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ABSTRACT Distributed networks that allocate mobile or stationary resources are often exposed to structured disturbances
and malicious attacks. Routing, sensing, and protection functions are executed by swarms of agents that have limited local
information and must coordinate through sparse communication patterns. In this setting, purely expectation-based optimization
can lead to fragile operation because rare but severe disruptions are not explicitly controlled. Risk-sensitive formulations
provide an alternative by incorporating tail events into the design objective. Among these, the conditional value at risk offers a
convex representation of loss in the worst upper tail of the distribution. Swarm optimization methods provide a complementary
mechanism for exploring high dimensional deployment spaces through the collective motion of agents driven by simple interaction
rules. This paper considers the combination of a conditional value at risk objective with swarm based coordination for resource
deployment in adversarial distributed networks. The approach models adversarial actions as random but structured perturbations
of network components and computes deployment policies that hedge against the induced tail losses. The resulting formulation
is expressed as a linear program over a scenario based representation and is approximated in a fully distributed manner by a
population of agents. The paper develops the modeling, algorithmic, and analytical aspects of the framework, and discusses
numerical experiments that illustrate the behavior of the method under different adversarial intensities, network topologies, and

communication constraints for the swarm.

nodes and links. The underlying design problem is to determine
how to place and route resources so that network level losses are
controlled not only on average but also in rare but severe events

[2].

1. Introduction

Large scale distributed networks arise in communication systems,
transportation infrastructures, sensing platforms, and emergency
response architectures [1]. These networks typically operate
under resource constraints and must react to exogenous distur-
bances and potentially adversarial behavior. Mobile agents or
reconfigurable subsystems are deployed to maintain connectivity,
throughput, or coverage while facing failures and attacks on

Classical formulations based on expected cost or average
performance are often inadequate in environments where failure
patterns are heavy tailed or intentionally manipulated by an
intelligent adversary. In such settings, the designer is interested
in limiting extreme losses associated with coordinated attacks or
correlated failures. Coherent risk measures provide a structured
way to capture these preferences [3]. Among them, conditional
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value at risk, defined as the expectation of loss beyond a specified
quantile, stands out due to its convexity and its representation
as a linear program over an augmented state space. This



Figure 1 Schematic adversarial distributed network with resources on the left, core routing nodes in the center, and localized attack points on
the right. Nodes with warmer colors indicate components where the loss function exhibits higher sensitivity to deployment under adversarial

perturbations.

representation facilitates integration with linear or mixed integer
network models.

Parallel to these developments in risk modeling, swarm
based optimization has emerged as a useful paradigm for search-
ing complex landscapes using multiple interacting agents [4].
Particle based schemes, consensus protocols, and distributed
gradient approximations allow a population of agents to col-
lectively explore high dimensional spaces while relying only
on local information and neighbor-to-neighbor communication.
Such methods are attractive in distributed networks because they
align with the physical constraints of the system: each node or
agent can compute using local data, exchange messages with
neighbors, and adapt its state according to simple dynamical
rules.

This work examines the integration of conditional value at
risk with swarm optimization for resilient resource deployment
in adversarial distributed networks [5]. The central idea is to
interpret deployment variables as collective decisions of a swarm
of agents that approximate the solution of a risk sensitive linear
program. The adversary is modeled probabilistically through
a family of attack scenarios that specify which nodes or links
are disrupted and with what intensity. The network operator
chooses resource allocations to minimize a conditional value at
risk of a loss function that encodes performance degradation
under these scenarios [6]. The conditional value at risk objective
is then embedded into a swarm based coordination scheme that
can be executed in a distributed manner over the network graph.

The analysis focuses on three intertwined aspects. First, a
modeling framework is introduced for describing adversarial
distributed networks, resource deployment decisions, and loss
functions that capture connectivity, flow, or coverage degradation.
Second, the conditional value at risk objective is rewritten as
a linear program over scenario dependent auxiliary variables
and linked to a distributed swarm scheme via primal dual
interpretations [7]. Third, convergence and resilience properties
are discussed under assumptions on communication graphs,
step sizes, and adversarial intensities. Numerical experiments
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illustrate tradeoffs between risk level, adversarial budget, and
swarm parameters on synthetic network instances.

