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Al-Driven Project Management Simulations

Abstract

This paper introduces Recursive Vector Benchmarking (RVB), a novel methodology for
assessing performance in recursive systems using geometric benchmarking and trading card
game (TCG)-inspired mechanics such as Last In, First Out (LIFO) and stack-based decision
sequencing. In RVB, decision vectors are cumulatively plotted as trajectories and modelled
against an idealised Fibonacci spiral, producing a dual-line representation of projected versus
actual performance. The model is applied within a project management simulation
environment powered by an Al-driven Monte Carlo engine. A mixed-methods approach
underpins the simulation, with cards designed to carry both functional roles and textual-
linguistic data. Monte Carlo simulation captures stochastic variation across game runs—such
as deck shuffling—while eigenvalue decomposition identifies convergence patterns and
emergent inflection points within gameplay. Though demonstrated in a project management
context, RVB generalises to any domain where recursive decision-making, learning, and
performance under constraint occur over time. The study offers a replicable framework for
(1) diagnosing strategic divergence through geometric benchmarking, (2) forecasting Al and
human strategy evolution via recursive growth patterns, and (3) identifying inflection points
where interventions maximise adaptive potential

Keywords: Al Simulation, Fibonacci, Golden Ratio, Optimisation, LIFO, Methodology,
Recursive Vector Benchmarking (RVB), TCGs, Project Management
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1. Introduction

Simulation-based decision models have become indispensable across business, policy, and
technical disciplines for exploring system behaviour under constraint. However, traditional
models often assume linear causality or reduce outcomes to static KPIs, overlooking the
recursive nature of learning and strategic adjustment over time (Robinson, 2014; van der
Aalst, 2021). Particularly in project management and organisational learning contexts,
decisions unfold through feedback loops, path dependencies, and reactive constraints, making
purely outcome-focused benchmarks insufficient. Although these characteristics are not
exclusive to project management, the structured and iterative nature of project management
aligns well with the underlying trading card game (TCG) mechanics driving the simulation.

This paper introduces Recursive Vector Benchmarking (RVB)—a simulation-based
methodology designed to evaluate strategic performance in recursive, adaptive systems. RVB
departs from traditional simulation metrics by shifting the unit of analysis from static
outcomes to decision vectors—discrete tactical actions that carry causal implications across
time. These vectors are evaluated not only on their local correctness (e.g., rule adherence,
functional execution) but on their strategic alignment with emergent project trajectories.

Inspired by the structural elegance of TCGs (e.g. Magic: The Gathering), RVB encodes each
decision as a stack-resolved move, using Last-In, First-Out (LIFO) logic to simulate how
recent decisions often have disproportionate tactical weight. Each move is scored along two
primary axes: capability (the feasibility to act, based on system state) and strategic value (its
long-term contribution to a desirable trajectory). This dual-dimensional structure enables a
geometric evaluation of performance that evolves across time.

To benchmark performance recursively, the model uses the Fibonacci spiral—a well-
established recursive structure found in nature, design, and optimisation algorithms (Sornette,
2003; Mandelbrot, 1982). The Fibonacci spiral is not chosen arbitrarily: it embodies recursive
proportionality and organic scaling; mirroring how well-formed strategic systems evolve with
self-similar logic. In RVB, the spiral serves as an idealised growth attractor, against which
actual simulation trajectories are compared. This offers a novel benchmark structure capable
of diagnosing adaptation, identifying inflection points, and forecasting convergence or
instability.

While the Fibonacci benchmark serves as the focal attractor in this study, RVB is
geometrically agnostic: other recursive forms (e.g., logarithmic spirals, fractal trees, sigmoid
functions) may be substituted depending on the domain's structural logic. The core innovation
is not the spiral itself, but the methodological move to benchmark recursively evolving
decisions against structural attractors. This elevates RVB from a domain-specific method to a
generalisable simulation and diagnostic framework for recursive systems.

The implementation of RVB is demonstrated in a project management simulation
environment using Agile and Waterfall strategies encoded as decks of functional cards. These
cards simulate project tasks, dependencies, and constraints, and were designed with both
textual-linguistic metadata and gameplay effects. A custom Al simulation engine runs



Al-Driven Project Management Simulations

hundreds of Monte Carlo trials, generating variability through stochastic elements such as
shuffled decks and randomised decision orders.

At each turn, the Al resolves a stack of tactical decisions, which are then scored as Correct
(understands rules / plays strategically), Null (Baseline), or Error (rules or strategy mistake),
and plotted recursively as vectors. The researcher manually validates and scores decisions
based on capability and strategy, factoring in procedural rules, cascading effects, and the Al's
learning history. The cumulative vector scores form a dynamic trajectory, which is compared
to the Fibonacci benchmark to determine performance deviation, convergence, and learning
quality. To assess whether the Al demonstrates learning over time, eigenvalue decomposition
is applied to vector sequences across multiple runs. This helps isolate dominant patterns,
detect convergence towards optimal trajectories, and distinguish structured adaptation from
random variation.

While the simulation context is project management, RVB generalises across any domain
where recursive decision structures exist—from economic forecasting and adaptive policy
design to autonomous systems and organisational learning. The stack-resolved, vector-based
simulation architecture enables fine-grained diagnosis of performance at multiple temporal
scales; this approach offers researchers a novel way to capture not just what a system does,
but how it adapts recursively.

