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Abstract

Neural networks achieve strong empirical performance, yet their architectural
semantics and compositional structure remain difficult to analyse formally. This
paper develops a logical-topological framework for reasoning about neural network
architectures independently of learning dynamics. Focusing on the ART/LAPART
family as a canonical testbed in which bidirectional interaction and stability are ex-
plicit, we provide a semantic interpretation of excitation relations using geometric
logic and topological systems. We extend the classical setting to fuzzy and frame-
valued semantics in order to capture graded and potentially incomparable activation
strengths. With this extension we show that we express SHAP - a Neural Network
Explainability methodology. The contribution is foundational: it clarifies how ar-
chitectural causal structure can be represented, compared, and composed. While
the technical development centres on ART and LAPART, the framework isolates
structural principles—compositionality, graded influence, and continuity—that can

be extend to modern deep neural network architectures.

Keywords: Geometric logic, Topological systems, Neural network semantics, Adaptive
Resonance Theory, LAPART, Fuzzy topology, Explainable AI, SHAP values, Frame-
valued semantics, Neural architectures
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1 Introduction

Formal explanations of neural networks typically focus either on optimisation dynamics
or on post-hoc explanation techniques. While these approaches are essential, they often
leave implicit the question of architectural semantics: how the structure of a neural
network itself supports stable causal relationships between activations, independently of
training trajectories and specific parameter values.

In this work, we study architectural semantics through a logical and topological lens.
Our goal is not to analyse predictive performance or learning algorithms, but to pro-
vide a mathematically precise language for expressing and reasoning about patterns of
excitation, compositional structure, and causal propagation within neural architectures.

We focus on the ART/LAPART family of neural networks introduced by Carpenter
and Grossberg and later extended by Healy. Although these architectures predate mod-
ern deep learning models, they make explicit two features that are central to semantic
analysis: stability under repeated inputs and bidirectional interaction until equilibrium.
These properties make LAPART a natural benchmark for connecting neural computation
with logic and topology.

Our technical tool is geometric logic, the logic of finite observations and affirmative
assertions. Its semantics is given by topological systems, which unify syntax, algebra,
and interpretation within a single framework. This perspective is particularly suitable
for neural settings, where information is partial, graded, and continuously varying, and
where negation is not operationally observable. We extend the classical setting to fuzzy
and frame-valued semantics in order to model graded and non-comparable modes of
activation.

We show how ART and LAPART architectures induce (generalised) topological sys-
tems, and how geometric sequents can be interpreted as stable causal propagation of
excitation. Although our constructions are developed in detail for resonance-based archi-
tectures, the abstractions are not architecture specific. We also show that in the fuzzy

setting we gain the ability to express SHAP a neural network explainability paradigm.

Why Geometric and Topological Semantics?

Geometric logic is the logic of finite observations and affirmative assertions. Its semantics
is given by topological systems, unifying syntax, algebra, and interpretation. This makes
it particularly suitable for reasoning about systems with partial, graded, or continuously
varying information.

Neural networks naturally exhibit these features: activations are real-valued, influ-
ences may not be totally ordered, and small perturbations often lead to small output

changes.



2 Definitions

Before presenting our main results, we recall the basic notions required in this paper. In
particular, we review (i) the neural network architectures ART and LAPART, and (ii)
topological systems, which serve as semantic models for Geometric Logic.

Once this preparatory material is in place, we develop our main constructions in

Section 3.

2.1 Neural Network Models

The objective of a machine learning algorithm is to infer a functional relationship that
maps input observations to outputs. With the availability of large-scale data and fast
computation, such algorithms provide a general framework for approximating hidden
functions, with parameter tuning enabling adaptation to different contexts.

Carpenter and Grossberg (1) introduced a neural network architecture known as ART
(Adaptive Resonance Theory). ART is designed to address the problem of classification,
namely, the partitioning of input data into categories. The algorithm exhibits several

notable properties:

e Plasticity: The system adapts to new input patterns and can form new categories

as needed.

e Stability: Once a category is learned, it is retained; repeated presentation of the

same input yields the same classification.

e Attention: The learning process is regulated by attentional mechanisms, imple-
mented via gain control and vigilance parameters, which ensure self-stabilising be-

haviour.

