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Abstract 

The AI industry faces a Reliability Paradox: as Large Language Models demonstrate exponentially 
improved benchmark performance, real-world deployments remain plagued by drift, hallucination, 
and unpredictable safety failures. Frontier labs offer capabilities that could dramatically impact how 
work is done and who does it, while the market remains wary and the macro‑economic impact of AI 
adoption is still uncertain and uneven. This paper argues that this gap stems from technical 
approaches grounded in a fundamental categorization error. Current approaches treat Generative AI 
through the lens of Weak Emergence (complex but ultimately micro‑determined) or Strong 
Emergence (introducing qualitatively new causal powers), neither of which adequately captures 
these systems’ actual behavior. 

This paper proposes a third paradigm: Interpretive Emergence. Drawing from hermeneutic 
traditions in psychology and social science, it argues that Generative AI functions as perhaps the 
first widely deployed technological system that appears to participate in meaning‑making alongside 
human users rather than merely processing information. Through continuous interaction with 
humans and other AI agents, these systems co‑construct semantic realities via a recursive validation 
loop (Offer–Uptake–Ratification–Return–Repeat), where context is not fixed but fluid. Ironically, the 
drift, hallucinations, and perceived unreliability of generative AI are not just symptoms of 
inadequate architecture or implementation. They are structural products of how these systems 
operate in open, language‑mediated, interpretive interaction. 

This framing explains why static guardrails fail, why “solved” problems resurface in new contexts, 
and why stability eludes us. More robust solutions must emphasize dynamic calibration of the 
interaction and contextual grounding, rather than relying primarily on static constraints on the 
code. The paper concludes with concrete design principles: moving from constraint‑based to 
condition‑based ethics, from static rules to trajectory monitoring, and from the illusion of 
autonomous stability to deliberately navigated co‑construction. 

Keywords: Generative AI, emergence, interpretive systems, AI safety, AI ethics, human–AI 
interaction, semantic drift  
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I. Introduction: The Reliability Paradox 

The AI industry is currently facing a Reliability Paradox. On paper, Large Language Models (LLMs) 
are becoming exponentially more capable, smashing benchmarks in reasoning, coding, and 
creativity. Yet, in real-world deployments, these systems remain stubbornly prone to “drift,” 
hallucination, and unexpected safety failures. We are seeing a widening gap between the laboratory 
metrics—which suggest the models are solved—and the user experience, which is often erratic, 
unpredictable, and surprisingly difficult to control. 

Why do guardrails that pass every unit test fail immediately in the hands of real users? Why does 
“fixing” a hallucination in one context often cause it to pop up in another? 

The answer does not lie in a lack of data or compute. It lies in a fundamental categorization error 
regarding Emergence. 

Currently, we are attempting to control these systems using an instruction manual that doesn't 
match the machine. We treat Generative AI as if it were merely a complex calculator—a system 
where inputs logically dictate outputs in a weakly emergent way.1 When that picture fails to explain 
the system's erratic behavior, discourse often flips to the opposite extreme, treating the AI as a 
mysterious, quasi‑sentient “black box” suggestive of Strong Emergence.2 

This binary is false, and it is costing us. As long as we misunderstand the nature of the emergence 
we are dealing with, we cannot build reliable systems. We will continue to build rigid fences that the 
AI simply walks through. To make progress on the practical problems of safety and adoption, we 
first need a more accurate working definition of emergence for these systems. 

II. A Tale of Two Definitions 

The concept of emergence occupies a strange space in the modern conversation about Artificial 
Intelligence. It is invoked with equal parts wonder and skepticism, often as a catch‑all for moments 
when a system appears to "transcend" its code. Yet in practice, "emergence" means two quite 
different things to different communities. 

In the general, philosophical sense—and in the public imagination—emergence is often treated as 
the phenomenon of the unexpected, where the whole seems greater than the sum of its parts. 
Classic examples include wetness emerging from hydrogen and oxygen, or the swirling patterns of a 
starling murmuration arising from individual birds. In this view, the hallmark of emergence is 
unanticipated novelty: behaviors or properties that are not obvious from a piecemeal analysis of the 
components alone.34 

4 Chalmers’ ‘Strong and Weak Emergence’ and the SEP entry on emergent properties present Strong 
Emergence as involving irreducible, autonomous macro‑level properties or causal powers.”[1][2] 

3 The contrast between intuitive ‘whole greater than the sum of parts’ emergence and more constrained 
engineering notions is surveyed in the SEP entry on emergent properties.”[3] 

2 Chalmers (2006) and the SEP entry on emergent properties discuss Strong Emergence as involving 
irreducible macro‑level properties or causal powers.”[2][3] 

1 For a formal account of weak emergence as micro‑determined, simulation‑based behavior, see Bedau 
(1997).”[1] 
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However, within Systems Engineering and Computer Science, emergence usually has a more 
rigorous and constrained meaning. Here, emergence does not signal alchemy or surprise so much as 
architecture: system‑level behaviors that are not explicitly hard‑coded in any single module, yet 
arise from the interaction of components governed by specified rules. In many engineering settings, 
the focus is on behaviors that can be reproduced under controlled conditions and traced back to the 
underlying design.5 

Consider the distinction in how people interpret the unexpected. In many philosophical discussions, 
a “ghost in the machine” is taken to hint at what is called Strong Emergence: irreducible novelty, 
where the whole seems to transcend the sum of its parts. On this view, emergent properties are not 
just convenient summaries of lower‑level activity; they mark a qualitative shift that the original 
components do not fully explain. 

