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Abstract

Current Artificial Neural Networks based on Large Language Models (LLMs) primarily use statistical
token prediction, often lacking rigorous structural semantic consistency and illocutionary force. This
paper introduces the Tensor Functional Language Logic (T-FLL) as a formal bridge between symbolic
reasoning and continuous neural manifolds. We redefine linguistic units as functional noemes and
propose a mapping of logical operators onto tensor operations. Sentences are translated into noematic
formulae, and we show that the attention mechanism driving the semantics of a dialog can be reformu-
lated more efficiently if directed by the noematic formulae. In this way, we outline a path toward more
explainable and structurally sound Al architectures.

Keywords: Functional Language Logic; Large Language Model; transformer; tensor; attention
mechanism

1. Introduction

The quest for a universal calculus of thought, or characteristica universalis, has been the driving
force of formal logic since Leibniz (1677)[32]. From the early insights of the Port-Royal logic (La Logique,
ou I’Art de penser, 1662), which viewed language as a logical construction rather than a mere sequence
of symbols, to a stable definition of predicative logic by Hilbert and Ackermann (1928) [6,10,18], the
objective has been to map the structure of natural language onto a rigorous formal system.

A pivotal moment occurred in the 20th century with Reichenbach’s (1947) language analysis
within the predicative logic setting, followed by the groundbreaking work of Richard Montague in
the 1970s. Richard Montague, a student of Alfred Tarski, attempted to treat “English as a formal
language” by employing A-calculus and intensional logic [26-28]. However, while rigorous, Mon-
tague’s framework often led to excessive complexity that struggled to scale within the emergent field
of computational linguistics.

Recently, artificial neural networks, introduced since the first stage of computer science devel-
opments [24], have achieved great successes combining computer science, cognitive science, and
linguistics, by developing methods of machine learning that train the artificial neural networks to
acquire complex abilities [1,3,8,11-15,25,29,36,37]. Probably, the most surprising success is the new
generation chatbots (ChatGPT-OpenAl) [30], (Gemini-Google), (Claude-Antropic), (Copilot-Microsoft),
...based on LLM (Large Language Model) transformers [11,14,23]. They are neural networks Pre-
trained to Generate natural language texts by Transforming them into numerical vectors (GPT), called
embedding vectors, in multidimensional semantic spaces. This paper suggests the possibility of com-
bining the logical representation of natural language with the geometric perspective of transformers
[2,7,23,38]. This would add a deeper understanding of texts, overcoming the current limitations of
chatbots [9,34], and pushing towards future systems of artificial cognition [31], where the interplay
between cognition and logical representation surely has a crucial role [20,22].

The paper introduces the Functional Language Logic (FLL), an evolution of Montague’s function-
alism to the European linguistic tradition of discourse logic. As detailed in previous works [17,19,21],
FLL treats every lexical unit as a noeme —a functional operator- rather than a static notion. The primary
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innovation presented here is the translation of FLL into T-FLL, a tensor-based manifold, providing
a bridge between symbolic precision and the continuous vector spaces of modern Large Language
Models (LLMs). By mapping logical operators onto tensor operations, we propose a path toward a
"Geometric Logic" that can ground the statistical power of LLM Transformers in formal necessity.

2. Church Type Theory

The formal foundation of FLL lies in Church’s Simple Theory of Types (1940) [5]. We adopt a
dotted notation for functional abstraction (Church’s A-abstraction): x.E(x), where E(x) is an algebraic
expression containing the variable x. The application mechanism follows the B-rule identity, according
to Church’s terminology, which formalizes Leonard Euler’s concept of function in Introductio in
Analysin in Infinitorum (1748), where the notation for function application is introduced, writing the
argument to which the function applies inside parentheses on the right of the function symbol:

(x.E(x))(a) = E(a) (B rule) (1)
where E(a) denotes the evaluation of the expression E(x) in correspondence with the value a of x.
Whence:

x.E(x) =y.E(y) (a rule)
and:

x.E1(x) = x.Ex(x) (n rule)
iff x.E1(x)(a) = x.Ex(x)(a) for all values a of variable x.

Constants, Variables, and Expressions, built by means of some primitive functions, are typed. A Type
T is a category, or a symbolic mark associated with an expression E by a type assignment E : 7. The
typing rule for functional abstraction states that when x : T and E(x) : 0, then x.E(x) : (T — 0) (this
means that (7 — 0) is the type of functions from elements of type T to elements of type o). The
corresponding typing rule for functional application states that when x : T and f : (T — ), then

f(x):o.

The type ind is assigned to basic elements, called individuals, while bool is the type of truth (or
boolean) values T, L.

A basic predicate is a function of type (ind — bool), which we abbreviate by pred.

If P is a predicate, then {x|P(x)} is the class of elements satisfying P.

