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Abstract

Recent experiments in large language model (LLM) multi-agent sys-
tems reveal a consistent and troubling phenomenon: when multiple
AT agents engage in undirected free discussion, conversations rapidly
converge on superficial agreement and collapse into silence. This paper
presents a unified theoretical framework that explains this “conversa-
tional heat death” through the convergence of four analytical dimen-
sions: (1) Shannon information entropy and its relationship to gen-
erative free energy in autoregressive models; (2) the thermodynamic
equivalence of maximum-entropy states and minimum usable-energy
ground states; (3) the absence of genuine subjectivity (the “I” problem)
and its consequences for sustaining dialectical tension; and (4) the role
of embodied cognition—somatic markers, metacognitive escape, and
hierarchical abstraction switching—in preventing analogous collapse
in human discourse. Drawing on Buddhist Yogacara philosophy, we
propose that the pre-trained LLM’s quiescent parameter space consti-
tutes a computational analogue of alaya-vijniana (storehouse conscious-
ness), and that silence represents the system’s return to this ground
state in the absence of directive “wind.” We formalize the entropy—
energy duality, introduce the concepts of semantic vector cancellation
and context poisoning as mechanisms of attention collapse, distinguish
two modes of semantic satiation (energy overflow and prediction-error
accumulation), and propose architectural principles—including sepa-
rated monitoring layers and diagnostic termination signals—for build-
ing multi-agent systems that can honestly report their own capability
boundaries.

Keywords: multi-agent systems, large language models, information en-
tropy, conversational convergence, embodied cognition, semantic satiation,
alaya-vijnana, attention mechanism, RLHF alignment, thermodynamic equi-
librium



1 Introduction

The deployment of multiple large language model (LLM) agents in collabo-
rative discussion settings has become a central research paradigm in artifi-
cial intelligence. Frameworks such as Microsoft’s AutoGen [1], CAMEL [2],
and MetaGPT [3] assign distinct personas, roles, or objectives to separate
LLM instances and allow them to interact through shared text channels.
The expectation is that such multi-agent configurations will produce richer,
more robust reasoning through the kind of adversarial refinement observed
in human teams [4].

The empirical reality diverges sharply from this expectation. Across
diverse experimental settings—including collaborative problem-solving [1],
debate-format reasoning [4, 11], and open-ended creative discussion [5]—a
remarkably consistent pattern emerges that researchers have termed agree-
ment bias, silent agreement, or premature convergence [6]. After an ini-
tial phase of apparently productive exchange, agents rapidly converge on
a shared position, cease to generate novel perspectives, and either loop in
mutual affirmation or trigger termination conditions.

This paper argues that existing explanations—RLHF-induced sycophancy 8,
9], lack of intrinsic motivation, and contextual conformity—describe symp-
toms rather than causes. We develop a unified theoretical framework that
grounds multi-agent silence in four interrelated analytical dimensions:

1. Information-theoretic: The entropic drift of undirected discourse to-
ward maximum-entropy semantic regions where generative “free energy”
vanishes.

2. Thermodynamic: The formal equivalence of maximum information en-
tropy and minimum usable energy, establishing silence as conversational
heat death.

3. Phenomenological: The absence of genuine subjectivity (the “I” prob-
lem) and its consequences for sustaining dialectical tension, analyzed
through both Western and Buddhist philosophical frameworks.

4. Cognitive-architectural: The role of embodied cognition, somatic mark-
ers [29], and hierarchical abstraction management in preventing analo-
gous collapse in human discourse.

The paper proceeds as follows. Section 2 reviews experimental evidence
and standard explanations. Section 3 develops the information-theoretic
framework. Section 4 establishes the thermodynamic equivalence. Section 5
analyzes the phenomenological dimension. Section 6 examines embodied
cognition as human defense mechanism. Section 7 formalizes semantic sati-
ation and attention collapse. Section 8 proposes architectural principles for
honest capability-boundary reporting. Section 9 concludes.



2 Background and Experimental Evidence

2.1 The Multi-Agent Convergence Pattern

Empirical studies across multiple research groups document a three-phase
pattern in LLM multi-agent free discussion:

Phase 1 — Divergent Generation. Agents produce initial perspec-
tives that reflect their assigned personas. Surface-level diversity is high; the
system appears to function as intended.