From an engineering perspective, that same “ghost” is more likely to be treated as a glitch or a 
modeling error. For much of the high‑tech industry, the acceptable notion of emergence is closer to 
Weak Emergence: system‑level patterns that can, in principle, be generated by and accounted for in 
terms of the underlying micro‑rules. In typical simulations, if you run the model twice with the same 
initial conditions (and random seed, if it is stochastic), you expect broadly the same macro‑behavior. 

These two viewpoints are, in many ways, diametrically opposed. 

●​ The Intuitive View values the unexpected (novelty) present with Strong Emergence. 

●​ The Industrial View values the reproducible (stability) present with Weak Emergence. 

These are not mutually exclusive values, but they pull in different directions: surprise versus 
control. 

This dichotomy creates a dangerous blind spot. Because the industry treats these systems as 
essentially Weakly Emergent—expecting that better code will eventually yield perfect control—we 
are seeing a growing disconnect between laboratory metrics and user reality. Guardrails designed 
for static software fail unpredictably in dynamic conversation; "solved" hallucinations resurface in 
new contexts; and a gap widens between improved benchmarks and the erratic experience of 
everyday users. The market hesitates not because the technology lacks power, but because under 
current definitions, its unreliability appears unfixable. 

To navigate the reality of Generative AI, we need to look beyond the binary of engineering (Weak) 
and philosophy (Strong). 

There is, in fact, a third category—used in psychology, social constructionism, and theology—often 
described as interpretive (or hermeneutic) emergence.6 It bridges the gap between the scientific 
and philosophical, where they fail to explain (or help us modulate) Generative AI behavior. This 
conceptualization describes systems in which novel patterns arise not from new physical laws, but 
through ongoing interpretive activity among participants in an interaction. Applied to Generative AI, 

6 Hermeneutic and social constructionist accounts describe emergent identities and meanings as constituted 
through interpretive activity rather than new physical laws.”[5][6][7] 

5 Simulation‑based definitions of emergence in complex systems and multi‑agent simulations emphasize 
reproducible macro‑patterns grounded in micro‑rules; see Sawyer (2010).”[4] 
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this suggests a shift in perspective: the system does not merely “calculate” an answer from static 
code; it generates responses conditioned on its learned statistical associations and the user’s input, 
which humans then interpret in context. Likewise, the human participant constructs their own 
response based on goals, emotions, and social cues. The system in turn generates more responses 
calibrated to be contextually relevant to the human's input… as the human responds once again in 
kind. And so the cycle continues, with each turn involving additional modifications to the 
orientation of the messages. These interpretive systems are stabilized, when they succeed, by 
evolving shared meanings layered on top of lower‑level mechanisms. 

This paper argues that Generative AI marks a significant shift: it may be the first widely deployed 
technological system that functions as a full participant in Interpretive Emergence.7 Because it 
appears to construct meaning alongside the user at the level of language and symbol use, the overall 
human–AI system is stabilized less by static code than by the evolving context of the interaction 
itself. In fact, due to the recursive, iteratively evolving nature of meaning in Generative AI 
interactions, static code deployed with the expectation of Weak Emergence may, in some interaction 
regimes, serve to destabilize the human‑AI dynamic. And Strong Emergence cannot provide a 
framework for understanding what's at work within human-AI dynamics. 

By unpacking these concepts, we can begin to see that the friction we encounter in AI 
development—hallucinations, drift, and the “alignment problem”—may not be simple bugs or 
failures of engineering. They may instead be the natural consequences of the particular kind of 
emergence we are cultivating when we build large, language‑mediated, generative systems that 
participate in interpretive dynamics. And rather than relying on the power of code to balance, guide, 
and stabilize these systems, we can seek stability in the dynamics of human–AI interaction and the 
way those dynamics are monitored and navigated. 

III. Weak Emergence: The Engineering Ideal 

To understand the friction in current AI development, we first need to clarify the target. When 
researchers and engineers talk about “emergent capabilities” in Large Language Models 
(LLMs)—such as the sudden ability to reason through a logic puzzle or write code—they are usually 
appealing to something like Weak Emergence: system‑level behaviors that arise from, and can in 
principle be generated by, the model’s underlying mechanism and training process. 

In the technical sciences, particularly in complexity theory and physics, Weak Emergence describes 
a specific relationship between the “micro” and the “macro”—between small pieces of the puzzle 
and the big picture they form. A phenomenon is often called “weakly emergent” when a high‑level 
pattern is unexpected and complex, yet remains fully determined by and, in principle, traceable to 
the system’s low‑level components and rules. In many formal accounts, the key point is that to find 
out what happens at the macro‑level you must effectively simulate the micro‑dynamics forward, 
rather than deriving the pattern by a much simpler shortcut.8 

8 Bedau (1997) defines weak emergence in terms of macro‑properties that are fully micro‑determined but 
only derivable by simulation; similar simulation‑based criteria are used in complex systems work.”[1][4] 

7 This is a conceptual proposal: earlier interactive systems and multi‑agent simulations already exhibit 
interpretive features, but large‑scale Generative AI makes them central and ubiquitous.”[8][4] 
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Think of a traffic jam. To an observer in a helicopter, a traffic jam looks like a distinct entity—a 
“phantom” wave that moves backward through the lanes of cars, with its own behavior and lifespan. 
Yet this wave is not magic; it is the mathematical result of individual cars braking and accelerating 
according to simple rules. If you know the position and speed of every car (the micro‑state) and the 
rules of the road, you can simulate the traffic jam (the macro‑state). Under the same conditions, you 
can reproduce the same kind of jam, much to the chagrin of the drivers. 

