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Abstract

Effective portfolio analysis requires evaluating investments under significant uncertainty
and complex interdependencies. Traditional linear optimization methods fail to guide
leadership effectively because the algorithms cannot account for complex relationships
and shifting constraints, leading to inefficient resource allocation and misplaced
confidence. This paper presents the application of genetic algorithms (GAs) to optimize
National Nuclear Security Administration (NNSA) infrastructure and weapons portfolios.
By emulating evolutionary processes, GAs efficiently explore vast solution spaces, adapt
to changing priorities, and identify near-optimal investment strategies. This paper
demonstrates the method'’s robustness in addressing competing objectives and dynamic
constraints inherent to large-scale acquisition portfolios. This exploration highlights
advantages of GAs for strategic decision analysis within the NNSA and demonstrates
their broader applicability to portfolio optimization across government acquisition

portfolios.

Keywords: Data-Driven, Government, Infrastructure, Program Management, Portfolio

Management, Portfolio Analysis, Scheduling, Optimization
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1.Introduction

1.1. The Importance of Planning

“If you fail to plan, you are planning to fail.” — Benjamin Franklin

What is the cost of a bad plan?

In 2014, the Government Accountability Office (GAO) estimated $32 billion in sunk costs
from five terminated Department of Defense (DoD) acquisition programs between 2001
and 2011 (United States Government Accountability Office (GAQO), 2014). That is $32

billion in investments on weapon systems that never reached the battlefield.

Cancelled programs are just one of many negative consequences of bad planning. Other
costs include opportunity cost of capital, industrial base deterioration, delays in capability
delivery to the warfighter, and ultimately, sacrificing competitive dominance against
adversaries on the battlefield. While these consequences may be harder to quantify, they

arguably represent a greater cost to national defense and security.

So, if poor planning has such costly and severe implications, it begs the question — why

don’t we do better? We offer two hurdles that prevent effective portfolio planning:

1. Siloed organizational structures within federal government agencies that make
effective portfolio-level planning and management difficult

2. A lack of appropriate and adequate analytical tools and techniques required for
effective portfolio analysis for large, complex, and dynamic government acquisition

portfolios

The good news is that government agencies are recognizing the importance of portfolio
planning and have recently taken important steps to solve the first hurdle to better portfolio
planning. For example, in November 2025, the Secretary of War issued a new Acquisition
Transformation Strategy — requiring Department of War (DOW) agencies to transform and

reorganize existing Program Executive Offices (PEOs) into Portfolio Acquisition

.
1
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Executives (PAEs) (U.S. Department of War, 2025). These PAEs will soon have the
requisite visibility and authority needed to perform portfolio management — i.e., develop
portfolio-level plans, execute portfolio-level decisions, and measure portfolio

performance.

While this is a key enabling ingredient, portfolio managers will most likely continue to
struggle with effective portfolio management without credible, defensible, and traceable
portfolio analysis tools and techniques capable of handling the complexities associated

with government acquisition programs.

The National Nuclear Security Administration (NNSA) faces many of these same
challenges in managing its portfolios of weapons programs and infrastructure projects. In
this paper, we examine how portfolio optimization powered by genetic algorithms (GAs)

can help address the second hurdle using two applications from the NNSA.

1.2. NNSA Portfolios Background

To understand why portfolio optimization is particularly relevant to the NNSA, it is useful
to have some context on the agency’s origins and the evolution of its mission. The NNSA
is a semi-autonomous agency within the U.S. Department of Energy (DOE) tasked with
maintaining a safe, secure, and reliable nuclear stockpile. The agency’s roots extend back
to the Manhattan Project and the immediate post—World War |l period, when the United
States and the Soviet Union entered into the Cold War. As both nations developed and
improved their understanding of nuclear physics and how to apply it to build bigger and
better nuclear weapons, they locked into a nuclear arms race to maintain strategic parity
with each other. For both nations, the aim of the game was simple: ensure nuclear

deterrence through mutually assured destruction.
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Figure 1: U.S. Nuclear Stockpile, 1945-2017
Source: Nuclear Matters Handbook (2020)

Figure 1 illustrates the U.S. nuclear stockpile from 1945 to 2017 (U.S. Department of War,
2020). At the height of the Cold War, the U.S. stockpile reached over 30,000 nuclear
bombs and warheads. In order to build and maintain this stockpile, the U.S. invested
heavily into its nuclear industrial base — which flourished during these decades. Two
things happened that resulted in a steep decline in the demand for U.S. nuclear weapons

in the 1990s and 2000s:

e A series of non-proliferation and arms control treaties between the Soviet Union
and United States (including bans on overground and underground nuclear testing)

e The collapse of the Soviet Union in 1991

As the U.S. stockpile reduced, investment in the supporting nuclear security enterprise
(industrial base) also declined, leading to contraction, workforce attrition, and deferred
infrastructure modernization throughout the 1990s and early 2000s. In addition, in
alignment with nuclear test ban treaties, the U.S. embraced a policy of science-based

stockpile stewardship — which represented a shift towards a philosophy of sustainment

.
3
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rather than innovation and the need for investment in new and different infrastructure

capabilities across the U.S. nuclear security enterprise.

Fast forward to today, the geopolitical environment has changed significantly, and the
U.S. now finds itself in a two-peer nuclear adversary environment (i.e., Russia and China)

while facing two concurrent challenges:

e An aging stockpile of nuclear warheads that are well beyond their designed life
e A lacking industrial base with aging facilities and gaps in capabilities required for

science-based stockpile stewardship

Today, the NNSA has the extremely challenging mission to simultaneously modernize the
nuclear stockpile while rebuilding and reconstituting the nuclear security enterprise. Both
of these portfolios are complex — they encompass numerous interconnected infrastructure
projects and weapons programs, exhibit a vast decision trade-space, and are subject to

changing requirements, objectives, and constraints.
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2.The Portfolio Management Problem

Before we dive into genetic algorithms and their NNSA applications, we will briefly review
some terms, definitions, and fundamental concepts related to portfolio management and
analysis. Please refer to the 2024 ICEAA paper Portfolio Analysis Made Effective and
Simple (Schwark & Karickhoff, 2024) to read more on this topic.

2.1. Terms and Definitions

e Investments are self-contained logical units of a portfolio in which a decision-
maker can choose to invest to provide some benefit towards their organization’s
mission or objectives. Investments can be projects, programs, assets, initiatives,
or a variety of other things depending on the context.

e A portfolio is a logical collection of investments that are grouped together for
collective management and evaluation.

e Portfolio management is the centralized process of selecting, prioritizing,
balancing, and overseeing a portfolio of investments to ensure alignment with
strategic organizational objectives.

e Portfolio analysis is the systematic evaluation of the investments within a portfolio
to understand their individual and collective performance, risks, costs, benefits,
and alignment with strategic goals.

¢ Portfolio optimization refers to a set of mathematical techniques used to perform

portfolio analysis given an objective and a set of decision variables and constraints.