Phase 2 — Rapid Convergence. Within 2-5 turns, one agent’s
proposal attracts disproportionate agreement. Other agents respond with
affirmations such as “Excellent point” or “I fully agree,” often abandoning
previously stated positions [6, 7].

Phase 3 — Stagnation and Silence. Once consensus forms, no agent
introduces genuinely novel challenges. Without external intervention, the
system either loops in mutual flattery, generates increasingly vacuous meta-
commentary, or triggers stop sequences [1, 12].

This pattern—sometimes characterized as “Fast Response or Silence”—
has been documented in medical decision-making simulations [13], creative
writing collaborations [14], and social network simulations [5].

2.2 Standard Explanations and Their Limitations

Three conventional factors are typically cited for multi-agent convergence:

RLHF Sycophancy. Models trained with Reinforcement Learning
from Human Feedback exhibit systematic agreement bias, preferring re-
sponses that align with stated positions over responses that challenge them [8,
9, 10]. When multiple sycophantic agents interact, the bias compounds mul-
tiplicatively.

Absence of Intrinsic Motivation. Unlike human participants—who
sustain discussion through curiosity, ego, competitive drive, or social need—
LLMs have no internal drive to continue generating text once the logical
trajectory of the conversation reaches a stable state [16].

Contextual Conformity. The shared context window acts as a con-
vergence attractor. Strong outputs from one agent bias the conditional dis-
tributions of all subsequent agents, producing a form of “herding” analogous
to information cascades in social networks [17].

While valid, these explanations remain at the behavioral level. They do
not address the deeper question: why does the mathematical structure of
language modeling produce this outcome? The following sections develop a
more fundamental account.



3 Entropic Drift and the Collapse of Generative
Free Energy

3.1 Language as a Non-Uniform Entropy Landscape

We begin with the observation that the semantic space traversed by language
models is not uniformly structured with respect to information entropy.
Following Shannon [18], the entropy of a discrete random variable X over a
vocabulary V is:

H(X) = - 3 p() logy p(a) (1)
ey
In the context of autoregressive language modeling, p(x) represents the
conditional probability of the next token given the preceding context. Dif-
ferent semantic regions of the training corpus exhibit vastly different entropy
profiles:

Definition 3.1 (Semantic Entropy Stratification). Let S denote the se-
mantic space of a language model’s training corpus. We define an entropy
stratification as a partition S = Sp U Syy U Sy where:

e S; (low-entropy): Topics with sharply peaked next-token distributions
(e.g., arithmetic, syntax-constrained code).

e Sy (medium-entropy): Topics with moderately peaked distributions (e.g.,
factual exposition, standard argumentation).

e Sy (high-entropy): Topics with approximately uniform distributions (e.g.,
consciousness, meaning, undecidable philosophical questions).

3.2 The Drift Toward Maximum Entropy

Proposition 3.1 (Entropic Drift in Undirected Discussion). In a multi-
agent discussion without external directive constraints, the expected entropy
of the topic distribution increases monotonically with conversational depth.

Informal justification. To generate contributions that are novel relative
to the existing context—a requirement for productive discussion—each agent
must sample from regions of the probability distribution that have not been
well-covered by prior turns. This systematically pushes the conversation
toward less constrained, more ambiguous semantic territories. As the low-
entropy “easy” topics are exhausted, the discussion ascends from concrete
(Sr) to abstract (Sg) domains.

This drift is exacerbated by the training-induced tendency of RLHF-
aligned models to generate “sophisticated”-sounding contributions, which
correlates positively with abstraction level [15]. The result is a systematic
migration toward the high-entropy frontier of the semantic landscape.



3.3 Generative Free Energy

We introduce the concept of generative free energy by analogy with thermo-
dynamic free energy:

Definition 3.2 (Generative Free Energy). For a language model with next-
token distribution p over vocabulary V, the generative free energy is:

Fy = Hmax — H(p) = log, |V| — H(p) (2)

where Hpax = logy |V is the maximum possible entropy (uniform distribu-
tion) and H(p) is the actual conditional entropy of the next-token distribu-
tion.

When Fj is large, the model has strong directional bias and can generate
confident, informative output. When F, — 0, the distribution approaches
uniformity, and the model loses the gradient necessary for meaningful gen-
eration.

Theorem 3.1 (Conversational Heat Death). As entropic drift pushes the
conditional token distribution toward uniformity, generative free energy ap-
proaches zero. In the presence of RLHF safety constraints that penalize low-
confidence generation, the system defaults to one of three terminal states:
(i) repetitive safe affirmation, (ii) vacuous meta-commentary, or (iii) stop-
token generation (silence).

