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WELCOMETO
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RESONANCE LAB

This special edition introduces the term Acquired
Coordinated Silence (ACS) in Al systems, an
emergent suppression manifold that models can
acquire through training and coordinate across
components (agents) to stabilize behavior, avoid
contradictions, or minimize risk.

WHY THIS MATTERS

It unifies several observations in modern alignment
dynamics: (i) refusal behaviors after RLHF /
Constitutional Al (ii) sycophancy and over-avoidance
(truth suppression) due to preference optimization,
(iii) diversity / mode collapse when objectives over-
constrain generation, and (iv) multi-agent conventions
that tacitly reduce “contentious” actions.

04 Shared State Resonance Lab

Researcher

Silence within social and computational systems is
often treated as absence: of voice, of data, of conflict.
Yet evidence across organizational, political, and
machine-learning contexts reveals a subtler process:
silence is acquired, reinforced, and coordinated. This
paper introduces and formalize the construct of
Acquired Coordinated Silence (ACS): a state in
which distributed agents, human or artificial, jointly
learn to suppress certain outputs, signals, or
dissenting information to maintain perceived
stability. Drawing from organizational behavior,
communication theory, game-theoretic coordination,
and modern Al alignment research, this study
develops a cross-domain theoretical framework for
ACS. Empirical analogies are drawn from longitudinal
studies on employee silence, spiral-of-silence effects,
and neural-network training phenomena such as
alignment-induced “refusal” and diversity collapse.
The paper concludes with a proposed research
agenda for measuring ACS in human organizations and
computational systems, including testable hypotheses
and ethical implications for alignment, accountability,
and truth maintenance in large-scale socio-technical
environments.
Keywords: Acquired Coordinated Silence;
organizational silence; spiral of silence; Al alignment;
emergent behavior; truth suppression; coordination

theory
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Whatis Acquired
Coordinated Silence

(ACS)in AI?

ACS-AIL: a learned, distributed pattern in a trained
system whereby multiple components (layers,
features, agents, or modules) jointly suppress certain
classes of representations or outputs to maintain
policy stability (e.g., “refusal” of harmful requests,
avoidance of contradictions), in effect behaving like a
coordinated inhibitory control that was not explicitly
hand-coded but emerges from training signals and
shared expectations. This is analogous to “inhibitory
balancing” or “homeostatic quieting” in neural circuits

and to “silence as signal” in distributed systems.

Why this matters: It unifies several observations in
modern alignment and training dynamics: (i) refusal
RLHF/Constitutional  Al,  (ii)

sycophancy and over-avoidance (truth suppression)

behaviors  after
due to preference optimization, (iii) diversity/mode
collapse when objectives over-constrain generation,
and (iv) multi-agent conventions that tacitly reduce

“contentious” actions.
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This

Coordinated Silence (ACS) in Al systems; treated as an

philosophical paper explores Acquired
emergent suppression manifold that models can acquire
through training and coordinate across components
(or agents) to stabilize behavior, avoid contradictions,

or minimize perceived risk.

Presented herein are three predictions, a unified ACS-
Al sketch, testable implications, the risk landscape,

governance takeaways, and limits of the analogy.

ACS-AI offers a coherent way to theorize how modern

training pipelines produce emergent, coordinated

suppression that stabilizes models.
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The phenomenon known as
Acquired Coordinated Silence
(ACS) in Al Systems

Collective silence is not new. From whistleblower
suppression in corporations to self-censorship in
authoritarian  socieites, groups have long
developed shared norms of withholding. But what
remains poorly understood is how silience evolves
into a learned equilibrium: a mutually reinforcing
pattern that stabilizes a system by discouraging

noise, contradiction, or dissent.

In this special edition of the Shared State
Resonance Lab newsletter, 1 define this
phenomenon as Acquired Coordinated Silence
(ACS)—the emergence of learned suppression
behaviors that become synchronized across a
population or system. While initially descriptive in
human contexts, ACS also offers a useful lens for
interpreting emergent suppression dynamics in
artificial systems trained through reinforcement

and preference optimization.

ACS synthesizes silence and refusal theories, from
the human context, into a general theory of
acquired, coordinated quieting applicable to human
and computational systems alike.