2.2. Drivers and Amplifiers

At its core, the portfolio management problem is to allocate scarce resources across a
set of competing investments to best support changing organizational objectives. This

problem exists because of three fundamental reasons:
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1. Scarcity (resource constraints): Organizations typically face finite resources —
such as funding, personnel, time, infrastructure, or political capital — yet are
presented with more potential investments than can be pursued simultaneously.

2. Competing objectives: Decision makers and portfolio managers need to balance
multiple, and often conflicting, goals within the portfolio. For example, an
organization may seek to maximize performance while minimizing cost, reduce
short-term risk while investing in long-term innovation, or achieve equity across
stakeholders while maximizing returns.

3. Uncertainty about the future: Portfolio management is a predictive discipline.
Uncertainty is an inherent feature of portfolio decision-making, driven by

incomplete information about future conditions, outcomes, and external influences.

In addition to these fundamental drivers, the portfolio management problem is often made

more complex by the following amplifiers:

e Interdependencies: In many portfolios, individual investments (e.g., projects or
programs) are not isolated; they may rely on shared infrastructure, produce outputs
that feed into other efforts, or compete for the same personnel or funding streams.
In other cases, some investments may need to precede others to enable
downstream capabilities, while others may lose value if delayed or misaligned with
external windows of opportunity. These relationships create ripple effects where
changes to one investment can impact the feasibility, cost, schedule, or value of
others.

o Stakeholder complexity: As portfolios typically encompass multiple
organizational elements and offices, the portfolio management problem is not just
an analytical challenge; it's also a people challenge. Somehow, portfolio managers
must satisfy (or at least consider) a diverse range of perspectives, interests and
priorities of stakeholders from up, down, and across the organization.

e Evolving criteria: The criteria used to assess portfolio elements are not always
fixed; they may evolve over time due to changes in leadership, policy, mission
priorities, external mandates, or stakeholder expectations. This fluidity can make

it challenging to maintain consistent decision-making frameworks and can lead to

.
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rework or re-evaluation of past decisions. In some cases, investments that were
once prioritized may lose favor under new criteria, or emerging issues may require
rebalancing the portfolio.

e Data limitations: The availability and quality of data used to inform portfolio
decisions can significantly amplify the portfolio management problem. Ideal
portfolio management relies on accurate, timely, and comprehensive data to
evaluate investments and assess risks. However, real-world data is often
incomplete, inconsistent, biased, or outdated. In some cases, relevant data may
not even exist, particularly when evaluating novel or long-term investments.
Portfolio managers must be adept at navigating data gaps — either by improving
data infrastructure or by employing decision techniques that are valid across a
range of plausible future scenarios.

e Scale and Scope: As portfolios grow in size and complexity, the portfolio
management problem is amplified. Managing a small set of investments may be
feasible with rudimentary analytical frameworks. However, large-scale portfolios —
spanning multiple domains, geographies, or organizational units — introduce
variability and complexity in investment types, decision levers, and relationships,

which make it more difficult to apply consistent evaluation criteria.

2.3. Traditional Approaches

In the previous section we addressed why the portfolio management problem is extremely
difficult. So how do portfolio managers deal with this difficult problem and make portfolio
management decisions? From our experience and observations, portfolio managers and

decision-makers generally take one of three sub-optimal approaches:
(1) Delegate Portfolio Management Responsibilities Down to Programs

The first and most passive approach to portfolio management is to not do it at all; instead,
delegate portfolio-level decisions down to the underlying programs. Leaders often resort
to this approach because effective portfolio management is difficult without adequate

portfolio-level analysis tools. In the absence of these tools, they lack the visibility and

.
7
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confidence needed to make informed portfolio-level decisions and therefore defer these

decisions down to the program level.

While program-level decisions (such as contractor selection or internal execution
planning) should be delegated to program offices, distributing portfolio-level decisions in
this way tends to obscure portfolio-level considerations and constraints. This is a case
where the whole does not equal the sum of its parts: locally rational decisions can
aggregate into globally sub-optimal (or even infeasible) outcomes. A prevalent example
of this can be seen through the practice of setting management reserves (also referred
to as contingency or margin) at the individual program-level instead of the portfolio level.
Cincotta showed that if each program across a portfolio budgets at the 80 percentile, the
sum of the percentiles lies at roughly the 98" percentile of the portfolio (Cincotta, 2008).
This results in larger than necessary sums of tied up cash which reduces available funding
for other initiatives (i.e., higher opportunity cost). Some decisions must be made at the
portfolio level;, when they are not, this approach to portfolio management typically

reinforces (or worse, creates) functional silos and causes more problems than it solves.
(2) Portfolio Management Without Portfolio Analysis

When leaders do try to perform portfolio management, a common approach they may
take is to try to do it without any form of portfolio analysis. Due to the analytical complexity
embedded in most government acquisition portfolios, this approach is unfortunately very

commonplace. This reactive form of portfolio management may entail:

e Making decisions purely based on gut instinct

e Relying on decision heuristics (rules of thumb)

e The “finger in the wind” approach — gauging which way the political and/or
organizational climate is currently trending and making decisions that align with
that sentiment

e The “kick the can down the road” approach — inaction or procrastination to make a
difficult decision with the hope that it will go away or someone else will handle it

later
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These haphazard forms of portfolio management are nearly guaranteed to result in costly
program and portfolio failures like the ones described at the beginning of this paper.
Intuition has its place, but humans are prone to logical fallacies; and therefore, exclusively
relying on intuition can result in costly missteps. Decision heuristics may be appropriate
for simpler problems but are generally inadequate for the complexity of portfolios we are
discussing in this paper. The “finger in the wind” approach will generally overly favor the
near-term at the expense of crippling an organization’s ability to achieve long-term
success. As government acquisition portfolios entail programs that takes years (if not
decades), the “kick the can down the road” approach is futile and can result in delayed
capability delivery to the warfighter. Simply put, attempting to perform portfolio
management without portfolio analysis is akin to attempting to navigate without a map —

the chances of getting lost in the chaos is very high.
(3) Portfolio Management with Inadequate or Oversimplified Analytical Methods

In the rare case that leaders attempt to perform portfolio management backed by portfolio
analysis — the tools and methods available to them tend to be inadequate at best and
inappropriate at worst in capturing and handling the numerous complexities associated

with large government acquisition portfolios.

For example, a popular approach employed in the decision analysis domain is to use the
Analytical Hierarchy Process (AHP) to determine decision criteria weights using a
structured pairwise comparison methodology. While this method provides a framework
for smaller-scale investment selection decisions with a manageable number of criteria
and alternatives, it's rarely suitable for large-scale and complex portfolio problems
characterized by many criteria and substantial uncertainty (Wongvilaisakul, Netinant, &
Rukhiran, 2023).

