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Abstract 

This paper proposes a new architecture for artificial intelligence derived from a simple primitive: 
distinction. 

The central proposition is that intelligent representation does not have to begin with words, 
tokens, probabilities, or continuous numerical weights. It can begin with the ability to distinguish 
one state from another. Distinctions can then be recursively composed into relations, structures, 
histories, alternatives, and possible future states. These structures can be represented in a 
balanced ternary alphabet, {−1, 0, +1}, and processed through closure and rewrite operations. 

The resulting architecture is not simply a ternary neural network. Its proposed computational 
sequence is: 

distinction → recursive distinction → relation → trit → trit structure → memory → 
backward reasoning → closure → language. 

The architecture also provides a discrete structural layer that can be correlated with the 
oscillatory and coherence-based architecture proposed in Right-Brain AI (RAI). In that 
framework, intelligence is conceived as coherent dynamics across multiple scales rather than 
merely probabilistic token prediction. The present proposal adds a discrete representational and 
reasoning substrate to that dynamic picture. 

The strongest claims of the proposal are architectural hypotheses, not established scientific facts. 
Some components are mathematically demonstrable under stated assumptions; others remain 
open engineering and empirical questions. The purpose of this paper is therefore not to claim that 
the future AI has already been proven, but to specify a coherent architecture that can now be 
implemented and falsified. 

 



1. The starting point: distinction 
The proposed architecture begins before language. 

Before a system can represent “cat,” “dog,” “true,” “false,” “past,” “future,” or “cause,” it must 
be capable of making a distinction. 

A distinction can be represented abstractly as: 

[ A B ] 

The important point is that the primitive operation is not necessarily naming either A or B. It is 
the recognition that there is a difference. 

This starting point has a substantial intellectual precedent. George Spencer-Brown’s Laws of 
Form explicitly takes distinction and indication as foundational concepts. Louis Kauffman’s 
mathematical treatment likewise describes Laws of Form as an approach that begins and ends 
with distinction. 

This does not prove that distinction is the physical foundation of intelligence. It establishes 
something more modest and useful: distinction is a legitimate candidate for a primitive 
computational operation. 

The proposed AI therefore starts with: 

[ D_0 =  ] 

and permits distinctions to be made about previous distinctions: 

[ D_1=D(D_0) ] 

then: 

[ D_2=D(D_1) ] 

and so forth. 

This produces a recursive hierarchy of distinctions. 

A system capable of this can distinguish not only objects, but relations, patterns, categories, 
states, transitions, contradictions, and alternative interpretations. 

 



2. From distinctions to structure 
A single distinction contains very little information. 

A system becomes expressive when distinctions can be related. 

For example: 

[ AB ] 

can be combined with: 

[ AC ] 

and: 

[ BC ] 

The result is no longer a single distinction but a structural configuration. 

The basic computational unit therefore becomes not the isolated symbol but the configuration of 
distinctions. 

This is an important difference from conventional symbolic AI. 

A conventional symbolic representation might say: 

A causes C. 

The proposed architecture would instead represent the underlying relational structure from which 
that statement is reconstructed. 

This makes the architecture closer to a graph, topology, or state-space than to a dictionary. 

Spencer-Brown’s formalism is relevant here because the mark does not merely name an object; it 
establishes a distinction and creates a form in which further distinctions can be made. 

The proposed architecture extends this idea computationally: 

[     . ] 

 



3. Why trits? 
The next question is how such structures should be encoded. 

The Vacuum.Net Foundational Paper already establishes a three-state local alphabet: 

[ {-1,0,+1} ] 

corresponding within the model to counterwinding, rest, and winding. N1 defines a continuous 
oriented strand whose local self-crossing has exactly these three states. N5 then states that each 
additional depth multiplies the number of distinguishable states by three. 

Edition 6 subsequently introduces the balanced-ternary representation and conditional Theorem 
T7. Under N1 and N5, the paper states that every finite net state at depth (n) corresponds to one 
trit string of length (n), and that every integer winding sum has a unique finite balanced-ternary 
representation with a non-zero leading trit. 

This gives the proposed architecture an unusually clean computational alphabet: 

[ T={-1,0,+1}. ] 

The three states can be interpreted structurally rather than numerically: 

[ +1 =  ] 

[ -1 =  ] 

[ 0 = . ] 

The exact semantic interpretation would have to be defined by the implementation. The 
mathematical point is that a three-valued representation is available. 

There is also independent engineering precedent for ternary computation. Balanced ternary has 
been used in actual computing systems, most famously the Soviet Setun computer, while 
contemporary neural-network research has demonstrated ternary weights in the {−1,0,+1} 
alphabet. BitNet b1.58, for example, assigns ternary values to model parameters and reports 
performance comparable to full-precision Transformer models under its evaluated conditions, 
with substantial reductions in memory and computational cost. 