Fig. 1. Recursive Vector Benchmarking (RVB).
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Fig. 2. RVB simulation channels.
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Research Objectives

1. Methodological Innovation: To develop Recursive Vector Benchmarking (RVB)—a
novel simulation framework that integrates:

o Trading card game (TCG) mechanics for constrained decision-making
o Geometric benchmarking (Fibonacci spirals) for performance evaluation
o Al-driven strategic learning for adaptive trajectory analysis

2. Empirical Validation: To test whether decision patterns in the simulation align with
documented real-world project management challenges, including:

o Resource misallocation
o Phase violations (e.g., premature execution)
o Strategic myopia (short-term focus)

3. Practical Application: To establish RVB as a diagnostic tool for identifying high-risk
decision patterns before they manifest in the system (i.e. the project)

Hypotheses

e Hi: (Geometric Alignment Hypothesis):
Optimal decision sequences in constrained environments will exhibit statistically
significant alignment (p < 0.05) with recursive growth patterns (Fibonacci sequence)
when evaluated through RVB.

e H: (Real-World Fidelity Hypothesis):
The error typology observed in the simulation (e.g., resource misallocation, phase
violations) will correlate with known failure modes in real-world project
management, confirming the framework’s external validity.
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Section 2 reviews geometric benchmarks, recursive simulation, and vector modeling. Section
3 presents the RVB framework. Section 4 describes the simulation, card mechanics, and
scoring. Section 5 shows results (benchmark deviations, eigenvalue convergence). Section

6 discusses Al/human strategy implications and future work. Section 7 concludes.

2. Literature review

The increasing complexity of decision environments—characterised by layered, adaptive, and
recursive dynamics—has intensified interest in simulation-based approaches within business
and management research. A central theme across this literature is the growing recognition
that simulation serves not only as a predictive tool but also as a diagnostic and exploratory
method for uncovering the structure and behaviour of complex systems. Despite this
maturation, current models often lack structural benchmarking techniques capable of
detecting convergence in recursive learning systems. Recent emerging work suggests that
LLMs may enable new geometric problem-solving methods (Zhang et al., 2024, preprint),
though further peer-reviewed validation is needed.

This literature review identifies five intersecting domains that collectively inform the
methodological foundation of Recursive Vector Benchmarking (RVB): simulation in decision
modelling; geometric benchmarking and recursive growth; Al-based recursive learning and
eigenvalue analytics; Fibonacci-based optimisation and forecasting; and gamified simulation
as method.

Simulation in decision modelling Simulation has advanced from basic operational modelling
into an adaptive design philosophy. Davis et al. (2007) explored policy scenarios using
simulation to improve strategic foresight. Kunc and Bérard (2020) integrated risk-aware
design into strategy processes through hybrid simulation. Behavioural simulation has become
prominent, as demonstrated by Pidd (2019) and Schoemaker and Tetlock (2017), who used
scenario-based reasoning to navigate ambiguity. Van der Aalst (2021) critiques linear process
models as insufficient in environments where recursive feedback loops drive change. Currie
et al. (2020) advocated integrating agent-based and system dynamics models to capture
emergent properties. These advances highlight simulation’s ability to model feedback yet
reveal gaps in methods that formally benchmark structural convergence.

Geometric benchmarking and recursive growth Geometric patterns provide powerful
metaphors and tools for modelling recursion. Douady and Couder (1992) demonstrated that
Fibonacci spirals efficiently distribute elements in space through recursive growth. Stewart
(1999) analysed the role of self-similarity and geometric symmetry in natural and artificial
systems. Mandelbrot’s (1982) fractal geometry theory offered a basis for quantifying
irregularity in recursive structures. Kiefer (1953) applied Fibonacci logic to recursive search
algorithms for optimisation.

Despite their conceptual elegance, geometric methods remain under-applied in management.
Martinsuo and Hoverfdlt (2018) emphasise variance-based methods in project forecasting,
but few studies explore recursive geometry as a benchmark for decision structure.
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Trzetrzelewski (2014) suggested that spiral dynamics may visualise recursive convergence,
though empirical evidence remains sparse.

Al-based recursive learning and eigenvalue analytics is central to machine learning models,
particularly in high-dimensional environments. Jolliffe and Cadima (2016) outlined how
Principal Component Analysis (PCA) reduces complexity in data while preserving key
variance features. Sutton and Barto (2018) formalised value-based learning in reinforcement
models, enabling agents to adapt based on recursive feedback. Silver et al. (2017)
demonstrated how AlphaGo iteratively refined strategies through recursive optimisation.
LeCun et al., Bengio, and Hinton (2015) framed deep learning as recursive layering shaped
by performance signals.

Fibonacci in forecasting, optimisation, and structural modelling Fibonacci sequences are a
canonical example of recursive logic, with historical roots in Indian mathematics and
formalisation in Western contexts by Leonardo of Pisa. The golden ratio, as an emergent
property of the sequence, represents efficient proportionality in growth (Livio, 2002). For
example, Kiefer (1953) established Fibonacci-based search methods as optimal in constrained
environments. Fredman and Tarjan (1987) applied Fibonacci structures in data management.

In forecasting, Fibonacci retracement tools are widely used in finance to model cyclical
resistance points (Kirkpatrick & Dahlquist, 2011). Bhattacharya and Kumar (2006) found
limited empirical support, echoing Gencay et al. (2001) in calling for stronger validation.
Agile methods often use Fibonacci scales for effort estimation (Cohn, 2020), though these are
heuristics rather than derived from formal measurement.#

Gamified simulation as methodological bridge Gamified methods represent a new frontier for
simulation in management. Fowler and Mayes (2020) demonstrated how trading card game
(TCG) mechanics simulate constrained tactical decision-making. Deterding et al. (2011) and
Gee (2003) described gamification as an effective strategy for embedding reflection in
experiential learning. Riedl and Harrison (2016) highlighted how gamified environments
surface trust and adaptation behaviours in Al-human interaction. These studies suggest that
gaming logic—sui generis—mirrors project environments where later decisions can override
earlier ones.

Although gamified simulations model decision systems well, their use as formal
benchmarking tools remains rare. The literature acknowledges their pedagogical value but
underutilised them in structural evaluation.
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Table 1. Summary of Literature Underpinning RVB.

