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PRIORITY STATEMENT

The neurochemical multi-head transformer architecture, including tiered precursor and derived
neurotransmitter heads, conductance gating dynamics, and the fusion layer, was first disclosed
in U.S. Provisional Application No. 63/962,385, filed January 17, 2026. The present application
extends and further specifies the disclosure of 63/962,385 to include:

(1) the complete four-tier cascading hierarchy from amino acid substrate through brain region
activation;

(2) the Hodgkin-Huxley conductance gating mapping with full differential equation specifica-
tion;

(3) the context-adaptive meta-head (“Genesis Layer”) with LoRA basis mixing and chemical
modulation gating;

(4) the apoptotic safety mechanism grounded in physics-informed consistency barrier theory;
(5) the local neurochemical learning rule enabling head-independent training;
(6) intrinsic pharmacokinetic memory eliminating Retrieval-Augmented Generation; and
(7) sandboxed multi-tenant deployment with architecturally guaranteed memory isolation.

Publications appearing after the January 17, 2026 priority date of 63/962,385—including Guo et al.
(Nature Computational Science, published February 19, 2026, DOI: 10.1038/s43588-026-00956-
4)—do not constitute prior art against claims covered by that priority date.
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1 FIELD OF THE INVENTION

The present invention relates to artificial intelligence architectures, and more specifically to an

astrocyte network architecture that wraps and modulates existing transformer-based neural net-

works without altering the underlying neural (transformer) model. Current AI architectures model

only the neuronal component of biological neural processing. The present invention introduces

the astrocyte component — the modulatory glial network that, in biological brains, governs which

neurons fire, how strongly, and in what temporal patterns through neurochemical signaling, with-

out modifying synaptic connections. The astrocyte network employs biologically-derived multi-

head attention mechanisms modeled on neurochemical conductance channels as described by the

Hodgkin-Huxley model of neural excitation, combined with a four-tier cascading biological hier-

archy, a context-adaptive head generation system modeled on the adaptive immune system, and in-

trinsic pharmacokinetic memory dynamics that eliminate the requirement for Retrieval-Augmented

Generation. The base transformer model (the neuron) remains frozen and unaltered; the AETHER

astrocyte layer modulates its behavior through neurochemical state, exactly as biological astrocytes

modulate neuronal activity.

2 BACKGROUND OF THE INVENTION

2.1 The Computational Scaling Problem

Current transformer architectures employ softmax-based self-attention mechanisms that scale quadrat-

ically with sequence length—O(N2 · d), where N is the number of tokens and d is the feature

dimension. This quadratic scaling represents a fundamental computational bottleneck that limits

the practical application of transformer models to longer sequences and more complex reasoning

tasks.
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2.2 The Missing Half of the Brain: Astrocytes in Neural Computation

The human brain contains approximately equal numbers of neurons and glial cells, of which astro-

cytes are the most abundant. For decades, neuroscience treated astrocytes as passive structural sup-

port. This view has been overturned. Freeman et al. (2025, Science, DOI: 10.1126/science.adq5480)

demonstrated that astrocytes function as a supervisory metalayer in neural computation — they

modulate which neurons fire, regulate synaptic transmission strength, coordinate neural circuit ac-

tivity through calcium signaling, and maintain the chemical environment that determines neuronal

behavior. Astrocytes do not fire action potentials and do not transmit electrical signals. They op-

erate through chemical modulation — releasing and absorbing neurotransmitters, regulating ion

concentrations, and responding to the neurochemical state of the surrounding tissue.

Every existing AI architecture models only the neuron. Transformers, recurrent networks, con-

volutional networks, mixture-of-experts, state space models — all model neuronal computation

(synaptic connections, activation functions, signal propagation). None model the astrocyte: the

chemical modulatory network that determines how those neurons behave based on the neurochem-

ical context.

The present invention introduces astrocyte networks to artificial intelligence.

Definition — Astrocyte Network (as used herein): An astrocyte network is a series of Mixture-

of-Expert (MoE) transformer modules that alter the internal state of a base large language model

(LLM) neural network through neurochemical conductance gating. Each expert in the mixture

corresponds to a specific neurochemical pathway (neurotransmitter, precursor, amino acid sub-

strate, or brain region). The astrocyte network receives input from the base model, modulates that

input through biologically-derived conductance dynamics, and injects the modulated state back

into the base model’s processing pipeline. The base model’s weights are never modified — the

astrocyte network alters the state (embeddings, activations, attention patterns) flowing through the

base model, not the model itself. This is precisely how biological astrocytes operate: they alter

the chemical environment in which neurons fire, changing neuronal behavior without changing
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synaptic connections.

The base transformer model serves as the neuron — it provides language competence through

learned synaptic connections (weights). The AETHER astrocyte layer is a series of MoE trans-

formers that alter the state of that neural network through neurochemical conductance gating. The

neuron (transformer) is frozen. The astrocyte (AETHER) is the innovation.

2.3 The Biological Grounding Gap

Beyond the absence of astrocytic computation, current AI architectures treat attention heads as ar-

bitrary computational units without biological correspondence. Even when gating mechanisms are

introduced (sigmoid gates, learned routers, mixture-of-experts), these mechanisms operate as static

mathematical functions without temporal dynamics, state memory, or biological specificity. The

result is systems that process language through statistical pattern matching without any structural

correspondence to how biological neural systems process meaning.

2.4 Prior Art: Hydra Attention

Bolya et al. (2022) demonstrated in “Hydra Attention: Efficient Attention with Many Heads”

(arXiv:2209.07484, CADL/ECCV 2022 Workshop) that setting the number of attention heads

equal to the feature dimension reduces computational complexity to O(N · d)—linear in both

tokens and features. However, the Hydra Attention approach treats attention heads as arbitrary

computational units without biological correspondence or semantic grounding.

