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Abstract: To address the challenges of proneness to local optima and population diversity decay in solving Continuous
Distributed Constraint Optimization Problems (C-DCOPs), this paper proposes a novel meta-heuristic algorithm inspired by the
phenomenon of spark propagation and persistence—the Fire Seed Adaptive Diffusion and Retention Algorithm (FSAD). Within
this framework, a value of an individual in the population is regarded as a fire seed. By simulating the propagation, competition,
and persistence processes of fire seeds, a four-stage coordinated distributed optimization framework is constructed. First, in the
initialization phase, initial fire seeds are generated via controlled ran- dom sampling, and temperature parameters are configured
based on problem-specific characteristics. Second, a multi-mode fire seed diffusion strategy is designed, integrating the targeted
exploitation of elite fire seeds, the extensive exploration of random fire seeds, and the escape capability of reverse fire seeds.
The core innovation lies in the introduction of a fire seed retention strategy, which adopts a simulated annealing-based
probabilistic acceptance mechanism to ensure the persistence of superior fire seeds while dynamically maintaining population
diversity. Additionally, the algorithm periodically implements a forced renewal mechanism for the worst-performing fire seeds,
regularly eliminating low-vitality solutions to enhance global escape capability. Experimental results demonstrate that the FSAD
algorithm outperforms traditional methods in terms of solution accuracy, convergence speed, and robustness, providing an
efficient and reliable solution for C-DCOPs.
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as DSA[17], MS[18],MGM[19], ACO-DCOP[20], and

1. Introduction GDBA[21]. Frameworks like ALS[22] and PDS[23], as well
Distributed Constraint Optimization Problems (DCOPs) [1] 28 L_SGA[24L have also been use-d to enhance the solution
serve as an effective framework for modeling distributed quality of local se.a.rch—based algorlthm.s. .
multi-agent systems and collaborative multi-objective However, traditional DCOPs require variables to take
optimization, holding significant research importance and Values. _from dlscrete. domalns, whlch limits their modeling
practical value. In the DCOP model, a group of agents assigns capa‘tghty for scenarios Wlt.h continuous parameters, .SUCh as
values to variables under their respective control through robotic COHFTOI and continuous  resource scheduling. To
local communication and cooperation, aiming to optimize a  address this, the Continuous Distributed = Constraint
global objective function defined by the sum of all constraint Optimization Problem (C-DCOP) was introduced by
costs [2]. Compared to centralized approaches, the distributed Stranders et al.[25], where both variables and their domains
nature of DCOPs offers advantages in fault tolerance, privacy, are continuous, and constraints are defined by general
and scalability, and has been successfully applied in various functions. Various algorithms have been PY_OPOSC.d for solving
domains, including resource allocation [3], missile route C'DCOP . Methods based on the max-sum idea, like CMS gnd
planning [4][5], meeting scheduling [6], microgrid control [7], its extension HCMS[26], are limited by function
and task scheduling[8]. representation forms or differentiability requirements.
Depending on the solving objective, DCOP algorithms can Stranders and Hoang et al. [27] propo.sed algorithms such as
be categorized into two main classes: complete algorithms exact continuous EC-DPOP, approximate continuous AC-

and incomplete algorithms. Complete algorithms, such as DPOR CAC'DPO.R and C'D.SA[ZS]; While these can yield
SyncBB[9], ADOPT[10], BnB-ADOPT[11], and DPOP[12], high-quality solutions, they incur significant overhead. C-

aim to find the globally optimal solution but often face DSA has simple.logic af{d low compu‘gational cost but suffers
challenges with exponential communication or computational from poor solution quality. PFD[29] introduced the concept
overhead. Subsequent research by Petcu et al. [13] proposed of population-based optimization to find approximate
the MB-DPOP algorithm to reduce memory consumption, solutions. However, its effectiveness is hindered by limited

