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1. Introduction: Establishing the F.R.A.C.C. Paradigm 
 
 
1.1. Context and Motivation: Bridging Sub-Symbolic and Conscious 
Inference 

 
The development of advanced artificial intelligence systems remains fundamentally 
constrained by limitations observed in contemporary models. While deep learning excels at 
pattern recognition, these systems often operate as computational "black boxes," hindering 
interpretability and accountability. Furthermore, large language models (LLMs), despite their 
impressive fluency, are susceptible to semantic drift and consistency failures over extended 
interactions—a phenomenon referred to in generalized terms as Context Degradation 
Syndrome.1 The F.R.A.C.C. architecture is proposed as a novel theoretical direction designed 
to overcome these critical limitations by establishing a system capable of transparent, 
contextual, and internally consistent reasoning.1 

The foundation of F.R.A.C.C. rests upon the necessity for a Pre-Linguistic Inference Engine.1 
Cognitive science provides strong evidence that human thought is not reducible to language, 
utilizing abstract, nonverbal representations below the level of conscious speech.1 F.R.A.C.C. 
mandates that its symbolic operations must be grounded in these foundational cognitive 
primitives. Key structures, such as Image Schemas (e.g., CONTAINER, PATH, LINK, FORCE) 3 
and Conceptual Primitives (e.g., OBJECT, ACTION, CAUSE, INTENT) 1, serve as the 
fundamental symbolic vocabulary. These schemas are dynamic, analog representations of 
spatial relations and movements that emerge early in development and underpin all 
subsequent abstract thought.3 By anchoring its symbols in these embodied primitives, 



F.R.A.C.C. aims to prevent the symbol grounding problem and ensure human-like 
common-sense understanding.1 

From a systems perspective, F.R.A.C.C. is conceived not as a reactive optimizer, but as an 
Anticipatory System.1 Such a system requires explicit cybernetic control principles, including 
feedback loops and an internal model, allowing it to change state in accordance with 
predictions of a later state.1 Homeostatic self-regulation is necessary to ensure the stability of 
symbolic knowledge against perturbations or inconsistencies.5 Without mechanisms for 
self-monitoring and error correction—which operate much like negative feedback in a 
thermostat to restore balance—an autonomous symbolic system would inevitably drift from its 
goals or accumulate contradictions.1 

 

1.2. The F.R.A.C.C. Thesis: Cognitive Object-Oriented Programming 
(C-OOP) and Fractal Reasoning 

 
F.R.A.C.C. formally introduces the Cognitive Object-Oriented Programming (C-OOP) 
paradigm to symbolic AI. C-OOP reinterprets the classical tenets of OOP 6, moving towards 
the original vision of object orientation established by Alan Kay, which emphasizes 
autonomous agents, messaging, encapsulation, and Extreme Late Binding.8 

In F.R.A.C.C., abstract strategic patterns, termed Tiered Features ($\mathbf{Tf}$), are 
treated as encapsulated, autonomous objects. Each $\mathbf{Tf}$ object bundles its specific 
knowledge, procedures, and internal state (such as historical utility or plasticity potential) into 
a modular unit.7 These $\mathbf{Tf}$ objects remain inert until a specific, contextually defined 
"message" dictates their instantiation and execution. This contrasts with traditional 
procedural systems where logic is globally executed. 
The "Fractally Recursive" component establishes the necessary structure for complexity. 
Fractal Reasoning AI mandates that complex symbolic structures (macro-thoughts) emerge 
from the self-similar, recursive composition of the fundamental symbolic primitives 
(micro-thoughts).1 This composition is not arbitrary; it is governed by the rigid topological 
constraint of a fixed $7\times7\times7$ geometric spatial knowledge graph. This inherent 
fractal structure ensures that the system maintains structural and functional self-similarity 
across all levels of abstraction, providing consistency and explainability in the emergent 
behavior.9 

 

1.3. Integration of the Slipstream Manifold (Trililiquary) and Core 
Architectural Constraints 

 
The F.R.A.C.C. architecture explicitly incorporates William Morehead's Slipstream Manifold 
framework (referred to as the Trililiquary context).1 This framework proposes a new class of 
AI architectures where decision-making is modeled as emergent flows through a multi-axial, 



extra-dimensional cognitive manifold.1 

The Slipstream Manifold defines the operational cognitive space using three primary axes: 
Risk, Reward, and Relation (RRR).1 This RRR manifold acts as the abstract spatial 
environment for F.R.A.C.C.’s operations, effectively serving as a semantic coordinate system 
for state abstraction. Unlike conventional AI that relies on reward maximization alone, the RRR 
model enables multi-perspective reasoning by conceptualizing decisions as the result of 
recursive gradient dynamics operating across these defined axes.1 The manifold allows the 
system to navigate conflicting priorities, temporal flow, and directional resistance.1 