Building on the ART framework, Healy (4) proposed the LAPART (Laterally Primed
Adaptive Resonance Theory) architecture. LAPART consists of two coupled ART sys-
tems and is designed to recognise familiar sequences of patterns by learning associations

between pattern pairs inferred from prior experience.

2.2 ART and LAPART

ART is an unsupervised clustering architecture: inputs are grouped into equivalence
classes determined by a vigilance-controlled similarity criterion, rather than supervised
class labels. Throughout this paper, the term “classification” is used only in this equivalence-
class sense.

For simplicity, we assume binary input patterns. The connection weights are taken to

lie in [0, 1], which aligns naturally with the fuzzy and frame-valued semantics introduced
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Figure 1: A LAPART system

later. Although ART algorithm takes the floor of the real values we can simply imagine
an extension which will be relevant in our discourse later where the ceiling is not used.
The operator A denotes componentwise conjunction on binary patterns (after feedforward
processing), and should not be interpreted as XOR on real-valued weights.

The vigilance parameter is a hyperparameter controlling the granularity of the induced
clusters. The size of the F, layer is therefore data-dependent and not fixed a priori.

LAPART couples two ART modules and propagates activity bidirectionally until a
stable pair of templates is accepted. A learned association A; — B; is interpreted se-
mantically as a stable inference between categories.

We present the details of the algorithms in Appendix A. Having established the ART
and LAPART frameworks, we next introduce the necessary notions from topology and
topological systems in order to connect these architectures with models of Geometric

Logic.

2.3 Topology and Motivation

Geometric logic is interpreted in topological systems, a point-free (or “pointless”) notion of
topology in which opens form a frame and points are related to opens via a satisfaction
relation. Although this differs from classical point-set topology, the two notions are
equivalent in the spatial case.

An L-topological space generalises ordinary topology by allowing membership values
in a frame L rather than {0, 1}. Classical topological spaces arise when L = {0, 1}, while
fuzzy topologies arise when L = [0, 1]. Such structures are well suited to neural semantics,
where activation is graded and not necessarily totally ordered.

The motivation for using topology is twofold. First, geometric logic precisely matches
the closure properties of observable activation patterns. Second, continuity provides a
principled notion of semantic preservation between architectures, allowing comparisons
at the level of structure rather than numerical parameters. A brief primer is accessible

from Appendix B.



3 LAPART and Topological Systems

With the above definitions in place, we now explain how the ART components of a
LAPART architecture may be viewed as topological systems. Our approach proceeds
by assigning a logical language of varying expressive strength to capture node excitation
within the neural network. Each extension of the logic induces a corresponding refinement

of the associated semantics.

Geometric Logic. The logic is intended to express the cause of excitation of a partic-
ular node in the neural network. To this end, we introduce a primitive predicate r(x),
intended to mean that the node represented by the variable x excites the node r.

For a given ART 4 system, we define the syntax of the logic as

peLan=T|L|r(@) |1 Ae2]\
ies
where r € ptA, the set of nodes of the ART 4 network.
An analogous logic Lp is defined for the ART 5 system.

Semantics. Formulas are interpreted over the neural network model M4 = (ptA, E,),
where E4 denotes the directed excitation relation. The satisfaction relation is defined as

follows:
e a|=r(z)iff (a,r) € E4 and node a excites node r;

e a1 ANy iff a = ¢y and a | ¢
e a =\/Siff a = ¢ for some ¢ € S.

Note that a [~ a(z), since nodes do not excite themselves, and if (p,q) € E4, then
q [~ p().

We present the Associated topological system in Appendix C. Overall idea is to
establish that a ART system is a topological system and the connections between the two

are like continuous functions between two topological systems.

4 Extending the Logic

In the zeroth-order fragment of geometric logic without equality, one gains the ability
to express whether a node causes excitation in a neighbouring node. However, when
we examine neural network algorithms more closely, it becomes evident that nodes excite
other nodes at varying excitation levels. Moreover, two distinct nodes may excite the same

node in qualitatively different ways. Such nuances naturally arise in ambiguous systems,



where the underlying knowledge is certain, but the information admits gradation—either
quantitatively or qualitatively.

This is true for nearly all contemporary Al algorithms. Let us revisit our ART systems
with this perspective. Imagine the ART algorithm modified to allow for graded weights
in place of the boolean setting.

Accordingly, we refine our model of an ART 4 system as
MA = (ptAv EA7 th))

where wt 4 : F4 — R assigns a real-valued weight to each directed edge.

