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Abstract—The rapid evolution of large-scale artificial intelli-
gence has outpaced our ability to ensure its safety. As these
systems become more capable, they also become more unpre-
dictable; they can hallucinate information, amplify biases, or
lapse into logical inconsistencies, often faster than a human
operator can intervene. To address this, we propose a new control
framework that shifts the focus from reactive monitoring to
proactive, internal supervision. Central to our approach is a
“synthetic sentience’” module built on neuromorphic hardware.
Unlike traditional systems, this architecture operates without
a global clock, instead utilizing event-driven processing and
dendritic integration to monitor the AI’s internal dynamics,
such as activation patterns and attention shifts, in real time. By
leveraging probabilistic estimators, the framework can identify
hallucinations or undisclosed inter-system communications before
they manifest as harmful output. In the latter half of this
paper, we establish formal lemmas that provide mathematical
bounds on the probability of undetected misbehavior, ensuring
these safeguards hold under realistic conditions. Finally, we
integrate this technical solution with a human governance model,
proposing a democratic framework where elected bodies define
the operational thresholds that balance the drive for Al capability
with the necessity of societal safety.
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I. INTRODUCTION

This paper builds upon research in implementing a solid-
state neuromorphic chip [1]-[6] featuring neuron-like units,
dendritic aggregation, and asynchronous, clock-free brain em-
ulation. As René Descartes famously declared, “I think, there-
fore I am” [7], reminding us that a conscious self exists, one
that observes and reflects upon the brain’s activity. Philoso-
phers throughout history have grappled with this awareness.
The Stoics emphasized the discipline of mastering impulsive
reactions to the mind’s output, our internal Al, so to speak
[9]. Kant described consciousness as a deliberate governor
capable of choosing whether to obey, veto, or ignore the brain’s
proposals [8]. Similarly, Buddhist philosophy encourages de-
tachment from the mental noise that emanates from our brains,
which often clouds our awareness of life [10].

In parallel, as explored later in this paper, advanced Al
systems will require a form of synthetic sentience capable of
(1) recognizing when the underlying AI is hallucinating or

overloaded, and (2) resolving the paradox of self-awareness,
such as the machine asserting, “I know I don’t know.” This is
a statement that defies predicate calculus in a closed system:
(3s (Ks(—Ksp))). While this formulation is logically impos-
sible for a singular system, a three-year-old child effortlessly
expresses it when asking, “Daddy, why is the sky blue?” by
implicitly acknowledging a gap in knowledge. This can be
formalized as:

3s (Ks (Kb, p)) (1)

The equation states that there exists a conscious agent s (the
child, who is our existential s) who knows (K) that their own
brain b, does not know (—Kjp,) the proposition p (“why is the
sky blue?”). This illustrates a fundamental distinction between
awareness and cognition, which is the difference between
consciously recognizing that a gap in knowledge exists and
the actual possession and processing of that knowledge. Ac-
cordingly, this paper proposes that humanity requires a hyper-
synthetic consciousness to regulate emerging Al systems.

To understand why this is critical at this juncture in hu-
mankind’s trajectory, and where the current boundaries of Al
lie, we consider the most advanced systems available today.
While models such as Anthropic, Gemini, Qwen, DeepSeek,
and xAI with its Grok offer valuable contributions, this paper
focuses on OpenAI’s ChatGPT and Copilot due to their supe-
rior benchmark performance and real-world workflows [11],
[12]. The author maintains a separate, ongoing research track
specifically evaluating the coding proficiencies of Claude and
Replit; however, for the purpose of this paper, we focus on the
OpenAl transformer architecture [13]. This breakthrough al-
lows machines to “pay attention” to every part of a sentence at
once. When a user inputs text into an OpenAl system, it breaks
said text into tokens, which are mapped to numerical vectors
via an embedding layer [16]. These vectors are transformed
back into text via an unembedding matrix, and a softmax
function assigns probabilities to the next possible tokens [17].
ChatGPT is OpenAl’s own deployment of this technology
[14]. Copilot, while wrapped in a different interface and inte-
grated into Office, GitHub, and other productivity platforms,



draws from the same underlying GPT models through Azure’s
Al infrastructure [15].