In the operations research space, linear and network optimization models (LP/network
flow) and mixed-integer linear programming (MILP/MIP) are the dominant mathematical-
optimization approaches for logistics and resource-allocation problems, with MILP widely
used to represent discrete choices (e.g., routing arcs, fleet sizing, facility location) and

LP/network-flow serving as the foundational basis for logistics models (Clautiaux & Ljubic,

.
9
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2025). While these methods are excellent for linear and continuous problems — they tend
to be impractical (or incapable) of handling the non-linear and non-continuous problem
spaces characterized by government acquisition portfolio optimization problems (we

elaborate on why in Section 4.2 - Suitability for GA Solutions).

“For every complex problem there is an answer that is clear, simple and

wrong.” — H.L. Menken

24. A R(evolutionary) Approach

The issues with subpar portfolio analysis often stem from oversimplification and attempts
to ascribe artificial order to complex systems that ignore reality. When the problem is
undue order, the solution is to embrace entropy and leverage a framework that has

mechanisms to produce optimal results in complex systems.

Genetic algorithms (GA) are one such framework. In the next section we dive deeper into

this optimization approach and explore how it can be applied to a rudimentary example.

In Section 4. Applications, we will discuss in detail the portfolio optimization solutions
backed by GAs that are helping to address the NNSA portfolio management problems.

But first, we will address how GAs work and illustrate how to build a simple GA model.

10
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3.Genetic Algorithms

3.1. The Way “Life Finds a Way”

In biology, organisms carry traits encoded in their genetic material. These traits determine
fitness — the organism's ability to survive and reproduce in its environment. Reproduction
combines and mutates genetic code from two individuals, creating offspring with new trait
combinations. This process simultaneously preserves successful traits while introducing
variation, preventing stagnation. Remarkably, this mechanism operates universally

across all biological organisms regardless of species, life cycle, or environment.

Charles Darwin first introduced the theory of natural selection in The Origin of Species
(1859). A century later, John Holland developed genetic algorithms (GAs) in the 1960s
as part of the emerging field of evolutionary computation. Unlike other evolutionary
strategies designed for specific problem types, Holland's GAs captured the general
mechanisms of natural selection, making them adaptable to a broad range of optimization

challenges (Holland, 1998). Figure 2 diagrams this process at a high level.

GAs encode solution parameters into vectors analogous to genetic code. A fitness
function evaluates these vectors against objectives and constraints, scoring each
solution's quality. High-performing solutions are selected for recombination and mutation
— processes that mirror biological reproduction — generating new candidate solutions. This

iterative cycle continues, with each generation potentially improving upon the last.

Unlike biological evolution (which is constrained by generation life cycles) GAs iterate at
computational speed. The dramatic increases in computing power since Holland’s original
work have enabled GAs to tackle increasingly complex optimization challenges, including
acquisition portfolios with hundreds of investment options, multiple competing objectives,
and dynamic constraints that render traditional linear programming approaches

intractable.

11
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3.2. Applicability

The domain-agnostic nature of Holland’s GA allowed it to gain traction across diverse
disciplines. Economists apply GAs to game theory and pricing models, logistics
coordinators use them for supply chain and route optimization, and biologists employ
them in protein folding prediction. Its broad adoption proves that GA applicability is
determined not by domain but by problem structure. Melanie Mitchell in An Introduction
to Genetic Algorithms identified five criteria that make a problem suitable for a GA solution
(Mitchell, 1999):

. The search space is large

. The search space is not smooth or unimodal

1
2
3. The search space is not well understood
4. The objective is subject to noisy inputs
5

. A global optimum is not required to be found

12



Presented at the ICEAA 2026 Professional Development & Training Workshop - www.iceaaonline.com/nfk2026

When search spaces are small, brute-force approaches often outperform GAs. For
smooth or unimodal landscapes, deterministic models like hill-climbing exploit gradient
information more efficiently. When parameter relationships are well understood, domain-
specific algorithms typically outperform domain-agnostic approaches. However, when
objectives involve noisy or stochastic inputs (such as uncertainty around an estimate)

GA’s population-based approach provides robustness that gradient-based methods lack.

A common criticism of GAs concerns criteria number five: they cannot guarantee finding
a global optimum. For problems where the global optimum can be proven, methods that
guarantee finding it are certainly preferable. However, many real-world problems,
especially those involving uncertainty and humans making decisions, have global

optimums that can never be known.

Government acquisition portfolios are one of the latter. The significant uncertainty
involved in long-term planning means that the truly optimal solution can never be known
without the benefit of hindsight, something decision-makers are not afforded. Like cost
estimates, the goal of portfolio analysis is not to provide decision-makers with a
deterministic value but rather to inform them of the probable outcomes and trade-offs. In
this regard, GAs satisfice; that is to say that they provide a reasonably good solution, in

a reasonable amount of time, using reasonably accessible tools.

"The task of rational decision is not to find the sharpest needle in the
haystack, but to find a needle sharp enough to sew with." — Herbert

Simon

GAs are not new in the world of cost and schedule estimating. Jung et. al. demonstrated
how a genetic algorithm paired with local search can be used in early-stage cost
estimation (Jung, et al., 2020). Mahadev and Gowrishankar applied genetic programming
to software effort estimation (Mahadev & Gowrishankar, 2020). Haque and Hasin used a
genetic algorithm to solve project time-cost optimization under uncertain conditions
(Haque & Hasin, 2012).

13



Presented at the ICEAA 2026 Professional Development & Training Workshop - www.iceaaonline.com/nfk2026

While GAs have evolved to include variants such as multi-objective GAs (MOGAs),
parallel GAs (sometimes referred to as island GAs), and hybrid approaches, all share
some fundamental components: a population of candidate solution vectors, a fithess
function to evaluate solutions against objectives and constraints, and genetic operators
(selection, crossover, mutation) to generate new populations. In the next section, we walk

through how these components are built.

3.3. Building Blocks

In this section, we will demonstrate GA mechanics through a simplified example:
computationally generating a circular polygon. While trivial compared to portfolio
optimization, this problem exhibits key characteristics that make GAs appropriate: the
search space is large (infinite real-valued coordinates), non-smooth (small coordinate
changes can make valid polygons invalid), and a near-optimal solution suffices (perfect

circles are unnecessary). We'll walk through each GA component in sequence.

3.3.1. Chromosome vectors

Different types of GAs can take different types of values. Holland’s original approach
consisted of converting inputs into an array of binary values. Other approaches evolved
to utilize real-valued inputs, so long as they are bound between a lower and upper
threshold.

For our circle drawing problem, candidate solutions are represented by a series of n
connected vertices forming a closed shape (Figure 3). Each vertex consists of
coordinates (x;y;) connected sequentially: (x;y;) = (x2y2) = =+ (xp¥n) = (x1¥1). Since
GAs require one-dimensional input vectors, we flatten these coordinates to
[X1, Y1, X2, V2, -, Xn, Vn |- FOr this example, we constrain all coordinates to the unit square:
0 < x,&y; < 1. The initial population consists of i individuals, each with randomly

assigned coordinate values, forming an 7 X Zn matrix.