Chen et al. [14] further proposed the RMB-DPOP algorithm, ~ Search capability and a tendency to fall into local optima.
and Rashik et al.[15] utilized arc-consistency techniques to Building on this, Shi et al. [30] proposed the PFD-LD
shorten DPOPs runtime. Since DCOP is an NP -Hard [16] algorithm, which guides individual updates using local best

problem, incomplete algorithms, while unable to guarantee individuals. While this accelerates convergence, it increases
global optimality, offer superior performance in terms of message-passing overhead and compromises agent privacy
communication and computational costs. Current research due to the introduction of local decision-making. The
focuses on incomplete algorithms based on local search, such Continuous  Cooperative Constraint Approximation (C-
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CoCoA) algorithm[31] can solve C-DCOP with very fast
computation speed and minimal overhead, but due to its semi-
greedy local search strategy, its solution quality in complex,
large-scale problems is inadequate. Furthermore, the
AMCGA algorithm proposed by Liao et al. [32] improves
solution quality by introducing an adaptive multi-point
crossover operator into a genetic algorithm, yet its
convergence speed remains unsatisfactory.

Based on the aforementioned research status and challenge
analysis, and to address the prevalent issues in existing C-
DCOP algorithms—such as slow convergence, susceptibility
to local optima, and difficulty in maintaining population
diversity—this paper proposes a novel Fire Seed Adaptive
Diffusion and Retention Algorithm (FSAD). The core
contributions of this study are as follows:

1). A multi-mode fire seed diffusion strategy that integrates
elite guidance, random exploration, and opposition-based
learning. This effectively balances local exploitation and
global exploration, enhancing search efficiency in continuous
spaces and the ability to escape local optima.

2). A simulated annealing-based fire seed retention
strategy that dynamically assesses new solutions and accepts
inferior ones with a decaying probability. This preserves high-
quality solutions while maintaining population diversity,
mitigating premature convergence.

3). A periodic forced renewal mechanism for the worst-
performing fire seeds. It periodically executes global restarts

(a) Constraint Graph

to eliminate low-quality solutions, ensuring sustained
exploratory capability in later search stages.

4). A complete and reproducible C-DCOP solving
framework that systematically integrates the above strategies
to address the core challenges of local optima entrapment and
diversity loss, offering a novel and adaptable algorithmic
approach for C-DCOPs.

2. Continuous Distributed Constraint
Optimization Problem

A C-DCOP can be defined as a tuple <A, X, D, F, o> where
A={ay,...,a,} : Represents a collection of intelligent
agents, where each agent may control one or more variables;
X = {xq,...,xn}: Denotes the set of continuous variables;

D ={d,,...,dy}: For a continuous range set, the
variablex; takes values from the corresponding range d;;

F = {fi,..., fq}: The set of constraint cost functions, where
the constraint function f; € F satisfiesf; : D X...X D; = R.

a: A mapping function establishes the association between
a continuous variable and an agent.

A feasible solution to an C-DCOP refers to the set of
variable assignments X* that minimizes the sum of global
constraint cost functions, and its objective function is defined
as Equation (1):

Fig. 1 Example of a C-DCOP

Fig.1 presents an instance model of a Continuous
Distributed Constraint Optimization Problem (C-DCOP).
Specifically, Fig. 1(a) shows a 4-variable constraint graph,
where each edge corresponds to a constraint cost function,
and the specific forms of these functions are illustrated in Fig.
1(b). All variables in this instance have a value range of [-20,
20]. The objective is to minimize the sum of all constraint cost
functions, thus requiring each variable to take an appropriate
value to achieve the minimal global cost.

3. The Fire Seed Adaptive Diffusion
and Retention Algorithm

3.1. Overview of the Algorithm Flow

To address the challenge of balancing exploration and
exploitation in C-DCOP solving, this paper proposes the Fire
Seed Adaptive Diffusion and Retention Algorithm (FSAD).
Inspired by the natural phenomena of spark propagation and
persistence, FSAD establishes an iterative optimization
framework that integrates multi-mode diffusion, probabilistic
retention, and periodic restarting—designed to synergistically
boost global search capability and local refinement efficiency.
The algorithm follows an iterative paradigm of “Initialization
— Diffusion — Retention — Update,” whose overall flow is
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X* = argmin Zfi].fi]-(xi =d,x;=d;) (1)
diEDi,djEDj
Vxi € X:Di = [-20,20]
f(x1, %) = 3x% + 4x1x, — x5
f(x1,x4) = cosxy — x4 + X5
f(x2,x3) = —2x,x3 + 5x5
f (X2, %4) = 2324 + 3x3
(b)Cost Functions
illustrated in Fig.2.
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Fig.2 Algorithm Flowchart