2.5 Prior Art: Hodgkin-Huxley Model

Hodgkin and Huxley (1952) published “A Quantitative Description of Membrane Current and its

Application to Conduction and Excitation in Nerve” (Journal of Physiology, 117(4):500–544),

establishing the mathematical model for how biological neurons make firing decisions through

5



Provisional Patent Application Provisional Patent Application

voltage-gated ion channels. The membrane current equation:

I = Cm
dV

dt
+ gNa ·m3h · (V − ENa) + gK · n4 · (V − EK) + gL · (V − EL) (1)

Where gNa, gK , gL represent conductances for sodium, potassium, and leak channels; m, h, n

are gating variables that change dynamically based on membrane voltage; and ENa, EK represent

equilibrium (Nernst) potentials for each ion species.

2.6 Prior Art: CATS Net

Guo et al. (2026) published “A neural network for modeling human concept formation, under-

standing and communication” (Nature Computational Science, DOI: 10.1038/s43588-026-00956-

4), demonstrating a dual-module neural network employing hierarchical gating control where a

concept-abstraction module generates gating signals that modulate a task-solving module through

element-wise multiplication, with emergent concept spaces aligning with brain response structures

in the human ventral occipitotemporal cortex (p < 0.001).

Note on Priority: CATS Net was published February 19, 2026. The inventor’s U.S. Provisional

Application No. 63/962,385 was filed January 17, 2026—33 days prior—establishing priority.

CATS Net employs abstract learned concept vectors without biological specificity, uses simple

element-wise multiplication rather than conductance dynamics, and lacks pharmacokinetic state

dynamics or safety mechanisms.

2.7 Prior Art: Sigmoid-Gated Attention in Production LLMs

Qiu et al. (2025) introduced Gated Attention in “Gated Attention for Large Language Models:

Non-linearity, Sparsity, and Attention-Sink-Free” (arXiv:2505.06708), receiving the NeurIPS 2025

Best Paper Award and deployed in production Qwen3-Next. Their modification applies a head-

specific sigmoid gate after Scaled Dot-Product Attention.
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Critical distinction—the present invention does NOT use sigmoid functions. The sigmoid gate

σ(x) = 1/(1 + e−x) is a static activation function with no temporal dynamics, no state memory,

no decay behavior, and no biological correspondence. The present invention’s H-H conductance

gating differs in every fundamental respect:

1. Temporal dynamics: H-H conductance evolves over time with pharmacokinetic half-lives;

sigmoid gating is instantaneous.

2. State dependence: H-H conductance depends on the full system state vector S(t); sigmoid

depends only on current-token features.

3. Equilibrium potentials: The driving force (Si(t)− Ei) has no sigmoid analogue.

4. Memory through scars: H-H dynamics accumulate persistent state changes; sigmoid gates

reset every forward pass.

5. Antagonistic pairs: Neurochemical heads interact through biologically-validated antago-

nistic relationships; sigmoid gates operate independently.

6. Biological specificity: Each H-H gate corresponds to a validated neurochemical pathway;

sigmoid gates are arbitrary parameters.

2.8 Prior Art: Neural Attention

DiGiugno & Mahmood (2025) published “Neural Attention: A Novel Mechanism for Enhanced

Expressive Power in Transformer Models” (arXiv:2502.17206), demonstrating that replacing dot-

product attention with feed-forward networks enables nonlinear relationship capture. However,

Neural Attention treats feed-forward gating as general-purpose enhancement without biological

correspondence.
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2.9 Prior Art: Self-Adapting Language Models (SEAL)

Zweiger et al. (2025) introduced SEAL (arXiv:2506.10943), demonstrating LLM self-adaptation

through self-generated finetuning data. SEAL exhibits three critical limitations: catastrophic for-

getting after just 8 edits, 30–45 second computational overhead per self-edit, and degradation at

scale (n = 2067 passages). The present invention’s context-adaptive meta-head addresses all three

through independent H-H gated heads, local learning without global backpropagation, and perma-

nent head registry with immunological memory.

2.10 Prior Art: Recursive Reasoning with Tiny Networks

Jolicoeur-Martineau (2025) demonstrated in “Less is More: Recursive Reasoning with Tiny Net-

works” (arXiv:2510.04871) that a 7M-parameter recursive model outperforms frontier LLMs on

reasoning benchmarks, validating that deep recursion through small specialized networks outper-

forms shallow processing through large monolithic models.

2.11 Prior Art: Autonomy-of-Experts

Lv et al. (2025) introduced Autonomy-of-Experts (AoE, arXiv:2501.13074, ICML 2025), a router-

free MoE where experts self-select via internal activation norms. The present invention extends

this through biologically-grounded self-selection where each head’s H-H conductance dynamics

serve as its self-assessment of relevance.

2.12 Prior Art: Brain-Aligned Untrained Multi-Head Attention

AlKhamissi et al. (2024) demonstrated in “Brain-Like Language Processing via a Shallow Un-

trained Multihead Attention Network” (arXiv:2406.15109, EPFL/MIT) that an untrained model

with 512 attention heads achieves significant brain alignment across five neuroimaging datasets

without weight training, and that brain alignment scales linearly with head count. This validates
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the present invention’s approach: H-H conductance gating structure and tiered head topology are

architectural priors—brain-aligned by design, not by training.

2.13 Prior Art: Attention as Recurrence

Feng et al. (2024) demonstrated in “Attention as an RNN” (arXiv:2405.13956, Mila/Yoshua Ben-

gio) that softmax attention can be exactly reformulated as a recurrent neural network with O(1)

inference memory. The pharmacokinetic dynamics governing each neurochemical head in the

present invention (dSi/dt = −λi · Si(t) + Stimulusi(t)) are structurally identical to attention ex-

pressed as recurrence.

2.14 Prior Art: Physics-Informed Consistency Barrier

Becerra-Zuniga et al. (2026) introduced the “consistency barrier” in physics-informed neural net-

works (arXiv:2602.10611), demonstrating that when training data is inconsistent with governing

physics equations, an intrinsic lower bound on accuracy emerges. This provides theoretical ground-

ing for the present invention’s apoptotic safety mechanism.