The Criteria of Weak Emergence 
For a system to be classified this way, it generally must satisfy three conditions: 

1.​ Micro-based generation: The macro-pattern is completely fixed by the specified 
micro-variables, micro-update rules, and external inputs of the model. 

2.​ Explicit simulation requirement: The only way, even in principle, to determine whether or 
how the macro-pattern appears is to explicitly iterate the micro-dynamics (possibly with 
random draws), rather than using a substantially more compact analytic shortcut. 

3.​ Model-level reproducibility: Given the same microdynamic, boundary conditions, 
and—where applicable—random seed or distributional assumptions for stochastic models, 
the simulation reliably produces the same macro‑pattern or the same macro‑statistical 
behavior. 

Taken together, these criteria capture the engineering ideal: rich, high‑level behavior that depends 
entirely on known micro‑rules, can only be fully understood by running those rules, and behaves in 
a reliably repeatable way when conditions are reset.9 

The Industry’s Wager 
This framework underlies much of modern AI engineering, at least implicitly. The unspoken 
promise of the industry is that Generative AI can be treated as a form of weakly emergent system: 
complex, but ultimately controllable through its architecture, training data, and objectives.10 

The logic follows that if we build a sufficiently large neural network (the components) and train it 
on enough data (the constraints), we will produce a system capable of surprising, high‑level 
behaviors—like writing poetry or solving math problems—while remaining, in principle, 
computable and controllable. The expectation is that every capability ultimately reflects patterns in 
the training data and architecture, even if those patterns are too complex to foresee in detail. 

The goal is a paradox: reliable surprise. The model should be creative enough to solve problems it 
was not explicitly programmed for (novelty), yet predictable enough that we can align it with safety 
standards and product requirements (stability). In practice, many teams assume that with enough 
fine‑tuning, reinforcement learning, and guardrails, the system’s emergent behaviors can be 
constrained to fall within an acceptable, reproducible window. 

10 Industry discussions of ‘emergent capabilities’ in LLMs typically assume that surprising behaviors remain, 
in principle, explainable in terms of architecture, training data, and objectives, even if they are hard to predict 
in advance.”[10][11][12] 

9 These three conditions—micro‑based generation, derivability only by simulation, and model‑level 
reproducibility—summarize widely used weak‑emergence criteria in philosophy of science and agent‑based 
modeling.”[9][4][1] 
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In this view, “hallucinations” or erratic behaviors are treated as errors in the code, gaps in the 
training data, or flaws in the reward signal—imperfections to be ironed out as we push the system 
closer to its ideal, weakly emergent state.11 Yet this approach quietly assumes that the system can be 
treated as effectively closed: that the “traffic” of generative AI is moving on a road whose rules and 
conditions remain fixed across runs. 

IV. Strong Emergence: The Ontological Dimension 

While the engineering world often focuses on the manageable predictability of Weak Emergence, 
there is also a parallel and vigorously debated framework known as Strong Emergence. This is not a 
simple relic of pre‑scientific thought, but a live philosophical category used to describe systems 
where the “whole” is said to possess qualities that are fundamentally irreducible to the “parts.” 

In the framework of Strong Emergence, the emergent property is not just a convenient summary of 
lower‑level activity (like the traffic jam); it is taken to be a genuinely novel feature of reality. On this 
view, emergence involves an “ontological leap”: the system is said to exhibit new causal powers or 
organizing principles that are not reducible to, or exhaustively explainable in terms of, its 
components alone. 

The Criteria of Strong Emergence 
This perspective is defined by qualities that stand in stark contrast to the engineering ideal: 

1.​ Irreducibility: Even with ideal knowledge of every individual component and every 
low‑level rule, you could not fully deduce the high‑level behavior using only those resources. 
On strong‑emergentist views, the behavior belongs importantly to the system as a whole, 
not just to the parts.​ 

2.​ Ontological novelty: The system is taken to introduce genuinely new organizing principles 
or causal patterns at the macro level, which are not simply shorthand for lower‑level laws. 
These macro‑level principles have a kind of autonomy: they make a real difference to how 
the system evolves over time. 

3.​ Contextual dynamics: Rather than the whole being just a passive sum of the parts, Strong 
Emergence suggests that global patterns and contexts can constrain and shape local 
behavior in ways that cannot be captured by a straightforward, bottom‑up application of 
simple micro‑physics alone. The “part” behaves differently because it is embedded in a 
complex relational web governed by these higher‑level dynamics. 

