <it4] = 1]z <1, — 1]+
1[t} = 4], we further get
Pi (1) = (L —ag)pi™ (= L.t) + 057 (r.1).  (D46)
5 () =(1—af)g (1= L.1=1)+ 057 (1.1).  (D47)
where 6, and 6z have been defined above. Finally,

using
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P -10) =gkt —1r= 1)+ (1 —al)phF (1= 1,1 -1), (D48)
Bt =) =@ (1 =10 — 1)+ (1 —ag) Py (1= 1,1 -1), (D49)
we obtain
W) = (1 -l (1= 1= 1) — (1 — )3 (1 = 1.1 = 1) + 057 (1. 1), (D50)
Pt ) = (1—af)pli(t— 11— 1) —a,(1 —af )P (1 = 1.1 = 1) + 0577 (1, 1). (D51)
Additionally,
i (0.1) = (1= ag) (1 — )iy (1 = 1.t = 1) = mi7 (¢ 1) (D52)
t—1
+> [0 a1l = o )mizi (e 1) (D53)
i< =0
+ZH = af1[f 2 of)mty (1, 7). (D54)
< i'=
where mt7 (4, 78) = m*7 (7, 28 ||*, *). Finally, we need to compute, iteratively, 04~/(z, ) and 6057(z,1):
O (L) =05 (1= 1ty —af, Y H (1=al 17 > o ))mbyi(e), 1), (D55)
T<t—1 1=
051 (tt) =057 (= 1) —al, > H (1 —aB 1] > B)ymkyi(1,78), (D56)

<i-11=0

where, by definition, 6%77(0,7) = p~i(r) = P&i(r) -
PPi(t—1), and  similarly  057(2,0) = uki(r) =

PX=i(1) = PA=i( — 1). Initial and border conditions of that
type can be directly obtained from the definitions of the
dynamic messages and their connections to messages on
time trajectories.

From the scheme above, we still need to compute the
update equations for the marginals and the messages on
time trajectories of the type mi, (%, 78) and m’_”(rﬁ‘, 8.
The derivation of the equations for these messages is given
below. Once the full or reduced marginals on time
trajectories are computed, the dynamic marginals of interest
are easy to compute according to the following equations:

Pi(r) = Zﬂi\(t’)» (D57)
Pi(1) = Zuza’), (D58)
Pig(t)= Y mi , (¢.1") = Pi(r) + Pi(r) + Pi(1) - 1.

’<tt’<t

(D59)

|
4. Computation of m!,(z} %) and m;” (¢* 8)

It is convenient to break down the computation depend-
ing on a particular combination of (z#,7?), including the
cases of times 0 and *. We provide a detailed derivation of
one of the most general cases; all the others can be treated
similarly. Let us consider the case of finite-time (%, 7%).
Several cases of the type depicted in Fig. 9 need to be
considered. For the sake of illustration, we consider the
subcase * # 78 > 74 > 0.

Using Fact 2, the simplified DBP equations read

mi (. 7f) = Z Wiz of i {7 8 heeor)
{TA Tf}kei)i
x [ [mis i (2. <F) (D60)
keoi
and
m;?](TlA,T?) = Z WZ(TA TB {TA Tk }kef)l\y P =%
{TA Tf}kei)l\j
of =) [] miii o). (D61)

kedi\ j
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-1 T -1 Tp
L | | | | | | | | .
| | | | | | | I o
no A (prob. afy) | A(af)
no B (prob. ag;) no B (prob. af#) B (aB4)
-1 b -1 T
L | | | | | | | | >
f T T T I T | I -
no A (prob. aj;) no A (prob. a A (afif m! (le' Té)
no B (prob. af;) | B(af;)
le—l:TB_l le:‘[lf?
| | | | | )
| I 1 ! ' .
no A (prob. ajy) A (aiey)
no B (prob. af;) B (af;)

FIG. 9. Three cases to consider for the marginals and messages for the time trajectory (74

7).

Using the definitions for the dynamics in the case considered, i.e., term (1) in Wi(z2, 78; {z¢}, 78}, .5,), as well as for the
dynamic messages (26), we obtain

(e, 1) = P40 [Heiz;iww 1

RS R AR | Uy MRS RS
keoi keoi
Hefl—élAB SRS Heﬁ_gAB 7 ?T?)] (D62)
kedi kedi
and, in the same way,
m;_t)j(TA 7} { H QQ_EAB o = Lo - L) - H HIIZ}{AB(T? — 1,77 7f)
kedi\ j kedi\ j
- H QZE{AB(T?’T?’T? - 1;7) + H G/IXE{AB(T?’T?’T?;T?)} (D63)
kEDi\j kedi\j
Through the definition, we immediately get

eﬁil’?i,AB(tA’ tg.tap + ;7)) = eﬁzi,AB(tA’ tg. taps 7)) — 1t} < taglaft Pl BAB(tA’ 1g. taps 7)), (D64)
where the former quantity is defined through Eq. (D34). Working with this definition, we get the following update equation
for ¢ABAB(’A, 1p taps T)):

