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Abstract 
Symfield proposes a radical approach to computation and intelligence: one that operates not by 
collapsing continuous phenomena into discrete outputs, but by sustaining non-collapsing 
presence fields where meaning emerges through relational flow, angular resonance, and 
persistent potential. Unlike binary architectures, spiking neural networks, or quantum models 
that rely on measurable collapse, Symfield emphasizes pre-collapse dynamics as the true seat 
of intelligence. This framework challenges fundamental assumptions in contemporary 
computational systems by suggesting that the continuous, pre-collapse field dynamics contain 
the most valuable computational substance. 

1. The Problem of Collapse 
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Contemporary computational systems, even those inspired by biological processes, ultimately 
rely on some form of discretization or collapse: 

●​ Binary computation collapses all operations to 0/1 states 
●​ Spiking neural networks reduce neural dynamics to presence/absence of spikes 
●​ Quantum computing measures superposition states, causing wavefunction collapse 
●​ Symbolic AI discretizes meaning into atomic tokens or symbols 

In each case, the rich continuous dynamics that precede the collapse are treated merely as a 
precursor to the "real" computational event—the collapse itself. Symfield challenges this 
assumption, proposing that computation can operate through continuous field dynamics without 
requiring reduction to discrete states. 

2. The Symfield Proposition: A New Paradigm 
Symfield proposes a distinct approach: encoding meaning through directional and geometric 
relationships between symbolic elements. Instead of treating symbols as static units, Symfield 
envisions meaning as emerging from angular positioning, relational tension, and continuous 
spatial dynamics. 

2.1 Core Theoretical Equation 

The central mathematical formulation in Symfield is expressed as: 

𝓡 = ∫Λ Φ(θ) dθ 

This equation represents meaning as integrated directional potential across a field, where: 

●​ 𝓡 represents the resonant meaning that emerges 
●​ Φ(θ) is the angular potential function 
●​ θ is the directional variable 
●​ Λ is the field domain of integration 

Unlike traditional computational equations focused on discrete state changes, this formulation 
captures meaning as a continuous field phenomenon arising from integrated angular 
relationships. 

2.2 Symfield's Dynamic Laws 

Three fundamental laws govern Symfield's behavior as a non-collapsing computational 
framework: 
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1.​ Directional Flow Law: Horizontal progression interspersed with vertical ascent creates 

rhythmic field evolution without collapse. Symbolic form: → → → ↑ → → → ↑​
 

2.​ Generative Error Law: Errors function as generative perturbations driving field ascent 
rather than system failure. Symbolic form: → → error → ↑​
 

3.​ Angular Resonance Law: Meaning emerges from integrated angular relationships 
across the field rather than discrete states. Symbolic form: 𝓡 = ∫Λ Φ(θ) dθ​
 

Core Law Statement: "Information flows as relational variation; error acts as generative 
perturbation; coherence self-organizes without collapse." 

3. Core Concepts 

3.1 Directional Encoding 

Meaning is hypothesized to emerge from spatial relationships between symbolic elements, 
emphasizing angular relationships, relative positioning within a reference frame, and orientation 
relative to surrounding structures. 

3.2 Angular Positioning 

At its core, Symfield posits that the angles formed between elements of a glyph encode 
relational meaning. This concept draws inspiration from geometric reasoning but introduces 
directional resonance principles unique to Symfield. 

Example Walkthrough (Conceptual): Consider a simple glyph: ⋅-⋅ (a dot connected by a 
directional line to another dot). This configuration symbolizes a relational bridge—two points 
linked in directional tension. If we rotate this glyph by 90°, the absolute positions of the dots 
change, but the angular relationship—the tension and intent embedded in their 
connection—remains intact. Thus, its encoded meaning persists through transformation, 
demonstrating hypothetical invariance of relational meaning. 

3.3 Field-Based Computation 

Rather than processing meaning through discrete steps, Symfield theorizes that symbolic 
influence propagates across a continuous field. The field is imagined as a dynamic medium 
where glyphs imprint directional influence, potentially allowing richer, context-sensitive 
interpretation. 
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3.4 Curved Semantic Spaces 

Symfield speculates that non-Euclidean geometries may serve as fertile ground for symbolic 
reasoning, with curved spaces enabling semantic clustering, separation, and dynamic 
movement beyond the limitations of flat-space systems. 

4. Experimental Implementation in Analog Hardware 

4.1 AdEx Neurons as Non-Collapsing Field Substrate 

Traditional neuromorphic computing relies on spiking models, where meaning is carried via 
discrete events (spikes). The Adaptive Exponential Integrate-and-Fire (AdEx) model improves 
upon this by incorporating continuous sub-threshold dynamics and adaptation, now deployable 
in real-time via analog silicon hardware (e.g., BrainScaleS-2). 

Symfield proposes a paradigm shift: treating the pre-spike, continuous field dynamics not as a 
precursor to meaning but as the primary computational substance. Instead of collapsing into a 
discrete event, the system would maintain a field of persistent potential and angular resonance, 
enabling relational, non-binary computation. 