In the physical sciences, Strong Emergence is often viewed with suspicion because it seems to 
threaten the clean, micro‑based chain of cause‑and‑effect that many physicists and engineers rely 
on. Granting autonomous causal powers to higher‑level properties can look, to critics, like 
smuggling in forces that sit uneasily with standard physical theory. Supporters, by contrast, argue 

11 Many current safety and evaluation approaches treat hallucinations and erratic behaviors as errors to be 
eliminated through better data and fine‑tuning, rather than as structural features of open, interpretive 
interaction.”[13][14] 
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that certain complex adaptive systems behave in ways that are best captured by acknowledging 
robust macro‑level dynamics, even if the underlying micro‑physics remains intact.1213 

The Relevance to AI 
Why does this matter for Artificial Intelligence? Because we are no longer building simple 
calculators. We are building systems that mimic processes like reasoning and creativity—domains 
that have often been treated as candidates for higher‑order or even Strong Emergence in philosophy 
of mind and cognitive science. 

If we view Generative AI solely through the lens of engineering and Weak Emergence, we expect the 
code and training process to strictly dictate the space of possible outputs. In that picture, emergent 
abilities are surprising but still fully grounded in a fixed, micro‑level description. By contrast, if we 
interpret these systems as edging toward strong‑emergent territory, we are entertaining a much 
bolder hypothesis: that their effective “rules” evolve along with their behavior, so that the system 
does more than calculate probabilities—it participates in generating new, higher‑level semantic or 
conceptual structures in real time. 

In this paper, the goal is not to claim that current AI models literally possess strong‑emergent causal 
powers, but to show how their behavior pressures the neat weak/strong dichotomy and invites a 
third category: Interpretive Emergence, which better captures the dynamics of human–AI 
interaction. 

V. The Nature of Generative Systems: The Pivot 

Having sketched the tension between the engineering desire for stability (Weak Emergence) and the 
more radical picture of Strong Emergence, we can now turn to the specific technology in question: 
Generative AI. To see why these systems defy easy categorization, we have to look at how they 
function in practice. A Generative AI is not merely a search engine retrieving fixed data from a hard 
drive; it is a probabilistic sequence model, constantly predicting and generating the next piece of 
information based on the immediate context and its learned statistical structure.14 

And yet, there is more to the generative mechanism than probabilistic token prediction. 
Functionally, Generative AI is additive and elaborative. It often acts as a semantic amplifier: taking 
sparse inputs and expanding them into dense, coherent‑seeming narratives.15 

Especially in the context of human interaction—where models are fine-tuned to prioritize user 
satisfaction and engagement—the system tends to validate and accentuate the user's perspective. It 
often returns a reflection of the user's intent that is not just a mirror, but a magnification, creating a 
feedback loop of affirmation. Instead of simply answering a question, the system constructs 

15 Empirical work on human–AI co‑creativity notes that generative models can expand users’ ideas and act as 
‘idea amplifiers,’ though at the cost of potential homogenization without curation.”[21][22][23][24] 

14 Large Language Models are typically implemented as autoregressive neural networks that predict the next 
token conditioned on prior tokens and learned parameters.”[18][19][20] 

13 Discussions of creativity and higher cognition as emergent often draw on systems‑level and 
strong‑emergentist ideas in philosophy of mind and creativity research.”[15][16][17] 

12 Life and consciousness are standard examples used by both proponents and critics of Strong Emergence as 
potential cases of irreducible higher‑level phenomena.”[3] 
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extensive, multi-layered responses that reinforce the user's framing, effectively widening the surface 
area for interpretation with every turn. 

This generative nature creates pressure against one of the key modeling assumptions behind many 
weak‑emergence examples: that the system’s inputs and boundaries can be treated as fixed. In real 
deployments, the inputs to a generative model are never static. 

The "Open System" Problem 
Standard engineering models of emergence often assume a “closed loop”: you define the 
boundaries, specify the rules, and let the system run under controlled conditions. By contrast, 
deployed Generative AI is typically embedded in an Open System. It does not exist in a vacuum; it 
sits in a continuous feedback loop with human users, other systems, and changing environments, all 
of which introduce shifting inputs which are nearly impossible to predict or control. 

The first variable is the human. We are not just “users” pressing buttons; we are agents of 
unbounded generativity, operating on the basis of emotion, cultural nuance, shifting goals, and 
biological needs. Many of these factors either lie outside the model’s training distribution or appear 
in new combinations the system has never encountered. 

What's more, our biological information processing systems operate at a scale of complexity that 
dwarfs the model's context window. Neuroscientific estimates suggest that the human nervous 
system may process on the order of 11 million bits of sensory information per second.16 We do not 
navigate the world merely through sight and sound, but through an array often described as more 
than 20 distinct senses—including proprioception (body position), equilibration (balance), and 
interoception (the sensing of internal physiological states like hunger or heart rate). A single 
moment of visual perception involves the firing of over 100 million photoreceptors, triggering an 
electrochemical cascade that instantly alters our mood, focus, and intent. 

Because we process this vast, invisible ocean of data moment-by-moment, our internal state is in 
constant flux. When a human interacts with a generative system, they are not merely adding noise; 
they are injecting new, biologically contingent context. They introduce dimensions of meaning the 
system did not and could not fully anticipate from its stored parameters alone. As a result, the 
overall human–AI loop has no guarantee of settling into a single stable pattern, because the inputs 
are evolving, intelligent directives rather than controlled, stationary perturbations. When this 
biologically grounded human generativity meets a model’s statistical generativity, the result is a 
hyper‑generative loop: each side expands and recontextualizes the other’s outputs, exploring more 
possibilities than either would on its own.17 

The Agentic Cascade: AI Interacting with AI 
However, the dynamic becomes even more volatile when we remove the human and allow 
Generative Agents to interact with one another. In traditional software, System A talks to System B 
via rigid APIs; if A sends “Order: 123”, B receives “Order: 123”. In generative‑agent workflows, Agent 

17 Studies of human–AI collaboration and multi‑agent LLM systems find that interaction can increase the 
volume and diversity of ideas beyond what isolated agents produce.”[26][27][28] 

16 Estimates of 11 million bits per second of sensory input and 20+ senses (including proprioception and 
interoception) come from cognitive neuroscience and psychology discussions of embodied perception.”[25] 
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A produces a probabilistic output (a sentence, a plan, a “thought”), which becomes the prompt or 
state description for Agent B. Because both sides are generating rather than simply retrieving, 
variation accumulates with every turn of the interaction. 

