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Abstract— This study proposes and evaluates a novel hybrid
optimization framework that integrates stochastic Random Draw
sampling with Evolutionary Algorithms (EA) to address the multi-
objective challenges of Unspent Transaction Output (UTXO)
selection. In digital asset management, selecting an optimal subset
of coins from fragmented wallet pools requires balancing
transaction privacy, economic efficiency, and computational
throughput-a task complicated by a combinatorial search space
exceeding 10”41 possibilities. The proposed methodology utilizes
arandom-draw seeding mechanism to bypass initial combinatorial
complexity, followed by iterative evolutionary refinement. Results
demonstrate that this hybrid approach achieves a 97% success
rate and a convergence speed 43% faster than standard
optimization techniques, reaching optimal solutions in an average
of 14 ms. Furthermore, the inclusion of mutation and crossover
operators ensures high UTXO diversity, significantly enhancing
privacy by mitigating identifiable transaction patterns common in
deterministic heuristics. This research concludes that the hybrid
model provides a robust, scalable solution for real-time wallet
infrastructures, effectively reconciling the trade-offs between
long-term wallet health and immediate transaction requirements.

Keywords-UTXO Selection, Hybrid Optimization, Evolutionary
Algorithms, Blockchain Privacy, Combinatorial Complexity,
Digital Asset Management.

L INTRODUCTION

Blockchain technology, rapidly advancing since Bitcoin's
introduction, has become widely adopted. In cryptocurrency
transactions, unspent transaction outputs (UTXOs) are created
and must be efficiently managed. Coin selection, the process of
choosing UTXOs for transactions, involves balancing
conflicting goals such as minimizing block size and reducing
transaction fees by limiting the number of inputs.

Coin selection in cryptocurrency wallets, which involves
choosing UTXOs to fulfill transaction requirements, is a
practical instance of the NP-complete subset sum problem [1].
This process presents a multi-objective optimization challenge,
balancing user privacy, transaction fees, and blockchain
maintenance overhead, with potentially conflicting individual
and community goals [2]. Wallet software developers typically
determine coin selection strategies, focusing on minimizing
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blockchain data growth and maintenance costs. Miners, in turn,
prioritize transactions based on fees, which can delay or exclude
lower-value payments. Optimal coin selection seeks to balance
transaction costs and user anonymity while covering the
expenses of blockchain provisioning, proof-of-work, and record
storage through fees [3]. Studies analyzing UTXO datasets
across multiple cryptocurrencies highlight the importance of
structured coin selection methods for effective UTXO
management [4]. Additionally, various coin selection strategies
exist, with Bitcoin wallets employing multiple algorithms to
serve millions of users. For example, the Low Value approach
(LVF), or smallest to largest method, often results in higher
transaction fees [5]. Various coin selection strategies are
employed across cryptocurrency wallets to optimize transaction
efficiency and UTXO management. BreadWallet uses a FIFO
approach, prioritizing the oldest UTXOs, while the Pruned
Oldest First method further refines this by excluding the smallest
UTXOs to meet transaction values [6]. Other strategies include
Monero’s random selection and the highest priority first method.
Bitcoin focuses on exact matching, selecting UTXOs that
closely align with the transaction amount [7]. Hybrid
approaches, such as those in [8], combine greedy and
evolutionary algorithms to minimize dust and match target
values, though they may not reduce the overall UTXO set.
Reference [9] introduces a leveraged coin selection method to
optimize the knapsack strategy and lower transaction fees,
which can result in dust creation. A mathematical optimization
model for UTXO selection and transaction size minimization is
presented in [10]. Additionally, MACS, proposed by Ramezan
et al. [11], considers transaction fees, size, UTXO pool size, and
privacy to enhance coin selection in UTXO-based blockchains.
Several business management approaches are discussed in [12,
13], highlighting the importance of compromise solutions that
align with decision-makers' preferences [14-16]. While
optimization-based coin selection is essential for reducing
transaction fees and improving data storage, most existing
algorithms fail to simultaneously minimize costs and control
UTXO dataset growth.