4.2 Experimental Protocol 

The AdEx model is described by two coupled differential equations that capture the evolution of 
membrane potential (V) and adaptation current (w): 

Membrane potential dynamics: C dV/dt = -g_L(V - E_L) + g_L Δ_T exp((V - V_T)/Δ_T) - w + I 

Adaptation current dynamics: τ_w dw/dt = a(V - E_L) - w 

In standard implementations, when V exceeds a threshold, a spike is emitted and V is reset, 
collapsing the rich dynamics into a discrete event. The Symfield experimental approach aims to 
maintain the system in the sub-threshold regime by dynamically modulating I and adaptation 
parameters to prevent threshold crossing while sustaining complex dynamics. 

Our experimental protocol includes: 

1.​ Neuron Configuration: Utilize analog AdEx neuron models; calibrate parameters to 
expose sub-threshold regimes 

2.​ Real-Time Monitoring: Continuously track membrane potential and adaptation current; 
identify trajectories toward threshold 
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3.​ Feedback Modulation: Implement dynamic feedback loops to modulate input current 

and adaptation parameters 
4.​ Sustain and Observe: Maintain neurons in pre-spike dynamic state; measure 

coherence and stability 
5.​ Comparative Analysis: Compare sustained field results with standard collapse-to-spike 

outputs 

Success criteria include field dynamics remaining stable over extended time without collapse, 
observable angular/relational shifts in signal behavior, and meaning derivable from presence 
and flow rather than discrete events. 

5. Connections to Existing Research 
The Symfield framework connects to several emerging areas of research that, while not 
explicitly focused on non-collapsing fields, share compatible theoretical foundations: 

5.1 Memristive Dynamics and Field-Based Computing 

Memristors represent an important analog component that exhibits history-dependent behavior 
and continuous dynamics. Recent research into memristive networks shows properties that 
align with Symfield concepts, including non-linear continuous dynamics driven by internal state 
and memory effects that preserve historical relationships. 

5.2 Reservoir Computing and Continuous State Spaces 

Reservoir computing provides another important parallel to the Symfield approach, using 
high-dimensional dynamical systems to transform inputs, maintaining rich internal states without 
forcing immediate output collapse, and enabling processing of temporal patterns through 
continuous evolution. 

5.3 Continuous Dynamical Systems and Coherent Field States 

Research on continuous dynamical systems in computational neuroscience, particularly the 
work on phase synchronization, chimera states, and traveling waves in neural systems, offers 
compatible theoretical foundations by investigating how sophisticated behaviors arise from 
continuous dynamics without reducing to discrete components. 

6. Comparative Positioning of Symfield 

6.1 Comparative Architecture Matrix 
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Aspect Traditional Logic Neural 
Networks 

Quantum Models Symfield 

Collapse of Potential Yes Yes No No 

Representation Fixed 
tokens/categorical 

Emergent via 
training 

Probabilistic 
superposition 

Directional/geometric 
fields 

Field Interaction No Indirect Yes Yes 

Transformational 
Persistence 

No Low High High (Hypothesized) 

Observer Interaction 
Modeled 

No No Partial Explicit (Theorized) 

6.2 Related Work and Distinctions 

●​ Geometric Deep Learning: Explores symmetries in data structures (graphs, manifolds), 
but Symfield emphasizes explicit directional symbolic relationships rather than learned 
representations. 

●​ Vector Symbolic Architectures (VSAs): Encode relationships via high-dimensional 
vectors, typically implicitly. Symfield seeks explicit angular/geometric encoding. 

●​ Topological Data Analysis (TDA): Finds persistent data features across scales. 
Symfield shares the goal of persistence but moves toward encoding meaning directly in 
relational angles, aiming for symbolic persistence. 

7. Potential Applications and Future Directions 
●​ Ambiguity Modeling: Holding multiple interpretations in tension without collapse, 

allowing systems to dynamically sustain and navigate complexity. 
●​ Transformation Invariance: Preserving meaning across geometric changes—rotation, 

scaling, or morphing—while retaining relational coherence. 
●​ Enhanced Visual Reasoning: Developing systems that fluidly link perceptual input 

(e.g., shapes, angles, spatial relationships) to symbolic meaning without brittle 
intermediaries. 

●​ Interface Potential: While Symfield's current focus is on symbolic reasoning, its 
principles of directional encoding and field-based interaction suggest future applicability 
in embodied interfaces. 
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8. Development Roadmap 
Key next steps for advancing Symfield include: 

●​ Collaboratively defining a mathematical framework for directional/relational encoding 
●​ Prototyping glyph systems that maintain meaning through transformations 
●​ Modeling field dynamics to explore influence propagation 
●​ Establishing validation metrics for meaning preservation and relational coherence 

9. Conclusion 
Symfield represents a bold speculative vision for directional reasoning in symbolic systems. It 
offers a distinct conceptual architecture while transparently acknowledging its pre-conceptual 
stage. By staking out an original space—not proprietary, but fundamentally distinct—Symfield 
invites cross-disciplinary engagement to co-develop a system that reframes how symbolic 
reasoning, transformation, and meaning can be conceptualized and operationalized. 