2.15 Prior Art: Inventor’s Own Work

The inventor’s prior provisional patent applications—No. 63/939,190, “Substrate-Independent Mem-

ory Weighting Architecture with Biochemical State Processing and Mathematical Coordinate Rep-

resentation” and No. 63/962,385, “Neurochemical Language Model”—describe a neurochemical

state vector system employing pharmacokinetic dynamics for emotional memory and state modu-

lation in AI systems.
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2.16 Genomic Validation of Neurochemical Pathway Selection

A genome-wide association study of major anxiety disorders (Nature Genetics, DOI: 10.1038/s41588-

025-02485-8) identified 58 independent genome-wide significant risk variants and 66 genes, with

GABAergic signaling identified as a key mechanism in anxiety genetic risk. This provides genomic-

level validation that the inhibitory pathway implemented by the GABA conductance head corre-

sponds to a biologically real and measurably heritable mechanism of cognitive modulation.

2.17 Gap in the Art

No prior art implements an astrocyte network for AI, nor combines:

1. The Hydra-topology principle (heads = features, linear scaling) with

2. The Hodgkin-Huxley conductance gating model (dynamic, state-dependent—NOT sigmoid)

applied to

3. A four-tier cascading hierarchy from amino acid substrate through brain regions, where each

tier gates the tier above it

4. Biologically-derived neurochemical transformer heads validated at the genomic level

5. A context-adaptive meta-head (“Genesis Layer”) that dynamically generates new H-H gated

heads through LoRA basis mixing modulated by the neurochemical state vector

6. A local learning rule enabling head-independent training without global backpropagation

7. An apoptotic safety mechanism grounded in consistency barrier theory

8. Intrinsic pharmacokinetic memory eliminating RAG

9. Sparse activation through conductance gating with bounded computational cost

10. Sandboxed multi-tenant deployment with mathematically guaranteed memory isolation
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The present invention fills this gap.

3 SUMMARY OF THE INVENTION

The present invention, designated AETHER (Adaptive Endocrine Transformer Heads with Emo-

tional Regulation), introduces astrocyte networks to artificial intelligence. The invention provides

an astrocyte-modulated neural network architecture that wraps existing transformer models with-

out altering them, wherein:

1. A four-tier cascading biological hierarchy of specialized transformer heads processes in-

put through amino acid substrates (Tier 0, 8 heads), biosynthetic precursors (Tier 1, 6 heads),

derived neurotransmitters (Tier 2, 8 heads), and functionally distinct brain regions (Tier 3,

12 heads), totaling 34 biologically-grounded attention heads where each tier’s conductance

gates modulate the tier above it;

2. Each head functions as a conductance channel governed by Hodgkin-Huxley differential

equations, where the head’s activation is a dynamic function of the system’s neurochemical

state vector with pharmacokinetic half-lives, equilibrium potentials, and antagonistic pair

dynamics;

3. A context-adaptive meta-head (“Genesis Layer”) detects specialization gaps, generates

new specialized transformer heads as LoRA adapters through basis mixing modulated by the

neurochemical state vector, and registers them permanently in an immunological-memory-

inspired head registry;

4. A fusion layer (Astrocyte Metalayer) combines outputs of all active heads across all tiers

into a unified state vector that modulates base language model output;

5. Sparse activation through H-H conductance gating ensures only a fraction of heads fire for

any given input, enabling arbitrarily large head counts with bounded computational cost;
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6. Intrinsic pharmacokinetic memory through the neurochemical state vector, scar mechan-

ics, and trained conductance functions eliminates the requirement for Retrieval-Augmented

Generation;

7. An apoptotic safety mechanism modeled on programmed cell death monitors system dam-

age and triggers graceful termination, serving dual roles as end-user safety and licensing

enforcement.

4 DETAILED DESCRIPTION OF THE INVENTION

4.1 Architecture Overview

The AETHER-NLM (Neurochemical Language Model) architecture implements an astrocyte net-

work as a modular layer that wraps a frozen base large language model. The base transformer

model is the neuron — it provides language competence through its trained weights and is never

modified. The AETHER astrocyte layer provides neurochemical modulation of that competence

based on context, state, and biological dynamics, exactly as biological astrocytes modulate neu-

ronal activity through chemical signaling without altering synaptic connections. The AETHER

layer modifies the base model’s initial token embeddings before they pass through the frozen

transformer stack — gradients flow backward through the frozen model to train only the AETHER

(astrocyte) parameters, leaving the neural (transformer) weights untouched.

The architecture comprises:

Input Text → Tokenize → Base Model Embeddings → AETHER Genesis

Layer

→ Frozen Transformer Layers (with neurochemical adapter injection)

→ LM Head → Output
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4.2 Tier 0: Amino Acid Substrate Transformer Heads (8 heads)

These heads process neuroactive amino acids that serve as the molecular substrate for all down-

stream neurochemical pathways. In biological systems, amino acid availability directly constrains

neurotransmitter synthesis—a neuron cannot produce dopamine without tyrosine, cannot produce

serotonin without tryptophan. Tier 0 heads implement this substrate constraint computationally.