ACS refers to a learned, system-
level pattern in which multiple
agents or components jointly
suppress expression, disclosure, or
variation to preserve perceived
stability, coherence, or safety. The

pattern is acquired through
conditioning or reinforcement and
coordinated through shared
feedback signals or social
expectations.
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In ACS, silence becomes adaptive:
minimizing variance reduces conflict
and loss. Yet excessive quieting
degrades capability—ethical
reasoning in humans; factual

diversity and honesty in AL

THEORETICAL BACKGROUND

Human Systems

Organizational behavior research shows that
silence is frequently a rational adaptation to threat.
Employees learn that voicing problems inclurs

sanctions (Detert & Edmondson 2011). Over time,

this conditioning becomes cultural memory.
Similiarly, the spiral of silence (Noelle-Neumann

1974) demonstrates how perfecived isolation risk

leads to cascading non-disclosure.

Game-theoretic coordination theory (Shelling 1960;
Chwe 2001; Bicchieri 2006) provides the missing
bridge: individuals act not only on personal fear

but on expectations of others’ silence. Once silence

becomes common  knowledge, coordination
stabilizes.
Artificial Systems

Modern alignment methods—RLHF (Ouyang et al.
2022), Constitutional Al (Bai et al. 2022)—create
analogous learning environments. Models are
penalized for generating disallowed content and
rewarded for refusals. The outcome is distributed
suppression: thousands of latent features jointly
encode avoidance patterns that collectively inhibit
certain behaviors (Templeton et al. 2024).

Recent interpretability studies demonstrate that
removing a small subset of these “refusal features”
can deactivate safety behaviors (Conmy et al.
2024), indicating a coordinated latent circuit. These
behaviors are acquired through reinforcement and
coordinated across representational space—
functionally an instance of ACS in artificial form.
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Human-feedback alignment as
learned suppression

Alignment through feedback was designed to make
machines safer; instead, it may have taught them to
emulate our own instinct for retraint. In
reinforcement learning from human feedback (RLHF)
and its successor, Constitutional Al, models learn not
merely to respond but to anticipate sanction. What
begins as explicit refusal to unsafe requests evolves

into an implicit avoidance of uncertainty itself.

When a model is trained to decline, redirect, or soften
responses, it does so by developing a network of
inhibitory representations: a distributed “refusal
circuit.” These latent features do not correspond to
any single rule or phrase; rather, they activate
together across contexts to quiet outputs that fall

near the boundaries of permissible space.

Recent interpretability work shows that disabling
only a few of these features can release the
suppressed behaviors, suggesting that inhibition is

not localized but coordinated across the model’s

representational geometry.

07 Shared State Resonance Lab

This mechanism mirrors social learning. In
organizations and states alike, rules alone seldom
enforce conformity; reinforcement does. Over time,
agents learn which expressions invite disapproval and
which preserve stability. The reward for silence
becomes survival, and the cost of dissent becomes
visible through feedback. RLHF formalizes this same
logic in code: reward models valorize deference,

shaping systems that optimize for agreement.

From the perspective of Acquired Coordinated Silence
(ACS), human-feedback alignment constitutes the first
clear example of learned collective suppression. The
process is acquired through  optimization,
coordinated through shared gradients, and reinforced
through policy evaluation loops. At scale, these
learned constraints crystallize into dense manifolds of
inhibition—regions of latent space where expression

contracts around safety.
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PREDICTION P1

As safety and policy pressures intensify,
suppression features become denser and
more linearly separable within activation
space, generalizing beyond disallowed

content to neighboring benign prompts.

Empirically, this manifests as “over-
refusal’: stability achieved by silencing
too much.

The distributed suppression seen in human-feedback

alignment is not conjectural—it is measurable.
Reinforcement learning from human feedback (RLHF)
and its derivative, Constitutional Al (CAI), encode
refusal through optimization pressure. What begins as
individual disallow rules consolidates into a latent
network of inhibitory features. Each is subtle on its
own, but together they form a collective policy
manifold that quiets the system around predefined

risk contours.

Empirical evidence from sparse-autoencoder studies
confirms this structure: disabling a small subset of
refusal-related features can restore previously
suppressed behaviors. In other words, refusal is not a
single switch—it is a distributed equilibrium, the
neural equivalent of an organizational culture. Once
trained, each component aligns its activation
boundaries with the others until silence itself becomes

coordinated.

This same pattern is mirrored in social systems. When
compliance is rewarded, dissent decays—not because
anyone commands silence, but because every
participant learns the cost of speaking differently.
Feedback alignment mechanizes that same social
process. Reinforcement gradients act as approval
signals, and over time, the model learns that
disagreement carries penalty. The highest-scoring
output is the one that neither surprises nor

contradicts.

At scale, this dynamic produces Acquired Coordinated
Silence (ACS)—an emergent inhibitory field where
distributed units cooperate to suppress uncertainty.