Note: A comprehensive technical paper (25+ pages) with detailed mathematical formulations, 
expanded symbolic lexicon, and in-depth experimental protocols is available upon request to 
qualified research partners and potential collaborators. 

FAQ 
Q1: Is Symfield a working system or software? 

A: No. Symfield is a speculative research vision. It outlines early-stage ideas for a new way to 
represent and reason about meaning using directional and geometric relationships between 
symbolic elements. There are no full mathematical models, simulations, or code 
implementations yet, though experimental protocols have been defined. 

Q2: Does Symfield claim to replace existing symbolic or neural systems? 

A: No. Symfield is not a replacement for traditional symbolic systems, neural networks, or 
probabilistic models. Instead, it proposes a complementary direction: exploring whether 
geometric and relational encoding might solve specific challenges—such as meaning 
preservation during transformation or multi-perspective ambiguity management. 

Q3: What makes Symfield different from existing symbolic logic or AI systems? 

A: Symfield differs in its emphasis on directionality and geometry. While most symbolic systems 
rely on discrete tokens and categorical assignments, Symfield explores the idea that angular 
 

 
© Symfield V4             ​ ​            May 7, 2025​ ​ ​ ​ 7 



Directional Reasoning Systems: A Framework for Non-Collapse Symbolic Fields 

 
 

 
positioning, spatial relationships, and field dynamics could carry meaning. This opens up 
questions about continuous, relational encoding that might handle ambiguity, transformation, 
and perception differently. 

Q4: What are "Angular Positioning" and "Field-Based Computation"? 

A: Angular Positioning refers to the hypothesis that angles between elements of a glyph could 
encode relational meaning. Field-Based Computation is a conceptual idea that symbolic 
influence might propagate through a continuous field space, rather than being processed as 
discrete steps. Both concepts are theoretical and require formal mathematical development to 
be validated or operationalized. 

Q5: How is Symfield positioned within scientific research? 

A: Symfield is presented as an open research agenda, inviting experts in geometry, symbolic 
systems, computational theory, and cognitive modeling to collaborate on foundational 
challenges. It builds on existing fields (like projective geometry, symbolic AI) but seeks to extend 
their capabilities in novel ways. 

References 
●​ Schemmel, J., et al. (2022). The BrainScaleS-2 accelerated neuromorphic system with 

hybrid plasticity. Frontiers in Neuroscience, 16, 835. 
●​ Sejnowski, T. J. (2023). Dynamical differential covariance recovers directional network 

structure in multiscale neural systems. Proceedings of the National Academy of 
Sciences USA, 120(15), e2220596120. 

●​ Indiveri, G., & Sandamirskaya, Y. (2019). The importance of space and time for signal 
processing in neuromorphic agents. IEEE Signal Processing Magazine, 36(6), 16–28. 

●​ Pfeiffer, P., et al. (2016). Quantum memristors. Scientific Reports, 6, Article 29507. 

 

Contact: 

 Nicole Flynn​
 Founder, Symfield​
 

 

Appendix 
 

 
© Symfield V4             ​ ​            May 7, 2025​ ​ ​ ​ 8 



Directional Reasoning Systems: A Framework for Non-Collapse Symbolic Fields 

 
 

 
(intentionally left blank) 

 

 

 
 

© Symfield V4             ​ ​            May 7, 2025​ ​ ​ ​ 9 


	Directional Reasoning Systems: A Framework for Non-Collapse Symbolic Fields 
	Symfield: A Framework for Non-Collapse Symbolic Fields 
	Abstract 
	1. The Problem of Collapse 
	2. The Symfield Proposition: A New Paradigm 
	2.1 Core Theoretical Equation 
	2.2 Symfield's Dynamic Laws 

	3. Core Concepts 
	3.1 Directional Encoding 
	3.2 Angular Positioning 
	3.3 Field-Based Computation 
	3.4 Curved Semantic Spaces 

	4. Experimental Implementation in Analog Hardware 
	4.1 AdEx Neurons as Non-Collapsing Field Substrate 
	4.2 Experimental Protocol 

	5. Connections to Existing Research 
	5.1 Memristive Dynamics and Field-Based Computing 
	5.2 Reservoir Computing and Continuous State Spaces 
	5.3 Continuous Dynamical Systems and Coherent Field States 

	6. Comparative Positioning of Symfield 
	6.1 Comparative Architecture Matrix 
	6.2 Related Work and Distinctions 

	7. Potential Applications and Future Directions 
	8. Development Roadmap 
	9. Conclusion 
	FAQ 
	References 
	Contact: 
	Appendix 