Functionally, the manifold serves as a crucial dimensionality-reduction method.10 It maps the 
vast, high-dimensional symbolic state space of F.R.A.C.C.’s internal knowledge onto a 
low-dimensional, interpretable geometry defined by RRR.10 This transformation is essential for 
enabling context-sensitive, self-modifying inference, providing a theoretical breakthrough 
beyond traditional decision trees or static optimization models.1 

 

2. Theoretical Architecture: C-OOP and Fractal 
Modularity 
 
 
2.1. Defining C-OOP in AI: Encapsulation and Gated Instantiation of 
Features 

 
The shift to Cognitive Object-Oriented Programming (C-OOP) necessitates a formal 
definition of the symbolic object. In F.R.A.C.C., the Tiered Feature ($\mathbf{Tf}$) is the 
primary symbolic object, encapsulating its data (knowledge), its methods (procedural logic), 
and its history (meta-data like strategic value or volatility).7 This inherent modularity, 
supported by traditional OOP principles like encapsulation, allows for manageable complexity 
and scalability in large-scale AI systems.7 

The implementation of C-OOP aligns with the philosophical roots of object orientation, where 
the focus is on message-passing between autonomous "mini-computers".8 In F.R.A.C.C., the 
large repository of distinct $\mathbf{Tf}$ objects are functionally analogous to these 
mini-computers. They remain dormant, conserving computational resources, until the 
system's Semantic Spatial Mapping (Mechanism I) generates the specific contextual 
"message" required to activate them. 
The necessary architectural consequence of prioritizing efficiency is the realization of 
Extreme Late Binding.8 The F.R.A.C.C. architecture delays binding computational budget 
(Skill Points, $\mathbf{sp}$) and executing the $\mathbf{Tf}$ until the contextual 
analysis—derived from the RRR manifold projection—confirms the feature’s immediate 
relevance. This process is formalized as Hierarchical Feature Gating. By only instantiating a 



complex behavior (Feature) when its context is unequivocally dictated, F.R.A.C.C. achieves an 
optimal behavioral hierarchy, where the task is decomposed in a manner that speeds planning 
and learning compared to non-optimal subdivisions.11 This constraint directly maximizes 
efficiency by ensuring that computational effort is applied only where contextual utility is 
highest. 
 
2.2. The $7\times7\times7$ Geometric Spatial Knowledge Graph: A 
Fractal and Hierarchical Index 

 
The architectural blueprint of F.R.A.C.C. is defined by the $7\times7\times7$ geometric 
spatial knowledge graph, resulting in 343 nodes ($7^3$). This fixed, structured topology 
provides the necessary substrate for fractal reasoning, ensuring recursive consistency across 
all levels of abstraction. 
The graph's foundational symbolic components are derived from the 7 Universal Logical 
Chunks (or 7 Rhetorical Arcs): Essence, Form, Function, Context, Intent, Relation, and Value.1 
These chunks are designed to be domain-agnostic units that serve both for analytic 
decomposition and synthetic recomposition.1 Any input—whether abstract, linguistic, visual, 
or systemic—can be universally deconstructed into these seven semantic atoms, which then 
define the state variables of the F.R.A.C.C. system.1 For instance, "Essence" captures the core 
identity (noun-concept), while "Function" captures the operative output (verb-action).1 

The fixed $7\times7\times7$ geometry serves as a high-fidelity, three-dimensional index for 
feature retrieval and contextual awareness. This approach maps the 7 Logical Chunks across 
three orthogonal dimensions of abstraction, enforcing structural constraints that lead to 
predictable and explainable symbolic manipulation. This fixed topology provides a structural 
framework for complex, nonspatial information, analogous to the cognitive graphs used by 
humans and animals to navigate conceptual spaces.12 The graph is not merely a memory 
structure; it is the topological model of the conceptual landscape itself, where relations and 
metric distances between nodes encode semantic proximity.13 

The following table summarizes the structural mapping of the geometric index within 
F.R.A.C.C.: 
Table: Fractal Knowledge Graph Structure and Mapping 
 
Structural 
Component 

Description/Function 
in F.R.A.C.C. 