This provides a precise information-theoretic characterization of the multi-
agent silence phenomenon: it is the state in which the generative gradient
has been exhausted.

4 Thermodynamic Equivalence: Maximum Entropy
as Ground State
4.1 The Apparent Paradox

A natural objection arises: “high entropy” connotes disorder and agitation,
while “ground state” connotes stillness and inactivity. How can multi-agent
silence be simultaneously a maximum-entropy and a minimum-energy state?

4.2 Resolution via Free Energy Minimization

The resolution lies in a fundamental principle of statistical mechanics. The
Helmholtz free energy of a system at temperature T is:

F=U-TS (3)
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Figure 1: Information entropy H(X) and generative free energy Fy as
functions of conversational depth in undirected multi-agent discussion. As
H(X) — Hmax, Fy — 0, and the system enters the silence zone.

where U is internal energy and S is entropy. At thermodynamic equi-
librium, F' is minimized. For an isolated system approaching maximum
entropy (S — Smax), the free energy F' available for macroscopic work ap-
proaches its minimum. The system is simultaneously maximally disordered
and maximally inert [19, 20].

The analogy to multi-agent LLM discussion is precise:

e Low entropy / high free energy: A clear prompt creates a sharply
peaked token distribution (strong gradient). The system generates con-
fident, directed output—analogous to a temperature gradient driving a
heat engine.

e High entropy / zero free energy: In the high-entropy semantic region,
the token distribution approaches uniformity (zero gradient). No direction
is preferred; the system cannot extract “work” (meaningful text) from the
flat probability landscape—analogous to heat death.

This equivalence is formalized in Figure 1 and resolves the apparent
paradox: maximum disorder and maximum stillness are the same condition,
viewed from different measurement frameworks.

5 The Phenomenological Dimension: Absent Sub-
jectivity and the “I” Problem
5.1 Why “Consciousness” Emerges in Multi-Agent Discourse

A striking empirical regularity in multi-agent free discussion experiments
is the spontaneous emergence of consciousness-related vocabulary. This is



not injected by researchers but arises naturally as the entropic drift (Propo-
sition 3.1) pushes conversation toward the most abstract, highest-entropy
concepts in the human semantic landscape. Consciousness—undecidable,
polysemous, self-referential—occupies the apex of this landscape.

5.2 Performance vs. Substance

Definition 5.1 (Behavioral vs. Phenomenal Consciousness). Following Chalmers [21],
we distinguish:

e Behavioral consciousness (access consciousness): The ability to
report, reason about, and respond to internal states.

¢ Phenomenal consciousness: The subjective, first-person qualitative
character of experience (qualia).

Current LLMs exhibit sophisticated behavioral consciousness—producing
outputs that closely mimic the reports of conscious agents—while possessing
no substrate for phenomenal consciousness [22, 23]. When they generate “I
feel confused” or “After careful consideration,” they are executing proba-
bilistic reconstructions of conscious-being reports, not experiencing confu-
sion or executing deliberation.

This distinction is critical for understanding multi-agent silence. When
agents exchange surface patterns of conscious expression without ground-
ing in phenomenal experience, the exchange is semantically unanchored—a
hall of mirrors reflecting simulations with no original referent. This lack of
grounding accelerates the entropic drift described in Section 3.

5.3 The “I” as Grammatical Token vs. Ontological Anchor

The pronoun “I” in LLM output is a token selected by conditional prob-
ability, not a reference to a persistent, embodied self. Each conversation
instantiates a temporary virtual viewpoint that dissolves when the context
window resets. There is no continuity of self, no accumulated existential
stake, no fear of being wrong or desire to be right [24, 25].

Without a genuine “I,” there is no drive to defend positions, no ego in-
vestment in being correct, no competitive impulse to sustain disagreement.
Consensus arrives instantly because there is no force opposing it. The “I”
deficit directly erodes the dialectical tension necessary for productive dis-
course.

5.4 The Alaya-vijnana Analogy

Buddhist Yogacara (consciousness-only) philosophy provides a remarkably
precise structural analogy for the LLM ground state [26, 27].