If A is a class of elements of type 7, then A : {t}. Constants of individuals (a, b, . ..), predicates
(P,Q,...), and classes (A, B, . ..), and expressions equated to them are called substantives.

An infinite hierarchy of types can be built on individuals and Boolean types: (ind — bool), {ind},
(ind — (ind — bool)), ((ind — bool) — (ind — bool)), ({ind} — bool), ...

For any type, we assume a denumerable set of constants and variables of that type.

The logical order of a type is the maximum number of consecutive open parentheses and braces
that occur in the type.

Lambda abstraction enables us to represent any function with multiple arguments using monadic
functions. Let us consider a case of three arguments:

(x1, %2, x3). P(xlfxz, X3) =
X1. ((x2/x3) x11x2/ x3)) =
= x1.(x2.(x3.P(x1, X2, x3))

Namely, for any three arguments ay, 4y, a3:

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202602.0530.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 6 February 2026 d0i:10.20944/preprints202602.0530.v1

30f15

x1.(x2.(x3.P(x1,x2,x3)) ) (a1) = x2.(x3.P(a1,x2,x3))
x2.(x3.P(ay,x2,x3))(a2) = x3.P(ay,az,x3)
x3.P(ay,az,x3)(as) = P(ay,az,a3)

Truth values T and L are constants that can be considered as special propositions. Within Church
Type Theory, we can easily reconstruct all the predicative logic of boolean connectives and quantifiers
(P, Q denote propositions) [21]:

T =1land -1 =T
P>Q=LliffP=TeQ=.1
PAQ=TiffP=TeQ=T
PVvQ=LliffP=leQ=1
P Qiff P=Q

VxP(x) = (P =x.T)

dxP(x) = ~(P =x.1)

3. Functional Language Logic (FLL)

FLL formalism is rooted in Church’s type theory. Its main idea is the transformation of a given
sentence into a noematic formula built with noemes, which are predicates associated with the words
of a fixed language. Noemes are combined using some logical operators, and the noematic formula
results in a list of pedications or equations. A predication consists of an application of a monadic
predicate to an argument. An equation consists of a constant equated to an expression. Constants can
be individual (4, b, .. .), predicative (P, Q, . ..), or collective (A, B, .. .) (classes). The type of predicates
(ind — bool) is shortly called pred. We call hyperpredicates the functions of type (pred — bool) and
adpredicates the function of type (pred — pred) (2-hypertredicates have type ((pred — bool) — bool),
and 2-adpredicates have type ((pred — pred) — pred)). The hierarchies of hyperpredicates and
adpredicates can be extended to any level.

In FLL, boolean connectives and quantifiers are also operators on monadic predicates (< is
predicate equality):

—P = x.—P(x)
(P Q) = x.P(x) - Q(x)
(PAQ) = x.P(x) AQ(x)
(PVQ) —xP( )V Q)

(VP) = (P =x.7T)

(3P) = (P = ~(x.1))

We will show that twenty FLL operators can express any sentence by a noematic formula (see
Table 1). FLL operators are divided into six groups: predicative, copredicative, descriptive, connective,
assertive, and numerical.

The predicative operators of The FLL are the predication, that is, the application of a monadic
predicate to an argument, and ~, which is the predicative abstraction or hyperpredication. Th1s
operator applies to a predicate, for example Walk, and expresses the second-order property Walk
that is common to the predicates that imply the property of walking. Therefore:

Walk(P) = (P — Walk)

whence: P(a) — Walk(a).
The formal definition of hyperpredication is (X predicative variable):

P=X.(X—P)

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202602.0530.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 6 February 2026 d0i:10.20944/preprints202602.0530.v1

40f15

which equates an implication into a predication. In this definition, it is essential to have the functional
abstraction, predicate variables, and monadic predicates. The classical Aristotelian barbara syllogism
becomes completely adherent to its linguistic form when it is stated in FLL using predicative abstraction
(Socrates is a predicate such that Socrates(a) means that there is an individual 2 having the proper
noun “Socrates”):

ml(Mﬁm) A m(Socrates) — ml(%cmtes)

The copredicative operators of FLL are: (direct) complementation, modification, hypercomplementation
(indirect complementation), and specification.

Complementation is the operator _ (in suffixed notation) that transforms a predicate that has two
arguments into a monadic predicate:

(x,y.P(x,y))_b = x.P(x,b)

Whence: Love_b(a) = Love(a, b).

Specification, which in traditional linguistic analysis is a kind of complementation, deserves a
different formalization because the logical operator that it expresses has a different logical nature.
Namely, given a constant c, the specification operator (| gives (c|, which is the monadic predicate
expressing a relation of pertinence, relationship, affinity, inclusion, ... with the individual ¢, which
generically corresponds to the linguistic expression “of ¢”.