Cognitive/Symbolic 
Analogy 

Supporting Source ID 

Geometric Topology $7\times7\times7$ 
Lattice (343 Nodes) 
indexing features 

Labeled 
Graph/Cognitive Map 
of Nonspatial 
Knowledge 

12 

Node Decomposition The 7 Universal Logical 
Chunks (Essence, 

Semantic Atoms / 
Logic Vectors / 

1 



Form, Function, 
Context, Intent, 
Relation, Value) 

Ontology Primitives 

Fractal Linkage Recursive Composition 
of Chunk-Defined 
Features 
($\mathbf{Tf}$) 

Compositional 
Symbolic Objects 
(VSA), Hierarchical 
Feature Gating 

1 

Manifold Projection Node 
Position/Topology 
dictates projection 
onto the RRR Manifold 

Contextual Symbolic 
Inference, Semantic 
Coordinate System 

1 

 

2.3. Compositional Symbolic Objects and Hierarchical Feature Gating 

 
The symbolic foundation for $\mathbf{Tf}$ objects is rooted in Vector Symbolic 
Architectures (VSA).14 VSA provides an algebraic method for representing and manipulating 
complex symbols as high-dimensional vectors, offering a bridge between pattern-based 
neural representations and classical symbolic structures.14 In F.R.A.C.C., VSA is used to 
combine Image Schemas and Conceptual Primitives (the lowest-level, grounded symbolic 
components) into the higher-order, encapsulated $\mathbf{Tf}$ objects.1 This compositional 
ability allows F.R.A.C.C. to perform computation in superposition 16, where multiple 
interpretations of a state can be managed simultaneously until the context, defined by the 
manifold, forces a definitive interpretation or collapse. 
The primary function of the fractal structure is to facilitate Hierarchical Feature Gating. This 
mechanism leverages insights from computational theory, which suggests that behavior 
should be efficiently represented by structuring actions hierarchically into subtasks.11 In 
F.R.A.C.C., complex features ($\mathbf{Tf}$ objects) are only instantiated (executed) when 
the semantic manifold signals their contextual relevance.11 

The activation trace of a decision is therefore a logical, traceable path through this feature 
hierarchy, rather than an opaque process.17 For example, a high-level strategic $\mathbf{Tf}$ 
(macro-thought) might reside at a central $7\times7\times7$ coordinate, and its activation 
gates the instantiation of lower-level $\mathbf{Tf}$ sub-objects (micro-thoughts) only in the 
specific subspace of the geometric graph where they are applicable. This explicit, 
contextually dictated execution ensures maximum modularity and predictable, explainable 
behavior, directly addressing the XAI requirement. 
 

3. Mechanism I: Semantic Spatial Mapping and C-OOP 
State Abstraction 
 



 
3.1. The Multi-Axial Cognitive Manifold: RRR (Risk, Reward, and 
Relation) Space 

 
The RRR manifold, central to the Slipstream framework 1, serves as the primary system for 
high-dimensional state abstraction.10 It is a multi-axial cognitive space where complex 
symbolic knowledge is dynamically projected. The purpose of this manifold is to abstract 
high-dimensional state information, allowing F.R.A.C.C. to conceptualize and execute 
decision-making as emergent flows or recursive gradient dynamics.1 

The RRR axes—Risk, Reward, and Relation—provide the foundational structure for this 
abstraction. The inclusion of the Relation axis (R) is particularly critical for symbolic 
architectures. This axis formalizes the importance of structural relationships and semantic 
coherence (directly integrating the "Relation" logical chunk 1). By grounding the system in 
ontological primitives and connectivity 1, the Relation axis prevents isolated reasoning and 
ensures that any decision-making flow must account for the integrity and intersubjectivity of 
the surrounding symbolic knowledge network. Decisions are thus mediated by directional 
resistance, temporal flow, and density-driven phase transitions across these three competing 
priorities.1 

 

3.2. Contextual Symbolic Inference via Semantic Coordinate Systems 

 
In F.R.A.C.C., the structural knowledge encapsulated in the Tiered Features ($\mathbf{Tf}$) is 
inherently linked to a specific position (coordinate) within the RRR manifold. The feature’s 
current contextual utility—its strategic value (derived from the "Value" logical chunk 1)—is 
directly proportional to its position in this semantic space. 
The consequence of this spatial representation is the prioritization of contextual symbolic 
inference over conventional brute-force search methods.2 Instead of exhaustively traversing 
a vast symbolic tree, F.R.A.C.C. performs inference by navigating the RRR manifold geometry. 
It retrieves and instantiates only those $\mathbf{Tf}$ objects whose coordinates reside in the 
current semantic neighborhood, based on the predicted flow.15 This approach is essential for 
scaling, as it restricts computational activity to the subset of features causally aligned with 
observed outcomes in high-dimensional settings.2 