3.2. Key Steps of the Algorithm

Algorithm: FSAD

Input: Population size P, maximum iterationst max ,
initial temperature T0

Output: Optimal fire seed Xbest

1.Initialization

2.Initialize population {Xi}}_; randomly

3.Evaluate fitness, sort, set Xbest « argmin f (X)

4t < 0,p< 0T «<TO

5.Main Loop

6.While t < t max

7.p < t/t max

8. Calculate the adaptive perturbation interval and
perturbation intensity;

9.Dynamically adjust the current temperature T
according to the iteration process;

11.  For each ordinary fire seedXold in the population
do

12. Record the current position and corresponding
fitness of Xold,

13. Perform multi-mode diffusion operation to
generate a new fire seed Xnew;

14. Calculate the fitness of Xnew;

15. Determine whether to retain Xnew based on
the simulated annealing criterion

16. (retain the optimal solution directly, accept
the suboptimal solution with a certain probability);

17. End For

18. If the current iteration reaches the adaptive
perturbation interval then

19. Reset the individual with the worst fitness in
the population to a randomly generated new solution;

P: Population size

tmax : Maximum number of iterations
TO: Initial temperature

Xbest: Optimal fire seed

t0: Iteration counter

pO0: Progress parameter

X old: Ordinary fire seed

X new: New fire seed

3.2.1. Initialization

The FSAD algorithm begins by randomly generating an
initial population of size P within the given solution space,
where each individual constitutes a potential solution.
Subsequently, all initial fire seeds are evaluated using a fitness
function to compute their global fitness value, as defined in
Equation (2).

P; - fitness = Yr.er fi(Py, P,) (2)

The optimal fire seed is identified based on fitness ranking,
corresponding to the best individual Xbest that ranks first.
Concurrently, the temperature parameter T0 for the simulated
annealing mechanism is initialized, calculated according to
the following Equation (3):

— (dy—dp)x10 (3)
1+In(1+t0)

Here, t0 represents the current iteration count and is
initialized to 0. Utilizing the properties of the logarithmic
function, this formulation maintains the initial temperature at
a level approximately ten times the span of the solution space.
This ensures a high probability of accepting suboptimal
solutions during the early iterations, thereby creating
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favorable conditions for maintaining population diversity.
Additionally, the iteration progress parameter is initialized
according to Equation (4), with pOstarting at a value of 0. This
establishes a baseline for the dynamic adjustments of
subsequent adaptive strategies.

to
pO = tmax (4)
Through these steps, the initialization phase constructs an
initial set containing both optimal and ordinary fire seeds. It
also configures temperature and progress parameters tailored
to the algorithms requirements for exploration and
exploitation. This establishes a stable and promising starting

point for the subsequent multi-mode diffusion phase.

3.2.2. Random Fire Seed Diffusion

The random fire seed diffusion strategy is designed to
preserve global exploratory breadth and is triggered
independently with probabilitypr. For a selected ordinary fire
seed, a new solution is generated randomly within the solution
space according to Equation (5).

Xnew =dl+U(0,1) X (du — dl) (5)

This strategy does not rely on existing solution information.
By periodically injecting entirely new solutions, it effectively
prevents the algorithm from becoming trapped in local optima
and significantly expands the search range throughout the
iterative process.

3.2.3. Optimal Fire Seed Diffusion

The optimal fire seed diffusion strategy focuses on
enhancing local exploitation. Its activation probability
increases dynamically with iteration progress. Guided by the
optimal fire seed, this strategy generates new solutions via
Gaussian perturbation, as defined in Equation (6):

Xnew = Xbest + N(0,1) X o 6)

Here,N(0,1) follows a standard normal distribution. The
perturbation intensity o decreases as the progress
parameter p0 increases, scaling down from 0.5 to 0.05 times
the solution space span. This achieves a smooth transition
from "broad exploration around the elite" to "refined local
optimization," ensuring deep exploitation of promising
regions while preventing the loss of diversity caused by
excessive concentration.