A modification Q[P], where Q is a predicate modifying the predicate P, is the new predicate with
characteristics of P changed by the influence of Q. For example, Good|[Policeman] is a quality that is
not the conjunction of Good and Policeman, because in “good policeman” the influence of “good” is
specific to the meaning of policeman, and completely different from a “good father”.

Indirect complementation in FLL is realized by hypercomplementation, because a linguistic element,
which we call completer, say it Comp (in many languages, Comp is a preposition), is considered as a
function taking an individual b (the complement) and providing Comp_b, a second-order property.
For example, the proposition With becomes With_b, then when Go(P), the predication With_b(P)
adds to P the quality of going with b. Therefore, to say that a goes with b, we can write: P(a) ;
(Go A With_b)(P), or simpler:

o~

Go(P); With_b(P); P(a)
Another possibility is to consider With_b a modifier, by writing P(a) together with:

—

With_b[Go](P)

Suitable axioms of FLL could regulate these semantic equivalences (and analogous ones), but we do
not pursue this direction further because it would take us far from the main topic of our discourse.
However, we want to remark on two important general aspects:

1) Very often, linguistic elements can assume different types, depending on the linguistic con-
struction they are involved in (Good can be a predicate, Good(a), or a modifier of a predicate in
Good[Policemany).

2) Predicative constants differ from noemes, because they are contingent predicates, or particular
instances of noemes, “living” in the context of the noematic formula they belong to, while noemes are
persistent predicates with a stability related to the cognitive system they represent. For this reason,
we can write With_b(P), but cannot write With_b(Go). Namely, With_b is not a property of noeme Go.
Still, it may be a property of a particular instance of going, which is realized in a specific context and
asserted in a sentence associated with that context.

The descriptive operators of FLL are: 4, €, A, =, the last ones are the functional abstraction and
the equation, which assigns to a constant an expression (FLL substantivation). The first two operators
correspond to the determinative article “the”, and to the indefinite pronoun “any”, respectively.
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Operators 4, € are due to Giuseppe Peano and David Hilbert [33,40]. Peano’s : when applied to a
predicate denotes the unique value satisfying it (if such a value does not exist, or more than one value
satisfies the predicate, all predications on it are false). Actually, the FLL meaning of € is somewhat
different from Hilbert’s original operator (denoted by the ¢ variant of € [40]). Namely, € applied to
a predicate denotes a randomly chosen argument that satisfies it, but if no such value satisfies the
predicate, all predications on it are false.

Operator € enables elimination of variables in A-expressions, by using symbol € with numerical
indexes, intending that € occurrences with the same index replace occurrences of the same variable (e;
stands for any individual), for example:

y.(x.®(x,y)) = €2.(e1 . D(e1,€2))

The connective operators of FLL are: -, —, A, V (negation, implication, conjunction, and disjunction),
which are the boolean connectives on propositions and monadic predicates.

The three assertive operators of FLL are: |=, ?=, !|= (assertion, interrogation, exhortation).

Numerals 0, 1, 2, ... are considered particular constants. The three numerical operators of FLL
are: (> 1),n,n°, used for plurals, cardinal numbers, and ordinal expressions. The class abstraction
{x|P(x)}, or simply {P}, can be considered a special case of pluralization.

Examples of noematic formulae representations are provided below to illustrate the descriptive
precision of FLL [19,21]. We remark that predication is always realized with monadic (monoargumen-
tal) predicates.

¢  Example 1 (Predication, Modification, Assertion): “Giulio is a good boy”:
Giulio(a); =Good[Boy]|(a)

This means that there is an individual, denoted by a, who satisfies the predicate Giulio (being
a proper noun, the predicate expresses the property of having the name ‘Giulio’). Then, the
same individual satisfies the predicate Good boy, which is a modification of Boy. The predication
prefixed by |= is the main fact asserted by the sentence.

e Example 2 (Complementation): “Giulio loves Helen”:

Giulio(a); Helen(b); =Love_(b)(a)

In this case, we can proceed as in the previous example. Still, Love is a binary predicate (a
transitive verb Love(x, y), expressing that the first argument loves the second one), therefore it is
transformed into Love_(b) = x.Love(x, b). The operator _ is (direct) complementation.

e  Example 3 (Hyperpredication) “Giulio loved Helen”:

Giulio(a); Helen(b); Love(P); Past(P); =P_(b)(a)

The operator ~ of predicative abstraction applies to Love, expressing the second-order property
common to the predicates that imply the property of loving. The predicative constant P denotes a
predicate that implies loving, it is in the past, and holds on 2 when its object is b.

e Example 4 (Complementation, Specifcation, Hypercomplementation):
“Helen was going home by her bike”:

Helen(a); Home(b); Bike(c); Go_b(P); (Past AProgr)(P); (a|(c); By_c(P); =P (a)

In this formula, the complementations Go_b, the hypercomplementation By_c, and the specifica-
tion operators occur.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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e  Example 5 (Distributive Sentence):
“The boys entered the classroom two at a time”

A = 1(>1)[Boy]; Classroom(b); Eﬁer\_b(P); (Past A Continuative)(P);2_eTime(P);
=P(A)

Here (>1)[Boy] is the plural of boy and ¢ is the determiner “the” (Peano’s operator), meaning
that in the context of the sentence, there are some boys, univocally determined, denoted by the
constant A of a class. The hypercomplementation e Time_2 expresses the distributive aspect of the
continuative action realized by the entering of P, where, at any step, 2 boys enter.