This evidence does not prove the proposed architecture. It proves that ternary computation is 
technically viable and that ternary representations can participate in modern neural computation. 

 



4. Trits are not words 
This distinction is fundamental. 

A trit should not be treated as the equivalent of a word. 

The relationship is closer to: 

[    ] 

versus: 

[   . ] 

A single letter has little meaning by itself. 

Likewise, a single trit would normally carry very little semantic information. 

Meaning emerges from arrangement. 

Thus: 

[ t_1,t_2,t_3,,t_n ] 

is not merely a number. In the proposed AI it is an addressable structural state. 

This leads to a critical architectural principle: 

The semantic unit is the configuration, not the individual trit. 

The distinction between symbol and structure is also present in Spencer-Brown’s treatment of 
tokens, arrangements, and expressions: copied marks can form arrangements, and arrangements 
can function as expressions. 

The proposed AI takes that principle into computation. 

 

5. Knowledge as recursive distinction 
The central epistemological hypothesis can now be stated more formally: 

Any finite knowledge state that can be represented as a finite system of distinctions 
and relations can, in principle, be represented as a finite structural encoding. 



This is deliberately weaker than saying that every conceivable form of human knowledge has 
already been proven reducible to trits. 

The proposed chain is: 

[ K  D  S(D)  T ] 

where: 

• (K) = knowledge state; 
• (D) = distinction structure; 
• (S(D)) = structured arrangement of distinctions; 
• (T) = trit representation. 

The crucial conceptual move is that knowledge is represented by distinctions and their 
relations rather than by the linguistic surface through which knowledge happens to be 
communicated. 

Language is therefore one projection of knowledge. 

The architecture can support another: 

[     . ] 

And communication reverses the process: 

[     . ] 

 

6. Language as an interface, not the reasoning substrate 
This changes the role of language in AI. 

A Transformer largely operates on linguistic tokens. Even when it develops internal 
representations that are richer than language, its primary externally visible computational 
mechanism is still token-based prediction. 

The proposed architecture reverses the relationship. 

Language becomes an interface to an underlying structural representation. 

The complete pathway becomes: 



[             . ] 

This is analogous to the historical transformation from speech to writing, but the analogy must be 
used carefully. 

Writing does not encode meaning directly. It encodes linguistic forms. 

The proposed trit system would attempt to encode structural distinctions underlying linguistic 
expression. 

That potentially allows one internal representation to support multiple languages. 

English, Dutch, Chinese, mathematics, diagrams, music, and other communication systems could 
become different projections of the same underlying structural state, provided the required 
mappings can actually be learned or constructed. 

That last condition is an engineering hypothesis, not an established result. 

 

7. Memory: the past becomes structure 
The Vacuum.Net model already contains a particularly important concept for this architecture. 

N3 states: 

“A closed configuration constrains the next rewrite. The net carries its history as its 
shape.” 

This provides a radically different conception of memory. 

Instead of treating memory as a separate database attached to a reasoning engine, the current 
state itself contains traces of its previous transformations. 

In computational terms: 

[ S_{t+1}=R(S_t) ] 

but: 

[ S_{t+1} ] 

is constrained by the history encoded in (S_t). 

Memory is therefore structural. 



This is particularly interesting for AI because conventional systems often separate: 

• model parameters; 
• context; 
• external retrieval; 
• working memory; 
• long-term memory. 

The proposed architecture attempts to reduce that separation by making state history part of the 
representation itself. 

The practical implementation remains an open problem. 

 

8. A user question is a backward constraint 
The architecture becomes more interesting when applied to reasoning. 

Suppose a user asks: 

Why did X happen? 

A conventional language model can generate a likely continuation based on its learned 
probability distribution. 

The proposed architecture would treat the question as a constraint on a desired closure. 

Conceptually: 

[ Q  D_Q  S_{} ] 

The system then asks: 

[ S_{} ] 

Reasoning therefore proceeds backward: 

[       . ] 

This does not mean that every computation must be backward. Forward simulation remains 
possible. 

The architecture instead gains two complementary modes: 



[  =  ] 

[  =  ] 

This is particularly suited to questions, diagnosis, planning, explanation, and counterfactual 
reasoning. 

 

9. Future knowledge as a branching state-space 
The same architecture provides a natural representation for possible futures. 

The past can be represented as the structural history that produced the current state. 

The future can be represented as a set of possible rewrites: 

[ S_t  {S_{t+1}{(1)},S_{t+1}{(2)},S_{t+1}^{(3)},…}. ] 

Each branch can be evaluated for closure, consistency, coherence, cost, or other constraints. 

Thus the architecture does not require “future knowledge” in the literal sense of already knowing 
events that have not happened. 

Instead, it represents: 

[ . ] 

This distinction is essential. 

