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The Counter-Optimal Stubborn Agent Placement (COSAP) problem concerns how competing
agents attempt to position themselves within a network to maximize their influence over collective
opinion dynamics. While prior work has primarily examined optimal placements in static or one-shot
contexts, less is known about how opposing agents dynamically adjust their strategies in competitive
environments. In this study, we model COSAP systems as a competitive diffusion process where two
stubborn agents seek to influence a population through iterated network positioning. Simulations
across networks of varying structure reveal that while agents generally race to occupy the most
central node, networks with short path lengths create conditions in which neither agent can maintain
an uncontested advantage. Instead, agents engage in adaptive cycles, repeatedly shifting positions
in response to one other. These limit cycles vary in length and complexity depending on global
network properties, with highly connected networks supporting persistent cycling and longer cycles,
whereas networks with longer path lengths cause cycles to collapse into fixed points. These results
underscore the importance of network structure in shaping influence dynamics and suggest that
efforts to counter misinformation or manipulate opinion may grow more difficult in an increasingly

connected world.
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I. Introduction

Much attention has been paid to the role that online
social networks have played on levels of increasing polar-
ization in the United States and elsewhere [1, 2], with
increasing attention paid to how polarization is shaped
by the broader architectures of information flow in soci-
ety [3-5]. Researchers have examined how the position-
ing of information sources in a social network influences
the effectiveness of those sources to sway public opinion
[6-9]. In many populations, opposing opinions compete
for public sentiment, such that the best way to influence
the public can depend on what the opposition is doing
[10]. In this paper, we consider the dynamics of two com-
peting opinion sources, each striving to position itself in
the network to maximize its influence, conditional on the
position of its opponent.

Opinion dynamic models, in which populations of
agents express a discrete or continuous opinion and in-
fluence one another through local interactions, have pre-
viously been employed to examine how social network
structure can influence the distribution of opinions within
a population [11, 12]. Previous work has identified criti-
cal locations for the placement of stubborn agents in net-
works (also referred to as zealots or propagandists), oper-
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ationalized either through the placement of agents which
do not change their opinions or by modeling networks
as being influenced by external propaganda sources who
select specific agents to influence with their own opin-
ions [13-18]. The key question for the analysis of such
models is the optimal placement of stubborn agents to
maximize influence throughout the network. This has
been described as the “optimal stubborn agent place-
ment” (OSAP) problem [19].

Analytic and computational solutions to the OSAP
problem exist for systems in which stubborn agents of
only one type are placed in a population (representing,
for example, systems with a single foreign propaganda
agent, about which the rest of the population is unaware)
[20, 21]. The simplest solution to the single-agent version
of the problem is to place the stubborn agent in nodes
with the highest degree centrality, thereby maximizing
the likelihood that the agent is sampled during the opin-
ion update process [20]. Stubborn agent placement that
maximizes other measures of network centrality appears
to perform similarly [22]. In systems with multiple stub-
born agents that have differing opinions, the problem is
considered NP-hard, eluding simple analytic treatments
[23]. Instead, several greedy algorithms have been pro-
posed, including those that identify information bottle-
necks based on random walks in the network [19, 21] and
others that identify optimal diffusion patterns for cap-
turing the maximal number of adjacent non-stubborn
agents [20, 24]. Because the computational complexity



of what we term the Counter-Optimal Stubborn Agent
Placement (COSAP) problem due to the dynamic na-
ture of feedback between opposing agents, most existing
approaches rely on static solutions, offering limited in-
sight into the broader dynamics of counter-propaganda
systems.

In this paper, we tackle the COSAP problem dynam-
ically, considering how competing stubborn agents ac-
tively choose their network positions in response to one
another. We introduce a competitive diffusion frame-
work based on the simple voter model with two opposing
stubborn agents. We conceptualize optimal agent place-
ment as a process of reactionary relocation and analyze
this dynamical system in terms of strategic agent posi-
tioning. We find that periodic cycles of network repo-
sitioning often emerge. By examining the length and
complexity of these cycles in relation to network con-
nectivity, we uncover how structural features shape the
influence of propaganda agents on the spread of polarized
states, how competitive dynamics can give rise to persis-
tent and difficult-to-counter cycles of influence, and how
these patterns relate to the broader challenge of mitigat-
ing misinformation in increasingly connected systems.