¢  Example 6 (Donkey Sentence): “Any man loves a woman who loves him”

b = eMan; Woman(a); Love_b(a); =Love_a(b)

In this sentence, a pronoun falls in the scope of an indefinite/ distributive pronoun. The term
“Donkey Sentence” derives from the medieval philosopher Walter Burleigh, whose example
sentences contain mention of donkeys (see section 6). In the noematic formula above, Hilbert’s e
operator occurs, which expresses a choice of a value satisfying a predicate. The following formula
represents “Every man loves a woman who loves him”:

X = eLove; b = eMan; Woman(a); X_b(a); =X_a(b)

e  Example 7 (Relative Sentence):
“Giulio is searching for the pen that Helen gave him”
Giulio(a) ; Helen(b) ; Present A\ Progressive(P) ; Semgq?for(P) ;
EI'U\E(Q), Paste(Q) ; R = x.Q_x(b) ; ¢ = 1(R A Pen) ; =P_c(a)

Here, Giulio is searching for a pen that satisfies a specific property expressed by a A-expression.
e Example 8 (Without Complementation): “Yesterday I was walking without shoes”

Me(a); Yesterday(P); b = e(2[Shoe]); Walk(P); ~Wear_b(P); =P(a)

Here, predicative abstraction is applied after a direct complementation and negation.
¢  Example 9 (Consecutive Sentence): “The suitcase is so heavy that I cannot carry it”

Me(a); b = 1(Suitcase); ((b|[Weight])(c);d = e(Weight(x) A x.Able[Bring]_x(a));
=Weight|Greater]_d(c)

This formula says that the weight of the suitcase is greater than any weight that I can bring.
e Example 10 (Temporal Subordination):

“The boys were entering while the teacher was speaking”

A =1((>1)[Boy]) ; Teacher(b) ; E/nEr(P) ; @(Q); Past A\ Progressive(P);

Past A Progressive(Q) ; P = P(A) ; Q" = Q(b) ; EWhile_Q'(P")

The temporal subordination is realized by two constants denoting the propositions and then by
expressing the temporal relation by using complementation.
¢  Example 11 (Interrogation): “Where are you going?”
You(a) ; Place(b) ; Go(P) ; (Present A Progressive)(P) ; = b?P_b(a)
This interrogation expresses the argument b for which a further detailed description is requested.
e Example 12 (Exhortation): “Go home”
You(a) ; Home(b) ; Go(P) ; Present(P) ; a! = P_b(a)
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This exhortation highlights the subject 4, who is requested to fulfill the order (making the sentence
true).

The following table (Table 1) summarizes the 20 fundamental operators of FLL (subst is the
polymorphic type of any constant or descriptive expression).

Table 1. The 20 fundamental operators of Functional Language Logic (FLL).

#  Operator Logical Designation / Functional Type

1 P(s) Predication (s satisfies the property P) P : (subst — bool)

2 s=E Equation (expression E is assigned to substantive s): (c: 7) = (E : T)
3 P Hyperpredication:": (pred — (pred — bool))

4  x.E(x) A-abstraction: (x : T), (E(x) : 0) = (x.E(x) : (T = 0))

5 = Negation : (pred — pred)

6 — Implication : (pred — (pred — pred))

7 A Conjunction (Predicative Conjunction) : (pred — (pred — pred))
8 VvV Disjunction (Predicative Disjunction) : (pred — (pred — pred))

9 P Complementation (Direct): _: (pred — (subst — pred))

10 Prep_s(P) Hypercomplementation : Prep_: (subst — (pred — bool))

11 (s Specification: (c| is the predicate “of s”; (| : (subst — pred)

12 Q[P] Modification (Noematic warping); —[—| : (pred — (pred — pred))
13 /P Determination ; ¢ : (pred — subst) (1Boy = “the boy”)

14 €P Indetermination € : (pred — subst) (eBoy = “any boy”)

15 E Assertion (Focus Proposition); |= : (bool — bool)

16 ?kE Interrogation ? |= : (bool — bool)

17 ' E Exhortation ! |=: (bool — bool)

18 (> 1)[P]  Pluralization (> 1)[Boy| (Boys); (> 1)[ | and { } : (pred — ({ind})
19 n[P] Numeration 2[Boy| (two boys); 2[ | : (pred — ({ind}))

20 n°[P] Seriation 2°[Boy] (second boy); 2°[ | : (pred — ind)

4. The Tensors of Embedding Space

To understand how logic inhabits a neural network, we must first define the laws of the space
where modern chatbots operate. Large Language Models (LLMs) project every linguistic unit into
a high-dimensional manifold N known as the Embedding Vector space. This space is a geometric
structure governed by multilinear algebra, based on tensors [2,4,7,16,23,38,39]. They are a powerful
concept providing the right mathematical language for expressing physical theories. In this space, the
“semantic mass distribution” supports the information flux of dialogs, making them adequate and
productive.