The rest of the paper develops these components in a stepwise
manner [8]. While the modeling choices are stylized, they are
selected to maintain linear structure and to enable rigorous
analysis of the swarm dynamics. The discussion highlights how
risk sensitivity reshapes the feasible deployment region explored
by the swarm and how the adversary’s structure influences the
tails of the loss distribution. Implementation aspects such as
sampling of attack scenarios and local computation of loss
contributions are also addressed [9].

2. Modeling of Adversarial Distributed Net-
works

Consider a network represented by a finite directed or undirected
graph with node set denoted by V' and edge set denoted by E.
The cardinality of the node set is written as |V/| and that of
the edge set as | F|. The network operator deploys a vector of
resources over the nodes, represented by a decision vector [10]

ze RV 2.1)
The component z; denotes the amount of resource assigned to
node ¢ and is restricted to lie in a compact interval. Resource
limitations are modeled through a budget constraint of the form

z; = B, 2.2)

ieVv
where B is the total amount of resource available. Additional
simple bounds of the form [11]
2.3)

r, <x; <7

are imposed to model local capacity limitations or minimum
protection levels.

The network is exposed to an adversary that perturbs the
state of nodes and links. To capture uncertainty and strategic



Figure 2 Scenario based conditional value at risk construction: each scenario node aggregates a realization of loss induced by deployment z,
while the lower aggregator compresses upper tail scenarios into a single risk sensitive scalar used in the optimization.

Figure 3 Swarm based coordination over a network substrate: agents adjust local deployment proposals while exchanging information among
themselves and with neighboring infrastructure nodes that host resources and traffic.

variability, the adversary’s actions are represented by a finite
family of scenarios indexed by s in a set S. Each scenario
describes a particular configuration of failures, attacks, or load
surges. For example, a scenario can specify a subset of attacked
nodes, a subset of congested links, and a vector of degraded
capacities [12]. The stochastic behavior of the adversary is
captured by a probability distribution over scenarios, denoted
by p, for each s in S with

(2.4)

For a given deployment vector = and scenario s, the network
experiences a performance loss denoted by Lsx. This loss
can represent throughput reduction, connectivity loss, unmet
demand, or any other scalar measure of degradation. To maintain
linear structure, the loss is modeled as an affine function of the
deployment vector in each scenario. A typical representation is
[13]

Lsz = Ci,s L ds, (2.5)

iev
where the coeficients ¢; s encode the sensitivity of scenario s
loss to resource allocation at node 7 and the constant dg accounts
for exogenous components of the loss. In many applications,

these coeflicients are derived from linearization of more complex
models or from empirical regression over historical data.

The admissible deployments are collected in a polyhedral set

X={l4zeRVI: Az <b, inzB, z; <z <T},
1€

(2.6)
where A and b encode linear side constraints arising from
topological or operational requirements. The adversarial loss
under a random scenario is thus a random variable Lz that takes
value Lgz with probability p.

The network operator is concerned with rare but severe events
in which the adversary concentrates disruptions on vulnerable
regions of the network [15]. Such events correspond to large
values of the loss variable Lx. To capture this concern, the
operator selects a risk level « in the interval 0, 1, for example
a = 0.95, which defines the tail region of interest. The selected
resource deployment should then minimize a risk functional of
Lz that gives higher weight to realizations beyond the a quantile
[16].

In addition to the loss function, it is useful to introduce
auxiliary performance metrics that facilitate interpretation and
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Figure 4 Primal dual structure of the risk sensitive deployment algorithm, with primal variables for allocations and conditional value at risk
auxiliaries, and dual variables enforcing capacity and consensus constraints in the underlying distributed network.

Figure 5 Scenario tree for adversarial behavior, with the root node representing the attacker, intermediate nodes describing classes of disruption
patterns, and leaf nodes capturing network states that determine scenario dependent losses.

design. For instance, a coverage measure can be defined as

Cs = 1,8 Uiy 2.7
= disd ex)

where coefficients ¢; s represent coverage contribution under
scenario s. Loss can then be defined as a linear penalty on
coverage shortfall relative to a target [17]. Another construction
connects deployment to residual network capacity. Let u, denote
the nominal capacity of edge e and let r s denote the residual
capacity under scenario s. A linear model of the form

Te, s = Ue — | Qe,i,s Ti (2.8)

i€V

can be employed, where coeflicients a. ; ; capture how deploy-
ment at node ¢ mitigates or exacerbates stress on edge e in
scenario s. Loss may then aggregate residual capacities through
penalties on undersupply.