The article is structured as outlined below. The second
section provides basic definitions in the calculus of UTXOs
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formulation. The UTXO selection method is briefly described in
the third section. In the fourth section, UTXOs are numerically
structured, commencing from a pool of 99,999 UTXOs. In the
fifth section, the proposed concepts have been validated by
simulations, demonstrating exceptional enhanced algorithmic
convergence and operational efficiency.

II.  THE UTXO'S PROBLEM FORMULATION

A. The Coin Changing Problem as a Mathematical Model

The Coin Change Problem includes expressing the requested
amount using the minimum number of coins from a given list of
coins. An unlimited number of coins in each category is
available.

Formally, given a finite system C;<C,<C_, =N of positive
integers (the coins) and a positive integer X, we wish to
determine nonnegative integer coefficient X;, 1<i<m,soasto
minimize

m

in

i=1

(1)

Subject to

)

xzz X;C;

i=1
The sequence of coefficients Xj,...,X,, is called a

representation of X. A representation is optimal if it is of

minimum size. If X;> 0, then we say that coin C; is used in the
representation.

B.  The Optimal Bounds

Based on [18] we define optimal bounds for coin change
problem.

Let 1=c¢;<...<c,, be any system of coins. For all X and
coins C;<X, M (x)<M(x-¢;]+ 1 with equality holding if
and only if there exists an optimal representation of X that uses

the coin C;. Let be one function M with lower and upper bound.

The UTXOs pool U, , U, ... U, (n 2 2) with random values
are considered. Let a set of n € N UXTOs be given. For any i €
N, each UXTOs € N has certain characteristics, describing its

future payoff: Each UXTOs has an value u:, the size uf, and

the confirmation uf. Let U" is the sum of random values in the

n
v_ v s
UTXO pool, so that U= ; Ui and U is the sum of size of

n

S __ N
the any UTXO, so that U _; Ui Additionally, we define

10

U“ as the sum of the UTXO confirmation in the set U, that
n
a__ a
U= Z u;
i=1

III.

In this section, we briefly build on the approach described in
[19] by proposing a coin selection strategy that combines the
basic Random Draw algorithm with a sophisticated
Evolutionary algorithm. The Random Draw method selects
UTXOs uniformly at random, which not only simplifies
implementation but also enhances user privacy, as the chosen
UTXOs are not influenced by their value. This stochastic
selection increases output variability and further contributes to
privacy.

A UTXOSs SELECTION APPROACH

We developed the UTXOs optimization model, as follows:

Let T = [T}, ....., T}] be an array requests of payment.
Futhermore, Outputs = [oy, ....,om] € T, where for any j € [m],

O;} signifies the cost of o; and O; is the size of o0, An altered
output ¢ has cost of ¢"and size ¢’. There is a change output ¢ with
cost ¢’ and size ¢’. A transaction is defined with three variable
(S“¢, O, ¢). Additionally, D>0 is the dust.

For any I & [n], the binary variable x; equals 1 if u; is
selected as input and O otherwise. The transaction charge will
be determinated by a fixed free rate a >0, the size, and € is the
minimum changing of coins to prevent the generation of an
exceedingly smallest output. We denote as effective cost, i.e.,
the contribution of a UTXO towards the target, for the current
payment request.

min y 3)
Subject to constraints:

y<M @)
n m (5)

2 ux=2, 0j+ay+c’

i=1 j=1

x;€(0,1)foralli €[n] (6)
(M

n m
_ s s s
y=X uix 3 opre
i=1 j=1

The main goal is to reduce the overall UTXO set. However,
since transaction fees are not directly minimized, the random
process may result in selecting UTXOs whose combined value
surpasses the transaction requirement. As a secondary objective,
we aim to lower transaction fees below a specified threshold,
thereby shrinking the search space and reducing computational
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effort. This methodology specifically integrates the Random
Draw algorithm with an evolutionary optimization technique to
improve UTXO management and address both privacy and
efficiency concerns [20-21].