4.1 Fuzzy Extension

In fuzzy logic, the satisfaction relation is replaced by a graded one of the form
):Z DDTA X EA — [O, 1].

In our setting, we do not modify the syntaz of the logic L4, but instead employ the
zeroth-order fragment (without equality) of fuzzy geometric logic (2). In particular, the
one-variable predicate fragment suffices for our purposes.

The predicate r(z) now carries a graded meaning. For instance, if

= (a,7(z)) = 0.5,

then node a excites node r with excitation level 0.5.

Formally, we define the satisfaction relation by

= (0. r()) = 4 V@) (@) € By,

0, otherwise.

This fuzzy satisfaction relation naturally yields a connection with fuzzy topological sys-
tems (2). Consequently, the resulting framework allows the analysis of neural network

semantics along the lines of (4), while providing strictly richer expressive power.

4.2 Shapley-Based Semantics in the [0, 1] Case

Neural networks are often described as black boxes because it is difficult for humans to
understand or justify why a trained model produces a particular output for a given input.
This opacity arises from the networks’ large scale, deep layered structure, and the highly
non-linear interactions among a vast number of interconnected parameters.

Explainability of neural networks is a young research area focused on developing tools



that provide insight into model behaviour, with particular interest in model-agnostic
methods that operate independently of network architecture. A prominent example is
SHAP (SHapley Additive exPlanations) explored first in paper (7). It is based on ideas
from coalitional game theory. It offers a principled approach to attributing predictions
to input features.

We imagine a SHAP based explainability of ART systems and propose in this subsec-
tion how SHAP (SHapley Additive exPlanations) values can be used to instantiate such
degrees in neural network explanatory semantics.

Let (X, &, A) be a [0, 1]-topological system, where the satisfaction relation
E: X xA—0,1]

assigns to each formula a graded degree of support.
Fix a point x € X and an output node r. Let F' = {fi,..., fn} denote the set of
input features or lower-level activations that influence r. Following (7), we associate to r

a cooperative game
v, P(F) — [0,1],

where v,.(S) is the normalised activation of r when only the features in S are present.
The Shapley value ¢;(r) of feature f; represents its average marginal contribution to the
activation of r.
We interpret atomic predicates p;(x), expressing the activation of feature f;, by defin-
ing
= (z,p:) = ¢i(r).
The satisfaction relation is then extended inductively to compound formulae using the

standard clauses of fuzzy geometric logic:

}: ($790A¢) = Iﬂln(}: (Iﬂp)ﬂ }: (‘rvw»? }: <x7\‘/90j> - Sl;p }: ($,Q0j).

This construction yields a [0, 1]-valued satisfaction relation compatible with fuzzy geo-
metric logic and hence with [0, 1]-topological systems. Under this interpretation, Shapley
values quantify the degree to which atomic observations support a given outcome, while

conjunction and disjunction correspond to joint and alternative modes of support.

Remark. The resulting semantics is explanatory rather than purely architectural, as the
Shapley values depend on a background distribution used to evaluate marginal contribu-
tions. Nevertheless, it provides a principled way to relate feature attribution methods to
the graded satisfaction relation = in [0, 1]-topological systems.

We move the details of Geometric Logic to the Appendix D.



5 Conclusion

We have developed a logical-topological framework for reasoning about neural network
architectures using geometric logic and its generalisations. Focusing on ART and LA-
PART systems, we provided a semantic interpretation of excitation relations and showed
how fuzzy and frame-valued extensions give rise to spatial L-topological systems equiv-
alent to L-topological spaces. Within this setting, geometric sequents admit a natural
interpretation as stable causal relationships between activations.

The contribution of this work is architectural and foundational. Rather than address-
ing optimisation or learning dynamics, we clarify how compositional structure and graded
causal influence are supported by network architecture itself. Allowing truth values to
range over frames enables the representation of incomparable modes of activation that
arise naturally in neural computation.

Although ART and LAPART serve as our primary case studies, the framework is not
limited to resonance-based models.

For future direction it would be interesting if we could show that deep convolutional
architectures, such as AlexNet, fit naturally into the same semantic framework when
analysed at the level of architectural composition. This would suggest that generalised
geometric logic provides a unifying semantic perspective across both classical and modern
neural architectures.

