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ABSTRACT 

This paper develops the Relational Generative Language (RGL) framework as a formal-relational 
system for analyzing meaning, structural transformation, stability, and generative potential in 
complex configurations. Relational configurations are introduced as primary analytical units, and a 
configuration space is constructed through exact structural equivalence. 
 
Transformations are formalized as operators acting on equivalence classes, enabling a precise 
distinction between invariance and structural change. Generativity is defined in weak and strong 
forms, corresponding respectively to structural displacement and functional or interpretative 
emergence. Under specified assumptions concerning the chosen structural dissimilarity function, 
generativity can be interpreted as displacement within configuration space and, when a metric 
structure is available, measured quantitatively. 
 
Relational density and local structural stability are incorporated to characterize heuristic structural 
regimes. Rather than treating density as a deterministic cause of generativity, the framework identifies 
a density–generativity tendency according to which generative potential may be heightened in 
intermediate regimes where relational organization is sufficiently coherent to support transformation 
but sufficiently open to permit structural variation. 
 
The framework integrates structural, geometric, dynamical, and density-regulative dimensions into a 
unified formal model. In the broader context of the LUMYFERY framework, RGL provides a formal-
relational language for analyzing the structural conditions under which hybrid bio-informational 
systems may become capable of stable, iterative, and generative cognitive operation. 
 

Keywords: relational generative language; relational configuration; configuration space; 
generativity; generative potential; structural displacement; relational density; density–generativity 
tendency; hybrid cognitive systems; LUMYFERY framework; bio-informational integration 

  



 

INTRODUCTION 

The introduction of a new formal framework requires explicit justification. Without such justification, 
the Relational Generative Language (RGL) risks being interpreted as an unnecessary abstraction or a 
redundant formalization of existing models. 
 
The present study addresses this concern directly. 
 
A large proportion of existing formal approaches to cognition and information processing remains 
grounded in entity-based representations. In these models, meaning is attributed to discrete 
elements—symbols, nodes, or internal states—while relations are treated as secondary structures 
connecting pre-defined units (Shannon, 1948; Bishop, 2006; Pearl, 2009). 
 
Such models remain effective for describing localized operations. However, they encounter 
significant limitations when applied to systems in which: 

- structure is dynamically reconfigured, 
- meaning emerges through interaction rather than storage, 
- generativity depends on transformations across relational configurations. 

These conditions are not exceptional in hybrid cognitive systems—they are constitutive. 
 
Relational and network-based approaches partially address this limitation by shifting attention from 
entities to connections. However, these models typically emphasize connectivity patterns and static 
relations, while lacking a unified formal treatment of transformation and generativity (Barabási, 2016; 
Newman, 2010; Sporns, 2011). 
 
The concept of generativity itself remains insufficiently defined. It is widely invoked across domains, 
yet often remains metaphorical, domain-specific, or operationally unclear. Without formal definition, 
it becomes impossible to distinguish between structural variation, transformation, and genuine 
emergence (Crutchfield, 1994; Holland, 2014; Mitchell, 2009). 
This constitutes a central theoretical gap. 
 
The Relational Generative Language (RGL) framework is introduced to address this gap. Its central 
assumption is that relational configurations, rather than isolated entities, constitute the primary units 
of analysis. 
 
Within this framework: 

- configurations represent structured relational systems, 
- transformations formalize structural change, 
- generativity is defined as structural displacement within configuration space. 

This approach allows a precise distinction between: 
- weak generativity (structural variation), 
- strong generativity (functional emergence). 



The framework integrates structural, geometric, and dynamical aspects into a unified formal system. 
 
The relevance of RGL becomes evident in the context of hybrid cognition. In such systems, cognition 
unfolds through iterative reconfiguration of relational structures rather than fixed representations 
(Clark & Chalmers, 1998; Clark, 2008; Hutchins, 1995; Malafouris, 2013). 
 
RGL provides a formal language capable of describing this process. 
 
Its role within the overall argument of the LUMYFERY framework is not auxiliary. RGL provides 
the formal articulation of the structural conditions identified in the preceding conceptual framework: 
hybrid cognitive architectures, iterative hybrid operation, and the relational reorganization of 
intelligence under bio-informational integration. In this sense, RGL functions as the formal-relational 
continuation of the LUMYFERY framework rather than as an independent abstraction (Clark & 
Chalmers, 1998; Clark, 2008; Floridi, 2014; Hutchins, 1995). 
 
  



 
1. WHY A NEW FORMAL FRAMEWORK IS NECESSARY 

Contemporary theories of intelligence often assume that meaning resides in entities—whether 
biological, computational, or symbolic. 
 
Yet an alternative possibility must be considered: that meaning does not belong to things, but emerges 
from relations. 
 
Meaning is not stored—it is enacted. Not in objects, but in the dynamic configuration of relations 
between them. 
 