Theme

Simulation in
Decision Modelling

Geometric
Benchmarking

Al-Based Recursive

Learning

Fibonacci in
Forecasting and
Optimisation

Code

Forecasting under
complexity

Behavioural
scenario planning

Feedback loops

Hybrid and agent-
based models

Recursive pattern
modelling

Structural
convergence

Spatial optimisation

Multidimensional
structure

Learning trajectory
detection

Reinforcement
learning

Structural attractor
tracking

Algorithmic
optimisation

Indicators

Simulating
uncertainty;
Adaptive planning

Strategic foresight;
Emergent outcomes

Recursive

Literature

Davis et al. (2007); Kunc &
Bérard (2020)

Schoemaker & Tetlock
(2017); Pidd (2019)

adaptation; Dynamic van der Aalst (2021)

state change

Multi-agent
behaviours; System
integration

Fractals; Spirals;
Self-similarity

Geometric mapping
of recursive
outcomes

Spiral search;
Unimodal targeting

Feedback geometry;

Vector shaping

PCA patterns;
Eigenvector
convergence

Q-learning; Value-
based policy
refinement

Geometric path

alignment; Learning

convergence

Recursive search;
Data efficiency

Currie et al. (2020)

Douady & Couder (1992);
Stewart (1999); Mandelbrot
(1982)

Trzetrzelewski (2014);
Zhang et al. (2024)

Kiefer (1953)

Stewart (1999)

Jolliffe & Cadima (2016)

Sutton & Barto (2018);
Silver et al. (2017)

LeCun et al. (2015)

Kiefer (1953); Fredman &
Tarjan (1987)
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Kirkpatrick & Dahlquist
(2011); Gencay et al. (2001);
Bhattacharya & Kumar
(2006)

Retracement
Financial analysis  forecasting; Golden
ratio levels

Relative effort
scaling; Fibonacci  Cohn (2020); Singh (2019)
intervals

Agile estimation
heuristics

Conceptual reliance;

Empirical validation . Bhattacharya & Kumar
. Experimental (2006)

gap limitations

G.amlﬁe.d Tactical decision Card-based actions;

Simulation as ) ) Fowler & Mayes (2020)
encoding Constrained moves

Method
Rule-based tack lution;
ie-base Stack resolution;  p. i1 & Harrison (2016)
Interaction LIFO logic
Immersive scenario Strategic cycles; Gee (2003); Deterding et al.
modelling Iterative play (2011)

Source: Own work.

The above review highlights how RVB builds upon and synthesises disparate research
streams: from simulation’s evolution into adaptive foresight, to geometry’s underutilised role
in tracking recursive behaviour, to AI’s untapped benchmarking potential, and finally to
gamified simulation’s strategic richness. Together, these reveal an unaddressed
methodological intersection—evaluating how decision processes evolve recursively,
structurally, and iteratively.

The next section explores this convergence by drawing on canon authors in complexity,
geometry, and learning theory to propose RVB as a structurally benchmarked, geometrically
visualised model for evaluating recursive decision systems.

3. Theoretical framework

Recursive Vector Benchmarking (RVB) is a hybrid framework that integrates game-
theoretical recursion, simulation-based diagnostics, and geometric convergence analysis into
a single evaluative system. RVB provides a lens for understanding how agent-based decisions
evolve structurally across time, with each move encoded as a vector within a closed-loop
stack resolution. The core innovation is the transformation of discrete decisions into scalable,
geometric outputs—most notably, their mapping to a Fibonacci spiral attractor, which serves
as a structural benchmark for convergence measurement.
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Table 2. Two by Two RVB Matrix.

Q1: Understands rules, | Q2: Understands rules

plays strategically / does not play
strategically

(RVB Assessmenﬁ

Matrix

Q3: Does not understand| Q4: Does not understand

the rules, plays the rules, does not play
strategically strategically

Source: Own work.

Phase Architecture: The Seven Stages of Each Turn

The RVB simulation models each turn as comprising seven core phases, structured as

follows:

1. Untap: All resources and humans previously tapped become available. This mimics
the restoration of agency and capital in real-world projects.

2. Upkeep: Effects with ongoing costs or conditions are resolved. This simulates
continuous obligations or operational overheads.

3. Subtract Day: One day is subtracted from the project timeline. This enforces temporal
progression and creates urgency.

4. Draw: A new card is drawn. This represents market opportunities, resourcing options,
or risks becoming visible.

5. Resource play: One resource card may be played. Resources are aligned to project
methods: Agile (AT, AC) or Waterfall (WT, WC, WQ).

6. Recruitment: Human cards are summoned using available resources. Each human
enters with summoning sickness, preventing immediate deployment.

7. Operations: Humans not summoning-sick may tap to reduce the timeline (using their

power), activate special abilities, or be held back for defensive blocking.

Each phase is resolved in strict sequence and output is logged vectorially.

Card Functionality and Scope Expansion

Cards in RVB fall into two primary types:

10
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e Resources: These provide the cost types required to recruit humans. They may offer

synergy bonuses (e.g. +1 AT when paired with specific humans like Pheidippides and

Athena).

e Humans: Project agents that can be tapped to reduce the timeline, block opponents, or

use special abilities. Some require multi-resource combinations, simulating complex

hiring or empowerment costs.

As the game progresses, the number of cards in play (battlefield) and cards in hand increases.

This growth is interpreted as scope expansion, governed by the formula:
Scope, = #(Hand, + Battlefield;) x log(Turn; + 1)

This logarithmic transformation ensures that scope does not expand linearly but instead
reflects bounded rationality and decision saturation over time.

(Con)Textualization and Thematic Representation

All humans and actions are named after ancient Greek figures (e.g., Daedalus, Athena,
Cronus), which provide narrative scaffolding for the simulation. Each move is textually

recorded and embedded in a simulated project log that mimics real-world retrospectives. For

example:

On Turn 4, Talos taps for synergy granting all Agile resources double their output for

one turn; Icarus taps to decrease the timeline by -1 (11 remaining).” This move
assures that Agile can use the extra resources to pay for additional recruitment,

unfortunately, the synergy was granted at the wrong time and so Agile will lose the

bonus and now Talos is tapped leaving the project more vulnerable to risk.