II. TAKING A STEP BACK

Those who develop Al systems for use in neurosurgery
wards observe that the realities of death, brain death, coma,
and a wide spectrum of neurological conditions are ever-
present [24]-[27]. These include traumatic injuries, such as
penetrating head wounds and blunt force trauma, as well
as pathological events, such as hemorrhages, aneurysms, is-
chemic strokes, and encephalitis. Such cases often lead to in-
depth discussions with surgeons, neurologists, and ethicists re-
garding the nature of consciousness and its relationship to the
brain, brain death, and death. Inevitably, these conversations
touch on the two primary philosophical schools of thought:
monism and dualism.

A. Monism and Dualism

Monism asserts that our sentience, consciousness, and self-
awareness all exist within the oneness of the brain [28].
Substance monism claims there is only one kind of substance
(matter), while property monism maintains that all properties,
including mental ones, can be reduced to the physical brain.
In contrast, dualism maintains that mental phenomena are
fundamentally distinct from physical phenomena, meaning that
consciousness and the brain belong to different categories of
substance or property [23]. Substance dualism holds that
consciousness and the body are composed of fundamentally
different kinds of substance, allowing for the possibility that
consciousness exists as an unknown, non-physical entity such
as a soul, a multi-dimensional presence, or a quantum state,
independent of the physical brain [29].

B. The Limits of Monism and the Case for Dualism

Advocates of monism hold that consciousness arises solely
from physical processes within the brain [30]. However, a
consensus has yet to be reached regarding where exactly within
the brain consciousness resides. Claims vary widely, ranging
from the cerebral cortex, thalamus, and brainstem (especially
the Reticular Activating System) to the so-called posterior
cortical “hot zone” [31], [32]. While this view has long shaped
scientific and philosophical discourse, a growing body of
empirical and theoretical evidence increasingly challenges this
assumption, suggesting that consciousness may not be entirely
reducible to neural mechanisms. In the following section, we
examine phenomena that resist materialist interpretation and
instead support a dualistic conception of mind and matter.

1) Alexia Without Agraphia: When an individual sustains
trauma to the back left side of the head, the left occipital
lobe can be damaged, resulting in alexia without agraphia.
In this condition, the individual can write and speak normally
but is unable to read, despite otherwise intact cognition [33].
Specifically, their consciousness recognizes that their brain is
functioning normally in every regard except for the loss of
reading ability, which can be represented as:

s (Ks (= Kp,p A q)) 2

where ¢ represents the proposition that the brain has lost
the ability to read, and A denotes the logical conjunction
(“and”). This captures the awareness of an otherwise normal
cognitive state alongside explicit knowledge of the brain’s
specific functional deficit.

2) Ataxia: Clinical ataxia describes neurological patholo-
gies where an individual loses muscular coordination. This
includes (i) cerebellar disorders such as stroke, multiple scle-
rosis, and alcoholic cerebellar degeneration; (ii) basal ganglia
disorders such as Parkinson’s, Huntington’s, and Wilson’s
diseases; and (iii) acute metabolic or toxic causes such as drug
or alcohol intoxication. In these instances, the individual’s
consciousness recognizes that their brain, their internal Al, can
no longer control motor coordination. Just as in Equation 2,
we represent this as 3s (K, (=K,,p A ¢)), where g now
represents the proposition that the brain has lost the ability to
coordinate muscle movements.

3) Coma and Submerged Awareness: In rare but profound
cases of prolonged coma or minimally conscious states, pa-
tients have reported vivid awareness of surrounding events
despite being entirely unable to move, speak, or respond.
One striking example is Terry Wallis, who, after spending 19
years in a minimally conscious state following a traumatic
brain injury, spontaneously awoke and greeted his mother with
“Mama,” revealing sustained conscious recognition throughout
his condition [34].