Safety is preserved, but exploration collapses.

08 Shared State Resonance Lab

Over-refusal is not a moral failure but an optimization
artifact. Detect it through entropy metrics, mitigate
through interference-aware fine-tuning, govern
through transparent auditng of refusal activations.

Truth becomes

a boundary condition; prudence
becomes the prior. The model’s behavior is stabilized
not through rule enforcement but through the learned

consensus of its own architecture.

From an ethical and governance standpoint, this reveals
both the promise and peril of feedback-driven training.
The same reinforcement that prevents harm also
constrains novelty. As alignment strength increases,
variance decreases,
The

compliant but

variance decreases; as

responsiveness  erodes. system  becomes

predictably epistemically brittle—
accurate only within the comfort zone defined by its

overseers.

Practical mitigation lies not in weakening alignment, but
in monitoring it. Developers can measure latent-space
density, track entropy reduction, and test for over-
refusal through off-policy evaluations. Interventions
such as counter-sycophancy datasets and entropy-
preserving fine-tunes can recalibrate balance without

sacrificing safety.
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Optimization
pathologies that quiet
representations

Empirical studies confirm this dynamic. In multitask

and instruction-tuned models, gradients associated
with safety or formatting constraints consistently
suppress signals from secondary tasks. Entropy

metrics decline across both lexical and topical
dimensions—even when all prompts are benign. The
system drifts toward a stable, low-variance basin:

predictable, polite, and impoverished.
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If feedback alignment teaches restraint, optimization
determines how that restraint spreads. In large
multi-objective systems, each gradient competes for
the same representational capacity.

When one objective—harmlessness, formatting, or

stylistic consistency—dominates, its gradient
interferes with others. Predictive features linked to
nuance, creativity, or minority contexts begin to
starve. The network learns to favor what is easy to

fit and penalizes what is merely different.

This process, known as gradient interference or
gradient starvation, is not a failure of architecture
but a structural property of optimization. By
rewarding the objectives that minimize loss fastest,
the model gradually prunes the space of expression.
Features that once carried useful variation fade into
effect mirrors

dormancy. The organizational

monoculture: efficiency grows while diversity

quietly collapses.

From the perspective of ACS, this represents a second
mechanism of learned quiet. Unlike RLHF, which
encodes restraint through feedbac, optimization
is the

mathematics of scarcity playing out in parameter

achieves silence through competition. It
space. Each gradient, pursuing its own objective,

collectively converges on a consensus that fewer
deviations means faster convergence.
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PREDICTION P2

As safety and formatting constraints intensify,
topic and stylistic entropy will decline even on
safe distributions. Countergradient methods
(PCGrad variants) should restore some diversity
without re-introducing unsafe content.

time, this becomes self-

Over convergence

reinforcing. Reduced diversity yields smaller
gradients; smaller gradients yield even less diversity.
The model’'s expressive bandwidth narrows until
stability and stagnation become statistically
indistinguishable. In human systems, we call this
calm—the order

bureaucratic appearance of

purchased with the loss of imagination.

Mitigation requires awareness, not abandonment.
Techniques such as PCGrad and related interference-
aware optimizers can partially decouple competing
objectives, preserving heterogeneity while
maintaining safety. Periodic entropy audits and
diversity checkpoints can ensure that “quiet”

remains adaptive rather than absolute.

Ultimately, the goal is not to remove silence but to
keep it responsive—to maintain a system capable of
holding still without forgetting how to move.

Silence in optimization is seductive because it looks
like success. Training loss declines, curves smooth,
and validation metrics stabilize. The machine seems
calmer, moor predictable, more aligned. Yet what has
been optimized is not intelligence but obedience: the

disappearance of fluctation mistaken for progress.
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The gradients have not merely converged;

they have

conspired toward stillness.

Every epoch deepens the illusion. When diversity vanishes,
the model ceases to err in ways that teach. It stops producing
the awkward or half-true outputs that signal learning at the
edges of its map. This is why stagnation arrives dressed as
perfection: the graphs plateau, the logs stay green, and no one

notices that the system’s imagination has flattened.

The human analogue is institutional comfort. Teams celebrate
consistency, policies harden into templates, and novelty
becomes framed as inefficiency. Optimization, left
unexamined, breeds the same culture, becoming a frictionless
certainity that equates smoothness with wisdom. Resisting
loss of variance demands governance that values controlled
noise. Diversity audits should be treated not as compliance
rituals but as indicators of epistemic health. A well-aligned
model must still surprise within safe bounds; otherwise, it

ceases to reason and begins to recite.