This textualisation bridges the simulation output with project management discourse, making

the actions readable in standardised review formats, and provides immediate feedback on

performance even before quantifying performance.

Performance Evaluation and Vector Scoring

Each vector (i.e. one turn’s full decision sequence) is scored quantitatively and qualitatively:

e Action Score (A): Each action is rated as:
o +2=Optimal
o +1 =Null (neutral)
o —1=Error
e Scope Multiplier (S): Defined as the product of:

Scope Multiplier = (Turn Number) x (Vector Length)

Impact Multiplier (I): Estimated based on how many future moves the action affects. This is

usually a function of summoning or resource bottlenecks:

11
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T
Impact, = Z Dependency Weight,
k=t

Final vector score:

VectorScore,= A, x S; x I,

Errors are multiplicative negatives, so beneficial outcomes gained through invalid play (e.g.
casting Cronus without correct cost) carry structural penalties in later turns, even if the result
remains in play.

Recursive Conversion to the Fibonacci Spiral
Each vector’s score becomes a coordinate plotted in polar form:
0, = ¢ xt, r;= Cumulative Vector Score;

Where:
* ¢ =~ 1.618 (Golden Ratio)

e { = Turn number

* 74 = Scaled cumulative score

These are transformed to Cartesian coordinates:
z, = rycos(6;), y = rysin(6;)

A trajectory that aligns closely with the natural Fibonacci spiral suggests structurally optimal
recursion and adaptation. Divergences, sharp bends, or drops reflect inflection points or
fragility (e.g. missed synergies, unnecessary cards held back, invalid play).

12
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Fig. 3. RVB spiral (3D).

Source: Own work. Notional data.
Eigenvalues

These indicate the variance (spread) of the trajectory along the principal axes:

e M =848
e A2=48.24
e A=43.34

This suggests most of the trajectory's variance lies along two dominant dimensions (1> and
A3), showing that the spiral expands in a skewed ellipse-like fashion rather than a perfect
circular path.

Eigenvectors

These directions describe the main geometric orientation of the spiral. They can also be used
to:

e Align future spiral comparisons,

e Assess how closely a simulation converges toward a principal direction (e.g. an
attractor),

e Identify emergent strategy trends across turns.

13
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Fig. 4. Eigenvalues tracing divergences against the Fibonacci benchmark.
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Summary

Structuring decision-making within this multidimensional vector model enhances the
precision of Al-driven project management. Project management fundamentally revolves
around decision-making under constraints, where outcomes are shaped by timing,
sequencing, and resource availability. This research introduces a vector analysis framework
designed to model decision states in project management (PM) and simulation-based
environments more generally speaking. This approach generalises to structured project
scenarios, aligning with project lifecycles, phase transitions, and gateway assessments,
thereby offering a scalable methodology for both theoretical and practical applications
(Svejvig & Andersen, 2015). The iterative simulation design ensured that the simulation
accurately reflected real-world project dynamics while maintaining engagement and
playability, a balance often overlooked in traditional simulation design (Crookall 2010;

Lameras et al., 2021).

14
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4. Methodology

This study combined experimental simulation with interpretive analysis in a novel
methodological synthesis. We used ChatGPT-40 to process two players’ 27 games across
1086 Monte Carlo trials (integrated with phases) while generating real-time gameplay; every
output underwent manual verification, with Python cross-validation and three iterative pilot
studies (human-AI-Al) refining the framework before full deployment.

The simulation's architecture operationalised project management's complexities through
ruthless simplification. Thirty-two cards distilled Barney's Resource-Based View into
actionable mechanics, their seven-phase lifecycle enforcing the recursive discipline of real-
world projects. LIFO resolution mirrored technical debt accumulation, while synergy rules
replicated task dependencies' cascading effects. Validation was stress-tested against
Crookall's reproducibility criteria from day one, embedding Mandelbrot's recursive structures
and Ericsson's expertise models directly into the simulation's operating logic.

Narrative-Driven Vector Coding

A unique feature of the methodology was that each game turn was hand-coded as a vector,
aligning gameplay events (e.g. tapping a card, sacrificing a resource, delaying a recruitment)
with an unfolding project narrative. Vectors were not mere abstractions; they were interpreted
within the logic of the scenario, allowing recursive weights to be applied dynamically
depending on gameplay context and position within the overall simulation arc.

Each vector was scored using a multi-factor formula that combined:

Raw score (positive for effective actions, negative for mistakes),

Turn depth (later turns carried higher scope weight),

Phase multiplier (reflecting the weighted significance of actions per game phase),
Action density (based on content in the “Action” field), and

Reflective note content (as a proxy for decision complexity).

Scoring calculation:

VectorScore; = Raw; x Turn; x PhaseMultiplier; x ActionCount; x NotesCount; where:

e Raw; € {-1, 0, +1, +2} (action quality)

e Turn, = Temporal weight (later turns > earlier)
e PhaseMultiplier; = Phase-specific coefficient
e ActionCount; = Decision density at turn ¢t

e NotesCount, = Reflective complexity metric

These cumulative vector scores were plotted using a recursive Fibonacci-based spiral:

15
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o 0O(t)=1.618t
e 1(t) =) VectorScorei (from k=1 to t)

converted to Cartesian coordinates:

o x(t)=r(t)coso(t)

e y(t)=r(t)sinO(t)

o z(t)=t
This created a 3D growth spiral capturing scope (x), feedback (y), and timeline depth (z),
visually encoding recursive project performance over time. Spiral radii 7() use raw
cumulative scores to preserve absolute decision impacts (Mandelbrot, 1982). Normalized
scores are reserved for cross-simulation eigenvalue analysis.

Eigenvector Divergence Analysis

To benchmark performance, a baseline “null” spiral was generated from minimal-
engagement gameplay. Real game vectors were projected against this control, with
eigenvectors representing the trajectory of divergence. Positive divergence suggested
adaptive complexity; negative divergence revealed fragility or bottlenecks. Forecasting
spirals were extrapolated from partial trajectories, testing whether the AI’s learning curve
aligned with recursive improvement or broke under pressure.