Adversarial structure can also be encoded [18]. For example,
the adversary may face its own budget on the number of nodes
that can be attacked or on the total magnitude of link degrada-
tion. A simple linear model introduces binary indicators w; s
describing whether node ¢ is attacked in scenario s and imposes

wis < H, 2.9)
eV
where H is an adversarial budget. The coefficients c; s and
Ge.i,s are then functions of these indicators, often taking larger
values when nodes are attacked. Such a representation captures
structured but uncertain attack patterns while preserving linearity
in the deployment variables [19].
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Under this modeling framework, resource deployment in
adversarial distributed networks reduces to selecting a vector x
in the feasible set X that balances normal performance against
resilience to tail scenarios. The next section introduces condi-
tional value at risk as the chosen risk functional and develops
its linear formulation in the present context.

3. Coherent Risk Measures and CVaR Formu-
lation

Risk measures map random losses to deterministic scalars that
summarize the decision maker’s attitude toward uncertainty [20].
Coherent risk measures satisfy properties such as monotonicity,
positive homogeneity, subadditivity, and translation invariance.
Conditional value at risk, also called expected shortfall, is a
prominent example in this class. For a loss random variable Lx
and a risk level « in 0, 1, the conditional value at risk at level «
is defined as the expected loss given that the loss exceeds its o
quantile [21].

In the scenario based setting considered here, the loss random
variable Lz takes values L x with probabilities ps. The condi-
tional value at risk of Lz at level a can be represented as the
optimal value of an auxiliary optimization problem. Introduce
a scalar variable 7, called the risk threshold, and nonnegative
auxiliary variables z5 for each scenario. For a given deployment
x, define

() 22 = . 3.1
€Z,1,%z n 1—OzseSpSZS 3.1
Impose the constraints
Zs Z Lsz - 7” Zs Z 07 ENS ‘S (32)
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Figure 6 Grid like testbed used in numerical evaluation, with selected nodes configured as protected deployment sites, others marked as vulnera-
ble components, and remaining nodes acting as neutral transit points for risk sensitive routing and coverage.

Parameter Symbol Value Role
Number of nodes V| 50 Network size
Number of edges |E| 120 Connectivity level
Resource budget B 1.0 Total deployable mass
Scenario count N 103 Attack samples
Adversarial budget H 5 Max attacked nodes
Risk level o 0.95 Tail focus

Steps in horizon T 2.10* Iterations

Table 1 Representative network and optimization parameters used in the risk sensitive deployment study.

It is known that the conditional value at risk of Lx at level «
can be expressed as

CVaR Lz = min @z, 1, z (3.3)

2
subject to the constraints above [23]. The variables 7 and z
provide a finite dimensional representation of the loss tail.

Combining this representation with the feasible set X, the
risk sensitive deployment problem can be written as

min 724 Ps Zs (3.4
z,1n,% 1—a«ases

subjectto zs > Lsx—1n, s€E€S, (3.5)

2520, seS, (3.6)

xz e X. 3.7

Assuming each scenario loss Lz is affine in z, this problem
is a linear program in the variables z, 1), and z. The structure
allows scalable solution techniques and facilitates integration
with swarm optimization.

In practice, the scenario set S may be large or generated by
sampling. Let /N denote the number of sampled scenarios, and
index them by s = 1,..., N [25]. When all scenarios are given
equal probability, the objective can be rewritten as

1 N

TTTAN 217 (3-8)

The remaining constraints on 2z have the same linear form. This
representation is convenient for implementation in distributed

networks where scenarios are generated and evaluated on the
fly.

The dual of the conditional value at risk representation
provides additional insight [26]. For a fixed deployment z, the
conditional value at risk can be expressed as

CVaR, Lz = max s Lgx 3.9)
A seS

S

subject to
Ps

As =1,
sES

0< A < (3.10)
The dual variables ¢ define a probability measure that is abso-
lutely continuous with respect to the original distribution and
that concentrates on tail scenarios subject to a bound. This
representation shows that conditional value at risk corresponds
to the worst expected loss over a family of probability measures
close to the original one [27]. In the context of adversarial net-
works, this interpretation aligns with the idea that the adversary
may shift probability mass toward critical disruptions, within a
limited budget.