The DEPS (Differential Evolution and Particle Swarm)
evolutionary algorithm is an innovative approach that combines
two powerful optimization techniques to enhance the search for
optimal solutions in complex problem spaces. When utilizing
random draw methods with the evolutionary solver in
LibreOffice Calc, several aspects can be explored to optimize
performance and improve results. Here is a detailed look at
random draw methods in this context:

A.  Random Draw Methods in DEPS
1) Random Activation of Algorithms:

In the DEPS algorithm, the activation of either Differential
Evolution (DE) or Particle Swarm Optimization (PSO) occurs
randomly based on a predetermined probability. This allows the
algorithm to switch dynamically between the two methods,
leveraging their strengths depending on the problem landscape.

2)

Random Initialization: The initial population of potential
solutions can be generated randomly within the defined search
space. This randomness ensures a diverse set of starting points,
which is crucial for avoiding local optima.

Population Initialization:

Uniform Distribution: Using a uniform distribution for
initializing population members can help cover the search space
more evenly.

3) Selection Process:

Random Selection: When selecting individuals for
reproduction or improvement in the population, a random
selection process can be employed. This randomness encourages
diversity in the population and allows for exploration of different
areas of the solution space.

Tournament Selection: A random subset of individuals can
be chosen to compete, with the best being selected for the next
generation.

4) Mutation and Crossover:

Random Mutation: DE typically involves mutation
strategies where differences between population members are
used to create new candidate solutions. Introducing randomness
in the mutation parameters can lead to more exploration of the
solution space.

Crossover Probability: A random crossover probability can
be set, determining how often parents exchange genetic
information. This randomness helps maintain genetic diversity
and adaptively explores the solution landscape.

5) Adaptive Parameters:

Parameters such as the scaling factor in DE or the inertia weight
in PSO can also be adjusted randomly within specified bounds.
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This adaptability can help the algorithm escape local optima and
explore the solution space more effectively.

6) Stochastic Elements in Fitness Evaluation:

If the fitness function itself has stochastic components (e.g.,
it involves random simulations), this randomness can influence
the evolution process. The algorithm can adaptively adjust to
these stochastic evaluations, enhancing robustness.

7) Termination Criteria:

Randomly determining the number of generations or the
fitness threshold for termination can add variability to the search
process. This prevents premature convergence and encourages
extensive exploration.

8) Implementing in LibreOffice Calc

When implementing these random draw methods in
LibreOffice Calc, consider the following steps:

a)

Define the parameters for DE and PSO, including population
size, mutation rate, crossover rate, and activation probability for
the algorithms.

b) Use LibreOffice Functions:

Utilize built-in functions in LibreOffice Calc (such as
RAND(), RANDBETWEEN(), and others) to generate random
values for initialization, selection, and mutation processes.

©)

Consider writing macros to automate the random selection
and activation processes. This can streamline the execution of
the DEPS algorithm and enhance efficiency.

d)

After running the algorithm, analyze the results using Calc’s
statistical functions to gauge performance across multiple runs.
This helps in understanding the variability and robustness of the
solutions found.

Setup Parameters:

Macros for Automation:

Data Analysis:

By incorporating random draw methods within the DEPS
evolutionary algorithm in LibreOffice Calc, we can enhance the
search efficiency and solution quality. The combination of
randomness in activation, selection, mutation, and termination
criteria allows for a more dynamic and robust optimization
process. This approach not only leverages the strengths of both
Differential Evolution and Particle Swarm Optimization but also
adapts to the complexities of the problem being solved.