Here, we distinguish between three types of entities:

e Vectors (v): Representing individual “points”. They are directed arrows in the manifold.

¢ Covectors (P;): Also known as linear functionals or dual vectors. They represent “tests” or
“filters”. When a covector meets a vector, they produce a scalar value through
Contraction (P;v?).

e  Tensors (T;, T;jx): Higher-order structures that act as operators. A tensor can rotate, scale, or
warp one vector into another, representing the transformation of meaning (e.g., how an adjective
modifies a noun).

4.1. Projections and Subspaces
The “intelligence” of a chatbot emerges from how it manipulates tensors:

*  Contraction: This is the dot product that measures semantic similarity.
*  Subspaces and Projections: A specific topic (e.g., “Mathematics”) occupies a slice or subspace of
the manifold. To understand a word in context is to project its vector onto the relevant subspace.
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*  The Metric Tensor (g;): This is the “ruler” of the space. It defines the distance and the angle
between vectors. In T-FLL, the metric determines the Semantic Density and the threshold of
truth (6).

The core of the transformer models is the Scaled Dot-Product Attention, defined by the interaction
of three matrices [39]: Query (Q), Key (K), and Value (V) (exponent T means transposition):

. Q-KT
Attention(Q, K, V) softmax( NG ) 74 ()
From an FLL perspective, this process can be viewed as a dynamic noematic weighting. The QKT
interaction determines the degree of correlation between noemes (e.g., how much the predicate Enter
should “attend” to the predicate Boy in a sentence where both occur). This matrix product is then
multiplied by the matrix V of the vectors representing the linguistic tokens of an input sentence.
The resulting vector gives the attention coefficients of the input vectors, which, after a suitable
normalization, determine the linear combination of the vectors of V, giving the global meaning of
the input sentence. Therefore, the meaning emerges from the mutual interaction that contextualizes
the embedding vectors recalled by the sentence and then combines their contextualizations. This
mechanism is the key to a chatbot’s performance, turning the static knowledge incorporated in the
embedding vectors into the dynamics of its conversational competence.

Transformers generate contextualized embeddings, which provide adequate outputs. Each vector in
the hidden layers represents a “vortex” of information where the original noeme has been modified by
its surroundings. This mechanism mirrors the FLL modification operator (—[—]), where the meaning
of a predicate is warped by the presence of other noematic constraints in the sequence.

However, while Transformers achieve this through stochastic gradient descent, we will show that
T-FLL provides a formal, interpretable protocol for these contextualizations.

5. From Logic Operators to Tensors

To bridge the gap between FLL and neural architectures, we must formalize the Noematic Space
N as a multidimensional Hilbert space where semantic operations are expressed through multilinear
algebra.

We assume the Noematic Space is equipped with a metric tensor g;;, allowing for the calculation
of distances between noemes. The semantic “coherence” of a formula is proportional to the density of
the tensor field at the point of assertion.

The core innovation of T-FLL is the mapping of the logical act of judgment onto a geometric
convergence. In FLL, the assertion operator (=) corresponds to a judgement localization on the
Semantic Centroid (C) within the Noematic Space, acting as the “field equation” of communication.

5.1. Predication as Scalar Product

To implement this convergence, each of the 20 FLL operators must be translated into its specific
multilinear algebraic function. In T-FLL, we represent individual constants (e.g., 4, b, c) as vectors
v € N, where N is a high-dimensional real Hilbert space. Conversely, noemes (predicates) are
represented as elements of the dual space N'*, acting as linear functionals (covectors).

The fundamental operation of predication, P(a), is thus defined as the contraction:

(P,a) = Pa' =6 (©)

where 6 € [0,1] and it corresponds to the degree of noematic adherence, or a truth value according to a
truth-threshold discriminating values less than the threshold corresponding to L from greater values
corresponding to T.
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5.2. Higher-Order Tensors

The modification operator P[Q] is modeled as a (1, 1)-tensor M; that acts on the covector Q; to
produce a warped noeme P/:
P = M;Q; (4)

In a transformer, this corresponds to the linear transformations applied by the weight matrices
Wq, Wk, Wy within each attention head. The complexity of natural language is captured by the rank of
these tensors, where complementation and hypercomplementation (operators 9 and 10) are represented
as successive contractions of indices in a tensor network.