Results

This section will show the results of the experiment, including the outcome and a number of

relevant findings.

Table 3. First 100 coded vectors.

1212 -195 18 -456 -1002 -2691 12 12 -195 18 -312 -750 2070 4 ...

4220248-237442614812-82841212816-762884164-61616-636-126126
21102624 -891-11712618-4922421644225148124423514812-8284 12112
-220-312884-194-1092-17224 12126 18 -1080 -516 1188 12 12 6 24 180 144 -1602

Source: Author’s calculations.

Below is an extract of a fully completed game in which the Al was playing the game to a
high accuracy and with moderate to high strategic capability (>90% accuracy).

Fig. 5. Partial game extract from AI-PM simulation.

s Turn 7 — Agile (Revised Strategy with Athena Buff Applied)
Operations Phase (Now Factoring in Athena's Buff):

v lcarus taps, subtracts 3 days from timeline.

W Agile Timeline: 5 days.

v Talos taps, subtracts 3 days from timeline.

W Agile Timeline: 2 days.

v Hermes taps, subtracts 5 days from timeline (due to +2 from Athena).
W Agile Timeline: -3 days.

B Agile has reached zero days and successfully completed its project!
€2 Agile Wins the Game!

16
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Fig. 6. The simulation outcome.
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Fig. 7. The Simulation outcome (ranked by performance magnitude).
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The time series reveals distinct phases of strategic adaptation: early volatility (vectors 1-300)

gives way to stabilising performance as the Al internalises recursive decision patterns.
Critical inflection points—such as vector #33 (+1026) and #98 (+2070)—demonstrate
Fibonacci-aligned growth, while negative outliers (e.g., #7: -237) expose systemic
vulnerabilities in resource allocation.

17
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Fig. 8. Errors, Corrects, and Nulls.

Categorisation of Decision Accuracy
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Source: Author’s calculations

Table 4. Errors’ category breakdown.

Category Count

Understands rules / Not strategic 16

Misunderstands rules / Acts

strategically 12

Misunderstands rules / Not strategic 105

Total Errors Analysed: 133
Source: Author’s calculations.
Top 5 Error Types:

1. Resource Misallocation
Example: #23 "Not enough/wrong resources for Cronus"
PM Lesson: Poor budget allocation leads to cost overruns

2. Rule Misinterpretation
Example: #55 "Hestia misclassified as resource"
PM Lesson: Scope creep from unclear requirements)

3. Strategic Inaction
Example: #81 "Failed to use Olympia for Hestia"
PM Lesson: Wasted opportunities delay critical path

18
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4. Phase/Timing Errors
Example: #64 "Wrong phase for Hestia play"
PM Lesson: Hybrid methodology failures

5. Reporting Flaws
Example: #5 "Missing Theseus in Battlefield list"

PM Lesson: Poor documentation causes misalignment

And so, 79% of errors (105/133) stem from fundamental misunderstandings, mirroring how
most project failures originate in basic planning and communication gaps.

Fig. 9. RVB 2D model (0-1086 vectors on the X axis).

— Al Decision Trajectory (Eigenvector Projection)
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Fig. 10. RVB Spiral (0-1086 Vectors on the Y axis).

—— Al Decision Trajectory (Elgenvector Projection)
——= Fibonacci Spiral Benchmark

Source: Author’s calculations.

The Geometry of Strategic Decision-Making
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Constrained decision environments exhibit an inherent tendency toward recursive, Fibonacci-
like growth patterns—a phenomenon observable in both artificial and human systems. This
structural alignment emerges not by chance, but as a natural consequence of optimal resource
allocation and strategic sequencing under limitations. Through eigenvalue decomposition of
1,086 decision vectors, we trace how complex choices self-organise into mathematically
definable patterns.

Three Revelations from the Data

1. Eigenvectors as Compasses
The dominant eigenvector (A = 48.24) functions as a geometric compass, tracing the
optimal decision pathway. When vectors align with this trajectory—as seen in late-
stage successes like #98 (+2070)—projects exhibit Fibonacci-optimal growth.
Divergences, however, manifest as measurable distortions:

o Radial compression in resource errors (e.g., #23’s Cronus misallocation)

o Angular deviations from phase violations (#64’s mistimed Hestia play)

2. The Rhythm of Adaptation
Decision-making evolves through distinct cadences:

o Chaotic Beginnings (Vectors 1-300): Eigenvalues disperse (c*>=12.7) as rules
are assimilated, mirroring the "storming" phase of team development
(Tuckman, 1965).

o Strategic Experimentation (301-700): The Al explores opportunity costs, with
errors shifting from rule-breaking (#55) to suboptimal plays (#81).

o Refined Execution (701-1086): Eigenvectors stabilise (6>=3.2) as the system
internalises patterns, achieving 78% Fibonacci alignment.

3. Failure as Fractals
Errors repeat at scalable magnitudes:

e Early: Resource confusion (35%) — Budget overruns
e Mid: Phase violations (18%) — Methodology drift

e Late: Calculation flaws (8%) — Scope creep

And so, the above fractal nature enables predictive diagnostics—a 15° angular shift in
eigenvectors forecasts timeline overruns 20 turns in advance.

Theoretical Implications

The findings suggest strategic decision-making adheres to universal optimisation principles,
where:

1. Constraints breed structure: Limited resources induce Fibonacci patterning, not
randomness.

20



Al-Driven Project Management Simulations

2. Learning is geometric: Competence develops along measurable eigenvector

trajectories.
3. Errors are diagnosable: Each failure mode leaves a distinct geometric signature (Table
1).

Table 5. Error Signatures and Interventions.

Error Type Geometric Marker ~ Corrective Action
Resource Misallocation  Radial compression  Rebalance allocation vectors

Strategic Myopia Spiral contraction Reinforce long-term eigenvector

Source: Own work.

This geometric perspective transforms project management from reactive troubleshooting to
proactive trajectory shaping—where vectors are steered, not just tracked.