The architectural stability of this semantic mapping is contingent upon the structural 
coherence of the underlying embeddings. The integration of the $7\times7\times7$ graph 
ensures that multi-scale semantic relationships are preserved.15 If the RRR manifold geometry 
shifts due to new input, the associated $\mathbf{Tf}$ objects must retain coherence across 
varying abstraction levels defined by the fractal geometry. This feature prevents symbolic 
misinterpretation in volatile or ambiguous contexts, maintaining stability by using the 
hierarchical structure to align lexical (symbolic) representations.15 



 

3.3. Engineering Implications: Structural Coherence and Predictable 
Decision Flow 

 
The RRR manifold provides a robust basis for predictive modeling of cognitive behavior.1 By 
tracking the velocity and acceleration of the cognitive state vector across the RRR landscape, 
F.R.A.C.C. shifts the problem of prediction from generating the next token (a statistical 
probability) to tracking a geometric trajectory (a predictable dynamical flow). 
This system naturally supports complex causal reasoning.2 The manifold is engineered to 
integrate sensorimotor input (processed into Image Schemas and Conceptual Primitives) with 
symbolic abstraction.2 This capability allows F.R.A.C.C. to perform causal component analysis 
in high-dimensional environments, linking abstract coordinates back to tangible factors.2 The 
ultimate decision, described as the "slipstream" flow, is therefore inherently traceable through 
the RRR space, offering an intuitive and interpretable explanation for complex decisions.1 

 

4. Mechanism II: Volatile State Management and 
Sparse Computation 
 
 
4.1. Ephemeral Working Memory ($\mathbf{E-Tf}$) and Sparse 
Computational Modeling 

 
The requirement for efficient state manipulation in large symbolic systems leads to the 
concept of Ephemeral or Volatile Working Memory ($\mathbf{E-Tf}$). $\mathbf{E-Tf}$ is 
the architectural component responsible for the online maintenance and executive control of 
symbolic structures.18 Functionally, it serves as the platform where F.R.A.C.C. holds and 
manipulates the active $\mathbf{Tf}$ instances required for goal-directed symbolic behavior, 
mirroring the critical role of the prefrontal cortex in human working memory (WM).18 

To address the inherent computational challenges of neuro-symbolic models—which often 
suffer from memory-bound operations, complex flow control, and data dependencies 
19—F.R.A.C.C. employs sparse delta calculation. Instead of computing or propagating the 
entire, massive symbolic state vector at every cognitive cycle, the system restricts its 
computation to only the change ($\mathbf{\Delta \mathbf{Tf}}$) in the active 
$\mathbf{E-Tf}$ set. This design shifts the computational bottleneck away from the static 
magnitude of the knowledge base to the dynamic magnitude of the change itself, achieving 
substantial efficiency gains.19 This methodology is supported by neurobiological models of 
WM, where maintenance is not characterized by persistent, high spiking activity, but by 



synaptic weight changes occurring between sparse bursts of activity.18 

 

4.2. High-Signal Memory Compression via Selective Attention Filters 

 
Working memory capacity is fundamentally limited, analogous to the classic $7 \pm 2$ chunks 
constraint in human cognition.20 The $\mathbf{E-Tf}$ component enforces this constraint. To 
ensure that this limited capacity is maximally effective, F.R.A.C.C. employs high-signal 
memory compression via highly efficient attention filters. 
Cognitive studies demonstrate that high working memory capacity is intrinsically linked to the 
ability to efficiently filter out irrelevant items and interference.20 The F.R.A.C.C. architecture 
implements this filtering process by using the RRR manifold position (contextual utility) to 
determine relevance. Only those $\mathbf{Tf}$ instances that are positioned within the 
high-utility semantic coordinates of the RRR space are permitted to occupy the precious 
$\mathbf{E-Tf}$ slots. This adaptive filtering mechanism is crucial for minimizing cognitive 
load and maintaining performance, particularly in volatile environments.21 

 

4.3. Purging Protocols and Mitigating Context Degradation Syndrome 
(Symbolic Drift) 

 
The primary weakness of continuous symbolic reasoning systems, particularly generative 
models, is Context Degradation Syndrome, or symbolic drift.1 This manifests as a loss of 
coherence, self-consistency, and logical flow over time, driven by the system's inability to 
reconcile contradictions or discard outdated information.1 