3.2.4. Reverse Fire Seed Diffusion

The reverse fire seed diffusion strategy leverages the
symmetry of the solution space to expand search dimensions.
A new solution is generated based on the symmetrical point
of the current solution, as defined in Equation (7):

Xnew =(dl + du — Xold) + N(0,1) x ¢ (7)

Here, dl + du — Xold is the symmetrical point
of Xold about the center of the solution space. The
coefficient o is set to induce a weaker perturbation magnitude
compared to the optimal fire seed diffusion strategy. This
preserves the exploratory value of symmetrical points while
preventing excessive deviation from the current search
direction. By probing spatial regions complementary to
existing solutions, this strategy effectively enhances
population diversity. It is particularly capable of providing
new search directions when the algorithm converges to local
optima.
3.2.5. Fire Seed Retention Mechanism

The fire seed retention mechanism is a probabilistic
acceptance strategy based on simulated annealing. It serves as
a critical component of the FSAD algorithm for filtering high-
quality solutions while maintaining population diversity. Its
core function is to selectively retain new fire seeds generated




in the multi-mode diffusion phase using the simulated
annealing acceptance criterion. This ensures the stable
propagation of superior solutions while allowing potentially
promising, yet suboptimal, solutions to survive.

Specifically, the mechanism involves a two-step decision
logic. First, the newly generated fire seed is evaluated for
fitness, and its fitness difference from the original
seed Xold is calculated using Equation (8):

Af = f(Xnew) — f(Xold) (8)

A preliminary screening is then performed based onAf.
If Af <0, indicating the new fire seed is superior, it is directly
accepted as Xnew .For suboptimal solutions that fail this
initial screening , the mechanism applies a probabilistic
acceptance strategy from simulated annealing. The
acceptance probability is calculated using Equation (9).

P(accept) = exp(=|Af|/T0) (9)

Here, |Af | represents the absolute value of the fitness
difference, and TO is the current temperature. The core
principle of this formula is that the probability of accepting a
suboptimal solution increases when its fitness loss is smaller
(i.e., |Af | is smaller) or when the current temperature T0 is
higher.

Coupled with the characteristic that T0 decreases as the
iteration count t0 increases—maintaining a relatively high
value initially when t0 is small and then gradually decaying
through the logarithmic function—this mechanism
dynamically regulates the acceptance of suboptimal solutions.
In the early iterations, the higher temperature allows more
suboptimal solutions to be retained, which helps maintain
population diversity and encourages exploration of a broader
solution space. As iterations progress and the temperature
decreases, the acceptance probability contracts, permitting

only suboptimal solutions with minor fitness losses to survive.

This progressively guides the algorithm toward refined
convergence near local optima.

3.2.6. Fire Seed Restart Strategy

The dynamic update of fire seeds is a core regulatory
mechanism in the FSAD algorithm, designed to maintain
population vitality and prevent search stagnation. It operates
by periodically resetting the worst-performing fire seed in the
population, thereby eliminating persistently poor solutions
and injecting new exploratory potential.

The update is triggered at dynamic intervals. The interval
length increases linearly from 5 to 50 generations as the
algorithm progresses from initial exploration to final
refinement. This design balances competing needs: shorter
intervals in early phases quickly purge inferior solutions to
accelerate evolution, while longer intervals in later phases
minimize disruption to convergence around promising
regions.

Upon triggering, the worst fire seed is replaced by a
completely new, randomly generated solution within the
global search space. This targeted reset prevents resource
wastage on poor solutions and introduces novel information
from unexplored areas. Compared to the general random
diffusion strategy, this mechanism is more precise, forcibly
renewing only the proven weakest individual to enhance
diversity with minimal impact on the overall population
structure.

4. Complexity Analysis of the
Algorithm

The time complexity of the FSAD algorithm is analyzed as
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follows. Let K be the population size and 7 the maximum
number of iterations.

Initialization Phase: This involves generating the initial
population (O(K)), evaluating all individual fitness values
(O(K)), and sorting them to identify the optimal fire seed
(O log K)). The overall complexity for this phase is
therefore O(K log K).

Iteration Phase: Each iteration consists of several core
operations: updating parameters (O(1)), executing multi-
mode diffusion for *K-1* fire seeds (O(K)), performing fire
seed retention checks (O(K)), updating the worst fire seed
(O(1)), and finally re-evaluating and sorting the population
(O(K log K)). The dominant cost per iteration is O(K log K).

Thus, for T iterations, the total time complexity is O(T - K
log K). The initialization cost is comparatively negligible,
leading to a final overall complexity of O(T * K log K).