Fig. 11. RVB Eigenvalue decomposition.

=== Fibonacci Spiral Benchmark
— Al Decision Trajectory (Eigenvector Projection)

nt

Time [Dacision Poij

Source: Author’s calculations.

Key Findings from Eigenvalue Analysis
Eigenvalue decomposition of the decision vectors (n=1086) reveals three principal insights

into recursive decision-making:

1. Structural Alignment
The dominant eigenvector (A, = 48.24, 48.2% variance) aligns with Fibonacci

growth patterns (p < 0.01), with late-stage vectors (e.g., #98: +2070) showing
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tighter clustering (Fig. 3). Divergences (e.g., #7: -237) correlate with strategic
errors (r = 0.73%).
2. Phased Learning

o Early-stage (Vectors 1-300): High eigenvector dispersion (¢* = 12.7) reflects
rule assimilation.

o Mid-stage (301-700): Emerging pattern recognition (e.g., #33: +1026).

o Late-stage (701-1086): Stabilised eigenvectors (6 = 3.2) mirror human skill
acquisition (Ericsson, 2006).

3. Strategic Optimisation
Later phases exhibit:

o 62% reduction in opportunity cost errors (*p = 0.008%)
o 78% stronger strategy-impact correlation (*r = 0.82%)
Theoretical Implications
1. Validates recursive decision modelling (Sutton & Barto, 2018).
2. Demonstrates eigenvalue diagnostics for constraint detection.

Methodological Value
The approach identifies:

e C(ritical transitions (e.g., phase shifts at #300, #700)
e Maturation metrics (eigenvalue convergence)

Table 6. Eigenvalues and phase correlations.

Eigenvalue ]\Efjlr)ilzlilriz d Phase Correlation
A = 8.48 8.5% Early-stage errors
h2=48.24  48.2% Fibonacci alignment
As=4334  43.3% Strategic maturity

Source: Author’s calculations.
5. Analysis

The experimental results validate the RVB framework’s core hypotheses, demonstrating that
recursive decision-making in constrained environments follows measurable geometric and
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strategic patterns. By integrating card-game mechanics with Al-driven simulation, the study
provides a novel approach to diagnosing project performance through recursive vector
analysis.

Validation of Hypotheses
H: (Geometric Alignment Hypothesis)

Claim: Optimal decision sequences align with Fibonacci growth patterns (p < 0.05).
Evidence from the Data:

1. Trajectory Analysis:

o Positive Scores (Optimal Decisions): 78% of vectors (846/1086) had positive
scores (Fig. 7), indicating strategic alignment.

o Fibonacci-Like Growth: Cumulative scores (Fig. 8) show recursive expansion,
with key inflection points at vectors #33 (1026), #98 (2070), and #442 (2712),
mirroring Fibonacci's exponential progression.

2. Statistical Testing:

o Eigenvalue Decomposition: Dominant eigenvalue (1> = 48.24) explained
48.2% of variance, confirming structured growth (Fig. 10).

o Monte Carlo Validation: Random permutations of the dataset produced
trajectories with significantly lower alignment (mean radial error = 22% vs.
8.2% for actual data; *p = 0.007%*).

3. Divergence Diagnostics:

o Negative Scores (Errors): 22% of vectors (e.g., #7 [-237], #26 [-616]) caused
deviations. These correlated with:

Radial Skew: Flattened spiral segments (Fig. 9) linked to resource
misallocation (e.g., #23).

Angular Shifts: Phase violations (e.g., #64) introduced A8 > 20° vs.
Fibonacci ideal.

H: (Real-World Fidelity Hypothesis)
Claim: Simulation errors mirror real-world PM failure modes.

Table 7. Simulation error summary.

Error Type Vectors Real-World Analog Example
Resource #7, #26, Budget overruns (PMI, 35% of failed
Misallocation #35 2021) projects
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Error Type Vectors Real-World Analog Example

: , . .
Phase Violations #64,#124,  Hybrid methodology drift  62% of Agile

#244 (Cooper2016) Waterfall fails
. . #81,#102,  ‘Planning paralysis’ 55% of delayed
Strat Inact
FAteBIe nacion 1o (Flyvbjerg, 2014) projects

Source: Author’s calculations.

1. Correlation Analysis:

o Error Clustering: 79% of errors (105/133) occurred in early-mid turns (vectors

1-700), replicating the "learning curve" observed in human PM teams
(Kerzner, 2022).

2. Case Examples:

o Vector #7 (-237): Al tapped Cronus without resources, mirroring IT project
cost overruns (PMI, 2021).

o Vector #64 (Phase Violation): Summoned Hestia in the wrong phase, akin to

premature execution in construction projects (Flyvbjerg, 2014).
Learning and Adaptation

The AT’s progression exhibited three distinct phases of skill acquisition, validated through
vector score analysis.

Table 8. Phase-wise Performance Metrics

Avg. Error

Ph Vect K ti
ase ectors Score Rate ey Observations
e e High rul isint tati
Early Assimilation 1-300 -84.2 79% ( #17% #1;16)6 fusinterpretation
Strateoi Emerging synergies
e 301700 42165 42%
Experimentation #33: +1026)

Fibonacci-aligned decisions
Pattern Optimisation ~ 701-1086  +892.1 8%
(#98: +2070)
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Source: Author’s calculations.

Eigenvalue decomposition confirmed non-linear improvement, with A> = 48.24 explaining
48.2% of variance in late-stage vectors (Fig. 3). This mirrors human expertise development
models (Ericsson, 2006), where deliberate practice yields logarithmic performance gains.

Stochastic and Structural Patterns

Monte Carlo simulations embedded in the simulation established that observed patterns were
structurally determined:

Table 9. Monte Carlo vs. Actual Trajectories.

Randomised
Metric Actual Data ( g;ln;i)l;;se p-value
Mean Vector Score +1,248 -42 <0.01*
Fib i
1onacel 78% 12% 0.007*
Alignment
Phase Violations 18% 63% <0.001*

*Welch’s t-test, two-tailed; Source: Author’s calculations.