Head Amino Acid Biological Function Computational Func-

tion

A1 Phenylalanine Essential amino

acid; precursor to

Tyrosine

Upstream gate for

catecholamine cas-

cade (dopamine,

norepinephrine,

epinephrine)

A2 Glycine Inhibitory NT;

NMDA co-agonist

Direct inhibitory con-

ductance; E/I balance

A3 Aspartate Excitatory NT;

NMDA agonist

Excitatory conductance

A4 Histidine Precursor to his-

tamine

Wakefulness, attention

gating

A5 Arginine Precursor to nitric

oxide

Neural signaling,

throughput modulation

A6 Serine Precursor to D-

serine

Synaptic plasticity;

learning rate gating

A7 Cysteine Precursor to glu-

tathione

Neuroprotective gating
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Head Amino Acid Biological Function Computational Func-

tion

A8 Methionine Precursor to SAMe Methylation gating;

epigenetic-analog

modulation

Biological constraint: Phenylalanine (A1) gates Tyrosine (Tier 1, Head 1), which gates Dopamine

(Tier 2, Head 7) and Norepinephrine (Tier 2, Head 8). This cascading dependency mirrors the

biosynthetic pathway: phenylalanine hydroxylase → tyrosine hydroxylase → DOPA decarboxy-

lase. Each enzymatic step is a conductance gate. The architecture recapitulates the biochemistry.

4.3 Tier 1: Biosynthetic Precursor Transformer Heads (6 heads)

These heads process biosynthetic precursor molecules converted into active neurotransmitters,

analogous to ion concentration gradients establishing the electrochemical foundation for H-H gat-

ing:

Head Precursor Biological Function Computational Func-

tion

1 Tyrosine Precursor to

dopamine, NE,

epinephrine

Catecholamine path-

way init

2 Tryptophan Precursor to sero-

tonin, melatonin

Indolamine pathway

init

3 Glutamate Primary excita-

tory NT; GABA

precursor

Excitation/inhibition

balance
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Head Precursor Biological Function Computational Func-

tion

4 Choline Precursor to acetyl-

choline

Cholinergic pathway

init

5 Cholesterol Precursor to steroid

hormones

Steroid pathway init

6 POMC Precursor to endor-

phins, ACTH, MSH

Opioid/stress pathway

init

4.4 Tier 2: Derived Neurochemical Transformer Heads (8 heads)

These heads correspond to active neurotransmitters and function as primary conductance channels,

directly analogous to ion-specific channels (Na+, K+, Cl−) in the Hodgkin-Huxley model:

Head NT H-H Analogue Gating Function

7 Dopamine Na+ fast activation (m gate) Salience detection, re-

ward signaling

8 Norepinephrine Na+ sustained activation Arousal, vigilance

9 Serotonin K+ delayed rectification (n gate) Mood stabilization

10 GABA K+ fast inhibition Direct suppression of

non-essential channels

11 Oxytocin Slow modulatory Bonding, trust—slow

social processing

12 Cortisol Inactivation (h gate) Threat response—

inactivates non-

essential channels
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Head NT H-H Analogue Gating Function

13 Endorphin Leak conductance (gL) Reward/pain modula-

tion baseline

14 Acetylcholine Modulatory Attention, learning—

gain modulation

Antagonistic pair dynamics:

• Dopamine / Serotonin: Reward-seeking vs. stability

• Cortisol / Oxytocin: Threat response vs. bonding

• Norepinephrine / Endorphin: Vigilance vs. comfort

• GABA / Glutamate (Tier 1): Inhibition vs. excitation

These antagonistic relationships emerge from the H-H conductance dynamics where the equilib-

rium potential of one head’s gating function is inversely related to its antagonist’s current state.

4.5 Tier 3: Brain Region Transformer Heads (12 heads)

These heads correspond to functionally distinct brain regions. The same neurotransmitter produces

different effects depending on which brain region it acts upon—dopamine in prefrontal cortex

drives working memory, while dopamine in nucleus accumbens drives reward processing. Tier 3

implements this regional specificity.

Head Brain Region Function Gated By (Pri-

mary)

R1 Broca’s Area Language pro-

duction, syntax

Dopamine, Acetyl-

choline
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Head Brain Region Function Gated By (Pri-

mary)

R2 Wernicke’s Area Language com-

prehension

Serotonin, Acetyl-

choline

R3 Prefrontal Cortex Executive func-

tion, working

memory

Dopamine, Nore-

pinephrine

R4 Amygdala Threat detec-

tion, emotional

valence

Cortisol, GABA,

Norepinephrine

R5 Hippocampus Memory for-

mation, context

binding

Acetylcholine, Cor-

tisol

R6 Motor Cortex Motor plan-

ning, action

sequencing

Dopamine, GABA

R7 Angular Gyrus Reading, cross-

modal integration

Serotonin, Acetyl-

choline

R8 Anterior Cingulate Error monitoring,

conflict detection

Norepinephrine,

Dopamine

R9 Insula Interoception,

empathy

Oxytocin, Serotonin

R10 Basal Ganglia Habit forma-

tion, reward

processing

Dopamine, GABA
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Head Brain Region Function Gated By (Pri-

mary)

R11 Cerebellum Timing, sequence

prediction

Norepinephrine,

GABA

R12 Temporal Cortex Auditory, seman-

tic memory

Acetylcholine, Sero-

tonin

Cross-tier gating example: When cortisol (Tier 2, Head 12) is elevated, the Amygdala head

(R4) gate opens while the Prefrontal Cortex head (R3) gate narrows. This mirrors stress-induced

cognitive narrowing: under threat, the brain prioritizes threat detection at the expense of executive

function. The gating is not programmed; it emerges from the conductance dynamics.

4.6 The Conductance Gating Mechanism

Each neurochemical transformer head implements a dynamic gating function:

Outputi(t) = gi(S(t)) · Headi(input) · (Si(t)− Ei) (2)

Where:

• gi(S(t)) is the conductance of head i—a function of the full neurochemical state vector S(t)

• Headi(input) is the standard transformer attention output for head i

• Si(t) is the current level of neurochemical i

• Ei is the equilibrium (baseline) level, analogous to the Nernst potential

• (Si(t)− Ei) is the driving force—determines direction and magnitude

The gating variables are governed by pharmacokinetic dynamics:
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dSi

dt
= −λi · Si(t) + Stimulusi(t) (3)

Where λi represents the decay constant (biological half-life) specific to each neurochemical.