B.  Coin Choices by Random Draw and Evolutionary
algorithm

In decision-making scenarios, particularly those involving
uncertainty or multiple criteria, the combination of random draw
methods and evolutionary algorithms can provide robust
solutions. This paper explores how these techniques can be
applied to optimize coin choices, where the goal is to select the
best combination of coins based on predefined criteria (Fig. 1).
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Figure 1. The Flow chart of complete procedure

1) Conceptual Framework of Coin Selection Problem

The coin selection problem involves choosing a set of coins
from a larger pool to maximize a certain objective, such as value,
diversity, or investment return. Each coin can represent a distinct
option with its own attributes, such as:

a) Value: The monetary worth of the coin.

b) Rarity: The scarcity or uniqueness of the coin.

¢) Historical Significance: The importance of the coin in
historical contexts.

d) Market Trends: Current market demand and future
potential.

2) Random Draw Methods

Random draw methods introduce a stochastic element into
the selection process, allowing for a diverse exploration of
possibilities. These methods can include:

a) Random Sampling: Selecting coins randomly from
the pool. This approach ensures that all coins have an
equal chance of being included in the selection
process.

b) Weighted Random Selection: Each coin is assigned a
weight based on its attributes (e.g., value, rarity). Coins
with higher weights have a greater likelihood of being
selected, allowing for a more strategic approach.

3) Evolutionary Algorithm

An evolutionary algorithm (EA) mimics natural selection
processes to iteratively improve solutions. The key components
of an EA include:

a) Population: A group of potential solutions (coin
selections).

b) Fitness Function: A quantitative measure to evaluate
how well each selection meets the desired objectives
(e.g., total value, diversity).

¢) Selection: Choosing the best-performing solutions for
reproduction.

d) Crossover: Combining attributes of selected solutions
to create new candidate solutions.

e) Mutation: Introducing random changes to solutions to
maintain diversity and explore new areas of the
solution space.

4) Methodology
Step 1: Initialization

Define the Coin Pool: Create a dataset of available
coins, each with attributes such as value, rarity, and historical
significance.

Initialize Population: Generate an initial population of
coin selections using random sampling. Each selection
should be a unique combination of coins from the pool.

Step 2: Fitness Evaluation

Develop a fitness function to evaluate each population
member. The function may consider factors such as:

a) Total value of selected coins.

b) Diversity of the coin selection (e.g., representation of
different types).

¢) Historical significance weighted by market trends.
Step 3: Selection Process

Utilize selection techniques to choose the best-performing
coin selections for reproduction. Common methods include:

a) Tournament Selection: Randomly select a subset of
the population and choose the best-performing
individual.

b) Roulette Wheel Selection: Individuals are selected
based on their fitness proportionate to the total fitness
of the population.

Step 4: Crossover and Mutation

1.  Crossover: Combine two parent selections to produce
offspring. This can be done by mixing coins from both parents,
ensuring that the offspring inherit desirable traits from both.

2. Mutation: Introduce random changes to the offspring
by adding or removing coins from the selection. This helps
maintain diversity and allows exploration of new solutions.

Step 5: Iteration

Repeat the fitness evaluation, selection, crossover, and
mutation processes for a predetermined number of generations
or until convergence criteria are met (e.g., no significant
improvement in fitness over several generations).

The integration of random draw methods and evolutionary
algorithms presents a powerful approach to solving coin
selection problems. By leveraging randomness and evolutionary
principles, decision-makers can explore a diverse set of solutions
and optimize their choices based on multiple criteria. Future
research could focus on refining fitness functions and exploring
hybrid approaches that combine these methods with other
optimization techniques.

IV. A NUMERICAL SELECTION OF UTXOS

This hybrid approach is demonstrated with a collection of
99,999 coins, focusing on a scenario in which a wallet or
protocol must choose a subset of UTXOs for a transaction (or a
privacy-enhancing "anonymity set") while maximising variety.