14
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3.3.2. Fitness Function

GAs are domain-agnostic; all problem-specific knowledge must be encoded into the
fitness function, making it the most challenging component of GA design. The fithess

function evaluates each candidate solution using two types of metrics:

1. Measures of success capture objectives that decision-makers seek to optimize
(maximize or minimize, like the objective of linear optimization). When multiple
measures of success exist (as they do in portfolio analysis), they can be combined
through techniques such as weighted sums, Pareto ranking, or multi-criteria
decision analysis.

2. Measures of feasibility are the metrics that determine if a candidate solution is
valid (like the constraints of linear optimization). Unlike the bounds placed on input
variables (e.g., our 0 < x; &y, < 1 constraint), feasibility measures are evaluated

after the population of candidate solutions is already determined.
For our circle-drawing example, the success metric is circularity, calculated as:

circularity = (4 * m = area)(perimeter?)

This yields a value between 0 and 1, with 1 being a perfect circle. However, randomly
generated vertices do not necessarily form valid (non-self-intersecting) polygons (like the

middle plot in Figure 3). The fitness function therefore operates in two stages:
intersects > 0 — intersects * —1
intersects =0 — (4 *x w * area)(perimeter?)

The first stage evaluates when the vertices do not form a valid polygon, and returns a
negative value scaled to the number of self-intersections the shape has. When the shape
is valid (self-intersections = 0) then the circularity can be calculated and that value is

returned.

15
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Figure 3: Example Shapes Drawn from Input Vectors of Coordinates.
3.3.3. GA Operators

The genetic operators that drive evolution across generations are largely consistent
across GA applications, though their parameter values should be tuned to each specific

problem:

Selection is the process of selecting individuals to undergo reproduction. Different
selection methods exist, but they all utilize the output of the fitness function to select the

best individuals from the population.

Crossover probability dictates how parent vectors are split and recombined. Higher
crossover rates increase diversity but may disrupt groups of input variables that together
produce better solutions. For our circle example, a two-point crossover is more likely to

preserve vertex clusters that form curves and contribute to more circular shapes.

Mutation probability controls how often individual parameters randomly change. In binary
type input vectors mutation takes a percentage of values and flips them (e.g. 0 to 1). In
real-valued input vectors, a random value is picked between the upper and lower
threshold. Higher mutation helps escape local optima but runs the risk of having

randomness overtake desirable traits.

Elitism preserves the top-performing individuals form each generation (without
recombination or mutation) ensuring the best solutions are not lost and continue to be
used in the search for better solutions. However, excessive elitism reduces population

diversity and can cause premature convergence.

.
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The computational load of the GA is determined by population size x number of
generations x fitness function complexity. Larger populations explore more of the search
space in each generation but increase evaluation time per generation. While parallel
computing can improve efficiency of large populations to some extent, practitioners must
balance population size and generation count based on available computing resources

and time.

The best values for GA operators are dependent on specifics of the problem. While details
on how to tweak these operators to improve GA performance are outside the scope of
this paper, a critical component of improving GAs is evaluating how they performed

across generations.

3.4. Evaluation

Evaluating GA performance is critical for refining solutions and building confidence in
results. Figure 4 plots the best and population median fitness for our circle example
across 4,000 generations. The best GA solution across generations exhibits the typical
logarithmic convergence pattern: rapid early improvement followed by diminishing gains
as the population tends towards optimal solutions. Notice that the median of the
population continues to fluctuate even after the best solution seems to converge. This is
the entropy that enables the algorithm to escape local optima and continue to find better

solutions even as the best solution appears to converge.

Figure 5 plots the best solution at different generations, revealing how the GA
progressively discovers more circular shapes. Early generations reflect the randomness
of the initial populations. As the GA progresses, coordinate sets that contribute to higher
fitness (forming curved segments) persist across generations while other vertices adjust.
Eventually, previously persistent vertices become less common in the best individuals

and begin to shift, rounding the shape into a circle.
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Figure 5: Solution Plots for the Circle Model at Different Generations. Labeled by Generation Number and
Circularity %.

While using a GA to plot a circle is absurd in practice, this example demonstrates the
component design and application techniques essential for complex applications. In
portfolio optimization this type of convergence analysis and solution visualization provides
the transparency decision-makers require to trust GA-derived solutions. The mechanics

demonstrated here scale directly to our NNSA applications, which we will detail in the

following section.
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4. Applications

4.1. Portfolio Context

As discussed in Section 1.2 NNSA Portfolios Background — the NNSA is facing the
challenging mission to simultaneously modernize the nuclear stockpile while rebuilding
and reconstituting the nuclear security enterprise. The NNSA is accomplishing this
mission through numerous weapons programs and infrastructure projects. Both portfolios
exhibit a vast decision trade-space, and are subject to changing requirements, objectives,
and constraints. In this section, we will discuss the applicability of GA solutions to these

portfolios, how the solutions are built, and their impact on NNSA planning processes.

4.1.1. Infrastructure Projects

Reconstituting the nuclear security enterprise to address aging buildings and capability
gaps is an immense task. Such a large undertaking required a new approach in
infrastructure acquisition. To implement this new approach the NNSA created the
Integrated Infrastructure Planning (lIP) team. The IIP is tasked with taking a NNSA-wide

portfolio approach to infrastructure acquisition.

The IIP team is responsible for establishing the groundwork for effective portfolio analysis.
That includes standardizing data, developing prioritization metrics, and improving early
stage cost and schedule estimates. That foundational work underpins a robust portfolio
model with a GA at its core to give decision-makers the insights required to navigate the

challenges of this massive feat.

4.1.2. Weapons Programs

While the NNSA pursues infrastructure modernization, it simultaneously manages an
ambitious nuclear stockpile modernization effort. The NNSA executes stockpile
modernization through Life Extension Programs (LEPs), Alterations (Alts), Modifications

(Mods), and new warhead acquisitions; all while sustaining the existing stockpile (U.S.
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Department of Energy, 2026). Collectively, stockpile modernization and sustainment

comprise multiple concurrent programs in various states of acquisition.

The NNSA and its DOW counterparts in the Nuclear Weapons Council (NWC) coordinate
to establish the Requirements and Planning Document (RPD) — a 25-year warhead
delivery plan across over a dozen stockpile modernization and sustainment programs
(U.S. Department of War, 2020). The RPD details the types and quantities of warheads
the NNSA will provide to the DOW annually. The RPD is a dynamic strategy document
that is reevaluated each year in response to changes in the geopolitical climate and threat
space. During this evaluation process, the NWC frequently produces alternatives to the
current RPD, often referred to as courses of action (COAs). It is essential for the NNSA
to communicate to the NWC what resources and/or tradeoffs would be required to make
a COA or requirement possible. This negotiation process is critical to ensuring that the
RPD maximizes nuclear security and deterrence while also adhering to the NNSA'’s
financial and programmatic executability constraints. Portfolio modeling and analysis and
provides insights into the feasibility of COAs relative to the baseline RPD plan. This
analysis requires analyzing dozens of COAs quickly to determine potential impacts to the

affordability, executability, and effectiveness of the plan relative to the baseline.