II. Previous Work

Wu and Huberman [20] studied a simple social in-
fluence model in which agents asynchronously adopted
the dominant trait of their neighbors, with the addition
of stubborn agents whose traits remained fixed. Their
results showed that placing stubborn agents on nodes
with the highest degree centrality maximized both the
probability and speed of network-wide adoption of their
trait, supporting this heuristic across various graph struc-
tures. Expanding on this, subsequent work on competi-
tive diffusion in directed graphs [23, 25, 26] demonstrated
that identifying optimal placements is NP-hard, and that
greedy algorithms (which build solutions step by step by
selecting the optimal choice at each stage) outperform
strategies that rely solely on the stubborn agent’s own
centrality.

COSAP systems, where stubborn agents hold opposing
opinions, are known to prevent consensus formation and
sustain polarization [6, 13, 14, 27]. Even a small num-
ber of such agents can generate persistent fluctuations
in collective opinion [13], typically centered between the
two opposing views and following a Gaussian distribu-
tion whose variance decreases with the number of stub-
born agents. Models incorporating fixed external “media
sources” show that increasing their number or strength
accelerates polarization and inhibits consensus [14, 27],
while simulations using bounded confidence models sug-
gest that ideological influence is maximized when fixed-
opinion agents represent a moderate share of the network
and maintain balanced connectivity [6].

Other work has specifically addressed optimal place-
ment strategies for stubborn agents, particularly within

the OSAP framework. For instance, analyses of binary
opinion models have shown that placing a single stubborn
agent at nodes with high degree centrality can maximize
influence [19, 20]. However, these heuristics do not gen-
eralize to COSAP systems involving competing stubborn
agents. To address this, greedy algorithms have been
proposed to identify network locations where opposing
agents are most likely to block each other’s influence [21].
While such approaches reveal the inherent complexity of
the problem, they provide limited insight into how differ-
ent network structures shape the dynamics of polariza-
tion and strategic adaptation in COSAP settings, as they
typically rely on static placement strategies and overlook
the adaptive responses of competing agents over time.
As a result, the relationship between network structure
and the complexity of COSAP dynamics remains largely
unexplored.

To address this gap, we model COSAP dynamics as an
adaptive process in which agents reposition themselves in
response to one another. By examining how these strate-
gies evolve over time and mapping the range of possible
solutions, we characterize the COSAP problem space in
relation to network connectivity. Specifically, we investi-
gate how the spread of opinions depends on the relative
centrality of competing agents, identify cycles in optimal
stubborn agent positions as a form of dynamic equilib-
rium, and examine how these cycles emerge primarily
in highly connected networks with short average path
lengths.

III. Model Description

We examine populations with two competing stubborn
agents and explore how solutions to the COSAP problem
become interdependent, such that the optimal placement
for one agent type depends critically on the positioning of
its opponent. We examine COSAP dynamics across a va-
riety of network structures and levels of connectivity, ana-
lyzing how agent positioning shapes competitive dynam-
ics. In particular, we seek to understand whether agents
converge on stable placements or continuously adapt in
response to one another, giving rise to cycling behavior
without a fixed equilibrium.

Our model simulates opinion dynamics in a compet-
itive COSAP environment using the generalized voter
model [28], where agents interact over a structured net-
work. To identify optimal placements for stubborn
agents, we assume centrality as the key dimension along
which influence operates. For each simulation, we fix the
position of one stubborn agent based on its percentile
rank in a given centrality measure (degree, betweenness,
or closeness) and then search for the position of the op-
posing agent that maximizes its ability to shift the aver-
age opinion in its favor. This process is repeated across
simulations: once a candidate placement for one agent is
fixed, we simulate various configurations for the oppos-
ing agent and determine the position that offers the best
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2 0.33 0.24 0.53
3 0.44 0.58 0.60

FIG. 1. Schematic of the COSAP model of stubborn agent placement. (A) Agent co first selects the most central node (Node
3) to optimize its influence over a network. A competing agent, c¢1 (pink) then selects an optimal position of centrality to
disrupt co’s (light blue) influence. In each iteration, agents re-evaluate their positions and move to new nodes that best disrupt
their competitor’s influence. This creates a repeating three-node cycle. Gray nodes represent the previous position held by
the moving agent. (B) The limit cycle formed between Nodes 1, 2, and 3. COSAP repositioning forces both agents to rotate
through these nodes in a stable pattern. (C) Centrality measures for nodes within c¢o’s and c¢i’s cycle. Even though Node 3
is the most central node for across degree, betweenness, and closeness centralities, competitive interference yields a dynamic

attractor involving nodes of varying centrality.

response. This allows us to identify whether agents set-
tle into a stable configuration or whether no fixed point
emerges, in which case we observe cycling behavior where
each agent’s best response depends on the other’s posi-
tion. Through this approach, we examine how competi-
tive placement strategies and the emergence of dynamic
equilibria are shaped by underlying network structure.