In addition, a closer integration with learning dynamics, a systematic study of learned
inference rules, and extensions to attention-based and transformer architectures would
be warranted. More broadly, this work represents a step toward logics tailored to the

structural and explanatory requirements of contemporary machine learning systems.
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A Appendix

A ART AND LAPART ALGORITHM

A.1 ART algorithm

We now describe the ART algorithm at a detail sufficient for our purposes, with particular
emphasis on features relevant to the LAPART architecture. For simplicity, we assume
that inputs are binary patterns. Let I denote an input vector drawn from the set of all

binary strings of length m.

e The ART network consists of three layers: the input layer I, the comparison layer
F, and the category layer F,. Each input node is connected one-to-one with nodes

in F}, so F} contains m nodes.

e The number of nodes in F;, denoted by |Fy| = mg, may vary over time ¢, correspond-
ing to the iteration number of the learning process. This variation is controlled by

the vigilance parameter.

e Fach node j € F, is connected to all nodes in F} by weighted edges. At time ¢,

these weights form a vector w;(t) € R™.

e The collection of weights between F} and F; at time ¢ can be represented by the

10



incidence matrix

wWi,1 Wy,2 W1,m

Wa 1 W2 2 W2,m
Mt - .

Wmyl Wmy2 0 Wmym

e At each time step t, a node j € Fj satisfies the vigilance criterion if

LA
|I| —p7

where p is the vigilance parameter. If no existing node satisfies this condition, a

new node is added to F, with weight vector 1.

e A winner-take-all mechanism selects a unique node j € F, for learning at time t¢.

The winner is chosen by maximising

|1 A |
max ————,
j€R |a 4 |

where o > 0 is a small constant.

e Only the weight vector of the winning node is updated, according to
wi(t +1) = I Aw;(t) + (1 = B)a;(¢),

where (3 is the learning rate.

e The operation A may be interpreted as bitwise conjunction (or equivalently, addition

modulo 2 for binary inputs).

After processing an input I € Z, the ART system assigns I to an equivalence class F,

which admits two equivalent representations:

1. A unique category node F ;.

2. A binary template pattern T°, determined by the weights connecting F; to Fy,
such that
Ti=1<«<= VICE, I, =1,

for k € [m].

A.2 LAPART

With the ART architecture in place, we now describe the LAPART system. Our choice
of LAPART is motivated by its role as a natural interface between logical inference and

neural network semantics (4).

11



LAPART couples two ART systems, denoted ART 4 and ART g, and may be viewed

as simulating bidirectional propagation until a stable equilibrium is reached.

e Connections:

1. Each node i € F§! is adaptively connected to each node j € FP.
2. A single additional fixed connection VIGg — VIG 4 is imposed between the
vigilance nodes, enforcing learned inferences.
e Algorithm:
1. An input I, is presented to ART 4, yielding a winning node F{"i and a corre-
sponding template T4

2. Activations propagate along the adaptive connections from Fj' to F{¥| inducing

activity in some node FQBJ
3. This activation generates a template pattern TP in the FP layer.

4. If the induced template does not sufficiently match the input Iz, the vigilance
node VIGpg is activated, which in turn triggers VIG 4 and causes a reset in
ART 4.

5. The process repeats until both ART systems accept the induced templates.

The LAPART system takes a pair of inputs (I4, Ig) and classifies them as (A4;, B;).

We interpret this outcome as a learned inference

B TOPOLOGICAL SYSTEMS

B.1 Topological Space

Definition 1 (Frame). A frame (A, A\, T,L1) is a complete lattice such that for all
x € A and all subsets Y C A,

:UA\/Y = \/{:c/\y\yEY}.

That is, finite meets distribute over arbitrary joins.

Throughout this section, we will denote a frame simply by its underlying set A, with

the operations understood.

12



Definition 2 (Frame homomorphism). Let A and B be frames. A frame homomor-

phism f: A — B is a function preserving arbitrary joins and finite meets, that is,

F(\V8) =\ @) and flzny)= @) A F),

z€eS

forall S C A and z,y € A.

Definition 3 (L-topological space). Let X be a set and 7 a collection of L-valued subsets

of X, that is, functions A : X — L, satisfying:
1. @,f( € 7, where (7)(90) =0y and X(x) =1y for allz € X;

2. if {/L'}iel C 7, then J,¢; A; € T, where

(U /L) (r) = sup fl,(m),

icl =
3. if Al, 1212 € 1, then 1211 N 1212 € 7, where

Then (X, T) is called a L-topological space. The elements of T are called L-open sets.