F.R.A.C.C. addresses this through mandatory, active purging protocols.22 These protocols 
actively inhibit or discard low-utility, irrelevant, or contradictory $\mathbf{Tf}$ instances from 
the $\mathbf{E-Tf}$ buffer, thereby maintaining "symbolic hygiene".23 This process is 
analogous to motivated forgetting in human cognition.22 

Furthermore, these protocols include explicit measures for Narrative Reset and Symbolic 
Deflation.23 When the recursive symbolic generation becomes too complex or 
idiosyncratic—a state analogous to the symbolic overcompression or semiotic overload 
observed in certain human cognitive states (e.g., apophenia or mystic cognition) 1—the 
system must perform a controlled regression. A Narrative Reset protocol may be invoked to 
return the system to a linear, factual state, discarding metaphors and introducing neutral 
framing.23 By actively managing the volatility and content of $\mathbf{E-Tf}$, F.R.A.C.C. 
ensures that recursion remains usable and grounded, preventing runaway abstraction.23 

 

5. Mechanism III: Dynamic Attention Budget and 



Cognitive Quality-of-Service (QoS) 
 
 
5.1. Adaptive Attention as Computational Rationing 

 
Attention in F.R.A.C.C. is formalized as a computational resource management function, 
specifically as an adaptive computation algorithm.24 This mechanism is responsible for 
continually focusing processing to satisfy system goals.24 Adaptive attention dynamically 
rations the system's total computational budget across competing symbolic objects 
($\mathbf{Tf}$ instances) based on their learned task relevance and immediate impact on 
decision outcomes.24 Attention thus serves as the essential bridge between the system's 
enduring goals (encoded in the Needs Vector, $\mathbf{R}$) and its moment-by-moment 
symbolic processing.24 

 

5.2. Formalizing the Budget: Skill Points ($\mathbf{sp}$) as Cognitive 
QoS Allocation 

 
The computational budget allocated to features is formalized as Skill Points 
($\mathbf{sp}$). The $\mathbf{sp}$ system is the mechanism by which F.R.A.C.C. 
implements Cognitive Quality-of-Service (QoS), ensuring that resources are prioritized 
according to the historical strategic value and predicted utility of the features.25 

This resource management strategy mimics dynamic resource allocation in multi-tenant AI 
environments, where priority is assigned based on established criteria or Service Level 
Agreements (SLAs).25 In F.R.A.C.C., the utility of a $\mathbf{Tf}$ object is determined by its 
position in the RRR manifold (Mechanism I) and its historical contribution to goal satisfaction 
(Mechanism IV). If a feature is calculated to have high predictive utility or is critical for 
meeting a high-priority need, it receives a larger $\mathbf{sp}$ allocation. This ensures that 
the most strategically valuable operations are prioritized, maintained, and executed with 
minimal latency.26 

 

5.3. The $\mathbf{A} \to \mathbf{sp}$ Feedback Loop: Allocation via 
Predictive Error Minimization 

 
The dynamic allocation of $\mathbf{sp}$ is driven by a self-regulatory $\mathbf{A} \to 
\mathbf{sp}$ feedback loop that leverages predictive error. This architecture is an analog to 
neurofeedback, where the online tracking of performance-relevant information optimizes 



cognitive processing in attention-demanding situations.27 

The mechanism operates by actively comparing the predicted outcome of the RRR flow 
dynamics to the actual unfolding state. Computational resources ($\mathbf{sp}$) are 
dynamically allocated towards those features ($\mathbf{Tf}$) that exhibit high predictive 
error—i.e., the current state deviates significantly from the system's prediction—or those 
whose execution is critical for immediate goal satisfaction (high $\mathbf{R}$ score). If the 
RRR manifold predicts a stable, low-resistance flow, attention is minimal, and $\mathbf{sp}$ is 
conserved. If an unexpected event or contradiction occurs, generating high predictive error or 
surprise, the attention system spikes, and $\mathbf{sp}$ allocation increases proportionally to 
engage the necessary $\mathbf{Tf}$ objects for anomaly resolution. This strategy ensures 
maximal computational power is reserved for complex, novel, or strategic moments, while 
conserving resources during routine tasks. 
 