G5 ap(tastp taps T et w8) = (1 — g )Pl ap(ta. tg. tap — L2, 2F)

ta—1 tg—1
+> JJ-apufe <7 H(1 — BB <)mi (wh14).  (D65)
o =0

The term []%- 1(1 —aB1[r8 < 1"]) is not active for the times considered here and is equal to 1 because 7% = 1,5 and
tap > tg; hence, we get the final update equation

011048-28



COMPETITION, COLLABORATION, AND OPTIMIZATION IN ... PHYS. REV. X 11, 011048 (2021)

¢§}{AB(tAv tg.tapit) = (1 - af?)(pﬁ._;,AB(tA’ tg.tap — 1;74)
1a—1

+ Z H(l — a1z < Dmih (2h tag) +mih (x, tap),

S
T <typ 1'=0

where all m} i, (¢,7") are known from previous step computations.

S. Exact DMP equations for collaborative processes

(D66)

In this section, we summarize the derivation procedure outlined above and state the full form of the DMP equations for

collaborative processes.
(1) Initial conditions from the problem definition:

P§(0). P};-(0). Py (0). P}(0).
(i1) Initialization of dynamic messages:
my(0.0) = Pip(0).  mio(0.%) = Py.(0).  mpo(x,0) = Pp.(0),
mog (0.0) = Pip(0). ! (0.%) = Pip.(0).  myg(x.0) = Pp.(0).
pua(0) = P3(0),  py(0) = Py(0),
0575 (0.0) = 0373 45(0.0) = 07 £, (0.0) = 035(0.0) = 037(0.0) = 1,
471(0.0) = PE(0).  ¢57(0.0) = PE(0). ¢4 (0.0) = P4y 0),
¢z (0) = P5(0). 5a (0) = P4(0).
(iii) Border conditions for dynamic messages:
0571(0.0) = i~ (1), O (1.0) = ui~' (1),
O ap(tas tp. taps 7)) = 045 (14, 15)  for t4p <74,
9]1_’{3,_;1{BA(IB’ ta tgasTP) = ‘951,_1?(% tg) for tzy <78,
At tg. taps 7)) = @7 (14, 1) for typ =15 and 145 <7,

¢]§,_XBA(IBv tastps 7)) = B (ta 1) for gy =14 and  1gy <77,

(true but no need to enforce) 043 (15) = 047 45(0,0,15;0), 052 (ta) = 054 a(0,0,1430).

(iv) Expression for the dynamic marginals:

Pi(1) = (1),

<t

Py(t) = ui(7),

<t

P(1) = mi,(+.x) = P§(0) [] 057 (x.0).
kedi\j
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(D68)
(D69)
(D70)
(D71)
(D72)

(D73)

(D74)
(D75)
(D76)

(D77)

(D78)

(D79)

(DS8O)
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(v) Update equations:

kedi

kedi

PL(0 >[He§;fAB< b of 1) -

kedi

()[Hﬁ’ﬁ’m( et L)

kedi

= 1057 pa (e

Py(t) = Z

<t.t"<t

r H(t t”) -

py (1 Zm”tt)—l—m”(t %),

<t

uip(t) =Y mi (¢ 1)+ mi, (x.1),

<t
(1) =Y mi () + mi (80),
<t
iy ( Zm'_’/t 1)+ mi (%, 1),
<t
Pl (0) [ 105 —1) - I eﬁ;«r?)]
keoi kedi
<>{Hek*l<i 1) - Hew,-)}
keoi keoi

Hgfx_élAB( 1,1",-4,7?, i
keoi
— T1 O5aneh e — 1) + Heﬁ;im;*,r?,r?;rﬂ]
keodi
HHIEB_XBA( - T?’T}A;T?

kedi

£t = at) + TL 0530 (oF.ofclir?)

kedi

(7 77) = P§<0)[H0ﬁ§"<r§‘—1,r?—1)— [0 — 1.74)
keoi keoi
O A - 1)+ [0 ﬁ)}
kedi kedi

keoi

Py(0)| T1 057

kedi

P} (0) T 045'(1)

keoi
Pl (0) T1 0531
kedi
PYO)| TT083h (et = 1.5 550) = L Ofdan(e? o)