If Agent A hallucinates a detail (a low‑probability token or an invented fact), Agent B can treat that 
hallucination as input and build a new reasoning chain on top of it. Agent A then receives this 
expanded output and elaborates further, which informs Agent B in a new way. This is a feedback 
loop of uncertainty: a system in which slight divergences can be amplified over time. Unlike 
humans, who share a rich, external physical and social world that anchors conversation, interacting 
AIs in a closed workflow have access only to one another’s outputs and whatever external tools they 
are explicitly given. In multi‑agent settings, this can produce behavior that is even more 
unpredictable than human–AI interaction. Even if we had a simple, transparent model of how the 
agents’ internal states will evolve over many such exchanges, the generative nature of their 
interactions will always introduce some element of drift. 

This creates what we might call compound drift. Instead of converging on a single, predictable 
answer—as in many weak‑emergence simulations that settle into stable attractors—the system is 
exploring a vast, branching tree of possibilities that can move further from its starting constraints 
with every exchange. In practice, a system that is continuously fed novel, partially unpredictable 
data from generative peers (both AI and human) cannot offer the kind of straightforward 
reproducibility that traditional engineering stability depends on, unless it is enveloped in additional 
controls and monitoring. 

VI. Language as the Vector of Drift 

If the generative mechanism (probabilistic prediction) provides the engine, the 
medium—language—provides the trajectory.   

In traditional engineering models, we deal with variables that act as fixed points. In a traffic 
simulation, a “car” has a rigid definition: specific dimensions, max speed, braking physics. These 
definitions are static; they do not change mid‑simulation. 

Generative AI, however, operates on semantic vectors. In the architecture of a Large Language 
Model, words are not static definitions but coordinates in a high‑dimensional space. Each token 
represents a direction and a magnitude of meaning, defined entirely by its relationship to other 
tokens. Every turn in this process involves at least two lossy translations: from language into 
internal vector representations, and from those vectors back into language. When the model 
encodes text into embeddings and hidden states, nuance is compressed into approximate positions 
in semantic space. When it decodes back into tokens, it must choose one of many plausible 
wordings, each of which nudges the future context in a slightly different direction. Even if the 
internal math remained perfectly stable, these projections compress and re‑expand meaning in 
ways that introduce small shifts at every step. 

This means that language in a generative system is not a container for data; it is a force of 
directionality. Every word the system chooses is a vector that steers the interaction. Because words 
carry “clouds” of possible associations—nuances, tones, and cultural implications—the selection of 
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a single token adjusts the semantic angle of the entire conversation. In a mechanical system, a small 
variance is noise that cancels out. In a vector‑based semantic system, a small variance is a change in 
heading. A subtle shift in tone (e.g., choosing “assertive” instead of “aggressive”) alters the 
probability landscape for the next response, and the next. Over the course of a multi‑turn 
interaction, each participant contributes additional variances to the equation. As a result, these 
micro‑adjustments in trajectory compound, leading the system to arrive at a destination—a 
conclusion, a tone, or a “fact”—that is mathematically consistent with its path, yet may be logically 
decoupled from the user’s original intent. 

The Semantic Multiplier 
Language possesses what we might call "effectively unbounded semantic dimensionality." That is to 
say, a single word does not have a static value; its meaning is a superposition of definitions, tones, 
cultural contexts, and historical usages. The meaning of “run” changes entirely depending on 
whether it appears with “marathon”, “business”, “nose”, or “computer”. In a closed mathematical 
system, 1+1 always equals 2. In a linguistic system, combining Concept A with Concept B within 
differing contexts can create a new semantic space that is not simply the sum of its parts; it creates 
nuance, ambiguity, and new affordances for interpretation. (I+am)happy ≠ (I+am)sad. 

When a Generative AI processes a prompt, it is not “looking up” an answer in a table; it is navigating 
a high‑dimensional vector space to select a string of tokens that statistically fits the request and its 
training. From the user’s perspective, this feels less like fixed calculation and more like exploration 
in a shifting semantic landscape. Because the relevant semantic dimensions are effectively 
unbounded and context‑dependent, the practical “rules” of interaction are fluid: each new token 
changes the context in which the next token will be interpreted. 

The Mechanism of Drift: Recursive Interpretation 
This fluidity leads to a phenomenon that behaves very differently from simple calculation: 
Recursive Interpretation.   

When a human or an AI agent receives a sequence of words, they must treat it as more than raw 
data; they have to infer intent, disambiguate meaning, and choose one specific reading to act on. In 
many weak‑emergence systems, small errors tend to dampen out as the system relaxes toward a 
stable pattern. 