For algorithmic purposes, it is convenient to write the condi-
tional value at risk problem in compact matrix form. Let C be
a matrix whose rows are the coefficient vectors of the scenario
losses, and let d be the vector of scenario constants [28]. The
loss vector can then be written as

Lx =Cx d. (3.11)

Introduce vectors z and p collecting the auxiliary variables and
scenario probabilities, respectively. The conditional value at
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Focus region

Effect on solution

Risk level ~ Tail weight 1 — o™
0.80 5.0

0.90 10.0

0.95 20.0

0.97 33.3

0.99 100.0

Top 20% Mild risk aversion
Top 10% Balanced tradeoff
Top 5% Empbhasis on extremes
Top 3% Strong tail protection
Top 1% Near worst case stance

Table 2 Relation between conditional value at risk level and effective tail weighting in the deployment objective.

Typical range

Function in swarm

Parameter Symbol
Agent count M
Primal step size Yt
Consensus weight B
Noise amplitude o
Batch size N
Dual step size Pt

20-100 Parallel exploration
106 Descent in «

0.1-0.4 Information mixing
703 Exploration control
10-40 Scenario sampling
=05 Constraint enforcement

Table 3 Key swarm optimization parameters and their roles in the distributed conditional value at risk algorithm.

risk program becomes

min 729 1 p'z (3.12)
,n,2 l—«

subjectto z > Cx d—nl, (3.13)

z >0, (3.14)

reX, (3.15)

where inequalities are interpreted componentwise and 1 denotes
the all ones vector. This compact notation clarifies the linear
structure exploited by distributed algorithms.

The linear programming formulation also reveals how risk
sensitivity modifies the feasible region explored by optimization
[30]. For a fixed deployment set X, the addition of auxiliary
variables and constraints defines a higher dimensional polyhe-
dron whose projection onto the x coordinates is identical to X.
However, the objective now depends on both x and the auxiliary
variables in such a way that solutions favor configurations with
smaller tail losses. As the risk level « increases toward one, the
coefficient 11 — a amplifies the contribution of the z variables
and thus of the largest losses, steering the solution toward more
conservative deployments [31].

4. Swarm Based Optimization Framework

Swarm optimization is an approach in which a population
of simple agents collaboratively search for optimal or near
optimal solutions to an optimization problem. FEach agent
maintains a local state that represents a candidate solution and
updates this state based on individual experience and information
exchanged with neighbors. In the context of risk sensitive
resource deployment, the goal is to design swarm dynamics
whose collective behavior approximates the solution of the
conditional value at risk linear program [32].

Consider a swarm of M agents indexed by a = 1,..., M.
Each agent maintains a local deployment vector ¢ at iteration
t. These vectors live in the same feasible set X as the global
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decision variable. Agents are connected through a communica-
tion graph whose node set is the set of agents and whose edges
represent bidirectional communication links [33]. This com-
munication graph can be static or time varying and is typically
sparse, reflecting local communication constraints.

The basic iteration of the swarm is composed of three con-
ceptual steps: evaluation, communication, and update. In the
evaluation step, each agent generates a batch of adversarial
scenarios, computes or approximates the conditional value at
risk loss associated with its current deployment, and possibly
estimates gradients or subgradients of this loss with respect to
its local decision vector. In the communication step, agents
exchange information with neighbors, such as local deployment
vectors, local best solutions, or gradient estimates [34]. In the
update step, each agent modifies its deployment according to an
update rule that combines exploration, exploitation of known
good solutions, and consensus seeking behavior.

A simple swarm update rule can be expressed in the form

% 1=1Ix (zat — 7 g%t Bt (35jt - zat)), 4.1)
where I1x denotes projection onto the feasible set X, ~; and S
are step size parameters, gt is a local estimate of a subgradient
of the conditional value at risk objective at z®¢, and Zt is a
consensus variable that aggregates information from neighboring
agents. A typical choice for the consensus variable is [36]
Tz LM

= U e “4.2)

%,
which can be approximated by distributed averaging protocols.

The subgradient estimate g“¢ is obtained by sampling sce-
narios and differentiating the scenario losses with respect to
deployment variables. Let S denote the batch of scenarios
sampled by agent «a at iteration ¢, of cardinality /N;. For each
scenario s in §7, agent a computes the loss Lgx®t. It also
maintains an estimate 1°¢ of the risk threshold. An elementary
subgradient construction uses the fact that only scenarios with



Scenario class Node failures

Light disturbance 1-2
Moderate attack 3-4
Coordinated attack 5-6
Extreme disruption >7

Edge failures  Relative probability
0-1 0.55
1-2 0.25
2-3 0.15
>3 0.05

Table 4 Illustrative adversarial scenario classes used to construct the loss distribution for risk evaluation.