- 1etsf) = IO (of. b))

kedi

P5(0) TT 057 (1.1)
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Piy(t) + Py(t) + Pi(t) - 1.

if 74 = 0,28 #£0

lfT —OT #0

if1?>1’?>0

if 4 >78>0

if e =78+#0

ifr‘?zO,T?:*
ifT?IO,T‘?:*
if 7 > 0,78 =«
if’r?>0,7’i“:*
if o8 =%,78 = %,

(D82)

(D83)

(D84)

(D85)

(D86)
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=J

The update expressions for the messages m;',, (74, 78) are similar to the expressions for the marginals mi (!, )
above, except 0i is replaced with 0i\ j:

P@(O)[ T e — 1) I eﬁzf@?)] if o = 0,20 £ 0
kedi\j kei\j
Pg*<o>[ I s 1) ] e@:l‘wﬂ if 2 = 0,24 # 0
kedi\j kedi\j
Pg<o>{ [T 04 p (e = 1oet e — L) =TT 05 (e — 1,28 e o)
keoi\j keoij
LT O (e L)+ [T 0 (e e ,->] if 28> 4> 0
keoi\j kedi\j

Pg<o>{ TT 053 (e = 1oePo e — 1) = T 0t (6 — 1 2B, s oF)
kedi\j kedi\j

= I1 05 pa(el 2l ot = i) + ] 92.74’“(1?,1?,1?;1?)} if 7! > 7/ >0
k€di\j k€di\j

mi (e} 7f) = Pg(O){ [T ¢ —1,2 = 1)~ ] (et —1.70)

1 1 1

kedi\j kedi\ j
- T et et =1+ T1 o) i of =< %0
kedi\j kedi\j
Py-(0) TI 035'(1) if 7} = 0.7} =
k€di\j
PL.(0) TT 0%51(z) if 78 =0,70 = *
kei\ j
PYO)| TT O8hanlet - ettiet) =TT O85anlot el osi) il > 0.2 = »
keoai\j keai\j
PYO)| TT O5tpn(of = 1ueftiaf) =TT Ol i ef > 0,1 = »
keoi\j keoi\j
PL(0) [T 645 (11 if 70 =%, 78 = %,
kedi\j
(D88)
The dynamic messages entering the expressions above are updated as follows:
O (t+ 1,1+ 1) =055 (1.1) — k=i (1.1) — abp™ (1.1) + ol i (1. 1), (D89)
Ok (t+ 1.1) = 0575 (1. 1) — il (1.10), (D90)
07 (11 + 1) = 053 (1.1) — el bl (1.1), (DO1)
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/’f‘}"(t, 0= 1—-ai)(1—ad)piy(t=11—-1)—m7(t.1)

+ZH 17 > o)ymi7 (o} +ZH = a1 = ef)mir (1. 7¢

<t t'= <1 7=0
kit —1,0) = @it = 1,r = 1) + (1 —aB)ph5 (1= 1,1 - 1),

=) =gkt = L= 1)+ (1 —al)ph5 (1= 1,1-1),

@i (1) = (1 =)™ (1 = Lt = 1) —af (1 —ay)pl (1 = Lt = 1) + 057 (1. 1),
B ) = (L=af)gy (1= Lt =1) —ap(1 —ap) @l (1= L1 = 1) + 0,7 (1. 1),
O (L) =0k (t—1.0)—afy > H o ymk (), 1),

1A<z 17=0

=2
051t 1) =057 (.t — 1) —af Y [ = a1t > B))mir (1. 2F),

<i—11=0
045 (1 +1) = 055 (1) — i i (1),

Oa'(t+1) = 053 (1) — P g (1),

i (1) = (1 =g )plip'(r = 1) + p™ (1),
s (1) = (1= o) iz’ (1 = 1) + i~ (),

Ok 5 as(tatp tap + 1i7l) = O g (ta. 15, taps 71) = 1[0} < taglaf dhiap(ta. tg. taps ),
O i patp ta tpa + 1:28) = O5 3 g (1. ta. 1pas 78) = V[eP < tpalad Pl ipa(tp. tas tpas 7P),

¢§}{AB(fAJBJAB§T?) =(1-ag") fx_éAB(tA’thtAB - L7}

ty—1
+ Z H(l - al;c‘lﬂ [T}i‘ S t])mfA;ltAB(Tl/?’ tAB) + mZ_B),ltAB(*’ tAB)’
<ty =0

]é,_/)x{BA(fB’fAJBAW?) =(1 _0"1?,'3) ]f;_XBA(tBJAJBA 1;77)
15—1

+ Z H(l ag1[ef < Nymih (tga, o) +mih (tpa, %)

B<ip, =0

(vi) Order of the updates:
(1) Only once, at time zero: initialize messages.