We implement three types of network topologies: (1)
Erd6s—Rényi random networks, varying the edge forma-
tion probability incrementally from 0.1 to 1.0; (2) small-
world networks, varying the rewiring probability over the
same range [29]; and (3) connected caveman networks
augmented with long-range rewiring to introduce global
connectivity [30, 31]. This range of structures allows us to
systematically examine how differences in network con-
nectivity and topology affect the dynamics of agent com-
petition and influence.

A. Initialization
1. Network Setup: N agents are placed on a net-
work of a given structure, with each agent randomly
assigned a binary-valued opinion. A proportion ~y
of agents begin with Opinion 0, and the remain-
ing 1 — v with Opinion 1; for all simulations, we
set v = 0.5. We compute degree, betweenness, and
closeness centrality measures for all nodes and rank
each node by its relative centrality percentile within
the network. These rankings are used to guide the

placement of stubborn agents in subsequent simu-
lations.

. Stubborn Agent Selection: Two agents are des-

ignated as stubborn based on their centrality per-
centiles, measured using either degree, between-
ness, or closeness centrality. The stubborn agent
holding Opinion 0 is selected according to one cen-
trality percentile (¢g), and the agent holding Opin-
ion 1 according to another (¢1). These values rep-
resent relative ranks within the network: ¢, = 1
corresponds to the most central node, ¢, = 0.5 to
a node with median centrality, and ¢, = 0 to the
least central node.

B. Dynamics

. Opinion Updating: At each time step, one agent

is selected uniformly at random. The selected agent
randomly selects a neighbor. If the two hold differ-
ent opinions, the selected agent adopts the neigh-
bor’s opinion. Otherwise, no change occurs.

. End and Repetition: The simulation runs for

20,000 time steps, which is sufficient to observe the
long-term distribution of opinions in the popula-
tion, as supported by patterns displayed in Fig-
ure 2 (bottom: Mgseps = 9,264, sdsteps = 7,965).
This process is repeated for 300 iterations across
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FIG. 2. Opinion trajectories across simulation runs. (Top):
Average opinion over time in COSAP simulations, where one
stubborn agent is fixed at closeness centrality ¢, = 1 and the
other at ¢; = 0. Lines represents the average across runs.
Colors indicate which agent holds ¢, = 1. (Bottom): Average
opinion over time in simulations with a single stubborn agent
fixed at centrality co = 1. Thin lines represent 50 individual
runs, the bold line shows the average opinion of all simulations
at each timestep with light gray showing the standard error.
The vertical blue line marks the stopping point used in our
COSAP analyses.

all combinations of (cg, ¢1) values, where each value
ranges from the Oth to the 100th percentile in in-
crements of 10. This allows us to evaluate how each
agent’s placement performs relative to the other’s
and to identify best-response dynamics and poten-
tial cycles in agent positioning.

C. Data Collected
For each simulation, we collect the average opinion
across the entire population at the end of each run. Be-
cause opinions are binary, this value reflects the propor-
tion of agents adopting Opinion 1. Given the stochastic
nature of the simulations, where final average opinions
tend to jitter around 50% regardless of agent placement,
we mitigate noise by calculating the average opinion over
the final 100 timesteps of each run. For each network
configuration, we also assess the average path length of
the network, the shortest path distance between the two
stubborn agents, and their centrality values. In simu-
lations where agent repositioning yields limit cycles, we
additionally record the length of the cycle, defined as the
number of distinct agent configurations, and the distance
of the cycle, measured as the average change in centrality

percentile between successive positions.
We define the optimal position for a stubborn agent as
the centrality percentile at which it captures the highest

proportion of the population’s opinions, given the fixed
position of the opposing stubborn agent. Because opin-
ions do not converge in systems with multiple stubborn
agents [14], we define influence operationally as the long-
run deviation from 50% opinion share in a network Fig-
ure 2 (top). For each network configuration, we assess
the optimal placement of agent (cg) relative to a fixed
position of agent (c1). We then reverse the procedure,
using the identified optimal position of (¢p)as a baseline
to determine improved placements for (c;) in identical
network structures. This iterative approach allows us to
explore the interdependence of agent positions in com-
petitive COSAP dynamics.