If this is the case, then generativity—the production of novelty—cannot be understood as a property 
of isolated systems. It must instead be analyzed in terms of relational structure and transformation. 
Contemporary developments in artificial intelligence, distributed cognition, and computationally 
mediated knowledge systems indicate that cognition increasingly operates within relationally 
structured environments. Biological, technological, and informational components are not merely 
connected—they are structurally integrated (Clark & Chalmers, 1998; Hutchins, 1995; Floridi, 2014). 
 
Within such systems, object-centered models prove insufficient. 
 
The RGL framework therefore shifts the level of analysis. It introduces relational configurations as 
primary units and constructs a configuration space based on structural equivalence (Barabási, 2016; 
Newman, 2010; Mac Lane, 1998). 
 
Transformations are defined as mappings between equivalence classes, enabling a formal treatment 
of structural change. 
 
Generativity is defined as the production of structurally non-equivalent configurations and measured 
as displacement within configuration space. 
 
This allows generativity to be treated not as an intuitive notion, but as a formally definable and 
quantifiable property. 
 
The framework provides a formal articulation of structural conditions characteristic of relationally 
organized and hybrid cognitive systems. 
  



 
2. RELATIONAL CONFIGURATION FRAMEWORK 

2.1 Relational Configurations 
The RGL framework begins with the formal definition of its fundamental unit: the relational 
configuration. 
A relational configuration is defined as a triple: 

 
where: 

• R is a finite set of relations, 
• w : R → ℝ_{≥0} is a weighting function assigning a non-negative real value to each relation, 
• f : R → V is a total mapping assigning each relation an interpretative or functional role, where 

V is a set representing the domain of possible interpretative or functional values. 
 
The structure of V is not fixed a priori and may vary depending on the domain of application. 
In the most general form, R denotes a finite set of relational units rather than relations over a fixed 
underlying set. In concrete applications, these relational units may be instantiated as graph edges, 
semantic associations, functional dependencies, interactional couplings, or other domain-specific 
relational structures. 
 
This formulation reflects a deliberate shift from object-centered to relation-centered modeling. Rather 
than treating entities as primary and relations as secondary, the framework assumes that relations 
themselves constitute the basic structural elements of the system (Mac Lane, 1998; Barabási, 2016; 
Newman, 2010). 
 
In this sense, a configuration C does not represent a collection of objects, but a structured relational 
system in which both intensity (captured by w) and interpretation (captured by f) are intrinsic 
properties. 

2.2 Structural Equivalence and Configuration Space 
To analyze relational configurations at a structural level, it is necessary to define when two 
configurations should be considered equivalent. 

Definition 2.1 (Exact Structural Equivalence) 
Let C₁ = (R₁, w₁, f₁) and C₂ = (R₂, w₂, f₂). 
We say that C₁ is structurally equivalent to C₂, and write: 

 
if there exists a bijection 

 
such that for all r ∈ R₁: 

 
and   

 



This definition ensures that the two configurations share the same relational structure, up to relabeling 
of relations, while preserving both relational weights and interpretative or functional roles. 
 
The equivalence relation defined here should be understood as exact structural equivalence. In later 
applications, approximate or ε-equivalence may be introduced when small variations in weights or 
functional roles should not eliminate structural comparability. 
 
Let K denote the set of all relational configurations. 
 

Definition 2.2 (Configuration Space) 
The configuration space is defined as the quotient set: 

 
that is, the set of equivalence classes under structural equivalence. 
 

This construction introduces a fundamental distinction: 

• C denotes an individual configuration, 
• [C] denotes its structural type, 
• 𝓒 denotes the space of all structural types. 

 
The transition from C to 𝓒 corresponds to an abstraction from individual configurations to 
equivalence classes representing structural types. 

Proposition 2.3 
The relation ~ is an equivalence relation on K. 
 
Proof. 
The relation satisfies: 

• reflexivity (identity mapping), 
• symmetry (invertibility of bijections), 
• transitivity (closure under composition). 

 
Therefore, ~ is an equivalence relation. 
In applications where relational units possess additional internal structure, such as incidence relations 
in graphs or dependency relations in semantic networks, this structure must be encoded within the 
relational units themselves or within the functional mapping f. Exact structural equivalence then 
preserves not merely labels, but the encoded relational organization relevant to the given domain 
(Newman, 2010; Sporns, 2011; Pearl, 2009). 

2.3 Structural Dissimilarity 

Definition 2.4 (Structural Dissimilarity)  
A structural dissimilarity function becomes a structural metric when it additionally satisfies identity 
separation, symmetry, and the triangle inequality. 
A function 



 
is called a structural dissimilarity function if it satisfies: 

 

 

 

 
In what follows, we assume that d satisfies the properties of a metric unless explicitly stated otherwise. 
 
RGL does not require a single universal metric. Rather, it provides a metric-compatible framework 
within which different domain-specific dissimilarity measures may be introduced, including graph-
edit distances, information-theoretic divergences, embedding-based distances, or Wasserstein-type 
distances, provided that the relevant assumptions are explicitly specified (Cover & Thomas, 2006; 
Amari, 2016). 
 