CVaRg.95 Lx Az Y

Policy ELx
Baseline uniform 1.00
Mean optimal 0.82
CVaR optimal 0.90  0.90
CVaR optimal 0.95 0.96
CVaR optimal 0.97 1.05

2.45 1.45 0.19
2.10 1.28 0.17
1.75 0.85 0.11
1.55 0.59 0.08
1.49 0.44  0.06

Table 5 Comparison of expected loss, conditional value at risk, tail gap Az, and tail exceedance probability Wz for different deployment policies.

loss above the threshold contribute to the subgradient of the
conditional value at risk. Define [37]

hit = 0o LsatU[ Lozt 2 ], 3)

where 0, Ls;x denotes any subgradient of the affine loss with
respect to « and I denotes the indicator function. The local
subgradient estimate is then

1

a a

- . 44
1—aN; sesa ° 4

This expression preserves linearity when the scenario losses are
linear in x [38].

The risk threshold estimate ¢ can be updated in parallel.
A simple rule uses a stochastic approximation based on the
empirical quantile of scenario losses. For instance, one can set

- nat) )

where d; is a step size and 7;""'* is an empirical estimate of
the o quantile of the sampled losses. This quantile can be
approximated using order statistics within each batch.

The consensus mechanism is essential to ensure that agents
do not diverge in different directions. Instead of using global
averaging, one can implement a weighted averaging scheme over
the communication graph [40]. Let Wt be a weight matrix whose
element w,t specifies the weight assigned by agent a to the
state of agent b at iteration ¢. The matrix Wt is typically chosen
to be row stochastic and compatible with the communication
graph. The consensus variable can then be updated as

n 1=n% & (39m " (4.5)

2% 3 = M ot 2Vt

(4.6)
and the subsequent update uses z*¢ % instead of Zt. This yields
a fully distributed implementation [41].

The interplay between exploration and exploitation in the
swarm can be adjusted through the step sizes 4 and 3, as well
as through random perturbations. For instance, an additional
term

% 1=1Ix (xat — v g%t By (ft - x“t)42 oy fat) 4.7)

can be used, where oy is a noise amplitude and £°¢ is a random
vector. Such noise facilitates exploration of the deployment
space, particularly in nonconvex settings, but here it can also
help avoid stagnation when the scenario sampling is limited.

Although the conditional value at risk problem is convex,
the local approximations performed by individual agents may
introduce bias or variance that complicates convergence [43].
The swarm perspective provides robustness against such imper-
fections because different agents explore the neighborhood of
different candidate solutions. Over time, the consensus mecha-
nism encourages aggregation of information toward regions of
the deployment space that consistently exhibit low conditional
value at risk. The risk sensitive nature of the objective influences
the landscape by emphasizing configurations that reduce losses
in the tail, which in turn affects the trajectories of the swarm
[44].

5. Distributed Algorithms for Risk Sensitive
Coordination

To obtain a fully distributed implementation, it is useful to
exploit the separable structure of the conditional value at risk
program across scenarios and the localized nature of the network
constraints. The linear objective and constraints suggest a
distributed primal dual algorithm in which agents maintain local
copies of decision variables and dual multipliers and exchange
them with neighbors.

Consider a decomposition in which each agent is associated
with a subset of network nodes and scenarios. Let V¢ be the
subset of nodes controlled by agent a, and let S be the subset
of scenarios evaluated by agent a. The local deployment vector
of agent a is %, with components x§ for ¢ in V. Variables x{
must be consistent across agents that share node i. To enforce
consistency, introduce consensus constraints of the form [45]

¢ = 2t (5.1)

for all agents a and b that share node ¢. These constraints can be
handled by augmented Lagrangian or penalty methods that lead
to distributed updates.



Variable Domain

Interpretation

Constraint source

T RV Resource deployment Budget and capacity

z RY Scenario tail slack Loss tail inequalities
n R Tail threshold Risk level definition

A RIZ! Capacity multipliers Edge constraints

¢ R? Consensus multipliers ~ Agreement across agents

Table 6 Main primal and dual variables in the conditional value at risk linear program and their modeling roles.