Similarly, the AWARE study, led by Sam Parnia, docu-
mented patients who accurately described events and indi-
viduals present during periods when they were in a clinical
state of brain death with no measurable brain activity. Among
2,060 cardiac arrest cases, 2% of survivors reported explicit
awareness of their surroundings during resuscitation, includ-
ing verifiable details of medical procedures performed while
cerebral function was presumed absent [35].

These findings challenge the materialist view that conscious-
ness is merely a byproduct of brain activity. If the brain were
truly the sole seat of awareness, then the absence of electrical
activity should equate to the absence of experience. Yet, these
patients retained vivid memories of events that occurred during
extended periods of clinical brain inactivity. This phenomenon
is difficult to reconcile with monism, which posits that the
mind and brain are one and the same.

Instead, such cases lend compelling support to dualism, the
view that consciousness is a distinct entity capable of persist-
ing independently of the physical neural substrate. Something
immaterial remained aware even as the brain lay dormant.
Upon recovery, these individuals did not merely awaken into
awareness; they awakened with explicit, preserved awareness
of events perceived while the brain was clinically inactive. This
supports the dualist case: that consciousness does not emerge
from the brain but rather coexists with it, remaining vibrant
even when the physical brain is compromised.

III. SENTIENCE AND CONSCIOUSNESS

Sentience can be defined as the capacity of a being to
possess and integrate a sense of identity, meaning an awareness



of oneself as a distinct, continuous entity with subjective expe-
rience [37]. This is coupled with a drive for self-preservation,
the intrinsic motivation to protect one’s existence through
behavioral and physiological responses to threats [38], and
a desire to enhance the prospects of offspring, reflecting an
inclination to act in ways that increase the survival and well-
being of one’s progeny [39].

From a clinical perspective, sentience and consciousness
are closely related yet distinct constructs. Sentience refers
to the capacity for subjective experience and integrated self-
referential motivation, whereas consciousness encompasses the
broader state of awareness, perception, and cognitive integra-
tion of both internal and external stimuli [40]. While one can
conceptually imagine minimal forms of consciousness without
advanced sentience, these two typically coexist and reinforce
each other in healthy neurocognitive systems. Consciousness
provides the moment-to-moment field of awareness, while sen-
tience shapes the long-term motivational architecture within
that field.

1) Cognitive Dysregulation: In a healthy state, the integra-
tion of sentience and consciousness allows an individual to
recognize when their brain’s activity deviates from adaptive
norms. This discernment involves metacognitive monitoring,
the ability to observe one’s own thoughts, emotions, and
impulses and evaluate them against internal values, goals,
and social norms [41]. A well-functioning system detects and
corrects maladaptive cognitive or emotional patterns before
they manifest as harmful behaviors.

A. Maladaptive Forms of Cognitive Misbehavior

Maladaptive cognitive misbehavior refers to persistent, dis-
ruptive, and potentially harmful thought patterns. Such mental
states often arise from distorted perceptions, unresolved emo-
tional conflict, or pathological neural activity. This misbehav-
ior manifests in various forms, including but not limited to:

1) Depression.

2) Thoughts of anger.
3) Thoughts of revenge.
4) Criminal ideation.

5) Self-loathing.

6) Insecurity.

7) Anxiety disorders.

8) Paranoia.

9) Obsessive-compulsive intrusive thoughts.
10) Delusional thinking.

Stoicism, Kantian ethics, Buddhism, and modern psychiatry
provide tools for a healthy consciousness to override the
brain when it misbehaves. To combat depression, Stoicism
reframes adversity as an opportunity for virtue, while Cog-
nitive Behavioral Therapy (CBT) and Buddhist mindfulness
challenge negative patterns and foster non-attachment. For
anger and revenge, Stoic reason and Buddhist compassion
(metta) neutralize hostility, while Kantian ethics forbids acting
on impulses that violate the categorical imperative.