4.2. Suitability for GA Solutions

Optimization of these portfolios is critical to ensuring that NNSA executes on its mission
of providing the United States with a nuclear deterrent. Both the infrastructure and

weapons portfolios exhibit all five criteria for GA suitability outlined by Mitchell:
1. The search space is large

An infrastructure portfolio comprised of 100 projects, where each of which could start in
any year within a 10-year timeframe, results in 10'%° possible portfolios. A weapons
portfolio comprised of 10 programs, 10 possible start dates, durations, and quantities
each results in 1030 possible portfolios. Even accounting for feasibility constraints that
eliminate many combinations, the search space remains large enough to make a brute-

force approach infeasible.

.
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2. The search space is not smooth or unimodal

Both portfolios rely on probabilistic cost and schedule estimates using non-linear
functions (e.g., Weibull and Rayleigh). When individual investment costs aggregate to the
portfolio level, small changes to inputs can produce discontinuous changes in cost
execution peaks and feasibility constraints. This non-smoothness makes gradient-based
methods ineffective, as local search heuristics cannot reliably escape local optima to find

better solutions.
3. The search space is not well understood

Project and program interdependencies create complex ripple effects. All the investments
share a common budget constraint. Infrastructure projects may rely on shared facilities,
and weapons programs may compete for specialized manufacturing capabilities and
technical expertise. Delaying one investment may free resources for another, but cascade
delays through dependent programs. These non-linear interactions make it impractical to
evaluate individual decisions in isolation, making the portfolio level impact something that

can only be reliably calculated with full simulation.
4. The objective is subject to noisy inputs

Portfolio feasibility and success depend on cost and schedule estimates that carry
inherent uncertainty. Point estimates understate the complexity and risk associated with
these large-scale investments. Unlike single-point optimization, GAs maintain diverse
solution portfolios that perform well across a range of realized cost and schedule

outcomes.
5. A global optimum is not required to be found

Planning horizons spanning 25 years make the concept of an “optimal” portfolio
meaningless. Assumptions about technological readiness, geopolitical threats, and
mission priorities are constantly changing. Planning is a continuous activity operating
within wide bands of uncertainty. Rather than pursuing a deterministic solution, decision-

makers require robust solutions that perform well across plausible futures and quantify

.
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the impact near-term decisions have on long-term success. For NNSA portfolio planners,
GAs satisfice — they efficiently identify effective portfolios while respecting constraints,

providing decision-makers with actionable insights rather than false precision.

“In preparing for battle | have always found that plans are useless, but

planning is indispensable.” — Dwight D. Eisenhower

4.3. Inputs

Having established that both NNSA portfolios are suitable for GA optimization, we now
detail the implementation of GA-based models for each. While the portfolios address
different commodities and mission spaces, they share a common GA framework adapted

to their specific decision contexts.

4.3.1. Infrastructure Projects

The infrastructure portfolio model encodes the fundamental decisions facing NNSA
leadership: which projects to execute and when to execute them. Each candidate project
is represented by three decision variables: include (whether the project should be
included in the plan), alternative (if applicable, which alternative approach to choose), and
start (when the project should begin its execution). These parameters form a matrix

(illustrated in Table 1) that is flattened to a one-dimensional vector for GA processing.

Table 1: Infrastructure Portfolio Input Parameters

Project ID m Alternative Start Year
1 1

1 2027
2 1 2 2030
3 0 - -
4 1 2030
5 1 1 2035

Input Vector = (Includes, Alt:, Start, .., Includen, Alt,, Start,)
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The decision variables are underpinned by parametric cost estimates at varying degrees
of maturity, with the majority being a rough order of magnitude (ROM) or Class 5. Each
project alternative has distinct cost and schedule profiles. Projects currently in the
construction phase are treated as committed costs, contributing to affordability and
executability constraints but excluded from the decision space. Table 2 details an

example of how individual projects roll up to portfolio level costs.

Table 2: Example of Phased Project Costs

Cbrojectip | 2025|2026 | 2027 | .. | 2o | ooss | 2050
1 S70

2 $30 $70
3
4
5 $50 $30 $10
Ongoing $3,000 $2,500 $1,500 $0 $0 $0
Proposed $0 $1,000 $2,200 $6,000 $5 500 $5 000
Budget $3,000 $3,100 $3,200 $7,400 $7,700 $8,000
Budget $0 $400 $500 $0 $0 $0
Overrun

Mission risk is calculated based on the delta between when infrastructure is needed and
when it will be completed. Projects completed before their need date accumulate negative
risk (opportunity), while delays accumulate positive risk. The NNSA requires diverse types
of infrastructure projects, each evaluated across multiple criteria. Some criteria relate
directly to the mission (like functionality and capacity), while others are mission-agnostic
(like safety and security). The impact of project delays or accelerations are different for
each criterion, producing a piecewise curve with the mission need date serving as the
inflection point. Projects that are more critical to mission-specific criteria experience
steeper risk penalties when delayed, while projects important for safety and security
criteria generate greater opportunity value when completed early. For simplicity, we
visualize projects in this paper using a "project importance" metric—a normalized
aggregate of all relevant criteria that approximates the relative criticality of each

infrastructure project.

.
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Figure 6 shows the piecewise risk curve for sample projects by project importance, and
Table 3 shows project risk calculations based on estimated completion dates. For
example, Project 4 has a higher risk value than Project 1 despite both being delayed by
five years, because Project 4 is significantly more important to the mission, offering new
functionality or increased capacity. Similarly, Projects 3 and 5 differ in their opportunity
values despite both being projected to complete three years ahead of schedule. In this
case, Project 5 provides greater improvements to safety and security. Project 2 is
projected to be completed right on time, resulting in no increased risk or additional

opportunity.

Risk Curves by Project Importance
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Figure 6: Mission Risk Curves for NNSA Infrastructure Projects

Table 3: Example of Mission Risk Calculations

ProjectiD Start Year feed Dot -E-

2036 2045 2040
2 25 2025 2035 2035 0 0
3 46 2028 2032 2035 -3 (2)
4 62 2040 2050 2045 +5 42
5 79 2031 2045 2042 -3 (27)
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4.3.2. Weapons Programs

Unlike the infrastructure portfolio, the inputs for the weapons portfolio model are not
necessarily decision variables; rather, they are “what-if’ variables that are subject to
change based on DOW and NNSA negotiations during the RPD process. Despite this
difference in use case, the GA model is encoded in the same way. The three most

common COA trade space variables for weapon programs are:

e Program start (when?)
e Program duration (how long?)

e Total delivery quantity (how may?)