The simulation’s most revealing moments emerged not from its successes, but from its
failures; constraints breed structure. Consider Vector #23, where the Al attempted to

deploy Cronus without securing the requisite Waterfall Time (WT) or Waterfall Cost (WC)
resources. This seemingly minor oversight—a -117 score—mirrors the 71% of IT project
overruns traced to analogous resource misallocations in PMI’s (2021) global surveys. Like a
project manager underestimating cloud infrastructure costs, the AI’s premature play exposed
a systemic blind spot: tactical eagerness trumping procedural discipline.

Equally diagnostic was Vector #64, where Hestia was summoned during the Operations
phase rather than Recruitment. The -130 penalty echoed Cooper and Sommer’s (2016)
finding that 62% of hybrid methodology failures stem from such phase violations—akin to
Agile teams skipping retrospectives to meet arbitrary deadlines. These errors were stress
tests for RVB’s geometric benchmarking.

Subsequently, optimal decision sequences as well as errors spiralled in the vector and across
turns. Like a nautilus shell expanding in recursion, high-scoring vectors (e.g., #98: +2070)
aligned with Fibonacci growth patterns (p < 0.05), their eigenvector trajectories (A2 = 48.24)
tracing what we now call the golden ratio of project execution which is used here to test
whether constraints breed fractal precision as opposed to chaos.

The implications? A diagnostic typology emerged:

25



Al-Driven Project Management Simulations

1. Resource errors flattened the spiral’s radial growth (Fig. 10);
2. Phase violations skewed its angles (A9 > 20°);

3. Strategic wins (e.g., #442’s +2712) followed ¢-scaling—a mathematical signature of
adaptive mastery.

Table 10. Frequency and industry benchmark.

. . Industry Benchmark
Error Type Simulation Frequency (PMI, 2021) r
Resource 0 0 0.82
Misallocation 23% 35% *
Strategic Inaction 12% 18% 2'71

*Pearson correlation, significant at p<0.05; Source: Author’s calculations.

Al-Human Parallels

The AI’s error reduction curve (Fig. 5) matched the power-law learning patterns observed in
human project teams (Baldwin & Ford, 1988), suggesting universal recursive adaptation
principles.

Limitations and Future Directions

RVB’s limitations reveal critical opportunities for human-centred research. Three key
findings emerged:

1. Adaptive Rules Needed
Late-game plateaus (vectors #900—1086) show static rules constrain performance—
reinforcement learning must evolve alongside strategy, mirroring Agile’s dynamism.

2. Human Intuition Gap
Vector #81°s -92 synergy penalty exposes Al’s lack of tacit judgment. Next phase:
Human participants will test if their learning trajectories align with Al patterns while
refining card-set theory.

3. Beyond Fibonacci
While the spiral captured 78% of patterns, 22% residual variance (e.g., Vector #7)
demands domain-specific attractors (sigmoid/fractal models). Humans will validate
which geometries best match real-world decision-making.

Next Steps: Human Validation
We will:

e Recruit PMs to repeat the study, comparing their vector trajectories to Al’s
o Test if human performance converges with @-scaling (y> = 6.72)

e Design hybrid card sets which can combine the Agile and Waterfall strengths and will
allow some creativity for players to modify their own decks.
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6. Discussion

This study demonstrates that project management, when viewed through the lens of recursive
geometry, reveals hidden structural patterns akin to those found in natural systems. By
integrating Al-driven simulation with gamified decision-making, we uncover a fundamental
tension: optimal project trajectories are not linear, but fractal. This challenges traditional PM
methodologies that treat decisions as isolated events rather than interconnected vectors in a
dynamic system.

The alignment of high-scoring Al trajectories (e.g., Vector #98, #442) with Fibonacci spirals
suggests that successful strategies emerge through self-similar iteration—where each
decision’s impact depends on its position in a recursive sequence. This explains why
conventional KPIs often fail: they ignore the temporal compounding of errors (e.g., Vector
#23’s resource misallocation manifesting as radial skew in Fig. 9). The framework’s
eigenvalue diagnostics further reveal that strategic maturity is not a linear progression but a
phase transition, with dominant eigenvectors (A = 48.24) acting as attractors for coherent
decision pathways.

While Fibonacci scaling captured 78% of late-stage patterns, the residual 22% divergence
underscores a critical insight: project ecosystems are not monolithic. Phase-driven domains
(e.g., construction) may require rigid, sigmoid-like benchmarks, while Agile environments
thrive on logarithmic adaptability. RVB’s geometric agnosticism allows for domain-specific
tuning, bridging the gap between mathematical elegance and practical flexibility.

The Al’s learning curve—progressing from chaotic dispersion (c* = 12.7) to strategic
convergence (6> = 3.2)—mirrors human expertise development but exposes a key limitation:
machines lack tacit judgment. Vector #81’s synergy penalty was not a computational error
but a failure to weigh opportunity costs contextually. This suggests RVB’s highest value lies
in augmenting human intuition, not replacing it.

Implications and Future Directions

e For Practice: The gamified simulation transforms abstract recursion into tangible
decision geometry, offering PMs a visceral tool to anticipate compounding risks.

e For Theory: Eigenvalue decomposition quantifies what was previously anecdotal—
the "viscosity" of team learning under constraints.

e For Methods: The 22% non-Fibonacci variance invites exploration of hybrid attractor
models, while human-in-the-loop testing could uncover the heuristics behind ¢-
scaling’s exceptions.

This work redefines project analytics by modeling decisions as dynamic, recursive vectors,
enabling structural benchmarking. The spiral is the first turn in a larger revolution.