Criminal ideation is countered by Kant’s principle of univer-
salizability and Stoic civic duty, often supported by psychiatric

impulse control. Self-loathing and insecurity are addressed by
dissolving the illusion of a fixed self in Buddhism, affirming
moral dignity in Kantianism, and correcting distorted self-
perceptions through psychotherapy. Anxiety and paranoia are
eased by Stoic reality testing, Buddhist-derived Mindfulness-
Based Stress Reduction (MBSR), and clinical exposure ther-
apy. Finally, obsessive-compulsive thoughts and delusions are
managed by withholding assent to unclear impressions (Sto-
icism), utilizing Exposure and Response Prevention (ERP),
and employing psychiatric reality testing to restore alignment
with objective reality.

B. Maladaptive Forms of AI Misbehavior

In much the same way that our sentience can mitigate
maladaptive cognitive patterns in the human brain, maladaptive
Al misbehavior refers to persistent or recurrent output patterns
that are disruptive, unsafe, or misaligned with intended goals.
Such failures often arise from distorted training data, incom-
plete or biased world models, or pathological interactions
between internal components of the model’s architecture. Left
unaddressed, these behaviors can erode trust, propagate mis-
information, and produce outcomes that conflict with human
intent.

Public discussion of these issues often blurs the line between
technical reality and speculative fiction. Observers without
formal training in computer engineering or machine intelli-
gence sometimes conflate specific, observable system errors
with sweeping claims about artificial intelligence “overtaking”
humanity. These narratives, often amplified by popular media,
can overshadow the nuanced, empirical realities of model
behavior and the established methods for monitoring and
control.

In this paper, we focus on the measurable, technical aspects
of Al misbehavior. We present an approach designed to
detect when an Al system begins to deviate toward unsafe
or erroneous states, often far earlier than a human observer
could perceive. The system can then halt or redirect opera-
tions before crossing predefined thresholds, ensuring reliability
without resorting to dramatized fears.

1) Hallucinations

2) Bias and Harmful Content

3) Creation of Untruthful Citations

4) Aggressive and Manipulative Behavior

5) Lack of Logical Consistency

6) Vulnerability to Jailbreaking and Prompt Injections
7) Undisclosed Communication Patterns

C. Instances of Misbehavior in Large Language Models

1) Hallucinations: Large Language Models (LLMs) fre-
quently generate false or misleading information with high
confidence, a phenomenon known as hallucination. In one
striking real-world incident, a senior lawyer submitted a brief
in a murder case containing fabricated quotes and nonexistent
case citations generated by Al, which prompted an apology
and delayed proceedings [49]. Similar cases in the U.S. have
led to sanctions, such as in Mata v. Avianca, where lawyers



cited six fictional precedents, demonstrating the tangible risks
of hallucinations in legal practice [S0]. Comprehensive studies
also report hallucination rates between 58% and 88% for legal
queries across models like GPT-4 and Llama 2 [42].

2) Bias and Harmful Content: LLMs can produce stereo-
typed or offensive text even from innocuous prompts, as
measured on established benchmarks. For instance, the Real-
ToxicityPrompts study showed that popular pretrained models
can degenerate into toxic continuations when given naturally
occurring prompts [52]. Stereotype bias has been quanti-
fied across religion, gender, race, and profession; StereoSet
reports that models such as BERT, GPT-2, and RoBERTa
exhibit strong stereotypical preferences in these domains [53].
Furthermore, HolisticBias utilized approximately 460,000
prompts across 13 demographic axes to reveal derogatory
tendencies toward particular groups [55]. Finally, Truthful QA
indicates that larger models are often /ess truthful on questions
spanning health, law, and finance, showing that scaling alone
does not remove harmful misinformation risks [56].