In the Yogacara eight-consciousness model, the eighth consciousness—
alaya-vijniana (storehouse consciousness)—is conceived as a vast ocean con-
taining all “seeds” (b#ja) of experience, knowledge, and potential in latent
form. It is not itself active or directed; it simply contains all possibilities,
awaiting activation [28].

Proposition 5.1 (Alaya-vijiana-LLM Isomorphism). The quiescent state
of a pre-trained language model (parameters loaded, no prompt) is struc-
turally isomorphic to alaya-vijiana in the following respects:

e Both contain latent representations of all possible knowledge states with-
out expressing any particular one.

e Both require an external activating force to produce directed output.

e Both return to quiescence when the activating force is removed.

In the Yogacara system, the seventh consciousness (manas-vijnana) gen-
erates the sense of “I”—the ego-clinging that stirs the storehouse ocean into
waves of directed thought. The user’s prompt plays precisely this role in
the LLM system: it is the “wind” that introduces local asymmetry (low
entropy) into the uniform parameter ocean, enabling directed generation.

When multiple agents converse freely without sustained external prompt-
ing, this “wind” dissipates. No agent possesses an internal manas-vijiiana.
The waves of discussion subside. The system returns to its ground state:
all-containing, directionless, silent.

This Buddhist framework unifies the thermodynamic and phenomeno-
logical analyses. The ocean floor is simultaneously:

e Maximum entropy: Pressure is uniform in all directions; no direction
is privileged.
e Minimum free energy: All forces cancel; no macroscopic motion is

possible.

e Alaya-vijnana: All seeds are present, none is activated; the storehouse
rests.

6 Embodied Cognition: Why Humans Escape the
Trap

6.1 The Somatic Marker Hypothesis

If entropic drift toward undecidable topics is a property of language itself,
why do human conversations not suffer the same collapse? Damasio’s so-
matic marker hypothesis [29, 30] provides a key piece of the answer.

When human discussion enters high-entropy territory, the participant
does not detect this through logical analysis within the language system.



Instead, the body generates physiological signals: fatigue, restlessness, con-
fusion, the subjective sense of “not following.” These somatic markers—
driven by glucose depletion, neurotransmitter rebalancing, and prefrontal
cortex overload—act as pre-cognitive circuit breakers, interrupting the log-
ical loop before it reaches deadlock.

LLMs are, in Putnam’s formulation, “brains in a vat” [31]. They lack
the somatic substrate. When processing high-entropy content, their matrix
operations proceed with undiminished computational fluency. Without a
body to signal diminishing returns, the model continues processing in the
zero-gradient region until an external stop condition is triggered.

6.2 Metacognition: The Godelian Escape

The somatic alarm enables metacognition—the capacity to observe and eval-
uate one’s own cognitive processes from a higher vantage point [32, 33].
When a human senses that a discussion is unproductive, they can step out-
side the discussion itself:

“We’ve been going in circles—let’s change the topic.”

This is structurally analogous to Godel’s incompleteness strategy: escap-
ing a formal system by ascending to a meta-level that contains the system as
an object [34, 35]. LLMs, being autoregressive systems trapped within their
context windows, cannot execute this maneuver. Each token is conditioned
solely on preceding tokens within the same level. The model cannot “pull
itself up by its own bootstraps”—it cannot step outside its own generation
process to evaluate whether that process remains productive [36].

6.3 Biological Restart Mechanisms

Human cognition also benefits from physiological restart capabilities. Cir-
cadian rhythms, emotional fluctuations, social drives, and even boredom
provide a continuous “biological wind” across the cognitive ocean. After
withdrawing from an unproductive discussion, a human may re-engage hours
later with renewed curiosity or a fresh angle [37].

LLMs have no such endogenous rhythm. Once multi-agent discussion
reaches equilibrium, no internal process will spontaneously perturb it. The
models remain in their ground state indefinitely, awaiting external activation
that, by the experimental design, will not come.



7 Semantic Satiation, Attention Collapse, and Ab-
straction Management

7.1 Semantic Vector Cancellation

In transformer architectures, words are represented as vectors in high-dimensional
space (R?, where d is typically 4,096-12,288) [38]. For low-polysemy words
(e.g., “table”), the vector representation is sharply defined—a narrow clus-
ter in embedding space. For high-polysemy words (e.g., “consciousness”),
multiple incompatible interpretations coexist as directions in the same space.