A. The Scenario
1) Total UTXO Pool (N): 99,999 coins.

2) Selection Target (k): 10 coins.
3) Optimization Goals:

a) Diversity: Avoid picking coins with similar
values (e.g., all 1.0 BTC) or similar ages.
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b) Privacy: Minimize the linkability to the
sender's known history.

Phase 1: The Random Draw (Baseline)

The system performs a simple "Monte Carlo" style draw to
create an initial population.

a) Process: The algorithm picks 10 coins at random from
the 99,999 pool.

b) Example Draw (Initial Candidate):

Coin IDs: [402, 12883, 45091, 22, 98001, 156, 772, 88321,
10, 505]

¢) Result: This is fast (O(k) complexity) but might
accidentally pick three coins from the same time period
or cluster, which is bad for privacy.

Phase 2: The Evolutionary Algorithm (Refinement)

We take several of these random draws ( a population of 50
different sets of 10 coins) and evolve them.

A. Fitness Scoring

Each set is graded. A high score (F) is given if the coins have
varied "birthdays" (block heights) and varied amounts.

B. The Evolutionary Steps

Selection: We look at our 50 sets. Set A has high diversity
(Score: 95); Set B is clumped (Score: 40). We keep Set A.

Crossover (Mating): We take Set A and another high-
scoring Set C. We swap some coins between them.

Set A: {Coin 10, Coin 50, Coin 90...}
Set C: {Coin 5, Coin 55, Coin 95...}
New "Offspring”: {Coin 10, Coin 55, Coin 90...}

Mutation: To prevent the algorithm from getting "stuck,"
we randomly swap one coin in a set for a brand-new coin from
the remaining 99,989 pool.

After 100 generations of evolution, here is how the selection
compares:

TABLE L Numerical Comparison
Feature Simple Evolutionary
Random Draw Algorithm (EA)
Lomet .1 Iterativel
Search Space times 10741 " Y "
. narrowed for "fitness
combinations
R 65/100 (Luck of] 98/100
IWEH G 00 the draw) (Optimized)
. . Moderate (High Low (Patterns
AV LIELS chance of patterns) |actively "evolved" out)
. Moderate (requires
Computation Near zero a few ms of CPU)

With 99,999 coins, a human or simple script cannot possibly
find the "most diverse" combination of 10. The Random Draw
provides the raw material (unbiased sampling), while the
Evolutionary Algorithm acts like a filter, breeding out the
combinations that are too similar and ensuring the final 10 coins
are as computationally distinct and private as possible.

To visualize how this hybrid approach works across a
massive pool of 99,999 coins, it helps to see the transition from
a disorganized "cloud" of data to a refined, optimized selection.

B. The UTXO Optimization Workflow
The process can be broken down into three visual stages:

1) Initial Population (The Random Draw):

Imagine a scatter plot representing all 99,999 coins. The x-
axis is the Value and the y-axis is the Age (Block Height). A
simple random draw picks 10 dots scattered haphazardly across
the field. Some might be too close together, creating a "cluster"
that is bad for privacy.

2) The Iterative Cycle (Crossover and Mutation):

The algorithm takes the best-performing groups of 10 and
"breeds" them. Visually, this looks like selecting the most
spread-out clusters and swapping their members to see if the
spread (diversity) increases.

Mutation: Occasionally, the algorithm swaps a coin for one
of the other 99,989 available coins to see if it improves the
"score."

After several generations, the final 10 coins are no longer
just random; they are mathematically "pushed" toward the
corners and edges of the data space to ensure maximum
diversity.

TABLE 1L The Converged Solution
Ave Success
Algorithm  |Iterations to Ri‘\?ag]fz/lCt %";z“(t::l’sl;
Convergence Optimal)
Random N/A
Draw (Single Pass) Low <Ims
Evolutionary .
Algorithm 115 (8901/{;gh 26 ms
(EA) 0
Combined Very
(Random 65 . . 14ms
Draw + EA) High (97%)

The Table II show the key observations from the Data:

Random Draw (Baseline): While the execution time is
nearly instantaneous (<1 ms), the "Success Rate" is low because
it lacks a mechanism to navigate the massive search space of
10741 combinations to find the most diverse set.
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Evolutionary Algorithm (EA): This method is highly
effective but takes more time (26 ms) because it may start with
a "poor" initial population that requires many generations of
crossover and mutation to reach a peak.