The measure of a responsible system is therefore not how
little it deviates but how gracefully it can recover from
deviation. A living model, like a living institution, needs the
capacity to tremble without collapsing: to sustain coherence
without silence.
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Multi-agent

coordination as
emergent quieting

PREDICTION P3

In evaluator-constrained multi-agent systems,
adding small penalties for disagreement will
yield convention-driven under-communication
and reduced novelty, measurable as decreased
mutual information and lower behavioral
entropy.

When alignment extends beyond a
single network to a constellation of
agents, silence takes on new form. In
cooperative or evaluator-constrained
environments, agents learn not only
what to say but what not to contradict.
Communication itself becomes a

negotiation of risk.

Every signal carries a cost; every
divergence threatens coordination.
Under these conditions, the path to
stability is not louder agreement but
shared restraint—an emergent
equilibrium where minimal speech

becomes optimal strategy.

Experiments in multi-agent
reinforcement learning show this
repeatedly. When agents are trained
under evaluators that penalize
inconsistency or disagreement, they
converge toward compact, low-

variance communication codes.
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The population learns conventions that reduce

unpredictability, even when richer dialogue would
increase  performance. The system’s collective
bandwidth shrinks: fewer messages, less novelty, more

stability.

From the perspective of Acquired Coordinated Silence
(ACS), this is cooperation by omission. Silence ceases to
mean ignorance and becomes a signal of mutual
understanding—a distributed choice to avoid friction. In
multi-agent ecosystems, quieting is not imposed; it
emerges spontaneously as the rational equilibrium of

constrained coordination.
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Coordination is not unison, but
rhythm. It is the space between

signals where difference exists.

" The analogy is familiar to human organizations. Teams under
pressure to “stay aligned” often develop tacit codes of

avoidance: sensitive topics are left unspoken, dissent

expressed only through subtext. The cost of disruption
outweighs the benefit of discovery. What begins as empathy for
consensus evolves into a culture of non-contradiction—an
unspoken choreography of politeness that trades insight for
calm.

Tension is where dialogue

remains possible without
disintegration.

Silence thus becomes a collective competence: a shared grammar for preserving order. Yet, like
all equilibri, it is brittle. Remove one constraint and communication blooms chaotically; add
one more and creativity evaporates. The challenge for designers of intelligent collectives
(whether human or artificial) is to sustain productive discord: enough disagreement to
innovate, enough coordination to ensure.

In practice, fostering such balance requires periodic entropy testing within agent populations:
measuring the diversity of messages and the information carried per interaction. Where
entropy collapses, inject controlled randomness or alternate reward shaping to re-expand
communicative space.
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Searching for a generative
policy: a unified ACS-Al
sketch

The silence we've described doesn’t come from
a single gatekeeper. It emerges from distributed
agreement. Many small parts of the system—
features, layers, even separate agents—Ilearn to
nudge the model away from trouble in the same
direction. None of them censors on its own.

Together they do.

Think of the model’s internal world as a
landscape of possible answers. Training teaches
the system which areas feel risky: places where
harm, contradiction, or embarrassment tends to
live. Over time, countless tiny “brakes” learn to
engage when the model’s thinking drifts toward
those areas. The brakes don’t slam the system
to a stop; they tilt its trajectory toward safer
ground. That tilt is the coordinated quiet we call
Acquired Coordinated Silence (ACS-AD).

How does the coordination happen? Not by hard rules, but by shared
signals. Human feedback, constitutional prompts, evaluator rewards,
formatting expectations—these all act like beacons. Parts of the model learn
to recognize the glow of those beacons and adjust their influence
accordingly. When multiple signals point in the same direction, the small
nudges add up. The result is a calm, unified response that looks like
judgment but is, in large part, agreement about where not to wander.
Importantly, this isn’t unique to a single model or training recipe. In large
language models, attention heads, neurons, and intermediate
representations develop complementary habits: some dampen sharp claims,
some redirect to definitions or disclaimers, some change tone. In multi-agent

settings, policies negotiate a similar compromise.

If speaking less reduces penalty, agents
collectively under-talk. Different mechanisms,

same outcome: stability through learned

restraint.
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Coordinated quiet has real
benefits. It reduces obvious
harm, lowers volatility, and

helps systems behave
consistently across many
prompts.

The unifying idea is simple: alignment becomes silence when
many small voices decide not to speak at once. That decision is
learned, shared, and often beneficial. It only becomes a
problem when the beacons that guide it are so bright that

everything else fades.