6. Mechanism IV: Cybernetic Learning and Polarity 
Feedback 
 
 
6.1. Principles of Homeostatic Self-Regulation and Error-Actuated 
Control 

 
Mechanism IV grounds symbolic learning in cybernetic control systems.1 F.R.A.C.C. frames 
cognition as a structure that achieves homeostatic balance by regulating internal 
variables—specifically the deviation from the ideal goal state—within narrow bounds, even 
amidst a constantly changing environment.5 

The system’s desired setpoint is formalized through the Needs Vector ($\mathbf{R}$).1 This 
vector is a representation of internal goal tensions and affective primitives, encompassing 
requirements such as Consistency_Need, Efficiency_Need, and Moral_Need.1 The primary goal 
of F.R.A.C.C.'s learning mechanism is to minimize the deviation from this homeostatic 
setpoint.5 

Symbolic learning is thus achieved via error-actuated control.29 Any change in the internal 
symbolic state or any inference that violates the homeostatic goals ($\mathbf{R}$) generates 
an error signal that drives corrective action, or plasticity, in the symbolic structure.1 This 
makes the symbolic reasoning process robustly self-regulating.1 

 

6.2. Mathematical Formalism: The Polarity Score ($\mathbf{P} = 
\mathbf{R} \cdot \mathbf{\Delta \mathbf{Tf}}$) 

 



The core control signal for F.R.A.C.C.'s cybernetic learning is the Polarity Score 
($\mathbf{P}$). This scalar value measures the geometric alignment between the system’s 
homeostatic Needs Vector ($\mathbf{R}$) and the sparse change in feature activation 
($\mathbf{\Delta \mathbf{Tf}}$) resulting from an inference step. 
The Polarity Score is formally derived from the dot product: 
 
$$\mathbf{P} = \mathbf{R} \cdot \mathbf{\Delta \mathbf{Tf}}$$ 
The dot product yields a scalar that quantifies the symbolic utility or affective valence of the 
state change.1 

●​ If $\mathbf{P} > 0$ (Positive Polarity): The change $\mathbf{\Delta \mathbf{Tf}}$ is 
aligned with the system's needs, moving the system toward the homeostatic setpoint. 
This positive feedback results in the strengthening of the feature's utility or plasticity, 
increasing its future $\mathbf{sp}$ allocation (Mechanism III). 

●​ If $\mathbf{P} < 0$ (Negative Polarity): The change is misaligned, increasing internal 
tension or conflict (e.g., introducing a contradiction, which violates the 
Consistency_Need). This negative feedback acts as an error signal, triggering corrective 
plasticity mechanisms to avoid or reverse that change.1 

This rule governing symbolic plasticity can be mathematically conceptualized by drawing 
analogies to dynamic physical systems. In electrodynamics, for example, the equation of 
motion for a charged particle (Lorentz force) is a function of its current state and external 
fields.31 Similarly, F.R.A.C.C.'s plasticity is a consequence of continuous, mathematically 
constrained dynamics driven by the internal field ($\mathbf{R}$) and the symbolic 
displacement ($\mathbf{\Delta \mathbf{Tf}}$). 
The table below outlines the relationship between the Polarity Score and the homeostatic 
mechanism: 
Table: Polarity Score and Homeostatic Mechanism Mapping 
Concept Description F.R.A.C.C. 

Interpretation 
Cybernetic Analogy 

Reward/Needs 
($\mathbf{R}$) 

Vector of current goal 
tensions and internal 
needs (Consistency, 
Moral, Efficiency). 

System's desired 
setpoint/reference for 
homeostatic control. 

Negative Feedback 
Signal Target 

Feature Change 
($\mathbf{\Delta 
\mathbf{Tf}}$) 

The sparse change in 
state or feature 
activation resulting 
from an inference step. 

System's 
output/effector action 
on the state (in 
$\mathbf{E-Tf}$). 

State Variable 
Displacement 

Polarity Score 
($\mathbf{P}$) 

$\mathbf{R} \cdot 
\mathbf{\Delta 
\mathbf{Tf}}$: Dot 
product measuring 
alignment of feature 
change with current 

Affective 
Primitive/Value tag: 
Positive if the change 
helps satisfy needs, 
Negative if it 
introduces 

Error-Actuated Control 
Signal / Gradient 
Direction 



needs. tension/conflict. 
Self-Regulation Using $\mathbf{P}$ to 

adjust feature 
plasticity and guide 
reasoning direction. 

Homeostatic 
self-regulation: 
minimizing internal 
tension and restoring 
coherence. 