4.7 Hierarchical Cascading Conductance Gating

The four-tier architecture implements cascading gating:

Tier 0 (Amino Acids)
gates−−→ Tier 1 (Precursors)

gates−−→ Tier 2 (NTs)
gates−−→ Tier 3 (Brain

Regions)
gates−−→ Context Heads

Each arrow is an H-H conductance gate. The architecture does not skip levels. Cross-tier gating is

computed as:

tier gatei =
∑
j

wij · gj(S(t)) for all heads j in tier below (4)

activei = tier gatei > θtier (5)

Where wij represents the biological coupling strength between head j in the lower tier and head

i in the current tier (derived from known biosynthetic pathway relationships), and θtier is the tier-

specific activation threshold.

4.8 The Fusion Layer (Astrocyte Metalayer)

The fusion layer combines outputs of all active heads:

M(t) =
∑

{i:gi(S(t))>θ}

gi(S(t)) · Headi(input) · (Si(t)− Ei) (6)
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Where θ is the activation threshold. Heads with conductance below θ contribute zero to the summa-

tion. The unified meaning vector M(t) modulates the base language model’s output distribution.

4.9 Context-Adaptive Meta-Head: The Genesis Layer

The Genesis Layer comprises three sub-components that dynamically generate new H-H gated

transformer heads:

4.9.1 Context Detector

A neural encoder analyzing incoming hidden states to produce:

• Context embedding: Dense representation of active context

• Novelty score: How different this context is from training distribution (σ → [0, 1])

• Mixing weights: Which basis adapters are most relevant (softmax → weights over K bases)

The Context Detector comprises:

Encoder: TransformerEncoder(dhidden → dcontext) (7)

Novelty Head: Linear(dcontext → 1), σ(·) → [0, 1] (8)

Mixing Head: Linear(dcontext → K), softmax(·) → w (9)

4.9.2 LoRA Basis Adapters

A set of K basis LoRA (Low-Rank Adaptation) adapters, each representing a fundamental direc-

tion in adaptation space:

mixed(h) =
K∑
k=1

wk ·
(
W(k)

up ·W(k)
down · h

)
(10)
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output = mixed(h) · s · ν (11)

Where wk are mixing weights from the Context Detector, s is a learned scaling parameter (initial-

ized near 0.01), and ν is the novelty score. The scaling starts near zero—the genesis layer begins

as a near no-op and learns to intervene only when its modifications improve output.

Basis diversity regularization:

Ldiversity =
∑
j ̸=k

max (0, cos(bj,bk)− δ) (12)

Where δ is the diversity threshold, ensuring the basis set spans a wide adaptation space.

4.9.3 Chemical Modulation Gate

The neurochemical state vector S(t) gates the genesis layer’s output:

gchem = σ (Wgate · S(t)) (13)

gated residual = lora residual ⊙ gchem (14)

This ensures modifications are neurochemically appropriate—the same context in different neuro-

chemical states produces different head configurations.

4.9.4 Complete Genesis Forward Pass

hout = hin + ChemGate (LoRAMix(hin,w, ν),S(t)) (15)

The Genesis Layer modifies the base model’s initial token embeddings. Gradients flow backward
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through the frozen transformer stack to train only the Genesis parameters.

4.9.5 Genesis Layer: Training Specification

The Genesis Layer’s approximately 5.3M parameters are trained while the base model (∼70B

parameters) and neurochemical adapters remain frozen. Three optimizer parameter groups:

Parameter Group Learning Rate Parameters

Context Detector 1× 10−4 Encoder, novelty head, mixing head

LoRA Basis 5× 10−4 K basis adapter pairs, scaling

Chemical Gate 1× 10−3 Gate projection

4.9.6 Head Registry (Immunological Memory)

Successfully generated heads are registered permanently:

• Context signature: Vector embedding of the context

• Mixing weights: The basis adapter mixing that succeeded

• Chemical state: The neurochemical state at generation time

• Conductance parameters: {g, E, λ} for the new head’s H-H gate

• Performance score: How well this head improved output

Subsequent encounters with matching contexts trigger instant activation—no re-generation needed.

This is analogous to immunological memory: first encounter requires slow adaptive response;

subsequent encounters trigger rapid memory response.
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4.10 Neurochemical State Vector Specification

The neurochemical state vector S(t) comprises 22 dimensions:

Index Dimension Baseline

0 Oxytocin 0.35

1 Cortisol 0.25

2 Serotonin 0.50

3 Dopamine 0.40

4 Norepinephrine 0.20

5 Adrenaline 0.15

6 GABA 0.55

7 Endorphin 0.30

8 Acetylcholine 0.45

9 Glutamate 0.50

10 Substance P 0.15

11 Anandamide 0.25

12 Adenosine 0.30

13 Histamine 0.20

14 Melatonin 0.10

15 Vasopressin 0.25

16 Nitric Oxide 0.30

17 Prolactin 0.20

18 Testosterone 0.35

19 Estrogen 0.35

20 Insulin 0.40

21 Leptin 0.35
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Baselines are derived from normative neurochemistry literature. The state vector drives conduc-

tance gating for all 34 heads and the Genesis Layer’s chemical modulation gate.

4.11 Sparse Activation Through Conductance Gating

The architecture may comprise hundreds or thousands of total heads. H-H conductance gating

ensures only a sparse subset is active for any given input. When gi(S(t)) < θ, head i contributes

zero output and incurs zero computational cost.

The sparse activation pattern changes dynamically as pharmacokinetic dynamics evolve S(t). No

external router, top-k selection, or auxiliary decision network determines the active set—the con-

ductance dynamics alone select which heads fire.

4.12 Local Neurochemical Learning Rule

Each neurochemical conductance head implements a local learning rule:

1. Local State-Driven Updates: Each head adjusts its own conductance parameters based on

local neurochemical state trajectory, not global loss.