5. Experimental Results and Analysis
5.1. Benchmark Problems

Random Graphs: In the experiments, the number of
agents varied from 50 to 100 in increments of 10 to generate
test networks of different scales. Edge densities of p=0.1 and
p = 0.6 were used to represent low-density and high-density
problems, respectively.

Scale-free Networks: Network topologies with power-law
characteristics were generated based on the Barabasi-Albert
(BA) model. The process began with a connected graph of 10
agents as the initial structure. In each subsequent step, a new
agent was added and connected to the 7 existing agents with
the highest degrees. The connection probability for the new
agent was proportional to the degree of existing nodes,
forming a scale-free network through this preferential
attachment mechanism. The number of agents was similarly
configured in the range of 50 to 100 with an increment of 10.

Random Trees: Agent counts were set from 50 to 100 in
steps of 10, constructing tree-structured networks of various
sizes to evaluate the algorithms performance under tree
topologies.

Small-world Networks: The construction started with a
ring network where each node was connected to its J nearest
neighbors (J=6 in this experiment). Edges were then
randomly rewired with a probability P=0.5, strictly avoiding
duplicate edges and self-loops during the process. The
number of agents ranged from 50 to 100 with an increment of
10 to investigate the algorithms effectiveness in small -world
network environments.

5.2. Comparative Experiments of Algorithms

The experiments focus on Distributed Constraint
Optimization Problems (DCOPs). The proposed FSAD
algorithm is evaluated against four comparative algorithms:
PFD-LD, PFD, AMCGA, and C-CoCoA. Performance is
assessed from three perspectives: convergence speed, final
solution quality, and algorithm stability, by analyzing the
evolution of fitness values over iterations.

To account for the inherent randomness of incomplete
search algorithms, rigorous statistical measures are adopted.
For each benchmark problem class, 50 random instances are
generated. Each instance is independently executed 30 times,
with average results reported to ensure generalizability and
robustness. The experimental outcomes are summarized as
follows:
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Fig. 3 Convergence curves of FSAD and comparative algorithms
Fig.3 demonstrates FSAD superior convergence strong robustness. In contrast, the other algorithms exhibit

performance, achieving stable solutions within 50-100
iterations—significantly faster than the 100-200 iterations
required by the other algorithms. It exhibits the most rapid
initial fitness decrease, promptly escaping poor solution
regions.In terms of final solution quality, FSAD attains the
lowest fitness values across all tests, outperforming all other
algorithms. PFD-LD and PFD form the second-best tier,
while AMCGA and C-CoCoA vyield the highest and thus
poorest fitness values.Regarding stability, FSAD maintains
minimal fitness fluctuation after convergence, indicating
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minor but noticeable variations.

In summary, FSAD excels in convergence speed, solution
quality, and stability, validating its effectiveness for solving
distributed constraint optimization problems (DCOPs).

To quantitatively validate the aforementioned performance
advantages of FSAD, Table 1 reports the relative
improvement percentages of FSAD over the comparative
algorithms across five typical benchmark problems for
DCOPs.



Table 1. Improvements of FSAD over comparative algorithms on benchmark problems

Benchmark Problems PFD-LD PFD AMCGA C-CoCoA
Sparse Random Graph 12.01% 44.90% 4.01% 28.66%
Dense Random Graph 14.69% 46.97% 6.51% 49.16%
Scale-Free Network 17.67% 45.19% 6.66% 32.50%
Random Tree 4.54% 29.72% 2.23% 5.90%
Small-World Network 11.45% 41.12% 5.64% 29.44%
6. Conclusion References

This study proposes the Fire Seed Adaptive Diffusion and
Retention Algorithm (FSAD). The algorithm effectively
coordinates global exploration and local exploitation by
integrating an optimal fire seed guidance mechanism, a multi-
mode adaptive diffusion strategy, a simulated annealing
retention mechanism, and a periodic dynamic update
mechanism. Experimental results demonstrate that FSAD
consistently achieves high-quality solutions and exhibits
superior convergence performance across diverse test
problems. Its adaptive strategy design offers a novel approach
for solving complex continuous distributed constraint
optimization problems. Future work may extend the

algorithms application to multi-objective optimization
problems or incorporate hybrid strategies with other
intelligent optimization algorithms to enhance its
performance in  high-dimensional, highly-constrained
scenarios.
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