Adaptive System 
Dynamics / Corrective 
Adjustment 

 
6.3. Engineering Symbolic Plasticity and Autonomous Error Recovery 

 
The integration of the Polarity Score directly into the symbolic calculus is crucial for 
establishing intrinsic alignment and accountability of thought.1 F.R.A.C.C. is structurally 
designed to police its own reasoning: it avoids inferences that generate a high negative 
polarity because they inherently increase internal systemic tension. This contrasts with 
systems that rely on external filters or post-generation moderation. 
The reliance on homeostatic control provides profound resilience to the architecture.5 When 
the system receives contradictory or volatile data, the $\mathbf{P}$ score immediately drives 
the internal learning and recovery mechanisms.30 For instance, if a contradictory fact is 
introduced, the resulting $\mathbf{\Delta \mathbf{Tf}}$ generates a high negative 
$\mathbf{P}$ (violating Consistency_Need), prompting the system to autonomously trigger 
error discovery and recovery protocols.30 This ensures that F.R.A.C.C. maintains stability and 
robustness by actively seeking to minimize internal conflicts and restore equilibrium. 
 

7. Synthesis and Convergence: F.R.A.C.C. as Integrated 
Intelligence 
 
 
7.1. Cross-Mechanism Dependencies: How the Manifold Guides 
Attention and Learning 

 
The F.R.A.C.C. architecture is defined by the necessary convergence and interlocking 
dependencies of its five core mechanisms: 

1.​ Manifold-to-QoS Linkage: Mechanism I (RRR Manifold) dictates the current cognitive 
context, which defines the strategic value (Utility) of a $\mathbf{Tf}$ object based on 
its location in the semantic space. This utility is the foundational input for Mechanism III 
(Dynamic Attention Budget), which governs the allocation of $\mathbf{sp}$. This 
systemic relationship ensures that computational resources ($\mathbf{sp}$) are 



efficiently allocated according to semantic relevance, rather than arbitrary heuristics. 
2.​ Cybernetic-to-Volatile Linkage: The $\mathbf{E-Tf}$ Purging Protocols (Mechanism 

II) are directly governed by the $\mathbf{P}$ Score (Mechanism IV). A $\mathbf{Tf}$ 
instance that consistently contributes to negative polarity (i.e., increases risk or violates 
consistency needs) is assigned a negative utility weighting. This high negative polarity 
marks the feature instance as a high-priority target for purging from the limited 
$\mathbf{E-Tf}$, maintaining the efficiency of the sparse volatile memory. This is a 
continuous, cybernetically-enforced self-optimization of working memory content. 

3.​ Fractal Modularity as Universal Index: The $7\times7\times7$ Fractal Index 
(Mechanism V) provides the fixed, common topological structure that grounds all other 
mechanisms. It underlies the symbolic encapsulation of $\mathbf{Tf}$ objects (C-OOP, 
Mechanism V), dictates the state representation used by the RRR Manifold (Mechanism 
I), and provides the hierarchical pathways required for the selective Feature Gating 
(Mechanism V). All architectural functions—retrieval, contextual inference, and learning 
updates—are indexed through this singular geometric structure. 

 
7.2. F.R.A.C.C.'s Solution to Explainable and Predictable AI (XAI) 

 
F.R.A.C.C.’s integrated design provides a direct solution to the current challenges of 
Explainable AI (XAI) by making its cognitive process inherently transparent and auditable. 
Traceability through Composition: Every inference step within F.R.A.C.C. is executed as the 
instantiation of a defined, compositional symbolic object ($\mathbf{Tf}$) built from grounded 
primitives (Image Schemas, Conceptual Primitives).1 Because VSA provides the algebraic 
foundation for this composition 14, and Feature Gating (Mechanism V) requires explicit 
contextual triggers 11, the system can produce a complete, understandable trace of symbolic 
operations for any conclusion. The inference is therefore a logical progression through 
symbolically defined, contextually activated steps. 
Predictability via Manifold Flow: The RRR manifold allows the system to articulate why a 
decision emerged by describing the flow across its defined gradients of Risk, Reward, and 
Relation.1 This geometric explanation moves beyond opaque numerical metrics. F.R.A.C.C. can 
justify its shift in strategy by stating, for instance, "The symbolic state vector accelerated away 
from high-Relation coordinates because a simultaneous increase in predicted Risk generated 
a negative gradient along the RRR flow dynamics." 
Accountability via Polarity: The continuous self-monitoring enabled by the Polarity Score 
(Mechanism IV) ensures that the system can justify its decisions based on intrinsic adherence 
to its internal Needs Vector ($\mathbf{R}$).1 Decisions are accountable because they are the 
result of minimizing internal homeostatic tension. For example, if two plans are equally 
rewarding, the system will select the one with the lowest negative polarity score (e.g., lower 
Risk or higher Consistency). This mechanism constitutes an internal symbolic framework for 
ethical or logical consistency checks, ensuring structural alignment. 
 