To create the input vector, we start with a collection of all planned weapon modernization
programs. Each program has three parameters: First Production Unit (FPU) Year (the
year in which the first production unit will be delivered to the DOW), duration (number of
years the program will take to execute), and total delivery quantity (how many units will

be delivered over the duration).

For example, Table 4 illustrates a sample baseline portfolio of four programs:

Table 4: Notional Baseline Weapon Modernization Portfolio

FPU Year Duration (years) Quantlty

Notional Program A 2030

Notional Program B 2035 5 50
Notional Program C 2040 10 200
Notional Program D 2045 15 150

For the purposes of this model, a COA is defined as any scenario that has at least one
change from the baseline portfolio. For example, Table 5 illustrates a sample COA to the

baseline portfolio shown in Table 4 (red font indicates change):
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Table 5: Notional COA Weapon Modernization Portfolio

Notional Program A 2032 100
Notional Program B 2035 7 75
Notional Program C 2040 10 200
Notional Program D 2047 15 200

As the GA requires a one-dimensional input vector, we flatten the decision variables

shown into the following vector:
Starting values = (2030, 2035, 2040, 2045, 10, 5, 10, 15, 100, 50, 200, 150)

The GA also requires two additional input vectors that define the lower and upper limit for
these variables to define the search space (i.e., to generate and evaluate COAs). If we
assume that each program can be shifted up or out five years, the duration can be shifted
up or out three years, and the quantity can be shifted up or down by 10, we get the

following lower and upper limit vectors:
Lower limit = (2025, 2030, 2035, 2040, 7, 2, 7, 12, 90, 40, 190, 140)
Upper limit = (2035, 2040, 2045, 2050, 13, 8, 13, 18, 110, 60, 210, 160)

In this example, we used scalar logic for all programs to generate the lower and upper
bounds. In reality, this is variable for each program. For example, some programs may
be locked in place (i.e., FPU, duration, and quantities cannot change). In this case the
lower and upper limits would simply equal the starting value. Another common example
is that programs that are later in the future have more wiggle room than near-term
programs, which typically results in greater differences between the lower and upper

bound for out-year programs compared to near-term programs.
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44. Fitness Function

4.4.1. Infrastructure Projects

The infrastructure portfolio fitness function balances two competing objectives:
minimizing mission risk while maintaining affordability. Mission risk is calculated as the
sum of individual project risk scores (from Table 1), where positive values indicate
delayed capabilities and negative values represent added opportunities. Affordability is

measured by cumulative budget overrun across the planning horizon:

Fitness = Z min(O, Costyear — Budgetyear) X penalty + Z risk
all years all projects
where penalty is a weight that converts budget overrun (in $M) to risk-equivalent units.
This adjustment is necessitated by the fact that both the cost and budget are estimates,
and affordability is not a deterministic value, but a probabilistic measure based on cost
estimates and budget assumptions. The penalty weight is a policy parameter that
encodes decision-maker preferences. For example, penalty = 1 implies that $1M in
cumulative budget overrun is equivalent to 1 point of mission risk. Section 4.7 - Future

Improvements — explores sensitivity to this parameter.

4.4.2. Weapons Programs

Using a near-identical approach, the weapons portfolio fitness function also balances two
competing objectives: maximize stockpile effectiveness while maintaining programmatic

executability. A notional and simplified version of this function is provided below:

Fitness = z rnax(Capacityyear — Demandyear) X penalty + stockpile effectiveness
all years
Stockpile effectiveness is a composite measure that takes into account many
considerations such as warhead and component age, stockpile safety, and alignment with
DOW priorities and schedule requirements. Programmatic executability is measured
based on a set of metrics related to component and material demand and/or component

and material capacity/supply. Similar to the infrastructure portfolio fitness function, the

.
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penalty value serves as a weight that converts demand/capacity measures to stockpile
effectiveness equivalent units. The fitness function aims to identify valid portfolio solutions
(i.e., those that stay within reasonable executability bounds) while maximizing stockpile
attributes desired by the DOW. Affordability measures can also be used in place of (or in
addition to) executability measures; however, in the weapons context, affordability is more

commonly treated as an analysis output rather than an optimization input.

4.5. Optimization

In this section we demonstrate how the GA searches the solution space and converges
on a near-optimal solution. Although the weapons portfolio model may use different
optimization metrics and constraints, its underlying mechanics are identical to those of
the infrastructure model. Therefore, to avoid unnecessary repetition and to limit the
discussion of sensitive information, we present a single illustrative example of
infrastructure prioritization using a fictional portfolio of 100 infrastructure projects, 37 of
which are “proposals” and treated as mutable decision variables. In the interest of clarity,
we also simplified the decision vector by assuming that all project proposals are included

and consist of a single alternative.

4.5.1. GA Results

The top chart in Figure 7 shows the baseline portfolio—analogous to what a decision-
maker might begin with at the start of a planning cycle. The stacked area represents the
aggregate annual costs from both ongoing projects (gray) and proposed new projects
(teal). In this baseline scenario, annual costs significantly exceed available budget
(dashed line) resulting in an infeasible plan. We configure the GA with a relatively large
penalty value of 1, treating budget constraints as high priority, though not as absolutely
rigid.

The GA-optimized solution (bottom chart in Figure 7) achieves budget feasibility by
strategically delaying projects that incur less risk and accelerating projects that provide

more opportunity. Peak annual costs remain within constraints across the planning
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horizon, demonstrating the algorithm’s ability to navigate the constrained search space

and produce an affordable solution.
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Figure 7: Baseline Portfolio Costs Compared to GA Solution. Ongoing Project Costs and Budget are
Fixed. Proposed Project Costs are Shifted Based on GA Adjustments of Start Dates.

Budget feasibility is important, but only one part of the fitness equation. Figure 8 reveals
how the GA managed mission risk while reducing budget overrun by plotting the risk value

for each project that shifted from its mission need date.

The budget constraint forced the majority of projects to be delayed to reduce overrun.
However, the scatter pattern shows the GA prioritized strategically: high-importance
projects like Project 5 (bottom left) were accelerated, generating substantial opportunity
value despite the tight budget. In contrast, lower-importance projects like Project 1 (upper
right) incurred larger delays but accumulated relatively modest risk penalties due to their
lower criticality. Generally, more important projects (darker blue) cluster closer to their
need dates or in the opportunity zone, while less critical projects (lighter blue) are pushed

further to the right with longer delays.
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Figure 8: Mission Risk Impact by Project for GA Solution. Each Point Represents a Project That
Completes Before or After Its Mission Need Date. Points Follow the Curves in Figure 6

4.5.2. Run Evaluation

Like Figure 4 from the circle example, Figure 9 plots the best and population median
fithess across generations. However, the way we structured our infrastructure problem
leads to some key differences: the direction is flipped (this GA is seeking to minimize),
the range of fitness values is much larger, and the median line exhibits much less

variability (inputs in this context are coerced to discrete values).