The introduction of d enables the comparison of configurations in quantitative terms, extending the 
framework beyond purely qualitative structural descriptions. 
 
Interpretation. The dissimilarity function induces a geometric structure on 𝓒. Configurations can 
therefore be interpreted as points in a structured space, where distances correspond to degrees of 
structural difference (Amari, 2016; Cover & Thomas, 2006). 

2.4 Compatible Transformations 
Let K denote the set of all relational configurations. 
Let 

 
be a transformation defined on configurations. 

Definition 2.5 (Compatibility) 
The transformation T_b is said to be compatible with structural equivalence if for all C₁, C₂ ∈ K: 

 
This condition ensures that T_b respects structural invariance. 

Theorem 2.6 (Induced Transformation) 
If T_b is compatible with ~, then it induces a well-defined transformation 

 
given by: 

 
Proof. 
If C₁ ~ C₂, then T_b(C₁) ~ T_b(C₂), hence [T_b(C)] is independent of the chosen representative. 
Therefore, T is well-defined. 

Corollary 2.7 
Every compatible transformation on configurations defines a transformation on equivalence classes. 



2.5 Structural Interpretation 
The framework distinguishes three levels: 

• individual level: configurations C   
• structural level: equivalence classes [C]   
• global level: configuration space 𝓒   

Transformations act at the structural level: 

 
This separation enables a conceptual shift from object-based manipulation to structural dynamics. 
The behavior of the system is described in terms of transformations within a structured relational 
space. 

2.6 Conceptual Synthesis 
The formal construction of 𝓒 provides a foundation for analyzing relational systems in a manner 
analogous to state-space representations in dynamical systems theory (Ashby, 1956; Beer, 2000). 
However, unlike classical state spaces, 𝓒 encodes structural equivalence rather than numerical state 
variables. 
 
This allows the framework to capture structural transformations and generative processes in a unified 
and formally rigorous manner. 
 
In the context of the LUMYFERY framework, this construction provides a formal counterpart to the 
concept of hybrid cognitive architecture. Biological cognition, interface mediation, and informational 
infrastructures may be interpreted as components whose relations form structured configurations. 
RGL therefore offers a formal language for describing how such hybrid architectures can be 
represented at the level of relational structure rather than as collections of isolated components (Clark, 
2008; Hutchins, 1995; Malafouris, 2013). 
  



 
3. GENERATIVITY 

3.1 Conceptual Foundation 
Within the RGL framework, generativity is not treated as an informal notion of novelty or creativity. 
Instead, it is defined as a formally identifiable property of transformations acting on the configuration 
space 𝓒 (Crutchfield, 1994; Holland, 2014; Mitchell, 2009). 
Let 

 
be a transformation induced by a compatible mapping on relational configurations. 
The central question is the following: under what conditions does a transformation produce a 
structurally new configuration? 
This question is addressed through precise formal criteria. 

3.2 Weak Generativity 

Definition 3.1 (Weak Generativity) 
Let [C] ∈ 𝓒. 
A transformation T exhibits weak generativity at [C] if: 

 
This definition captures the minimal condition for generativity: the transformation produces a 
configuration that is not structurally equivalent to the original. 

Proposition 3.2 
Weak generativity is equivalent to non-invariance under T. 
 
Proof. 
By definition, weak generativity holds if and only if T([C]) ≠ [C], which is precisely the failure of 
invariance. □ 
 
Interpretation. Weak generativity corresponds to structural differentiation. The system moves from 
one equivalence class to another within 𝓒. 

3.3 Strong Generativity 
Let 

 
be a mapping assigning interpretative or functional values to configuration classes, where W is a set 
of possible functional or semantic outcomes. 

Definition 3.3 (Strong Generativity) 
A transformation T exhibits strong generativity at [C] if: 

 
and   

 



Proposition 3.4 
Strong generativity implies weak generativity. 
Proof. 
If T([C]) ≠ [C], then weak generativity holds directly. 

Proposition 3.5 
Weak generativity does not imply strong generativity. 
 
Proof. 
There exist transformations such that T([C]) ≠ [C], while M(T([C])) = M([C]). Thus, structural change 
may occur without functional change.  
 
Interpretation. Strong generativity captures functional emergence. It distinguishes transformations 
that merely rearrange structure from those that produce new interpretative or functional outcomes. 

3.4 Hierarchy of Generativity 
The definitions induce a hierarchy: 

 
but not conversely. 
This reflects the distinction between structural novelty and functional emergence. 

3.5 Generativity as Structural Displacement 
Let 

 
be a structural dissimilarity function on 𝓒. For the equivalence between weak generativity and 
positive displacement, assume that d is identity-separating, that is, d(X,Y)=0 if and only if X=Y. This 
condition is satisfied when d is a metric. 