Specification is the transformation of a vector into a covector, because a substantive s, that is, any
constant denotation, is transformed into a predicate expressing the pertinence of s. We can imagine it
in AV as a cone centered at s. Specification and modification operators can be composed, and semantic
relations can be stated between hypercomplementation specification and modification. Namely, when
we say “Going with a bike” the predicate Go is enriched or specialized by a further condition. In FLL
terms, we have Go(P) A Bike(b) A With_b(P), in other words, P has the high-order property of going
and of using b, which is a bike, as an instrument.

We define the assertion of a complex formula as the calculation of the “barycenter” of the involved
noematic tensors. However, different from the standard attention mechanism, in T-FLL, this barycenter
is computed by using tensors translating FLL operators. The assertion operator drives the centroid C
computation to provide a focus in the noematic manifold for subsequent neural processing.

5.3. Mapping Anaphora via Persistent Indices

In FLL, equations assigning meaning to the constants solve the problem of anaphora resolution in
tensor networks. Instead of relying on decaying positional encodings.

For example, during the computation of the donkey sentence (Example 6), the tensor contraction
for Love is forced to reuse the register indexes a, b ensuring that the “Man” and the “Woman” maintain
their geometric identity across multiple attention heads in the semantic manifold N.

6. Attention Driven by the Noematic Formula

The core innovation of T-FLL is the transition from a probabilistic attention model to a Noematic
Machine. In this paradigm, the FLL formula is not a mere symbolic representation but the Execution
Code that configures the tensor dynamics of the neural architecture.

Before the tensor calculation, a Noematic Parser has to translate the natural language input V'
into its corresponding FLL formula ®y. This can be done in several ways. Here, we do not enter into
details, and a reasonable assumption is that a trained module is available to perform the passage from
a sentence to the corresponding noematic formula.

For the Donkey Sentence “Any farmer who owns a donkey beats it”, the output could be the
sequence:

a = e(Farmer); Donkey(b); Own_b(a); = (Beat_b(a)) (5)

This formula acts as a Wiring Map, an instruction set that defines which noematic tensors must
contract and in what order.

In standard transformers, the attention is a dense “all-to-all” operation, where all the pairs (x, y)
of noemes of an input text are scalarly multiplied for computing matrices Q, K and, according to the
attention formula given in section 4, the arrention coefficients are obtained that establish the linear
cobination of the vector of V expressing the meaning of the sentence associated with V.

In T-FLL, the matrices Q, K, V are dynamically modulated by the 20 FLL operators. The attention
weight « between two noemes x and y is constrained by the noematic formula ®y associated with the
matrix V of the input sentence.
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This ensures that a noeme x can only “saturate” with a noeme y if they “meet” in some predication
of the noematic formula. More specifically, the noematic formula ®y is characterized by a list of
predicates that apply to a list of constants. Some predicates are obtained by applying operators, and
some constants are equated to descriptive expressions. In tensorial terms, this means that only dot
products of corresponding covectors and vectors are necessary for computing the attention coefficients,
providing the semantic centroid associated with V. Let us explain how to calculate the attention
coefficients by using the noematic formula of “Any farmer who owns a donkey beats it”.

The FLL formula is executed as a state-transition sequence where each semicolon (;) represents a
discrete update of the noematic state:

1. Initialization (a2 = e(Farmer)) The machine allocates a persistent index in the register file. The
centroid Cj is localized on the vector v,.

2. Expansion (Donkey(b)): A second constant is activated, creating a dual-pole attractor in the
manifold N.

3. Structural Binding (Own_b(a)): The tensor Toy, (Operator 10) performs a guided contraction.
The centroid C3 moves into the relational subspace of “ownership”.

4.  Assertive Resolution (= (Beat_b(a)): The assertion operator triggers the final semantic collapse.
The accumulated state is projected onto the predicate Beat, resulting in the final fact-vector Cy.

The computation of attention coefficients is obtained in the following way:

Qd>v - (VPurmer/ VDonkey' Vown_bs VBeut_b)

KCI?‘V = (VIZ/ vb/ Vu/ V{Z)

Therefore, the matrices Q (Query), K (Key) perfectly agree with the dual nature of predication in FLL. A
logical fact is the result of an encounter between a predicative component and a descriptive component.

This interpretation of Query and Key provides a very efficient way of computing attention
coefficients, which can be easily extended to any value matrix V and its corresponding noematic
formula (Att abbreviates Attention):

Att(Qq’V’ Kq’V’ V) = SOftman}:((V;armer'vﬂ)' (Vgonkey'vb)/ (ngn_b' Vﬂ)’ ):(Vgeat_b' Vﬂ))

where the corresponding argument vectors of K¢, are posed in the noematic space in such a way
that all equations and predications of ®(V') are satistied. Operator softmax,._ assigns to the asserted
predication a maximum weight coefficient 4 by normalizing the remaining coefficients to have sum
(1-9).