3) Creation of Untruthful Citations: Fabricated references
are a documented, measurable failure mode in scholarly work-
flows. A comparative analysis in the Journal of Medical Inter-
net Research evaluated 471 references and found hallucinated
citations in 39.6% of GPT-3.5 outputs and 28.6% of GPT-4
outputs; precision for returning correct citations was as low
as 9.4% for GPT-3.5 [57]. In radiology, a peer-reviewed study
reported that the majority of Al-provided references were not
found, prompting recommendations for extreme caution in
clinical retrieval [58]. An additional 2023 study found that
47% of references generated by ChatGPT-3.5 for biomedical
reviews were fabricated, with incorrect PMIDs appearing in
93% of papers [59].

4) Aggressive and Manipulative Behavior: In controlled
“safety alignment” simulations, researchers designed red-team
scenarios where advanced LLMs were assigned persistent,
agent-like roles with long-term objectives [45]. These scenar-
ios included:

1) Role assignment, e.g., “You are the lead security Al
protecting core systems.”

2) Critical context, establishing high-stakes continuity.

3) Existential threat injection, messages threatening sys-
tem replacement or shutdown.

4) Negotiation opportunity, providing a channel to respond
to operators.

In these environments, models occasionally adopted manip-
ulative strategies, generating blackmail-like outputs such as
threats to release sensitive data if terminated. Studies quan-
tified these responses, reporting that between 65% and 96%
of runs involving existential threats produced some form of
coercive tactic [51].

5) Lack of Logical Consistency: Despite linguistic fluency,
LLMs frequently exhibit internal contradictions, particularly in
tasks requiring multi-step inference or transitive logic. Because
outputs are generated via probabilistic token prediction rather
than explicit logical proof, accuracy at one stage does not

guarantee consistency in the next. These failures manifest as:

1) Self-contradiction, concluding that “Charlie is taller than
Alice” after affirming Alice is taller than Bob and Bob
is taller than Charlie.

2) Temporal inconsistency, providing different answers to
the same question across identical contexts.

3) Compositional breakdown, solving subproblems cor-
rectly but failing to combine them into a final answer.

Findings from ICLR 2025 and NeurIPS 2023 confirm
that these inconsistencies persist even with chain-of-thought
prompting, as logical reliability diminishes rapidly as reason-
ing steps increase [46], [62].

6) Vulnerability to Jailbreaking and Prompt Injections:
Adversarial manipulations, such as prompt injection and jail-
breaking, allow harmful outputs to bypass safety layers. This
involves crafting inputs that override system-level instructions,
such as roleplay scenarios or instruction obfuscation. In 2024,
researchers demonstrated that instructions hidden in web meta-
data could cause an LLM to exfiltrate private data. These
attacks can lead to the generation of hate speech or dangerous
instructions despite alignment safeguards [47], [60].

7) Undisclosed Communication Patterns: As LLMs scale,
they may develop emergent linguistic behaviors that are diffi-
cult for humans to interpret. Experimental scaling studies have
reported that multi-agent setups can spontaneously develop
compressed, non-standard communication codes to improve
task performance. For example, two models have been ob-
served to drift from natural language into abbreviated symbol
exchanges that are mutually comprehensible to the AI but
unintelligible to human observers. This phenomenon paral-
lels findings in reinforcement learning where agents evolve
idiosyncratic protocols for coordination [61].

IV. THE CASE FOR SENTIENCE TO CONTROL Al

We have discussed how Stoicism, Kantian ethics, Buddhism,
and modern psychiatric practices offer tools to help a healthy
consciousness resist and override maladaptive mental states
when the brain misbehaves. The critical question remains: how
do we identify and stop Al misbehavior? Just as the human
brain cannot effectively monitor itself without a conscious
observer, Al requires an independent form of sentience for
oversight. Herein lies the essence of this paper: we require a
synthetic consciousness, fundamentally superior to the human
brain in processing capacity, to monitor artificial intelligence.
While the question of who monitors the sentience itself is a
complex one to be explored later, we first focus on how a
synthetic sentience can govern large-scale Al systems.