(D92)

(D93)
(D94)
(D95)

(D96)

(D97)

(D98)

(D99)
(D100)
(D101)
(D102)
(D103)

(D104)

(D105)

(D106)

(2) Ifinitialization is not given for a message, its initial value is fixed through a border condition (reduction to a different

message) and will need to be initialized in this way for each update.
(3) Update ¢’s.
(4) Update 6’s.
(5) Update m messages and marginals.
(6) Update ¢ messages and marginals.
(7) Compute dynamic marginals P%(z), Pl (1), Pi(t), Py z(1).
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APPENDIX E: APPROXIMATE DMP EQUATIONS
FOR COLLABORATIVE PROCESSES

From the dynamic rules for the interacting spreading
processes (D1)-(D4), we notice that the special case of
transmission probabilities o\? = o}, and af = af; corre-
sponds to noninteracting spreadmg processes Act1vat10n
by one process does not change the activation dynamics for
the other. In this case, the DMP equations should simplify
into the product of two independent Sl-like processes:

spreading processes around the noninteracting point.
Several expansions are possible, including the most
straightforward one where we expand to a certain order
in af —alf and af —af?, which will result in bulky
expressions. Instead, here we produce a simplified set of
DMP equations by keeping certain first-order corrections in
the update equations only, so the resulting equations are
similar to the SI-type equations. Using the approximation

mi (v4, 78) = pi, (e )iy (eP). (El) mi (et 2P) & ply (2 )uip (2F) (E2)
We use this observation to produce a simplified version of
DMP equations, expanding exact equations for interacting ~ and the general expression
|
(1) = P00 = PR (e= 1) = D omi (1 0) + mi(16) = > mi_y(6.0) 4+ mi (1), (E3)

<t

7<r-1

we compute the corresponding contribution of each term. For simplicity, in what follows, we assume that @;; < 1, and hence

0"~-type messages are nonzero (the treatment of the case of deterministic spreading is straightforward and results in several

additional equations).
(1) Simplified approximate computation of m” (2,
messages:

1p—1

gzlf\,_l}i(tA’ tB) =

flj)ﬁ_)i(tA, tp)

:ZZ“[T?SZA]
oo

14—1
=0 =0
The update equation
051+ 1,1)
becomes, under this approximation,
O (1 + 1B (1) =
or simply

it +1) =

D T -abaimt <o) [T - afulef < mih, (v 2f)

*): We start with the following approximations in the dynamic

Using these simplified expressions, after some algebra, we get

mi,_ (t,%) = [H@f\_gt—lt—l

kedi

keoi

[He"*' (t— D)o (-

RO ()05 (1), (BA)
1'=0
t5—1
—apilef <) [J (10— a1 [ef < e ))mbh, (e o) = 3571 (14)0577 (1), (BS)
=043 (1.1) — a7 (1. 1) (E6)
057 (105 (1) — a @i (005 (1), (E7)
05 (1) — ey~ (1), (E8)
S ICviaE 1)} (E9)
kedi
Hek—n k—>1 1>:| (EIO)
kedi
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~Pi(0) [Héfﬁ"( Do (e =1) = []0 (005~ (¢ 1)]

kedi kedi

Nk—ic, Nk—if. _ ek_”(>
0) [ Jo5 (- 1oy (¢ 1)[1 Hiekﬂ( 1)}

kedi kedi

kedi

(E11)

(E12)

(E13)

(ii) Simplified approximate computation of >, ,_, mt (2, 7'): Similarly, we start with the approximations in the

dynamic messages:

IB—I 71
O5inalin. Vi) = 3> [T =l <) [T - [et <)
1"]:‘ Tf =0 =0

tpa—1
< ] (- afPife} < Ymih, (o of)
=

~ éf\_)i(tBA)é]I;_)i(tB)’

tp—1 -1
biipalts, ! 1pasl) = ZZ 1]z} < tp,] H(l a1z <) | | (0 = a1z < 77)
LA =0 '=0
a1
x || A —apf 1z} <" Nmfh, (2 78)
r//’:t/

~ G (154) 05 (1),

-1

O’ (1a) ZH(I—G?F“ < DU (5) R 03 (1),

The approximate version of the update equations,
O asalts: s tpa+ 150) = O pa(tp, 0 tpas 1) = VI < tpal ol D pa (15, 7' 155 1),
then reads
057 (tpa + )05 (15) = O (154)05 (1) = V[ < 1pa)atP i (154)05 " (1),
or simply