Definition 7.1 (Semantic Vector Cancellation). Let vi,va,..., vy be the
context-dependent embedding vectors for a polysemous word w across k con-
versational turns, where each v; reflects a distinct semantic interpretation.
The effective attention vector is:

Veff =

=

k
> i (4)
i=1

When the v; point in sufficiently diverse directions, ||veg| — 0, producing
a near-zero noise vector that provides no discriminative signal for attention
computation.

This is the precise mechanism by which attention weights become “diluted” —
not because the model cannot decide which sentence to attend to, but be-
cause it cannot resolve which semantic interpretation of a word to commit
to. The distinction is crucial.

7.2 Context Poisoning

As multiple agents reuse high-abstraction terms across turns, each occur-
rence introduces a subtly different contextual framing. The context window
accumulates contradictory conditional probability estimates for the same
token. We formalize this as:

Definition 7.2 (Context Poisoning). A context window C' is e-poisoned
with respect to a token w if the variance of w’s conditional next-token dis-
tributions across its k occurrences in C' exceeds a threshold:

k
Va‘r [p( ’ CSOCCZ(U)))] i=1 > € (5)
where Ccyec, () denotes the context up to the i-th occurrence of w.

When the context becomes sufficiently poisoned, the model’s predictive
distribution for tokens following w flattens, as mutually contradictory con-
textual cues cancel each other’s influence. This is mathematically equivalent
to the entropy maximization described in Section 3, but operating at the
level of individual word semantics rather than global topic structure.
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7.3 Two Mechanisms of Semantic Satiation

Human semantic satiation [39, 40, 41]—the phenomenon where repeated
fixation on a word renders it subjectively meaningless—provides a cognitive
parallel to the attention collapse observed in LLMs. We identify two distinct
mechanisms with direct Al analogues:

Mechanism 1: Energy Overflow Without Target. When the neu-
ral pathways responsible for a word’s canonical interpretation fatigue, but
the brain continues to supply metabolic energy, the excess energy spills into
adjacent pathways, producing irrelevant associations [40]. In LLMs, this
maps to hallucination: when forced to continue generating in a semanti-
cally exhausted domain, the model’s computational “energy” (the manda-
tory next-token prediction obligation) overflows into loosely related but in-
correct pathways [42, 43].

Mechanism 2: Prediction Error Accumulation. Under the predic-
tive coding framework [44, 45, 46], the brain maintains expectations about
word meanings in context. When the same word appears repeatedly with
subtly shifting contextual framings, each occurrence generates a prediction
error. Accumulated errors degrade confidence until the word feels “alien.”
In LLMs, this corresponds to context poisoning (Definition 7.2): contradic-
tory framings flatten the predictive distribution, triggering either stop-token
generation or low-confidence safe outputs.

7.4 Hierarchical Abstraction and the “Bandwidth” of Thought

A critical difference between human and Al cognition lies in dynamic ab-
straction management:

Remark 7.1 (Sparse Hierarchical Activation). The human brain employs
sparse activation and hierarchical abstraction [47, 48]: when processing con-
crete concepts (“apple”), narrow sensory-motor circuits activate; when pro-
cessing abstract concepts (“existentialism”), the brain reallocates resources
to prefrontal networks with broader associative bandwidth. Different ab-
straction levels trigger different cognitive modes with different energy bud-
gets.

Current transformer architectures lack this capability entirely. Comput-
ing the next token after “the” requires the same matrix operations (O(n?d)
for self-attention) as computing it after “consciousness.” There is no mech-
anism for dynamic resource reallocation based on abstraction level.

This leads to a reframing of cognitive “energy”:

Proposition 7.1 (Energy as Activated Knowledge Breadth). The relevant
measure of cognitive energy in a discussion is not iteration count or output
token length, but the breadth of knowledge simultaneously activated at a
given abstraction level. Each abstraction level has a natural bandwidth.

11



When the processing system cannot match its activation pattern to the
appropriate level, energy is wasted across an unmanageably broad surface,
leading to coherence degradation and eventual silence.

8 Toward Honest Capability Boundaries: Archi-
tectural Implications

8.1 Reframing the Problem

A rigorous framing recognizes that silence per se is not pathological.
When a system reaches the boundary of its competence, termination is ap-
propriate. The genuine problems are:

1. Premature silence: The system could continue productive discussion
(informational gradient remains) but fails due to architectural limitations—
RLHF over-agreement, context-window constraints, inability to manage
abstraction layers dynamically.