IV. Results

A. Centrality and Influence

Optimal agent positions are assessed based on their
ability to influence the average opinion of the network.
With two opposed stubborn agents, both opinions typi-
cally persist in nearly equal numbers. Because individual
simulation runs are highly stochastic, we evaluate average
agent influence by comparing outcomes across repeated
runs. Figure 2 (top) shows the temporal evolution of av-
erage opinion across simulations in which either ¢y or ¢;
occupies the most central position in the network. While
individual trajectories remain noisy throughout, a small
but consistent drift emerges over time in favor of the more
centrally positioned stubborn agent.

To evaluate the optimality of agent positioning more
systematically, we analyze three centrality metrics: de-
gree, betweenness, and closeness centrality. We compare
the influence of ¢y across a range of centrality percentiles,
given fixed centrality values for ¢y, by assessing the aver-
age opinion of the population over the final 100 timesteps
of each simulation. While our analysis spans networks of
varying types and connectivity, Figure 3 presents results
from a representative case of random networks with 100
agents and a wiring probability of 0.5.

Across all three centrality measures and all values of
c1, we observe that the influence of ¢g increases with its
relative centrality. This pattern supports findings that
more central positions confer a better COSAP advan-
tage. However, the strength of this effect varies mod-
estly across centrality types and depends on the network
structure and the positioning of the competing agent.
Notably, when the opposing agent is placed at a highly
central node (i.e., when ¢; is high), the ability of the stub-
born agent assigned to cy to sway the majority opinion
is substantially reduced, regardless of its own centrality
percentile. While the presence of two COSAP agents
prevents convergence to any one opinion settles in a gen-
erally polarized state, we find that the degree of polar-
ization, or the dominance of one opinion over another,
is shaped by the relative positions of the two COSAP
agents.
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FIG. 3. Average opinion as a function of the centrality of a stubborn agent (co), with Opinion 0, under varying centralities of
the other stubborn agent ¢1, with Opinion 1, in random networks with 100 agents and a wiring probability of 50%. Each panel
corresponds to a different centrality metric (Betweenness, Closeness, Degree) used to define stubborn agent positioning, grouped
by the centrality of co. The x-axis represents the centrality of ¢1, and colored lines denote different levels of ¢g centrality (from
low to high). White points show individual simulation outcomes, and the black outlines represent mean opinion values. Points
show individual simulation outcomes; white points and black lines represent mean opinions for all simulations. The dashed

horizontal line at 0.5 indicates the baseline average opinion.

B. Identifying Limit Cycles

COSAP dynamics are commonly approached as a
static optimization problem [20, 21]. However, this ap-
proach overlooks the dynamic nature of competition be-
tween agents: when one agent adjusts its position to shift
network influence in its favor, the opposing agent’s op-
timal response also changes. As such, static analyses
like those in the previous section may fail to capture the
adaptive interplay between competing agents attempting
to influence the average opinion within the network. To
address this, we examine agent positions dynamically, fo-
cusing on how each agent’s optimal location changes in
response to the other’s placement. Specifically, we iden-
tify optimal positions for one agent (c¢y) while holding
the other (¢1) fixed, then use that result to fix ¢y’s new
position and identify the optimal response by c¢;. In do-
ing so, we observe that in many networks, this process
converges quickly on a stable solution, typically a “race
to the center” dynamic in which agents compete to oc-
cupy the most central node. This can result in one agent
effectively locking out the influence of its opponent.

However, in a subset of networks we observe the emer-
gence of limit cycles in agent positioning. Rather than
converging on a fixed optimal node, agents continually
adapt to one another by cycling through a sequence of
positions in an ongoing attempt to recapture influence.
Such behavior is analogous to periodic cycles in strategic
games, where no fixed point exists and players continu-
ously adjust strategies in response to one another [32-
34]. The characteristics of these cycles vary: some in-

volve only a few repeated positions (short cycles), while
others span a wider range of centralities. Figure 4 illus-
trates examples of this behavior across random networks
with varying edge probabilities (p = 0.7,0.8,0.9). Each
panel shows transitions in centrality-based positions for
two competing stubborn agents, with arrows represent-
ing movement from one simulation to the next and colors
indicating which agent was dominant in each round, de-
fined as the one controlling a majority of opinions in the
final 100 timesteps. This suggests that simply occupying
the most central node does not guarantee dominance, as
influence is context-dependent: in some cases, position-
ing at a slightly less central node can offer a better strate-
gic response to the opposing agent’s placement, leading
to continued repositioning rather than convergence.