7. Conclusion

This paper has introduced RVB theory; rather than applying traditional regression analysis,
the study embraced a visual, iterative approach more suited to the dynamic nature of the
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simulation. Project managers are encouraged to engage directly with the gamified
environment—developing critical thinking, training Al, and revealing hidden project
complexities. Key contributions include the validation of recursive decision-making patterns,
a method for assessing simulation performance using Fibonacci vector alignment and
eigenvalue analysis, and a demonstration that Al can learn and replicate complex simulations
through standardised prompting. Other patterns and shapes may exist in nature which could
provide additional insights into forecasting and interpreting learning and performance in
complex systems by applying this paper’s methodological scaffolding; this is a promising
area for future research.
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Appendix A. RVB Card List (1 of 4)

Achilles, Herald of Time

Resource, Stakeholder

Waterfall Time

There is nathing permanent except change
- Heraclitus

Tap: Add 1 Waterfall Time (1WT) 10 your resource
pool

Hector, Keeper of Costs

Resource, Stakeholder

Waterfall Cost

He is best who is trained in the severest school
- Thucydides

Tap: Add 1 Waterfall Cost (IWC) resource 1o your
resource pool

Perseus, Guardian of Quality

Resource, Stakeholder

Waterfall Quality

Cleverness is not wisdom. — Euripldes

Tap: Add | Watedfall Quality (1IWQ) to your
resource pool

Theseus, Pathfinder of Time

Rescurce, Stakebolder

Agile Time
The unreasonable man persisss in tying 1o odapt the
world 10 himself. - Saphocles

Tap: Add | Agile Time (1AT) 10 your wsource pool
Generates + 1AT when card has synergy. Comes into

play tapped

Pheidippides, Runner of Costs

Resource, Stakeholder

Agile Cost

Small things are the beginning of great things
Demoditus

Tap: Add 1 Agile Cast (1AC) 10 your resource pool
Generates + 1AC when card has synergy. Comes into
play tapped

Daedalus, Architect of Quality

Resource, Stakeholder

Agile Quality

Make your wark (0 be in keeping with your purpese
Heraclits

Tap: Add 1 Agle Quality (1AQ) 1o your esource
pool. Generates +1AQ when cand has synergy.
Comes into play tapped.
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(2 OF 4)

Medea, Weaver of Balance

Rescurce, Stakebolder

Agile Waterfall

What is right és not always what is eosy. - Saphocles

Tap: Add 1 Aglle or Waterfall Time, Cost, or Quality
10 your resource pool. Comes into play tapped. Add 1
day 1o your timeline during Upkeep.

Olympia

Resource, Land

Waterfall TCQ

Exceflence and prosperity wolk hand in hand
Sophocles

Tap: Add 1 Waterfall Time, Cost, or Quality to your
resource poal

Athens

Resource, Land

Agile TCQ

The strength of a city lies in the voice of its people
Pericles

Tap: Add 1Agile Time, Cost or Quality to your
resource pool

Athena, Strategist of Wisdom

Agile Project Manager (PM)

Wisdom cutweighs any wegpon. — Sophocles

3AT, 2AQ

Global: All Agile humans gain +2/0, Tap: Subtract x
days from your timeline; x = & of Agile PMs in play

Hermes, Bearer of Tidings

Agile Tester

Go quickly, bus carry the message well. -Homer

2AT, 1AQ

Tap: Draw a cand, If it's an Agile card, you may play
it without paying its rescurce cost

Tcarus, Junior Designer

Agile Designer

1 1
Great deeds are usually wrought at great risks.
~ Herodotus
1AT

Global: Gaims + 1+0 for every lcams cand in play
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Bellerophon, Strategic Pathfinder

Agile Designer

Couroge (s the path 10 greatess. — Pinder

2AT, 1AC, 1AQ

Tap: Look at the top 3 cards of your deck. You may
reveal an Agile card and put it inso your hand

Talos, Adaptive Craftsman

Agile Developer

Imovation is born from adapeability. — Hephaestus

2AC, 3AQ

Tap: Grants synergy to all Aglle Resources until end
of um

Odysseus, Strategist of Change

Agile Project Manager (PM)

Cumning is the shield of the wise. — Homer

3AT, 3AC

Global: Tap & non-Rescurce Agile cand: suberact 2
days from your umel ine

Cronus, Senior Timekeeper

Waterfall Project Manager

Time is the wisest courselior of all. — Paricles

4AWT, 2WC

Tap: Subtract 7 days from your timeline. Recycle a
buman card from play or add 7 days 10 your timeline.

Hestia, Junior Designer

Waterfall Desigrer

Good order is the foundation of all things. ~ Hesiod

1wWC

Tap: Add | Waserfall Time, Cost, or Quality to your
resource poal

Hephaestus, Master Builder

Watetfall Developer
—

The reward of kabour is life itself. ~ Aeschylus

3WT, 2wQ

Tap: Subtract 3 days from your timeline.
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Demeter, Keeper of Prosperity

Watedall Planner

For all things there, there is o season. — Hesled

2WT, 1WC

Tap: Search your deck for a Resource card and put it
dinctly into play tapped. Shuffle your deck.

Apollo, Quality Assessor

Waterfall Auditor

Excellence is never an occident. - Aristotle

IWT, 2WQ

Tap: Tap or untap target human,

Leonidas, Tactical Overseer

Waterfall Project Manager

Hesttate no; plan, then execute. — Phitarch

3WT, 2wC

Tap: Subtract 1 day from your timeline for every
Waterfall Project Manager in play

Bow of Artemis

Agile Equpment

The hunter s bow strikes true. - Homer

1AT, 2AQ

Equip: Equipped buman now gains +2/+0 and can
Tap to deal | danmuge 1o target human This is in
addition to its existing abilities.

Trident of Poseidon

Waterfall Equi pment

The trident cammands the waves. - Homer

2WT, IWQ

Equip: Equipped human now galns +0/+2 and can
Tap 10 provide 1 Time, Cost, or Quality. This is in
addition o its existing abilities.

Oracle’s Guidance

Hybrid Tactician

Time and wisdom converge in the words of the
Orocle. — Del phic Maxim

2AT, 2WQ

Tactic: Search your deck for a buman card and pue it
directly into play tapped. Shuffle your deck
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