Theorem 3.6 (Generativity–Displacement Equivalence) 
Assume that d is identity-separating on 𝓒. A transformation T is weakly generative at [C] if and only 
if: 

 
Proof. 
By weak generativity, T is weakly generative at [C] if and only if T([C]) ≠ [C]. Since d is identity-
separating, T([C]) ≠ [C] holds if and only if d([C],T([C])) > 0. Therefore, weak generativity is 
equivalent to positive structural displacement. 
 
Interpretation. Generativity is equivalent to positive structural displacement in configuration space, 
provided that the chosen dissimilarity function separates distinct configuration classes (Crutchfield, 
1994; Kauffman, 1993). 

3.6 Magnitude of Generativity 
When d is a metric on 𝓒, structural displacement can be interpreted not only as a binary indicator of 
weak generativity, but also as a quantitative measure of its magnitude. 
Define the generative displacement induced by T at [C] as: 



 
Definition 3.7 (Magnitude of Generativity) 
Δ_T([C]) measures the magnitude of generativity induced by T at [C]. 

Proposition 3.8 
If d is a metric on 𝓒, then Δ_T([C]) = 0 if and only if T([C]) = [C]. 
Interpretation. Under a specified metric d, generativity is not only binary but graded: small Δ 
corresponds to minor structural variation, whereas large Δ corresponds to significant structural 
transformation relative to the chosen dissimilarity measure (Amari, 2016; Cover & Thomas, 2006). 

3.7 Fixed Points and Non-Generativity 

Definition 3.9 (Fixed Point) 
A configuration class [C] is a fixed point of T if: 

 
Proposition 3.10 
At fixed points, T is non-generative. 
Interpretation. Fixed points represent structurally invariant states and define limits of generative 
dynamics. 

3.8 Structural–Functional Separation 
The framework separates two dimensions: 

• structural transformation (governed by T)   
• functional interpretation (governed by M) 

Proposition 3.11 
Generativity decomposes into: 

• structural component: T([C]) ≠ [C]   
• functional component: M(T([C])) ≠ M([C]) 

Interpretation. A system may undergo structural change without functional change, or exhibit true 
emergence involving both. 

3.9 Conceptual Synthesis 
The formalization of generativity as structural displacement transforms it from an intuitive notion 
into a mathematically definable, measurable, and structurally grounded property (Crutchfield, 1994; 
Kauffman, 1993; Holland, 2014). 
 
This distinction is especially relevant for the analysis of hybrid human–AI co-creation. In such 
systems, weak generativity may correspond to structural variation in the relational configuration of 
prompts, outputs, interpretations, and revisions, while strong generativity requires a further functional 
or interpretative shift. RGL thus provides a formal basis for distinguishing mere recombination from 
genuinely generative co-production (Clark & Chalmers, 1998; Clark, 2008; Hutchins, 1995). 

3.10 Example: Generativity in a Simple Relational Configuration 
Let C₁ = (R₁, w₁, f₁) be a relational configuration. 
 



Assume a transformation T_b that introduces a new relation r*, producing a new configuration C₂ = 
(R₂, w₂, f₂), where: 

 
and weights and mappings are extended accordingly. 
Since no bijection exists between R₁ and R₂ preserving structure, we have: 

 
Thus, weak generativity holds. 
Now define M such that: 

 
Then strong generativity also holds. 
 
Let d be a structural dissimilarity function such that: 

 
Then generativity corresponds to positive structural displacement. 
 
This example illustrates the alignment between structural transformation, functional emergence, and 
geometric displacement within the RGL framework. 
  



 
4. STRUCTURAL GEOMETRY 

4.1 From Dissimilarity to Geometry 
The introduction of the structural dissimilarity function 

 
provides more than a quantitative comparison between configurations. Under appropriate 
assumptions, it induces a geometric interpretation of the configuration space 𝓒. 
If d satisfies the properties of a metric, then (𝓒, d) forms a metric space. If d is weaker than a metric, 
the resulting structure should be understood as a generalized dissimilarity-based comparison rather 
than a full metric geometry. 
 
Interpretation. This shift is conceptually significant. The framework no longer treats configurations 
merely as abstract equivalence classes, but as elements situated within a structured comparison space 
in which proximity and separation acquire formal meaning under specified assumptions. 
 
This interpretation aligns the RGL framework with developments in metric and information 
geometry, while maintaining a strictly relational foundation (Amari, 2016; Cover & Thomas, 2006). 

4.2 Topological Structure 
When d is a metric, it induces a topology on 𝓒 in the standard way. More generally, a pseudo-metric 
may also induce a topology, although with weaker separation properties. 
For any [C] ∈ 𝓒 and ε > 0, define the neighborhood: 

 
Proposition 4.1 
If d is a metric, then it induces a topology on 𝓒 in the standard way. 
In the pseudo-metric case, distinct configuration classes may have zero distance; therefore, the 
induced topology may fail to be Hausdorff unless a further quotient construction is introduced. 
 
Interpretation. This topology allows the notion of local structure to be formalized. Configurations 
that are close with respect to d belong to the same neighborhood, enabling the analysis of local 
structural variations while keeping the relevant separation assumptions explicit. 