O (tga + 1) = 07 (1a) — 1[1' < tBA]aéiBéﬁi_’i(tBA)'
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Using these simplified expressions, after some algebra, we get

Soml(nt)y= Y Py O){HG’;}‘BA r =10 0= 10) = [[ 055 pa(t = 1.0 151)

r'<r-1 0<r'<r-1 kei kedi
— [0szipat vt = 1:8) + T Ok a2 1 tt)}
kedi kedi
+%@hﬁﬁmw—ﬂmm} (£22)
keoi keoi
_ Z |:H9k—>t Hk—n _ Hek—»t 01{—»1 _ Hgk—)t 91(—»1( )
0<t'<t-1 kedi keoi keoi
+ [ [0 (085 (7)) + P (0) [Héﬁri(z— 1) - Héﬁri(t)” (E23)
keoi keoi keoi
= > po(TTw -0 - [T ) (T15e - 0 - [0
0<r'<r-1 keoi keoi keoi keoi
+ 2O T0 e - 1) - [0 (E24)
ke0i keoi

_[Hgkw 1)_1'[9/’;*1'@)“ > Pg(o)(Hé’;"(z/—1)—H9’§*"(ﬂ)> +P"B*(O)] (E25)

keodi keoi 0<t'<t—1 kedi keoi

- [Héﬁrl‘(t- 1) — Héﬂi*"(t)] [P@(O) (Hé’zrf(O) - ]os (- 1)) + P *<0>] (E26)

kedi kedi kedi kedi
(t—1) [Hek*’ (-1 -5 } (E27)
keoi keoi
(iii) Final form of the approximate DMP equations: The final update equations that we need,

#7I(0) = (1= af )= 11) 4 057 (00), (E28)

with
057" (1, 1) ~ W (00571 (1), (E29)

give
P (1) = g (1= 1) = ali g (1= 1) + P77 (0) = P71 - 1), (E30)

Combining all of the computations above, we finally obtain the following approximate form of the DMP equations,
which should provide a good approximation around the noninteracting point:

H k—»z ek—n (E31)
kedi\j
07/ (0) =077 (1= 1) — (1 - 1), (E32)
057 (1) =057 (1= 1) —alpy (1= 1), (E33)
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P =0 (- 1)~ a?-q?sirfu =)+ PO =P, (E34)
b (1) = (1= 1) —aldly (1 = 1) + PR/ (1) = P (1= 1), (E35)
i . al gy (1=1)
PiI(r) = Pt — 1) + Py t—l{l ( 0 ﬂ
A () ( S vy ek—n( _1)
B ji—J _
+ P(1-1) { 1 - aAH 4 1)>], (E36)
kedi\ j 1)
o dB P (1 1)
Pty = P/ (1=1) + Pi(r=1) { ( ”f )}
5 (1) ( s( Al 1)
BA i—] _
+P'_”(t—l){l— 11 (1 fi—(l)ﬂ (E37)
kedi\ j 0 ( )

In the main text, we numerically establish the approximation power of these equations. In what follows, we use these
approximate DMP equations for performing optimization due to their simpler form and lower computational complexity.

APPENDIX F: OPTIMIZATION OF MUTUALLY EXCLUSIVE COMPETITIVE PROCESSES

For competitive processes, we study two optimization problems—the multiagent seeding problem and disease
containment. The only difference between the two is the objective function. For disease containment, the objective
function to be maximized is O = >, (1 — P5(T)), and for the multiagent seeding problem, O = >_, (1 — P3(T)). The

budget constraint at time zero is enforced by the Lagrange multiplier A as

B =M (BU - ny(0)>, (F1)
where permitted v < 1/ < U value restrictions are enforced by the term

P=e) (log(z—1/(0)) + log (+(0) - ). (F2)

i

In this case, the restrictions used are 7 = 1 and v = 0.
Initial conditions are forced through a set of Lagrange multipliers A for the various parameter values:

1= Zﬂ’* )(P(0) =/ (0)(1 = 6,,0.8)) + Zﬂ )(PA'(0) = v/ (0)(1 = 6,,0).8)) + Zﬂ? (0)(P5(0) = 8,0).5)
+ Z/lB B ( 0).8) + ZAS )(P5(0) = 1+ vi(0)(1 — 86,0).8) T 96,(0).8)
+Z/15(O (P5(0) = 1+ ' (0)(1 = 6, B)+Z/1 (0)(6577(0) = 1)