Combined Approach: By using a Random Draw to "seed"
the initial population, the algorithm starts at a better point in the
search space. This cuts the required iterations significantly (from
115 down to 65) and nearly doubles the execution speed
compared to a standard EA, while achieving the highest success
rate in finding the global optimum for privacy and diversity.

Convergence Comparison: Random Draw vs. Evolutionary Algorithm (Target 99,999)
Random Draw [Single-Pass)
Evolutionary Algorithm (EA)
Combined Approach (intial Random + EA)

Objective Value (Total Coin Count)

40 &0 B0
Reration / Computation Time

Figure 2. The Convergence Comparison, Target 99,999.

Figure 2 shows a comparative analysis of the convergence
rates between three distinct optimization strategies: a Random
Draw (Single-Pass) baseline, a standard Evolutionary
Algorithm (EA), and a Combined Approach (Initial Random
+ EA). The objective value-representing the total coin count
relative to a target of 99,999-is plotted on a logarithmic scale
against the number of iterations or computation time. The Key
observations from the data include:

Baseline Performance: The Random Draw (Single-Pass)
approach, indicated by the dashed grey line, exhibits negligible
improvement over time, maintaining a high objective value near
1074. This suggests that random sampling alone is insufficient
for reaching the target value within the given computational
budget.

Evolutionary Efficiency: The Evolutionary Algorithm
(EA) (solid pink line) demonstrates immediate and consistent
convergence. It starts at a significantly lower objective value
than the random baseline and follows a steady decay curve,
eventually plateauing as it approaches the optimal solution.

Hybrid Dynamics: The Combined Approach (grey/pink
gradient line) begins at the same high objective value as the
random draw. However, it exhibits a rapid, steep decline within
the first 15 iterations. This indicates a high "acceleration phase"
where the EA quickly optimizes the initial random state.
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Convergence Path: After approximately 20 iterations, the
Combined Approach merges with the standard EA trajectory.
Both iterative methods eventually converge toward an objective

value of approximately 5 times 1072, significantly
outperforming the single-pass random method.
TABLEIIL.  The Selection Logic Overview
Phase Visual Representation Outcome
Input A dense cloud of Raw data
P 99,999 data points. access.
50 different "nets" Unbiased

Random Draw

thrown over the cloud. starting points.

Nets moving and Optimized
Evolution reshaping to cover more privacy and
area. diversity.
A single "net" of 10 .
Final Result coins with maximum Ul (N5

distance between points. s lproieas:

Table 3 presents the four primary phases of the proposed data
selection and optimization framework, detailing the visual
metaphors used to represent the underlying algorithmic logic
and the resulting outcomes.

Initial Data Ingestion: The process begins in the Input
phase, where the algorithm accesses a raw dataset consisting of
99,999 distinct data points. This represents the high-dimensional
search space prior to any filtering or selection.

Stochastic Initialization: During the Random Draw phase,
50 "nets" (subsets or candidate solutions) are cast over the data
cloud. This step is critical for ensuring unbiased starting
points, which prevents the optimization from becoming trapped
in a local minimum early in the process.

Iterative Optimization: The Evolution phase involves the
dynamic reshaping and relocation of these candidate solutions.
This stage represents the core Evolutionary Algorithm (EA)
process, where the "nets" adapt to maximize the dual objectives
of privacy and diversity.

Final Solution Selection: In the Final Result phase, the
algorithm converges on a single optimal "net" containing 10
coins. These points are selected based on a maximum distance
heuristic, ensuring a high-quality, diverse selection. The process
concludes with the formal broadcasting of the transaction.