B.2 Topological Systems

Definition 4. (9) A topological system is a triple (X, |=, A), where X is a non-empty
set, A is a frame, and EC X X A is a satisfaction relation such that:

1. for any finite subset S C A,
x):/\S iff = a foralla€ S,
2. for any subset S C A,

:B):\/S iff © = a for somea € S.

Definition 5 (L-topological system). (5) A L-topological system is a triple (X, =, A),

where X is a non-empty set, A is a frame, and |= is a L-valued relation

X xA— L,

satisfying:

13



1. for any finite subset S C A,
(z, \ §) = inf{}= (z,5) | s € S}

2. for any subset S C A,
(z,\/ S) = sup{l= (w,5) | s € S}.

Definition 6 (Continuous function). Let (X, =, A) and (Y, ', B) be L-topological sys-
tems. A continuous function between them is a pair (fi, f2), where fi : X =Y is a

function and fs : B — A is a frame homomorphism, such that

= (z, f2(0) = (fi(z),0),

forallz € X and b € B.

Definition 7 (Spatial). A L-topological system (X, =, A) is said to be spatial if, for all
a,be A,
(Vz € X, |= (z,a) =f= (2,b)) = a=0b.

Theorem 1. (3) The category of spatial L-topological systems is equivalent to the category
of L-topological spaces.

C Associated Topological System

We now construct a topological system from ART 4. Let X = ptA, and define the extent

of a formula as follows.

Definition 8. The extent function
exta: La — p(ptA)

1s defined by
exta(r(z)) ={a € ptA|a=r(x)},
and extended inductively over the logical connectives.

It follows immediately that
exta(T) =ptA, exta(Ll) =0,

exta(1 A 62) = exta(1) Nexta(o), exta(\/ ) = [ exta(o)

peS

Hence, the collection of all extents forms a topology on ptA.

14



Definition 9. Define
QA = {extas(p) | ¢ € L4}

One may verify that (ptA, €,QA) and (ptB, €,Q2B) are topological systems in the

sense of Definition 4.

Continuous functions. A continuous function between (ptA, €,QA) and (ptB, €,QB)
is a pair (f1, f2), where f; : ptA — ptB and fo : QB — QA is a frame homomorphism
satisfying

fila) Fr(z) iff a = fa(r(z),

for all a € ptA and r(z) € QB.

Since (ptA,QA) and (ptB,2B) are topological spaces, any continuous function f :
ptA — ptB induces a continuous function of topological systems via the pair (f, f~1).
In this sense, the logic of ART 4 is capable of expressing the logic of ART g through the

notion of continuity.

D GEOMETRIC LOGIC

We now proceed to further generalise the underlying logic to capture even more refined
neural network semantics. This is achieved in the next subsection by introducing the
propositional fragment of generalised geometric logic and studying its models and inter-

connections.

D.1 Generalisation of Fuzzy Extension

We now propose a more general class of neural networks in which edge weights take
values in a frame. This allows us to model situations where excitation levels may be
incomparable, even though they originate from the same value set.

Intuitively, different nodes may influence a given node in fundamentally different ways.

To incorporate this feature, we define
wtyg: By — L,

where L is a frame.
To interpret such networks logically, we employ generalised fuzzy logic. In this setting,

the satisfaction relation takes the form

}::QﬁAXﬁA—)L,

15



where L is a frame. Accordingly, we define

= (0. r(x)) = 4 V) (@) € By,

0z, otherwise.

D.2 Generalised Geometric Logic: A Logic of Finite Observations

In this subsection, we consider the propositional fragment of generalised geometric logic
(5), which we call the generalised logic of finite observations. The motivation for this
terminology will become clear below.

As observed in (9), the logic of finite observations coincides with the logic of affir-
mative assertions. An assertion is affirmative if and only if it is true precisely in those
circumstances where it can be affirmed. Such assertions are grounded in finite time, finite
effort, and observable evidence. This explains why the logic admits the connectives A,
\/, T, and L, but excludes = and —.

To bring this notion closer to real-world reasoning, it is often preferable to measure
the degree to which an affirmative assertion holds, rather than merely determining its
binary validity. This motivates the use of graded valuation functions.