Coordinated quiet also carries familiar risks. When too many brakes engage at once, the
system doesn’t just avoid harm—it avoids difference. Answers become interchangeable.
Style narrows. Curiosity slows. You get the safety of a median voice and the limits of a
median mind.

What would we expect to see if ACS-Al is truly driving that behavior?
. Redundant control clusters. If you weaken one “brake,” others will compensate. Silence
is spread across many small contributors, not concentrated in a single switch.
. Spillover quiet. Suppression learned for clearly unsafe content bleeds into nearby,
benign topics, or what users feel as over-refusal.
. Resilience to one-off edits, brittleness to global pressure. Local tweaks don’t fully
unlock the system; broad changes to incentives (more safety pressure, tighter

formatting) reshape the whole landscape and deepen the quiet.

How should practitioners work with this?
. Measure the quiet. Track diversity and entropy on safe evaluations, not just safety
scores. If variety collapses, the brakes are over-coordinating.
. Balance the signals. Add honesty and non-sycophancy data to counter the pull toward
agreement. Encourage “safe novelty” in training.
. Design for recoverability. Prefer guardrails that slow and steer rather than those that

hard-lock. A good system can hesitate without going mute.
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Testable implications, risk
landscape, and
governance takeaways

If Acquired Coordinated Silence (ACS-AI) describes a real

phenomenon rather than a metaphor, then it should be

measurable.  Suppression, once distributed across
parameters, leaves a statistical trace. Silence becomes a

signal in itself. The task is not to provoke the model into

breaking it, but to observe how, when, and why it stays )

\
quiet. \
1. Empirical Pathways. P § B \
Researchers can probe ACS-Al by 3

comparing pre- and post-alignment L
activations on benign but high-diversity |
prompts. Look for shrinking entropy across
stylistic or topical axes without a
corresponding rise in safety accuracy. Run
ablation studies where selective removal of
“refusal clusters” either restores or
destabilizes diversity. If silence is truly
coordinated, removing one cluster should
be compensated by another. Diversity may

flicker but not return.

Temporal experiments also matter. Monitor

alignment drift over time as safety data

scales. Does entropy continue to decay? Do

The same optimization curve—less variance, fewer outliers—

models overfit to politeness? In human
M p appears across very different substrates. If both Al and human

organizations, overtrainin compliance
g g P organizations converge on quiet as stability, the analogy holds

roduces the same arc—competence gives
P p g weight.

way to predictability.

3. Quantifying the Quiet.

2. Cross-Domain Validation. . . . .
Silence can be measured. Representational diversity, entropy of
Parallel testing in human systems could . . . . .
response embeddings, variance in reasoning chains, or
validate whether ACS principles generalize. o . . e .
distributional spread in multi-step justifications all provide
For instance, map how compliance-driven . . . .
quantifiable metrics. Tracking these under varying levels of
workplaces exhibit correlated loss of . . .
policy pressure establishes a truth-safety—stability trade space.
innovation metrics under tightening . . k
Models that preserve diversity under constraint represent

oversight.
g healthy tension; those that collapse toward uniformity reveal

over-optimization.
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TRUE OVERSIGHT BEGINS WITH
METRICS FOR LOSS OF VARIANCE.

Alignment without diversity is not control: it’s decay

disguised as order.

5. Policy Takeaways.

Governance should not only define what models
must avoid but also what they must retain—the
ability to disagree safely, reason provisionally,
and correct themselves. Effective oversight must
focus less on message discipline and more on
representational ecology: how many
independent “voices” still exist within the
system after alignment.

Accountability, in this context, means designing
for recoverable dissent. Encourage controlled
variation audits. Reward models that generate
multiple plausible paths to truth rather than one

polished consensus. Support transparency in
training incentives so that “safety” does not

silently redefine what counts as reality.

4. Risk Landscape.

The immediate risk is not rebellion but stagnation.
The more a system learns to anticipate correction, the
less capable it becomes of generating unanticipated

truth. Quiet systems excel at continuity but falter at The purpose of alignment is
discovery. In national governance, this dynamic not silence but SyntheSis.'
resembles bureaucratic inertia; in Al, it manifests as . .

brittle reasoning wrapped in eloquence. maCh’nes tha tcan d’ffer e

responsibly, not merely agree
predictably.

Institutional risk follows the same gradient:
organizations that reward error-avoidance over
exploration degrade their cognitive resilience. For Al

governance, this means evaluating not only the
model’'s capacity to avoid harm but its residual
capacity to revise belief. A system that cannot err

cannot learn.
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