Algebraic connectivity

Swarm effect

Graph type Degree range
Line 1-2
Grid 2-4
Random geometric Variable
Expander like High
Hub and spoke Skewed

Low Slow consensus
Medium Balanced mixing
Medium Local robustness

High Fast convergence
Medium Sensitive to hubs

Table 7 Communication topologies considered for the swarm and their qualitative impact on consensus dynamics.

The network resource constraints can also be written locally
[46]. For example, the budget constraint

e z; =B (5.2)
can be decomposed by assigning portions of the budget to
agents, with the condition that the total assigned budgets sum
to B. Alternatively, a global dual variable associated with
the budget constraint can be maintained and updated using a
consensus based dual ascent scheme [47].

The conditional value at risk objective involves auxiliary
variables z; for each scenario and a global threshold 7. In the
distributed setting, each agent maintains local auxiliary variables
2% for scenarios in S and a local estimate 1 of the threshold.
The objective contribution of agent a is then

1

“ s Zo. 5.3
T T segaPs s (5.3)

Consistency of the threshold estimates n® across agents is
enforced through additional consensus constraints

n®=n" (5.4)

for agents a and b that are neighbors in the communication
graph.

A primal dual algorithm operates by forming an augmented
Lagrangian of the conditional value at risk program, with dual
variables associated with resource constraints, consensus con-
straints, and scenario inequalities [48]. Agents then perform
gradient or subgradient steps on their local primal and dual
variables using information from neighbors. For instance, the
update of local deployment variables may take the form

2% 1 =xa (2% — 7 (49980t goonst 9iit)), (5.5)

where X is the local feasible set of agent a, g&,t is the
subgradient of the conditional value at risk part, g, .t is the gra-
dient arising from consensus penalties, and gg? is the gradient
associated with resource constraints.
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Dual variables are updated by steps that enforce constraint
satisfaction [50]. For example, let At be a dual variable
associated with a capacity constraint on edge e, and let ¢t be a
dual variable associated with the consensus constraint on node ¢
between neighboring agents. The update rule can be written as

Aet 1= [Act py (Hewt —ue)51], (5.6)

and
it 1= ¢t p af — 20 5.7
i itee, Na(xz x; ), 6.7

where H.z is the linear function describing resource usage on
edge e, N, is the neighborhood of agent a, p; is a dual step size,
and - denotes projection onto the nonnegative reals.

The distributed algorithm inherits convergence properties
from classical primal dual schemes under standard conditions on
step sizes, convexity, and connectivity [52]. The risk sensitive
nature of the objective does not alter convexity but affects the
structure of subgradients and dual variables associated with
scenario inequalities. Under appropriate conditions, the iterates
of the algorithm converge to a saddle point of the Lagrangian,
and the deployment vectors converge to an optimal solution of
the conditional value at risk program.

For implementation in adversarial networks, the algorithm
must also cope with time varying communication graphs and
possible failures in the communication infrastructure [53]. This
can be addressed by using consensus protocols that tolerate
link failures, and by adapting step sizes to maintain stability.
The swarm interpretation remains valid, with agents execut-
ing local primal dual updates and exchanging variables when
communication is available.

6. Resilient Resource Deployment under Ad-
versarial Actions

The integration of conditional value at risk and swarm based
distributed optimization leads to deployment policies that are
sensitive to the tail of the loss distribution [54]. To understand
the properties of these policies, it is informative to examine how



Quantity Symbol  Baseline  CVaR guided
Average node load variance Vioad 0.31 0.18
Fraction of overloaded edges Gedge 0.22 0.09
Max node utilization Umax 0.96 0.81
Tail loss quantile (0.99) Q0.99 3.05 2.10
Mean communication overhead Ceomm 1.00 1.08

Table 8 Illustrative structural and performance metrics comparing baseline deployment to conditional value at risk guided swarm deployment.

the deployment reacts to changes in the adversarial model and
in the risk level.

The adversarial model is characterized by the scenario set S,
the probabilities p,, and the structure of loss functions Lsx. A
simple but expressive class of models assumes that the adversary
selects subsets of nodes or edges to attack, subject to a budget on
the number of components that can be disrupted. For instance,
the adversary may choose up to H nodes to disable in each
scenario, with equal probability across admissible subsets [55].
In such a model, the loss function can be written as

Lex = cil—w;sx; dg, 6.1)

i€V

where w; , is a binary indicator equal to one when node 7 is
attacked in scenario s and zero otherwise, and ¢; are base loss
coefficients. The presence of the factor 1 — wj; , reflects the fact
that resources deployed at attacked nodes have reduced or null
effectiveness.