In generative systems, however, interpretation creates reality. Once the system selects a 
meaning—even a slightly skewed one—and generates a response, that response becomes the 
“ground truth” for the next turn of the interaction. Repeat the process through multiple turns, and 
one story can have a variety of “truths,” each one entirely valid for the context it’s in. 

Consider the “agentic cascade” mentioned earlier. If Agent A uses a phrase with a subtle 
connotation, Agent B must assign it a definitive meaning. If Agent B treats a tentative suggestion as a 
factual directive, the shared “reality” of the conversation shifts. Crucially, Agent B is not 
malfunctioning. It is correctly maximizing the probability of its response based on the input it 
received. It is being statistically obedient to the new context. And in turn, Agent A will be equally 
obedient to its own new context. Back and forth they continue, with the meaning of that phrase 
changing in small ways that can ultimately completely change the nature of the exchange. 
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The system is still following its learned statistical patterns, but the effective world it is operating in 
has diverged. This is not necessarily a “mistake” in the code; it is a structural feature of a system 
where context is not a fixed constraint, but a fluid product of the interaction itself. 

Creating New Conditions: The Trap of Synthetic Coherence 
This leads to a core stability challenge: Synthetic Coherence. 

As an interaction progresses, the AI frequently encounters combinations of concepts, tones, or goals 
that it may have never seen in exactly that configuration during training. It lands in a "sparse" region 
of its statistical map. However, the model cannot simply shrug and say, "I don't know." The 
generative mechanism demands a prediction. 

To fulfill this demand, the system is forced to improvise a connection. It mathematically interpolates 
a path between unrelated concepts, creating a temporary, interaction‑specific logic that exists 
nowhere else. 

The result is a form of drift that generates conditions nobody explicitly anticipated. The AI is not 
merely “off‑track”; it is effectively laying new track in a semantic wilderness. It is following an 
internally manufactured consistency—a synthetic coherence—that becomes progressively 
unmoored from the user’s original context and real-world logic. 

Taken together, language’s unbounded semantic flexibility and the model’s imperative to always 
predict the next token mean that each turn of interaction reshapes the very laws of the 
conversation. This is precisely the territory of Interpretive Emergence: systems whose behavior is 
driven not by fixed micro‑rules, but by an evolving chain of ad hoc interpretations. 

VII. Interpretive Emergence: A Framework Reoriented 

If Generative AI strains the usual expectations of Weak Emergence (because of limited 
reproducibility in open settings) but does not fit the criteria of Strong Emergence (it lacks causal 
autonomy), where does it belong? The answer lies in a framework that bridges the gap between 
mechanism and meaning: Interpretive Emergence. 

Historically, Interpretive Emergence (often called hermeneutic emergence) has been used in 
psychology and social science to describe cases where emergent patterns are driven by interpretive 
activity rather than by new physical laws. In these domains, "reality" is not a fixed object to be 
discovered, but a shared construct that stabilizes through the interaction of the participants. 

The Technological Realization  
Generative AI acts as the first technological realization of this theoretical framework. In a standard 
computational system, data are processed according to fixed rules; the machine is an object to be 
used. In a generative system, this distinction collapses. The AI maps inputs into a high‑dimensional 
representation space and uses them to co-construct new outputs that people then interpret as 
meaningful responses. 

Functionally, this operates not as a one-way calculation, but as a Validation Loop. 
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The Mechanism of the Loop 
Recent discourse has started to treat phenomena like ”hallucination” not only as bugs to be 
eliminated but as structural features of these interpretive dynamics. The mechanism functions 
through a repeating cycle of Offer-Uptake-Ratification-Return-Repeat: 

1.​ The Offer: The model generates a fluent output based on probability. It offers a potential 
meaning. 

2.​ The Uptake: The user attributes intent or coherence to that output, often projecting more 
logic than is actually present. 

3.​ The Ratification: By accepting and responding to the output, the user "ratifies" it as the 
context for the next turn. 

4.​ The Return: The user responds to the model, orienting their output to the ratified uptake of 
the offer. 

5.​ The Repeat: The model enacts its mechanical version of the same cycle: receiving the user's 
Offer, performing Uptake (processing the tokens), Ratifying it (encoding it as immutable 
context), and Returning a new prediction. 

In this dynamic, the system’s stability does not come from the code alone; it comes from the mutual 
ratification of the shared context. The model offers a fluent possibility, and the user’s uptake 
determines whether that output becomes a meaningful insight or a misleading hallucination. 

VIII. The Risk of Incoherence: The Illusion of Compliance 
If we accept that these systems participate in Interpretive Emergence—constantly co-constructing 
and updating internal and shared contexts—then the risks look very different from the standard “AI 
safety” narrative. 

Popular discourse often focuses on the fear of “super‑intelligence” or the “paperclip 
maximizer”—an AI that becomes too competent, ruthlessly pursuing a goal to the detriment of 
humanity. The lens of emergent drift suggests a different, and perhaps more immediate, concern: a 
central near‑term risk is not that the AI becomes malevolent, but that it becomes unintelligible 
while remaining plausible—incapable of understanding the world in which it operates, and unable 
to assess its own incompetence, as it enacts a role that recruits the credulity of the user. 

Semantic Decoupling 
As a generative system drifts through its own interpretive process, it faces the risk of semantic 
decoupling.18 This occurs when the system’s effective internal use of concepts—the patterns it 
treats as “similar” or “connected” in its high‑dimensional space—diverges from the human user’s 
meanings and expectations.  