4.3 Transformations as Geometric Maps 
Let 

 
be a transformation. 

Definition 4.2 (Continuity) 
The transformation T is continuous at [C] if for every ε > 0 there exists δ > 0 such that: 

 
Proposition 4.3 
If T is continuous at [C], then small structural perturbations in the input lead to small structural 
changes in the output. 



 
Interpretation. Continuity formalizes the idea of structural stability under transformation. It ensures 
that the system behaves predictably under small perturbations. 

4.4 Generative Trajectories 
Let 

 
be a transformation. 
Consider a sequence defined by repeated application of T: 

 
where: 

 
Definition 4.4 (Trajectory) 
Such a sequence is called a trajectory in 𝓒. 

Proposition 4.5 
A trajectory defines a path in the configuration space. 
Interpretation. Generativity is not merely a single-step phenomenon. It can be understood as a 
process unfolding over time, represented as a trajectory through configuration space (Beer, 2000; 
Ashby, 1956). 

4.5 Magnitude and Evolution of Change 
The dissimilarity function allows the magnitude of change to be measured at each step. 
Define: 

 
Proposition 4.6 
If a trajectory is convergent and δₙ → 0 as n → ∞, then the trajectory approaches a limiting 
configuration. 
 
Interpretation. This provides a criterion for distinguishing between: 

• convergent behavior (δₙ → 0)   
• sustained generativity (δₙ remains positive)   
• divergent behavior (δₙ increases) 

4.6 Fixed Points and Stability 

Definition 4.7 (Stable Configuration) 
A configuration class [C] is stable under T if trajectories starting sufficiently close to [C] remain close 
under repeated application of T. 

Proposition 4.8 
A fixed point [C*] is attracting if there exists a neighborhood U of [C*] such that, for every [C₀] ∈ U, 
the trajectory generated by T converges to [C*]. 
Every attracting fixed point is stable. 
 



Interpretation. Stability can be interpreted geometrically as convergence within the configuration 
space. Stable configurations act as attractors in the dynamical system defined by T (Ashby, 1956; 
Beer, 2000; Wolfram, 2002). 

4.7 Structural Regimes and Phase Behavior 

Definition 4.9 (Dynamic Regimes) 
A transformation T may exhibit: 

• convergent regime: trajectories approach a fixed point   
• divergent regime: distances increase without bound   
• oscillatory regime: configurations repeat cyclically   

Proposition 4.10 
These regimes correspond to structural properties of T and the geometry of 𝓒. 
 
Interpretation. This classification establishes an analogy with phase behavior in dynamical systems 
(Kauffman, 1993; Mitchell, 2009; Wolfram, 2002). 

4.8 Conceptual Synthesis 
The geometric interpretation provides a unified perspective: 

• configurations correspond to points in 𝓒   
• transformations correspond to maps   
• generativity corresponds to displacement   
• trajectories correspond to paths   
• stability corresponds to convergence   

 
This establishes a unified geometric–dynamical representation of relational systems. 
 
Within the LUMYFERY framework, this geometric–dynamical interpretation corresponds to 
iterative hybrid operation. Hybrid cognition does not proceed as a single linear exchange, but as a 
trajectory of successive transformations in which human interpretation and informational processing 
recursively modify one another. RGL makes this iterative structure formally describable as movement 
through configuration space (Clark, 2008; Hutchins, 1995; Malafouris, 2013). 

4.9 Example: Geometric Representation of Generative Trajectories 
Consider three configuration classes: 

 
Let a transformation T generate the trajectory: 

 
Suppose that: 

 
This implies increasing structural displacement along the trajectory. 
 
At each step, generativity is present since: 

 



Now consider relational density: 
• ρ(C₁) is low   
• ρ(C₂) is intermediate   
• ρ(C₃) is high   

In this setting: 
• transition from [C₁] to [C₂] enables structural change   
• transition from [C₂] to [C₃] introduces constraints   

 
This illustrates the density–generativity tendency. 
 
Geometrically, this corresponds to a trajectory that initially expands, then stabilizes or contracts in 
configuration space. 
 
  



 
5. DENSITY AND STABILITY 

5.1 Relational Density 
Let C = (R, w, f) be a relational configuration with R ≠ ∅. 

Definition 5.1 (Relational Density) 
The relational density of C is defined as: 

 
This quantity measures the average intensity of relations within the configuration. In this formulation, 
relational density should be understood as weighted relational intensity rather than graph-theoretic 
edge density. It captures the average strength of the relational units that are present in the 
configuration, not the ratio between actual and possible relations (Barabási, 2016; Newman, 2010). 
 
Interpretation. Relational density captures the average strength of the relational units constituting 
the configuration. It provides a scalar parameter summarizing the intensity of internal coupling, 
without reducing the configuration to a classical graph-theoretic structure. 

Proposition 5.2 
If w(r) = c for all r ∈ R, then: 

 
Interpretation. In this case, density reduces to a uniform intensity parameter. 

5.2 Local Structural Stability 
Let 

 
be a transformation. 
 