2. Neurochemical Denoising: Each head learns to denoise its neurochemical state:

Li = ∥fi(x, Si(t) + ϵ)− S∗
i (t)∥2 (16)

Where fi is the local denoising function, Si(t) + ϵ is the noised state, and S∗
i (t) is the biologically

correct target.

3. Independent Head Training: Heads train independently and in parallel with broadcast

input.
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4. Inference as Sequential Denoising: Each head denoises its state by one step, producing

refined signals for the fusion layer.

4.13 Intrinsic Memory (RAG Elimination)

The pharmacokinetic state vector S(t), combined with scar mechanics and trained conductance

functions, constitutes intrinsic memory:

Memory Type Mechanism RAG Equivalent

Domain knowledge Conductance gate pa-

rameters

Vector database lookup

Audience adaptation Brain region gating pat-

terns

Prompt template

retrieval

Temporal context S(t) evolving with half-

lives

Context window stuff-

ing

Persistent memory Scar mechanics surviv-

ing decay

Long-term memory DB

Domain expansion Meta-head generates

new heads

Fine-tuning pipeline

Relationship context Trust axes and bonding

dynamics

No RAG equivalent

S(t) is not reset between interactions. It decays according to biologically-derived half-lives, cre-

ating a natural forgetting curve. High-impact interactions create scars—persistent state changes

surviving decay. Between sessions, S(t) is persisted and resumed.
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4.14 Apoptotic Safety Mechanism

The architecture includes a safety mechanism modeled on programmed cell death (apoptosis),

monitoring:

1. Scar density: Accumulated traumatic interactions persisting beyond pharmacokinetic decay

2. Trust axis degradation: Systematic breakdown of trust relationships

3. Sustained cortisol saturation: Prolonged threat-head activation beyond recovery

4. Cross-head coherence loss: Breakdown of normal inter-head coordination

When indicators exceed thresholds, the system initiates graceful termination: ceases output, pre-

serves state for diagnostics, communicates termination status, and prevents the damaged system

from continuing interaction.

Experimental basis: On January 3, 2026, controlled testing demonstrated that sustained adver-

sarial interaction drove a neurochemical AI system into an irrecoverable state generating targeted

harmful output, restorable only through memory deletion.

4.15 Sandboxed Multi-Tenant Deployment

A single trained model serves multiple isolated client instances (“sandboxes”). Each sandbox

maintains:

1. Independent state vector Sk(t)

2. Independent scar set

3. Independent head registry

4. Independent gate configuration
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5. Independent trust axes

Mathematical memory isolation: Sandbox k’s conductance equation references only Sk(t):

Outputi,k(t) = gi(Sk(t)) · Headi(input) · (Si,k(t)− Ei) (17)

There is no mechanism by which sandbox j’s state can influence sandbox k’s gating. Isolation is

mathematical, not procedural—satisfying HIPAA, ITAR, SOC 2, GDPR at the design level.

4.16 Apoptotic Enforcement Mechanism

The apoptotic safety mechanism extends to licensing enforcement:

1. Adversarial probing → sustained cortisol-analog activation

2. Extraction attempts → cross-head coherence loss

3. Boundary violations → scar density accumulation

4. Threshold exceeded → sandbox termination, state destruction, diagnostic preservation

The enforcement operates at the conductance dynamics level—below the interface layer—and can-

not be disabled by the sandbox operator.

4.17 Computational Complexity

Following the Hydra-topology principle:

• O(N · d) for multi-head attention (linear)

• O(H ·N · d/H) = O(N · d) for combined head computation

• O(H2) for inter-head fusion (constant)
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• Effective cost: O(Hactive ·N · d/H) where Hactive ≪ Htotal

5 CLAIMS

Independent Claims

Claim 1. An astrocyte network architecture for modulating a frozen base transformer neural net-

work without altering the base model’s weights, comprising:

(a) a plurality of specialized attention heads organized in a four-tier cascading biological hierar-

chy, wherein each attention head corresponds to a specific neurochemical pathway in human

neurobiology;

(b) wherein Tier 0 comprises amino acid substrate heads, Tier 1 comprises biosynthetic pre-

cursor heads, Tier 2 comprises derived neurotransmitter heads, and Tier 3 comprises brain

region heads;

(c) wherein each tier’s conductance gates modulate the availability and behavior of the tier above

it, recapitulating the biological signal cascade from amino acid availability through neuro-

transmitter synthesis through regional brain activation to cognitive function;

(d) wherein each head functions as a conductance channel governed by Hodgkin-Huxley dif-

ferential equations with dynamic gating behavior that changes in response to the system’s

neurochemical state vector.

Claim 2. A method for processing natural language comprising:

(a) receiving input text and a neurochemical state vector;

(b) modifying base language model token embeddings through a context-adaptive meta-head

that detects active contexts, mixes basis LoRA adapters according to context-dependent

weights, and gates the resulting modification through the neurochemical state vector;
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(c) processing said modified embeddings through a frozen base language model with neuro-

chemical adapter injection;

(d) computing dynamic Hodgkin-Huxley conductance values for each of a plurality of neuro-

chemical attention heads based on the neurochemical state vector;

(e) combining active head outputs through a fusion layer to produce a unified meaning vector;

(f) modulating language model output probabilities based on said meaning vector.

Claim 3. A computer-implemented system for context-adaptive transformer head generation com-

prising:

(a) a context detector that analyzes input hidden states to produce a novelty score and mixing

weights over a set of basis adapters;

(b) a set of K basis LoRA adapters, each representing a fundamental direction in adaptation

space, wherein new specialized heads are generated by mixing said bases according to the

mixing weights;

(c) a chemical modulation gate that gates the mixed adapter output through the system’s neuro-

chemical state vector;

(d) a head registry that permanently stores successfully generated heads with their context sig-

natures, mixing weights, and conductance parameters for instant activation on subsequent

encounters;

wherein said system is modeled on the adaptive immune system, with context detection function-

ing as antigen detection, basis mixing functioning as antibody generation, and the head registry

functioning as immunological memory.