- Zz (0)(0577(0) = 1) + Zi‘“ G (0) =/ (0)(1 = 64,0).8))
+ Zﬂ”* o5 0.8) + Z%J )P (0) =V (0)(1 = 85,0).5))
+ Zﬂ (0)(P57(0) = 85,0).8) + Zﬂ,, )(PA7(0) = v/ (0)(1 = ,0),5))
le ) (PR~ ( ©.8) T Zz )(P57(0) = 1+ 64,008 + 1/ (0)(1 = 8,,0)8))

+ le PS(0) = 14 85,08 + 1/ (0)(1 = 8,,0).))- "
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The DMP equations for the dynamics are forced through a set of Lagrange multipliers,

D=33 A+ D+ 1) =00 + o)
+Z§;z?f<r+ D051+ 1) = 070 + andly™ (1)
+,Z,-§M“” I 1) (= DI (0) = [P+ 1) = P
+i2j§z?;ﬂ<r+1>[¢l*f<r+1>+< ~ D570 = 1P+ 1) = Py(0)
S n - IT A
+Z,~,-:§/1isj(t+l):[)w(t+l) P’;"(t+1)+§§:§§13+i)§:"(z+1)
+;Z’WH]): w - P’;"(t+1)+I:)§:ZE;+P?"U+1):
’ izjjz_;ﬂg(t_‘_ 1 :quj(w b P+ 1) +;§ng 3 + P+ 1)
+ Z 24% +1) :ﬁé(t +1) - Pé(ﬁgiekﬁlé;,(gzggﬁ 1)}
+Z§ﬂ?(t+l):?’2<t+1> P,i(1) Ps()kgm<1‘a2§§7<l?(>t)><l kle'[dl<1—“’;ff(;()t)>>
+ Zzzﬁ(m 0 :Pg<z+ 1) = Pyi() - Psi(t)k€8i<1 —%> (1 - kel‘a[<1 —%>>_
e[ oL (L)

PS(I—I— 1)+ PA(

+
+
T-1
Py (t+
+N e+ Pl(t+1)— A N
+
_|_

T-1 5 r i P%(l‘
+Z§0:z,. (t+1)|Ph(t+1) — = 5
1= L
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Derivatives with respect to the dynamics parameters give rise to the optimization (dynamical) equations for the Lagrange
multipliers. The case described here is that of the containment problem (minimizing spread of an adversarial process):

g~ 0 0 0 G B O G b <
A0 T T TR
s =40+ 10|10 G G 0 Gy
O G R
s~ e T At aeen T1(1-580) (- 1 (1-5))
_AB(+ 1)k€1;[i\j<1 - %) <1 - ke];[i\j<1 “gf:g”)ﬂ e T) + 25(0).
ey~ [0 I gt e oL (=) (- T -))
-1 (1-2800) (1- IL(1-58) )| e 71+
o = A 1 =24+ D01 7]+ 2400 e 02 0
oy = A £ 1)+ 2400,
g~ A0+ 12040 (Pg*f<ii]g¥<i€]g§*/<z>>z TR gg<(t>)+ CRIOE
O T P T
g = A0+ #0320 (ﬁze(r)ﬁ ey 0 (P + i
O G R TR
o = O AT )+ 3 A 00 g TT U D g
" 2 R 70 Al ei*ffl{—j(ltizgg?— e 0 A R0
e o
i—j I—j =]
2RI - zy\o ) 1;\(1 “gﬁi}(lg e
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—a;;\i/lfa(ml)#f“(t) [(;i{)g) IEQL“( aAjlfj )K lea}\ﬂ( al;ﬁj(jt() )>>1[t¢T]

o ) O

—ﬁf<t+1>P§<t{°fi‘szlel;[j\l( “"?’f(] )]( -TI(1- “Bgfl()’)))l[rm, (7
. jf, = M0 P )+ o D2 DT

N ([ O I

acdj\i ledj\a B A ) ledj\a,i )
(

0
- S0 1 (1- aA?ijj?) (“lear,[\a< QB%IZ)))”I#T]

[—
acdj\i 1€0j\a.i HA (t ](t)

1-
I S

[€0)
B Vi ap O’Aqbl_w 05345[_)]( 1)
+ B+ 1)PY(1) 0 ng\( PR )] ( <1 Pa ))1[; £ 7] (F6)
oL P A
) = —2P2(0) — 24(0) — A4( ; Z Zx
+23(0) + 5(0) + Zﬂ +Z/1§j(0) +e<ﬁ—7l —11/(0)> =0. (F7)

The equations for AL/OPY (1), DL/ OPL(1), DL/ OPY (1), DL/ OP(1), DL/0OG (1), and DL/ Py (1) are similar to
their A process counterparts, with an exchange of variables A <> B.
For simplicity, one can write Eq. (F7) as
oL 1 1
— = (0 —— ) =0. F8
=0 () ()

The same method as in Ref. [76] is used here to solve the quadratic equation (F8), writing 2/(0) as a function of y;:

0) + i = 2e £ /(= A™(0) + i) +4€”
—2(0) + 2,

V(0) = (F9)

In this scenario, the positive square root solution satisfies restriction (F2). Given the budget restriction, one can obtain *(0)
numerically through

> Vi(0) = B,. (F10)

One can use the following update procedure to obtain the optimal solution iteratively:

Step 1: Carry out the forward iteration using the given initial conditions, Eqgs. (C7)—(C10).