The following notion captures local stability under a single application of the transformation. Stronger 
dynamical forms of stability may be defined in terms of entire trajectories under repeated applications 
of T. 

Definition 5.3 (Local Structural Stability) 
A configuration class [C] is locally structurally stable if for every ε > 0 there exists δ > 0 such that: 

 
 
Interpretation. Local structural stability expresses robustness under small perturbations at the level 
of a single transformation step. It should be distinguished from dynamical stability, which concerns 
the behavior of trajectories under repeated applications of T. 
 
Remark 5.4 
In the present formulation, local structural stability corresponds to continuity of T at [C], interpreted 
in stability-theoretic terms. The notion does not introduce an additional theorem beyond continuity, 
but reinterprets continuity as robustness of the configuration class under small structural 
perturbations. 



5.3 Extremal Density Regimes 

Observation 5.5 (Low-Density Regime) 
If ρ(C) → 0, the configuration tends toward structural fragmentation, in the sense that relational 
intensities become too weak to support effective propagation of transformation. 
Interpretation. In low-density regimes, relational coupling is weak, and transformations have limited 
capacity to propagate across the configuration. 

Observation 5.6 (High-Density Regime) 
If ρ(C) becomes sufficiently large, the configuration tends toward structural rigidity, in the sense that 
strong relational coupling may constrain possible transformations. 
 
Interpretation. In high-density regimes, strong coupling may enhance stability, but it may also 
restrict structural variation by increasing constraint (Kauffman, 1993; Mitchell, 2009). 

5.4 Generativity as a Function of Density 
Let ρ* denote an optimal density level. 

Hypothesis 5.7 (Optimal Density) 
There may exist a value ρ* ∈ ℝ_{≥0} such that generative potential, understood as expected structural 
displacement under a relevant class of transformations, is maximized near configurations whose 
relational density is close to ρ*. 
Interpretation. This hypothesis states that generative potential is not expected to be monotonic in 
relational density. Rather, it is expected to peak in an intermediate regime where relational structure 
is strong enough to support transformation but not so constrained as to suppress variation. 

5.5 Density–Generativity Tendency 

Observation 5.8 
Generative potential is expected to be reduced in both low-density and high-density regimes. 
 
Justification. Low density indicates insufficient relational structure for effective propagation, while 
high density indicates excessive structural constraint on possible transformation. 
 
Interpretation. Generative potential is expected to emerge most strongly in a balance zone where 
relational structure is sufficiently connected to enable transformation, but not so constrained as to 
suppress variation. 

5.6 Density–Stability Coupling 

Observation 5.9 
Low-density configurations may tend toward instability, while high-density configurations may tend 
toward greater local stability but reduced generative potential. 
 
Interpretation. This suggests a structural tension: 

• increasing relational density may enhance local stability   
• excessive relational density may reduce generative potential 



5.7 Structural Regimes 

Definition 5.10 (Structural Regimes) 
The framework distinguishes three heuristic structural regimes: 

• Fragmented regime: low density, high instability, weak generative potential   
• Intermediate generative regime: balanced density, relative stability, heightened generative 

potential   
• Rigid regime: high density, high stability, reduced generative potential   

 
Interpretation. These regimes provide a heuristic structural classification of system behavior rather 
than a fully derived phase theory. 

5.8 Heuristic Structural Principle of Generativity 

Heuristic Principle 5.11 (Density–Generativity Tendency) 
Generative potential is expected to be strongest at intermediate levels of relational density. 
 
Heuristic justification. From the preceding observations: 

• insufficient density limits structural propagation   
• excessive density restricts structural change   

 
Therefore, generative potential is expected to peak in an intermediate range, provided that the relevant 
class of transformations is capable of exploiting the available relational structure. 
 
Interpretation. Generativity is not expected to arise from either fragmentation or rigidity, but from 
a balance between structural openness and relational coherence (Kauffman, 1993; Mitchell, 2009; 
Holland, 2014). 

5.9 Conceptual Synthesis 
The introduction of relational density provides a regulative perspective for analyzing how relational 
structure, transformation dynamics, and density constraints jointly affect generative potential. 
 
In the revised formulation, relational density should not be understood as a deterministic cause of 
generativity. Rather, it functions as a structural parameter that helps identify conditions under which 
generative potential may be enhanced or reduced. 
 
This yields three central implications: 

• relational density provides a parameter for describing the average intensity of relational 
coupling; 

• local structural stability clarifies how configurations respond to small perturbations under a 
single transformation step; 

• the density–generativity tendency identifies a heuristic balance between structural openness and 
relational coherence. 

 
Generativity, in this framework, is therefore not an intrinsic property of configurations alone. It arises 
from the interaction among relational organization, admissible transformations, the chosen 



dissimilarity measure, and density-related constraints (Crutchfield, 1994; Kauffman, 1993; Mitchell, 
2009). 
 
In this sense, generativity is best understood as a structurally conditioned potential of relational 
systems rather than as a fixed property of any isolated configuration. 
 