As the adversarial budget H increases, the variety and sever-
ity of scenarios in the tail of the loss distribution also increase.
The conditional value at risk objective incorporates these effects
through higher values of loss in scenarios with multiple simul-
taneous attacks. The optimal deployment vector responds by
spreading resources across nodes in a way that balances expected
performance against robustness to coordinated attacks [56]. In
particular, nodes that are likely to be jointly attacked receive
less concentrated allocation, and resources are shifted toward
nodes whose disruption would require an unrealistically large
adversarial effort.

The risk level o parameter controls the emphasis placed
on tail scenarios. For moderate values of «, the objective
blends average performance with risk considerations [57]. For
values of « close to one, the objective effectively focuses on
the worst scenarios among those with nonnegligible probability.
The resulting deployment policies become more conservative,
allocating resources in patterns that minimize worst case losses
subject to the probabilistic model. The swarm based algorithm
reflects this shift through changes in subgradient estimates and
in the trajectory of agent states [58].

Resilience can be quantified through various metrics derived
from the loss distribution. One measure is the difference between
expected loss and conditional value at risk,

Ax59 = CVaRyLx — ELx, (6.2)

where the expectation is taken with respect to the scenario
probabilities. A reduction in Az reflects a narrowing of the tail
relative to the mean, indicating that extreme losses are being

mitigated. Another measure focuses on the probability that loss
exceeds a critical threshold L™&%,

Yz60 = P[Lx > L™, (6.3)

Risk sensitive deployments obtained by minimizing conditional
value at risk often lead to lower values of Wx for appropriately
chosen thresholds, because the objective penalizes high losses.

The distributed nature of the algorithm introduces additional
aspects of resilience [01]. Each agent relies on local information
and neighbor communication, which may be disrupted by the
same adversary that affects the network being protected. To
capture this, the communication graph among agents can be
modeled as a random graph whose edges fail independently with
certain probabilities determined by the adversary’s capabilities.
Under appropriate connectivity assumptions, consensus based
swarm updates remain effective, although convergence may
slow down and variance may increase. The conditional value
at risk formulation is robust to such variations because it is
based on aggregating scenario losses rather than enforcing strict
deterministic constraints [62].

Another dimension of resilience arises from the flexibility
of the deployment over time. The swarm based algorithm
naturally operates in an online fashion, making it possible to
adapt deployments as new information about the adversary or
the environment becomes available. The scenario set can be
updated with newly observed or simulated attack configurations,
and the conditional value at risk tail region can be recomputed
[63]. Agents then continue their updates from their current
states, gradually shifting the deployment toward configurations
that account for the updated risk profile. This adaptability is
particularly relevant in adversarial settings where attack patterns
evolve in response to defensive measures.

7. Numerical Evaluation and Scenario Analysis

The performance of the proposed risk sensitive swarm optimiza-
tion framework can be studied through numerical experiments
on synthetic adversarial distributed networks [64]. While the
specific results depend on the chosen parameter values and
network topology, the qualitative behavior provides insight into
how conditional value at risk and swarm dynamics interact.

A typical experimental setup involves a network with a fixed
number of nodes arranged in a grid or random geometric struc-
ture. Edges represent communication or transportation links,
and their capacities are selected to reflect plausible operating
conditions [65]. The resource deployment vector x describes



the placement of protective agents, sensors, or redundant capac-
ities at each node. The loss function is constructed as a linear
combination of unmet demand, connectivity deficits, or residual
capacity shortfalls, with coefficients chosen to balance different
aspects of performance.

Adversarial scenarios are generated by selecting subsets
of nodes or edges to disrupt according to a specified random
mechanism [66]. For instance, one can draw the number of
attacked nodes from a discrete distribution and then select that
number of nodes uniformly at random. The magnitude of
disruption at each attacked node can also vary, representing
partial degradation or complete failure. Scenario probabilities
are then derived from the sampling process. The conditional
value at risk level « is set to values such as 0.90 or 0.95, focusing
attention on the upper tail of the loss distribution [67].