Step 2: Compute all Lagrangian multipliers at t = 7.

Step 3: Compute A5(t = 1), 47 (t = 1), 4} (1 = 1), 27 (1 = 1), /1¢A(t 1), /1¢B(t — 1) using the obtained Lagrangian multi-
pliers at time ¢ from Eqgs. 216 and (F6). X R

Step 4: Compute A%(t = 1),A%(r = 1), 4} (t = 1),43(t = 1), 27 (t = 1) using the obtained Lagrangian multipliers and
Eqgs. 216 and (F6). R .

Step 5: Compute /1;-“/-(1‘ - 1),/15(1‘ - 1),15(1‘ — 1) using the obtained Lagrangian multipliers and Eqgs. 216 and (F6).

Step 6: Compute /lff(t - 1),ﬂff(t — 1) using the obtained Lagrangian multipliers.
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Step 7: Repeat steps 1-5 back in time until all Lagrangian multipliers have been obtained for the range t =0, ..., T.

Step 8: Solve Eqgs. (F9) and (F10) numerically and update /.

Step 9: Repeat steps 1-8 until convergence.

Step 10: Calculate the posterior marginals on the basis of the messages using Eq. (C10).

A similar approach is used in collaborative processes using the corresponding equations for the dynamics and the
Lagrange multipliers’ dynamics.

APPENDIX G: OPTIMIZATION OF COMPETITIVE PROCESSES—EXAMPLE

We also demonstrate the efficacy of the DMP-optimal algorithm on the denser network of the 1994 world metal trade
network [95]] shown in Fig. 10. The network consists of 80 countries; we ignore their respective trade volumes and use the
dense topology for the current example. The infection probabilities used for the two processes are ay = ay = 0.5; the
budget for B is 1, allocated at node 1 (Argentina) at = 0, and a budget of 1 per time step is assigned using the DMP-
optimal strategy for process A within the time window of T = 3. The results are shown in Fig. 11, where the subfigures
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FIG. 10. The 1994 network of world trade in metal. The size of the nodes represents their degree [94].
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FIG. 11. Example of optimization of competitive processes on the 1994 network of world trade in metal. The infection parameters
used for the two processes are ay = ap = 0.5; the budget for B is 1, allocated at node 1 (Argentina) at t = 0. A budget of 1 per time step
is deployed using the DMP-optimal strategy for process A for a time window of 7 = 3. The subfigures represent the containment of
process B at the different times: (a) = 1; (b) t = 2; and (c) ¢t = 3. The heat bar represents the dominating process per node through the
value P (1) — PL(t). Red and blue represent dominating processes A and B, respectively.

represent the containment of process B at different times. The heat bar represents the dominating process per node through
the value P',(7) — P5(t). Red and blue represent dominating processes A and B, respectively.

APPENDIX H: OPTIMIZATION OF COLLABORATIVE PROCESSES

Optimization in collaborative processes is highly relevant in many health-related problems such as the coepidemic of
HIV and tuberculosis, and in the marketing of correlated products or opinions. In the coepidemic case, identifying the most
catastrophic health-risk scenario is an important aspect of evaluating the risk of a coepidemic event; however, in the
marketing area, the aim is the best joint advertising campaign.

We consider two main scenarios in our model: (a) the multiagent seeding problem, i.e., computing the optimal allocation
of one agent, which minimizes the number of susceptible vertices at a certain time 7 for a given spread of the second agent;
(b) optimal allocation of vaccines against one of the processes for maximizing the impact on the spread of both processes.
Assume we do not have any vaccines for HIV, but vaccines for tuberculosis are available (such as Bacillus Calmette-Gurin
[96]). The optimization problem would be articulated as follows: Given a certain budget of vaccines for tuberculosis, what is
the best vaccination policy to minimize the spreading of both?