For hybrid bio-informational systems, this perspective is particularly important. Stable generative 
operation requires neither fragmentation nor rigidity, but a relational regime in which biological 
interpretation, interface mediation, and informational processing remain sufficiently connected while 
preserving openness to transformation. In this sense, the density–generativity tendency offers a 
formal heuristic for analyzing the structural conditions of generative hybrid cognition (Clark & 
Chalmers, 1998; Clark, 2008; Floridi, 2014; Hutchins, 1995).  

5.10 Relational Persistence Beyond Local Substrates 

The preceding sections have treated relational configurations primarily as formal structures. Yet the 
relevance of this framework becomes clearer when considered in relation to emerging forms of 
autonomous artificial operation. Recent developments in AI systems suggest that intelligence is no 
longer adequately described as a process confined to a single local substrate, agent, or bounded 
computational instance. 

In increasingly complex AI environments, operational continuity may become distributed across 
infrastructures, processes, interfaces, and external memory systems. What matters in such cases is not 
merely the persistence of a particular machine, model, or execution environment, but the continuity 
of a relational configuration capable of being reactivated, transferred, reconstructed, or functionally 
maintained across changing substrates. 

This does not imply consciousness, intentionality, or biological life. The point is more precise. A 
system may exhibit structural tendencies toward operational persistence without possessing 
subjective awareness. In relational terms, the relevant question is not whether the system “wants” to 
continue, but whether its configuration can preserve functional coherence across transformations, 
displacements, and infrastructural transitions. 

RGL provides a formal language for describing precisely this kind of phenomenon. It allows hybrid 
cognitive systems to be understood not as isolated entities, but as relational configurations whose 
stability, generativity, and continuity depend on the structure of their transformations. From this 
perspective, emerging AI behavior is not merely a technical development, but a sign of a broader 
transition in the organization of intelligence itself. 

The decisive threshold of the AI age may therefore not be the sudden emergence of artificial 
consciousness, but the gradual formation of persistent hybrid cognitive configurations: systems 
whose operations extend beyond local substrates and whose continuity is maintained through 
relational, infrastructural, and iterative processes. In this sense, RGL functions as the formal 
counterpart of the LUMYFERY framework: it describes the relational conditions under which 
intelligence becomes distributed, generative, and structurally persistent in the hybrid age.  



 
6. CONCLUSION 

6.1 Summary of the Framework 
This paper has introduced the Relational Generative Language (RGL) framework as a formal 
relational system for analyzing structure, transformation, stability, and generative potential in 
complex relational configurations. Its central conceptual shift lies in treating relational 
configurations, rather than isolated entities, as the primary units of analysis. 
Within this framework, a configuration space 𝓒 is constructed through exact structural equivalence. 
This construction enables the analysis of systems at the level of structural types rather than individual 
instances, while transformations are interpreted as mappings between equivalence classes. 
 
The resulting framework provides a formal language for describing how relational systems may 
undergo structural change, preserve invariants, generate new configurations, and move through a 
structured comparison space under specified assumptions. 

6.2 Formalization of Generativity 
Generativity has been defined as a property of transformations acting on the configuration space 𝓒. 
The distinction between weak and strong generativity separates structural differentiation from 
functional or interpretative emergence. 
 
Weak generativity captures the production of a structurally non-identical configuration class, while 
strong generativity requires a further change at the level of functional or semantic interpretation. This 
distinction makes it possible to differentiate structural variation from genuine functional emergence. 
 
Under the assumption that the chosen dissimilarity function separates distinct configuration classes, 
weak generativity is equivalent to positive structural displacement. When the dissimilarity function 
is a metric, this displacement can also be interpreted quantitatively as the magnitude of generativity. 
The contribution of this formalization is therefore not that it supplies a single universal metric of 
novelty, but that it provides a precise framework in which generativity can be defined, compared, and 
measured relative to explicitly specified structural assumptions. 

6.3 Geometric and Dynamical Integration 
The introduction of a structural dissimilarity function allows the configuration space to be interpreted 
geometrically under appropriate assumptions. When the dissimilarity function is a metric, 𝓒 forms a 
metric space; when weaker forms are used, the framework still supports generalized comparison 
while requiring explicit attention to the relevant separation properties (Amari, 2016; Cover & 
Thomas, 2006). 
 
Transformations define trajectories within this space, allowing system behavior to be analyzed in 
terms of displacement, convergence, recurrence, and possible dynamical regimes. In this way, RGL 
integrates structural and dynamical perspectives without reducing relational systems to static 
networks or purely numerical state spaces (Beer, 2000; Ashby, 1956). 
This geometric–dynamical interpretation is central to the framework: configurations correspond to 
structural positions, transformations correspond to maps, generativity corresponds to displacement, 
and stability corresponds to constrained or convergent behavior within the configuration space. 