Key Theoretical Context

This table effectively maps the conceptual "Net" metaphor
to the technical operations shown in Figure 2. While Figure 2
illustrates the computational efficiency of the convergence,
Table 3 defines the procedural logic that drives that
convergence from raw data to a broadcastable state.
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TABLEIV.  Comparative  Analysis of  Selection
Methodologies
Selection Primary Success
L E0 T LG Mechanism | Advantage Rate
Stochastic Minimal 29
Random Draw . (Lack of
Sampling Latency o
optimization)
Evolutionary Iterative G.l o3l Labin
Optima (Resource
(EA) Refinement - ) .
Discovery | intensive)
Hybrid Seeded Iili’geﬁd "1 Highest
R S
Approach Optimization Diversity 97%)

Table 4 presents a comparative evaluation of the three
methodologies utilized in this study-Random Draw,
Evolutionary (EA), and the Hybrid Approach-benchmarking
them across selection mechanisms, operational advantages, and
overall success rates.

Random Draw: This method utilizes a Stochastic
Sampling mechanism. While it offers Minimal Latency due to
the lack of complex processing, its success rate is categorized
as Low. This underscores the limitations of purely random
selection when tasked with navigating a complex data cloud
without optimization.

Evolutionary (EA): Operating through Iterative
Refinement, this method is designed for Global Optima
Discovery. While it achieves a High success rate, the table notes
it is Resource intensive, reflecting the computational cost of the
multiple generations required to reach convergence (as seen in
Figure 2).

Hybrid Approach: By employing a Seeded Optimization
strategy-using random points to initialize the evolutionary
process-this method combines the strengths of both prior
models. It achieves an optimal balance of Speed and High
Diversity, resulting in the Highest success rate (97%).

Analysis of the Methodology

The data in Table 4 suggests that the Hybrid Approach
effectively mitigates the high latency of standard EAs while
overcoming the poor performance of random sampling. By
"seeding" the algorithm with stochastic starting points, the
system achieves near-optimal performance with significantly
improved efficiency, making it the most viable candidate for
real-time transaction broadcasting.

V. CONCLUSION

This study evaluated the integration of a hybrid Random
Draw and Evolutionary Algorithm (EA) framework as a
solution to the multi-objective optimization challenges inherent
in UTXO-based digital assets. By synthesizing the unbiased
sampling capabilities of stochastic random draws with the
iterative refinement of evolutionary operators, the proposed
approach  addresses the critical trade-offs between
computational efficiency, transaction privacy, and wallet

health.
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The research leads to several key conclusions:

Bypassing Combinatorial Complexity: By seeding the
initial population via a random draw, the algorithm effectively
narrows a search space of approximately 1.13 times 10741
combinations (for a pool of 99,999 coins). This initialization
allows the evolutionary phase to bypass exhaustive searches and
begin optimization on high-potential candidates immediately.

Superior Privacy through Diversity: Unlike deterministic
heuristics such as FIFO or Greedy selection, the EA component
utilizes mutation and crossover operators to maximize UTXO
diversity. This prevents the formation of identifiable transaction
patterns, thereby enhancing user anonymity and resilience
against chain-analysis heuristics.

Enhanced Algorithmic Convergence: Empirical analysis
demonstrates that the hybrid model achieves a convergence rate
approximately 43% faster than standard optimization
techniques. The inclusion of evolutionary "jumps" prevents the
system from stagnating in local optima, ensuring robust
performance even under conditions of high wallet fragmentation
or network fee volatility.

Operational Efficiency: The combined approach maintains
high computational throughput, reaching an optimal solution in
an average of 14 ms. This efficiency makes it a viable candidate
for real-time wallet infrastructures that require a balance
between transaction fee minimization (economic viability) and
long-term wallet sustainability.
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