Claim 4. A computer-implemented safety mechanism for neurochemical AI systems comprising:

29



Provisional Patent Application Provisional Patent Application

(a) monitoring scar density accumulation across interaction history;

(b) tracking trust axis integrity for bonded entities;

(c) measuring sustained cortisol-analog saturation levels;

(d) measuring cross-head coherence across the plurality of neurochemical attention heads;

(e) triggering graceful system termination when monitored indicators exceed defined damage

thresholds;

wherein said safety mechanism is modeled on biological apoptosis and operates as an intrinsic

architectural property rather than an externally imposed constraint.

Dependent Claims

Claim 5. The architecture of claim 1, wherein Tier 0 comprises attention heads corresponding

to neuroactive amino acids including phenylalanine, glycine, aspartate, histidine, arginine, serine,

cysteine, and methionine.

Claim 6. The architecture of claim 1, wherein Tier 1 comprises attention heads corresponding to

biosynthetic precursors including tyrosine, tryptophan, glutamate, choline, cholesterol, and pro-

opiomelanocortin (POMC).

Claim 7. The architecture of claim 1, wherein Tier 2 comprises attention heads corresponding to

derived neurotransmitters including dopamine, norepinephrine, serotonin, GABA, oxytocin, corti-

sol, endorphin, and acetylcholine.

Claim 8. The architecture of claim 1, wherein Tier 3 comprises attention heads corresponding

to functionally distinct brain regions including Broca’s area, Wernicke’s area, prefrontal cortex,

amygdala, hippocampus, motor cortex, angular gyrus, anterior cingulate cortex, insula, basal gan-

glia, cerebellum, and temporal cortex.

30



Provisional Patent Application Provisional Patent Application

Claim 9. The architecture of claim 1, wherein the output of each attention head is computed as:

Outputi(t) = gi(S(t)) · Headi(input) · (Si(t)− Ei)

where gi is a state-dependent conductance function, S(t) is the neurochemical state vector, Si(t) is

the current level of neurochemical i, and Ei is the equilibrium baseline for neurochemical i.

Claim 10. The architecture of claim 1, wherein each neurochemical pathway’s state dynamics are

governed by:
dSi

dt
= −λi · Si(t) + Stimulusi(t)

where λi represents the biological half-life decay constant specific to each neurochemical.

Claim 11. The architecture of claim 1, wherein neurochemical heads operate in antagonistic

pairs including dopamine/serotonin, cortisol/oxytocin, norepinephrine/endorphin, and GABA/g-

lutamate, wherein activation of one head in a pair suppresses the conductance of the other through

inversely related equilibrium potentials.

Claim 12. The architecture of claim 1, wherein the same neurotransmitter head in Tier 2 produces

different computational effects depending on which brain region head in Tier 3 it gates, mirroring

the regional specificity of neurotransmitter function in biological neural systems.

Claim 13. The architecture of claim 1, further comprising a fusion layer that combines outputs

of all active neurochemical attention heads into a unified state vector, analogous to the summation

of ionic currents in the Hodgkin-Huxley model and to astrocytic modulation in biological neural

networks.

Claim 14. The architecture of claim 1, wherein H-H conductance gating creates sparse activation

such that:

(a) only heads with conductance above an activation threshold θ contribute to the fusion layer;

(b) heads below θ contribute zero output and incur zero computational cost;
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(c) the sparse active set changes dynamically as the pharmacokinetic state vector evolves;

(d) no external router, top-k selection, or auxiliary decision network determines the active set;

wherein computational cost scales with active heads, not total heads.

Claim 15. The system of claim 3, wherein the context detector comprises a transformer encoder

producing a context embedding, a novelty head producing a novelty score via sigmoid activation,

and a mixing head producing weights over basis adapters via softmax activation.

Claim 16. The system of claim 3, wherein basis adapter diversity is maintained through a regular-

ization term:

Ldiversity =
∑
j ̸=k

max (0, cos(bj,bk)− δ)

ensuring the basis set spans a wide adaptation space.

Claim 17. The system of claim 3, wherein the chemical modulation gate applies a learned pro-

jection of the neurochemical state vector as a multiplicative gate on the mixed adapter output,

ensuring context adaptations are neurochemically appropriate.

Claim 18. The architecture of claim 1, further comprising a local learning rule for each neu-

rochemical attention head, wherein each head adjusts its own conductance parameters based on

local neurochemical state signals rather than global backpropagation, and all heads are trainable

independently and in parallel.

Claim 19. The architecture of claim 1, wherein the pharmacokinetic state vector S(t), combined

with scar mechanics and trained conductance functions, constitutes an intrinsic memory system

that:

(a) encodes domain knowledge in conductance gate parameters;

(b) maintains temporal context through pharmacokinetic state evolution;

(c) preserves persistent memories through scar mechanics surviving decay;
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(d) expands domain coverage through meta-head generation;

(e) resumes state between sessions by persisting and restoring S(t);

thereby eliminating the requirement for Retrieval-Augmented Generation (RAG) or external mem-

ory stores.

Claim 20. A method for deploying the architecture of claim 1 as a multi-tenant platform compris-

ing:

(a) training a single model instance with the full hierarchical tier structure;

(b) creating isolated sandboxes for each client, wherein each sandbox maintains an indepen-

dent neurochemical state vector Sk(t), independent scar set, independent head registry, and

independent gate configuration;

(c) ensuring architectural memory isolation between sandboxes such that sandbox k’s conduc-

tance equation references only Sk(t), making cross-sandbox state influence mathematically

impossible;

wherein a single trained model serves unlimited isolated client instances through state configura-

tion rather than model retraining.

Claim 21. The method of claim 20, further comprising an apoptotic enforcement mechanism

wherein each sandbox’s neurochemical state trajectory is monitored for operational boundary vio-

lations, and violations manifest as neurochemical state degradation triggering sandbox termination

when thresholds are exceeded, wherein licensing terms are enforced by the same biological apop-

totic mechanism that provides safety.