A scientific AI cannot legitimately claim knowledge of an unknowable future merely because its 
representation is ternary. 

What it can do is construct and compare possible continuations. 

 

10. Closure as selection 
Vacuum.Net N2 provides another important principle: 

Only configurations that close persist. 

For the AI architecture, closure can become a computational selection criterion. 



A candidate reasoning path is generated. 

The system then tests: 

[ C(S)=1 ] 

if the resulting structure satisfies the relevant closure conditions, and: 

[ C(S)=0 ] 

otherwise. 

This provides a mechanism for rejecting internally inconsistent states. 

The architecture therefore becomes: 

[     . ] 

This is an important difference from unrestricted generation. 

The AI is not merely asked: 

“What answer has the highest probability?” 

It is asked: 

“Which candidate state satisfies the structural constraints?” 

That distinction could eventually provide a route toward more explicit forms of consistency 
checking. 

Whether closure can actually provide a sufficiently powerful general-purpose reasoning 
mechanism is one of the central empirical questions. 

 

11. RAI supplies the dynamic layer 
The distinction/trit architecture does not need to replace the Right-Brain AI proposal. 

It can complement it. 

The RAI architecture described in The Architecture of Right Brain AI proposes a Resonant Stack 
based on oscillatory computation, coherence, multi-scale dynamics, and constraints rather than 
treating intelligence exclusively as probabilistic token prediction. 



The proposed synthesis gives the two architectures different roles. 

RAI 

RAI supplies: 

• dynamics; 
• oscillation; 
• phase; 
• coherence; 
• multi-scale coupling; 
• regime detection; 
• continuous state evolution. 

Distinction/Trit AI 

The structural layer supplies: 

• discrete distinctions; 
• addresses; 
• relational structure; 
• memory; 
• rewrite states; 
• backward reasoning; 
• symbolic reconstruction; 
• language interfacing. 

The resulting architecture is: 

[  ] 

The continuous and discrete layers need not compete. 

They can constrain each other. 

A resonant state can generate or modify distinctions. 

A distinction structure can identify meaningful phase relationships. 

A trit state can provide an address for a dynamic state. 



A dynamic coherence measure can determine which structural states remain viable. 

This is a much more powerful proposition than simply replacing binary arithmetic with ternary 
arithmetic. 

 

12. The complete architecture 
The proposed future AI can now be represented as a stack. 

Layer 1 — Distinction 

The primitive operation: 

[ D(A,B) ] 

produces a meaningful difference. 

Layer 2 — Recursive distinction 

Distinctions can themselves become objects of distinction: 

[ D(D_1,D_2). ] 

This generates higher-order structure. 

Layer 3 — Relational topology 

Distinctions are connected into patterns, graphs, loops, hierarchies, and closures. 

Layer 4 — Trit encoding 

The local states are represented as: 

[ {-1,0,+1}. ] 

Layer 5 — Structural memory 

The evolving configuration preserves constraints imposed by its history. 

Layer 6 — Rewrite engine 

The system transforms one valid configuration into another. 

[ S_{t+1}=R(S_t,X_t). ] 



Layer 7 — Backward reasoning 

A query defines a target state and the system searches for the distinctions required to close it. 

Layer 8 — Future branching 

Alternative rewrites generate possible future states. 

Layer 9 — Resonant/coherence layer 

RAI-type dynamics evaluate continuous coherence, phase relationships, and multi-scale stability. 

Layer 10 — Language interface 

The internal structure is translated into human-readable language. 

The resulting complete loop is: 

[  ] 

 

13. What is already established? 
A scientifically useful architecture must distinguish proof from hypothesis. 

Several components have strong external or internal support. 

Established mathematical component 

Balanced ternary arithmetic is mathematically established. 

The Vacuum.Net paper’s T7 provides a conditional uniqueness theorem under N1 and N5. 

Established computational precedent 

Ternary computation is not merely theoretical. Balanced ternary has historical hardware 
precedent, and modern research has demonstrated ternary neural-network parameters. BitNet 
b1.58 is a particularly relevant contemporary example. 

Established conceptual precedent 

Distinction as a primitive of formal representation has a serious lineage through Spencer-Brown 
and subsequent mathematical work by Kauffman and others. 



Established AI precedent 

Neural networks can operate with ternary parameter values and achieve competitive results under 
specific experimental settings. 

These facts make the proposed architecture technically plausible. 

They do not establish the central hypothesis that a recursive distinction/trit/closure architecture 
will produce superior general intelligence. 

That remains to be tested. 

 

14. What remains unproven? 
The architecture contains several explicit open problems. 

First, we need a rigorous definition of distinction that can be implemented computationally 
without relying on informal interpretation. 

Second, we need an encoding function: 

[ E:KT ] 

that maps arbitrary useful knowledge structures into trit configurations. 