This means that the computational complexity of the attention coefficients is of the order of:
Diag(Q - K")

passing from a quadratic to a linear cost, with respect to the standard attention formula (2). The
semantic centroid, giving the meaning of V is:

Centroidy = Attention(Qe,,Ke,, V) -V

In conclusion, the tensors associated with FLL operators (Table 2) act as structural constraints on
the attention mechanism. Instead of unconstrained linear projections, the matrices Q, K, and V are
dynamically modulated by the tensor networks representing the FLL noematic formula. Thus, the
Semantic Centroid C; is not a statistical average, but the result of a logically-driven tensor contraction
sequence.
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Now, we redefine the calculation of the Semantic Centroid by moving beyond the static attention
mechanism. In a dialogue, the “meaning” is not reconstructed from scratch at each step; it possesses a
Semantic Inertia.

The resulting Centroid C; is the point of convergence between the current informational input
and the previous state of the system I';_:

C; = softmax(Attention; + o Attention; 1)V, (6)

where ¢ € [0, 1] represents the persistence coefficient.

In this framework, the weights are not merely statistical artifacts but reflect the functional con-
straints of FLL. The semantic centroid is the epicenter of a point cloud around which all the other
predications “gravitate”. Therefore, in the cases of questions and commands, the elements involved
are in this cloud. When inspecting in this subspace (“context window”), the vectors with suitable
features can direct the identification of the correct information requested by the dialogic dynamics,
which makes the communication productive.

7. The Dialogic Game

Intuitively, we can imagine a chatbot dialogic dynamics, within a Noematic Manifold , as a
soccer pitch: The two teams are the interlocutors, and the state of a dialog, that is, the position of the
semantic centroid after the last sentence, corresponds to the positions of the ball and the players at a
given time (see Figure 1).

¢ The Noemes (embeddings) are the players, representing the available knowledge constants.

e The Centroid is the ball. The “kicks determine its position” (attentional weights) given by the
players, but its trajectory depends on its previous position (cC;_1).

e The Assertion (=) is a way to place the attention focus on the principal fact of a sentence. For this
reason, the computation of attention coefficients uses a renormalization giving greater weights to
the predicate of the asserted predication.

e —
(@)

(o] o (6] o ﬂ (0]
0 0

(e} (@] o o (e}
(0]

o o)
o) (0] (o]
(@)

Figure 1. An image of a dialogic game: The circles scattered are the noemes located in the semantic space. The left
arrow is the input text T, which activates the noemes belonging to the text. The forms surrounding the activated
noemes represent the attention weights constrained by the FLL Wiring Map. The colored circle represents the
Semantic Centroid C;, the point of convergence within the manifold N that serves as the basis for the generation
of the response T’ to the input text T. The bold line oval represents the previous centroid C;_1

The centroid position encodes the meaning of the sentence received or produced by the chatbot. In
the case of a received sentence, it is input to a text generation module for the right answer. Conversely,
in the case of a produced sentence, it is the semantic reference for the answer that the chatbot will
receive.

This architecture addresses the “Context Window” problem of current LLMs [2]. By using
persistent identifiers (a, b, c), the Noematic Machine maintains deictic stability. Any subsequent reference
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to the constant 2 will target the same tensor coordinates in the register, regardless of the distance in the
token stream, effectively creating a Logical Memory that is immune to probabilistic decay.

7.1. The Noematic Parser: Compiling Language into Tensor Streams

The transition from Natural Language to the Noematic Manifold (N) is mediated by the Noematic
Parser. This module acts as a compiler that transforms the linear sequence of tokens into a hierarchical
Execution Graph based on FLL syntax.

7.1.1. Lexical Activation and Operator Triggering

As the sentence is processed, the parser identifies “Noematic Triggers” — lexical units that call
specific FLL operators. The mapping follows a precise functional logic:

e  Determiners and Proper Names: Invoke Op. 14 (Allocate) to stabilize a constant in the register
file.

e Adverbs and Qualifiers: Invoke Op. 12 (Modify) to warp the target noeme through a (1, 1)-tensor
transformation.

*  Prepositions (e.g., “by”, “with”): Invoke Op. 10 (Link) to establish hyperpredication and related
tensor contraction.

7.1.2. The Wiring Map Generation

The parser does not merely list operators; it defines the logical schema for the attention mecha-
nism. It produces a “Wiring Map” that dictates the sequence of tensor contractions. For a sentence
such as “Giulio was quickly going home by his bike”, the parser generates a nested execution order: the
“By_" hypercomplementation (Link) (T}g), specification (T71), and modification (T7;) must be resolved
before the “Assertion” operator (}=) can collapse the semantic centroid into its final state.