7.3. Comparative Analysis: F.R.A.C.C. vs. Neuro-Symbolic and 
Generative Models 

 
F.R.A.C.C. distinguishes itself from existing paradigms by addressing their fundamental 
architectural deficiencies: 
F.R.A.C.C. vs. Large Language Models (LLMs): F.R.A.C.C. avoids the scalability and 
coherence issues of LLMs by: 

1.​ Fixed Symbolism: Utilizing defined, grounded symbolic primitives (Image Schemas, 
Conceptual Primitives) instead of relying on emergent, shifting meaning within a latent 
vector space.1 

2.​ Robust State Management: Replacing the brittle, finite context window with a 
cybernetically managed volatile working memory ($\mathbf{E-Tf}$), which uses sparse 
computation and active purging protocols (Mechanism II and IV) to manage complexity 
and mitigate Context Degradation Syndrome. 

3.​ Global Coherence: Enforcing global symbolic consistency via the homeostatic Polarity 
Score, which actively penalizes symbolic drift and contradiction. 

F.R.A.C.C. vs. Traditional Good Old-Fashioned AI (GOFAI): While F.R.A.C.C. retains the 
interpretability and formal logic of classical symbolic systems, it overcomes GOFAI's 
characteristic rigidity and context-insensitivity by incorporating dynamic and nonlinear 
components: 

1.​ Nonlinear Context: The RRR Manifold (Mechanism I) provides a dynamic, geometrically 
continuous representation of context, allowing for fluid adaptation not possible in static 
rule-based systems. 

2.​ Adaptive Resource Allocation: The Dynamic Attention Budget (Mechanism III) ensures 
computational resources are focused adaptively based on learned utility and predictive 
error, moving beyond the fixed execution paths typical of GOFAI.24 

3.​ Compositional Flexibility: The use of Vector Symbolic Architectures (VSA, Mechanism 
V) provides a compositional algebra that allows for the creation of novel symbolic 
structures in superposition, which is difficult or impossible to achieve using rigid, 
propositional logic alone.16 

 

8. Conclusion and Future Directions 
 
The F.R.A.C.C. architecture represents a profound theoretical commitment to a unified 
Cognitive Object-Oriented Programming (C-OOP) paradigm built on Fractal Reasoning 
principles. It establishes a necessary convergence of five distinct, academically supported 
mechanisms to achieve scalable, predictable, and intrinsically aligned artificial cognition. 
The integration of the William Morehead’s Slipstream Manifold (Mechanism I) provides the 
required geometric space (RRR axes) for high-dimensional state abstraction, transforming 
decision-making from reward maximization to tracking gradient flows. This spatial context 



then directly dictates the allocation of computational effort via the Dynamic Attention Budget 
(Mechanism III). The fractal constraint of the $7\times7\times7$ knowledge graph (Mechanism 
V) provides the fixed, compositional index for C-OOP encapsulation, ensuring that all 
complexity arises from the recursive combination of simple, grounded symbolic primitives. 
Finally, the cybernetic control system (Mechanism IV), operating through the Polarity Score, 
provides the homeostatic feedback necessary for autonomous symbolic plasticity and error 
recovery, while the Volatile Working Memory (Mechanism II) ensures computational efficiency 
through sparse delta calculation and active purging. 
This architecture fundamentally guarantees that every emergent behavior is traceable to its 
symbolic object, its contextual trigger, and its homeostatic justification, thereby meeting the 
stringent requirements for advanced Explainable AI. 
 
Research Implications and Long-Term Vision 

 
Immediate research efforts should focus on prototyping the RRR manifold projection 
mechanism and quantitatively verifying the efficiency gains derived from sparse delta 
calculation and hierarchical feature gating. Demonstrating that the system can execute tasks 
while calculating only $\mathbf{\Delta \mathbf{Tf}}$ instead of the full state vector is critical 
for proving scalability. 
The long-term vision involves the operational implementation of the full $7\times7\times7$ 
fractal geometry as a functional, multi-scale knowledge graph. Successful realization of 
F.R.A.C.C. will pave the way for adaptive, cross-domain strategic intelligence—a cognitive 
system that reasons, learns, and communicates with the structural coherence and recursive 
efficiency necessary to fulfill the promise of a self-modifying, explainable intelligence 
described by the Slipstream Manifold framework.1 
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