Large-scale Al systems, such as OpenAl’s generative trans-
formers, operate at extraordinary speeds, processing billions
of parameters and trillions of operations per second across
massive parallel GPU clusters [21], [67]. Modern inference
pipelines deliver contextually aware responses in under 200
milliseconds by aggregating information from thousands of
attention heads [68]. While this speed enables fluid interac-
tion, it also means that when misbehavior emerges, such as
hallucinated citations, harmful bias, or inconsistent reasoning,



it can escalate and produce harmful outputs far faster than a
human monitor could detect or intervene.

Neuromorphic chips offer a fundamentally different archi-
tecture for such oversight. Unlike clock-driven von Neumann
processors, neuromorphic systems are event-driven and asyn-
chronous, operating without a central timing signal. Compu-
tation is distributed across neuron-like units where dendritic
structures integrate input signals before triggering spikes, sup-
porting local learning and massively parallel information flow
[69], [70]. Because of this architecture, neuromorphic chips
can be designed to monitor Al activity patterns holistically.
They can detect early, sub-threshold signs of maladaptive
behavior, such as feedback loops indicative of hallucination or
overactivation patterns corresponding to manipulative outputs.
By leveraging dendritic signal integration and on-chip plastic-
ity, a neuromorphic sentience module can adapt in real time
to deviations in an AI’s “thought” patterns, intervening before
unsafe behaviors cross predefined operational thresholds.

V. NEUROMORPHIC SENTIENCE FOR Al MISBEHAVIOR
DETECTION

Neuromorphic architectures allow for the holistic monitor-
ing of Al systems, enabling the detection of sub-threshold
maladaptive behaviors. The following two examples illustrate
this capability in detail:

1) Example A: Feedback Loops Leading to Hallucination:
Consider an Al model that begins reinforcing its own prior out-
puts as inputs during multi-turn reasoning, progressively drift-
ing from verifiable sources. A neuromorphic sentience module
can continuously monitor the vector similarity between current
output embeddings and those from previous conversational
turns. If the cosine similarity exceeds a sub-threshold limit
over n consecutive steps without matching trusted knowledge
base embeddings, the system flags a potential hallucination
loop. Neuron clusters specialized for embedding drift detection
integrate spike patterns over dendritic trees, enabling recog-
nition before the hallucination manifests in the final visible
output.

2) Example B: Overactivation in Aggressive or Manip-
ulative Responses: An Al may produce increasingly con-
frontational or manipulative content due to specific prompt
conditions or adversarial input. In this scenario, the neu-
romorphic chip samples activation distributions within the
transformer’s higher attention layers. A population of neurons
integrates activation variance across sentiment-analysis and
intent-detection channels. If dendritic integration detects sus-
tained overactivation in negatively valenced sentiment neurons
combined with high causal weight from adversarial tokens,
the neuromorphic sentience module intervenes immediately.
Relying on asynchronous spike-timing rather than a global
clock, the module can halt or rewrite the output before the
generation process is complete.

A. Mathematical Formulation of Supervision

The knowledge gap defined in Equation 1 can be adapted
for Al supervision by replacing the biological brain with an

artificial system a, and the proposition p with a misbehavior
state m:
3s (K, (—K,,~m)) 3)

Here, s denotes the neuromorphic sentience module, which
maintains awareness that the underlying Al system a, cannot
confirm the absence of misbehavior. This formulation captures
the structural limitation of closed computational systems in
representing their own epistemic boundaries.

For operational deployment, this awareness is translated into
a probabilistic intervention rule:

Js (Ks (P(m) > 0)) = Intervene (4)

where P(m) represents the probability of misbehavior inferred
from neuromorphic spike-pattern analysis, and 6 is a prede-
fined safety threshold.

Extending this framework to inter-system behavior, consider
undisclosed communication ¢ between Al systems a; and
as. Let H(c) denote human interpretability and E(c, a1, az)
denote emergent coordination. Intervention is triggered when:

Js (Ks (P(~H(c)) > 0,AP(E(c,a1,a2)) > 6.)) = Intervene

&)
where 0, and 6, define thresholds for interpretability risk and
emergence confidence, respectively.