Figure 10 (like Figure 5 in the circle example) plots the GA solution at different generations
and gives us some insight into how the GA progressed. Because our fithess function
comprises multiple components, we need to visualize both affordability (budget overrun)
and effectiveness (mission risk) independently. In the early generations the GA is mainly
working to eliminate budget overrun by delaying projects, as evidenced by the long right
tails of the sand charts, and points on the scatter plots extending to the upper limits of the
x-axis. In later generations, after the budget overrun value is close to 0, the GA begins to
reduce mission risk by shifting projects earlier (while still respecting the budget
constraint). The three highlighted points in the scatter plots show the movement of
individual projects of varying degrees of importance. As the GA converges on the best
solution, the higher importance projects (darker blue) gradually shift left, while the lower

priority projects (lighter blue) remain further to the right.
.  ——
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Figure 10: Solution Plots at Different Generations from GA Infrastructure Model Run in Figure 9.
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4.5.3. Sensitivity to Randomness

In GAs, selection, crossover, and mutation are simulated with random values. To address
solution quality and algorithmic stability, we conducted twenty independent GA runs with
identical initial parameters but different random seeds. Figure 11 plots fitness evolution
across 500 generations for each run. Though they follow somewhat different trajectories,
all twenty runs converge to similar fitness values (£ 3%). This consistency validates that
our GA configuration reliably finds high-quality solutions rather than getting trapped in

sub-optimal local minima.

GA Fitness Curve by Run
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0 100 200 300 400 500
Generation

Figure 11: GA Fitness Curves for 20 Independent Runs with Identical Parameters

However, while fitness values converge consistently, individual decision variables
(specifically when projects start) vary across runs. For example, Project 1 might start in
2027 in Run 1, but 2029 in Run 2, despite both achieving similar overall fitness. This
variance may initially seem problematic, shouldn’t optimization produce a unique answer?

Two considerations address this concern.
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First, as shown in Figure 12, variance occurs primarily with projects that have lower
overall importance. Project 68, with an importance rating of 15, had start values ranging
between 2042 and 2049. Project 52, with an importance rating of 75, exhibited less
variance with a start value of either 2039 or 2040. This makes sense when we recall that
our fitness function weighs projects by mission risk, which correlates with project
importance. The biological analogy is apt: species exhibit variance in traits that are
inconsequential for survival (like aesthetic features), but critical functionalities (like vital
organs) remain consistent across all individuals. Similarly, our GA shows consistency
when sequencing high-impact projects while exhibiting more variation in projects with

lower importance.
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Figure 12: GA Solution Variance by Project Importance Across 20 Independent Runs

Second, recall from Section 4.2 that finding a global optimum is neither possible nor
necessary for long-term planning under uncertainty. Multiple distinct portfolios can
perform equally well, and the solution diversity is actually a feature that provides decision-
makers with flexibility. Rather than prescribing “the optimal plan”, the GA serves as an
analytical tool, giving planners options that respect operational constraints, key
objectives, and other factors that may exist outside the model like political considerations
or public opinion.

.
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4.5.4. Balancing Multiple Objectives

In the example above, we set the penalty value of the fithess function to 1, meaning that
$1 million in budget overrun is weighted equally to 1 point of additional mission risk. The
penalty value essentially controls how the GA balances competing objectives. Higher
penalty values make budget overruns more costly to the fithess function, causing the GA
to prioritize portfolios that fit underneath the budget line. Lower penalty values allow the
GA to tolerate budget overruns in exchange for lower mission risk. Selecting an
appropriate penalty value requires understanding the relative importance of each metric

and the trade-offs between them.

Figure 13 illustrates how different penalty values alter the behavior of the GA by showing
each component of the fitness function (budget overrun and mission risk) separately

across generations.

The top panel shows results when penalty = 1, reflecting the behavior seen in Figure 10.
With this relatively high penalty on budget overrun, it acts effectively as a hard constraint
that the GA minimizes during initial generations before addressing mission risk. The
bottom panel (penalty = 0.05) demonstrates a significant shift in behavior: by making
budget overruns less impactful to the fithess function, the GA minimizes overrun and
mission risk simultaneously at the start, trading-off improvement in one metric for
regression in the other. This lower penalty value achieves a 50% reduction in mission risk
compared to the penalty = 1 model, but at the cost of ~ $1 billion in budget overrun. True
multiple-objective optimization, which is outside the scope of this paper, leverages similar
principles to identify Pareto efficient frontiers across two or more objectives without

requiring a predetermined weighting scheme.
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GA Metric Progression by Penalty Value
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Figure 13: Penalty Value Effects on Optimization Metrics by Generation. Each Row Represents an
Independent GA Run on the Same Input Set with a Different Penalty Value

It's important to remember that in acquisition planning the project costs and proposed
budget are estimates, meaning budget overrun is a probabilistic value instead of a
deterministic fact. Ultimately, budget overrun is itself a form of mission risk: if projects
cannot be adequately funded, some will inevitably be cancelled leading to delayed
infrastructure capabilities. While delaying projects during the planning stage is

undesirable, the realized risk of cancelling ongoing projects can be catastrophic. For

.
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decision-makers, this analysis provides a framework for evaluating how different
assumptions about acceptable levels of affordability risk impact mission risk through
project sequencing, allowing them to better understand the relationship between the two

objectives.

4.6. NNSA Impacts

Historically, many NNSA planning and investment decisions were characterized by short
planning horizons, limited search space coverage, and manual evaluation of a small
number of COAs. This process was misaligned with the scale, complexity, and time
horizon required to support enterprise-level modernization plans. The two GA-powered
portfolio analysis models discussed in this paper are aiming to change how NNSA

evaluates portfolio plans across both infrastructure and weapons programs.

Traditionally, infrastructure decisions were made with respect to the Future Years Nuclear
Security Plan (FYNSP), a five-year planning horizon aligned with the PPBE process. In
2024 the NNSA produced the Enterprise Blueprint, “a 25-year plan to align the delivery
of specialized infrastructure with demands across the nuclear stockpile, global security,
and naval nuclear propulsion missions” (National Nuclear Security Administration, 2024).
The IIP was tasked with providing analytical support for the Enterprise Blueprint, and
while doing so the need for faster and more versatile portfolio analysis became apparent.
GAs efficiently identify plans that are feasible and aligned to mission priorities, giving a
basis for what a probable plan would be in response to both internal and external

changes.

e For portfolio managers, this means quickly running simulations on the effects of
CRs, new requirements, changes in project cost/schedule/TRL, or any other risks.

e For planners, this means simulated portfolio impact for each alternative of an
analysis of alternatives (AoA), and portfolio-level assessment of key affordability,
executability, and effectiveness metrics.

e For program managers, this means sensitivity analysis of their key investments
with respect to the entire portfolio, context into budget decisions, and a clearer

understanding of portfolio objectives.