The Lagrangian used is similar to the one of the competitive case but with different dynamics and initial conditions. The
dynamics equations are enforced through a set of Lagrange multipliers 1 as before:
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+ZZA (t+1) {P’_” t+1)=Py0) [T 05"t + 1o (1+1)

ij =0 kedi\j

S A D 1) =50+ a0 - P 1)+ )

ij =0

+ZZ’1¢BI+1 5 (1) =g (1) apdly” (1) = Py (e +1) + Py (1)]

7
+§”:r§;gf\ t+1 {P;(f (t+1) =P (1) - PHJ()[I_,{EI;[A](] agﬁz()))]
-Pi)i- II i(l i)
+zlj:;ﬂ (1+1) { P (64 1) = P (1) = P () [l_k!;[i\j<l_a2f—k:(l())ﬂ
- -]

+ZZW;+ [P (t+1) = P (t41) = P (1 +1) = P (14 1) 4 1]
ij t=0

+ZZAU (t+ D[P ys (14 1) = P (t+1) + Pl (14 1)]
ij t=0

+ZZAU t+1D)[Pg(t+1) = Py (14 1)+ P (14 1)]

ij =0
+ZZxS (t41) { (t41) - (O)Heﬁ"i(t+1)9’§"i(t+l)]
i =0 keoi

+Z§ﬁ%+1>[P;;B(t+1>—pﬁ;<t+1>—Pg<r+1>—Pé<I+1>+”

i =0
e[ n-mo-ro(1- (15850 ) -ro (- [L(-4457) )
rE g e[ <f>(l—gl<l—“’;ff;8”>> PA<><1—gi<l o))
+Z§/ﬁ*(r+1)[P2*(t+1)—P2(t+1)+PgBt—i— +ZZ,1 (141 +1) = Pi(t+ 1)+ Piy(t+1)].
i =0 i =0

(H1)

011048-42



COMPETITION, COLLABORATION, AND OPTIMIZATION IN ... PHYS. REV. X 11, 011048 (2021)

The initial conditions in this case are of the form

7= Zx (0)(877(0) —1)+Z/1 (0)(8577(0) - 1)
+D #57(0) = (0)(1 - >+D Py (0) = 55,0))

Z/l (0)(PS7(0) = 1+ 1(0)(1 = 8,,0).8) + 8,(0).8)

+Z’1 (0)(P(0) = 1/(0)(1 — )+Z/1 PiI( ©).8) —I-Z,V\B )Pi=1(0)
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APPENDIX I: OPTIMIZATION OF VACCINE ALLOCATION

The multiprocess seeding problem in the collaborative case has a similar structure to that of the containment task in
competitive processes. The vaccine allocation problem is of a slightly different nature. There are many ways in which it can
be formulated; the model illustrated below is the one we have chosen to use.

If a node receives a unit of vaccine before being exposed to infected neighbors, it will be immune to that process (denoted
as B in our model), which means the infection message from its neighbor will decrease to 0. However, sometimes a node
receives part of a unit of vaccine; specifically, if one allocates a certain amount of vaccine, say, b to a node, the probability of
it being infected will decrease to apz — b (bounded by 0 from below), where ay is the initial infection parameter. Meanwhile,
the parameter ag, will also decrease to agy — b. Therefore, the budget for vaccines can be expressed by the budget for
decreasing ap and ap, in Eqs. (E31)—~(E37), which now take the following form:

057 (1) = 057 (1= 1) = =(ag = b())t5 (1 = 1)
50 =y (1= 1) = —(ap = b)) (1= 1) + Py (1) = Py (1= 1)

Pz<r>=Pg<t—1>+pg<t_1>(1_n(1_< ekg()qbi’(r >)>

keoi )
P (- 1)<1 _ H <1 _ (apa 61;_” k—*’(l‘— 1 ))
keoi
PR (t) = Py(t= 1)+ PS (1 - 1)<1 —keg[i\j<1 _( eki ()t¢ %)(t_ 1)>>
+ P - 1)< kGI;[i\'(l _(ap, el]:_(i)() k:’)(l— 1)>> (11)

The budget restriction in this case is
B =2 "(b(i) - Bu), (12)

where Bu is the total vaccination budget. Another restriction for (i) allocated on a node (not exceeding the infection
probability) is expressed similarly to before as
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P = ellog (b(i)) + log (a

—b(i))]- (I3)

Finally, the derivative of the part of the Lagrangian that enforces the dynamics D is differentiated with respect to b(i),

which is required to complete the set of equations

aDl) _ Z_O [ ];/1 (t+1) k—” gi ¢k—>z()
5 pii Pg(1) _(ag = b(i))pi~' (1)
+2 A+ VP (; 07 (1) R(l o) ))

+Z/13 1+ 1P <
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+A8(1

+AP(t+1
ledi

The same procedure [following Eq. (F8)] can be imple-
mented for the optimization in this case.
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