Let ® be a set of propositional variables. The language L of generalised logic of

finite observations is given by

pu=T|L|pld1Aos] V{¢i}iel7

where p € ® and [ is an index set.

The inference rules are as follows:

L ok o,
, OFY  dFx
¢k X ’
3. (1) obET, (i) oAvEe, (i) oA EY,
(iv) oY o x
oY Ax

L) oV (pes), (i) Ll ES

5. 6NV SFVI{GA®| Y eS)
Proposition 1. \/[{¢ Ay | € S} oA\ S is derivable.

Proof. The derivation follows by standard applications of the inference rules. O

A valuation function v : ® — L extends uniquely to v : Lz — L defined by

16



3. 0( N ) = 0(d) NO(P),
4. 0(V{gi}) = sup; 0(¢).

Allowing L to be an arbitrary frame accommodates incomparable truth values, a
phenomenon common in real-world reasoning. In this way, we generalise the logic of

finite observations to handle graded and non-comparable information.
Definition 10. ¢ ¢ is valid if and only if 0(¢) < 0(¢) for all 0 : Lo — L.

Proposition 2. All inference rules are valid.

D.3 L-Topological Systems via Generalised Geometric Logic

Let (X, =, A) be defined as follows: X is the set of all extended valuation functions 0, A

is the set of geometric formulae, and

= (0, 0) = 9(¢)-
Proposition 3. For all € X,
1= (0,0 NY) =F (0, 0)A |= (0,9),
2. | (0,V{¢i}) = sup; = (9, ¢0).

Define ¢ =~ ¢ if = (v,¢) =F (0,v) for all ¥ € X. This is an equivalence relation,
yielding the quotient A/~s.

Proposition 4. (A/~, <, A,V) is a frame.
Theorem 2. (X, ', A/~) is an L-topological system.

Proposition 5. The above L-topological system is spatial.

D.4 L[-Topology via Generalised Geometric Logic

From the L-topological system (X, ', A/~), we construct an L-topological space (X, ext(A/~)),

where
ext([¢])(0) = (0, [4)]).

One verifies that this collection is closed under finite intersection and arbitrary union,

and hence forms an L-topology.

17



Since the system is spatial, Theorem 1 implies that the associated L-topological system
and L-topological space are equivalent.

Finally, given an L-topological space (X, 7), one may recover a corresponding gener-
alised geometric theory by associating propositions to L-open sets and axioms encoding
inclusion, unions, and finite intersections. Each point x € X then determines a model in
which the truth value of a proposition is given by its membership degree.

Thus, L-topology and generalised geometric logic provide mutually equivalent per-

spectives for analysing graded neural network semantics.

D.5 Interpretation of Sequents

An expression of the form ¢ 1, where ¢ and 1 are geometric formulae, is called a
sequent. The sequent ¢ F 1 is read as “¢ turnstile ¢)” and intuitively expresses that
follows from ¢.

In this section, we explain how sequents arising in geometric logic and its generalisa-
tions can be interpreted within the context of LAPART. A rule of inference in geometric
logic and its extensions (including fuzzy geometric logic and generalised geometric logic)

517327"'7Si

is typically of the form where each of S1,95;,...,95; and S is a sequent.

The sequents 57, Ss,...,S; are called the premises, and S is the conclusion. Note that
the set of premises may be empty, in which case the rule represents an axiom.
Within the LAPART framework, a sequent of the form

p(z) Fq()

is interpreted as follows: the activation of node p is consistently followed by the acti-
vation of node ¢, due to an excitatory connection whose strength exceeds a prescribed
threshold. In other words, the implication encoded by the sequent captures a reliable

causal relationship between node activations.

Under this interpretation, the inference rule p() (@) q(x) Fr(z) expresses

p(x) - r(z)

the following reasoning pattern: if activation of node p is always followed by activation of

node ¢ through a strong excitatory connection, and activation of node ¢ is always followed
by activation of node r through a strong excitatory connection, then activation of node
p is always followed by activation of node r through a strong excitatory connection.

In this way, the transitivity of entailment in geometric logic corresponds naturally
to the propagation of excitation through successive layers of the LAPART architecture.
Other inference rules of geometric logic and its extensions admit analogous interpretations

in terms of neural activation patterns and their structural dependencies.
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