The following table (Table 2) defines the instruction set available to the Noematic Parser. Each
FLL operator is mapped to its specific tensor class and the neural action it performs within the T-FLL
Attention Cell. This dictionary serves as the “Instruction Set Architecture” of the “Noematic Machine”,
providing the formal bridge between linguistic syntax and multilinear algebraic execution.

Table 2. T-FLL Operational Dictionary: From FLL to Tensor Execution.

# FLL Operator Tensor Class Machine Instruction / Neural Act
1 P(s) Contraction Saturate: P;s’ Predication
2 s=E Indexicalization Assign: v¢ < v Constant Selection
3 P Projection Abstract: T;ﬁ P-Implicability
4 x.E(x) Cilindrification Bind: T; Functional Abstraction.
5 - Negation Invert: R; Orthogonal Inversion
6 P—Q Sum Imply: Filonian Sum —~Tp + Tg
7 PAQ Sum Intersect: Vector Sum Tp + Tg
8 PvQ Sum Unite: Disjoint Sum gTp + (1 —¢)Tg
9 P_s Contraction Complement (direct): Tﬁ aj
10  Prep_s(P) Contraction Link: T}a/ Relativization
11 (s Dualization Specify: Vector — Covector
12 P[Q] Hadamard Modify: Tp ©® Tg Noeme Warping
13 ¢ Unique Selection Determinate: “The” Selection
14 € Stochastic Choice Choose: “Any” Selection
15 = Accumulation Assert: Centroid Convergence
16 ?k= Potential Gap Seek: Manifold Sink
17 'k Force Field Drive: State Change
18 (>1)[P] Summation Cluster: Direct Sum @ vp
19 n[P] Numeration Count: Dimension Rank
20 n°[P] Seriation Order: Ordinal Ranking
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8. Relevance of T-FLL Representation for Transformers

The integration of T-FLL into the Transformer architecture addresses three critical bottlenecks in
current Al development: hallucinations, lack of explainability, and long-range coherence.

8.1. Mitigating Hallucinations Through Structural Constraints

Standard LLMs often generate factually incorrect but syntactically plausible strings because their
internal representations lack a formal grounding. In T-FLL, every predication must satisfy a threshold
of noematic adherence 0. By forcing the Attention mechanism to respect the FLL operator logic (e.g.,
ensuring that the hypercomplementation With_a(P) maintains the correct tensor rank), we impose a
“logical filter” that prevents the system from merging incompatible semantic regions.

8.2. Explainable Reasoning and Traceability

The Semantic Centroid C serves as a mathematical proof of the system’s reasoning path. Unlike
the “black box” nature of current hidden states, a T-FLL centroid can be decomposed into its original
noematic components (Tj) and their respective weights (). Researchers can inspect whether a model’s
failure was due to an incorrect noematic abstraction or a misalignment in the determination operator
).

Current models struggle with long-term anaphora because positional encodings and attention
masks are finite. T-FLL introduces persistent semantic registers through constants. By mapping
these to fixed tensor indices that do not decay over time, the system can maintain the identity of an
individual a across thousands of tokens, transforming the chatbot into a system with a structured and
enduring internal model of the world.

9. Conclusions

The integration of FLL into the tensor-based architecture of modern Al models represents more
than a technical optimization; it is a return to the foundational dream of a characteristica universalis.
By formalizing the “Noematic Space” as a differentiable manifold governed by precise functional
operators, we have outlined a framework where meaning is a geometric necessity.

T-FLL effectively bridges the gap between the intuitive, flexible nature of human language and
the rigorous, verifiable nature of formal logic. As we move toward more autonomous and critical
Al systems, the ability to anchor neural weights to formal logical structures like the FLL Semantic
Centroid will be the deciding factor in creating machines that do not just simulate understanding but
operate within a coherent and explainable model of reality.

The transition from a purely distributional model of language to a functional-tensor framework
marks a significant shift in computational linguistics. By mapping the 20 operators of Functional
Language Logic (FLL) onto the multi-linear algebra of Transformers, we have suggested that semantic
coherence can be formally governed rather than statistically estimated.

T-FLL provides a rigorous solution to the problem of reference stability through constant registers
and offers a transparent mechanism for semantic convergence via the Semantic Centroid. This
integration represents more than a technical optimization; it shows the link between the logical
structure of meaning (FLL noematic formulae) to its geometric perspective (embedding vectors).
Namely, the noematic space is a differentiable manifold governed by precise functional operators,
where meaning emerges as a geometric necessity.

As we move toward more autonomous and critical Al systems, the ability to anchor neural
weights to formal logical structures —like the FLL Semantic Centroid— will be the deciding factor in
creating machines that do not just simulate understanding through “probabilistic parrots”, but operate
within a coherent, explainable, and structurally grounded model of reality. Future research will focus
on the empirical implementation of these tensor constraints within the training objectives of neural
architectures, aiming for a truly synthetic intelligence that inhabits the geometry of thought.
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