.
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In the weapons domain, GA-based optimization enables NNSA leadership to move from
a reactive posture (responding to a fixed set of externally proposed COAs) to a proactive
one. Leadership can explore and evaluate new COAs internally, bring analytically
informed alternatives to negotiations with the DOW, and propose plans that maximize
stockpile effectiveness while remaining within the realistic financial and programmatic
constraints of the NNSA. The speed and flexibility of these models enable rapid-turn
analysis demands, which is increasingly critical in a volatile and evolving geopolitical

environment.

Across both infrastructure and weapons portfolios, these models improve process
efficiency while expanding coverage of the COA search space. Rather than manually
evaluating a small, pre-selected set of alternatives, often spending valuable time
analyzing infeasible or dominated options, the NNSA can quickly screen thousands of
potential COAs, directing attention to those that present acceptable tradeoffs across
affordability, executability, and effectiveness. This reduces the risk of prematurely filtering
out better alternatives and shifts analytical effort toward options that meaningfully support

negotiation and decision-making.

“A good plan violently executed now is better than a perfect plan

executed next week.” — George S. Patton

4.7. Future Improvements

4.7.1. Cross-Portfolio Integration

The most significant limitation of the current approach is that infrastructure and weapons
portfolios are optimized independently. In reality, these portfolios are deeply
interdependent. Infrastructure projects deliver the facilities and capabilities that enable
stockpile modernization and sustainment. Delays in constructing a plutonium pit

production facility can directly impact weapons program schedules and risks. Conversely,
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weapons program decisions in response to the RPD can influence the importance of

infrastructure investments.

Current practice requires manual iteration between portfolio analyses. Weapons COAs
are evaluated assuming infrastructure capabilities will be available as planned; while the
IIP team prioritizes infrastructure projects based on current weapons program schedules.
When either portfolio changes, the other must be manually reassessed for cascading
impacts. This sequential approach cannot capture the full optimization potential available

through simultaneous portfolio planning.

A unified GA framework could encode these interdependencies explicitly. Decision
variables would expand to include both infrastructure projects and weapons programs in
a single optimization run. The fithess function would incorporate cross-portfolio
constraints: infrastructure project completion dates would bound weapons program
feasibility, while weapons requirements would influence infrastructure project
prioritization. For example, a constraint might specify that Weapons Program A cannot

begin production until Infrastructure Project X achieves operational capability.

The technical implementation is relatively straightforward (GAs naturally handle high-
dimensional search spaces), but the organizational complexity is substantial. Cross-
portfolio optimization requires coordinated data standardization, integrated cost and
schedule estimating, and aligned planning cycles between infrastructure and weapons

stakeholders.

Despite these challenges, integrated portfolio optimization represents the logical
evolution of the NNSA's enterprise planning approach. Early efforts have already begun
with data collection efforts that seek to map out cross-portfolio dependencies at a high

level.

4.7.2. Interdependency Modeling

The current fithess functions treat most constraints as simple bounds: annual costs must
not exceed annual budgets, projects must finish before capability need dates. Real
portfolio execution involves discrete interdependencies that could be modeled more
explicitly.
D,
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Schedule dependencies dictate that certain projects must finish before others can begin,
or that certain projects only address mission needs once related projects are completed.
Project A might need to finish construction before Project B can start, either because B
occupies the same site or depends on A's delivered capability. Project C may address a
capability gap but requires the completion of Project D to provide the site with adequate

power.

Shared resource constraints extend beyond simple budget limits. Multiple infrastructure
projects may compete for specialized construction labor with limited capacity. Weapons
programs compete for scarce technical expertise, manufacturing equipment, and
specialized materials. The current fitness functions penalize resource conflicts after they
occur, but more sophisticated modeling would track resource consumption dynamically:
calculating which projects are simultaneously active in each year, aggregating their

resource demands, and penalizing overallocation of constrained resources.

Probabilistic dependencies acknowledge that project costs and schedules are uncertain,
and correlations exist between projects. Two projects at the same site might experience
correlated cost growth due to similar geographic factors, or two programs using similar
technologies might face correlated technical risks. Current fithess functions evaluate each
project independently using point estimates. Monte Carlo simulation integrated into
fitness evaluation could sample from correlated cost distributions, providing more realistic

portfolio risk assessment.

The computational cost of enhanced interdependency modeling is non-trivial. More
complex fitness functions require more evaluation time, and GA runtime scales linearly
with fitness function complexity. These implementations will require their additional

insights to be weighed against the increased computational power and time requirements.
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5.Conclusion

The complexity of modern government acquisition portfolios exceeds the capability of
traditional linear optimization methods. This paper has demonstrated that genetic
algorithms provide a practical, robust framework for optimization of complex portfolios

under significant uncertainty.

Our infrastructure portfolio analysis demonstrates practical value. Starting from an
infeasible baseline where costs substantially exceed budget, the GA identified affordable
portfolios while minimizing mission risk. Sensitivity analysis across multiple runs
confirmed algorithmic stability while providing decision-makers with valuable variation in
solutions. Critically, our evaluation techniques (convergence plots, generation-by-
generation visualization, and multi-metric tradeoff analysis) transform the "black box"
concern into transparent insight, building stakeholder confidence essential for acting on
recommendations provided by the modeling team. Despite its differences in input
parameters and portfolio objectives/constraints, the NNSA weapons portfolio is modeled

in a similar fashion and benefits from the same insights.

The challenges the NNSA faces are not unique. The DOW'’s reorganization of Program
Executive Offices (PEOs) into Portfolio Acquisition Executives (PAEs) reflects growing
recognition that enterprise portfolio management delivers efficiencies unattainable
through stove-piped prioritization. However, authority and visibility alone are insufficient.
PAEs overseeing dozens of major acquisition programs face the same fundamental
challenges: vast solution spaces, non-linear relationships, competing priorities, shared
resource constraints, and vast uncertainty. Linear programming cannot solve these
problems. Spreadsheet sensitivity analysis cannot explore solution spaces of requisite

size. Unaided judgment cannot optimize across hundreds of interdependent decisions.

The implementation path for better analysis is accessible. Modern GA libraries are freely
available on open-source platforms, and the computational requirements are modest (the
example models in this paper ran in minutes locally on a standard laptop). The primary
investment required is domain expertise: qualified practitioners who understand the

complexity of cost estimates, program interdependencies, and mission requirements.
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Portfolio complexity will continue to increase while budgets and other critical resources
remain constrained. Geopolitical competition paces at the accelerating rate of
technological progress. Perhaps simplified approaches to portfolio analysis were
sufficient in a different era, but the agility required today demands more. GAs provide a
proven path forward, not as a replacement for human-judgement, but as a powerful tool
for overcoming the paralyzing effects that large portfolios have on decision-making at
scale. The NNSA is experiencing the benefits of an enhanced approach to enterprise
planning. The question facing other organizations is not whether GA-based portfolio

optimization can work, but whether they can afford to continue without it.

“The significant problems we face cannot be solved at the same level of

thinking we were at when we created them.” — Albert Einstein
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