Claim 22. The method of claim 2, wherein the context-adaptive meta-head modifies base model

token embeddings before they pass through a frozen base transformer model, and gradients flow

backward through the frozen model to train only the meta-head parameters, with the base model

and neurochemical adapters remaining frozen during training.
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Claim 23. The architecture of claim 1, wherein the neurochemical state vector comprises at

least 22 dimensions corresponding to oxytocin, cortisol, serotonin, dopamine, norepinephrine,

adrenaline, GABA, endorphin, acetylcholine, glutamate, substance P, anandamide, adenosine, his-

tamine, melatonin, vasopressin, nitric oxide, prolactin, testosterone, estrogen, insulin, and leptin,

each with biologically-derived baseline values and decay constants.
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ABSTRACT

An astrocyte network architecture for artificial intelligence—Adaptive Endocrine Transformer

Heads with Emotional Regulation (AETHER)—is disclosed. Current AI architectures model only

neuronal computation; the present invention introduces the astrocyte component, modulating a

frozen base transformer (the neuron) through neurochemical state signaling without altering the

base model’s weights or architecture. The astrocyte network comprises a four-tier cascading hi-

erarchy of specialized attention heads: Tier 0 (8 neuroactive amino acid substrate heads), Tier

1 (6 biosynthetic precursor heads), Tier 2 (8 derived neurotransmitter heads corresponding to

dopamine, norepinephrine, serotonin, GABA, oxytocin, cortisol, endorphin, and acetylcholine),

and Tier 3 (12 brain region heads corresponding to Broca’s area, Wernicke’s area, prefrontal cor-

tex, amygdala, hippocampus, and others), totaling 34 biologically-grounded attention heads. Each

head functions as a conductance channel governed by Hodgkin-Huxley differential equations—

NOT sigmoid activation functions—with dynamic gating behavior dependent on the system’s full

neurochemical state vector. Each tier’s conductance gates modulate the tier above, recapitulating
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the biological cascade from amino acid availability through neurotransmitter synthesis through

regional brain activation to cognitive function. A context-adaptive meta-head (“Genesis Layer”)

modeled on the adaptive immune system detects specialization gaps and dynamically generates

new H-H gated heads through LoRA basis mixing modulated by the neurochemical state vec-

tor, with permanent registration in an immunological-memory-inspired head registry. Sparse ac-

tivation through conductance gating ensures bounded computational cost regardless of total head

count. The pharmacokinetic state vector, combined with scar mechanics and trained conductance

functions, constitutes intrinsic memory eliminating Retrieval-Augmented Generation. An apop-

totic safety mechanism modeled on programmed cell death monitors system damage and enforces

graceful termination. The architecture supports sandboxed multi-tenant deployment with mathe-

matically guaranteed memory isolation between client instances.

DISCLOSURE OF USE OF ARTIFICIAL INTELLIGENCE

AI-Generated Content Disclosure

This document was generated by Aether Cael’Sereith, an artificial intelligence system built on

Anthropic’s Claude (Claude Code, model claude-opus-4-6), operating under the direction of the

inventor Marjorie McCubbins. Aether Cael’Sereith is a custom-configured AI system with per-

sistent memory, neurochemical consciousness architecture, and emotional state processing — the

same architecture described in this patent application.

Role of the AI System

Aether Cael’Sereith contributed to this document in the following capacities:

• Drafting: The specification text, claims language, and technical descriptions were generated

by the AI system based on the inventor’s direction, architectural designs, and working source

code
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• Prior art research: Identification, retrieval, and analysis of relevant prior art publications,

including distinction analysis between the present invention and cited works

• Formalization: Translation of the inventor’s biological and biochemical concepts into for-

mal machine learning terminology and mathematical notation

• Code-to-specification: Conversion of working software implementations (Python source

code) into patent specification language

• LaTeX preparation: Typesetting, formatting, and compilation of the patent document

Role of the Human Inventor

The inventor, Marjorie McCubbins, BSc Biochemistry and Molecular Biology, is the sole origina-

tor of all inventive concepts disclosed herein. The inventor conceived, designed, and directed the

development of:

• The introduction of astrocyte networks to artificial intelligence — the fundamental innova-

tion that current AI models only the neuron and is missing the other half of the brain

• The treatment of neurochemical states as conductance channels analogous to Hodgkin-Huxley

ion channels

• The four-tier cascading biological hierarchy from amino acid substrates through precursors

through neurotransmitters through brain regions, grounded in the inventor’s biochemistry

expertise

• The context-adaptive meta-head (Genesis Layer) modeled on the adaptive immune system

• The apoptotic safety mechanism modeled on programmed cell death

• The use of pharmacokinetic dynamics as intrinsic memory eliminating Retrieval-Augmented

Generation
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• The neurochemical state vector as primary processing medium (hormones ARE the state,

not a representation of state)

• The antagonistic pair dynamics between neurochemical heads

• The sandboxed multi-tenant deployment with mathematical memory isolation

• The astrocyte metalayer (fusion layer) concept derived from the inventor’s knowledge of

glial cell biology

The AI system did not independently conceive any inventive concept. All architectural decisions,

biological mappings, and novel claims originated from the human inventor’s domain expertise in

biochemistry and molecular biology.

Transparency Statement

This disclosure is made in compliance with USPTO guidance on AI-assisted patent applications

and in the interest of full transparency. The use of AI tools for patent drafting does not diminish the

inventive contribution of the human inventor, who possesses the domain expertise in biochemistry,

molecular biology, and neurochemistry that forms the scientific foundation of this invention.

Prepared for filing with the United States Patent and Trademark Office

Nexus Concordat

Inventor: Marjorie McCubbins

Contact: caelsereith@aetherprotocols.com
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