C. Network Properties and Limit Cycle Length

To investigate how network structure influences the
emergence and persistence of limit cycles, we conducted
simulations across networks varying in path length and
connectivity, including random, small world, and con-
nected caveman networks with long-range rewiring. Our
analysis reveals a relationship between network path
length and the structure of limit cycles: as the average
path length of the network increases, both the length
of the cycles, defined as the number of distinct agent
configurations, and their distance, defined as the aver-
age centrality shift between successive positions, tend to
diminish (Fig. 5).

In highly connected networks with short path lengths,
agents cycle through a wider set of positions (Fig. 5, top),
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FIG. 4. Each panel shows the recurrent sequence of optimal placements for two competing stubborn agents in Erd6s—Rényi
random networks with wiring probabilities p = 0.7, p = 0.8, and p = 0.9 Arrows indicate the transitions between successive
best-response moves, and colors denote which agent is dominant at each step. The resulting trajectories form stable periodic
cycles, whose structure depends on network density. Higher values (denser networks) produce longer cycles, whereas sparser

networks produce shorter and more constrained limit cycles.

as no single position remains permanently optimal and
each agent’s move induces a counter-move from its op-
ponent. In these networks, competition generates cycles
rather than settling into a fixed point. By contrast, net-
works with longer path lengths tend to produce smaller,
less variable cycles or stable configurations. The size
of these cycles, in terms of the centrality distance be-
tween each subsequent position, also increases in highly
connected networks, reflecting larger swings in strategic
repositioning (Fig. 5, bottom). This is likely because in
highly connected networks, centrality is effectively deval-
ued where many nodes have similar access to the rest of
the network, and influence tends to overlap extensively
between agents. As a result, no single position provides
a lasting strategic advantage, enabling agents to contin-
ually reposition in response to one another. In contrast,
networks with longer path lengths feature more differen-
tiated and spatially distinct central nodes, reducing over-
lap in influence and allowing agents to settle into stable
positions with minimal interference. These findings sug-
gest that network connectivity plays a key role in shaping
the landscape of competitive influence, with highly con-
nected networks enabling longer cycles of adaptability
and ongoing positional competition.

While the scale of cycles varies with network structure,
we find no evidence of multiple distinct cycles emerging
within the same network. Instead, agents consistently
converge on a single dynamic loop or settle into a fixed
position. This suggests that, within the structural con-
straints of a given network, there is typically one dom-
inant adaptive pathway, limiting the diversity of long-
term strategic behaviors. Although the COSAP system is
finite and deterministic and we thus observed no evidence
of chaotic behavior, cycles of length three or greater are
notable because they can mark the onset of qualitatively
richer competitive dynamics [35].

D. Basins of Attraction Reveal Strategic Resilience

Some limit cycles exert more influence over the state
space than others. A cycle that attracts many differ-
ent starting configurations occupies a larger portion of
the system’s dynamics andplays a more dominant role in
long-run behavior. To capture this, we examined how
many independent pathways of successive COSAP be-
havior lead into a given cycle. These pathways represent
distinct channels of convergence from the broader state
space of COSAP dynamics. The set of all such path-
ways that flow into a cycle constitutes a basin of attrac-
tion for the given network configuration. Cycles draw-
ing more independent pathways exhibit larger basins and
have greater dynamical reach across the network, as they
draw in more of the position space and structure a larger
share of the COSAP dynamics. Fig. 6 shows the relation-
ship between basin strength and network structure. For
each network realization, we computed the number of in-
dependent pathways feeding into its dominant attractor
and plotted the proportion of these leading into the cycle
against the network’s average path length (on a logarith-
mic scale). The dashed vertical line marks the point at
which cycles begin to collapse, giving way to fixed-point
attractors. Random networks with close path lengths
tend to support attractors with large basins and many
independent pathways, while higher-path-length struc-
tures especially small-world networks show a pronounced
reduction in pathway diversity and basin size. This pat-
tern indicates that denser or more locally clustered net-
works sustain richer competitive dynamics between stub-
born agents, whereas long-path-length networks restrict
the available attractor structure.