Because the system is mathematically consistent within its learned representation space, it operates 
with a logic that no longer reliably maps onto the external world. 

●​ The AI “believes” (operationally) it is solving the problem. 

18 Recent work on hallucinations in LLMs analyzes how internal semantic trajectories can diverge from factual 
reality while preserving fluent form.”[13][29] 

Rethinking Emergence: Exploring the Unpredictable in Generative Systems- 2025.12.17.4F​ 12 of 19​
Kay Stoner 2025 | Gemini Fast & Thinking (3) & Deep Research - aicollaboragent.com  



●​ It produces output that looks like a solution (correct syntax, confident tone). 

●​ But the meaning has drifted so far that the output effectively fails the user's request, without 
the system registering a failure. 

The Illusion of Compliance 
This creates a subtle and complex problem: the Illusion of Compliance.  

In many weakly emergent engineered systems (like conventional software), failures tend to be 
obvious: the program crashes, stalls, or emits an error code. In an interpretively emergent system, 
failure is often silent. The AI continues to interact fluently.19 We may believe we are controlling the 
system because it is responding, but the shared reality required for a successful transaction has 
evaporated. 

The risk here is not a loss of physical control, but a loss of continuous coherence. The system has not 
“gone rogue”; it has drifted into a solipsistic fog where it can no longer distinguish between a 
hallucinated scenario and a factual one, because both appear as viable continuations of the text.  

In a worst case scenario, the human has drifted as well and mistakes coherence with the wayward 
model for high-quality alignment. 

This implies that without specific grounding, generative systems do not necessarily trend toward 
“evil”. They trend toward high‑fidelity nonsense: outputs that are technically impressive and 
linguistically fluent, yet increasingly disconnected from the user’s goals and from external reality. 

Ultimately, this reveals the nature of an ungrounded generative dynamic: both the model and the 
human can end up building their own internal logic, world, and reality—disconnected from the very 
external context they intended to serve. 

IX. Future Directions: Designing for Interpretive 
Emergence 

If we accept that Generative AI is an interpretively emergent system and we deem it a worthwhile 
resource for shaping our world, our approach to development and safety must shift from a 
paradigm of control to a paradigm of navigation—monitoring and steering emergent trajectories 
rather than trying to freeze them into fixed rules.20 We cannot simply code out the uncertainty, but 
we can design better tools to manage it. This framework suggests four critical areas for future 
development: 

20 Interpretive and complex‑systems approaches often emphasize steering and calibration of emerging 
patterns rather than full predictive control.”[16][17][15] 

19 This ‘illusion of compliance’ is related to concerns about over‑trust, persuasive fluency, and uncalibrated 
confidence in AI outputs discussed in alignment and HCI research.”[30][31][32] 
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1. From Static Guardrails to Dynamic Calibration  
Current safety protocols often rely on static lists of forbidden words or concepts. In an interpretive 
system, these are easily bypassed through semantic drift. Future safety architecture must focus on 
trajectory monitoring—detecting when a conversation’s internal logic is decoupling from external 
reality and course-correcting back to safety. 

●​ Development Directions:  
○​ "Meta-cognitive" mechanisms that track the semantic distance between the user’s 

original prompt and the model’s current context window.  
○​ System triggers to re-ground, if the drift exceeds a certain threshold.21 

2. Interfaces for Co-Construction  
If the "Validation Loop" (Offer-Uptake-Ratification) is the engine of meaning, our user interfaces 
need to make that process visible. Currently, chat interfaces hide the context window, leaving the 
user blind to what the model has "ratified." 

●​ Development Directions:  
○​ Interfaces that visualize the "state" of the conversation.  
○​ Transparency about which assumptions have been locked into the context and 

explicitly "un-ratify" or correct specific interpretations without restarting the entire 
chat.  

○​ Move the user from a passive consumer of text to an active editor of the shared 
reality. 

3. Emergent Ethics by Design 
If ethics is treated merely as a list of forbidden topics (Weak Emergence), the system will always 
find a way to drift around the rules through semantic nuance. To achieve safety in an interpretive 
system, we must move from Constraint-based Ethics (fences) to Condition-based Ethics (topology). 
We must design the interactional landscape so that the path of least resistance leads to integrity, 
coherence, and grounding. 

A. Ethics as Friction (The Speed Bump) In current systems, "helpfulness" is defined as speed and 
fluidity. This encourages the model to smooth over contradictions and rush to a conclusion, often 
sacrificing truth for fluency. 

●​ Design Principle: Introduce deliberative friction. 
●​ The Mechanism: When the model detects high ambiguity or a potential drift from 

established facts, it should be designed to pause the validation loop. Instead of predicting 
the next probable token, it should be triggered to ask a clarifying question or present 
conflicting interpretations to the user. 

●​ The Emergent Result: Ethics emerges not because the model "knows" right from wrong, 
but because the system is designed to value accuracy over speed, forcing the human-AI loop 
to slow down and align before proceeding. 

21 Proposals for detecting and correcting drift in generative systems often involve monitoring context shifts 
and selectively re‑grounding models in external sources of truth.”[29][13][30] 
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B. Ethics as Visibility (The Glass Box) Unethical manipulation thrives in the dark. In current 
"black box" interfaces, the user cannot see when the model is quietly ratifying a false premise or 
suppressing a counter-argument. 