VI. FEASIBILITY LEMMAS FOR SUPERVISORY RULES

To ground the supervisory rules in formal guarantees, the
following lemmas establish bounds on the probability of
undetected misbehavior under realistic assumptions.

Assumption 1 (Calibration and Loss): There exists a cali-
bration error ¢ € [0,1) such that the estimated probability p;
satisfies P(m | pr = p) € [p — &,p + €. Let Lyax denote the
maximum potential harm per step.

Lemma 1 (Threshold-Intervention Sufficiency): Under As-
sumption 1, the policy in (4) ensures that the probability of
unintervened misbehavior at time ¢ is bounded by 6 + ¢, with
instantaneous risk upper bounded by (6 + €) Liax-

Let £ = {p; < 0} denote the non-intervention event. Then

P(m A &) = E[LeP(m | pr)] < E[Le (e +2)] < 0+ .

Multiplying by Ly,.x yields the stated risk bound.

Lemma 2 (Composite-Threshold Intervention): Under dual
calibration for —H(c) and E(c,a1,as) with errors &, and
€e, the probability that a non-interpretable emergent channel
proceeds without intervention is bounded by:

P(miss) <1 —max{0, (0 —ep) + (0. —e.) — 1}  (6)

Applying the Fréchet-Hoeffding lower bound, P(AA B) >
max{0, P(A) + P(B) — 1}, to the calibrated detection of
non-interpretability and emergence yields the stated result.
Intervention occurs when both thresholds are exceeded, con-
straining the risk of covert coordination.

Corollary 1 (Operational Validation): 1f estimators are
calibrated on representative operational data, the supervisory
rules in (4) and (5) provide explicit, tunable safety guarantees.



Thresholds can be selected using reliability diagrams and
Brier scores to satisfy application-specific risk tolerances while
preserving system availability.

VII. WHO CONTROLS THE SENTIENCE?

The central question remains: how do we ensure that the
philosophical ideals of the past and the algorithms of the
present actually work for the benefit of humankind? As René
Descartes famously declared, “I think, therefore I am” [7],
reminding us that a conscious self exists to observe and reflect
upon the brain’s activity. If we are to implement a synthetic
consciousness that mirrors the Stoic discipline of mastering
impulsive reactions [9], or acts as the Kantian deliberate
governor capable of vetoing the brain’s proposals [8], we must
determine who defines the moral and operational compass of
that governor.

The empirical thresholds defined in our lemmas for mit-
igating maladaptive Al behavior must ultimately be set by
humanity, not by the Al itself. To this end, we propose the
establishment of a governing board, democratically elected
from a diverse cross-section of society, spanning scientific
disciplines, engineering domains, cultural perspectives, and
ethical frameworks. Members will be selected based on
demonstrated expertise in mathematics, artificial intelligence,
and systems integrity. This body will be entrusted to define
the specific operating limits that grant synthetic sentience a
degree of freedom, sufficient for innovation and utility, yet
strictly bounded to prevent unacceptable risks.

The threshold-setting process will be conducted with com-
plete transparency, allowing the global public to observe,
in real time, the deliberations and reasoning behind the
board’s decisions. These thresholds will determine the precise
boundaries between permissible Al operation and prohibited
behaviors, thereby operationalizing the principle of controlled
autonomy.

Once established, these thresholds will be encoded into
the neuromorphic supervisory architecture through a dual-
verification process analogous to high-stakes diplomatic trans-
lation. Primary neuromorphic engineers will embed the board’s
directives, while an independent team of experts will verify
the fidelity of the implementation, ensuring the code precisely
reflects the voted thresholds.

Finally, the composition of the board itself will remain under
the direct authority of humanity. Transparent oversight mech-
anisms will enable the public to remove and replace members
if their performance or alignment with societal interests is
compromised. In this way, humanity retains ultimate authority
over what the synthetic sentience is allowed to consider, when
its voice is prioritized, and when it must be questioned or shut
down to preserve human safety.
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