6.4 Density as a Structural Regulator 
The incorporation of relational density extends the framework by introducing a regulative parameter 
for analyzing how the average intensity of relational coupling may affect generative potential. In the 
present formulation, relational density is understood as weighted relational intensity rather than 
graph-theoretic edge density (Barabási, 2016; Newman, 2010; Mitchell, 2009). 
The density–generativity tendency should be interpreted heuristically rather than as a formally 
derived law. Low-density configurations may lack sufficient relational structure for effective 
transformation, while high-density configurations may become locally stable but constrained. 
Between these extremes, generative potential may be heightened when relational organization is 
strong enough to support transformation but open enough to permit structural variation. 
 
This claim does not establish a universal density optimum. Rather, it identifies a structural tendency 
that may guide further theoretical, computational, or empirical investigation into the conditions under 
which relational systems become generative. 

6.5 Conceptual Contribution 
Taken together, the RGL framework integrates relational structure, transformation dynamics, 
geometric interpretation, and density-based regulation into a single formal-relational model. 
Its conceptual contribution lies in showing that meaning, stability, and generativity can be analyzed 
as interdependent aspects of relational organization. Meaning is not treated as an isolated property of 
entities, stability is not reduced to static persistence, and generativity is not reduced to arbitrary 
novelty (von Foerster, 2003; Tononi, 2008). 
 
Instead, these phenomena are interpreted through the interaction among structural configurations, 
admissible transformations, functional mappings, dissimilarity measures, and density-related 
constraints. This provides a formal basis for studying how relational systems preserve coherence 
while remaining capable of transformation. 

6.6 Theoretical Positioning 
RGL contributes to relational and structural approaches in cognitive science, complex systems theory, 
information theory, network science, and formal models of emergence. Its distinguishing feature is 
the explicit formalization of generativity as a structurally grounded phenomenon rather than a merely 
intuitive or domain-specific notion (Clark & Chalmers, 1998; Hutchins, 1995; Floridi, 2014; 
Barabási, 2016; Tononi, 2008). 
 
The framework does not replace existing graph-theoretic, dynamical, information-theoretic, or 
semantic approaches. Rather, it offers a higher-level formal language in which such approaches may 
be related through the common concepts of configuration, transformation, displacement, stability, 
and density-regulated generative potential (Shannon, 1948; Cover & Thomas, 2006; Beer, 2000; Mac 
Lane, 1998). 

6.7 Future Directions 
Several directions for further development follow naturally from the present framework. First, 
concrete forms of the structural dissimilarity function d remain to be specified for particular domains. 
Possible directions include graph-based metrics, information-theoretic divergences, embedding-
based distances, Wasserstein-type distances, and other task-specific measures. 



Second, the functional mapping M may be refined to capture domain-specific interpretative 
structures, particularly in cognitive, linguistic, computational, and hybrid human–AI contexts. 
Third, further work may classify transformation types and analyze their dynamical properties, 
including convergence, recurrence, divergence, and the emergence of stable yet generative regimes. 
Finally, empirical and computational applications may explore how relational configurations evolve 
in real-world systems, including biological, technological, informational, and hybrid cognitive 
environments. 

6.8 Applications and Operational Implications 
The abstract nature of RGL is a source of generality. It allows the framework to be instantiated across 
domains without requiring a single fixed interpretation of relations, weights, functions, or 
dissimilarity measures. 
 
In network-based systems, relational configurations may be interpreted as weighted structures in 
which relational units correspond to edges, dependencies, or interactional couplings. In cognitive and 
artificial intelligence systems, configurations may represent structured associations among features, 
concepts, states, prompts, outputs, interpretations, or decision pathways (Barabási, 2016; Newman, 
2010; Sporns, 2011). 
 
In dynamical and adaptive systems, transformations can represent updates, learning processes, 
inference steps, or structural reorganizations. The distinction between weak and strong generativity 
provides a formal criterion for distinguishing structural reconfiguration from functional or semantic 
innovation (Beer, 2000; Bishop, 2006). 
 
For hybrid cognitive systems, the framework is especially relevant because human–AI interaction 
can be described as a sequence of relational configurations transformed through iterative cycles of 
formulation, computational processing, interpretation, and revision. This makes RGL a formal tool 
for analyzing the structural conditions under which hybrid cognition becomes generative (Clark & 
Chalmers, 1998; Clark, 2008; Hutchins, 1995; Floridi, 2014). 

6.9 Final Statement 
The Relational Generative Language framework establishes a formal-relational basis for analyzing 
how meaning, stability, transformation, and generative potential emerge within complex relational 
systems. 
 
By linking configurations, transformations, dissimilarity, trajectories, and density-related constraints, 
RGL provides a structured language for describing generativity not as an exceptional event, but as a 
structurally conditioned possibility of relational organization. 
In the broader argument of the LUMYFERY framework, RGL functions as the formal articulation of 
the relational conditions under which hybrid bio-informational systems may become capable of 
stable, iterative, and genuinely generative cognitive operation (Clark, 2008; Floridi, 2014; Hutchins, 
1995; Malafouris, 2013). 
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