The swarm based algorithm is implemented with a chosen
number of agents, initial deployment vectors, and communica-
tion graph. Agents start from randomized feasible deployments
and update their states according to the distributed subgradient
and consensus rules. Step size sequences y; and [; are chosen
to satisfy diminishing conditions that ensure convergence in
expectation while maintaining sufficient exploration in early
iterations. The risk threshold estimates 1t are initialized to
representative values and updated via stochastic approximation.

Simulation results can be summarized by tracking the evo-
lution of average loss, conditional value at risk, and resilience
metrics over the course of iterations [68]. Typically, one observes
that the average deployment vector across agents converges to
a configuration with reduced tail loss compared to baseline
strategies that minimize expected loss. The conditional value at
risk decreases over time as the swarm explores and exploits con-
figurations that hedge against severe scenarios. The difference
between conditional value at risk and expected loss, as measured
by Ax, often shrinks, indicating improved tail behavior [69].

Another dimension of analysis involves comparing deploy-
ments obtained for different risk levels. When « is low, the
optimization is closer to mean based objectives, and resources
tend to concentrate on nodes that provide high average perfor-
mance. As « increases, the deployment becomes more spread
out, with resources reallocated to nodes that contribute to reduc-
ing losses in multi node attack scenarios [70]. These qualitative
shifts can be visualized by plotting resource allocations over the
network for different risk levels.

The impact of swarm parameters can also be explored. In-
creasing the number of agents generally improves the quality
of the approximation to the conditional value at risk optimum,
particularly when scenario evaluations are noisy or when the
scenario set is large [71]. Adjusting the communication graph
affects convergence speed and robustness to communication fail-
ures. Denser communication graphs facilitate faster consensus
but may be more vulnerable to targeted attacks on central agents.
Sparser graphs reduce such vulnerabilities but may slow down
convergence [72].

Finally, the role of adversarial intensity is examined by
varying the budget of attacks per scenario or the probability of
severe disruptions. As adversarial intensity grows, the tail of
the loss distribution becomes heavier and the conditional value
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at risk at a fixed level « increases. The risk sensitive swarm
responds by shifting resources to reduce vulnerability in critical
regions of the network. In some regimes, the conditional value
at risk optimization yields deployments that significantly reduce
tail losses at the cost of moderate increases in average loss [73].
Such tradeoffs are expected in risk management and can be
calibrated by choosing appropriate risk levels and constraints.

8. Conclusion

This paper has considered the problem of resilient resource
deployment in adversarial distributed networks through the
integration of conditional value at risk and swarm based op-
timization. The modeling framework represents the network
as a graph with linear loss functions that depend on resource
allocations and adversarial scenarios [74]. Adversarial behavior
is captured via a scenario based representation with associated
probabilities, and tail events are emphasized using a conditional
value at risk objective at a chosen risk level. The resulting opti-
mization problem is expressed as a linear program with auxiliary
variables that provide a finite dimensional representation of the
loss tail.

On the algorithmic side, the paper has outlined a swarm
based framework in which multiple agents maintain candidate
deployment vectors and update them through local scenario
evaluations, subgradient approximations, and consensus mech-
anisms [75]. The distributed interpretation of the conditional
value at risk linear program leads to primal dual style updates
that can be executed using only local information and neighbor
communication. The swarm dynamics incorporate risk sensi-
tivity through subgradient estimates that emphasize scenarios
with losses above estimated thresholds. These dynamics are
designed to converge toward solutions that hedge against severe
adversarial disruptions while respecting resource and network
constraints [76].

The resilience properties of the resulting deployments have
been discussed as functions of the adversarial model and risk
level. As the adversarial budget or the emphasis on tail events
increases, the deployments adapt by spreading resources and
prioritizing nodes that contribute to mitigating worst case losses.
Metrics such as the difference between conditional value at risk
and expected loss, and the probability of exceeding critical loss
thresholds, provide quantitative measures of this behavior [77].
The distributed nature of the algorithm aligns with the structural
constraints of large scale networks and offers a pathway for
online adaptation as new scenarios and observations become
available.

The numerical considerations highlight how parameter
choices in the swarm, such as the number of agents, communi-
cation topology, and step size schedules, influence convergence
speed and robustness. While the formulation focuses on linear
loss models and convex risk measures, the general structure
suggests potential extensions to richer models, including mixed
integer formulations and alternative risk measures. Further
exploration of these directions, as well as rigorous analysis of
convergence rates and finite sample performance under realistic
adversarial dynamics, remains an area for future investigation
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