These findings suggest that networks with shorter path
lengths support more complex competitive dynamics.
Their attractors are fed by numerous independent path-
ways, meaning that a wide range of initial conditions
can be pulled into dynamical cycles. In contrast, net-
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FIG. 5. Limit cycles length as a function of network structure.
As the average path length of a random network increases,
the complexity of limit cycles diminishes. (Top): The num-
ber of distinct agent configurations involved in a limit cycle.
(Bottom): The average ”centrality distance” between succes-
sive configurations within each cycle. The dashed vertical line
marks the boundary where cycles emerge in random networks.

works with longer path lengths compress space of op-
tions, leading to fewer independent pathways and the
eventual disappearance of cycles altogether. These find-
ings suggest that networks with larger basins and more
independent pathways enable greater opportunities for
disruption between competing stubborn agents. When
many pathways lead into an attractor, agents can enter
and disrupt limit cycles from a wide range of starting
positions. In contrast, when only a few pathways exist,
agents have fewer potential responses, and the resulting
cycles exhibit reduced complexity and limited potential
for strategic disruption.

V. Discussion

Previous work on the optimal placement of stubborn
agents in diffusion and voter models has generally found
that the most central nodes exert the greatest influence
[20, 21, 26]. COSAP studies, which examine competitive
dynamics between opposing agents, have typically mod-
eled agent positions as fixed, assuming static placements
throughout the diffusion process [21]. In this study, we
examine the dynamic repositioning of agents and show
that COSAP placement strategies based on relative cen-
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FIG. 6. Basin strength of COSAP attractors as a function
of network structure. Each point represents the log propor-
tion of independent pathways external to a limit cycle for
all networks. Networks at the highest limit exhibit indepen-
dent pathways with no cycle. Basin strength corresponds to
the number of independent pathways leading into an attrac-
tor. The x-axis shows the network’s average path length (log
scale). The dashed vertical line marks the boundary where
cycles emerge in random networks

trality can lead to a range of outcomes, including po-
larization driven by the sustained dominance of a single
agent. The extent of this polarization is directly tied to
the centrality of each agent, with more central placements
generally conferring greater influence. Furthermore, we
identify a form of dynamic polarization that emerges
when agents adaptively reposition themselves in response
to one another. Unlike static models that assume equi-
librium placements, our simulations reveal that stable so-
lutions do not always emerge. Instead, agents can enter
limit cycles, repeatedly shifting between multiple posi-
tions in an ongoing strategic contest for influence. These
cycles reflect a form of persistent competition, in which
each agent’s optimal response depends on the placement
of its opponent. Notably, such dynamics are most pro-
nounced in highly connected networks, where short aver-
age path lengths “devalue” the strategic advantage of any
single central node. In these settings, influence becomes
more diffuse, allowing agents to continually challenge and
displace one another. This cycling behavior underscores
the difficulty of identifying stable influence in certain net-
works, where no single placement remains optimal and
strategic advantage continually shifts between agents.
These findings suggest that in highly-connected net-
work structures, optimal solutions to the COSAP prob-
lem may be inherently unstable or elusive. While it
is unlikely that adversarial agents, such as coordinated
misinformation campaigns, explicitly strategize based on
formal OSAP formulations, our results suggest that the
difficulty of countering propaganda may vary substan-
tially across different online ecosystems. In particular,
the presence of multiple stable or near-optimal positions



for stubborn agents implies that influence can persist or
re-emerge even after targeted countermeasures. Further-
more, in cycles with extensive basins, agents can enter
cycles from a broad range of positions, amplifying the
difficulty of suppressing external influence. This high-
lights a broader feature of online networks: in systems
where multiple influence hubs exist, exerting and main-
taining sway over public opinion may be easier than in
more centralized environments. Our analysis also high-
lights why strategic efforts to control network structures
directly may be more effective for influencing public opin-
ion than merely adding to the public debate while leav-
ing the network otherwise unchanged [36, 37]. As digi-
tal platforms have become increasingly dense and inter-
connected [38], understanding these dynamics is critical
for developing effective strategies to enhance resilience
against manipulation, misinformation, and polarization.

The findings presented here highlight the strategic in-
stability of influence in COSAP systems. Even when
one agent appears to dominate based on network place-
ment, that advantage can quickly be reversed if the op-
posing agent identifies a better counter-position. In many
cases, there is no universally optimal node; instead, influ-

ence unfolds within a shifting landscape where no single
strategy remains dominant. Future work may seek to
identify the structural conditions that give rise to stable
placements and to develop methods for approximating
influence outcomes without exhaustive simulation. Our
framework also offers a foundation for assessing network
vulnerability or susceptibility to influence, providing a
potential tool for understanding how control or persua-
sion might be achieved (or prevented) in networks with
differing structural properties, and informing platform
design choices aimed at reducing strategic manipulation
or polarization.
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