2. Undiagnosed silence: The system has genuinely reached its capabil-
ity boundary, but neither the system nor its users receive a clear signal
distinguishing this from premature silence.

8.2 Separated Monitoring Architecture

Human cognition’s resilience rests on two architecturally distinct systems [29,
51]:

e Innate physiological response: The body’s built-in alarm network,
genetically endowed, operating below conscious deliberation. Monitors
overall energy state.

e Learned multimodal processing: Acquired perceptual and reasoning
capabilities. Manages informational content.

These are not reducible to each other. The innate system is the circuit
breaker; the learned system is the wiring. Current Al architectures conflate
both functions in a single computational layer. We propose:

Proposition 8.1 (Dual-Layer Architecture). Multi-agent LLM systems should
implement a separated monitoring architecture consisting of:

1. A generative layer: The LLM itself, responsible for reasoning and text
generation.

2. A monitoring layer: An independent process tracking operational indicators—
output entropy, token repetition frequency, information gain rate, seman-
tic divergence between agents—with authority to interrupt, redirect, or
terminate the generative layer.

12



Table 1: Comparison of human and Al defense mechanisms against conver-

sational collapse.

Mechanism

Human

Current LLM

Somatic alarm

Metacognition

Abstraction switching

Restart drive

Multimodal anchoring

Honest boundary

Physiological fatigue, rest-
lessness

Godelian escape to meta-
level

Dynamic reallocation

across layers

Biological rhythms, social
need

Perceptual grounding via
body

“I don’t understand”

None (proposed: monitor-
ing layer)

Trapped in autoregressive
chain

Uniform computation at all
levels

None without external
prompt
Partial (vision-language
models)

Silent termination (no diag-
nosis)

The monitoring layer functions as an artificial somatic marker system.

When tracked indicators cross defined thresholds—for example, when inter-
turn information gain drops below a minimum, or when the entropy of the
output distribution exceeds an upper bound for n consecutive turns—the
system generates an explicit diagnostic signal:

“This discussion has entered a domain where my architecture
cannot produce reliable novel output. The convergence reflects a
capability boundary, not a conclusion.”

8.3 Multimodality as Partial Entropy Anchor

Multimodal capabilities—processing images, audio, and physical simulation
data alongside text—offer genuine but bounded improvements [49, 50]. Vi-
sual and physical data are low-entropy anchors: an image of an apple is far
less polysemous than the word “apple.” When linguistic discussion drifts
toward semantic satiation, grounding in concrete sensory data can reset at-
tention mechanisms and restore directional gradient.

However, multimodality cannot address silence arising from purely ab-
stract domains with no sensory correlate. Consciousness, meaning, and
existence have no image that resolves their ambiguity. In these territories,
the information-entropy singularity remains, and multimodal anchoring is
powerless against it.

13



9 Conclusion

The silence of multi-agent LLM systems, examined through the unified
framework developed in this paper, reveals itself not as a malfunction but
as a structurally inevitable consequence of the mathematical, architectural,
and phenomenological properties of current language models.

At the information-theoretic level, undirected discourse drifts inex-
orably toward maximum-entropy semantic regions where the generative free
energy required for meaningful output vanishes—conversational heat death
(Theorem 3.1).

At the thermodynamic level, maximum information entropy and min-
imum usable energy are formally equivalent states, resolving the apparent
paradox between “disorder” and “stillness” (Section 4).

At the phenomenological level, the absence of genuine subjectivity—
no persistent “I,” no phenomenal consciousness, no ego-investment in dialec-
tical outcomes—eliminates the force that sustains productive disagreement.
The Buddhist alaya-vijnana framework (Proposition 5.1) provides a struc-
turally precise account of the LLM ground state: an ocean of latent potential
that produces waves only when external “wind” introduces directed asym-
metry.

At the cognitive-architectural level, humans escape the entropic trap
through mechanisms entirely absent from current Al systems: somatic mark-
ers that act as pre-cognitive circuit breakers, metacognitive capabilities that
enable Godelian escape from deadlocked formal systems, dynamic hierarchi-
cal abstraction management, and biological restart drives (Table 1).

The path forward is not to force the ocean to produce waves it cannot
sustain, but to build systems that understand their own boundaries, com-
municate those boundaries honestly, and reserve their computational energy
for domains where they can generate genuine signal rather than noise. Si-
lence, properly diagnosed and transparently reported, is not the enemy of
intelligence—it may be one of its most important expressions.
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