Third, we need a decoding function: 

[ D:TK. ] 

Fourth, we need a rewrite system: 

[ R(T,X) ] 

that can actually learn. 

Fifth, we need a criterion for selecting among competing rewrites. 

Sixth, we need to establish whether recursive distinction structures can generalize rather than 
simply memorize. 

Seventh, we need to establish whether the proposed system can outperform existing architectures 
on meaningful tasks. 



These are not minor implementation details. 

They are the scientific test of the proposal. 

 

15. The critical experiment 
The fastest route from theory to evidence is therefore not to build a giant model. 

It is to build a small one. 

A first prototype should contain only: 

[  ] 

The test should use a controlled reasoning problem. 

For example, train the system on a set of relational structures: 

[ A>B,B>C ] 

and ask: 

[ A>C? ] 

The system should not merely memorize the answer. It should construct the relation through its 
internal distinction structure. 

A harder test would introduce novel combinations: 

[ A>B,B>C,C>D ] 

and ask: 

[ A>D? ] 

A still stronger test would introduce contradictions: 

[ A>B,B>C,A<C. ] 

The system must then identify the incompatible structure rather than simply generate a plausible 
sentence. 

This would directly test the proposed architecture’s central advantage: structural reasoning 
rather than linguistic continuation. 



 

16. The decisive comparison with Transformers 
The correct comparison is not: 

“Are trits better than bits?” 

That question is too narrow. 

The real comparison is: 

[   . ] 

A fair benchmark should therefore measure: 

1. systematic generalization; 
2. multi-step reasoning; 
3. contradiction detection; 
4. long-term memory; 
5. counterfactual reasoning; 
6. compositionality; 
7. energy consumption; 
8. memory requirements; 
9. inference latency; 
10. robustness under distribution shift. 

Only such experiments can establish whether the architecture represents a genuine alternative to 
Transformer-based AI. 

 

17. Why the architecture could matter 
If the central hypothesis succeeds, the consequences are substantial. 

A conventional language model essentially asks: 

[ P(). ] 

The proposed architecture instead asks: 



[  ] 

Those are fundamentally different computational questions. 

The first is predictive. 

The second is structural. 

A hybrid could combine them: 

[    ] 

[    ] 

[    ] 

[   . ] 

This suggests that the future architecture does not have to be anti-Transformer. 

The Transformer can become the linguistic interface rather than the entire cognitive architecture. 

 

18. From language to knowledge 
The deepest implication of the proposal is therefore not ternary arithmetic. 

It is the possibility of separating knowledge from its linguistic representation. 

Humanity has repeatedly performed representational compression. 

Spoken sounds became linguistic categories. 

Linguistic categories became words. 

Words became written symbols. 

Written symbols became mathematical notation, diagrams, databases, computer code, and digital 
representations. 

The proposed distinction architecture introduces another possible layer: 

[     . ] 

In that sense, the trit becomes analogous to an alphabetic primitive, but with a different target. 



Letters encode linguistic form. 

Trit structures would attempt to encode relational form. 

That is the conceptual foundation of the proposed AI. 

 

19. The proposed thesis 
The complete thesis can now be stated compactly: 

Intelligence can be modelled as the capacity to generate, preserve, compare, 
transform, and close distinctions across multiple scales. 

From this thesis follows the proposed architecture: 

[  ] 

where: 

• (D) = distinction; 
• (S) = structure; 
• (T) = trit representation; 
• (M) = memory; 
• (R) = rewrite; 
• (C) = closure; 
• (Q^{-1}) = backward reasoning from a query; 
• (L) = language. 

RAI adds: 

[ = ] 

so that the architecture becomes: 

[  ] 

This is the proposed architecture of a future structural AI. 

It is not yet a demonstrated artificial general intelligence. 

It is a testable computational hypothesis. 



The important point is that the individual components are no longer isolated ideas. Distinction, 
ternary representation, structural memory, closure, rewrite dynamics, backward reasoning, and 
resonant coherence can now be specified as interacting layers of one architecture. 

The next scientific step is therefore straightforward: 

build the smallest possible machine that implements the loop and see whether it learns. 
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Final methodological statement 
The proposal should therefore be evaluated at three different levels. 

Mathematics: balanced ternary and the conditional unique-address result can be formally 
analysed. 

Architecture: distinction, trit structure, memory, rewrite, closure, backward reasoning, and RAI 
coherence can be implemented as a computational system. 

Scientific claim: whether that system constitutes a genuinely superior form of AI must be 
established experimentally. 

The decisive experiment is not whether the architecture sounds different from a Transformer. 

It is whether a small distinction/trit system can learn a relational structure, reason over a 
novel composition, retain structural memory, construct alternative futures, and explain its 
result in language with measurable advantages over a comparable conventional system. 

That experiment would turn the present theory from an architectural proposal into an empirical 
research programme.
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