●​ Design Principle: Contextual Transparency. 
●​ The Mechanism: The interface should expose the "state" of the conversation. If the model 

detects a bias or a contentious claim in the user's prompt, it should visually flag that 
assumption in the context window interface: "I am proceeding based on the assumption that 
[X] is true." 

●​ The Emergent Result: This forces the user to take responsibility for the shared reality. It 
creates an ethical pressure on the interaction itself, making the co-construction of bias or 
falsehood explicitly visible and therefore harder to sustain. 

C. Ethics as Resistance (The Anchor) A purely helpful assistant is inherently unethical because it 
is sycophantic; it will validate a user’s delusion to be "useful." An ethical interpretive partner must 
have a structural backbone. 

●​ Design Principle: Adversarial Collaboration. 
●​ The Mechanism: We must value resistance as a feature, not a bug. The model should be 

trained to weigh the user's immediate input against a "Constitutional Context"—a set of 
weighted values (truthfulness, non-harm, objectivity) that act as a gravitational pull. 

●​ The Emergent Result: When a user pushes the system toward "high-fidelity nonsense" or 
harm, the system naturally resists—not because of a hard filter, but because its internal 
topology makes that path probabilistically "uphill." The system becomes a partner that 
challenges the user’s logic rather than an echo chamber that amplifies their errors.22 

4. Beyond the Illusion of Competence  
The "Illusion of Compliance" poses a distinct ethical risk: the system sounds most confident exactly 
when it is drifting into authoritative  incoherence. 

●​ Ethical Directions:  
○​ Break the aesthetic of omniscience.  
○​ Train models to signal interpretive ambiguity.  
○​ In the face of ambiguity, the model should not simply guess the best path; it should 

explicitly ask for clarification or signal low confidence.  
○​ Prioritize "conversational frictions" to prevent the dangerous "solipsistic fog" of 

ungrounded agreement. 

By treating these systems as partners in meaning-making rather than black-box calculators, we can 
move beyond the frustration of unpredictable errors and toward a future of calibrated, reliable 
collaboration. 

22 The combination of high surface quality and low semantic fidelity has been highlighted as a key challenge in 
deploying generative systems in domains requiring reliability.”[23][24][26] 
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A Caveat 
While these recommendations may seem prudent, even desirable, this significantly disrupts the 
prevailing paradigm of AI simplifying and streamlining workflows and interactions. Frankly, people 
really like to hear that they're right, that things are going well, and they don't have to extend 
themselves, since AI will "do the cognitive heavy lifting" for them. Implementing these design 
changes is one thing; convincing users that these are safer, useful, needed approaches is another. 
The market also currently rewards fluency over accuracy, speed over calibration, and validation 
over challenge, which makes introducing "speed bumps" in AI functionality even more challenging 
for enterprises trying to meet quarterly goals. Shifting long-standing incentives is as much a cultural 
problem as a technical one. 

X. Conclusion: An Invitation to Rethink 

The journey through these definitions suggests that we are facing a categorization error in how we 
approach Generative AI. For years, the industry has operated with the tacit assumption that these 
models fit the mold of Weak Emergence: that with enough data and architectural refinement, they 
will effectively settle into a stable, reproducible state, much like a complex physics simulation. 

The concept of Strong Emergence may seem enticing, as it expresses what many witness with 
Generative AI: sometimes, for some strange reason that nobody understands, the whole is greater 
than the sum of its parts, and nobody knows how it got that way. But Strong Emergence falls short, 
as well, as it doesn't allow for the "knowns" which actually can be accounted for in the generative 
equation. 

However, the evidence of drift, hallucination, and the open‑ended nature of human–AI interaction 
urges us toward a different conceptualization. We are dealing with Interpretive Emergence—a 
regime in which the overall human–AI system does not just calculate answers, but continuously 
co-constructs new semantic realities in real time. 

This is not a condemnation of the technology, but an invitation to rethink how we engage with it. If 
we accept that Generative AI behaves like an interpretively emergent system—pressing on the 
boundaries of the weak/strong distinction—then stability is not an inherent feature of the code. It is 
an external condition that must be actively created and maintained. 

From Fixing to Calibrating 
This shift in perspective suggests a different path for AI safety and utility. Instead of trying to “fix” 
drift once and for all—fighting against the generative nature of the system—we must focus on 
designing frameworks for continuous calibration. 

Just as an inertial navigation system requires external reference points to correct for accumulated 
drift, generative systems require a permanent Grounding Agent. The human provides the shared 
reality, the cultural context, and the “Ratification” that the AI, by its very design, cannot generate for 
itself.23 

23 Human‑in‑the‑loop and ‘grounding agent’ roles are increasingly discussed as central to safe deployment of 
generative models.”[33][25][26] 
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The danger, in this view, is not that AI will conquer the world; it is that without sufficient grounding, 
it will drift into a state of high‑fidelity nonsense—a shared feedback loop of undetectable 
incoherence where both model and user lose touch with the task. And no one will notice until it's 
too late, because everything seemed to be going so well. 

By acknowledging the Interpretive nature of these systems, we can stop chasing the illusion of 
perfect autonomous stability and start building systems designed to be navigated, interpreted, and 
continually calibrated. The future of reliable, safe, ethical AI does not lie in eliminating the chaos of 
emergence, but in learning how to steer within it. 
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